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Abstract

Feature selection plays a significant role in the development of categories of information sys-
tems related to decision support, such as diagnostic or recommendation systems. Such systems
should ensure the possibility of identifying the most important features as well as analysing data
from different locations, taking into account the specificity and characteristics of the local data
sources. In the process of data analysis, the stage of data preparation, including the transfor-
mation of the attribute domain from continuous form to intervals, plays an important role, as
the outcome of this process influences the subsequent stages of the analysis. In the paper, an
approach to creating a global feature ranking that takes into account the specifics and charac-
teristics of different discretisation algorithms was proposed. A new weight for the estimation
of attribute importance was defined and compared with a measure that is implemented in the
Python programming language library. Both types of weights were used to create a hierarchical
structure of the global ranking of features. The experiments were carried out on datasets from
the stylometry domain dedicated to the task of authorship attribution.

Keywords: Ranking, discretisation, decision tree, authorship attribution.

1. Introduction

Technological progress and constantly increasing amounts of data require the development of
advanced tools dedicated to data analysis with a view to interpretation. Feature selection and
the construction of attribute rankings are important methods applied in decision-making systems
used in many domains [12]. The ranking process aims to identify the most relevant attributes
from the input feature set while preserving the descriptive and representative properties of the
original feature space [4]. It plays an important role because as the number of available attributes
increases, the computational complexity and the risk of overfitting the machine learning models
also increase, and the interpretation of the results becomes more difficult. Thus, methods to
identify the most relevant features that describe the issue under analysis are of great importance
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in the data preparation stage.

It can be carried out by identifying the minimum set of features that contribute to a certain
satisfactory level of classifier performance, or by ranking the entire set of attributes. In the
latter case, features are assigned weights according to a defined criterion and ranked taking into
account the values of this weight [1]. Reducing the number of variables used makes it easier to
understand the decision-making mechanisms, which is particularly important in the context of
interpreting the decisions proposed by the system.

From the point of view of the capabilities of the algorithms used to create machine learning
models, the type of data available should be taken into account. Some methods, for example, the
approach based on the classical rough set theory, require a discrete (categorical) form of the data
to create rule-based models [10]. Therefore, in many cases, it becomes necessary to carry out
a discretisation process, i.e., the transformation of continuous variables into categorical ones.
There are different approaches to discretisation and different algorithms, and the choice of a
particular discretisation method directly affects the subsequent quality of the model and the
structure of the dataset. There is no one-size-fits-all approach in this regard.

In the paper, the authors propose a method for ranking attributes that takes into account the
specificities of different discretisation algorithms. The aim is to design an approach to attribute
evaluation that not only measures the relevance of attributes in the context of the model, but also
takes into account how they are discretised, which can significantly affect their informativeness
and usefulness in the subsequent modelling process. To evaluate the importance of a feature, a
new weight based on decision trees is also proposed.

Decision trees belong to the intuitive and widely used machine learning methods for re-
gression and classification tasks. Their great advantage is the transparency and interpretability
resulting from the tree structure, which clearly reflects the path leading to the decision proposed
by the model [9]. The hierarchical structure of the tree naturally allows for the evaluation of the
importance of attributes. The proposed method takes into account the level at which the node
labelled by the attribute occurs on the path leading from the root to the leaf in the decision tree.

The hierarchical attribute ranking approach based on decision trees was investigated and
evaluated for the two most common approaches to discretisation: supervised and unsupervised.
For these categories, four algorithms were studied: Fayyad and Irani [3] and Kononenko [7], and
equal frequency and equal width binning methods [2]. For unsupervised methods, nine variants
of each algorithm were analysed. At the lowest level of hierarchy, a total of 50 rankings were
created based on the proposed weight, which were then combined to create two main global
rankings.

At each level of the hierarchy, starting at the local level, then at the level of variants of unsu-
pervised methods, further at the level of supervised and unsupervised discretisation approaches,
and at the global level, the rankings were verified based on the XGBoost model. The attribute
sets were reduced backward while following the constructed rankings, starting with the one in
the lowest position. For each subset of features, the data were explored and the performance
of the classifiers evaluated. The proposed method for estimating the importance of attributes
by calculated weights and generated rankings was compared with the importance evaluation
method implemented in the DecisionTreeClassifier in the Python library, which is based on
measuring the decrease in impurity [14].

The experiments were conducted using two datasets from the field of stylometry. The clas-
sifiers were applied to the task of binary authorship attribution. The authorship of the text
samples was determined based on writing styles, characterised by a set of quantitative linguistic
features. The results obtained confirmed the merit and validity of the proposed methodology
and the proposed weight of attributes because feature reduction exploiting generated rankings
led to improved performance.

The paper consists of five sections. The introduction is followed by Section 2, which
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presents background information. The proposed methodology and approach for assigning lo-
cal and global weights are presented in Section 3. Section 4 describes the obtained rankings
and their verification using the performance of constructed classifiers. Section 5 concludes the

paper.

