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Preface

This research book provides the reader with a selection of high-quality texts
dedicated to current progress, new developments and research trends in feature
selection for data and pattern recognition. In particular, this volume points to a
number of advances topically subdivided into four parts:

e estimation of importance of characteristic features, their relevance, dependencies,
weighting and ranking;

e rough set approach to attribute reduction with focus on relative reducts;

e construction of rules and their evaluation;

e and data- and domain-oriented methodologies.

The volume presents one introductory and 13 reviewed research papers,
reflecting the work of 29 researchers from 11 countries, namely Australia, Canada,
Germany, Greece, Hungary, Italy, Japan, Malaysia, Poland, Slovenia and USA.

Compilation of this book has been made possible by many people. Our sincere
thanks go to the laudable efforts of many individual persons, groups and institutions
that supported them in their valuable work. We wish to express our gratitude to the
contributing authors and all who helped us in review procedures of the submitted
manuscripts. In addition, the editors and authors of this volume extend an
expression of gratitude to the members of staff at Springer, for their support in
making this volume possible.

Poland, September 2014 Urszula Stanczyk
Australia Lakhmi C. Jain
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Chapter 1
Feature Selection for Data and Pattern
Recognition: An Introduction

Urszula Stanczyk and Lakhmi C. Jain

Abstract Surrounded by data and information in various forms we need to
characterise and describe objects of our universe using some attributes of nominal or
numerical type. Selection of features can be performed basing on domain knowledge,
executed through dedicated approaches, driven by some particular inherent proper-
ties of methodologies and techniques employed, or governed by other factors or rules.
This chapter presents a general and brief introduction to topics of feature selection
for data and pattern recognition. Its main aim is to provide short descriptions of the
chapters included in this volume.

Keywords Feature - Feature selection - Pattern recognition + Data mining

1.1 Introduction

Some say that our earliest memories form when, as children, we learn to describe
the world we live in, and express verbally what we feel and think, how we perceive
other people, objects, events, abstract concepts. While we grow older, we learn to
detect and recognise patterns [20], and our discriminating skills grow as well. We
develop associations, preferences and dislikes, which are employed, consciously and
subconsciously, when choices are made, actions taken.

Imagine opening an unknown thick book and finding in it a whole page dedicated
to a line of thought of some character, jumping from one topic to another, along with
connecting ideas, feelings and memories, digressions. Without looking at the cover
or the title page, by similarity to a stream of consciousness, one instantly thinks
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2 U. Staficzyk and L.C. Jain

about James Joyce as the author. A painting with a group of posed ballet dancers
upon a stage we would associate with Degas, and water lilies in a pond with Monet.
Hearing rich classical organ music we could try to guess Bach as the composer. In
each of these exemplary cases we have a chance of correct recognition basing on
some characteristic features the authors are famous for. Our brains recognise lily
flowers or organ tunes, yet to make other people or machines capable of the same we
need to explain these specific elements, which means describing, expressing them in
understandable and precise terms.

Characterisation of things is a natural element of life, some excel at it while
others are not so good. Yet anybody can make basic distinctions, especially with
some support system. Some of how these characteristics play into problems we need
to tackle, tasks waiting to be solved, comes intuitively, some we get from observations
or experiments, drawn conclusions. Some pointers are rather straightforward while
others indirect or convoluted.

According to a dictionary definition a feature is a distinctive attribute or aspect
of something and it is used as a synonym for characteristic, quality, or property
[29, 38]. With such meaning it is employed in general language descriptions but also
in more confined areas of technical sciences, computer technologies, in particular in
the domain of data mining and pattern recognition [24, 30, 39].

For automatic recognition and classification [11, 27] all objects of the universe of
discourse need to be perceived through information carried by their characteristics
and in cases when this information is incomplete or uncertain the resulting predictive
accuracies of constructed systems, whether they induce knowledge from available
data in supervised or unsupervised manner [28], relying on statistics-oriented calcu-
lations [8, 19] or heuristic algorithms, could be unsatisfactory or falsified, making
observations and conclusions unreliable.

The performance of any inducer depends on the raw input data on which inferred
knowledge is based [21], exploited attributes, the approach or methodology of data
mining applied, but also on the general dimensionality of the problem [40]. Con-
temporary computer technologies with their high computational capabilities aid in
processing, but still for huge data sets, and very high numbers of variables the process,
even if feasible, can take a lot of time and effort, require unnecessary or impractically
large storage.

Typically the primary goal is to achieve the maximal classification accuracy but
we need to take into account practical aspects of obtained solutions, and consider
compromises with trade-offs such as some loss in performance for much shortened
time, less processing, lower complexity, or smaller structure of the system.

Feature selection is an explicit part of most knowledge mining approaches—some
attributes are chosen over others while forming a set of characteristic features in the
first place [10, 18]. Here the choice can be supported by expert knowledge. Once
some subset of variables is available, using it to construct a rule classifier, a rule
induction algorithm leads to particular choices of conditions for all constituent rules,
either usual or inhibitory. In a similar manner in a decision tree construction specific
attributes are to be checked at its nodes, and artificial neural networks through their
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learning rule establish the degrees of importance or relevance of features. Such
examples can be multiplied.

Even for working solutions it is worthwhile to study attributes as it is not out of
realm of possibility that some of them are excessive or repetitive, even irrelevant,
or there exist other alternatives of the same merit, and once such variables are dis-
covered, different selection can improve the performance, if not with respect to the
classification accuracy, then by better understanding of analysed concepts, possibly
more explicit presentation of information [23].

With all these factors and avenues to explore it is not surprising that the problem
of feature selection, with various meanings of this expression, is actively pursued in
research, which has given us the motivation for dedicating this book to this area.

1.2 Chapters of the Book

The 13 chapters included in this volume are grouped into four parts. What follows
is a short description of the content for each chapter.

Part I Estimation of Feature Importance

Chapter?2 is devoted to a review of the field of all-relevant feature selection, and
presentation of the representative algorithm [5, 25]. The problem of all-relevant
feature selection is first defined, then key algorithms are described. Finally the
Boruta algorithm is explained in a greater detail and applied both to a collection
of synthetic and real-world data sets, with comments on performance, properties
and parameters.

Chapter 3 illustrates the three approaches to feature selection and reduction [17]:
filters, wrappers, and embedded solutions [25], combined for the purpose of fea-
ture evaluation. These approaches are used when domain knowledge is unavailable
or insufficient for an informed choice, or in order to support this expert knowledge
to achieve higher efficiency, enhanced classification, or reduced sizes of classi-
fiers. The classification task under study is that of authorship attribution with
balanced data.

Chapter 4 presents a method of feature ranking that calculates the relative weight
of features in their original domain with an algorithmic procedure [3]. The method
supports information selection of real world features and is useful when the number
of features has costs implications. It has at its core a feature extraction technique
based on effective decision boundary feature matrix, which is extended to calculate
the total weight of the real features through a procedure geometrically justified [28].
Chapter 5 focuses on weighting of characteristic features by the processes of their
sequential selection. A set of all accessible attributes can be reduced backwards,
or variables examined one by one can be selected forward. The choice can be
conditioned by the performance of a classification system, in a wrapper model,
and the observations with respect to selected variables can result in assignment
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of weights. The procedures are employed for rule [37] and connectionist [26]
classifiers, applied in the task of authorship attribution.

Part IT Rough Set Approach to Attribute Reduction

Chapter 6 discusses two probabilistic approaches [44] to rough sets: the variable
precision rough set model [43] and the Bayesian rough set model, as they apply
to data dependencies detection, analysis and their representation. The focus is on
the analysis of data co-occurrence-based dependencies appearing in classification
tables and probabilistic decision tables acquired from data. In particular, the notion
of attribute reduct, in the framework of probabilistic approach, is of interest in the
chapter and it includes two efficient reduct computation algorithms.

Chapter 7 provides an introduction to a rough set approach to attribute reduction
[1], treated as removing condition attributes with preserving some part of the
lower/upper approximations of the decision classes, because the approximations
summarize the classification ability of the condition attributes [42]. Several types
of reducts according to structures of the approximations are presented, called
“structure-based” reducts. Definitions and theoretical results for structures-based
attribute reduction are given [33, 36].

Part IIT Rule Discovery and Evaluation

Chapter 8 compares a strategy of rule induction based on feature selection [32],
exemplified by the LEM1 algorithm, with another strategy, not using feature selec-
tion, exemplified by the LEM2 algorithm [15, 16]. The LEM2 algorithm uses all
possible attribute-value pairs as the search space. It is shown that LEM?2 signifi-
cantly outperforms LEM 1, a strategy based on feature selection in terms of an error
rate. The LEM2 algorithm induces smaller rule sets with the smaller total number
of conditions as well. The time complexity for both algorithms is the same [31].
Chapter 9 addresses action rules extraction. Action rules present users with a set of
actionable tasks to follow to achieve a desired result. The rules are evaluated using
their supporting patterns occurrence and their confidence [41]. These measures fail
to measure the feature values transition correlation and applicability, hence meta-
actions are used in evaluating action rules, which is presented in terms of likelihood
and execution confidence [14]. Also an evaluation model of the application of
meta-actions based on cost and satisfaction is given.

Chapter 10 explores the use of a feature subset selection measure, along with a
number of common statistical interestingness measures, via structure-preserving
flat representation for tree-structured data [34, 35]. A feature subset selection is
used prior to association rule generation. Once the initial set of rules is obtained,
irrelevant rules are determined as those that are comprised of attributes not deter-
mined to be statistically significant for the classification task [22].

Part IV Data- and Domain-Oriented Methodologies

Chapter 11 gives a survey of hubness-aware classification methods and instance
selection. The presence of hubs, the instances similar to exceptionally large number
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of other instances, has been shown to be one of the crucial properties of time-series
data sets [4, 7]. There are proposed some selected instances for feature construc-
tion, detailed description of the algorithms provided, and experimental results on
large number of publicly available real-world time-series data sets shown.
Chapter 12 presents an analysis of descriptors that utilize various aspects of image
data: colour, texture, gradient, and statistical moments, and this list is extended
with local features [2]. The goal of the analysis is to find descriptors that are
best suited for particular task, i.e. re-identification of objects in a multi-camera
environment. For descriptor evaluation, scatter and clustering measures [12] are
supplemented with a new measure derived from calculating direct dissimilarities
between pairs of images [5, 6].

Chapter 13 deals with the selection of the most appropriate moment features used
to recognise known patterns [13]. For this purpose, some popular moment families
are presented and their properties are discussed. Two algorithms, a simple Genetic
Algorithm (GA) and the Relief algorithm are applied to select the moment features
that better discriminate human faces and facial expressions, under several pose and
illumination conditions [9].

Chapter 14 contains considerations on grouped features. When features are gro-
uped, it is desirable to perform feature selection groupwise in addition to selecting
individual features. It is typically the case in data obtained by modern high-
throughput genomic profiling technologies such as exon microarrays. To handle
grouped features, feature selection methods are discussed with the focus on a
popular shrinkage method, lasso, and its variants, that are based on regularized
regression with generalized linear models [6].

1.3 Concluding Remarks

In this book some advances and research dedicated to feature selection for data and
pattern recognition are presented. Even though it has been the subject of interest for
some time, feature selection remains one of actively pursued avenues of investigations
due to its importance and bearing upon other problems and tasks. It can be studied
within a domain from which features are extracted, independently of it, taking into
account specific properties of involved algorithms and techniques, with feedback
from applications, or without it. Observations from executed experiments can bring
local and global conclusions, with theoretical and practical significance.
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Estimation of Feature Importance



Chapter 2
All Relevant Feature Selection Methods
and Applications

Witold R. Rudnicki, Mariusz Wrzesien and Wiestaw Paja

Abstract All-relevant feature selection is a relatively new sub-field in the domain
of feature selection. The chapter is devoted to a short review of the field and presen-
tation of the representative algorithm. The problem of all-relevant feature selection
is first defined, then key algorithms are described. Finally the Boruta algorithm,
under development at ICM, University of Warsaw, is explained in a greater detail
and applied both to a collection of synthetic and real-world data sets. It is shown
that algorithm is both sensitive and selective. The level of falsely discovered relevant
variables is low—on average less than one falsely relevant variable is discovered for
each set. The sensitivity of the algorithm is nearly 100 % for data sets for which clas-
sification is easy, but may be smaller for data sets for which classification is difficult,
nevertheless, it is possible to increase the sensitivity of the algorithm at the cost of
increased computational effort without adversely affecting the false discovery level.
It is achieved by increasing the number of trees in the random forest algorithm that
delivers the importance estimate in Boruta.
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2.1 Introduction

The usual goal of feature selection in machine learning is to find the best set of
features that allows one to build useful models of studied phenomena. The chapter
is devoted to a different application of feature selection process, where building
a machine learning model is merely a tool for extracting all features that are relevant
for a problem. The relevance is considered in a broad sense—it is sufficient for a
feature to be declared relevant, when it is useful for building a machine learning
model of the problem under scrutiny at some context. One may ask why this goal is
relevant at all? Why should anyone be interested in this type of relevance?

Let us firstly describe a toy problem that illustrates a need for the all-relevant
feature selection in an artificially transparent setting. Let us construct a system con-
taining 100 objects described with one hundred real-valued variables X 100, and
one binary decision variable D. The descriptive variables X| and X, are drawn from
a normal distribution N (0, 1). The value of the decision variable is determined from
values of these variables in the following manner. It is one (TRUE) if both vari-
ables have the same sign and is zero (FALSE) if their signs differ. The descriptive
variables X3, ..., X|o are obtained as a linear combination of X; and X», and nor-
malised to N (0, 1). The variables X, ..., Xj00, are drawn from a normal distribu-
tion N (0, 1). Finally the indexes of the variables are randomly permuted. The goal
of the researcher is to determine which variables are responsible for the value of a
decision variable.

There is a very easy path to the solution of this problem. One could take a clas-
sifier that is able to rank feature importance and select two most important features.
Unfortunately this path may lead us astray, as displayed in Fig.2.1, that shows the
ranking of feature importance for our toy problem returned by a random forest (RF)
[2] classifier. Here, for clarity, variable indexes are not permuted.

The toy problem is simple enough that it can be solved directly by a brute force
approach. Itis sufficient to build 4,950 models including two variables to find one that
gives perfect classification and hence is the most likely to be built on two variables
used to generate the model. However, for real life problems a number of descriptive
variables may be much larger, connections between these variables and decision may
be more complicated, measurements are subject to noise. Moreover, one does not
know beforehand how many variables influence decision. Finally, while for our toy
problem the model based on two variables used to generate the model usually gives
best results, this is not guaranteed to work in a general case. Hence the brute force
approach will not work in most cases.

As an example of a real-life application we may consider deciphering connection
between gene expression levels in humans with some medical condition. In this case a
number of variables is roughly twenty thousands, it is not known how many genes are
involved and how, and last but not least—measurements are subject both to normal
variability and experimental error. Analysis of such problem can be split into two
separate tasks: determination which variables are connected in some way with the
decision variable, and then identification of those variables that are responsible for
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Fig.2.1 Theillustration for the toy problem. The upper panel shows projection of the system on the
plane (X1X»). The lower panel shows the importance of variables in random forest classifier. Solid
squares correspond to variables used to generate the decision variable, solid circles correspond
to combinations of X and X, and open circles correspond to random variables. It is clear that
importance of variables obtained from random forest can be used to discern informative and non-
informative features. Nevertheless, the importance ranking does not allow to detect the variables
used for generation of the decision variable

a value of the decision variable. The first task can be tackled using the all-relevant
feature selection approach. The solution of the second task, which generally is much
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harder, should be easier when all relevant variables are identified and hence the
number of variables is reduced.

For example in our toy problem a perfect algorithm for all-relevant feature selec-
tion should find that 10 variables out of 1,000 are somehow connected with decision
variable, therefore the number of models tested in the brute force approach can be
reduced to 45. In a medical problem of a researcher studying a connection between
gene expression and a medical condition, a number of genes to consider may be
reduced from multiple thousands to hundreds or tens, or maybe even a handful of
variables. A domain specific knowledge can be then applied to build a model of a
problem under scrutiny.

2.1.1 Definitions

Up to this point the notion of relevance was used without definition, instead we relied
on its intuitive understanding. However, it has been already observed by Kohavi and
John [7] that there are several definitions of relevance that may be contradictory
and misleading. They proposed that two degrees of relevance (strong and weak) are
required to encompass all notions that are usually associated with this term. In their
approach the relevance is defined in the absolute terms, with the help of an ideal
Bayes classifier.

Definition 1 A feature X is strongly relevant when removal of X alone from the data
always results in deterioration of the prediction accuracy of the ideal Bayes classifier.

Definition 2 A feature X is weakly relevant if it is not strongly relevant and there
exists a subset of features S, such that the performance of ideal Bayes classifier on S
is worse than the performance on S U {X}.

Definition 3 A feature X is irrelevant if it is neither strongly nor weakly relevant.

One should note, that an information system might be constructed in such a way,
that there are no strongly relevant attributes. Indeed, it is easy to notice that the toy
system described above does not contain strongly relevant attributes.

Another useful notions were introduced by Nilson et al. [13], who used concepts
of weakly and strongly relevant features to define formally two problems of feature
selection. A minimal optimal problem in feature selection has the goal to find the
minimal set of attributes giving the best possible classifier. The other is an all relevant
problem, where one is interested in finding all strongly and weakly relevant attributes.

Definition 4 (Minimal optimal problem) Find a set of attributes consisting of all
strongly relevant attributes and such subset of weakly relevant attributes, that all
remaining weakly relevant attributes contain only redundant information.

Definition 5 (All-relevant problem) Find all strongly relevant and all weakly rele-
vant attributes.



2 All Relevant Feature Selection Methods and Applications 15

It has been shown by Nilsson and co-workers, that exact solution of the all rele-
vant problem requires an exhaustive search, which is intractable for all but smallest
systems.

The relevance defined earlier is a qualitative notion—a feature can either be rel-
evant or irrelevant. It is also an objective property of the system under scrutiny,
independent from the classifier used for building a model. This notion is distinct
from importance of variable, that is a quantitative and classifier-dependent measure
of the contribution of a variable to a model of the system. One can use various mea-
sures of importance of variable, provided that they satisfy the simple condition—the
importance of relevant variables should be higher than importance of irrelevant ones.
A useful and intuitive measure of importance was introduced by Breiman in random
forest (RF) classification algorithm [2].

Definition 6 (Importance of a variable) is the loss of the classification accuracy of
the model that was built using this variable, when the information on the variable’s
value is withdrawn.

A final concept that will be used often enough in the current chapter to deserve a
mention in this section is a contrast variable.

Definition 7 (Contrast variable) is such descriptive variable that does not carry
information on the decision variable by design.

Itis added to the system in order to discern relevant and irrelevant variables. It may be
obtained by drawing from theoretically justified probability distribution e.g. normal
or uniform; it may be also obtained from real variables by random permutation of
their values between objects. Application of contrast variables for feature selection
was first proposed by Stoppiglia et al. [15] and then independently by Tuv et al. [17],
and Rudnicki et al. [14].

One may notice, that any all-relevant feature selection algorithm is a special type of
classification algorithm. It assigns variables to two classes: relevant or non relevant.
Hence the performance of the algorithms can be measured using the same quantities
that are used for estimation of ordinary classifiers. Two measures are particularly
useful for estimation of performance: sensitivity S and positive predictive value
PPYV. Sensitivity S is measured as

S=TP/(TP+ FN), (2.1)

where TP is a number of truly relevant features recognised by an algorithm, FN is a
number of truly relevant features that are not recognised by an algorithm and FP is a
number of non relevant features that are incorrectly recognised as relevant. Positive
predictive value PPV is measured as

PPV = TP/(TP + FP). (2.2)
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2.1.2 Algorithms for All-Relevant Feature Selection

There are two issues that are non-existent for the minimal optimal problem, but
are very important for the all relevant one. The first one is detection of weakly
relevant attributes that can be completely obscured by other attributes, the second
one is discerning between weakly but truly relevant variables from those that are
only seemingly relevant due to random fluctuations.

The concepts of strong and weak relevance, and consequently also the problem of
all relevant feature selection, are defined in a context of a perfect classifier that is able
to use all available information. Yet, in real-world applications one is restricted to
use imperfect classification algorithms, that are not capable of using all information
present in the information system, and this may influence the outcome of the feature
selection algorithm. In particular, an algorithm may not be able to find and use
some of the relevant features. In many cases this will not disturb solution of the
minimal optimal problem, provided that final predictions of a classifier are sufficiently
accurate; yet it will significantly decrease a sensitivity of an all relevant feature
selection. Hence a classification algorithm used in all relevant feature selection
should be able to detect weak and redundant attributes.

Algorithms that may be used for finding all the relevant features [3, 6, 9, 14,
17] are designed around ensembles of decision trees, either using the random forest
algorithm [2] or an algorithm specially tailored for the task. The choice of decision
trees as base learners is due to their flexibility and relative robustness, when multiple
redundant features are present in the data set. Moreover, the estimate of the variable
importance is easily obtained for tree-based ensembles.

The second issue, namely discerning between the truly and randomly relevant
attributes arises because the analysis is performed for finite size samples. This gives
a chance for random correlations to emerge and significantly influence the results.
The probability of such an event increases with the decreasing number of objects; the
effect is also boosted by overall large number of attributes, which in addition increases
chances for random interactions between features. This issue is handled by introduc-
ing ‘contrast variables’ which are used as a reference. A statistical test is performed
that compares the importance of original variables with that of contrast variables.

Contrast variables have been used to find all relevant variables by four independent
groups. Tuv et al. [17] in ACE algorithm used ensembles of shallow classification
trees and iterative procedure in which the influence of the most important variables
on decision was removed in order to reveal variables of secondary importance. In
each step only these variables that were more important in the statistical test than the
75th percentile of contrast variables were deemed important.

Rudnicki et al. [14] introduced Boruta algorithm that used the importance estimate
from the random forest. The algorithm started by establishing initial ranking of
variables in random forest. Then the algorithm performed an iterative procedure in
which the least important variables were consecutively turned into contrast variables
by permuting their values between objects. Then the threshold level was increased by
a predefined step and procedure was repeated until the self-consistence was achieved.
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The procedure was carried out until the importance of all contrast variables was lower
than that of the unperturbed variables.

Huynh-Thu et al. [6] independently proposed a procedure that aimed at the same
goal from another end. In this approach the procedure starts similarly from establish-
ing the ranking of importance from RF. Then the algorithm estimates the importance
of noninformative variables by turning all variables into contrast variables. In the fol-
lowing steps the algorithm iteratively introduces back the informative variables into
the information system and computes the importance of both i informative variables
(the original most important variables) and N — i noninformative variables.

Dramifiski et al. [4] introduced the MCFS algorithm to improve a feature ranking
obtained from an ensemble of decision trees. It was constructed in such a way that
eliminated known bias of random forest towards variables with fewer number of
values. The algorithm was later extended for use as an all-relevant feature selection
algorithm [3] by introducing a comparison of the importance of variables with the
maximal importance obtained from a set where all variables were uninformative.

The second version of Boruta [9] was introduced to improve computational effi-
ciency and used a different heuristic procedure. In this version the original dataset
is extended with random contrast variables. For each original attribute a ’shadow’
attribute is generated by randomly permuting its values. Then, for each attribute,
it is tested whether its importance is higher than the maximal importance achieved
by a contrast attribute. In order to obtain statistically significant results this proce-
dure is repeated several times, with contrast variables generated independently for
each iteration. After each iteration, the algorithm checks how many times the impor-
tance of tested attributes is higher (or lower) than that of the highest ranked contrast
variable. Once this number is significantly higher than allowed under hypothesis of
equality with importance of highest random contrast, the attribute is deemed relevant
and not tested further. On the other hand, if this number is significantly lower than
allowed under the same hypothesis, then the attribute is deemed irrelevant and perma-
nently removed from the data set. The corresponding contrast variables can be either
retained or removed from the dataset; the former choice increases precision of the
result, whereas the other greatly improves computational efficiency. The algorithm
is terminated when either the relevance of all attributes is established or until prede-
fined number of steps is executed. The result of the algorithm is the assignment of
each variable to one of three classes—relevant, irrelevant, unresolved (or tentative).
The final decision about the unresolved (tentative) attributes is left to the user.

All these algorithms are quite similar to each other: they are based on the ensemble
of trees, they use similar measures of importance and use contrast variables to discern
relevant and non relevant attributes. They differ mostly in implementation of the
statistical test as well as in performance. The current study is devoted to detailed
analysis of performance of Boruta algorithm for a family of synthetic data sets with
varying number of truly relevant variables and total number of variables, and hence
varying difficulty. The difficulty is measured as the error level of the random forest
classifier built on the truly relevant variables. The small scale tests performed by us
have shown that results of these algorithms are also similar, hence we believe that the
analysis performed for single algorithm will be relevant also for other algorithms.
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2.1.3 Random Forest

The random forest algorithm is used in the current work both as a classifier and as
an engine for the feature selection algorithm, hence we give below a short summary
of its most important qualities. It is designed as an ensemble of weak classifiers
that combine their results during the final classification of each object. Individual
classifiers are built as classification trees. Each tree is constructed using different
bootstrap sample of the training set, roughly 1/3 of objects is not used for building a
tree. At each step of the tree construction a different subset of attributes is randomly
selected and a split is performed using an attribute which leads to a best distribution
of data between nodes of the tree.

Each object has not been used by roughly 1/3 of trees. This object is called ‘out
of bag’ (OOB) for these trees, and they are the OOB trees for this object. One may
perform (OOB) error estimate by comparing the classification of the ensemble of the
OOB trees for each object with the true decision. The OOB object can be used also
for estimation of variables’ importance using following procedure. For each tree all
its” OOB objects are classified and the number of votes for a correct class is recorded.
Then values of the variable under scrutiny are randomly permuted across objects, the
classification is repeated and the number of votes for a correct class is again recorded.
The importance of the variable for the single tree can be then defined as a difference
between a number of correct votes cast in original and permuted system, divided by
number of objects. The importance of the variable under scrutiny is then obtained by
averaging importance measures for individual trees. The implementation of random
forest in R library [11] is used in Boruta and also was used for classification tasks.

2.2 Testing Procedure

Boruta algorithm is a wrapper on the random forest, hence it is likely that quality
of feature selection depends on the quality of random forest model. Therefore in
the first step of the testing procedure we performed a series of tests of the random
forest algorithm itself on synthetic data sets. Then the performance of the all-relevant
feature selection algorithm was examined on the selected synthetic data sets as well
as on few real-world data sets.