2. Background

This section presents the background and tools involved in the research. In particular, methods
used in the ranking construction and data modelling process are described.

2.1. Feature Selection and Ranking Construction

In the process of building machine learning models and analysing data, an important step is the
selection of attributes and their ranking [11]. The removal of redundant and irrelevant attributes
can be performed by finding the minimum set of features that meets the selected criterion or
by ranking attributes. The latter involves selecting the most relevant variables that have the
greatest impact on the model output. Based on the defined weights assigned to the attributes, the
features are ordered according to their values, and the k£ most relevant attributes can be selected.
The criteria for determining the importance of features can rely on various measures [2]. These
are often statistic-oriented, for example, entropy, information gain, or measures built into the
algorithm, such as Relief or OneR.

In the paper, the authors propose a ranking method that relies on the depth of the decision
tree and the node at which features appear. For comparison purposes, a ranking based on the
feature importance scores computed by the DecisionTreeClassifier from the scikit-learn library
is also considered. This feature weight is assessed by measuring the total decrease in impurity,
in this case, the Gini index, contributed by each attribute across all splits of the tree.

2.2. Decision Trees

Decision trees belong to popular forms of knowledge representation and are often used in clas-
sification and regression tasks. A decision tree consists of internal nodes where features are
tested, branches that represent the outcomes of these tests, and leaf nodes that assign a class
label or a numerical value. The beauty of decision trees is that they are interpretable, as each
path leading from the root to the leaf represents a decision-making process.

There are many algorithms for decision tree induction [6]. Popular ones include CART
(Classification and Regression Trees), ID3 (Iterative Dichotomiser 3), or C4.5. Each of these
algorithms builds a tree structure by recursively splitting the data based on feature values and an
adapted criterion, such as information gain (ID3, C4.5) or the Gini index (CART). Among the
ensemble classifiers based on decision trees, Random Forest, XGBoost, and AdaBoost should
be mentioned. They build models based on multiple decision trees, differing in learning strategy,
speed of operation, and resistance to overfitting. XGBoost builds trees sequentially, where each
new tree corrects the errors of previous ones.

In this work, decision trees are used to build feature ranking. Attributes existing in nodes
that appear closer to the root are considered more influential, providing an intuitive measure of
feature importance derived directly from the model structure.

The weights of attributes, the ones proposed and these implemented in DecisionTreeClas-
sifier, are based on the Gini index. It is an impurity measure applied during the decision tree
construction process [8]. It selects those divisions in the decision tree that most reduce the
impurity in the node. Therefore, the smaller the value, the better, because the data are more
homogeneous in relation to the decision class. For a set with class labels dj, ... d; and prob-
abilities p(d;), for each class value, the Gini impurity is given by: Gini = 1 — Y%, p(d;)?,
where p(d;) is the proportion of samples that belong to the class d; within the subset.
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2.3. Discretisation

Discretisation is part of data reduction and plays an important role in the data preparation stage.
It transforms numerical attributes into discrete or nominal ones with a finite number of intervals
(bins). There are many discretisation methods and approaches that can be divided based on
various criteria. The two popular approaches are supervised and unsupervised approaches. The
latter do not consider class information during the process of transformation of attributes’ values,
and the number of bins is provided as an input parameter. In the case of supervised methods,
class information is taken into account to find proper intervals among ranges of attribute values.
Often, some heuristic measures, e.g., entropy, are used to determine the best cut-points.

The most popular unsupervised discretisation algorithms are equal width and equal fre-
quency binning [2]. The equal width algorithm sorts the values of a continuous attribute, desig-
nates the minimum and maximum values of the discretised attribute, and then divides the range
into k equal width discrete intervals, where k is a parameter defined by a user. In the case of
the equal frequency algorithm, each bin contains the same number of attribute’s values. The
two methods are simple and sensitive to a number of bins defined by a user. The disadvantage
is that in cases where the values of the continuous attribute are not distributed evenly, some
information can be lost after the discretisation process.

Fayyad and Irani [3], and Kononenko [7] belong to supervised discretisation approaches.
They are based on the class entropy of the considered intervals for evaluating cut-points and the
Minimum Description Length (MDL) principle as a stopping criterion. The processing starts
from one interval containing all values of the discretised attribute, which is then partitioned
recursively, until a stopping criterion is met.

2.4. Datasets from Stylometry Domain

The attribute ranking approach proposed in the paper was applied and tested on datasets from
the stylometry domain. This is a field of research dedicated to the quantitative analysis of the
style of written texts. The research aims to identify the authorship of a text based on measurable
language properties such as the frequency of function words or punctuation marks [5].

To better observe style changes, the selected novels were divided into smaller parts. In each
excerpt, the frequency of 24 style features was measured: 22 common function words and 2
punctuation marks. After data preparation, sets with real-valued attributes were obtained. Each
set consisted of the training set and two test sets, which were used to check the effectiveness
of the models. All sets were prepared for the binary classification task with balanced decision
classes. The recognised classes corresponded to pairs of writers, the female writer dataset (F-
writers) reflected works of Edith Wharton and Mary Johnston, and the male writer (M-writers)
dataset compared works of Jack London and James Oliver Curwood.

The datasets were discretised using algorithms implemented in the WEKA environment [13].
In the supervised approach, two variants of data were created using the Fayyad and Irani algo-
rithm (denoted dsF) and the Kononenko method (denoted dsK). In the unsupervised approach,
18 variants of the datasets were created using equal width and equal frequency binning algo-
rithms, with the number of bins ranging from 2 to 10 (denoted duf2-+duf10 and duw2--duw10,
respectively). All sets were discretised independently.

3. Methodology for Construction of Attribute Ranking
The proposed methodology consists of the following steps:

* preparation of input datasets;
e discretisation;

* induction of the decision tree using the Gini index, for each discretised variant of datasets;
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* ranking construction using two different methods based on decision trees;

* hierarchical approach for global ranking construction based on discretisation categories
and algorithms;

* rankings verification at each level of hierarchy using XGBoost model and strategy for
backward elimination of attributes.

The proposed ranking method refers to the depth of the decision tree, which is the maximum
length of the path from the root to the leaf. For each attribute labelling a node in a decision tree,
its depth is determined as the path length from the root to the node it labels. This value is denoted
as h(node), the smaller the value, the greater the importance of the attribute. The weight of each

attribute w(a) is determined by:
1

w(a) = Sh(node) o))
In the case of binary decision trees, the number of nodes at each level increases exponentially
with depth, following the growth pattern 2. Therefore, the denominator 2"("°d¢) paturally
reflects the structural properties of the tree: attributes appearing closer to the root are given ex-
ponentially greater importance compared to those appearing deeper. This approach emphasises
that features used at early splits, when the number of instances is still large, typically provide
more significant information about the data.

In order to create a universal global ranking, the proposed approach takes into account the
characteristics of the various discretisation algorithms and their categories. It is based on a hier-
archical structure by sequential summation of attribute weights at lower levels of the hierarchy,
incorporating the specificity of the rankings at lower hierarchies. In general, the weight of an
attribute at the global level can be expressed as the sum of its weights across all levels of the
hierarchy, appropriately adjusted to reflect the importance of each local ranking.

Formally, with w; (a) denoting the weight of the attribute a at the hierarchy level 7, the global
weight W (a) can be defined as:

W(a) = Z a; - wi(a), 2)

where «; is a coefficient reflecting the importance of the ranking at level 4. In this work, all local
rankings are treated as equally important. Therefore, the coefficient a; is set to 1 for each local
ranking. As a result, the global weight of an attribute is obtained as a simple sum of its weights
across all hierarchy levels, without any additional scaling or prioritisation:

Wi(a) = Z wi(a). (3)

4. Experimental Results

This section describes the results obtained. These include two types of rankings, the one pro-
posed and the one implemented in DecisionTreeClassifier, at the considered level of hierarchy,
and the performance of classifiers recorded for different variants of discretised datasets.

4.1. Rankings

The two types of rankings presented in this section were first obtained at the lower level of the
hierarchy, and then they were calculated at higher levels. Table 1 shows the attribute rankings at
the global level, denoted with G1 and G2, the supervised level denoted with S1 and S2, and the
unsupervised level denoted with Ul and U2. Values in the row with the name of ranking and
index 1 are related to the proposed method for feature weight calculation, values in the row with
the ranking name and index 2 are related to the method included in the Python library.
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Table 1. Rankings of attributes obtained at the global (G1 and G2), supervised (S1 and S2), and
unsupervised (Ul and U2) levels, for the two types of rankings, for the female (F-writers) and
male (M-writers) writer datasets.

F-writers 1 2 3 4 5 6 17 8 9 0 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Gl a23 al7 a2 al6 a6 al a3 a9 a7 al9 al8 all a22 al5 a8 a0 a2l al3 a4 a20 a5 al2 al4 al0
G2 a23 al7 al6 a2 a3 a6 al al8 a9 a7 a8 al9 al3 a0 all al5 a22 a20 a5 a4 a2l al0 al4 al2
S1 a23 al6 a7 a2 a6 a3 al a9
S2 a23 al6 a7 a6 a2 a3 al0 al3 a5
Ul a23 al7 a2 al6 al a6 a3 a9 al9 al8 all a22 al5 a8 a0 a21 al3 a4 a20 a5 a7 al2 al4 al0
U2 a23 al7 al6 a2 a3 al a6 al8 a9 a8 a7 al9 a0 al3 all al5 a22 a20 a5 a4 a2l al0 al4 al2