2.2.1 Data Sets

Synthetic data sets were constructed as variants of the well known hypercube prob-
lem. In this problem a set of points are generated in corners of D-dimensional hyper-
cube, each coordinate of the corner is either 41 or —1. The corners of the hypercube
were assigned to one of two classes using two methods. The first one relies on random
process. Corners of a hypercube are numbered 1, ..., 22, then a random sample of
length 2(P~1 is drawn from the range (1, . .., 2) and corners with these numbers are
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assigned to class 1; the remaining corners assigned to class 2. The second method is
deterministic. Corners with odd number of —1 coordinates are assigned to class 1 and
the remaining corners are assigned to class 2. The points were generated using three
methods. In the first one, the points are generated from multidimensional Gaussian
distribution with mean zero and standard deviation one and assigned to the nearest
corner. In the second method, the multidimensional uniform distribution spanned on
(—1, 1) interval was used instead of Gaussian. In the third one, points were drawn
from 2P multidimensional Gaussian distributions with standard deviation 0.1, each
centred on the respective corner of the hypercube. Then two classes of additional
features were added to each data set. Features from the first class were obtained as a
linear combination of original variables. Features from the second class were drawn
randomly from the normal distribution. As a result we obtain the data set described
with three types of features. The generative features are the original variables used to
define the value of decision variable. The combination features are obtained as linear
combinations of generative features and hence they are also connected with decision
variable. These two sets of features are by definition relevant. One should note, how-
ever, that features of both types are weakly relevant—it is possible to replace any of
the features with combination of other features. The remaining variables are random
features—they are not connected with decision variable.

Multiple data sets with varying numbers of generative, combination and random
features, as well as varying number of objects were generated using four combinations
of the class assignment and point distributions methods, resulting in four series of data
sets. The first series, denoted as NORM used the deterministic class assignment and
single Gaussian in a centre for generation of data points. The second one, denoted as
UNTI used deterministic class assignment and uniform distribution of points, the third
one used random class assignment and uniform distribution of points. The last series
was obtained using random class assignment and Gaussians centered on corners of
the hypercube for points generation. Two last series were generated with functions
mlbench.xor and mlbench.hypercube from the mlbench package [10] in R [16], with
default parameters for data dispersion and are denoted as XOR and HYPER.

In addition to analysis of synthetic data sets the relevance of the variables was
examined for four recently published data sets deposited in the UCI repository [1]:
MicroMass, QSAR biodegradation (Q-b) [12], Turkiye Student Evaluation Data Set
(TSE) [5] and Amazon Commerce Reviews Set (ACRS).

2.2.2 Classification

The tests of classification accuracy for random forest were performed for four series
of data sets described earlier. However, the data sets used for survey of classification
results were simpler than those used for feature selection. The number of generative
variables varied between 2 and 8, the number of combination features was either
zero or two times the number of original features and the number of objects varied
between 100 and 2,000. The systems were not extended with random features—the
goal of this survey was to find the region of parameter space that is feasible for
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classification in the best settings, without additional noise from random features.
The random forest implementation in R [11] was used to perform classification,
using the default parameters: 500 trees in ensemble and the number of variables used
for split generation set at the square root of the total.

2.2.3 Feature Selection

Two series of data sets were selected for further analysis with Boruta feature selection
algorithm implemented in a package in R [8]. In higher dimensions both functions
using deterministic class assignment generated data sets that were too difficult for the
random forest algorithm, hence only sets generated with the help of two functions
from mlbench package that were based on random were used in feature selection test.

The result of the classification testing has shown that the quality of models depends
monotonically on the number of objects—the OOB classification error decreases with
increasing number of objects. This relationship was universal, but in some cases the
number of objects required to obtain model of good quality was very high. This is
especially true for the high dimensional problems. Therefore to reduce the number of
variable parameters we fixed the number of objects at single value 500, that allowed
us to scan a wide range of difficulties for numbers of variables varying between 50
and 10,000.

The tests were performed for the following grid of parameters describing data sets:
Ngen = (2,3,4,5) generative variables x Neomp = (35, 10, 20, 50, 100, 200, 500)
combination variables x N,; = (50, 100, 200, 500, 1,000, 2,000, 5,000, 10,000)
all variables, where Nyjj = Ngen + Neomb + Nrana (and Nygpg is a number of random
variables). Obviously, the grid points corresponding to negative number of random
variables were not explored. The number of variable parameters in the test is four,
therefore generation of every possible combination is neither feasible nor interesting.
Data sets that are either very easy or very difficult are not interesting for further
analysis. For the purpose of this work the data set was considered easy when the
OOB estimate of the classification error of random forest model is below 2 % and
it is considered hard when the OOB error is above 30 %. Therefore only a subset of
possible datasets within the range of parameters was generated and tested. For each
number of generative variables the initial test system was generated that comprised
of 500 objects with 5 combination features and 50 random features. Then the number
of objects, combination features and random features was varied until either easy or
hard region of the parameter space was found.

Additionally, the influence of number of trees in the forest on the feature selection
procedure was examined. To this end, the entire procedure was repeated using random
forest classifiers obtained with three different numbers of trees, namely 500, 1,000
and 2,000.

Despite fixing the number of objects and examining only two set series of data
sets, the number of possible combinations was still too high to be practical, hence
not all of the possible grid points were examined. The set of combinations examined
is given in Table2.1.
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Table 2.1 Data sets generated for the all relevant feature selection analysis

# objects | # generative variables | # combination variables | Total variables | # Trees

500 (2,3,4,5) (5, 10, 20, 50) 100 (500, 1,000, 2,000)
500 (2,3.4,5) (5, 10, 20, 50, 100) 200 (500, 1,000, 2,000)
500 (2,3,4,5) (5, 10, 20, 50, 100, 200) | 500 (500, 1,000, 2,000)
500 (2,3,4,5) (5, 10, 20, 50, 100, 200) | 1,000 (500, 1,000, 2,000)
500 (2,3,4,5) (5, 10, 20, 50, 100, 200) | 2,000 (500, 1,000, 2,000)
500 (2.3.4,5) (5, 10, 20, 50, 100, 200) | 5,000 (500, 1,000, 2,000)

In contrast with the synthetic data sets, information on true relevance of variables
is unknown for real-world data sets. Therefore, we can measure directly neither
sensitivity nor PPV of the algorithm. However, we can estimate the PPV using
contrast variables, by measuring how many of them algorithm deems relevant. To
this end, we generate contrast variables as ‘shadows’ of original variables, which
are obtained by copying values of original variables and randomly permuting them
between objects. Each variable is accompanied by a shadow variable. The system
extended in this way is then analysed with the Boruta algorithm. Then the PPV
estimate is obtained as

Nrelevant (Xoriginal )

PPV* = ,
Nrelevant (Xoriginal ) + Nretevant(Xcontrast)

(2.3)

where PPV* denotes approximate PPV, Nyeievant Xoriginal) and Nyelevant KXeontrast) are
respectively a number of original and contrast variables that algorithm has deemed
relevant. Entire analysis was repeated five times to check robustness of the results.
Boruta algorithm assigns variables to three classes: (Confirmed, Tentative, Rejected).
One can treat the Tentative class either as relevant or irrelevant, hence two measures
of PPV* were used, PPV’ and PPV that differed in the assignment of the Tentative
variables. The former assigns them to irrelevant, whereas latter to relevant class.

2.3 Results and Discussion

Four series of datasets were generated using small variations of the same approach,
nevertheless, the results differ significantly for these sets. Two series of synthetic
data sets generated with deterministic class assignment were generally difficult to
classify with random forest algorithm. The classification results for these sets were
satisfactory (OOB error less then 30 %) only for low dimensional problems (2 and 3).
The problems of higher dimensionality were solvable only when large number of
objects was available. Therefore further analysis for synthetic sets was performed
for two remaining series.
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2.3.1 Classification

The results of the classification survey are in general agreement with intuitive expec-
tations, see Fig.2.2. Increasing the dimensionality of the problem makes it more
difficult, adding noise to the problem makes it more difficult, and increasing the

number of objects helps in building better models.

OOB Error

OOB Error

Fig. 2.2 Classification results for four variants of hypercube problem. 7Top 2D and 3D models.
Bottom 4D and 5D models. Labels for series are constructed from the first letter of the series name
and dimension of the problem, for example X3 denotes three dimensional data sets from XOR
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Fig. 2.3 The OOB error for two series of HYPER data sets, one with points described with genera-
tive variables only, and the other with additional combination features. The number of combination
features is two times the number of generative features. The datasets with combination features are
marked with a “*’

One result that may be less intuitive is that introduction of features that are lin-
ear combinations of original variables may improve the classification. These fea-
tures in some cases may form lower dimensional subspace that allows to separate
clusters located originally in corners of the hypercube. This is not universal, but
observed for the last series. Hence presence of the combination features in the data
set may facilitate transition of a problem that is formally N-dimensional to easier
(N-k)-dimensional one. The effect is displayed in Fig.2.3. The classification error is
significantly lower for series with original generative features augmented with lin-
ear combinations. This result shows that relationship between importance and true
relevance may not be straightforward.

2.3.2 Feature Selection

In line with expectations the results of the feature selection are correlated with the
results of the classifications. It is difficult to identify important features for data sets
that are difficult to classify and relatively easy for those that are easy to classify.
This is clearly visible in Table2.2 that collects the overall results of the survey of
the synthetic data sets. For the XOR series the sensitivity is very high for easy
2-dimensional data sets and drops to 25 % for hard 5-dimensional data sets. On the
other hand, the level of false discovery is uniformly low—the expected value of false
positive discovery is 0.3. It means that on average only 3 falsely relevant variables
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Table 2.2 The cumulative results for the XOR and HYPER series of data sets

XOR HYPER
DIM | TP | FP | EN | Sensitivity (%) | PPV (%) | TP | FP | FN | Sensitivity (%) | PPV (%)
2 51.2103| 02|98 98 - - |- |- -
3 42.1102| 82|81 97 50.5/0.1| 13|97 99.7
4 37.0/0.3 | 15.0| 65 99 52210.1]0.7 |96 99.6
5 142103362 |23 97 47.710.1]53|91 99.0

The average number of false positive, false negative, sensitivity and PPV were computed for the
entire range of parameters

Table 2.3 Cumulative results for four dimensional data set

Ntotal Mean TP Mean FP Mean FN Mean sensitivity (%) Mean PPV (%)
100 24.5 0.7 0.8 91.7 97.4
200 40.1 0.5 0.9 90.2 98.7
500 61.6 0.1 6.6 81.5 99.8
1,000 524 0.3 15.7 53.6 99.4
2,000 48.2 0.1 19.9 59.7 99.9
5,000 29.7 0.1 42.6 33.8 99.6
10,000 25.6 0.1 57.2 342 99.6

The average number of true and false positive, false negative, sensitivity and PPV are displayed for
varying number of total variables. The averaging was performed over variable number of combina-
tion variables

should be expected in 10 runs of Boruta algorithm. Both sensitivity and PPV are very
high for the sets in the HYPER series, hence deeper analysis is devoted to the more
difficult XOR series.

The four-dimensional data sets are examined in closer detail in the Table2.3,
where the results for a range of total number of variables is presented. It is clear that
the sensitivity of the algorithm drops with increasing number of variables, in line
with the number of false positive discoveries.

The drop in sensitivity with increasing number of variables is expected behaviour.
When the number of variables is large, the chance for a variable to be included in
a tree in few first splits is diminished, hence the impact of individual variable is
a subject to larger variability when compared with systems with a small number
of variables. Therefore it is more difficult to discern relevant variables with lesser
impact from random ones. This effect can be circumvented by increasing a number
of trees in the system; see Table 2.4, where cumulative data for all four-dimensional
sets is presented as well as a more detailed analysis of a five-dimensional set.

Another interesting effect is presented in Table 2.5. Systems with different number
of relevant variables have variable behaviour of sensitivity when the number of
variables is increasing. For example, when the total number of variables is 500,
the sensitivity is 100 % for a system with 54 relevant variables, whereas it is 87 %
for a system with 204 relevant variables. When the number of random variables is
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Table 2.4 Change of sensitivity as a function of a number of trees in Boruta

Average for 4D systems Average for 5D systems

Ntree |TP | FN | Sensitivity (%) | PPV (%) | TP FN Sensitivity (%) | PPV (%)
100 |- - - - 40.2 | 164.8 | 19.6 100
200 |- - - - 70.2 | 134.8 | 34.2 100
500 (349 |21.1 |57.8 99.7 123.6 | 814 |60.3 100
1,000 {39.9 | 16.0 | 63.5 99.5 157.6 | 474|769 100
2,000 (434 | 12.5 | 68.5 98.9 180.4 | 24.6 | 88.0 99.8
5,000 |- - - - 189.6 | 154 | 925 99.5
10,000 |- - - - 193.2 | 11.8 | 94.2 99.4
20,000 |- - - - 195.6 94 954 99.4

The average results for all 4-dimensional systems examined with Boruta using 500, 1,000, and
2,000 trees are shown in the left panel. The more detailed inspection of results for sets described
with 5 generative, 200 combination and 1,000 total variables is presented in the right panel. Average
results for five instances are presented for Boruta using 100 to 20,000 trees

Table 2.5 Results of feature selection presented for two series of 4-dimensional data sets for
varying total number of variables in the system

Ncomb |Ntotal | Mean TP | Mean FP | Mean FN | Mean sensitivity (%) | Mean PPV (%)
50 100 | 54 0.0 0.0 100.0 100.0
200 | 54 0.7 0.0 100.0 98.8
500 | 54 0.0 0.0 100.0 100.0
1,000 | 46.7 1.3 7.3 86.4 97.2
2,000 | 52.0 0.3 2.0 96.3 99.4
5,000 | 21.7 0.0 323 40.1 100.0
10,000 | 10.7 0.0 433 19.8 100.0
200 500 |176.7 0.0 27.3 86.6 100.0
1,000 | 173.3 0.0 30.7 85.0 100.0
2,000 | 145.7 0.0 58.3 71.4 100.0
5,000 | 112.7 0.0 91.3 55.2 100.0
10,000 | 84.7 0.0 119.3 41.5 100.0

The average number of true and false positive, false negative, sensitivity and PPV are displayed.
The averaging was performed over Random Forest models built from 500, 1,000, and 2,000 trees

increased, the sensitivity for the system with 54 relevant variables drops faster than
for the system with 204 ones, reaching 20 % when total number of variables arrives
at 10,000, whereas the sensitivity for the system with 204 relevant features is still
40 % at this point.

This effect is most likely due to the method for generation of splits in random
forest algorithm. The subset of variables is randomly selected from all variables and
split is performed for the variable that produces the best split. When the number of
relevant variables is large in comparison with the sample size, the variables with low
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importance are rarely selected and hence their apparent importance is similar to that
of random variables. When the number of relevant variables is small, but not very
small, then there is a good chance that one or two relevant variables will be selected
at each step. In this case the truly relevant variables have the highest chance to be
selected and hence their apparent importance is high. Finally when the number of
variables is very small in comparison with the number of total variables the chance of
truly relevant variable being included in the sample is small and this again decreases
the apparent importance of relevant variables in comparison with random ones, and
hence decreases sensitivity.

The systematic survey of range of synthetic data sets generated with varying
parameters shows that the results of Boruta algorithm are robust. While the sensitivity
may be low for systems described with very large number of variables, nevertheless,
the variables that are reported as relevant are relevant with very high probability.

2.3.2.1 Real-World Data Sets

Boruta algorithm has been also applied to four real-world data sets recently deposited
in the UCI repository (see Table 2.6). In this case only the false discovery ratio could
be estimated since the true relevance of the attributes is unknown. In two cases of
the sets described with small number of attributes nearly all attributes were deemed
relevant.

The level of false discovery was very low. In all cases the PPV, was 100 %—not
a single false discovery was made with the strict definition of relevance. With the
more relaxed definition, accommodating also Boruta’s tentative class as relevant,
some false discoveries were reported for QSAR biodegradation data set. Neverthe-
less, even in this case the expected value of false discovery was 0.4 and PPV;* was
98.9 %. Therefore we may assume that nearly all features identified by Boruta as
relevant are truly so. The case of QSAR biodegradation data set could suggest that
variables assigned by Boruta to tentative class, bear higher risk of being false positive.

Table 2.6 Results for the real-world data sets from the UCI repository

Data Original Contrast PPV} | PPV}
Dataset Instances | Variables | Conf | Tent | Rej Conf | Tent | Rej (%) (%)
Q-b 1,055 41 36.2 0.8 [4.0 0.0 |04 |40.6 100.0 | 98.9
TES 5,820 33 300 (1.0 |1.0 0.0 [0.0 [32.0 100.0 | 100.0
MM-500 931 1,300 293 |66 |941 0 0 1,300 100 100
MM-1000 | 931 1,300 363 |58 (879 |0 0 1,300 100 100
ACRS 1,500 10,000 220 (84 19,696 |0.0 |0.0 |10,000.0 | 100.0 | 100.0

The MicroMass data set was analysed with Random Forest runs with 500 and 1,000 trees that are
described as MM-500 and MM-1000, respectively. The number of variables marked as confirmed
(Conf), tentative (Tent) and rejected (Rej) is reported for original and contrast variables. The PPV’
was computed according to Eq.2.3 counting as relevant only these variables with confirmed status,
for PPV} also variables with tentative status were taken into account
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Nevertheless, in the case of MicroMass data set all attributes deemed tentative by
Boruta using 500 trees, were later deemed confirmed by Boruta using 1,000 trees,
without any false positive hits. This suggests that when the number of variables
deemed tentative is large, it is quite likely that most of them are truly relevant and
Boruta run with larger number of trees is required.

2.4 Conclusions

As it was demonstrated in the chapter, the all-relevant feature selection algorithms
are capable of discerning between relevant and non relevant variables. The Boruta
algorithm, which was used as a representative algorithm of the class, was examined
on a wide range of synthetic problems and several recently published real-world data
sets. Algorithm works particularly well for systems for which good quality models
may be obtained by means of random forest classification algorithm. The sensitivity
of the algorithm is close to 100 % for such systems. The sensitivity of Boruta can
be improved by utilising random forest with larger number of decision trees. The
level of false discoveries is very low for all data sets examined, therefore all relevant
feature selection is suitable for generation of robust knowledge.

The main factor limiting analysis with Boruta algorithm is time of computations.
The single iteration of the random forest algorithm can take several hours for larger
systems. The algorithm in the best case requires at least time equivalent to 30 random
forest iterations to complete, hence entire analysis may take more then one CPU-
week. The random forest is computationally demanding and its implementation in
R, while very useful, is not very efficient for large problems. In particular, while the
random forest is trivially parallel its implementation is strictly sequential. This limits
application of the algorithm for analysis of truly large datasets described with tens
or even hundreds thousands variables and thousands of objects.
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Chapter 3
Feature Evaluation by Filter, Wrapper,
and Embedded Approaches

Urszula Stanczyk

Abstract The choice of particular variables for construction of a set of characteristic
features relevant to classification can be executed in a kind of external process with
respect to a classification system employed in pattern recognition, it can depend
on the performance of such system, or it can involve some inherent mechanism,
build-in in the system. The three types of approaches correspond to three categories
of methodologies typically exploited in feature selection and reduction: filters, wrap-
pers, and embedded solutions, respectively. They are used when domain knowledge
is unavailable or insufficient for an informed choice, or in order to support this expert
knowledge to achieve higher efficiency, enhanced classification, or reduced sizes of
classifiers. The chapter illustrates the combinations of the three approaches with the
aim of feature evaluation, for binary classification with balanced, for the task of
authorship attribution that belongs with stylometric analysis of texts.

Keywords Feature evaluation - Filter -+ Wrapper - Embedded solution + DRSA -
ANN - Stylometry - Authorship attribution

3.1 Introduction

Since inductive learning systems can suffer from both insufficient and excessive
numbers of characteristic features they depend on, the problem of feature selection
and reduction has become quite popular and widely studied, with methodologies
applied typically grouped into three main categories: filters, wrappers, and embedded
solutions [17].

Filters work independently on a classifier involved in pattern recognition,
regardless of its specifics and parameters [14]. The choice of attributes is performed
basing on some algorithms, quality measures, for example by referring to information
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theory. Filters are general in nature and this generality should be understood here as
applicability to any domain, any inducer. This universality is, however, most often
achieved at a cost of some lower classification accuracy than for other approaches.

In wrappers selection of features is conditioned by the performance of the inducer
itself and its characteristics [16]. Typically, the predictive accuracy is considered as
the most important and deciding factor. Dependence on some particular classifier
means loss of generality and bias, but at the same time close tailoring of the set of
inputs to local requirements usually results in improved performance.

A solution is called embedded when an algorithm for feature selection and elim-
ination is a part of the learning system, some inherent dedicated mechanism that is
actively used [8]. As examples from this category there can be given construction of
decision trees, artificial neural networks with pruning of input neurons, activation of
relative reducts in rough set processing.

The chapter presents examples of combined filter, wrapper, and embedded
approaches for rule and connectionist classifiers employed for evaluation of fea-
tures in stylometric (or computational stylistics) domain, for a case of binary author-
ship attribution. The considered features reflect lexical and syntactic characteristics
expressing writing styles [2]. The stylistic features are studied and evaluated within
two contexts: firstly by their established rankings, secondly in the observed perfor-
mance of classifiers employing sequential backward selection while following these
rankings.

The text of the chapter is organised as follows. Section 3.2 presents fundamen-
tal notions of stylometric processing of texts and features used in such analysis.
Section 3.3 is dedicated to the differences in approaches to variable selection process,
while Sect. 3.4 provides some details of experimental setup, and Sects. 3.5 and 3.6
contain illustration of test results. Section 3.7 concludes the chapter.

3.2 Characteristic Features for Stylometric
Analysis of Texts

Stylometry is a branch of science dedicated to understanding of writing styles, their
characteristics and descriptive elements, shared and unique traits, aiming at knowl-
edge discovery from linguistic point of view, but also at author characterisation,
comparison, and recognition [7, 31]. Stylometric processing typically involves either
statistic-oriented computer-aided computations [20], or methodologies from machine
learning domain [34]. Once we obtain a definition of a writing style by some char-
acteristic features, the task of recognising it can be perceived as pattern recognition,
with text samples categorised and classified by their authors.

A style is a phenomenon which we grasp and recognise rather intuitively, but
usually have trouble with more formal definitions and descriptions [3]. While we
can typically tell that we prefer someone’s style over others, expressing the reasons
for our preferences, especially not in some general qualificatory terms such as “good”,
“bad”, “enjoyable”, “boring”, etc., but in more detail, comes much harder.
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To employ contemporary data mining techniques for stylometric analysis [1],
quantitative instead of qualitative descriptors are required and they are based on
statistics of linguistic features. As their selection reflects the richness of language,
the list of existing possibilities is practically endless. The markers often exploit term
frequencies of occurrence [24] and are divided into four categories: lexical, syntactic,
structural, and content specific [30].

Lexical descriptors provide information about total numbers of characters or
words, averages of numbers of characters per word or sentence, words per sentence,
distributions of these numbers. Syntactic markers express the structure of sentences
as created by punctuation marks [4]. Structural attributes reflect the overall organi-
sation of a text into paragraphs, sections, headings, signatures, embedded formatting
elements. Content-specific features refer to words and phrases of key meaning in
some context [6]. Out of these four groups, typically in authorship attribution tasks
there are chosen lexical and syntactic descriptors [41].

Even though it is universally acknowledged that it is possible to execute reliable
authorship attribution while using stylometric descriptors as characteristic features,
there is no consensus with regard to the way in which these sets of variables should
be constructed. Of course, as always there is needed a sufficiently high number of
representative text samples, but basing on them various candidate subsets of attributes
can be prepared and the knowledge about their efficiency and relevance for the
purposes of classification is unavailable a priori.

With the absence of domain knowledge about the importance of attributes a dif-
ferent attitude can be tried, by applying some methodology that by itself can discover
relevance of variables, or some approaches dedicated to feature selection and reduc-
tion, either single, or in combinations. Even when expert knowledge is available,
feature selection algorithms can help with dimensionality reduction, improvement
of obtained results. When the task of feature set construction is considered in the
context of data processing and mining, it can be biased by a particular technique
used, with the result of the possible existence of alternative feature sets, found by
other approaches or computations. Thus the widely accepted procedure is to propose
some candidate set of attributes (chosen by arbitrary assumptions, using statistics,
or heuristics), test its quality, and optimise it for the set criteria.

3.3 Approaches to Feature Selection

In many classification tasks the total number of possible features that can be employed
is relatively high. Using all of them would result in respectively high dimensionality
which encumbers processing (even may make it impractical), also the presence of
too many variables is a drawback to most inducers even when these attributes by
themselves are relevant for the task, not to mention irrelevant or redundant variables
which can obscure other patterns [18]. In such cases several candidate subsets can
be tried and their efficiency tested, or we can employ some of algorithms explicitly
dedicated to feature selection and reduction.
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Depending on the organisation of a search process, feature selection algorithms are
typically categorised as belonging with filters, wrappers, or embedded approaches.
There are also constructed combinations of approaches, where for example firstly
a filter is employed, then wrapper, or when a wrapper is used as a filter. It is also
possible to apply some algorithm to obtain ranking of attributes, basing on which
feature selection or reduction is next executed.

3.3.1 Filters

Filters are completely separate processes to systems used for classification, working
independently on their performance and other parameters. They can be treated as
kind of pre-processing procedures. They exploit information contained in input data
sets looking for example for information gain, entropy, consistency [9].

One of popular algorithms from this group is Relief, in its original form invented
for binary classification (later modified to allow for multiple classes) [43]. Relief
assigns scores to variables depending on how well they discern decision classes. It
randomly samples the training set, looking for the two examples that are nearest to
the one selected, one from the same class (near-hit) while the other from the opposite
class (near-miss), and basing on this iteratively accumulates weights for attributes.
One of the drawbacks of Relief algorithm is the fact that it looks for all relevant
features and cannot discern redundant features, even when they are relevant in a very
low degree, thus each variable has some weight assigned.

The general nature of filters makes them applicable in all cases, yet the fact that
they totally disregard the performance of a classification system employing the set
of selected variables causes typically worse results than other approaches and it is
considered as a disadvantage.

3.3.2 Wrappers

In a wrapper approach to feature selection it is argued that the best evaluation of some
candidate variable subset is obtained by checking its usefulness in classification, as
the estimated predictive accuracy is typically considered to be the most important
indicator of relevance for attributes [22]. The induction algorithm can be run over
the entire training set and then measured against the testing set, or a cross-validation
method can be employed.

Since the search and selection process is adjusted to specific characteristic of the
inducer, they can show a bias, resulting in an increased performance for the chosen
classifier but worse results for another, especially when they significantly vary in
properties. In other words wrappers tend to construct sets of attributes which are
customised, tailored to some particular task and some particular system.
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Another disadvantage of this approach is in computational costs required.
Execution of the learning algorithm for many subsets of features can become unfea-
sible, not only when there are very high numbers of attributes to consider, but also
in cases when the training step is complex and time-consuming even for smaller
numbers of variables. For example artificial neural networks deal much better with
more than necessary inputs than for situations when their number is low.

When an inducer is able by itself to select some features while disregarding others
due to some additional procedures dedicated to dimensionality reduction, they cannot
be used for the wrapper mode to play its role. If such processing is employed, it results
in an embedded approach.

Wrapper model can be used not only for feature selection or reduction, but for
other purposes, to better adjust some parameters of a classification system. An exam-
ple of such procedure constitutes establishing preference orders for values of condi-
tional attributes in Dominance-based Rough Set Approach, when there is insufficient
domain knowledge for such definitions [39].

3.3.3 Embedded Solutions

Several of predictors have their own, inherent mechanisms, built-in in the learning
algorithm, dedicated to feature selection. When such mechanism is actively used we
have an embedded solution [23].

As an example of this category there can be given input pruning for artificial
neural networks [19, 21] that leads to establishing by repetitive computations which
of network inputs have very low influence on the network outputs. In decision trees in
fact at each node some feature is selected, and this decision is a constituent element
of the algorithm, cannot be simply separated from it. For rough sets such function is
played by relative reducts, subsets of attributes which guarantee the same quality of
approximation as the entire set of variables [26].

When a set of all relative reducts is treated as yet another entity, another form
of expression for available knowledge on features extracted from instances, we can
assign weights [25] and define some quality measures for them [40, 42], to be used
in feature selection. These measures and weights can take into account how often
each attribute is included in reducts of specific cardinalities, and the same statistics
for other variables included in the same reducts. This kind of processing leads to
ordering of features, which can be interpreted as their ranking.

3.3.4 Ranking of Features

When we proceed through the entire set of available features with an application
of any of the aforementioned approaches to feature selection, either single or in
combinations, as a result these features become ordered by a value of some score or
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measure, considered then a weight or rank, assigned through processing. Therefore,
we obtain in such case a ranking of variables [27].

When a ranking of attributes is exploited in some processing, for feature selection
or reduction, and it is executed independently on the procedures that led to ranking in
the first place, by a formal definition the ranking can be then perceived as a filter. Even
a wrapper can be employed as a ranking filter in the subsequent stage of calculations,
as long as it follows a search path that gives the ordering of all variables, and the
inducer from the second stage is different from the first one.

3.4 Details of Research Framework

Before conducting any experiments several decisions needed to be made, with
respect to:

e input data sets—defined by the numbers of analysed learning and testing samples,
and a set of available stylometric characteristic features,

e machine learning techniques used in classification,

e the point in the feature space where search procedures start and directions of the
search,

e the stopping criterion for the search process,

e evaluation method for a candidate variable subset,

e organisation of the search,

as described below in more detail.

3.4.1 Input Data Sets

To ensure reliability of detected patterns in linguistic habits and preferences, sta-
tistics must be obtained basing on several samples of writing, with each sample of
sufficient length. In the considered case there were taken novels by two famous writ-
ers, Thomas Hardy and Henry James. Since within documents that are so long it is
natural to perceive some small variations of styles depending on the character of text
parts (narrative or dialog), they were divided into smaller samples, corresponding to
chapters or sections, to keep comparable length and size.

For all these prepared parts next the characteristic features were extracted for 25
arbitrarily selected lexical and syntactic descriptors (which proved to be useful in
some past research on authorship attribution [35, 36]), by calculation of frequencies
of usage for some function words and punctuation marks as follows:

e lexical markers (17)—but, and, not, in, with, that, what, for, by, if, from, at, to, as,
on, of, this,

e syntactic markers (8)—a comma, a fullstop, a colon, a semicolon, a bracket, a
question mark, an exclamation mark, a hyphen.
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3.4.2 Machine Learning Techniques Used in Research

In the research performed two distinctively different approaches to classification
were used, namely artificial neural networks simulated by software in multilayer
perceptron (MLP) topology, and decision algorithms induced within Dominance-
based Rough Set Approach (DRSA).

3.4.2.1 ANN Classifier

MLP is a feed-forward, unidirectional network, which at the training phase often
employs backpropagation algorithm [11]. Firstly for all connections some random
weights are assigned, then they are modified in such way that results in minimising
the difference between the value generated on the network output and the one that is
expected, for all outputs and all training samples. Its popularity MLP owes to good
generalisation properties—once a network learns characteristics of the training set,
it can correctly classify also unknown instances.

Within the first steps of ANN classifier construction that encompasses establishing
network parameters the number of input nodes was set to the number of considered
variables, the number of outputs as corresponding to two recognised classes, and
in the internal structure the number of hidden layers was set to two, with the total
number of neurons in them equal to the number of inputs. To minimise the influence of
random interconnection weights on the training phase the multi-starting procedure
was employed, with repetitive learning and calculations of median, minimal, and
maximal performance.

3.4.2.2 DRSA Classifier

In rough set approach the objects of the universe are perceived through granules of
knowledge [28]. In classical version, invented by Pawlak [29], these granules are
equivalence classes of instances that cannot be discerned basing on values of con-
sidered conditional attributes. Classical Rough Set Approach (CRSA) enables only
nominal classification, which can be insufficient for multicriteria decision making
[10]. Replacing indiscernibility relation with dominance and observing weak pref-
erence orderings in value sets of attributes allows for ordinal classification and gives
Dominance-based Rough Set Approach [12].

DRSA approximates dominance cones—upward and downward unions of deci-
sion classes and induces decision rules that form rule-based classifiers. The advantage
of this approach is enhanced understanding of approximated information, as rules
explicitly specify the conditions that need to be met for some object to be classified
to the specific class (to be precise, in this case to the union of classes). There are
many algorithms for rule induction and depending on them the sets of generated
rules can greatly vary [5, 32], not only with respect to their cardinalities, but, more
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importantly, in quality. In the performed tests all rules on learning samples were
found and then in each studied case limited by introducing hard constraints to the
type of rules and their support [37, 38].

The inferred rules can be certain (exact), possible, or approximate and only the
first type without additional processing indicates recognition results. In the research
conducted only certain rules were taken into account.

To reduce processing time required also a very strict rule was applied to ambigu-
ous decisions (cases of no rules matching, or multiple rules but with contradicting
decisions)—instead of solving the matter by voting, weighting, or both, all ambigu-
ous decisions were always treated as incorrect.

3.4.3 Search Parameters

Yet another of the search parameters, which we need to decide upon before we start,
is the point in the input feature space, from which the algorithm begins its execution.
Taking into account the dimensionality of this search space, and all candidate subsets
of features that can be found, this initial set is either arbitrarily selected as empty
and then variables are added to it in forward direction, or as an entire set of attributes
from which elements are reduced backward, or there is chosen some other subset
and then we can both add and remove features, checking in both directions.

The exhaustive search, with evaluation of all possible candidate subsets, is rarely
executed as it is typically too time-consuming, and only a part of these subsets are
tested. We can stop the search when the maximal performance is obtained (but we
cannot be then sure that the maximum is global and not local), but we can also
make the search complete with respect to the search path—that is it can end upon
reaching the point in space that is opposite to the starting one. This last attitude was
exploited in executed tests.

The search procedures started with the entire set of considered stylometric features
and then their sequential backward selection was executed, by removing one variable
at a time, until there was no attribute left. To evaluate a subset of features two separate
groups of samples were involved—one for induction phase and the other for testing.

3.5 Feature Evaluation by Ranking

Within the research presented in this chapter the two-step work framework was
implemented. The first step encompassed evaluation of relevance for characteristic
features by obtaining their ranking.

The rankings of features were calculated by Relief algorithm [43], and by employ-
ing embedded DRSA processing. Relief algorithm establishes through iterative cal-
culations how well individual attributes discern defined decision classes, whereas
in rough processing (described in detail in [42]) ranks of variables depend on their
occurrences in relative reducts, to which weights are assigned.
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Both rankings are listed in Table 3.1. The attributes are given in decreasing order
with respect to their importance as perceived by the two algorithms, that is staring
with these variables which are considered more important, then with gradually lower
and lower significance expressed by scores they were assigned. For comparison
purposes also both reversed orderings of variables were tested in the second stage of
experiments, presented in the next section.

When the two rankings of features are compared against each other we can observe
some similarities, after all both algorithms operate on the same input set. However,
there are also significant differences. They both consider “and” attribute as the most
important and “as” takes the same place, but the rest of variables is put in a different
order. “But” and “that”, placed among lowest ranking for DRSA order, are among
the highest ranking features for Relief. “Of”, the last on Relief list, is in the upper half
for DRSA ranking, and so on. Different focus of both ranking algorithms resulted in
different weights being assigned to majority of attributes.

Table 3.1 R.ankir'lgs of Nr Ranking by
features obtained in the first ; ; :
stage of experiments Relief algorithm Embedded DRSA processing
1 and and
2 that not
3 but by
4 from
5 on
6 not from
7 ? in
8 for ;
9 by if
10 - of
11 what R
12 Jat !
13 !
14 with at
15 if -
16 on to
17 as as
18 to this
19 this with
20 in ?
21 ( what
22 (
23 R that
24 H for
25 of but
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3.6 Feature Evaluation by Backward Reduction

Within the second phase of experiments the considered stylometric features were
evaluated by observation of performance of classification systems executing sequen-
tial backward elimination, while following the previously established ranking. It
resulted in combining filter, wrapper, and embedded approaches.

Firstly there were constructed ANN and DRSA classifiers for the entire set of stud-
ied features. The trained network correctly recognised median 83.33 % of samples,
while generated all rules on examples algorithm, with hard constraints on minimal
support required of rules being 41, classified without any ambiguity 76.67 % of
instances. These two results were next treated as reference points, when sequential
backward elimination was executed.

For neural networks reduction of variables corresponded to decreasing the number
of inputs (and also the number of neurons in the two hidden layers) and repeating
the complete training procedure for such modified topologies.

For DRSA processing it is also possible to conduct it in the same way, that is
eliminate attributes and construct a new classifier by induction of new decision
rules. However, with generation of all rules in each case the task would be very
time-consuming—for the entire set of variables the algorithm comprised 46,191 con-
stituent rules. With lower number of features we can expect this number to decrease
yet we can also expect that at least some part of these rules would be the same.
Therefore, instead of generating the same rules over and over again, another atti-
tude is employed and the process of attribute reduction is applied to the already
induced all rules on examples algorithm for the entire set of features. When a vari-
able is reduced, all rules having conditions on this variable are discarded (regardless
on other conditions they may include in the premise part) from the set and the new,
reduced algorithm is constructed. Such process is executed much faster than repeated
induction of rules.

The experiments were organised in two series, depending on the ranking of charac-
teristic features controlling backward reduction for both types of classifiers employed
in the stylometric task of authorship attribution.

3.6.1 Relief Ranking

The first group of executed tests was focused on elimination of characteristic features
for ANN and DRSA classifiers, while following the ranking of attributes returned
by Relief algorithm (see Table3.1).

The performance of the connectionist classifier for decreasing number of input
nodes is plotted in Fig.3.1. The graph in Fig. 3.1a displays reduction of variables in
the decreasing order, starting with those which are ranked the highest, and then along
lower and lower rank. Elimination of features in the reversed order, that is when the
first to go are the variables with the lowest ranking, is given in Fig. 3.1b.
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Fig. 3.1 ANN classification accuracy in relation to the number of considered features, observed in
sequential backward elimination process while employing feature ranking obtained by Relief filter:
a decreasing order, b increasing order. For each median there is indicated maximal and minimal
performance

We can observe that reduction of the highest ranking features in the initial phase,
for just few variables discarded, gives a slight increase in performance, but it soon
falls down to an unacceptably low level. On the other hand, rejection of low ranking
features enables to keep the classification accuracy at sufficiently high level even
when there are only few inputs left for the network to learn from.

Similar results were obtained for rule classifiers as shown in Fig.3.2. The trends
reflect those previously detected, but overall comparison of both types of classifiers
indicates that ANN outperforms DRSA decision algorithm. This conclusion is not
entirely accurate due to the fact that the network with the used topology classifies
without any ambiguity while for DRSA classifier ambiguities did occur and were
treated as incorrect decisions.
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Fig. 3.2 DRSA classification accuracy in relation to the number of considered features, observed
in sequential backward elimination process of all rules on examples algorithm, while employing
feature ranking obtained by Relief filter for a decreasing order (Most series), and increasing order
(Least series)
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3.6.2 Embedded DRSA Ranking

The second batch of performed tests employed an embedded DRSA ranking (see
Table3.1) in backward reduction of features, again for both connectionist and
rule-based classifiers. Classification results for artificial neural networks are pre-
sented in Fig.3.3, with reduction of the highest ranking features in Fig.3.3a and
elimination of lowest ranking variables in Fig.3.3b. The pattern visible in the two
graphs shows close resemblance to the one observed for the first tested ranking. We
can also note that in most cases there are bigger differences between the maximal
and minimal performances of the tested networks.

Figure 3.4 illustrates reduction of characteristic features with highest and lowest
rank, based on the embedded DRSA approach, for decision algorithms. For the
decreasing order in the initial phase of reduction the results are acceptable, but once
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Fig. 3.3 ANN classification accuracy in relation to the number of considered features, observed in
sequential backward elimination process while employing feature ranking obtained by an embedded
approach based on relative reducts: a decreasing order, b increasing order. For each median there
is indicated maximal and minimal performance
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more than five important variables are eliminated the performance gets worse quickly
and irrecoverably. We can reduce significantly more lower ranking variables before
the performance degrades below a satisfactory level.

3.6.3 Comparison of Feature Reduction Results

For both types of classifiers we can also observe the differences and similarities in
the performance in the feature reduction process while following the two defined
rankings, as shown in Fig.3.5. The displayed values correspond to the calculated
difference in classification accuracy for the currently considered number of features,
Relief-based reduction minus DRSA-based reduction. For ANN classifiers the dif-
ferences are calculated only with respect to median classification accuracies.

For artificial neural networks for both increasing and decreasing orders for both
rankings the results are close as the differences are equal to or close to zero. The
discrepancies are visible when there are fewer than a half of features left. Then
reduction of those with lower ranks returns better results for Relief (at maximum
for five variables, when the difference in classification accuracy is 35 %), and for
elimination of higher ranking attributes DRSA-based ordering is more advantageous
(at maximum outperforms by 25 % for 8, 7 and 9 remaining features).

For rule classifiers for the decreasing order for both rankings the classification
accuracies are almost the same for the first 16—-17 reduced variables. Then, for
fewer than 8 inputs, Relief ranking based selection of attributes is outperformed
by DRSA-based reduction. For elimination of higher ranking variables in most cases
the results are better while employing Relief than DRSA-based ranking.

As can be seen in presented graphs, executing sequential backward reduction of
characteristic features driven by ranking of these features obtained previously results
in several cases with significant gains in terms of lower dimensionality, increased
predictive accuracies of the constructed classification systems, and decreased stor-
age requirements. Observations based on performance allow for evaluation of used
attributes and estimation of their relevance for particular tasks.
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3.7 Conclusions

Both connectionist and rule-based classifiers are often used in cases when observation
of some subtle patterns in input data sets is required for recognition, when available
information is incomplete and uncertain, and generalisation property is exploited
to its fullest extent. Stylometry, which is dedicated to analysis of writing styles,
constitutes an example of an application domain with such characteristics, and it
employs machine learning techniques and methodologies to solve its tasks of writer
characterisation, comparison, and, the one considered as the most important, writer
recognition.

Once a writing style is defined by stylometric characteristic features that corre-
spond to linguistic descriptors, authorship attribution can be treated as classification,
binary or multi-class, depending on the total number of compared writers.

All types of classification systems can suffer from excessive numbers of variables,
by extended processing time, complex calculations required, or simply by irrelevant
features obscuring those that are of the highest importance for a task and causing
worse performance. Those and many other reasons give motivation to pursue the
avenue of various feature selection and evaluation approaches and their efficiency.

The chapter illustrates the two-step processing framework for research on feature
selection and evaluation, combining filter, wrapper, and embedded approaches to the
problem. Within the first phase two rankings of variables are obtained, the one with
application of Relief algorithm (as implemented in WEKA Software), and the second
embedded in rough set model, referring to the concept of relative reducts, and weights
defined for them. The two rankings are then used in the second stage of experiments
to filter out the input features for artificial neural networks (simulated by software)
and rule classifiers induced within Dominance-based Rough Set Approach (DRSA).
The performance is observed from the starting point where the entire set of available
features is involved in classification, then in sequential backward elimination of one
variable at a time, till there are no features left, which is the stopping point for
processing.

For both types of classifiers, and both rankings, decreasing as well as increasing
orderings of attributes were tested and overall results compared, revealing signifi-
cant gains in classification accuracies and the reduced sizes of systems, and by that
betraying the importance of attributes, which validates the presented methodology.
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Chapter 4

A Geometric Approach to Feature Ranking
Based Upon Results of Effective Decision
Boundary Feature Matrix

Claudia Diamantini, Alberto Gemelli and Domenico Potena

Abstract This chapter presents a new method of Feature Ranking (FR) that
calculates the relative weight of features in their original domain with an algorithmic
procedure. The method supports information selection of real world features and is
useful when the number of features has costs implications. The Feature Extraction
(FE) techniques, although accurate, provide the weights of artificial features whereas
it is important to weight the real features to have readable models. The accuracy of
the ranking is also an important aspect; the heuristics methods, another major family
of ranking methods based on generate-and-test procedures, are by definition approx-
imate although they produce readable models. The ranking method proposed here
combines the advantages of older methods, it has at its core a feature extraction
technique based on Effective Decision Boundary Feature Matrix (EDBFM), which
is extended to calculate the total weight of the real features through a procedure
geometrically justified. The modular design of the new method allows to include
any FE technique referable to the EDBFM model; a thorough benchmarking of the
various solutions has been conducted.

Keywords Feature ranking - Feature weight - Effective decision boundary feature
matrix + Classification

4.1 Introduction

The recent developments of information technology dramatically increased the capa-
bility of gathering information. This information is described by a high number of
attributes, observations or measures, generically called features. On the one hand this
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improves our ability to study real phenomena, but on the other hand huge amounts
of data produce an “informative overload”, raising data acquisition and processing
costs without effective exploitation of information. What is more, most of machine
learning techniques suffer from the so called “curse of dimensionality” effect, and
human interpretation of models generated by these techniques can be difficult on
high dimensional spaces. To address these issues, the adoption of Feature Selection
(FS) in processes is observing increasing interest and expansion.

Decision making and operations in the modern production contexts require a FS
method which is generally valid for all applications, therefore robust and flexible, able
to operate interactively in a dynamic information environment, dealing effectively
with challenges posed by data heterogeneity, data bandwidth and real-time require-
ments. The large availability of information represents also a challenge because of
the exponential growth of data acquisition costs and, last but not least, energy con-
sumption by computers and acquisition sensor systems. The FS process represents a
complex decisional mechanism in which the accuracy of results is equally important
as usability, fastness, robustness and scalability. In the scientific literature, the cur-
rent approaches to FS in the machine learning process show distinct solutions which
address specific issues and highlight opposite vintages, though many practical issues
have arisen around applications in productive contexts that have never been consid-
ered on the whole. This is the context that inspires the invention and validation of
our novel Feature Ranking (FR) method that supports the FS. This chapter proposes
an innovative approach to FR that detains vintages otherwise dispersed over a vari-
ety of distinct methods. Our research is articulated over two main objectives, the
first is to obtain feature ranking leading to high accuracy in machine learning goals
achievement, the second is to provide an algorithm capable to actively consider cost
functions in supporting decision making. These issues have been studied in relation
to a machine learning process among the most known: the classification.

4.2 Feature Ranking for Classification:
The Background Picture

4.2.1 Intrinsic Discriminant Dimension
of a Classification Task

In the literature FS refers to the problem of selecting a subset of relevant features
for building robust learning models [19, 27]. The concept of optimal feature subset
has been refined during the years by the comprehension of the dataset properties that
condition the classification performance. As it happens in generic data collections,
many of the features are insignificant to reach a learning objective. A definition of
relevant feature is provided by [3]: a feature x; is strongly relevant to dataset X if
there exist examples A and B in X that differ only in their assignment to x; and
have different labels. A feature x;j is weakly relevant to classification accuracy if it
is possible to remove a subset of the features so that becomes strongly relevant.
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In a classification task, the FS is used to predict the so called intrinsic discriminant
dimension of the dataset, which has been defined by Lee and Landgrebe [24] as
the smallest dimensional subspace wherein the same classification accuracy can be
obtained as could be obtained in the original space. Effects of FS on accuracy have
more recently been studied by Sima et al. [34]. In [21, 35], the problem of FS is
seen as trade-off between generalization and specialization or, equivalently, a trade-
off between bias and variance of the inductive process. A classification algorithm
partitions the instance space into regions; when the number of features is relatively
small, regions are too large, that causes the partitioning of the instances to be poor in
terms of generalization and therefore accuracy decreases, this phenomenon is called
bias. When the number of features is high, the probability that individual regions are
labeled with the wrong class is increased too. This effect is called variance. Deci-
sion tree and neural network classifiers are particularly sensible to variance. There
emerges the concept of irrelevant/redundant features that might cause the classifica-
tion algorithms loosing efficiency and accuracy, whereas the subset of features that
improves the performance of learning algorithms is defined optimal subset. All the
aspects of the learning algorithm sensitivity to the dataset dimensionality, have been
generally named as the curse of dimensionality by Kira and Rendell [20].

The optimal subset can be detected on a feature evaluation function [8]. When
doing classification, an Evaluation Function (EF) expresses for each feature subset
its ability to discriminate between classes. The effectiveness of the EF in highlighting
the relative importance of feature depends on the search strategy by which the space
of all possible subsets is explored, and it has measurable properties: accuracy (how
accurate is the prediction of the EF), generality (how suitable is the EF for different
classifiers) and time complexity (time taken to calculate the EF). A selection based
on classification accuracy can be considered effective if the classifier error rate does
not significantly decrease after selection. The authors indicate the /NN classifier as
a convenient algorithm to build the evaluation function since it appears to always
provide a reasonable classification performance in most applications.

4.2.2 Classical Feature Selection Strategies

The FS process is divided generally into two phases: FR and FS in the strict sense. It is
necessary to rank the relative importance of features before proceeding to an optimal
selection and then learning a classification model, although these two phases can
be integrated in different modes as it will be discussed in this section. The progress
in scientific research almost coincides for ranking and selection. As in the survey
of [2, 15], the FS methods are categorized in two main categories: (i) methods that
explore the space of possible subsets, searching an optimal subset of features by
using heuristics to limit computational complexity, (ii) methods that rank features
individually based on properties that good features are presumed to have, such as
their contribution to class separability. In the classification learning process, input
dataset is arranged in a n by m matrix where each row, or record, represents an
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object belonging to a class, and each column represents a characterizing feature. In a
geometric sight, the objects can be thought as points positioned in an m-dimensional
space of features. The solution to a problem of classification can be thought as the
procedure that finds the hyperplanes that, in the feature space, separate the classes
of points.

A broad group of FS techniques is based on the construction and ranking of new
features [11, 16]. The Feature Extraction (FE) process is based on a transforma-
tion of the original set of real features by a linear combination of these, by which
the power to discriminate among classes is concentrated on a reduced number of
extracted features. The relevancy of each individual feature is evaluated, in fact the
set of eigenvalues, always associated with the transformation process, represents the
relative relevancy of each extracted feature and allows ranking them. It is impor-
tant to notice, however, that FE methodology was conceived primarily to do data
compression, therefore it effectively reduces the size of the initial volume of data,
but it implies the entire dataset to be available to construct each extracted feature;
clearly the FE approach is of no help in an application where the containment of data
acquisition costs is important. Furthermore the FE model is very application specific
since extracted features are uniquely associated with a dataset.

For FS, three modes of application have been identified by [6, 16, 29] in relation
to the dependence on the classification algorithm: in the wrapper mode, selection
and classification are iterated to refine the selection of features up to achieving an
optimal performance of the classification algorithm. The exploration of the solution
space can be conducted either with the brute force or the heuristic approaches. The
wrapper mode is supervised and is not suitable for applications in real-time, although
some solutions have been proposed that increase its performance whilst avoiding its
procedural complexity [28]. By contrast, in the filter mode the features that respond
to a general criterion of relevancy for a classification process are selected. The filter
method is applied in a unique step independently of the classification algorithm. In
the Embedded mode, FS is part of the model training process, and features relevancy
is obtained by analyzing their utility for optimizing the objective function of the
learning model; an application example is in [30]. From a productive point of view
these three methods represent different levels of trade-off between ease of execution
and accuracy of the results.

When heuristic methods are used in feature selection the search of the optimal
subset is done by attempts, by which there is built an evaluation function that provides
for each subset of real features its ability to discriminate between classes [8, 36]. The
results depend sensibly on the heuristic adopted and the amount of points effectively
explored of the solution space. Because of the underlying subjective assumption, the
heuristic approach is not fully reliable [1, 33], however it has the vintage to produce
a rank model for real world features, therefore retaining a human interpretability.
Among the heuristic strategies we would like to describe briefly the following: Gain
Ratio, One-Rule and Relief-F .

The Gain Ratio algorithm [32] uses information entropy to find out how well a
feature separates instances. The goodness of each individual feature depends of how
broadly and uniformly it splits the considered data. Features are sorted from the most
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relevant (the one with the highest gain ratio) to the least relevant (the one with the
lowest gain ratio). Then, a decision tree is created starting with the most relevant
feature. This method is computationally efficient because it tests at most a number
of cases equal to the number of features. The danger is that if none of the features
is significantly better than the others then the method may fail to find a good subset,
by contrast if there is a strongly relevant feature the method gives reasonably good
results.

The One-Rule algorithm [18] ranks the attributes according to the error rate. This
method is sensibly affected by overfitting.

The Relief algorithm uses a nearest-neighbor approach [20]. The algorithm
updates iteratively a relevance vector of length equal to the number of features,
initially set to zero. In a two-class problem, for a randomly chosen sample, one
nearest point is chosen in the same class and one in the opposite class. The squared
component distances of these two closest examples are component-wise subtracted
from (or added to) the relevance vector depending on whether the closest example
was in the same (or different) class. This procedure is repeated for m (a given para-
meter) times, and those features whose relevance weight, thus computed, are above
a certain threshold are selected. An improvement of the basic algorithm is Relief-F
[23] that uses M, instead of just one, nearest hits and ensures greater robustness of
the algorithm against noise.

The development in scientific research currently focuses on topics related to data
explosion phenomenon such as FS for ultrahigh dimensional data [30], and multi-
source FS [38]. In [13] there is a case study on feature selection techniques applied
to geographic information systems and geospatial decision support, an application
domain where the growing availability of data poses several challenges along with
important perspectives. There is a growing interest to consider the FS as something
more than just a routine to improve machine learning accuracy; the FR model is
by itself a knowledge model holding important semantic aspects of the information
environment. There have been attempts to further enrich the concept of relevant
feature with semantic meanings, such as the contribution of a feature to the knowledge
of the physical process underlying the generation of the data. The usefulness of the FR
in selecting the variables for modelling dynamic systems has been studied in [5]. A
causal feature selection is proposed in [17], where the FS is driven by the detection of
cause-effect relationships observed in time. This kind of selection process explicitly
associates the concept of relevant feature with the concept of control variable. One
step forward to the contribution of FS to the modelling of a real system is provided by
[12, 33], which in the selection process take into account the interaction of features,
acknowledging the fact that features exhibit group properties that cannot be detected
on individual features, as they were actual components of a system. More recently
there have been attempts to integrate the FS with preexisting basis of knowledge
such as ontologies and association rules [7].
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4.2.3 A Multiple-Challenge Case Study for Feature Ranking

The issues identified in the previous sections have been dealt in the scientific
literature in separate ways, but in reality they constitute a complex of challenges
to be addressed in an integrated manner, especially when pursuing goals of effi-
ciency and effectiveness as it is in real applications and in production environments.
The problem on which we focus our interest is to obtain a new model for rank-
ing features which combines effective FE methods to a representation model that is
humanly understandable and can be integrated in domain knowledge. It is also an
objective to explore how generalizable is the efficacy of this new method and how
it benefits from a modular architecture that allows to choose between alternative
methods of feature extraction depending on restrictions imposed by specific appli-
cations. In order to compare the quality of the new model, and its possible variants,
to the classical methods it is necessary to identify suitable performance metrics and
a benchmarking methodology that uses reference datasets. At the same time there
has to be explored the possibility to obtain cost-benefit functions of the features for
use in decision-making.