M-writers | 1 2 3 4 5 6 1 8 9 0 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Gl a23 al7 a2 al6 a6 a3 al a7 a9 al8 a8 all al5 al9 a22 al3 a0 a20 al0 a5 al4 a2l a4 al2
G2 a23 al7 al6 a2 a6 a3 al al8 a9 all al3 a8 a0 a7 al9 a20 a22 a4 a5 a2l al5 al4 al2 al0
S1 a23 al6 a7 a2 a6 a3 al0 al3
S2 a23 al6 a7 a6 a2 a8 a3 a5
Ul a23 al7 a2 al6 a6 a3 al a9 al8 a8 all al5 al9 a22 a0 al3 a7 a20 a5 al4 al0 a2l a4 al2
U2 a23 al7 al6 a2 a3 a6 al al8 a9 all al3 a0 a8 al9 a20 a22 a7 a4 a2l al5 a5 al4 al2 al0

Compared to unsupervised and global rankings, supervised rankings contain fewer attributes,
i.e. 8 and 9, respectively for the female and male writers datasets. The first 3 positions in these
rankings are occupied by the same attributes, given the two different ways of determining their
weights. It can be noted that the attributes appearing in the first two ranking positions, for
both methods determining the attribute weights, are the same, and they differ more in the lower
ranking positions.

Table 2 presents information on the structure of the decision trees, based on which the rank-
ings were created at the lower level of hierarchy. For all discretised variants of the datasets, the
depth of the tree (row D) that corresponds to the longest path from the root to the leaf node, and
the number of nodes (row N) are given.

Table 2. Structure of the decision trees, for the female (F-writers) and male (M-writers) writer

datasets.
Equal frequency binning [ Equal width binning
Nr [ dskK dsF [ 2 3 4 5 6 7 8 9 10 [ 2 3 4 5 6 7 8 9 10
F-writers
D 6 6 7 7 6 6 5 5 5 6 6 7 7 6 6 6 7 6 7 6
N ‘ 11 11 ‘21 10 17 12 12 12 13 13 10 ‘ 25 14 15 13 15 16 15 16 15
M-writers

21 10 17 12 12 12 13 13 10

For supervised discretisation methods, the decision trees had the same structure, i.e. the
same number of nodes and depth. Differences in tree structure are more apparent for unsuper-
vised methods. Decision trees with the shortest depth were obtained for equal frequency binning
with 6, 7, and 8 bins. In general, the tree depth and the number of nodes were comparable for
the female and male writer datasets.

4.2. Performance of Classifiers

The rankings obtained were validated using the XGBoost model because of its efficiency and
popularity. For each attribute in a ranking, the backward elimination technique was applied by
sequentially removing the attributes from the lower ranking position and checking the accuracy
of the classification for the model with the reduced number of features. The accuracy was
calculated as the number of properly recognised samples relative to the cardinality of the test
set. Due to the fact that two test sets were used in the study, the values presented in the tables
are averages. The performance of classifiers obtained for sets with 24 features was considered
as the reference level for each variant of the discretised datasets.

Tables 3 and 4 present the classification accuracy obtained at the lower level of hierarchy for
the two types of rankings constructed for both datasets. For each attribute position (column Nr),
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the first row indicates the classification accuracy obtained for the proposed method of weight
calculation, and the second row indicates the classification accuracy for the method implemented
in the Python library. The values in bold denote an accuracy equal to or greater than the reference
one obtained with the minimum number of features. The coloured cells denote the maximum
accuracy detected.

Table 3. Average classification accuracy of inducers obtained for all variants of discretised data for
the female writer dataset.

Equal frequency binning Equal width binning

Nr | dsK dsF 2 3 4 5 6 7 8 9 10 2 3 4 5 6 7 8 9 10
1 089 089 | 088 0.83 088 0.88 088 088 089 090 088 | 087 089 087 089 087 0.89 087 0.88 087
089 089 | 088 083 088 0.8 088 0.8 089 09 088 | 087 089 087 089 087 089 087 0.88 087
2 091 089 | 087 083 087 084 089 087 [0.94 08 083 | 087 089 08 089 091 084 088 093 086
089 089 | 087 083 087 093 084 08 091 088 089 | 087 089 087 08 086 093 088 093 091
3 091 091 | 087 (092 088 089 088 091 094 091 09 | 087 091 089 087 09 092 088 093 089
091 091 | 087 092 089 094 088 089 089 09 09 | 087 091 087 081 082 092 086 [0.94 093
4 091 091 | 085 092 091 091 089 091 092 09 091 | 087 08 090 087 089 093 089 092 089
092 091 | 084 093 09 097 088 091 092 091 092 | 087 08 087 08 089 093 087 092 093
5 091 091 | 085 091 091 091 088 091 091 09 092 |[0.88 084 08 087 09 095 09 092 089
091 091 | 085 (095 091 098 089 091 091 091 089 | 081 08 09 084 091 095 091 092 091
6 094 084 | 085 089 09 095 088 08 091 09 092 | 088 086 088 084 090 [0.97 091 093 [0.93
091 091 | 087 093 085 098 08 088 091 091 089 | 0.87 094 088 087 090 094 092 092 093
7 083 084 | 087 086 093 095 08 0.8 091 [0.97, 092 | 0.88 086 0.87 086 0.88 097 091 096 0.92
093 089 | 087 091 087 098 091 091 091 090 089 | 087 095 090 086 089 094 089 092 092