4.3 Focus on Feature Extraction Based Ranking

4.3.1 Linear Models

Many known techniques of Feature Extraction (FE) differ in the principle underlying
the detection of an optimal new set of features. However, all of them show an under-
lying unity in the calculation of geometric transformation, algebraically expressed
as projection (or mapping) matrix.

In Linear Discriminant Analysis (LDA), where a linear separability of classes is
assumed, the principle underlying the detection of a new feature is that of maximising
the ratio of the between-class variance to the within-class variance on this feature.
Therefore a set of new features are obtained by maximizing the ratio of the between-
class covariance matrix Sp to the within-class covariance matrix Sy. The projection
matrix is the eigenvector matrix U obtained by solving the generalized eigenvalue
problem: Sp - U = Sy, - U - A, where A is a diagonal matrix whose entries are the
eigenvalues of U. Each eigenvalue A; measures the relative capability of each new
feature u; of separating classes.

A limitation of the classic LDA algorithm is that both Sy, and Sy, matrices must be
non-singular in order to preserve the orthonormality of the mapping. For this reason
several variants of the classic algorithm have been proposed in order to overcome the
singularity problem. In particular in this work, we consider the Orthogonal Linear
Discriminant Analysis (OLDA) algorithm [37]. This algorithm uses Singular Value
Decomposition to obtain a non-singular approximation of Sy ~! - Sp. When Sy, and
Sp matrices are non-singular, OLDA and classic LDA give identical results.
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4.3.2 Feature Extraction Based on Decision Boundary

Another family of FE techniques is based on the properties of decision border [10].
Classes are statistically characterized by the class-conditional probability density
Sunction (cpdf) px|y (x|y;), where the continuous random vector X takes values in
2V and the discrete random variable Y takes value in y. The cumulative probability
density function of the random vector X is:

C
px(x) = D> Py(i)pxiy (xX[y). (4.1)

i=1

where Py (y;) is the a-priori probability of class y;.

Therefore, a classification or decision rule is a mapping ¥ : " — Y that assigns
aclass label to data on the basis of the observation of its feature vector. A classification
rule determines a partition of the feature space in C decision regions Dy, ..., D¢
such that D; = {x € ZV | ¥ (x) = y;}. The boundary separating decision regions is
called the decision boundary. Figure4.1 illustrates an example of decision rule for
two Gaussian classes (symbolized by ‘x” and ‘0’). The straight line represents the
decision boundary: all points at the left of it are assigned by the decision rule to ‘x’
class, and those at the right to ‘o’ class.

Among all possible classification rules, the rule achieving the minimum error
probability

&= / > p&lyDPyidx 4.2)
YiFY (X)

is the Bayes rule ¥p(x) = arg MAX,,[p(x|y;)P(y;)]. The corresponding decision
boundary is consistently called Bayes boundary, which is the theoretically optimal
solution that every classification method aims to achieve.

The geometry of the decision boundary has been used in the discriminative feature
extraction approach known as Decision Boundary Feature Extraction (DBFE) [25]
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Fig.4.1 Examples of two-classes classification problems in a 2-dimensional space. a Linear bound-
ary. o and S represent the informative direction and the redundant direction respectively, b Closed
boundary, ¢ Piecewise linear boundary
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to recognize those informative features allowing to achieve the same classification
accuracy as in the original space. The basic idea of DBFE is that moving along the
direction of the decision boundary, the classification of each observation will remain
unchanged (see Fig. 4.1a). Hence, the direction of the decision boundary is redundant.
In contrast, while moving along the direction normal to the decision boundary the
classification changes, hence it represents an informative direction. Moreover, the
effectiveness of a direction is directly proportional to the area of decision boundary
with the same normal vector. To discuss this statement, consider Fig.4.1b. There,
the border is a rectangle parallel to the axes, so the informative directions defined by
normal vectors to the border are the x and y axes themselves. Although both directions
are informative, it is simple to see that the x-axis is more important since projecting
data on it results in less class overlapping than projecting data on the y-axis.

The idea is formalized by the notion of Effective Decision Boundary Feature
Matrix (EDBFM):

YEDBFM =

1
_— / NT (x)N(x)p(x)dx, (4.3)
Jy p(x)dx
S/
where N(x) is the normal vector at a point x, N7 (x) denotes the transposed normal
vector and S’ is the portion of decision boundary containing most of the training data
(the effective decision boundary). It has been proved [25] that:

e the rank of the EDBFM represents the intrinsic discriminant dimension, that is
the minimum number of feature vectors needed to achieve the same Bayes error
probability as in the original space;

e the eigenvectors of EDBFM corresponding to nonzero eigenvalues are the neces-
sary feature vectors.

In order to construct a Bayes decision border, in [25] there has been proposed SVM
Decision Boundary Analysis, a method that combines DBFE principle and Support
Vector Machine algorithm. In [14] the use of Analytical Decision Boundary Feature
Extraction (ADBFE) is introduced, where the normal vectors are calculated analyt-
ically from the equations of the decision border. All methods produce an EDBFM
that represents a data projection matrix onto a new feature space.

4.4 Feature Ranking Based on Effective Decision
Boundary Feature Matrix

4.4.1 Geometric Considerations

As it has been introduced in previous sections, it is desirable to obtain a ranking of
real features on the basis of information contained in EDBFM. The idea is intuitively
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explained by referring again to the examples in Fig.4.1. Let us consider decision
boundaries formed by a unique line, like line g in Fig.4.1a. In these cases none of
the features is redundant, however it is apparent that the relevance of a feature can be
stated in terms of the line slope. In order to apply the DBFE method, let us observe
that the decision boundary has the form y = mx + k, hence the normal vector is
N = [m, —1]. The calculus of equation (4.3) is straightforward since the normal
vector is constant along S” and the equation becomes:

NN [ p(x)d 2 _
EEDBFMZMZNTNZ (m Im)'
Jy p(x)dx —m

4.4

Eigenvalues and related eigenvectors are A1 = 0, Ap = m*+1,v; = [1,m],
vy = [—m, 1], and only the second eigenvector v, is the informative direction. In
this case the eigenvector components define the relevance of the real features. For
instance, when m = 0 (boundary parallel to the x-axis) the only informative real
feature is the y-axis, when m = 1 (boundary y = x) both features are equally
important, finally as m — oo (boundary tends to the y-axis) the relevance of x-axis
grows. As a second case, let us consider the border in Fig.4.1b. In this case, cpdfs
are taken constant along the boundary and EDBFM is

80
YEDBFM = (0 2) ,

with Ay =8, Ap =2, v =[1,0], v = [0, 1]. This case is somewhat complemen-
tary to the former: now, since new features coincide with the real ones, the relevance
of the latter is fully expressed by eigenvalues. From the analysis of these two cases
we can derive that in the DBFE approach the eigenvector components represent the
weight of every real feature locally to the new feature, whereas the eigenvalues rep-
resent the discriminative power of each new feature. Hence we can combine these
two characteristics in order to define a global ranking of the real features as it is in the
objective of the present work. Firstly eigenvectors are weighted by multiplying them
by the respective eigenvalues, and then the corresponding components of weighed
eigenvectors are summed (in the absolute values). Resulting values are the individual
contributions (or weights) of every real feature into the transformation, and represent
the discriminative power of each real feature and its relative position in a rank model.

Formally, let ug, uy, ..., un be the eigenvectors of the EDBFM matrix, A1, Az,
..., Ay the corresponding eigenvalues, and u;; the jth component of the eigenvector
u;. The weights of real features are computed as follows:

N
wj= > Ailujl.j=1,....N, (4.5)
i=1

wj > wy = feature f; is more important than fj.
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As a numeric example, let us consider Fig.4.1c. The equation of the border is
y =2xforx € [0, 1],y = x/8 + 15/8 for x € [1, 9]. The cpdfs are taken constant
along the boundary. It turns out that

—1.887 8.385

( 1.913 —1.887)
YXEDBFM = ,

A = 1.4, A = 8.89, vi = [0.965,0.261], v = [—0.261, 0.965]. The ranking
method leads to the following weights: w; = 3.68, wy = 8.95, hence the real feature
y turns out to be more discriminant than x as the figure suggests, since the first piece
of boundary is shorter than the second one which is almost parallel to the x-axis.

4.4.2 The Algorithm

The presented method is based on the calculus of the EDBFM, which in turn needs the
knowledge of the decision boundary. In order to apply it to real cases, where the deci-
sion boundary, as well as cpdfs are typically unknown, non-parametric approaches
will be considered. In non-parametric approaches we are given a set of instances of
the true phenomenon (training data) only, and no assumption on the form of cpdfs
is made. In this work we propose the use of Labeled Vector Quantizer (LVQ) archi-
tectures and the Bayes Vector Quantizer (BVQ) learning algorithm. The reason for
the choice of BVQ is twofold: (1) it has demonstrated to drive an LVQ toward a
(locally) optimal approximation of the Bayes boundary [10]; (2) the approximation
is piecewise linear, thus simplifying the calculus of the normal vectors.

An Euclidean nearest neighbor Vector Quantizer (VQ) of dimension N and order
Qis a function 2 : # — M, M = {m,my, ...,mpl, m; € Z", m; # m,
which defines a partition of 2" into Q regions #1, /2, ..., ¥, such that

Vi=xeZ Ix—m|><| x—m; ||, j#i}. (4.6)

Elements of .# are called code vectors. The region ¥; defined by (4.6) is called
the Voronoi region of the code vector m;. Note that the Voronoi region is completely
defined by .. In particular, the boundary of Voronoi region %; is defined by the
intersection of a finite set of hyperplanes .%; ; with equation

mitm,_o

(m; —m;)) - (x — >

where my; is a neighbor code vector to m;. The definition of normal vectors to these
hyperplanes is thus straightforward and it is N;j = m; — m; (see Fig.4.2).

By associating with each code vector a class we can define a decision rule. A
Labeled Vector Quantizer (LVQ) is a pair LVQ =< 2, . >, where 2 : #" — .«
is a vector quantizer, and .Z : .# — ¥ is a labeling function, assigning to each
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4 -
X1

Fig. 4.2 A piece of true decision boundary, its linear approximation and the local discriminative
direction Njj = m; — m;

code vector in . a class label. The classification rule associated with an LVQ is:
Yy : BN — y,x > L(2(x)).

Note the Nearest Neighbor nature of this classification rule: each vector in 2V
is assigned to the same class as its nearest code vector. Thus, decision regions are
defined by the union of Voronoi regions of code vectors with the same label. Note
also that the decision boundary is defined only by those hyperplanes .%; ; such that
m; and m; have different labels.

An LVQ can be trained to find an approximation of the Bayes boundary. LVQ
training algorithms have been originally proposed by Kohonen [22]. Here we use a
more recent algorithm known as Bayes VQ (BVQ), formally defined as a gradient
descent algorithm for the minimization of the error probability. It strongly resem-
bles Kohonen’s LVQ?2.1, however, formal derivation introduces also some modifica-
tions that improve performances and robustness. The BVQ algorithm is an iterative
punishing-rewarding adaptation schema. At each iteration, the algorithm considers a
sample randomly picked from the training set. If the sample turns out to fall “on” the
decision boundary, then the position of the two code vectors determining the bound-
ary is updated, moving the code vector with the same label of the sample towards
the sample itself and moving away that with a different label. Since the decision
boundary is a null measure subspace of the feature space, we have zero probability
to get samples falling exactly on it. Thus, an approximation of the decision boundary
is made, considering those samples falling close to it. Due to lack of space we cannot
report the BVQ algorithm here. The algorithm is described in [9].

Having a trained LVQ, the calculus of the feature rank is straightforward and is
given by the following BVQ-based Feature Ranking (BVQ-FR) Algorithm 1.
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Algorithm 1 BVQ-FR algorithm

: Train the LVQ {(my, [}), ..., (mg, [p)}, m; € 2V, I; € y by using the BVQ algorithm;
Set the elements of the matrix Xy gpuy to 0;

Wior = 0;

For each training sample #

B e

1: Find the two code vectors m;, m; nearest to #;;
2: If l; # I; and 1 falls at a distance less than A from the border §;; then

1: Calculate the unit normal vector to the decision boundary as: N;; = H
1 J
2: ¥pvorm = Zpvorm + Ng * Njjs
30 Wior = Wior + 15
)
5. Xpvorm = M,
6: Calculate elgenvectors up, uy, ..., un and related eigenvalues A1, A2, ..., Ay of Zpvoru;

7: Set W = in|ui|;
z=1
8: Sort features with respect to W components.

The core of the BVQ-FR algorithm is at point 4. There, finding the two nearest code
vectors to each training sample allows us to define the effective decision boundary of
the LVQ. As a matter of fact, testing whether labels are different guarantees that the
piece of Voronoi boundary S;; is actually a part of the decision boundary. Secondly,
incrementing the Xpygry each time a pair of code vectors is selected, allows to
weight the normal vector N;; by the number of samples falling at a distance less than
A from Sj;. It can be proved that this is equivalent to a Parzen estimate of the integral
fS p(x), while the final value of wy,, represents the Parzen estimate of fS’ p(x) in
Eq. (4.3) [10].

It should be noted that the algorithm BVQ-FR can be transformed by replacing
BVQ with other FE algorithm that produces a transformation matrix EDBFM-like.
For example there can be used OLDA, SVM and ADBFE algorithms. In the next
section an experimental comparison between these alternatives will be made.

4.5 Experiments

4.5.1 Experimental Setting

This section is devoted to experimental evaluation of the EDBFM-based feature
weighting method. In particular in the present subsection we propose a synthetic
experiment which allows us to illustrate the properties of the method. We also describe
both the experimental procedure and the evaluation criteria that will be used for
all subsequent experiments. In the next subsection various implementations of the
method will be tested over real-world datasets and compared with well-known feature
weighting algorithms.



4 A Geometric Approach to Feature Ranking Based Upon Results of EDBFM 57

As synthetic experiment we draw a dataset from a 22 dimensions two-class prob-
lem. The first two dimensions are drawn from the classical XOR problem, while
the remaining 20 dimensions are drawn from the normal distribution. The first two
dimensions are useful to classify the two classes (i.e. informative dimensions), while
the remaining dimensions are noise. The dataset contains 1,000 samples equally dis-
tributed over the two classes. In this experiment, as well as in all experiments of
the following subsection, we followed a 10-fold cross-validation procedure: in each
fold the 90 % of the samples are used to build the EDBFM matrix and to weight the
original features; the remaining samples are used to evaluate the performance of the
method. In particular, for each fold a weight model is calculated on an incrementing
number of features taken in the rank order from the test set to extract a projection
along the first informative features. Hence we firstly obtain two datasets with the
most important feature, then two datasets with the first two most important features,
and so forth until the full-dimensional datasets (i.e. the original ones) are returned.
For each of these pairs of datasets the Nearest Neighbor algorithm is used to esti-
mate the accuracy. After the tenth fold repetition, the weights and the accuracies are
averaged by rank, and curves are built, which represent the average accuracy that the
method achieves over all folds as a function of the most informative features.

The experimental work-flow is depicted in Fig.4.3a, it consists of two phases:
first the appliance of the EDBFM based ranking method to the multivariate dataset
in the filter mode of [26], and then the validation procedure. The process is sketched
in the following pseudocode.

Test Training
Set Set (b}
(a) ' Feature Ranking
: 08
- N Feature
weighting \| searcn ek
Algorthm | eare 06
5__,__,/
: | Feature Set 04
i i
o
rfclassiﬁcatnorﬁ Evaluation 02
\_ Algorithm ;u!:tcﬂon
> ui -~
; 0
Estimated
Accuracy
' 02
To
Feature / ) _ \/
Selection 0 02 0.4 5~ 08 4

Fig. 4.3 a General work-flow of feature selection techniques. b Example of two classes classifica-
tion problems. Piecewise lines represent the approximation of the Bayes boundary found by BVQ.
y1 and y, represent the two most important extracted features
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Algorithm 2 First phase: a FE algorithm (BVQ in this example) is applied to the

training set, and then the feature ranking algorithm is executed

I: Let X = {x1, x2, ..., Xy} be the m-dimensional normalized dataset.

2: Apply the BVQ algorithm to X. Let Y = {y1, y2, ..., yn} be the extracted eigenfeatures.

3: Compute the contributive weight w; of each feature x; to the eigenfeatures of Y.

4: Sort the features of X such that x, < x if w, < wp. Let X* = {x},x3, ..., x;,} be the sorted
dataset and m the rank index.

Algorithm 3 Second phase: on an incrementing number of features, taken in the
rank order from the test set, the 1NN classification process is run and the accuracy

calculated

1: The dataset X* is input.

2: Apply INN to whole X, let A,, be the returned accuracy.

3: For rank i=1 to m (where m = 22 for this dataset):
o let X7 = {x{,x3, ..., x}} be a subset of X* with selected features up to rank i.
e compute accuracy A; using INN with 10-fold cross-validation.

For the first fold, the decision boundary depicted by BVQ is reported in Fig.4.3b,
altogether with features extracted on the basis of the DBFE method.

The BVQ setting: Optimal values for A and local region r have been found by a
manually conducted search assuming the classification error rate as objective func-
tion. The parameters were fixed to A = 0.4 and r = 0.5; 16 code vectors have been
detected. The choice of the classification algorithm is unimportant to our purpose
since we are interested only in study of the relative performance of ranking algo-
rithms. The /NN is a non-parametric classifier among the simplest of all machine
learning algorithms, the object is simply assigned to the class of its nearest neigh-
bour on the basis of the Euclidean distance, it does not require settings. In [21] the
INN classifier is indicated as a convenient algorithm to build the evaluation function,
since it appears to always provide a reasonable classification performance in most
applications.

For this experiment the resulting accuracies, in the order they were calculated, are
reported in Table 4.1 and plotted aside. The curve shows a steep rise which expresses
the high contribution to classification accuracy by the two highest rank features.
Beyond a critical point, which in this example occurs on the second feature, the
curve tends to decrease because irrelevant features (low rank) are added, which only
cause curse of dimensionality. By a way of comparison, a random sorting of features
has been used, to which the same validation procedure is applied. The fifth column
of Table4.1 and the corresponding plot represent the average accuracy achieved by
20 different INN classifiers, where the features are selected according to 20 different
ranks obtained by means of trivial random permutations.

As a figure of merit to characterize the performance of the ranking method we
define an empirical Performance Index ¢:

AreaFR — AreaRP
Performance Index(¢) = 4.7)
AreaMax — AreaRP
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Table 4.1 The features (first column) sorted by weight (second column); cumulative percentage of
weight (third column); the accuracy, by subset, of EDBFM method (fourth column); the accuracy,
by subset, on a random weight model (fifth column)

INN Acc.% | INN Ace.% ﬂ:, s

Rank | Weight | Weight | Cum. Norm | Cum. Norm | \,
%Cum. | (BVQ-FR) | (rand. rank) | et =
Feat. 1 |0.557 |27.41 |6.08 51.79 o ..l
lto2 |0461 |50.10 |100 57.27 old
1103 [0.081 |5407 |99.09 56.57 el e
1to4 |0.075 |57.76 |97.40 57.82 30 H———] Area-Min (RandPerm)
105 |0.063 |60.82 |95.94 56.26 2 | =mAreatax
1to6 |0.062 |63.88 |[95.15 59.22 10
1to7 [0.058 [66.74 |91.54 59.16 0+
1234567 89 10111213141516171819202122

1to8 [0.057 [69.53 |90.30 59.54
1to9 [0.055 |72.18 |90.41 58.88
1to10]0.054 |74.83 |88.61 58.66
1t022/0.035 |100.00 |79.93 79.93

The accuracies of fourth and fifth columns, normalized to 100 %, are also plotted aside

where AreaFR is the area underneath the accuracy curve relative to BVQ-FR,
obtained by summing the accuracy values at each feature subset, namely the accu-
racy value in the BVQ-FR column of Table4.1. Analogously AreaRP is the area
underneath the curve obtained by random permutation of features. The AreaMax is
the area underneath a theoretical curve reaching the 100 % possible accuracy with
the top rank feature, thereafter remaining constant up to full dataset. The AreaFR
is expected to be geometrically bounded between the other two curves, mathemati-
cally 0 < ¢ < 1, where ¢ represents a relative area. When AreaFR approximates
AreaMax , ¢ = 1, the ranking model approximates an ideal order of the features,
where the first feature is the most significant and contains all the weight to discrim-
inate between classes. Conversely, when AreaFR approximates AreaRP, ¢ = 0, the
ranking model approximates to a random ordering of the features and is therefore
useless.

4.5.2 Benchmarking the EDBFM Ranking Method

In this section the EDBFM ranking method is tested on complex and real world
datasets and the rank models are compared to other methods. Testing includes two
phases:

e studying EDBFM performance when different FE algorithms are included;
e comparing EDBFM ranking and heuristic methods.
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As data testbed of the experiments, 13 multivariate datasets have been considered.
Eight of these datasets (Heart, HeartStat, Australian, lonosphere, Waveform, Seg-
ment, CoverType, Letter) have been drawn from the UCI repository [31], selected
for their large number of instances, classes and features as it is appropriate when
testing ranking algorithms. Five more datasets (Urban, Wildfire, Landslide, Corine,
Gottigen) have been extracted from large geographic data collections. These datasets,
which include both discrete and continuous variables, are heterogeneous collections
of data, excellent to challenge the selective capability of our method and to high-
light the properties of the ranking model. The datasets: Urban, Wildfire, Landslide,
Corine originated from the same data collection, they differ from each other by a dif-
ferent feature chosen as class attribute. Urban, Wildfire and Landslide have balanced
classes, namely in these datasets all classes are represented by an equal number of
instances. The geographic dataset named Gottingen comes from a different collection
[4], its features correspond to Earth observation imagery from satellite on different
wavelength band. The characteristics of all the datasets are resumed in Table4.2,
where the datasets are sorted by number of classes, then by number of features, and
by number of instances. Such a sorting also represents an increasing complexity of
dataset, ranging from a simple two-class perfectly balanced dataset with relatively
few instances, such is the Urban, up to the Corine dataset which is a 26 class large
dataset. All datasets have gone through a common preprocessing step where each
feature has been normalized in the range [0; 1], to give equal importance to each
feature during learning.

The first set of experiments aims to highlight how the FR algorithm perfor-
mance varies when different FE built-in algorithms are used. As already men-
tioned, the algorithm BVQ-FR can be transformed by changing the FE algorithm,

Table 4.2 Testbed datasets

Origin Dataset name # Classes # Features # Instances
UCI HeartStat 2 13 270
UCl Heart 2 13 293
UCI Australian 2 14 690
GIS Urban 2 18 3,972
GIS Wildfires 2 18 5,359
GIS Landslides 2 18 23,663
UCI Ionosphere 2 34 351
UCI ‘Waveform 3 40 5,000
UCI CoverType 7 12 58,104
UcCI Segment 7 19 2,310
GIS Gottigen 14 8 28,083
UCL Letter 26 16 20,000
GIS Corine 26 18 48,379

Datasets are sorted by number of classes, by number of features, and finally by number of instances
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e.g.using OLDA, SVM, ADB. In subsequent experiments we will denote these variants
respectively with the acronyms OLDA-FR, SVM-FR, ADBFE-FR. These algorithms,
along with BVQ-FR, will be tested on the datasets listed above, following the exper-
imental procedure described in the previous section. Notice in the parameter setting
for BVQ-FR, the number of code vectors has been set to a multiple of the number
of classes in the dataset, with 200000 BVQ iterations, whereas A and r come from
a manual refinement in three steps. In SVM-FR, we employ a Gaussian radial basis
kernel to train the SVM, and we set r to 0.2.

In the Fig. 4.4, the accuracy curves are grouped by dataset to compare the perfor-
mance of EDBFM Ranking algorithms. For each dataset the accuracy curve obtained
by means of random permutation of features is also displayed. Notice the curves of
EDBFM ranking are always located above the random ranking curve, that reveals the
general efficacy of EDBFM ranking. The qualitative comparison between the curves
is difficult because of the irregular pattern and their overlaps. The Performance Index
¢ is of help in the analysis. In Table4.3 ¢ calculated for each curve is shown. Note
that missing values in the Table4.3 are due to the impossibility to perform compu-
tationally expensive algorithms, such as SVM and ADBFE, on datasets with large
number of classes and instances. We can observe in Table 4.3, where rows are sorted
by increasing complexity of the dataset, OLDA-FR and BVQ-FR have, together,
a dominance in the values of ¢ when applied to datasets with two classes Heart-
Stat, Heart, Australian, Urban, Wildfire, Landslide whereas BVQ-FR has a relative
dominance on complex datasets lonosphere, Waveform, CoverType, Segment, Got-
tigen, Letter, Corine. This is due to the fact that BVQ-FR, based on nonparametric
model, has a superior performance when working on non-linearly separable classes
of objects.

In the second set of experiments we compare the performance of OLDA-FR and
BVQ-FR with other ranking methods known in literature such as Relief, Gain Ratio
and One-Rule. Also heuristic methods calculate a weight for each individual real
feature, which allows to rearrange the features by decreasing weights and to submit
dataset to the 1NN classification algorithm using the same procedure as for the models
based on EDBFM. Accuracies calculated in the previous experiment for OLDA-FR
and BVQ-FR are now compared with accuracies obtained using the Relief, Gain
Ratio and One Rule. The accuracy curves gathered by dataset are shown in Fig.4.5.
The criterion of comparison of curves is the same than in the previous experiment.

The general picture of performances is rather complex, but trends are evidenced
by the analysis of the index ¢. For each dataset the best ranker is highlighted in
the Table4.4; there are also reported some statistics of the Performance Index: the
mean value of ¢ for BVQ-FR is the highest, and the variance has the lowest value.
The statistics indicate a low dispersion of ¢ for BVQ-FR algorithm, that reveals a
relatively stable behaviour in comparison to Relief, GainRatio and One-Rule rankers
and OLDA-FR as well.