8 088 085 09 097 089 094 091 096 089 | 0.88 [0.96 087 0.88 089 096 092 [0.97 092
0.89 088 090 089 [099 089 094 091 091 087 095 088 084 089 094 09 092 092
9 088 089 09 098 089 093 091 088 096 085 088 090 097 090 097 093
089 088 091 098 089 094 0.96 0.87 [096 088 086 093 [098 090 093 0.92
10 0.88 091 [0.99 0.88 0.88 095 08 088 091 097 090 096 093
0.89 0.92 0.93 0.96 088 096 088 0.8 093 096 091 092 093
11 0.89 0.92 088 095 086 091 097 092 096 093
0.89 0.92 0.88 096 087 088 094 097 091 092 [0.94
12 0.89 0.92 0.88 0.84 092  0.96 0.97
0.89 0.92 088 096 0.88 0.97 [0.93 0.94
13 0.89 0.93 0.88 0.97
091 0.93 0.88 0.87 0.97 0.94
14 0.89 0.92 0.87
091 0.93 0.88
15 0.93 0.87
16 0.92 0.88

24 | 1096 [0.96 | 096 0.88 [0.97 097 [0.96] (098 094 097 (095 081 091 [0.94 [0.92 094 092 092 092 092
096 096 | (096 088 (097 097 [096 098 [094 [0.97 [095 | 0.81 091 [0.94 [092] 094 092 092 092 092

It can be observed that for both methods of weight calculation, the reference values were
comparable. For the female writers, the proposed weight, and equal width binning method with
2 bins, all attributes in the rankings led to greater accuracy than the reference values. For the
equal frequency binning with 8 bins used as the discretisation method, instead of 24 attributes,
it was enough to use only attributes from the three highest positions in the ranking to obtain
the accuracy equal to 94%, which is greater than the reference value. The highest classification
accuracy of 99% was obtained for both methods of attribute weighting, for the equal frequency
binning with five bins, taking into account, respectively, 8 and 10 attributes out of 24, and
exceeding the reference value by 2%.

For the male writer dataset, the classification accuracy equal to 92% was obtained for the
proposed weight taking into account only 4 attributes from the ranking obtained for the equal
width binning with 7 bins. It should also be noted that in the case of equal width binning with
2 and 7 bins it was enough to use the attribute only from the first position in the ranking and
obtain accuracy greater than the reference value, for both methods of weight calculation.

For both datasets and for the supervised methods, it was not possible to achieve the classifi-
cation accuracy at the reference level for fewer than 24 attributes. For the female writer dataset,
the smallest difference for the Kononenko algorithm was 2% and for Fayyad and Irani it was
5%. For the male writer dataset, these differences were greater: for the Kononenko algorithm it
was 11% and for Fayyad and Irani 2%. It is also worth noting that, in the case of unsupervised
methods, the rankings at the lowest level contained fewer than 24 attributes. The maximum
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Table 4. Average classification accuracy of inducers obtained for all variants of discretised data for

the male writer dataset.

Equal frequency binning Equal width binning
Nr | dsK dsF 2 3 4 5 6 7 8 9 10 2 3 4 5 6 7 8 9 10
1 050 0.66 | 088 0.80 088 0.84 088 086 087 086 088 | 0.82 083 082 089 082 0.8 082 0.87 089
050 0.66 | 088 0.80 088 084 088 08 087 08 088 | 0.82 083 082 089 082 0.8 082 087 089
2 050 066 | 088 0.8 086 087 089 083 091 08 084 | 0.83 088 083 077 084 086 089 0.89 0388
050 0.66 | 088 0.86 091 089 088 0.8 088 086 088 | 0.76 088 082 08 084 091 083 0.89 088
3 050 0.66 | 087 087 086 08 088 087 091 08 088 | 080 089 08 076 085 0.84 087 092 087
050 066 | 087 087 086 091 088 087 091 08 088 | 080 089 079 087 083 084 081 092 087
4 050 066 | 090 0.8 086 090 090 08 08 08 089 | 081 087 081 08 08 092 088 091 089
050 077 | 089 0.87 089 091 090 085 093 08 088 | 080 087 081 08 08 0.88 082 091 089
5 050 077 | 088 090 088 092 092 08 091 09 089 | 083 088 083 084 08 0.89 08 091 089
050 077 | 090 08 089 093 091 084 092 08 089 | 081 08 082 085 090 0.89 086 092 090
6 050 079 | 089 091 089 (093 091 091 091 092 087 | 087 089 084 090 087 091 084 092 091
084 084 | 091 08 089 092 089 08 093 091 092 | 083 08 085 089 089 091 09 094 089
7 084 092 | 08 08 089 093 092 092 091 092 092 | 083 08 08 091 090 090 086 092 092
084 084 | 091 087 089 094 091 08 093 091 092 | 083 090 084 087 090 092 091 094 087
8 090 091 092 092 093 091 092 091 0.84 089 085 091 090 090 087 093 0.92
092 | 091 088 089 093 092 089 094 092 | 082 090 083 089 090 093 092 093 089
9 0.89 094 093 091 092 092 0.86 090 083 091 091 089 087 093 094
089 090 090 092 092 091 093 094 | 083 089 084 092 091 093 091 093 0.92
10 0.91 093  0.92 0.82 091 084 09 092 089 0.92 0.95
0.90 0.91 0.91 082 090 084 092 091 091 091 093 090
11 0.89 0.92 0.83 0.86 092 086 091 0.93
0.92 0.94 084 090 0385 092 093 091 094 090
12 0.89 0.92 0.86 0.88 092 0.88 0289 0.93
0.93 0.93 0.84 0.83 0.91 094 091
13 0.92 0.93 0.86 092 091 0.94

0.93 0.92 0.84 0.92

14 0.91 0.92 0.86 0.91

0.84
15 0.91 0.92 0.92
0.84

16 0.92
2411095 094 | 090 091 089 092 089 093 091 092 093 | 081 090 088 094 088 0.86 091 0.88 092
095 094 | 090 091 089 092 089 093 091 092 093 | 081 090 088 094 088 0.86 091 0.88 092

length of the ranking is 16 in both the female and male writer groups, but the rankings at the
higher level of the hierarchy contained 24 attributes, demonstrating the diversity of attributes in
these rankings, ensuring that their ordering at the higher level produced a full set of attributes.

Table 5 presents the classification accuracy obtained for the supervised (rows S1 and S2),
unsupervised (U1 and U2), and global (G1 and G2) rankings, for two types of weights, for the
female and male writer datasets. Index 1 assigned to the ranking name refers to the proposed
weight, and index 2 to the weight implemented in the Python library. The first row of the table
lists the position of the attribute in the ranking. Values in bold denote the accuracy equal to or
greater than the reference one. The coloured cells denote the maximum accuracy.

Table 5. Average classification accuracy of inducers obtained for supervised, unsupervised and
global rankings, for two types of weights, for the female and male writer datasets.

F-writers| 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Gl 088 09 09 089 09 092 091 091 091 091 091 092 [095 094 094 094 094 095 095 095 095 095 095 093
G2 088 09 09 089 087 089 091 091 091 091 092 092 092 092 093 093 [095 095 095 095 095 095 095 0.93
S1 0.89 089 091 091 091 0.89 0.84 0.84 0.93
S2 0.89 0.89 091 091 091 0.89 0.89 0.89 0.89 0.93
Ul 088 09 09 089 092 092 092 092 092 092 092 [095 094 094 094 094 095 095 095 095 095 095 095 093
U2 088 09 09 089 088 091 092 092 092 092 092 092 092 093 094 094 [095 095 095 095 095 094 094 093

M-writers| 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Gl 083 0.89 086 086 088 090 092 092 092 092 092 092 092 092 092 092 (093 093 093 093 093 093 093 090
G2 0.83 089 087 086 088 090 092 092 092 093 093 092 093 092 093 093 093 093 093 093 093 093 093 090
S1 0.58 058 058 058 0.63 071 0.88 0.88 0.90 |
S2 058 058 058 0.63 0.63 0.84 0.88 0.88 0.90
Ul 0.85 0.88 085 086 088 090 092 092 092 092 092 092 092 092 092 092 092 093 092 093 093 093 093 0.90
U2 085 0.88 087 086 0.89 090 092 092 092 093 093 093 092 092 093 093 093 093 093 093 093 093 093 090

Considering the quality of the classification for the female writer dataset, it can be observed
in the global rankings that there is little difference between the values of G1 and G2. It can also
be seen that the maximum classification accuracy of 95% can be obtained by taking into account
only 13 attributes from the ranking, using the weight proposed by the authors. In the case of
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G2, the same level of predictions was obtained with 17 attributes from the ranking. A similar
trend can be observed for the unsupervised rankings U1 and U2. For the male writer dataset, for
both G1 and G2, and U1 and U2, the advantage of Python-implemented weight can be detected.
However, it should be noted that the accuracy equal to 90%, the same as the reference point,
was obtained with only 6 out of the 24 attributes.