In the star plot (see Fig.4.6) the index values are shown as a radial line from a
common centre point. Points corresponding to the same algorithm are connected by
a common-style line. In the clockwise direction the datasets are sorted by increas-
ing complexity. Notice in the part of the diagram where two-classes datasets are
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Table 4.3 EDBFM ranking: comparison of filter FE algorithms

OLDA-FR (¢) BVQ-FR (¢) ADBFE-FR (¢) SVM-FR (¢)
HeartStat 0.116 0411 0.015 0.188
Heart 0.187 0471 - 0.144
Australian 0.685 0.463 0.180 —0.298
Urban 0.543 0.465 0.502 0.075
Wildfires 0.474 0.354 0.277 0.265
Landslides 0.400 0.388 0.224 0.446
Ionosphere —0.096 0.207 0.019 0.017
Waveform 0.651 0.670 0.641 -
CoverType 0.125 0.373 - -
Segment 0.348 0.595 - -
Gottigen 0.445 0.456 - 0.447
Letter 0.133 0.287 - -
Corine 0.484 0.592 - -

The Performance Index (¢) for each of the accuracy curves in Fig. 4.4

concentrated, from Heart to Ionosphere, there is an evident superiority of One Rule
over the other rankers. By contrast where more complex datasets are concentrated,
from Waveform to Corine, BVQ-FR tends to outperform the other rankers whose
performance decreases more rapidly as the dataset complexity increases.

Another comparative indicator of performance is the number of features needed
to reach 90 % of total accuracy, see Table4.5. This indicator represents a relative
measure of the steepness of the curve; it indicates the ranker’s ability to lead to higher
accuracies with relatively small subsets. On this indicator BVQ-FR outperforms all
other rankers.

Letus observe in more detail a ranking model to highlight its usefulness in support-
ing cost-benefit informed decision making. In Fig.4.7 left, for the Wildfire dataset,
the curve of accuracy obtained for BVQ-FR is overlaid with the curve of cumulative
weights, the horizontal axis represents the features sorted by rank. Notice that the first
nine features, which are 50 % of total, represent half the cost of the entire dataset, but
detain over 70 % of the total weight and over 98 % of the total accuracy achievable.
Analogously, in Fig. 4.7 right, for CoverType dataset, the first feature holds 17 % of
the total weight of the features, whereas the first six features (50 % of total features)
detain over 70 % of the total weight and over 80 % of the accuracy achievable on the
full dataset. If the individual costs of the features are given, it is possible to construct
a detailed cost function. As a consequence, it is evident that the proposed methodol-
ogy can guarantee the best ratio between cost of features acquisition and informative
power.

As it was described above, the index ¢ has been used to compare the relative
performance of ranking algorithms on a dataset. To assess the overall performance
for each algorithm the number of times that the algorithm has had the highest ¢
was counted. These aleatory results, however, require a test of statistical significance
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Table 4.4 The EDBFM ranking is compared to other methods (Relief, Gain Ratio, OneRule); the
Performance Index (¢) is calculated for each of the accuracy curves in Fig. 4.5

Goal oriented ranking

OLDA-FR (¢) | BVQ-FR (¢) | Relief (¢) | Gain-ratio (¢) | One-rule (¢)
HeartStat 0.116 0.411 0.059 0.516 0.513
Heart 0.187 0.471 0.151 0.548 0.521
Australian 0.685 0.463 0.602 0.744 0.806
Urban 0.543 0.465 0.408 0.331 0.609
Wildfires 0.474 0.354 0.483 0.336 0.647
Landslides 0.400 0.388 0.292 0.251 0.402
Ionosphere | —0.096 0.207 0.083 0.075 0.072
Waveform 0.651 0.670 0.654 0.614 0.621
CoverType 0.125 0.373 0.418 0.264 0.040
Segment 0.348 0.595 0.483 0.501 0.467
Gottigen 0.445 0.456 0.407 0.169 0.187
Letter 0.133 0.287 0.349 0.198 0.217
Corine 0.484 0.592 0.438 0.474 0.545
Mean 0.346 0.441 0.371 0.386 0.434
Variance 0.055 0.016 0.034 0.039 0.056

The two bottom rows are descriptive statistics of the Performance Index computed values

—— OLDA-FR
= BVQ-FR
@ Relief
- GainRatio
--#--OneRule

Fig. 4.6 Each piecewise line represents a method of ranking, each radial line represents a dataset.
Datasets are radially ordered by increasing complexity. The intersections represent the values of
performance index ¢

to support the observations made. The probability of success of an algorithm over
another is calculated with the binomial distribution, from the count of victories and
defeats, or the number of times that the algorithm outperformed the others on the
basis of the index of performance. Assuming the null hypothesis is that the frequency
of success of the two algorithms is the same, with the two-tailed test it can be seen
how much we deviate from “null hypothesis” assumption.
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Table 4.5 Number of features needed to reach 90 % of total accuracy

C. Diamantini et al.

Rand rank Goal oriented ranking
OLDA-FR BVQ-FR Relief Gain-ratio One-rule
HeartStat 9 7 4 11 4 4
Heart 6 5 2 8 3 3
Australian 9 2 4 2 N/D N/D
Urban 6 3 3 3 3 3
Wildfires 8 4 6 3 5 3
Landslides 8 3 3 6 5 4
Tonosphere 4 4 3 3 4 4
Waveforms 24 6 6 6 8 8
Covertype 9 9 5 5 5 12
Segment 6 4 3 4 3 3
Gottingen 6 3 3 3 6 6
Letter 10 9 7 6 7 7
Corine 16 13 10 12 14 12
Dataset sorted by increasing complexity
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Fig. 4.7 Performance Indices cost-benefit of features of EDBFM based ranking. Left Wildfire
dataset. Right CoverType dataset. On the horizontal axis the features sorted by rank and in vertical
the values in percentage normalized to 100 %

In the Table 4.6 (top), the significance test is performed on all ranking experiments.
The table does not allow us to assert the superiority of a method over another; pointing
out that more experiments are needed. However, we have that BVQ-FR overcomes
Relief and Gain Ratio with statistical significance greater than 0.9, while there is
condition of parity with One Rule that is expressed by null statistic significance. It is
noteworthy that BVQ-FR results have been obtained without stressing the parameters
setup of the BVQ algorithm.
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Table 4.6 Overall comparison of the five algorithms

Sign test—all datasets
¢ BVQ-FR Relief G.Ratio Onerule
4/9 7/6 6/7 3/10 w/l
OLDA-FR 0.733 0.0 0.0 0.908 P
10/3 10/3 7/6 w/l
BVQ-FR 0.908 0.908 0.0 P
8/5 6/7 w/l
Relief 0.419 0.0 P
5/8 w/l
GainRatio 0.419 P

4.6 Conclusions

This chapter focuses on a novel ranking procedure. We considered that the premise
for integrating the feature ranking models into domain knowledge is their repre-
sentation in terms of real world features. This principle is the fundamental premise
of the study conducted which leads to a computational model that is accurate and
humanly understandable. A new approach to Feature Ranking (FR) based on fea-
tures extraction (FE) and properties of the decision border has been discussed. This
method uses Effective Decision Boundary Feature Matrix (EDBFM) to measure the
relevance of the real world features thus maintaining the readability of the knowl-
edge model extracted. The method has been tested on classification problems and
cost-benefit analysis of features. While maintaining the geometric procedure which
yields the ranking of features, this method allows to choose between alternative core
FE algorithms, such as BVQ, when extracting the EDBFM, that allows to optimize
the method application on datasets with different complexity. In particular BVQ-FR
has proven to be more effective in applications to dataset of non-linearly separable
points. Benchmarking tests, supported by the calculation of index of performance,
show that BVQ-FR and OLDA-FR are generally more effective than other solutions.
Furthermore, the comparison with known heuristic techniques of ranking confirms
the robustness and the superiority of the EDBFM based method on complex dataset.
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Chapter 5
Weighting of Features by Sequential Selection

Urszula Stanczyk

Abstract Constructing a set with characteristic features for supervised classification
is a task which can be considered as preliminary for the intended purpose, just a step
to take on the way, yet with its significance and bearing on the outcome, the level
of difficulty and computational costs involved, the problem has evolved in time to
constitute by itself a field of intense study. We can use statistics, available expert
domain knowledge, specialised procedures, analyse the set of all accessible features
and reduce them backward, we can examine them one by one and select them for-
ward. The process of sequential selection can be conditioned by the performance
of a classification system, while exploiting a wrapper model, and the observations
with respect to selected variables can result in assignment of weights and ranking.
The chapter illustrates weighting of features with the procedures of sequential back-
ward and forward selection for rule and connectionist classifiers employed in the
stylometric task of authorship attribution.

Keywords Weighting - Ranking of features + Sequential selection - Forward selec-
tion - Backward selection + DRSA - ANN - Stylometry - Authorship attribution

5.1 Introduction

In order to arrive at a set of characteristic features which are relevant for a task and
give some satisfactory predictive accuracy for a classification system employed in
supervised pattern recognition [20], we can either start with the empty set and then
in the process of forward selection add some number of attributes to it, or we can
execute backward elimination of features from some original set, chosen basing on
expert domain knowledge, some other algorithms or measures, or even randomly.
We can also attempt to go in both directions at the same time, mixing elimination
with selection of features [19].
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In forward selection the initial dimensionality of the inducers used is low and it
gradually increases when the numbers of considered variables get higher. Yet in such
limited context, without the presence of other features, without observing interactions
among them, any conclusions with regard to importance and relevance of attributes
could be unreliable and misleading [24].

For rule classifiers the low dimensionality means quick induction of rules and
relatively short decision algorithms, with few constituent rules, which seems to be
an advantage, however, with not enough data to mine, the constructed rules tend to be
approximate rather than certain and do not necessarily help in classification [33]. On
the other hand, when a classification system is of a connectionist type, the learning
stage is much more problematic when there are only few inputs to induce knowledge
from. Artificial neural networks with insufficient number of input nodes can have
significant trouble converging and training them takes much more time as more runs
are needed to learn anything from the training facts [11].

When the approach is that of backward reduction, we start with induction process
while dealing with some high number of attributes, and computational costs needed
for inferring decision rules in such case are much higher, could even be unfeasible,
depending on the induction algorithm. But, if it is still manageable, studying features
in much wider context can bring additional information resulting in better perfor-
mance of the classifier. Also, connectionist classification systems with more inputs
converge faster because with many neurons and interconnections there is simply
more room for adjustments of weights which minimises the error on the output.

The chapter illustrates a comparison of the two approaches of sequential selection
with a case of a binary classification task of authorship attribution with balanced data
[31, 32]. The characteristic features observed refer to textual markers of lexical and
syntactic type, which enable definition and recognition of writing styles [25]. The
procedures of sequential selection serve as a means to an end of assignment of
weights to variables, depending on how their presence or absence in a considered
feature subset influences predictive accuracy of the classification system.

The text is organised as follows. Section5.2 contains a brief introduction to
approaches to variable selection, exploited classifiers, and stylometric analysis. In
Sect. 5.3 there is described a framework for conducted experiments. Sections 5.4 and
5.5 show results from tests focused respectively on forward and backward selection
procedures. Concluding remarks are included in Sect. 5.6.

5.2 Background

In the research presented in this chapter there are combined three issues, namely
approaches to feature selection, connectionist and rule-based classifiers employed in
pattern recognition, and stylometric processing of texts as the application domain,
which are briefly described in this section.
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5.2.1 Algorithms for Feature Selection

Any inducer used in data mining incorporates in fact some elements of feature selec-
tion in the learning phase, by the way in which it exploits some of the considered
variables in higher while others in lower degree. The results of this processing are a
part of the obtained solution, depending on its type either directly visible, for exam-
ple through specific conditions included in decision rules, or hidden in the internal
structure, as in artificial neural networks. Apart from those inherent mechanisms
there are also many procedures and algorithms dedicated to the aim of selection and
reduction of attributes [17].

In feature selection algorithms the decision with respect to the starting point in
the feature space, and determined by it possible search directions, bears significantly
upon other parameters of the process and its execution [9, 10]. Although theoretically
possible, typically the exhaustive search and evaluation of all candidate subsets of
features is unfeasible as for N attributes there are as many as 2"V possible subsets,
and even for relatively small N this number quickly becomes impractical under tests.

Imagine the feature space with five possible attributes to choose from, which
corresponds to 2° = 32 candidate subsets of variables. We can start the search for
a good subset, however this “goodness” is defined, with the empty set, then add
to it some variables in the forward manner, basing on some evaluation criteria for
each selection. Or, we can begin the procedure with the entire set of features, from
which the elements are next rejected backward. This feature space and two exemplary
search paths are illustrated in Fig.5.1. Going top to bottom with each level we add

Fig.5.1 Points in the exemplary feature space for five attributes, with possible directions for search
and either selection or reduction. In top to bottom direction there is indicated an example for forward
selection path, and from bottom to the top, another example for backward elimination
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one feature till we have the entire set. Going from bottom to the top at each step one
variable is eliminated and at the end of this search path the set becomes empty. The
former algorithm is called sequential forward selection, while the latter sequential
backward reduction or elimination (or selection). A variation of the two approaches
requires commencing with some non-empty set, and adding to it as well as reducing.

Whichever starting point is selected, we need to decide on a search direction,
forward or backward, and some limitations that are imposed on the procedure. Instead
of checking all available options, more popular and realistic approach is to apply
some greedy methodology, where feature selection is executed stepwise—at each
stage evaluation of a considered subset of attributes is based on this local context,
and addition or removal of features depends on the fact whether this action results
in increased performance. With this kind of processing if we conduct it from the
beginning to the end without introducing any other stopping criteria the number of
tested subsets equals to:

N-—1
_ L _(N=DN
N+(N—1)+(N—2)+~--+2+1—izzo(N—z)_ 5 (5.1)

which is in a more manageable form of a polynomial than the exponential relationship
given before.

The condition of increased performance uses the concept of relevance by
incremental usefulness for attributes. This requirement could be considered as too
strong, especially in case of backward elimination. It could be argued that if the pre-
dictive accuracy is the same regardless of presence or absence of some variable in the
considered subset, then this variable is irrelevant for the task and can be disregarded,
thus making the condition weaker.

When subsets of features are evaluated using the quality of prediction in a direct
manner, it means employing the wrapper approach [18]. Another alternative is to use
some measures, separate and independent from the system responsible for discrim-
inating classes present in the training data, for example exploiting elements from
information theory such as information gain, entropy, consistency [9].

Sequential selection procedures, whether forward or backward, executed in the
wrapper mode explicitly return the information on how useful individual attributes
are for the employed inducer, show how it prefers some variable over others, which
can be interpreted as a scoring function assigning specific weights and organising
features into specific ordering, which is in fact their ranking. In forward selection
the first to be selected are the most important variables, in backward reduction the
least important features are the first to be discarded. This importance of attributes is
always considered in the local context, from the current perspective of the confines
of the search path.
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5.2.2 Connectionist Classifier

Artificial neural networks (ANN) are widely used in classification tasks due to their
ability to generalise: they draw conclusions from the available training data and
modify their topology by adjusting weights associated with interconnections in such
way that leads to increased performance [11].

Multilayer Perceptron (MLP), which is a popular example of feed-forward
unidirectional network topology, in the learning phase most often uses some ver-
sion of backpropagation training rule that aims at minimisation of the error at the
network output, for all outputs and all learning facts. Initial weights assigned to
connections strongly influence the training procedure and can cause distinctively
different predictive accuracy. To minimise that effect, multi-starting procedure is
used, in which there is employed repetitive learning after randomisation of weights,
and calculating average classification ratio. The performance of a connectionist clas-
sifier depends also on the number of hidden layers and neurons comprising them,
and these parameters are usually established in tests.

One of disadvantages of ANNS lies in knowledge representation: even though the
networks learn from the input data sets, the relationships detected are hidden in the
internal structure of the solution and cannot help in understanding of information.

When there are no significant inconsistencies in the training sets, neural networks
usually perform better for higher rather than lower numbers of inputs. For just few
inputs a network has trouble converging and learning can require many more runs
and still low classification accuracy is obtained. Choosing the best from generally
poor solutions, without clear understanding of patterns, can be next to impossible
and then still cause some inferior results.

Because of the general idea behind the concept of artificial neural networks, it is
more natural to establish irrelevance of some inputs by observing their connection
weights adjusted to some negligible values in learning, which can be then deleted
in pruning [21, 23]. Thus backward elimination of features seems a better approach
than forward selection.

5.2.3 Rule-Based Classification

Rule classifiers enable very clear and straightforward expression of available
knowledge through decision rules of IF...THEN...type. The premise (or condi-
tion) parts specify the conditions on attributes that, when met, indicate a particular
decision class (or a group of classes) to which the considered object should belong.

In multicriteria decision making [12, 13] better results are obtained while
employing approaches that allow for not only nominal but also ordinal classifica-
tion, possible by detecting and exploiting partial orderings of values for all variables
[16]. One of such methodologies is Dominance-based Rough Set Approach (DRSA),
which is a modification of classical rough set processing [29, 30], replacing the
indiscernibility relation with dominance [35].
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Rough set processing possesses an inherent mechanism for dimensionality reduc-
tion in the concept of relative reducts [27]. Relative reducts are such subsets of
attributes which offer the same predictive accuracy as the entire set of attributes for
the considered samples. If a reduct is activated, some of variables are excluded from
the rule induction phase. If the intersection of all reducts, called the core, is non-
empty, it includes all features that are necessary for classification, yet they are not
necessarily sufficient. Also it often happens that there are many reducts and no indi-
cators as to which one should be activated [26]. Reducts can be used indirectly, as a
source of additional information on individual attributes, reflecting their importance
for a task [36, 41].

Predictive accuracy of a rule classifier depends not only on the input data basing on
which the constituent decision rules are inferred, but also, in the very high degree, on
a selected approach to rule induction [5]. Possibly the quickest (yet not the simplest)
is induction of a minimal cover—there is found only such small number of rules that
are sufficient to classify correctly all learning samples. However, rules inferred with
this approach are not necessarily the best. Taking under consideration for example
a value of rule support, which is a parameter stating for how many training samples
a rule is valid, it may turn out that other algorithms for rule induction can find
some more interesting rules [34]. Generation of all rules on examples is the opposite
approach to minimal cover and enables calculation of good, bad, and average rules,
but at the cost of higher computational complexity and extended processing. If it can
be afforded, induction of all rules and their analysis enables to tailor the decision
algorithm to specific requirements [37, 38]. Once a set of rules is induced, we can
filter some elements using quality measures.

Calculation of all rules on examples for sequential backward elimination of
variables even for relatively small their number is a task of unmanageable propor-
tions.

When the number of attributes is low, inferring rules takes distinctively less time
which allows to employ sequential forward selection procedure. However, the dif-
ferences in performance for algorithms found in initial stages can be so small that
to choose the best one not only its predictive accuracy is taken into account but also
other parameters, for example the number of rules in the algorithm and their type.
The exact (certain) rules are the most useful for classification as they classify unam-
biguously. Possible and approximate rules point to possible inclusion in some class
or a union of classes which do not help in increasing recognition without any further
processing.

Classification results for rule classifiers are given in three groups of decisions:
correct, incorrect, and ambiguous. The last of these is dedicated for cases when there
are several rules with contradicting verdicts or no rules matching. In situation of
contradicting verdicts the popular attitude is to execute some kind of voting, either
by simple majority or with weighting of rules, for example by their support as it can
be argued that rules with higher support can be considered as more important [39].
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5.2.4 Textual Analysis

Some input data sets directly determine data mining techniques that can be applied
to them while for others many alternative approaches can be used. Stylometry, which
was the application domain in the research on weighting characteristic features in
forward and backward selection illustrated in this chapter, refers to stylistic textual
descriptors, reflecting individual linguistic preferences of writers [8]. In processing
there are employed either computer-aided and statistic-oriented computations [22],
or methodologies from machine learning area [1, 42].

While text categorisation with respect to a subject content uses some key words
and phrases of specific significance [6], categorisation by text authors, which is
considered as the most important of stylometric tasks, needs to detect more subtle
linguistic elements because we want to recognise who has written a text regardless
of what it is about [7].

In stylometric processing typically there are exploited textual descriptors
employed rather subconsciously, based on common parts of speech. Under more
detailed analysis they reveal patterns corresponding to individual habits and prefer-
ences, invisible to the bare eye, which makes them hard to imitate [2].

Even though linguists agree that we have individual writing styles, they cannot
really help when asked for style definitions. Since styles are unique, they cannot be
expressed by any general rule that would be universal and applicable to all writers
and all texts [3]. Instead for any author a set of discriminating features needs to be
established by tests.

The markers the most popularly used in authorship attribution come from either
lexical or syntactic group. Lexical descriptors give such numerical statistics as fre-
quencies of occurrences, distributions of frequencies, and averages for characters,
words, and phrases [28]. Syntactic markers express organisation of a text in units
such as sentences and paragraphs by punctuation marks [4].

5.3 Experimental Setting

To be reliable, all numerical characteristics need to be calculated over some sufficient
number of representative writing samples. In fact, the bigger the corpus, the higher
chance at good recognition ratio. That is why in experiments there were used novels
written by two writers, Henry James and Thomas Hardy, divided into smaller parts
of comparable length. All texts used in the experiments performed are available in
electronic formats for download and on-line reading thanks to Project Gutenberg
(http://www.gutenberg.org).

To avoid the problems that can result from imbalanced data sets used in classifi-
cation, in both groups of samples exactly one half corresponds to one author and the
other half to the second one, making the classification binary.


http://www.gutenberg.org

78 U. Stariczyk

By referring to frequencies of usage for certain punctuation marks and elements
from the list of the most common words in English language, 17 lexical and 8
syntactic descriptors were arbitrarily selected as follows:

e lexical: but, and, not, what, that, with, in, on, of, as, at, by, for, to, if, this, from,
e syntactic: acomma, a fullstop, a colon, a semicolon, a bracket, a hyphen, a question
mark, an exclamation mark,

giving together a search space of 25 characteristic features (which have shown their
usefulness in authorship studies [36, 38]), tested in both forward and backward
selection procedures.

The frequencies used as features are continuous values with natural ordering. To
use Dominance-based Rough Set Approach to this kind of data definitions of either
increasing or decreasing preference orderings are required. This choice can be based
on domain knowledge, but in its absence the problem can be treated as another aspect
of knowledge discovery process and established in tests.

4eMka Software used for induction of DRSA decision rules was developed at
the Laboratory of Intelligent Decision Support Systems, (http://www-idss.cs.put.
poznan.pl/), Poznan University of Technology, Poland [14, 15].

At each stage of forward selection there were inferred two types of algorithms,
minimal cover and all rules on examples, for two possible preference orderings
of values for a considered variable, increasing and decreasing. From the sets of
all generated rules only exact certain rules were used in classification. From the
presented test results ambiguous decisions were excluded and they were treated as
incorrect to avoid additional processing.

In case of that many input variables backward elimination of attributes while
inducing all rules on examples algorithm would take much too long, and mini-
mal cover algorithms typically perform unsatisfactorily. Instead, there was executed
another methodology. Firstly all rules on examples algorithm for the complete set of
25 attributes was induced and to this algorithm backward reduction approach applied
by rejecting rules containing conditions on evaluated features.

Artificial neural networks were simulated with California Scientific Brainmaker
software. In the preliminary phase there were executed tests to establish a topology,
in particular the number of hidden layers and the number of neurons in those lay-
ers. As a result, in all experiments dedicated to backward elimination of inputs the
networks contained two hidden layers and the total number of hidden neurons equal
to the number of network inputs. The two outputs corresponded to two recognised
authors. Each network was trained 20 times with randomisation of weights between
subsequent learning stages.

5.4 Sequential Forward Selection

Forward selection procedures started with induction of decision algorithms for 25
single-attribute subsets, from which the one performing best was chosen, which
completed the first stage of selection. At the second stage to the already chosen
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attribute another one was added and 24 two attribute subsets were prepared and rules
for them generated. Again selection of the best algorithm ended the processing at
this stage. The analogous procedure was executed at all stages that followed.

At the first and all subsequent stages there were generated four algorithms for
each considered subset: two with the conditional attribute of cost (decreasing) type,
and two for gain (increasing) type, for both minimal cover and all rules on examples
algorithm. From inferred algorithms all possible and approximate rules were next
excluded, then an algorithm was tested with respect to the maximal predictive accu-
racy. To this aim for all algorithms there were introduced hard constraints on rules
with respect to minimal support required of rules to be taken under consideration in
classification. In most cases these requirements resulted in increased performance.
The details of conducted experiments are listed in Table 5.1.

As ambiguous cases of no rule matching the testing samples or contradicting
decisions were always treated as incorrect, the performance of these rule classifiers
in the initial phase, when there are only few considered features, is rather poor.
However, it increases quickly and gradually with each added attribute. For just few
conditional attributes from which rules are inferred, the two types of algorithms,
minimal cover and all rules on examples, are not that different, with similar numbers
of constituent rules and close performance level. Once there are more features the
differences are more distinct.

The first local maximum is detected for the subset of just five attributes, for which
all rules on examples algorithm limited by rejecting rules with support lower than 7
classifies correctly 91.67 % of samples. The best performance for six variables for
this type of algorithm is lower, 88.33 %. Yet for the same subset the minimal cover
algorithm has predictive accuracy of 91.67 %, which is kept at the same level also for
seven features before it decreases to 83.33 % for eight attributes. The performance of
all best rule classifiers at each stage in shown in Fig. 5.2 for both minimal cover and
all rules on examples decision algorithms, denoted as MCDA and FDA respectively.

In forward selection approach with each iterative step of the procedure we deal
with more and more variables and at each step we can ask the question whether it
is enough, whether we have the set of features that satisfy our requirements. The
answer is not straightforward. Even when the predictive accuracy is considered as
the most important factor on which the decision is based, it is not a simple task of
reaching some maximum, as upon finding it we cannot possibly know if this is of
local character or global, and after some decreased performance for another subset
in the search path we can encounter another local maximum. We know what the
maximum is only when all possible subsets of attributes are tested (all possible on
the selected search path, which is not exhaustive), that is including the entire set of
available variables.

When we can afford the extended processing of search procedures executed with-
out additional stopping criteria, the observed performance for subsets of variables,
with gradually increasing cardinalities, can be used as means to feature weighting
and ranking, to be employed for another inducer as a kind of filter. Or, we can fin-
ish the variable selection procedure by choosing such subset of features for which
the classification accuracy was the highest when compared to all tested alternatives.
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Fig.5.2 DRSA classification accuracy observed in sequential forward selection process, in relation
to the number of considered features, for both minimal cover (MCDA) and all rules on examples
(FDA) decision algorithms

This approach is also the one to be used when the number of possible features is
practically infinitive—as the search cannot be endless, we need to limit the number
of subsets to be tested somehow and from them select the best.

Once the search path of forward sequential selection is completed the goal of
feature weighting is achieved by observing the order in which attributes were chosen,
as listed in the (b) column of Table5.1, with the frequency of occurrence of “that”
at the top of the list and “;” at the bottom.