The graphical representation of the G1 and G2 rankings for the male and female writer
datasets is presented in Figures 1 and 2. X axis is labelled with the names of the test sets cor-
responding to the discretisation algorithms. Y axis shows the number of attributes considered.
Presented average classification accuracy values greater than or equal to the reference values for
the female writers are marked in green and in blue for the male writers. Considering the colour
intensity, for the female writer dataset, the green colour is more visible with G1. For the male
writer dataset, the colour intensity between G1 and G2 is comparable.
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Fig. 2. Average accuracy based on ranking G2

4.3. Summary and Discussion of Obtained Results

The summary of the experiments is presented in Table 6. It lists the maximum classification
accuracy obtained for the highest possible position of the attribute in the ranking. The results
are related to two methods of weight calculation for the hierarchy of rankings at the supervised
(columns S1 and S2), unsupervised (columns U1l and U2), and the global level (columns G1 and
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G2). Index 1 assigned to the ranking name refers to the proposed weight, and index 2 refers to
the weight implemented in the Python library. The last row of the table includes average values
for each column considered. Colored values indicate the best average classification accuracy
achieved among different rankings, for a given discretisation method.

Table 6. The best performance obtained for supervised, unsupervised, and global rankings.

F-writers M-writers F-writers M-writers F-writers M-writers
Gl G2 Gl G2 Ul U2 Ul U2 S1 S2 S1 S2

Pos Acc | Pos Acc | Pos Acc | Pos Acc | Pos Acc | Pos Acc | Pos Acc | Pos Acc | Pos Acc | Pos Acc | Pos Acc | Pos Acc
dsF 22 09 |17 [096 | 24 095 |[[13 [0.96 24 096 | 24 096 | 24 095| 24 095
dsK 22 (097 | 24 096 | 17 094 | 15 0.94 24 096 | 24 096 | 24 094 | 24 094
duf2 24 (096 | 24 096 | 18 094 | 17 094 |24 [0.96 | 24 (096 | 18 094 | 19 094
duf3 19 097 |18 (097 | 8 093 6 092 |18 (097 | 18 (097 | © 0.92 6 092
duf4 24 (097 |24 097 | 9 095 | 11 09 |24 (097 |24 097 8 095 | 12 [0.97
dufs 20 098 |[14) (098 | 9 095 | 11 095 | 19 098 |[14 [098 | 17 094 | 11 095
duf6 24 (096 | 24 096 | 17 093 | 14 094 |24 [0.96 | 24 096 | 17 093 | 15 094
duf7 24 (098 |24 098 | 10 095 | 11 095 |24 098 |24 098 | © 0.94 | 11 [0.95
duf8 18 094 |[17] (094 | 19 095 8 095 |[17] (094 |17 094 | 16 095 8 095

duf9 24 (097 | 24 097 | 23 093 9 093 | 24 (097 |24 [097 | 16 093 | 16 093
duf10 24 (095 |24 095 |21 096 | 10 095 |24 (095 |24 (095 | 21 096 | 10 095
duw2 13 091 15 089 | 17 086 | 14 086 |[12] [091 | 15 089 | 17 086 | 17 0.86
duw3 13097 | 18 097 | 23 093 | 19 094 | [12| (097 | 18 097 | 23 093 | 19 0.94
duw4 6 096 | 22 096 7 0.89 8 0.89 5 0.96 | 22 0.96 7 0.89 8 0.89
duw5 15 097 | 18 096 | 24 094 |10 095 |12 (097 | 18 096 | 24 094 | 10 0.95
duw6 18 099 |17, (099 | 18 093 | 16 093 |[17] (099 |17 099 | 18 093 | 15 0.93
duw?7 13098 | 17 098 | 10 095 |[19 (096 |12 (098 | 17 098 | 20 096 | 22 096
duw8 21 097 | 20 097 | 22 094 8 093 | 17 097 | 20 097 | 22 094 8 0.93
duw9 18 097 | 19 097 | 17 095 9 0.96 | 14 097 | 19 097 9 096 | 12 0.96
duw10 15 098 | 22 099 | 18 096 | 10 096 | 14 098 |22 [0.99 | 18 096 | 10 0.96
average 0.97 0.96 0.94 0.94 0.97 0.96 0.94 0.94 0.97 0.96 0.95 0.95

It should be noted that global rankings were tested on all test data, that is, 20 sets times
two, as each dataset contains two test sets. In the case of unsupervised and supervised rankings,
only test sets occurring within the framework of a given approach were examined. Thus, for
the ranking involving unsupervised discretisation algorithms, 18 variants of the set times two
were tested; for the ranking involving supervised discretisation algorithms, two variants of the
set were tested, each with two test sets.

It can be observed that for the proposed weight calculation method, the results obtained were
slightly better or comparable with the existing one already implemented in the Python library,
taking into account the average classification accuracy. The highest value for the female writer
dataset and the global ranking was the same for G1 and G2, and equal to 99%. It was obtained
for the same discretisation algorithm, i.e., duw6. In the case of the male writer dataset, the
highest classification accuracy for G1 and G2 was equal to 96%. In both types of rankings, it
was obtained for different discretisation algorithms.

The differences in the classification accuracy between the proposed weight and the weight
implemented in Python, obtained at the global level of ranking hierarchy, are presented in Fig-
ure 3. At the bottom of the figure, the number of selected features is indicated and shows the
position of the attributes in the ranking, observed in backward feature reduction process. The
left side of the figure shows the discretisation methods, which, in the case of unsupervised algo-
rithms, presents an averaged set of results. Green shades indicate higher classification accuracy
obtained for the proposed method of weighting attributes, red shades — higher results for scikit-
learn libraby. The more intense the color, the greater the difference.

It is visible that the proposed method significantly improves classification accuracy for fe-
male writers, especially for supervised dataset variants (F_dsF, F_dsK), with improvements up
to 0.056, notably when selecting 5 to 8 features, highlighting its effectiveness with limited at-
tributes. For male datasets, differences were generally small, but in some cases, scikit-learn
performed better classification accuracy (e.g., Fayyad and Irani’s method (M_dsF) with 8 and
10 features, differences up to —0.083). However, scikit-learn’s advantage was isolated, while the
proposed method more often yielded superior, consistent results, especially for female datasets.

Although the hierarchical structure of the global feature ranking procedure takes into ac-
count the relevant level in the hierarchy, the number of datasets discretised using unsupervised
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FdsF - - - - [0086 0033 - 0022 - - -0.017 -0.017 |[OI067) [0I067 [0067 [0G67 - - - - - 0006 0.006
Fdsk - - - 0022 - - -0.017 -0.017 {01067 (01067 (0067 0067 - 0006 - - - 0011 00M

F_duf - - -0.002 - 0.030 0.019 - 0.001 0.001 - -0.006 -0.002 0.013 0.010 0.005 0.005 -0.004 -0.004 0.001 0.001 -0.001 0.001 0.001
F_duw - - -0.006 0.001 0.028 0.040 - 0.006 -0.002 - -0.003 0.001 0.024 0.023 0.009 0.007 -0.003 -0.002 -0.001 0.001 -0.001 0.002 0.002
M_dsF - - - - - -0.011 -0.028 -0.039 0.017 - - 0.006 - 0.006 0.011 0.011 0.006

M_dskK - - - - -0.011 0.006 -0.022 -0.006 -0.006 -0.006 - -0.011 -0.011 0.011 - 0.006 0.006 0.006 -0.011 0.011
M_duf - - -0.010 - 0001 - 0.001 0.006 0.004 0.002 -0.008 0.001 -0.002 -0.004 -0.007 -0.004 0.001 -0.007 -0.004 -0.002 -0.002 -0.001 0.006
M_duw - - -0.027 -0.001 -0.001 -0.001 0.002 -0.001 -0.008 -0.003 -0.006 -0.006 -0.006 -  -0.003 -0.002 -0.006 -0.002 -0.001 -0.002 -0.001 -0.001 -0.001

1 2 3 4 5 6 7 8 9 10 1 2 13 14 15 16 17 18 19 20 21 2 23 24
Number of attributes

Discretization variant

Fig. 3. Mean differences in the classification accuracy between G1 and G2

and supervised methods can affect the resulting global ranking as shown in Table 6. Having
a more balanced number of datasets for each discretisation approach (supervised and unsuper-
vised) could potentially yield a more objective and generalizable global ranking. This limitation
will be addressed in future work.

5. Conclusions

The lack of explicit guidance on the choice of algorithms for the input data discretisation and the
need for feature reduction due to the interpretability requirements of the data models motivated
the authors to propose the global ranking construction method. This approach, based on a
hierarchical structure, takes into account the characteristics and specificities of sets discretised
by different categories of algorithms.

An important element in the data preparation process is the selection of the attributes that are
most relevant and have the greatest impact on the decisions proposed by the model. One solution
to this is to create a ranking of attributes, where dimensionality reduction can be performed
based on their importance. The interpretability of machine learning models, especially in this
era of developing various artificial intelligence techniques, plays an important role. With this
factor in mind, the authors proposed an assessment of the importance of attributes based on the
structure of the decision tree, which is advantageous due to the transparency of the decision-
making process. The proposed attribute weights were compared with a measure implemented
in the Python library based on an impurity analysis of the decision tree nodes. Both attribute
importance measures were used to create attribute rankings that ensure universality with respect
to discretisation methods and algorithms.

The experiments were carried out on stylometric datasets prepared for the authorship attri-
bution task. The results obtained show a significant reduction in the number of attributes for
many cases of classification accuracy higher than the reference level, considering the entire set
of attributes. The method developed and the approach to the hierarchical structure of the global
ranking creation were tested at all hierarchy levels for 20 variants of discretised datasets for the
female and male writer datasets, respectively, and verified by the process of backward elimina-
tion of attributes. These results demonstrate the validity and merit of the proposed approach.

The presented research methodology can be applied in the development of more efficient
and interpretable information systems. This approach enhances decision-making processes in
applications such as recommendation, diagnostic systems, and automated decision support.

In future research, attribute weights will be developed based on heterogeneous sets of ma-
chine learning models. The efficiency of the proposed ranking methods will also be compared
with other approaches to attribute evaluation.
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