In the presented research to the central search for important attributes one more
element was introduced, which added one more dimension to the search space at
each stage, and it was a preference order for an attribute. In the stylometric domain
preference orders should be understood as associating certain, higher or lower, fre-
quencies of usage of linguistic elements with specific authors. Although undeniably
such relationships exist and enable authorship attribution in the first place, a priori
knowledge about them, ready and applicable to any writers, any texts, any samples,
does not exist. In its absence preference orders can be arbitrarily assumed, or they can
be adjusted through some processing [40]. But when we actively search for subsets of
relevant attributes it is more natural to extend this search to include not only selection
of variables but their preference orders as well. As a result the obtained solutions
are closer tailored to specifics of the classification task, which is visible in higher
predictive accuracy when we compare them to the case of rule classifiers induced
for attributes with arbitrarily assigned preference orders, tested within sequential
backward elimination procedures described in the next section.
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5.5 Sequential Backward Selection

Backward elimination of variables starts with inducing a solution for all available
or considered features to be treated as the reference point. Then there are tested
N subsets of variables, each with a single variable rejected, and the performance
of the classifiers compared. We would prefer the predictive accuracy to increase,
however, already one goal of backward selection is achieved through reduction of
dimensionality, so as long as the performance is not worse, we can still consider it
as satisfying requirements. From all tested subsets the one for which classification
accuracy is the highest is selected and the whole procedure repeated for N — 1
attributes, then for N — 2, and so on. Backward selection procedures were employed
for both connectionist and rule classifiers.

As mentioned before, for ANN backward elimination is better suited than forward
selection. Naturally all networks during the training phase learn to some degree the
relevance of particular input features and this learned knowledge is expressed by
adjusting weights of interconnections. It is also possible to exploit some input pruning
algorithms, which, however, involves rather complex calculations and processing,
whereas the general steps of backward selection are straightforward. We need to test
relatively many networks with many inputs but in such cases the classifiers converge
quickly and typically without trouble. When the numbers of inputs get lower the
training takes more time, but there are also significantly fewer such networks to be
tested.

The details from the conducted experiments in which artificial neural networks
were used as an inducer are given in Table5.2, where the right-most (e) column
presents the order reflecting the weights assigned to attributes by the sequential
backward selection. The elimination of “not” begins the list, and “but” was kept to the
very end of the search, which indicates its high importance. The column specifying
the classification accuracy displays median performance, because to minimise the
influence of the initial weights associated with interconnections on the results of the
learning phase the multi-starting approach was employed with repeating the learning
phase several times and accumulating the minimal, median, and maximal predictive
accuracies, plotted in Fig.5.3.

It can be observed that in the initial 7 steps the performance is increased with each
reduced variable to stabilise at the level of 96.67 % for the next 9, then to decrease
when the number of remaining features falls below 10. Yet when compared to the
performance of the network for all 25 input variables, only in the last two steps, for
classifiers referring to respectively just two and one input, the obtained results are
worse.

The additional parameters of minimal and maximal performance can be used
not only to achieve higher reliability of obtained classification results, but also as
factors helping in selection of features. It may happen (and actually in the research
is did happen many times) that at some elimination stage several subsets of features
give the same results when only median classification accuracy is compared. Then
we can analyse the results from each step of multi-starting in more detail, check
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Table 5.2 Sequential backward elimination of attributes basing on the performance of ANN
classifiers

(@ | (b) | (c) @ |
0 | 25 | but and not in with on at of as this that by for to if what from ., ;:!? (- | 83.33 | not
1 |24 | but and in with on at of as this that by for to if what from ., ;:!? (- 88.33 | (

2 | 23 | but and in with on at of as this that by for to if what from ., ;:!?- 90.00 | in

3 | 22 | but and with on at of as this that by for to if what from ., ;:!?- 91.67 | and
4 | 21 | but with on at of as this that by for to if what from ., ;:!?- 93.33 |,

5 | 20 | but with on at of as this that by for to if what from . ;:!?- 94.17 | -

6 | 19 | but with on at of as this that by for to if what from . ;:!? 95.00 | with
7 | 18 | but on at of as this that by for to if what from . ;:!? 96.67 | on

8 | 17 | but at of as this that by for to if what from . ;:!? 96.67 | what
9 | 16 | but at of as this that by for to if from.;:!? 96.67 | to
10 | 15 | but at of as this that by for if from . ;: I ? 96.67 | of
11 | 14 | but at as this that by for if from . ;: ! ? 96.67

12 | 13 | but at as this that by for if from ; : ! ? 96.67 | :

13 | 12 | but at as this that by for if from ; ! ? 96.67 | ?

14 | 11 | but at as this that by for if from ; ! 96.67 | ;

15 | 10 | but at as this that by for if from ! 96.67 | this
16 | 9 | but at as that by for if from ! 95.00 | as
17 | 8 | but at that by for if from ! 95.00 | at
18 | 7 | but that by for if from ! 93.33 | for
19 | 6 | but that by if from ! 93.33 | !

20 | 5 | but that by if from 93.33 | if
21 | 4 | but that by from 95.00 | from
22 | 3 | but that by 90.00 | by
23 | 2 | but that 78.33 | that
24| 1 | but 50.00 | but

Columns present parameters: (a) elimination stage, (b) number of characteristic features left, (c) set
of currently considered variables, (d) median predictive accuracy of the classifier (%), (e) attribute
selected to be eliminated

the distributions and dispersions of specific classification accuracies, we can assign
higher priority to these networks that have especially good results such as for example
100 % recognition.

As before for forward selection, for backward elimination the search for subsets
of features is not exhaustive. Commencing with the entire set of variables we reject
one variable at a time with the decision based on the local context, and once some
variable is reduced it is not taken under consideration for the second time.

For the set of attributes with cardinality of 25 with arbitrarily assigned preference
orders, the decision algorithm generated within the approach of finding only minimal
cover performs rather poorly, correctly recognising barely a half of the testing sam-
ples. We can try to increase this accuracy by adjusting preference orders, yet there
are no quick procedures that could be employed to this end. When we induce all rules
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Fig. 5.3 ANN classification accuracy observed in sequential backward elimination process, in
relation to the number of considered features, for each average there is indicated maximal and
minimal performance

on examples, the full algorithm with hard constraints on minimal rule support gives
much better results of 76.67 %. Yet this full algorithm contains over 46 thousands of
constituent decision rules and calculation takes a noticeable amount of time. Genera-
tion of this type of algorithm at all stages of backward elimination of features would
be far too much time-consuming. Instead, another approach is employed, focused on
the previously inferred all rules on examples algorithm for the entire set of attributes.

Decision rules included in the full algorithm have varying lengths equal to
the numbers of conditions in the premise part, varying supports, refer to various
attributes. If we were to employ backward elimination procedures and attempted to
induce all rules on examples algorithms for subsets of variables in subsequent reduc-
tion stages it is reasonable to expect that at least a part of newly inferred rules would
be the same as those already found. Therefore, rather than waste time on such simply
repetitive computations we can apply the backward selection to the full algorithm
itself in the following manner.

In the first step we disregard all rules with conditions on a specific variable, itera-
tively for all variables. As a result we obtain 25 different reduced decision algorithms,
which are then tested and the one with the highest classification accuracy is selected.
We reject the attribute, elimination of which have resulted in this algorithm, and use
this limited set of decision rules as the input to the second stage of processing, where
24 reduced algorithms are tested, and so on, with reduction of one feature and all
rules referring to it at each stage. The process can continue till the point of detecting
some significantly worse performance, rejecting all rules from the algorithm (even
though there are still some features left to be considered), or reducing all conditional
attributes. With this last stopping criterion there is obtained weighting of variables
which can be used for other purposes. The procedure of discarding rules governed
by included attributes can be perceived as rule filtering.

The detailed results from execution of described methodology are shown in
Table 5.3, in which the ranking of features is given in the (h) column.
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Table 5.3 Backward elimination of attributes basing on the performance of reduced all rules on
examples decision algorithm

(@| (b)|(c) (d) (e @ |[(® |[MO
0| 25 | but and not in with on at of as this that by for to if 46,191 | 41 | 80 | 76.67| and
what from ., ;:!? (-
1| 24 | but not in with on at of as this that by for to if what 42,018 | 33 | 19 |83.33|(
from.,;:!?(-
2 | 23 | but not in with on at of as this that by for to if what 34,390 | 30 | 38 |85.00| on
from.,;:!?-
3| 22 | but not in with at of as this that by for to if what from | 24,732 | 29 | 35 |86.67|as
So19-
4| 21 | but not in with at of this that by for to if what from ., | 19,869 | 29 | 33 | 86.67| this
S19-
5| 20 | but not in with at of that by for to if what from ., ;:! | 15,072 |29 | 32 |86.67| -
9.
6 | 19 | but not in with at of that by for to if what from ., ;:!?| 12,407 | 29 | 31 | 86.67|.
7 | 18 | but not in with at of that by for to if what from,;:!? | 9,065 |29 | 31 |86.67|;
8 | 17 | but not in with at of that by for to if what from , : ! ? 6,597 | 29 | 31 |86.67| with
9 | 16 | but not in at of that by for to if what from , : ! ? 4,939 |29 | 31 |86.67|:
10 | 15 | but not in at of that by for to if what from, ! ? 3,740 | 29 | 31 | 86.67| for
11| 14 | but not in at of that by to if what from , ! ? 3,031 |29 | 31|86.67|if
12 | 13 | but not in at of that by to what from, ! ? 2,456 |29 | 31 |86.67| what
13 | 12 | but not in at of that by to from , ! ? 2,131129 | 31 |86.67| that
14 | 11 | but not in at of by to from, ! ? 1,841 |29 | 31 |86.67|but
15| 10 | not in at of by to from, ! ? 1,659 |29 | 31 |86.67|in
16 | 9 |not at of by to from, ! ? 1,085 |29 | 21 85.00|?
17| 8 | not at of by to from, ! 861 | 21 | 55|88.33]at
18 | 7 | not of by to from, ! 649 | 21 | 54 |88.33|!
19| 6 | not of by to from, 407 | 16 | 88 |88.33|to
20 | 5 |not of by from , 311 | 13 | 106 | 90.00| ,
21| 4 |notof by from 172 | 13 | 84 |83.33| of
22 | 3 |not by from 100 | 11 | 71 |76.67| not
23| 2 |by from 34116 | 22 |63.33| by
24 | 1 |from 4| 8 4 123.33| from

Columns present parameters: (a) elimination stage, (b) number of characteristic features left, (c) set
of currently considered variables, (d) number of rules in a decision algorithm without any constraints,
(e) minimal support required of DRSA rules resulting in maximal classification accuracy, (f) number
of exact DRSA rules meeting constraints on support, (g) maximal predictive accuracy of the classifier
(%), (h) attribute selected to be eliminated

When we compare predictive accuracies of rule classifiers tested at each reduction
stage, plotted in Fig. 5.4, not by exact numbers but perceivable trends, to those pre-
viously studied in forward selection approach, it is immediately apparent that they
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Fig. 5.4 Classification accuracy observed for decision algorithms in sequential backward elimina-
tion process of attributes and rules, in relation to the number of considered features

are very close. The fact that here the correct classification ratio is lower than before
results from the different attitude to preference orders of features. In forward selec-
tion it was treated as one more element to be established, thus better adjusted to the
task under study, while for backward elimination in the initial stage the preference
orders are arbitrarily assigned and remain unchanged throughout all processing.
The two types of classifiers used in experiments have very distinctive properties,
and the differences between them are also visible in obtained by them rankings of
considered variables, which shows bias that all wrappers are prone to. For example,
for ANN the feature “not” is rejected as the first one, while for DRSA classifier it
is kept almost to the end. When we compare orderings of variables from forward
with backward selection for rule classifiers, even though the type of the inducer
employed is the same, we cannot say that they are reversed. All these observations
illustrate how different perspectives in which attributes are considered can change
relationships and dependencies detectable among studied elements, to the point of
completely different relevance of the same features and their resulting weightings.

5.6 Concluding Remarks

Backward and forward sequential search are two approaches to feature selection, with
the opposite starting points in the feature space. In forward selection we commence
with the empty set of variables to which we add one element at a time. In backward
elimination we begin with the entire set of attributes, which are reduced one by
one. The two procedures are relatively simple to apply, even though could be time
consuming, depending on the number of available variables to be tested, and a type
of inducer used in validation of candidate feature subsets.

In the experiments dedicated to selection of variables two distinctively different
classifiers were employed, connectionist approach of artificial neural networks and
rule-based exploiting rough set theory incorporating dominance relation.
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For ANN classifiers it is more natural to apply backward elimination, because
networks with excessive numbers of inputs still can perform better than those with
insufficient features. In the training phase networks can detect just by themselves
which input variables are less important and assign to them low weights of intercon-
nections, minimising their influence on the outcome. On the other hand, when there
are not enough of characteristic features, the network can try and generalise, yet the
conclusions cannot be drawn from nothing. As a result neural networks with only
few inputs typically need more time to be trained, can have trouble converging and
then generalising for unknown samples.

Induction of decision rules takes significantly less time for fewer attributes. How-
ever, they do not necessarily contain information required to infer rules with good
quality, resulting in high predictive accuracy. Applying forward selection procedures
we can not only choose the attributes that are the most beneficial to rule induction
process, but also adjust their preference orders which further increases performance.
Typically minimal cover decision algorithms give worse results than rule classifiers
constructed in different approaches, for example all rules on examples with some
hard constrains on constituent rules such as minimal support required. Yet inferring
all rules when there are many attributes requires a lot of computations and takes
time. Since in subsequent stages of backward elimination many of generated rules
would be the same, as the studied subsets of features are overlapping, we can employ
another methodology, in which backward reduction is in fact applied to rules referring
to rejected features.

For all search paths tested one of the important elements to consider is the stopping
criterion, answering the question when or where the selection procedures should end.
The response is not trivial as it depends to a high degree on the purpose of applying
the search procedures in the first place. When the goal is just to find a good subset
of features, that is resulting in an induced solution with satisfyingly high predictive
accuracy, we can stop the search once we detect a maximum in correct recognition
ratio. However, if we do it to quickly, before checking alternative subsets, it may
turn out that a maximum is only local and not global, and for some other candidate
subset of variables the predictive accuracy is better.

If extended processing is acceptable, or with the goal of weighting available
variables we test all possible subsets of variables in a search path. We do observe
the performance (after all the choice is conditioned by it), but we also study the
order in which all features are organised. This order reflects their weighting from
the perspective of applied search procedure and inducer employed. As classifiers
have different characteristics and the selection of variables is wrapped around their
performance, the same search direction applied for another classification system,
with distinctively different properties may return completely different ranking of
attributes. From all validated subsets we can choose the best, or we can impose the
obtained ranking of features on a separate classification process and test its usefulness
as a filter.

All attribute selection procedures were illustrated for a binary classification task
with balanced data, for the problem of authorship attribution from stylometric
processing of texts. The most important aim of textual analysis is to find definitions
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of individual writing styles by referring to such linguistic features which betray
individual preferences and are employed rather subconsciously. Lexical and syntac-
tic descriptors exploited enable definition of individual styles and categorisation of
texts by their authors.
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Chapter 6

Dependency Analysis and Attribute
Reduction in the Probabilistic Approach
to Rough Sets

Wojciech Ziarko

Abstract Two probabilistic approaches to rough sets are discussed in this chapter:
the variable precision rough set model and the Bayesian rough set model, as they
apply to data dependencies detection, analysis and their representation. The focus
is on the analysis of data co-occurrence-based dependencies appearing in classifi-
cation tables and probabilistic decision tables acquired from data. In particular, the
notion of attribute reduct, in the framework of probabilistic approach, is of interest in
the chapter. The reduct allows for information-preserving elimination of redundant
attributes from classification tables and probabilistic decision tables. The chapter
includes two efficient reduct computation algorithms.

Keywords Variable precision rough set model - Bayesian rough set model + Depen-
dency analysis - Reduct

6.1 Introduction

The chapter reviews the basics of the variable precision rough set [2, 3, 7, 13, 15, 26,
28, 30, 32, 34, 35] and the Bayesian rough set [13] approaches to data dependencies
detection, analysis and their optimal representation. The variable precision rough set
and the Bayesian rough set theories are extensions of the rough set theory, as intro-
duced by Pawlak [10, 11]. They are among many extensions and generalizations of
the rough set approach, which inspired significant research interest worldwide (see,
for example [5, 12, 17, 18, 22]). The primary motivation behind the research aimed
at extending rough set approach is the imperfections of gathered practical applica-
tion data. In particular, application data often suffer from presence of measurement
noise, leading to lack of consistency and resulting difficulty to form data classifi-
cations and set approximations of the rough set model. In addition, the data often
are real-valued, for example in pattern recognition or control applications, requiring
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initial preprocessing via a discretization procedure to make it applicable to rough
set methodology. This pre-processing however leads to a loss of information and
introduces a subjective factor into the method.

The variable precision and Bayesian rough set models are focused on the recogni-
tion and modelling of set overlap-based, also referred to as probabilistic, relationships
between sets, which are most useful when dealing with noisy data. In this approach,
the set-overlap relationships are used to construct approximations of undefinable sets
[11]. The primary application of the approach is to the analysis of data co-occurrence-
based dependencies in classification tables and probabilistic decision tables derived
from data, as discussed in the following sections. Both, the probabilistic decision
tables and classification tables are normally “learned” from data to represent some
inter-data item connections, typically for the purpose of their analysis or data value
prediction. The probabilistic decision tables can also be used as a basis of generalized
probabilistic rule induction algorithms [29], but this topic is outside the scope of this
chapter.

In practical applications of the data-acquired decision tables, one of the main
issues is the identification of a minimal subset of attributes, which are discrete func-
tions of measured features, to represent an identified data dependency without any
loss, or with minimal loss, of information. The original general idea of attribute
reduct, as introduced by Pawlak [10, 11], is applicable here. However, the original
specific notion of reduct is applicable only to functional, or partial functional, data
dependencies. In this chapter, we discuss an extended notion of reduct, as defined
in the contexts of variable precision and Bayesian rough set models. The notion of
reduct in these contexts allows for information-preserving identification of minimal
subsets of attributes, in the presence of probabilistic dependencies between attributes.

The chapter is organized as follows. In the next section, we review the fundamen-
tals of the variable precision rough set approach, which include the introduction of set
approximations and the presentation of the basics of the related Bayesian rough set
model. In Sect. 6.3, we discuss different kinds of probabilistic dependencies occur-
ring between a “target set” and a partition of the universe of interest. The partition
is assumed to represent our classification knowledge. The target set is our learning
goal, whose approximate classification in terms of the classification knowledge we
are trying to learn. The dependencies in question reflect our overall ability to cre-
ate such a classification. In Sect. 6.4, the probabilistic attribute value-based decision
tables are introduced, along with related classification tables. Both kinds of these
tables represent our classification knowledge with respect to the target set.

The probabilistic decision tables additionally represent rough approximations of
the target set, as defined in the framework of the variable precision rough set theory.
The inter-attribute dependencies occurring in both, the probabilistic decision tables
and classification tables, are subject of Sect. 6.5. All the discussed dependencies are
of probabilistic nature and are either defined in the contexts of variable precision or
Bayesian rough set models. They generalize and expand the attribute dependencies
introduced by Pawlak in the original rough set theory [11]. Attribute reduction with
respect to introduced dependencies is a subject of Sect. 6.6. The monotonicity prop-
erty of the introduced A—dependency measure allows for a definition of the notion of
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information-preserving reduct with respect to this dependency. Couple of efficient,
linear-time algorithms for computing single attribute reducts, either in classification
tables or probabilistic decision tables, are presented. The ability to compute reducts
allows us also to determine the importance, or significance of attributes. This is the
subject of Sect.6.7. Finally, in Sect. 6.8, we discuss the concept of generalized core
attributes, the extension of the original core attributes introduced by Pawlak [10, 11].
The core attributes are the fundamental ones, which are preserved in every attribute
reduction.

6.2 Variable Precision Rough Sets

In the rough set approach to data analysis, the crucial aspect is the existence of
an ability, or knowledge, to form the prior classification of the universe of objects
of interest into distinct classes. This ability, or classification knowledge, is usually
associated with an external agent, such as medical professional for example, who
is assumed to know how to classify objects (for example patients) into categories
(for example, into health condition groups). However, in automated systems such
an expert typically is not available. Instead, the system has to rely on measurements
taken by system sensors (for example, temperature, blood pressure etc.) to perform
the classification. In the rough set approach, the measurements are converted into
discrete features called attribute values, which are then used to classify objects. We
elaborate in detail about the attribute value-based classifications in Sect. 6.4.

The general variable precision rough set (VPRS) model does not make any
assumptions how the prior classification was performed. It just assumes that some
kind of prior knowledge exists and is represented in mathematical form by an equiv-
alence relation, referred to as an indiscernibility relation /ND on the universe U, IND
C U x U. The relation is assumed to have a finite number of equivalence classes, i.e.
classification categories, called elementary sets. It should be noted that the assump-
tion of finite number of classes may not be satisfied in general, but in attribute-value
systems, which are the focus of this chapter, it is always the case. The collection of
elementary sets of the IND relation will be denoted as IND*. The pair (U, IND) is
called an approximation space.

Let X be an arbitrary subset, referred to as the target set, of the universe U, X C U.
In practice, the universe is a finite non-empty collection of objects of interest, such
as medical patients, and the target set is our “goal” class, for example representing
the class of patients suffering from a specific disease. Our objective is to create a
system which would allow us to classify arbitrary objects into the “goal” class, or its
complement, with an error rate which we would consider acceptable in the context
of our criteria (which are domain-specific and, consequently, outside of the rough set
model), but lower, on average, than in the case of random classification. For exam-
ple, the objective may be to predict (diagnose) the presence, or absence, of a specific
disease based on the results of medical tests, which are supposed to increase the accu-
racy of such predictions (if tests are properly designed) in comparison to predictions
based solely on the frequency of occurrence of the disease in the population.
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In the VPRS approach, each equivalence class E of the indiscernibility relation
IND is assigned two measures which are: the relative “size” of the class E within
universe U, referred to as the probability P(E) of E, and the relative “size” of the
target set X within an elementary set E, referred to as the conditional probability
P(X|E). The conditional probability, in this context, is just a measure of the degree
of overlap between the target set X and the elementary set E. These two measures
can be approximated from data respectively by:

_ card(E)
P(E) = card(U) ©.1
and
. card( X N E)
P(X|E) = eard(B) (6.2)

where card denotes set cardinality.

The target set X may be undefinable [11], which informally means that, in gen-
eral, it cannot be expressed as a set union of some elementary sets forming our
classification knowledge. That is, in general, the set definability criterion:

X =U{E € IND* : E C X} (6.3)

is not satisfied.

This lack of definability is more common than not in applications. The original
rough set theory, as introduced by Pawlak [10, 11], deals with this problem via the
notions of lower and upper set approximations. However, in many applications, when
the target set is not definable, this approach is not sufficient due to the absence of
numeric assessments of the degree of association of elementary sets with the target
set X.

The VPRS approach extends the rough set model to make it more flexible, by
replacing the full inclusion relation with the overlap relation in the definitions of
set approximations. Two precision control parameters called lower limit / and upper
limit u are used in the definition of lower approximation of the target set X, or its
complement. In this way, one can control the process of computation of approxima-
tions of the target set to identify such approximations which satisfy user-imposed
criteria, such as for example, characterizing classes of patients with an elevated (or
reduced) risk of a disease.

6.2.1 Set Approximations in the VPRS Approach

The approximations of the target set in the VPRS approach are defined in terms of
unions of some elementary sets, as controlled by lower limit / and upper limit u
precision parameters.
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The notion of prior probability P (X) plays also an essential role in the definitions
of approximations, also called approximation regions: it represents the likelihood
that a random object ¢ € U is a member of the target set X in the absence of any
classification knowledge about the object. If the classification knowledge is available,
as represented by the equivalence relation IND, the likelihood of membership in the
set X of objects belonging to different elementary sets can either increase, or decrease,
or stay approximately the same as the prior probability P(X). These variations in
the set X membership likelihood across different elementary sets are reflected in the
definitions of set approximation regions, which characterize areas of the universe
U with significantly increased, significantly decreased, or approximately unchanged
target set X membership probability.

Each elementary set is classified either into one of approximation regions of the
set X, i.e. a positive region POS,,, a negative region NEG;, or a boundary region
BND . The upper limit u defines the positive region, or lower approximation, of
the target set X, with the constraint 0 < P(X) < u < 1. It represents the least
acceptable degree of the conditional probability P(X|E), or the set overlap degree,
to include the elementary set E in the positive region. The positive region, or the
lower approximation of the target set X, denoted as POS,,, is a collection of objects
for which the probability of membership in the target set X is significantly higher than
the prior probability P (X), where the term significantly higher is precisely specified
by the parameter u (as defined by some external criteria):

POS,(X) = U{E : P(X|E) > u}. (6.4)

The lower limit / defines the negative region of the target set X, with the constraint
0 <1 < P(X) < 1.Itis the highest acceptable degree of the conditional probability
P(X|E) to include the elementary set E in the negative region. The negative region
of the target set X, denoted as NEG; is a collection of objects for which the probability
of membership in the target set X is significantly lower than the prior probability
P(X), where the term significantly lower is precisely specified by the parameter /
(as defined by some external, application-related, criteria):

NEG)(X) = U{E : P(X|E) < 1}. (6.5)

The boundary region denoted as BND; ,, is a collection of remaining objects
which cannot be classified with sufficient certainty into either positive or negative
regions. For the boundary area objects, the probability of membership in the target
set X is not significantly different from the prior probability P (X), that is:

BND; ,(X) = U{E :l < P(X|E) < u}. (6.6)
Regardless of the choice of lower and upper limit control parameters, the positive

and negative approximation regions are subsets of absolute approximation regions,
as described in the next subsection.
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In the Pawlak’s rough set model [11], the notion of upper approximation of a set
is defined as a union of all elementary sets which have non-empty intersection with
the set. The generalized definition of upper approximation UPP;(X) in the VPRS
approach, as in the original rough set model, is a set union of the positive region and
of the boundary region giving:

UPP;(X) =U{E : P(X|E) > [}. (6.7)

Note that the generalized definition coincides with the Pawlak’s definition of upper
approximation when / = 0. In addition, when u = 1, it can be easily demonstrated
that the VPRSM definitions of positive, negative and boundary regions, become
equivalent to the original rough set model’s definitions of lower approximation,
negative and boundary regions [11].

One can also note that, in general, as opposed to Pawlak’s rough sets, it is not
true that POS, (X) € X and it is not true that X € U P P;(X). Consequently, the
rough set cannot be defined in the VPRSM as a pair consisting of upper and lower
approximation, as it is done in Pawlak’s rough sets [11].

A frequently asked question is to how to set, or tune, the values of the precision
control parameters / and u. The author’s point of view is that apart from the general
constraint 0 < / < P(X) < u < 1, the settings of the parameters are entirely
dependent on the requirements of a practical application, while being likely subjective
or obtained via the cost-benefit analysis [27].

6.2.2 Absolute Set Approximation Regions

To describe the areas of the universe characterized by an unconstrained increase, or
decrease of the set X membership probability, the following definitions of absolute
approximation regions are applicable. It this case, no parameters to specify “suffi-
ciently” high increase, or decrease of the set membership probability in those areas
are used. We call these areas absolute approximation regions.

The absolute boundary region of the target set X is a definable region of the uni-
verse U consisting of those elementary sets which are characterized by the unchanged
probability of membership in the target set X C U, that is:

BND*(X) = U{E : P(X|E) = P(X)}. (6.8)

As it can be easily verified, in the absolute boundary region, each elementary set
E is probabilistically independent from the target set X,i.e. P(XNY) = P(X)P(Y).
Consequently, the whole boundary region is independent from the target set X. In
other words, the objects in the absolute boundary regions can be considered entirely
unrelated with the target set.
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The region of the universe U that is characterized by an increased probabilistic
connection with the target set X C U, relative to the prior probability P (X), is called
the absolute positive region of the set X, denoted as POS™*(X):

POS*(X) = U{E : P(X|E) > P(X)). (6.9)

In the absolute positive region of X, the likelihood of an object belonging to the
target set is higher than in the whole universe U, but in practice that increase may
be not sufficient from an application perspective.

Similarly, the absolute negative region, NEG*(X), of the target set X is an area
of the universe U characterized by reduced likelihood of an object being a member
of the target set X:

NEG*(X) = U{E : P(X|E) < P(X))}. (6.10)

The above definitions provide the basis of the Bayesian rough set model [13, 30].

6.3 Dependencies in Approximation Spaces

The probabilistic connections between elementary sets and the target set, and between
definable sets and the target set in the approximation spaces can be quantified by using
different dependency measures [24, 33]. Some of these measures are reviewed below.

6.3.1 Absolute Certainty Gain

Absolute certainty gain, denoted as gabs, evaluates the degree of one-directional
dependency between any two sets. In the simplest case, it is a single-directional
dependency measure representing the degree of change of the probability of mem-
bership in the set X for an object belonging to the elementary set E. The absolute
certainty gain is defined by:

gabs(X|E) = |P(X|E) — P(X)|, 6.11)

where |.| is the absolute value function.

The above definition can be extended to any definable set Y. The absolute certainty
gain between the subsets X and Y can be computed directly from the available
probabilistic knowledge based on the formula below, where the summation is over
all elementary sets forming the definable set Y:

| ¥ecy P(E)P(X|E) — P(X)Xgcy P(E)|

bs(X|Y) =
gabs(X\Y) Sicy P(E)

(6.12)
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6.3.2 Absolute Dependency Gain

Another dependency measure is an absolute dependency gain, which is a bi-
directional dependency measure used to evaluate the degree of the two-way con-
nection between any two sets. Given two arbitrary subsets X and Y of the universe
U, the absolute dependency gain, denoted as dabs(X,Y), is defined by:

dabs(X,Y) = |[P(XNY) — P(X)P(Y)|. (6.13)

The absolute dependency gain reflects the degree of probabilistic dependency
between sets X and Y by quantifying the amount of deviation from the probabilistic
independence between sets X and Y, as represented by the product P (X) P (Y).

Similar to the absolute certainty gain, in an approximation space (U, IND), if a
subset Y is definable, then the absolute dependency gain between the subsets X and
Y can be computed directly from the available probabilistic knowledge based on the
following formula:

dabs(X,Y) = | Sgcy P(E)P(X|E) — P(X)Zgcy P(E)|. (6.14)

The absolute boundary region of the target set X can alternatively be expressed
by the absolute dependency gain as:

BND*(X) = U{E : dabs(X, E) = 0}. (6.15)

In other words, the absolute boundary region is an area with no dependency gain.

6.3.3 Average Dependency Gain

The average, or expected gain function, denoted as egabs(X|IND), is a measure
of the degree of probabilistic dependency between classification represented by the
indiscernibility relation /ND and the classification (X, —X) of the universe U induced
by the target set X, and its complement —X. It is a measure of dependency between
two partitions of the universe U:

egabs(X|IND) = Z |P(XNE)—P(X)P(E)| = Z dabs(X, E). (6.16)
EcIND* EcIND*

When the dependency is functional, i.e. when set X is definable in Pawlak’s sense
[11], we have:

egabs(X|IND) = > |P(XNE)— P(X)P(E)| 6.17)
EcIND*
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that is:

egabs(X|IND) = > P(E)(1—P(X))=1-P(X)=P(=X). (6.18)
EcIND*

Similarly, egabs(—X|IND) = P(X) in the functional case.

Inthe case whenegabs = 0, P(XNE) = P(X)P(E),forevery elementary set E.
This means that for every elementary set E, P(X|E) = P(X)and P(E|X) = P(E).
This is equivalent to saying that all elementary sets are probabilistically independent
from the target set X. In practical terms, it means that the occurrence of an object
belonging to any of the elementary sets does not affect in any way our ability to guess
whether the object is the member of the set X, or of its complement —X.

6.4 Probabilistic Decision Tables

Probabilistic decision tables describe classes of approximation space and their prob-
abilistic relations with a target set. They are composed of combinations of attribute
values, probability values and approximation region designations.

6.4.1 Attributes

In many applications, the information about objects is expressed in terms of values
of observations or measurements, often real-valued, referred to as features. For the
purpose of rough set-based analysis and classifier construction, the feature values are
typically mapped into finite-valued numeric or symbolic domains to form composite
mappings, referred to as attributes. A common kind of mapping is dividing the range
of values of a feature into a number of suitably chosen disjoint subranges via a
discretization procedure (see, for example, [9]). Formally, an attribute a is a function
on the universe U, a : U — a(U) C V,, where V, is a finite set of values called the
domain of the attribute a.

Based on combinations of attributes and their values, a structure of approximation
space can be created and analyzed using general notions and results of rough set
theory and of the VPRSM. Each attribute defines a classification of the universe U
into classes corresponding to different values of the attribute. Each attribute value
v € a(U), corresponds to a set of objects E C U such that EJ = a 'v)y ={e €
U : a(e) = v}. The classes EY, referred to as a-elementary sets, form a partition of
U . The equivalence relation corresponding to this partition will be denoted as IND,, .
Similarly, an equivalence relation IND g, and the corresponding approximation space,
can be defined on the basis of any non-empty set of attributes B.
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6.4.2 Decision Tables

A knowledge representation system [11] is a pair (U, A), where U is a universe and
A is a nonempty and finite set of attributes defined on U. In the context of rough
set approach, decision tables are constructed in terms of knowledge representation
systems as follows.

Let C, D C A be two disjoint subsets of attributes, called condition and deci-
sion attributes, respectively. The condition attributes generate the partitioning of the
universe U into classes of objects having identical values of attributes belonging
to C, thus forming the structure of approximation space on U. The corresponding
collection of elementary sets of this approximation space is denoted by U/C. Simi-
larly, the decision attributes D induce a structure of approximation space on U, with
U/D denoting its elementary sets. The knowledge representation system with defined
condition and decision attributes is called a decision table [11]. Decision tables fall
into two broad groups: deterministic decision tables and non-deterministic decision
tables.

Deterministic decision tables describe the functional relation between a set of
observations (inputs, conditions) and the corresponding decisions (outcomes). In
practice, deterministic decision knowledge is not always available. When only some,
but not all, decisions can uniquely be determined by combinations of attribute values,
the decision table is called non-deterministic. In a non-deterministic decision table,
the relationship between conditions and decisions is only partially functional.

Compared to the previous two types of decision tables, which are based on the
original rough set theory, a probabilistic decision table is developed within the frame-
work of the variable precision rough set theory. It contains some built-in probabilistic
measures to help in the process of decision making or prediction in non-deterministic
cases.

When defining the probabilistic decision tables, we focus on elementary sets (our
target sets) of the decision attribute D, X € U/D, of the partition generated by the
decision attributes.

For a given target set X, the probabilistic decision table can be defined as a
mapping associating each combination of condition attribute values, corresponding
to an elementary set E € U/C, with a triple of values representing:

1. the unique designation of the rough approximation region (positive, negative, or
boundary region),

2. the respective values of the elementary set probability P(E), and

3. the conditional probability P(X|E).

In practice, when deriving a probabilistic decision table, the measures of P (E)
and P (X|E) are usually computed based on available data. An example probabilistic
decision table is shown in Table 6.1. It should be noted at this point, that while prob-
abilistic decision tables are containing information about set approximation regions
of the variable precision rough set model, and consequently depend on the settings of
the parameters / and u, similar decision tables can be constructed based on Bayesian
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Table 6.1 Probabilistic decision table

E; ap an a3 Region P(E)) P(X|E})
Ey 1 1 1 BND 0.0520 0.78
E; 1 1 0 NEG 0.1354 0.02
E> 1 0 1 POS 0.1562 0.99
E; 1 0 0 BND 0.1562 0.36
E4 0 1 1 NEG 0.1406 0.11
Es 0 1 0 BND 0.1093 0.41
E¢ 0 0 1 NEG 0.1562 0.27
E7 0 0 0 POS 0.0941 0.85

rough set model, using absolute approximation regions. Another related issue is that
the probabilistic decision tables can be structured into parent-child linear hierarchies,
in which a parent boundary region provides a basis to form an approximation space
for the child decision table [31]. In this way, the exponential growth of decision
tables caused by the increase in the number of attributes can be effectively controlled
without reducing the quality of rough approximations.

6.4.3 Classification Tables

An intermediate step leading to the probabilistic decision table is the creation of
the classification table, as illustrated in Table 6.2. The classification table associates
combinations of condition attribute values, for each elementary set E € U/C, with
a pair of corresponding P(E) and P(X|E) probability measures. In the example
Table 6.2, the partitioning of U is obtained in terms of conditional attributes C =
{a1, az, az}, with the connected probabilistic measures. The information contained
in the classification table can then be used to build rough approximations of any
target set X € U/ D, based on pre-set values of the precision control lower and upper
limit parameters / and u.

Table 6.2 Classification table

E; a az as P(E;) P(X|E;)
Ey 1 1 1 0.0520 0.78
E, 1 1 0 0.1354 0.02
E, 1 0 1 0.1562 0.99
E3 1 0 0 0.1562 0.36
E4 0 1 1 0.1406 0.11
Es 0 1 0 0.1093 0.41
Eq 0 0 1 0.1562 0.27
E; 0 0 0 0.0941 0.85
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Once the approximation region of each elementary set £ was determined, the
classification table can be converted into a probabilistic decision table. The creation
of the probabilistic decision table involves adding an extra column, technically of a
new decision attribute called Region, to mark the approximation region designation of
each elementary set. The decision table created in that way is fully deterministic with
respect to the new Region decision attribute which is representing the corresponding
three approximation regions: POS, NEG and BND. This is illustrated in the example
probabilistic decision Table 6.1, derived from the classification Table 6.2, with [ =
0.3 and u = 0.8.

6.5 Dependencies in Decision Tables

In this section, dependencies between attributes occurring in classification tables and
probabilistic decision tables are discussed. Specifically, our interest is in the depen-
dencies occurring between condition attributes C, or their subset, and the two-class
classification (X, —X) formed by the target set X and its complement —X. This clas-
sification is numerically represented in both classification and probabilistic decision
tables, by values of the conditional probability P(X|E). Technically, the columns
P(E) and P(X|E) can be treated as extra “attributes” associating some real values
with elementary sets of the classification generated by condition attributes. In par-
ticular, the attribute P(X|E) describes the distribution of the degrees of association
across different elementary sets E with the target set X. Consequently, it can be used,
in conjunction with the attribute P (E), for computing the overall degree of associa-
tion of the set of condition attributes, or of its subset, with the binary classification
of the universe U, as defined by the target set X and its complement —X.

In our research, we identified two dependencies, called Y—dependency and A—
dependency, which provide useful measures for evaluating probabilistic decision
tables. They also provide criteria for decision table optimization through reduction
of redundant condition attributes.

6.5.1 Functional and Partial Functional Dependencies

Functional dependencies and partially functional dependencies between attributes
of decision tables were originally explored in [11]. We will refer to them as Y—
dependencies. They capture the quality of approximation of the target set X € U/D
in terms of the elementary sets of the approximation space induced by condition
attributes. We generalize them within the framework of the VPRS model by defining
the Y—dependencies [33] as a relative size of the positive region of the two class
partition (X, —X), subject to prior setting of the values of the control parameters /
and u:
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Yi.u(X|C) = P(POS,(X|C) UNEG;(X|C)), (6.19)

where POS,(X|C) and NEG;(X|C), respectively are positive and negative regions
of X in the approximation space induced on U by the set of condition attributes C.
This dependency measure reflects the proportion of objects in the universe U that
can be classified as members of the target set X, or a complement of the target set X,
with sufficient certainty, as given by the parameters / and u.

The v, (X|C) measure was inspired by the partial functional dependency mea-
sure Y(D|C) introduced by Pawlak [11], which is given as a fraction of objects of
the universe U that can be uniquely classified, based on their condition attributes
value combinations, as members of some classes of the decision attribute D. More
precisely, in the VPRS model terms:

Y(D|C) = Z P(POS|(F|C)). (6.20)
FeU/D

The above measures play useful role in decision table analysis and reduction of
condition attributes.

6.5.2 A—Dependency Measure

Another kind of dependency, unrelated to the the Y—dependencies measure and
conveying different kind of information, is a parametric A—dependency, denoted as
A1 (X|C) [33]. It captures the average, or expected degree of the probabilistic con-
nection between elementary sets E (E € U/C) and the binary classification (X, —=X)
corresponding to the target set X and its complement —X. The dependency is defined
as a normalized expected degree of deviation of the conditional probability P(X|E)
from the prior probability P (X):

> P(E)|P(X|E) — P(X)|
ECPOS,(X|C)UNEG;(X|C)

AMau(X|C) = 2P(X)(1 — P(X))

, (6.21)

where2 P(X)(1— P (X)) isanormalization factor equal to the theoretically maximum
value of the numerator summation, achievable only when X is definable in Pawlak’s
rough set’s sense, independent of settings of the parameters / and u. The higher the
deviation, the stronger the probabilistic connection between conditional attributes
C and the decision partition (X, —X), and vice versa, with the total probabilistic
independence occurring at A; , (X|C) = 0.

In the framework of the Bayesian rough set model, the parametric A—dependency
reduces to non-parametric A—dependency defined as:
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> P(E)P(X|E) — P(X)|

EeU/C
2P(X)(1 — P(X))

MX|C) = (6.22)

The non-parametric A—dependency A(X|C) is a normalized expected degree of
deviation of the conditional probability P(X|E) from the prior probability P (X).
The main practical advantage of the non-parametric A—dependency is the absence of
any external parameters, which may be difficult to obtain, to compute the dependency.
Another useful advantage is its monotonicity with respect to condition attributes, as
explained in the next section.

6.6 A—Dependency-Based Reduct

The application of idea of reduct, introduced by Pawlak [10, 11], allows for opti-
mization of representation of classification knowledge by providing a technique
for removal of redundant attributes. The concept of reduct generated considerable
amount of research interest, primarily as a method for feature selection [1, 2, 6, 8,
12-14, 16, 19-21, 23-25]. The general notion of reduct is applicable to the optimiza-
tion of classification tables and probabilistic decision tables. The following theorem
[13] demonstrates that the A—dependency measure is monotonic, which means that
expanding the set of condition attributes B € C will not result in the decrease of the
dependency level A(X|B).

Theorem 1 Let B C C be a subset of condition attributes on U and let “a” be any
condition attribute. Then the following relation holds:

MX|B) < AM(X|B U {a}). (6.23)

As a consequence of the Theorem, the notion of the probabilistic reduct of
attributes RED C C can be defined as a minimal subset of attributes preserving
the A—dependency with the target classification (X, —X).

The reduct satisfies the following two important properties:

MX|RED) = L(X|C) (6.24)

and for any attribute a € RED:
AMX|RED — {a}) < M(X|RED). (6.25)
The probabilistic reducts, called A—reducts, can be computed using any methods
available for reduct computation in the framework of the Pawlak’s original rough

set approach, and in particular, a single A—reduct can be easily computed from a
classification table using the following A—Reduction algorithm:



6 Attribute Reduction in the Probabilistic Approach to Rough Sets 107

Algorithm 1 A—Reduction:

Step 1: Let Initial Dependency < A(X|C);

Step 2: Arrange condition attributes a € C in descending order based on the
degree of A—dependency measure A(X |[{a});

Step 3: Starting with the attribute with the lowest A—dependency degree and
proceeding in ascending order, perform the following two steps for all condition
attributes:

Step 3.1: Test the condition /nitial Dependency = A(X|C — {a});

Step 3.2: If Initial Dependency = A(X|C — {a}) then eliminate the attribute a
from the set of condition attributes C;

Step 4: The remaining set of condition attributes at the end of the process is a
A—reduct of the initial collection of condition attributes.

In the above algorithm, the condition attributes with the weakest connection with
the target classification are eliminated first. Although this technique does not guar-
antee finding the shortest reduct, it appears to be a reasonable heuristic to find best
attributes in the reduct. It should also be noted that the A—reduct, in general, does not
preserve the approximation regions of a target set X . This means that after computing
the A—reduct of a condition attributes, the approximation regions of a probabilistic
decision table have to be re-computed again.

If the preservation of the approximation regions of a probabilistic decision table
is of interest, the reduction of condition attributes can be conducted using Y—
dependencies measure (Eq.6.19), which is also monotonic. In this case, any reduct,
referred to as Y—reduct, of condition attributes preserving the functional dependency
between the condition attributes and the attribute Region indicating the approxima-
tion region of each elementary set, can be computed. A single Y—reduct can be
identified using a variant of A—Reduction algorithm, referred to as Y—Reduction
algorithm:

Algorithm 2 Y—Reduction:

Step 1 Let Initial Dependency < 1;

Step 2 Arrange condition attributes a € C in descending order based on the
degree of A—dependency measure A(X|{a});

Step 3 Starting with the attribute with the lowest A—dependency degree and
proceeding in ascending order, perform the following two steps for all condition
attributes:

Step 3.1 Test the condition Initial Dependency = Y(Region|C — {a});

Step 3.2 If Initial Dependency = Y(Region|C — {a}) then eliminate the attribute
a from the set of condition attributes C;

Step 4 The remaining set of condition attributes at the end of the process equals to
a Y—reduct of the initial collection of condition attributes of a probabilistic decision
table.
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6.7 Probabilistic Decision Rules

Once the attribute reduct was computed, corresponding classification and decision
tables can be formed based on the reduced set of condition attributes. Each row of
either of such tables is a probabilistic decision rule with probabilistic “confidence
factor” given by P(X|E;) attached to it. The “strength” of such a rule is given by the
fraction of “supporting” cases, thatis, P (E;). For example, the row for the elementary
set E of the classification Table 6.2, can be interpreted as a rule:

if (a; = A (ap = 0)A(az = 1) then X with confidence = 0.99 and strength =
0.1562.

The rule of this kind gives the likelihood that a new object matching the rule’s
preconditions will belong to the target set X.

Similarly, the probabilistic rules can be computed from probabilistic decision
tables. In this case, the target set X is replaced by either positive, negative or boundary
regions. For example, the row for the elementary set E» of the classification Table 6.2,
can be interpreted as a rule:

if (ag = 1) A (ax = 0) A (a3 = 1) then POS with confidence = 0.99 and
strength = 0.1562.

This rule specifies the likelihood that a new object matching the rule’s precondi-
tions will belong to the positive region of the target set X. Clearly, these rules are
dependent on the settings of the precision parameters / and u.

If required, the rules based on the probabilistic decision tables can be further sim-
plified (or “generalized”, using machine learning terminology) by removing some
unnecessary attribute-value pairs from their preconditions, without affecting their
confidence factors. This objective can be accomplished by computing a value reduct
of attributes [11]. Value reduct was used in some machine learning algorithms based
on the rough set theory [31]. However, we will not elaborate more about this com-
prehensive topic in this chapter as it deserves another chapter of its own.

6.8 Significance of A—Reduct Attributes

The A—Reduct provides a method for computing fundamental factors of the A—
dependency.

The attributes appearing in a A—reduct can be evaluated with respect to their
contribution to the dependency with the target classification by adopting the notion
of a significance factor. The significance factor sigrgp(a) of an attribute a € RED
is arelative decrease of the dependency A(XIRED) caused by removal of the attribute
“a” from the reduct:

AM(X|RED) — M(X|RED — {a})
A(X|RED) '

sigrep(a) = (6.26)

Similarly, the significance of attributes in a probabilistic decision table can be
assessed within any Y—reduct, using the approach given above.
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6.9 A—Core Collection of Attributes

As in the original rough set approach [11], one can easily identify the set of most
essential condition attributes with respect to the A—dependency. These attributes,
called the A—core, are the ones which would never be eliminated in the process of
any A—Reduct computation. They are included in all A—reducts i.e. their collection
is equal to the intersection of all A—reducts.

Any core attribute {a} satisfies the following inequality:

MX|C) > A(X|C — {a}). (6.27)

The above inequality demonstrates that there is no need to compute all A—reducts,
which is NP-hard, to identify the A—core as the core attributes can be found by simple
linear testing procedure.

As in the case of A—core attributes, Y—core attributes can also be computed in
a probabilistic decision table with respect to the dependency Y(RegionlC) by testing
the effect of removal of each condition attribute.

6.10 Final Remarks

The chapter reviews results of our long-term research on data dependencies, within
the frameworks of the variable precision and Bayesian rough set models, occur-
ring in approximation spaces and in both, classification and decision tables. These
probabilistic dependencies are defined based on the degrees of overlap between
sets. The primary dependency measures discussed in the chapter are Y—dependency
and A—dependency. They generalize and expand the attribute functional and partial
functional dependency measures introduced by Pawlak [10, 11]. The applicability
of the measures to creation, analysis and optimization of classification and deci-
sion tables, via the concept of attribute reduct, was also discussed and two reduct
computation algorithms were presented. The variable precision rough set approach
was used in many applications since its introduction in 1990s. To our best knowledge,
the most comprehensive application, involving the use of hierarchies of probabilistic
decision tables and the attribute dependency measures presented in this chapter, were
the experiments with face recognition [4]. It is our belief that the theory and meth-
ods presented in the chapter will find additional useful applications in areas dealing
with large amounts of data such as, for example, in medicine, pattern classification,
market analysis and prediction, machine learning and data mining in general, just to
mention a few areas where in our opinion this theory is applicable.
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Chapter 7
Structure-Based Attribute
Reduction: A Rough Set Approach

Yoshifumi Kusunoki and Masahiro Inuiguchi

Abstract We provide an introduction to a rough set approach to attribute
reduction. Analyzed data sets consist of objects which are described by attributes and
partitioned into decision classes. Rough set theory deals with uncertainty decision
classes with respect to attributes by approximating them to precise sets. The aim of
attribute reduction is to remove redundant attributes as well as find important ones
for classification. Several types of attribute reduction have been proposed especially
according to preserving structures of approximated decision classes. We introduce
definitions and theoretical results about structures-based attribute reduction.

Keywords Rough set model - Reduct - Boolean function * Structure-based reduct

7.1 Introduction

We provide an introduction to attribute reduction or feature selection based on rough
set theory [35, 36, 39]. Rough set theory approaches uncertainty or inconsistency
of membership for sets due to incomplete or granular information. In a rough set
approach for data analysis, data sets are usually given by decision tables which consist
of objects (items) described by attributes. Moreover, each object in decision tables is
classified into decision classes. Because of incompleteness of given attributes, some
objects are indiscernible to each other by the attributes, and that causes uncertainty
of decision classes. Such an uncertain decision class is approximated by two precise
sets, called lower and upper approximations. The difference of the upper and lower
approximations is called a boundary.
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One of the major topics for rough set based data analysis is (relative) attribute
reduction [37, 39]. Attribute reduction is a problem to delete redundant condition
(explanatory) attributes for the classification of the decision classes. Minimal sets
of attributes preserving a part of information of the classification are called reducts.
Reducts can be interpreted as important sets of attributes for the classification. Several
types of reducts have been proposed according to a part of the information which
should be preserved [23, 36, 43, 45]. Originally, Pawlak proposed reducts preserving
the positive region [36, 43], which is the union of all lower approximations of decision
classes, in other words, the set of all certainly classified objects. Slezak proposed
ones preserving all boundaries of decision classes [45]. One of the authors also
proposed two types of reducts, which preserve all lower approximations and all
upper approximations of decision classes, and show that they are equivalent to reducts
preserving the positive region and all boundaries, respectively [23].

Inspired by the above studies, we provide a framework to discuss attribute reduc-
tion in the rough set theory. We regard attribute reduction as removing condition
attributes with preserving some part of the lower/upper approximations of the deci-
sion classes, because the approximations summarize the classification ability of the
condition attributes. Hence, we define several types of reducts according to structures
of the approximations [23, 24]. They are called “structure-based” reducts.

When several types of structure-based reducts are defined, we would be interested
in whether one reduct is stronger/weaker than another reduct, in other words, one
preserves more/less structure than the other. Therefore, we have investigated the
strong-weak relation among different types of structure-based reducts. As a result of
the investigation, we obtain a strong-weak hierarchy of structure-based reducts. The
strong-weak hierarchy is useful when we search the best reduct for an application,
because it provides a trade-off between the size (cost for precise classification) of a
reduct and its classification ability. It is an advantage of the variations of structure-
based reducts.

The rough set model is extended to apply to various kinds of data sets [12, 16,
22, 29, 38, 43, 47, 53, 54]. Two important extensions of the rough set model are
the variable precision rough set model [53, 54] and the dominance-based rough set
model [16]. The variable precision rough set model is a probabilistic extension. Given
precision parameters, requirements for lower and upper approximations are relaxed
to tolerate errors in decision tables. The dominance-based rough set model is applied
to decision tables with ordinal attributes, where decision classes are ordered and
monotonically depend on the ordinal attributes. It deals with inconsistency between
the classification of the ordinal decision classes and the monotonic dependence.
Instead of decision classes, upward unions and downward unions of decision classes
are approximated. In the extended rough set models, we have studied structure-based
reducts [20, 21, 25, 26, 31].

In the classical rough set model, it is well-known that reducts are associated
with prime implicants of a Boolean function [37, 43]. We can efficiently enumerate
reducts by converting it to enumerating prime implicants of the Boolean function.
Like that conversion, the methodology solving a problem by solutions of a Boolean
equation is called Boolean reasoning [37, 43]. In this chapter, we propose a unified
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formulation of several Boolean functions corresponding to several types of reducts
in the classical and extended rough set models.

In this chapter, we show our theoretical results of structure-based reducts in the
classical and extended rough set models, including definitions of reducts and their
strong-weak hierarchy. The results consist of our papers [20, 23, 25, 31]. Our main
contributions are to propose structure-based reducts, investigate strong-weak rela-
tions of reducts, and connect reducts with prime implicants of Boolean functions in a
unified formulation in the variable precision and dominance-based rough set models.
For the structure-based reducts in the variable precision rough set model, we revise
their definitions from our previous work [20]. Parts of the results were independently
developed by other authors [33, 45, 49, 52].

This chapter is organized as follows. In Sect. 7.2, we study structure-based reducts
in the classical rough set models. Firstly, we define a decision table and the rough set
model of the decision table. Then, we introduce several types of reducts including
structure-based reducts and others. We show that all types of reducts are reduced to
two different types. Finally, we connect all reducts of each type with the prime
implicants of a specific Boolean function. Sections7.3 and 7.4 are devoted to
structure-based reducts in the variable precision rough set model and those in the
dominance-based rough set model, respectively. Those sections have almost the same
organization as that of Sect.7.2, namely, defining a rough set model and reducts,
investigating strong-weak relations of reducts, and connecting reducts with prime
implicants of Boolean functions. Concluding remarks are given in Sect.7.5.

7.2 Structure-Based Attribute Reduction in Rough Set Models

7.2.1 Decision Tables

In rough set theory, analysed data sets form decision tables [36, 39]. A decision
table is defined by D = (U, AT = C U {d}, {Valaear).! U is a finite set of objects.
AT is a finite set of attributes. V is a set of attribute values. Each attribute a € AT
is a functiona : U — V,, where V, C V is a set of values for a. For an object
u € U and an attribute a € AT, a(u) is the value of u with respect to a. For A =

{ai,, aiy, ..., a;} € AT, V4 isthe Cartesian product Of{Va,-l }i=1.2,... k> namely, V4 =
Hai,eAVail = {(i, viy, ..., V) | v, € Vai,sl =1,2,...,k}. A(u) is the tuple of
the values of u with respect to A, namely, A(u) = (a;, (1), a;, (), ..., a; (u)). The

attribute set AT is divided into a condition attribute set C and a decision attribute d
to investigate the dependency of the decision attribute on condition attributes or
the causal effect of condition attributes on the decision attribute. Throughout this
chapter, we consider that the objects and the condition attributes are indexed by

1A decision table is often defined by the finite set of objects U and the finite set of attributes AT,
i.e., (U, AT), however we use that definition to clarify the sets of values for the attributes.
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U= {uy,uy,...,uy} and C = {c1,¢3,...,¢n}, where n = |U| and m = |C|.
Moreover, we define the decision attribute values as V; = {1, 2, ..., p}.

Remark 1 Decision tables are identical to data sets or data tables for the classifi-
cation problem or the supervised learning in the data mining or machine learning
literature, in which condition attributes are called attributes or independent variables,
the decision attribute is a class attribute or dependent variable, and objects are tuples
or samples. In that literature, each object is given by a tuple of attribute values with
a class label (decision attribute value). However, we use the form of decision tables
in this chapter by two reason. One is that we often deal with subsets of the attributes,
so we prefer to let the symbols of the attributes be explicit. The other is to emphasise
the view that a relation (e.g. the equivalence relation) on the object set is induced
from a structure of the attribute value space (e.g. equivalence of values) through the
attributes (functions).

Example 1 Consider a decision table D = (U, C U {d}, {V,}) about car evaluations
in Table7.1, where U = {ui,u»,...,u7}, C = {Pr,Ma, Sa} and d = Ev. The
attribute value sets are given by Vp = Wi, = Vsy = {low, med, high}, Vg, =
{unacc, acc, good}. Condition attributes Pr, Ma, and Sa indicate price, maintenance
cost, and safety of a car, respectively, by values high, med (medium), and low.
Decision attribute Ev means evaluation of a car by some customer(s).

The value of u; with respect to Pr is Pr(x1) = high, and that of u, with respect
to Ev is Ev(u#,) = unacc. The value tuple of u4 with respect to C = {Pr, Ma, Sa} is
C(u4) = (med, high, low).

Given an attribute subset A C AT, we define an indiscernibility relation on U
with respect to A, denoted by Ry, as follows:

Ry ={(u,u) € U? | a(u) = a('), foranya € A}.

R4 is the set of the object pairs each of which is indiscernible by the given attributes
A. Obviously, R4 is an equivalence relation, which is reflexive, symmetric, and
transitive. From R4, we define the equivalence class of an object u € U, denoted by
R4 (u), as follows:

Ra(w)={u' eU | (W', u) e Ry)}.

Table 7.1 Decision table of Car Pr Ma Sa Ev

car evaluations
u High High Low Unacc
uy Med Med Med Unacc
us Med Med Med Acc
Uy Med High Low Acc
us Med Med High Acc
ug Med Med High Good
uy Low Med Med Good
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R 4 (u) is the set of objects which have the same values as u for all attributes in A. We
denote the set of all equivalence classes with respect to R4 by U/R4 = {Ra(u) |
u € U}. Every equivalence class with respect to the decision attribute d is called a
decision class. For each value of the decision attribute i € V;, we define the corre-
sponding decision class X; = {u € U | d(u) = i}. Clearly, 2" = {X1, X2, ..., X,}
forms a partition of U.

Example 2 Remember D = (U, CU{d}, {V,}) in Table7.1. Let A = {Pr, Ma} be an
attribute subset. The discernibility relation R4 is described as the following matrix.
Symbol * indicates that the corresponding object pair #; and u; is in the discernibility
relation, i.e., (u;, u;) € Ra.

Ul U U3 U4 U5 Ug UT
Ui |*

us kk *

us * ok * ok

Uug *k

us k% * %k

Ug * ok * %k

u7 *

From the matrix, we can easily see that the equivalence classes by R4 form a
partition of U, namely, U/Ra = {{u1}, {ua}, {u7}, {un, us, us, ue}}.

The decision classes of the decision table ID are obtained as Xypace = {u1, uz},
Xace = {u3, ug, us}, Xgood = {ue, u7}.

7.2.2 Rough Set Models

Let A be a subset of the attribute set AT and X be a subset of the object set U.
When X can be represented by a union of elements in U/R4, we can say that the
classification by X is consistent with the information of A. Such subsets of objects are
called definable sets with respect to A. On the other hand, considering an object subset
X which cannot be represented by any union of elements in U/ R 4, the classification
of X is inconsistent with A. The classical Rough Set Model (RSM) [35, 36, 39]
deals with the inconsistency by two operators for object sets, called lower and upper
approximations. For A C AT and X C U, the lower approximation LA 4(X) and
the upper approximation UA 4 (X) of X with respect to A is defined by:

LAA(X) ={u e U | Ra(u) S X},
UAA(X) ={u € U | Rg(u) N X # 4}

The difference between UA 4 (X) and LA 4 (X) is called the boundary of X with
respect to A, which is defined by:

BNy (X) = UAA(X) \ LAA(X).
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LA 4(X) is interpreted as the set of objects which are certainly classified to X in
view of A. While, UA 4 (X) is the set of objects which are possibly classified to X in
view of A. BN4(X) is a set of objects whose membership to X is doubtful.

The approximations are a definable set with respect to A, where a definable set
with respect to A is a set defined by the union of elements in U/Ry:

LAAX) = |J Raw= |J Raw,

Ra(u)CX ueL Ay (X)
mx = | Rw= (J Raw.
RAu)NX D ucUA 4 (X)

The boundary is necessarily definable because U/ R4 is the partition of U.
In fact, LA 4 (X) and UA 4 (X) are “lower” and “upper” approximations of X;:

LAA(X) C X CUA4A(X). (7.1)
By the above inclusion relations and the definition of the boundary, it holds that

LAA(X) = X \ BN4(X), (7.2)
UAA(X) = X UBN4(X). (7.3)

For B C A C AT, we have,
LAg(X) CLAA(X)and UAR(X) D UAA(X). (7.4)

When B is included in A, the approximations with respect to B are coarser that
those with respect to A. It means that dropping some attributes, i.e., information,
decline the accuracy of RSM.

So far, we have defined approximations of X from the lower and upper definable
sets. We can approximate the partition X and U \ X by three definable sets. They
are called positive, boundary, and negative regions of X with respect to A, denoted
by POS 4 (X), BND4(X), and NEG 4 (X), respectively:

POSA(X) = | IE € U/Ra | E C X},
BND4(X) = U{EeU/RA |ENX #@and ENU \ X # 0},
NEG,(X) = U{E €U/Ry | ECU\X).

POS 4 (X) is the union of elements in U/ R 4 which are completely included in X,
while NEG 4 (X) is the union of elements in U/R 4 which are completely excluded
from X. BND 4 (X) is the union of the rest of elements in U /R 4. Clearly, POS 4 (X),
BND4(X), and NEG4 (X) form a partition of U. We can easily see the following
correspondence:
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POS4(X) = LA4(X),
BND4 (X) = BNA(X),
NEG4(X) = U \ UA4(X).

In the rest of this section, we consider RSM for decision tables, namely, we only
deal with approximations of decision classes 2" = {X1, X2,..., X p} with respect
to subsets of condition attributes A C C.

Example 3 Remember the decision classes Xynace = {u1, U2}, Xace = {u3, ua, us}
and Xgo0d = {ue, u7} of the decision table in Table 7.1. The lower and upper approx-
imations with respect to C of Xynace, Xcc and Xgood are obtained as follows:

LAc(Xunace) = {u1}, UAc(Xunace) = {u1, uz, us},

LAc(Xace) = {ua}, UAc(Xace) = {u2, us, us, us, us},

LAc(Xgood) = {u7}, UAc(Xgood) = {us, ue, u7}.

We can see that LAc(X;) € X; € UAc¢(X;) for each i = unacc, acc, good.
Moreover, we can also see that each approximation is the union of equivalence
classes included in the approximation, e.g., UAc (Xacc) = {u2, uz}U{ug} U{us, ue}.

We reduce condition attributes to A = {Pr}. The approximations become:

LA A(Xunace) = {u1}, UAA(Xunace) = {u1, u2, u3, us, us, ug},

LAA(Xaee) =0, UAA(Xace) = {u2, u3, ug, us, ug},

LAA(Xgood) = {u7}, UAA(Xgood) = {u2, u3, us, us, ug, u7}.

The approximations with respect to A are coarser than those with respect to C,
namely, LA4(X;) < LAc(X;) and UA4(X;) 2 UAc(X;) for each
i = unacc, acc, good.

For every X;, the lower approximation LA 4(X;) and the boundary BN 4 (X;)
can be represented using all upper approximations of decision classes UA4(X1),
UA4s(X2),..., UAA(X)p):

LAA(X) =UAL(X)\ | UAax), (7.5)
JjeVa\li}

BN4(X;) = UAA(X;) N U UAA(X)). (7.6)
JeVa\li}

All upper approximations form a cover of U:

U= ] UAax)). (7.7)

ieVy

A positive region with respect to A € C is also defined for the decision attribute
d or equivalently for the decision table . It is the union of all positive regions of
decision classes, i.e., the set of objects which are certainly classified to exactly one
of the decision classes:
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POS4(d) = U POS A (X;).

ieVy

A generalized decision function [1, 45] with respect to A € C, denoted by
g : U — 2Vd, provides a useful representation of RSM. For u € U, 94 (u) is a set
of decision attribute values or decision classes to which u is possibly classified:

0a(u) ={i € Vg | Xi N Ra(u) # 0}.

The generalized decision function gives an object-wise view of RSM. The lower
and upper approximations can be expressed by the generalized decision function:

LAA(Xi) ={u € U | 9a(u) = {i}},
UAA(Xi) ={u e U|da(u)>i}.

Because 04 (1) is defined based on R4 (1), we have
da(u) = 4 () if (u, u') € Ra,
and because each object u is included in at least one upper approximation, we have

0a(u) #90.
The monotonic property of upper approximations is represented as:
BC A= 0pu)204(u) forallueU.
Example 4 Remember D = (U, C U {d}, {V,}) in Table7.1. The generalized deci-

sion function d¢ is obtained as follows.

dc(u1) = {unacc}, 0d¢c(uz) = dc(u3) = {unacc, acc},
dc (ug) = {acc}, 9dc(us) = dc(ug) = {acc, good},
dc (u7) = {good}.

For A C C, aquality of classification (or quality of approximation) of the decision
attribute d with respect to A is defined by:

_ [POS4(d)]

ya(d) = Ul (7.8)

It measures to what degree objects are correctly classified by RSM.
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7.2.3 Reducts in Rough Set Models

7.2.3.1 Preserving Positive Region, Quality, and Generalized Decisions

Attribute reduction is to find important subsets of condition attributes by dropping
as many as possible other condition attributes while preserving some specific infor-
mation of RSM for a decision table ). A minimal subset of condition attributes
preserving the information is called a relative (or decision) reduct. In this chapter,
we call it “reduct” for short. Reducts are originally defined to preserve the positive
region POSc (d) [36, 43].

Definition 1 ([36, 43]) A reduct is a minimal condition attribute subset A € C
satisfying the following condition:

POS 4 (d) = POSc(d). (P)

Here, the minimality is defined in terms of the set inclusion, i.e., there is no proper
subset A’ C A satisfying (P).

A condition attribute subset A satisfying (P) preserves the information of the
certain classification in the decision table. Generally, there exist more than one reduct
in a decision table. The intersection of all reducts is called the core. Every element in
the core is an essential condition attribute to preserve the information of POS¢(d).
The core can be empty. On the other hand, the condition attributes which do not
belong to any reducts can be dropped without deterioration of the information. We
call the original reduct a P-reduct.

Remark 2 Condition (P) is monotonic with respect to the set inclusion of condition
attributes, i.e., for A” € A C C we have POS 4/ (d) = POS¢(d) implies POS 4 (d) =
POSc (d). Hence, the above minimality condition for A is equivalent to that there is
no condition attribute a € A such that A \ {a} satisfies (P).

Example 5 Remember D = (U, C U{d}, {V,}) in Table7.1. The set of all condition
attributes C obviously satisfies condition (P), but it is not a P-reduct because a proper
subset A = {Pr, Ma} satisfies (P). On the other hand, A is a P-reduct because all of
proper subsets of A do not preserve the positive region: POSpy)(d) = {u1, u7} and
POS{may(d) = POSg(d) = 0.

We can define another kind of reducts preserving the quality of classification
[23, 39, 40].

Definition 2 ([40]) A Q-reduct is a minimal condition attribute subset A C C
satisfying the following condition:

ya(d) = yc(d). Q
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Clearly, condition (P) implies (Q). In RSM, the inverse is also true, because the
monotonic property of POS(d) holds, namely, for A’ € A, POS/(d) € POS4(d).
We also call Q-reducts measure-based reducts, because it preserves a predefined
measure for information of RSM.

Bazan et al. [1] and Slezak [45] proposed reducts preserving the generalized
decision function a.

Definition 3 ([1, 45]) A G-reduct is a minimal condition attribute subset A C C
satisfying the following condition:

0a(u) =0dc(u) forallu € U. G)

As shown in the next section, condition (G) implies (P).

7.2.3.2 Structure-Based Reducts

Structure-based reducts, proposed by one of the authors [20, 23], are defined to pre-
serve families of object sets (structures) which are composed of lower and upper
approximations, or positive, boundary, and negative regions. Hence, reducts of con-
dition (P) can be seen as structure-based.

Now, we introduce structure-based reducts proposed in [23]. First, we define a
reduct preserving all lower approximations. The preservation of the lower approxi-
mations implies the sustenance of certain classification ability.

Definition 4 ([23]) An L-reduct is a minimal condition attribute subset A C C
preserving the following condition:

LA4(X;) = LAc(X;) foralli € V. (L)

Clearly, condition (L) implies (P) as well as (Q). In RSM, the inverse is also
true, because the lower approximations LA(X;),i = 1,2, ..., p have the empty
intersection with each other, and they are monotonically decreasing with respect to
the set inclusion of condition attributes.

However, even if we preserve lower approximations LAc(X;),i = 1,2, ..., p,
we may lose the information of boundaries BN4 (X;),i = 1, 2, ..., p and the infor-
mation of upper approximations UA4(X;),i = 1,2,..., p.

Slezak [45] proposed a type of reducts preserving all boundaries.

Definition 5 ([45]) A B-reduct is a minimal condition attribute subset A € C pre-
serving the following condition:

BNA(X;) = BN¢(X;) foralli € V,. (B)

The preservation of boundaries implies the protection against uncertainty expan-
sion. Slgzak [45] also showed that condition (B) is equivalent to (G). Hence, we have
that a B-reduct is a G-reduct and vice versa.

On the other hand, we proposed a reduct preserving all upper approximations [23].
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Definition 6 ([23]) A U-reduct is a minimal condition attribute subset A C C
preserving the following condition:

UAA(X;) = UAc(X;) foralli € Vy. (U)

By definition, the classification ability of the upper approximations is equal to
that of the generalized decision function. Hence, condition (U) is equivalent to (G),
and we have that a U-reduct is a G-reduct and vice versa.

From Eqs. (7.2) and (7.5), we know that lower approximations are obtained from
upper approximations as well as from boundaries. This fact implies that each of the
preservation of all upper approximations or the preservation of all boundaries entails
the preservation of all lower approximations.

To sum up the above discussion, we have the next theorem.

Theorem 1 ([23, 45]) Let A be a subset of C. We have the following statements.

(a) Aisa Q-reduct if and only if A is an L-reduct.

(b) A is a P-reduct if and only if A is an L-reduct.

(c) Aisa G-reduct if and only if A is a U-reduct.

(d) A is a B-reduct if and only if A is a U-reduct.

(e) A isa U-reduct as well as B-reduct, then A satisfies condition (L).

All statements in the theorem can be easily proved by the equations which
appeared in Sect.7.2.2. For example, to prove Theorem 1(d), we show that pre-
serving all boundaries implies preserving all upper approximations by Eq. (7.3), and
show the converse by Eq. (7.6).

From Theorem 1(e), if A is a U-reduct then there exists an L-reduct B C A. Note
that the converse is not always true, i.e., for an L-reduct B, there is no guarantee that
there exists a U-reduct A O B.

The relations of 6 types of reducts are depicted in Fig.7.1. Reducts located in
the upper part of the figure preserve regions much more. Therefore, such reducts are
larger in the sense of the set inclusion than the other reducts located in the lower part.
A line segment connecting two types of reducts implies that, for each reduct of the
upper type say A satisfies the preserving condition of the reduct of the lower one.
From the figure, we know that there are 2 different types of reducts: U-reducts and
L-reducts, and U-reducts are stronger than L-reducts.

Remark 3 As shown in Theorem 1, the six types of reducts are reduced to two types.
However, it is important to define all possible types of reducts and organize them
because of two reasons. One is that when we should mention different definitions of

Fig. 7.1 Strong-weak strong
hierarchy of 6 types of UeB<G

reducts in RSM

weak L@P@Q
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reducts (e.g. different authors would give different definitions), we can easily quote
the equivalent of them from here. The other is that equivalent reducts (e.g. U-reducts
and B-reducts) in RSM could become different in an extended RSM (e.g. variable
precision RSM).

Remark 4 From the discussion above, we know that a U-reduct preserves more
information than an L-reduct. However, when p = 2, we have the following relation:

UAA(X1) = U\ LAA(X2), UAa(X2) =U \LA4(X)).

Namely, we obtain upper approximations from lower approximations. Hence, in that
case, an L-reduct is a U-reduct.

Remark 5 From Theorem 1, we see that preserving the measure y is equivalent to
preserving the lower approximations. Contrary, we can define a measure preserving
which is equivalent to preserving the upper approximations. For example [23], we
define,

2iev, IU\NUAL(X))]

d) =
oad) (»— DIU]

’

then o4 (d) = oc(d) is same as condition (U).

7.2.4 Boolean Functions Representing Reducts

Boolean reasoning [37] is a methodology where solutions of a given problem is
associated with those of Boolean equations. In this section, we develop positive
(monotone) Boolean functions whose solutions are given by condition attribute sub-
sets satisfying the preserving conditions (L) or (U). Moreover, prime implicants of
the Boolean functions exactly correspond to L-reducts or U-reducts. The Boolean
functions are useful for enumerating reducts.

The results of this section are well-known and appeared in many papers e.g. [1,
43, 45, 50], but in slightly different expressions from ours. A unified formulation
of Boolean functions of different types of reducts is provided using the generalized
decision function.

Here, we briefly introduce Boolean functions and Boolean formulas [9, 14]. Let
g be a natural number. A Boolean function is a mapping f : {0, 1}4 — {0, 1}, where
w € {0, 1} is called a Boolean vector whose ith component is w;. Let x1, x2, ..., x4
be Boolean variables. A Boolean formula in the Boolean variables x1, x2, ..., x4 is
a composition of 0, 1, the variables and operators of conjunction A, disjunction V,
complementation -, such as x1 A (x2 V X3), (X] A X2) V x3, and so on (for complete
definition, see e.g. [9]). The Boolean formula is a Boolean function of the variables
X1, X2, ...x4. Conversely, any Boolean function can be expressed by a Boolean
formula. For two Boolean functions f and g, g < f means that f and g satisfy
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gw) < f(w) forallw € {0,1}9,and g < f meansthat g < fand g # f. A
Boolean function f is positive or monotone, if w < w' implies f(w) < f(w') for
all w, w' € {0, 1}4.

Boolean variables x1, x7, . .. and the complements X1, X2, . . . are called literals.
A clause (resp., term) is a disjunction (resp., conjunction) of at most one of x; and x;
for each variable. The empty disjunction (resp., conjunction) is denoted by L (resp.,
T). A clause c (resp., term ¢) is an implicate (resp., implicant) of a function f, if
f < c (resp. t < f). Moreover, it is prime if there is no implicate ¢’ < ¢ (resp.,
no implicant ¢ > r) of f. A conjunction normal form (CNF) (resp., disjunction
normal form (DNF)) of a function f is a Boolean formula of f which is expressed
by a conjunction of implicates (resp. disjunction of implicants) of the function, and
it is prime if all its members are prime. The complete CNF (resp. DNF) of f is the
conjunction of all prime implicates (resp. disjunction of all prime implicants) of f.
When f is positive, there is the unique CNF (resp. DNF) of f which is the complete
CNF (resp. DNF) of f.

First, we associate conditions (L) (or (P)) and (U) (or (B)) with the conditions
of the generalized decision function. As mentioned in the previous section, condi-
tion (U) is equivalent to (G).

Lemma 1 ([23, 50]) Let A be a subset of C. We have the following statements.

e Condition (L) is equivalent to:
0a(u) = 0dc(u) forallu € U suchthat |0c(u)| = 1. (LG)
e Condition (U) is equivalent to (G), i.e.,
da(u) = oc(u) forallu e U. (G)

The next lemma is the heart of the Boolean reasoning, which connects two notions:
“preserving” and “discerning”.

Lemma 2 Foru € U, the following assertions are equivalent.

o d4(u) = dc(u).
o Vu' e U, (0c(u') # dc(u) = Ja € A, (', u) € Riy))

Hence, to preserve the generalized decision of an object u, we should discern u
from other objects u’ having different generalized decisions from that of u.

Using Lemmas 1 and 2, we define two Boolean formulas, called discernibility
functions. First, we define a discernibility matrix by M = (m;;); j=12,...n, Where
ij-entry m;; is a set of condition attributes which discern objects u; and u ,

mij ={c € C|c(u;) #cuj)}

Then, we define discernibility functions.
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Definition 7 Discernibility functions FU and F are defined as follows:

FY@L, ..., ¢n) = N \ é

i,j10¢c (uj)#0c (u;) CE€EMij

FY@....em = N A\ V &

il 10c ui)l=1 jloc (u;)#c (u;) c€EMij

where ¢; is a Boolean variable corresponding to ith condition attribute c;.

For A C C, we consider a Boolean vector ¢4 = (5{‘, e 5{2), where,

4|1 ifeiea,
"o ife ¢ A.

Let FU(G*) = 1. Then, for each pair u; and u; such that dc(u;) # dc(u;),
the intersection of A and m;; should not be empty by the definition of F U By
Lemma 2, in that case, d4(#) = 0J¢(u) for each u holds. We have the simi-
lar consequence when FL(¢4) = 1. Therefore, the following theorem holds. Let

$a = N\{clc € A}.
Theorem 2 ([43, 45, 50]) Let A be a subset of C. We have the following equivalences:

e A satisfies (G), i.e., (U) if and only ifFU(éA) = 1. Moreover, A is a U-reduct in
RSM if and only if ¢4 is a prime implicant of FY,

e A satisfies (LG), i.e., (L) if and only ifFL (%) = 1. Moreover, A is an L-reduct
in RSM if and only if ¢ 4 is a prime implicant of F".

Definition 7 shows CNFs of FU and F. The prime CNFs of the functions can be
easily obtained. Because the functions are positive, the prime implicants of the prime
DNF of each function are all of the prime implicants of the function. Therefore, all
reducts of each type appear in the prime DNF of the corresponding function. The
problem which converts the prime CNF of a positive Boolean function to its prime
DNF is called the dualization problem [14]. We show an example for enumerating
reducts by solving the dualization problems of the discernibility functions.

Example 6 Remember the decision table D = (U, C U {d}, {V,}) in Table7.1. In
Table 7.2, we show again the decision table D with the generalized decision func-
tion dc.

The discernibility matrix is obtained as below. Sign * attached to objects u; means
that the generalized decision of u; is a singleton, or equivalently, u; is in the positive
region POSc (d).
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Table. 7.2 The deci.sion Car Pr Ma Sa Ev dc
table in Table 7.1 with the

generalized decision function ui High High Low Unacc {unacc}
u Med Med Med Unacc {unacc, acc}
u3 Med Med Med Acc {unacc, acc}
Ug Med High Low Acc {acc}
us Med Med High Acc {acc, good}

Ue Med Med High Good {acc, good}
u7 Low Med Med Good {good}

u uy u3 uy us ug u7
ui| 9 C C {Pr} C C C
uy C ] ] {Ma, Sa} {Sa} {Sa} {Pr}
uz| C ] ] {Ma, Sa} {Sa} {Sa} {Pr}
uy | {Pr} {Ma, Sa} {Ma, Sa} ] {Ma, Sa} {Ma,Sa} C
us| C {Sa} {Sa} {Ma, Sa} ] ] {Pr, Sa}
ug| C  {Sa} {Sa} {Ma, Sa} @ ] {Pr, Sa}
ui| C {Pr} {Pr} C {Pr, Sa} {Pr, Sa} %]

The discernibility functions F and F for the decision table are calculated as:

F'(Pr,Ma,Sa) = A A \/ &= @A MavSa) = (PrMa)v (PraSa),
i=1,4,7 j#i cem;j

FY(Pr, Ma, Sa) = /\ \/ &= (Pr) A Sa) = (Pr A Sa).
i jli# 7.0 )#(2.3).(3,2).(5,6),(6,5) cemi

Therefore, there are two L-reducts {Pr, Ma} and {Pr, Sa}, and one U-reduct {Pr, Sa}.
In this case, we would select the U-reduct {Pr, Sa}, because we obtain the same
size of reducts even if we select the other L-reduct.

7.3 Structure-Based Attribute Reduction in Variable
Precision Rough Set Models

7.3.1 Rough Membership Function

The reason why decision tables are inconsistent is not only lack of knowledge (con-
dition attributes) related to the decision attribute but also noise in observation of
attribute values. In the latter case, the classical RSM would not be very useful because
it does not permit any errors in the classification of objects into the lower approxi-
mations.
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To overcome such shortcoming of the classical RSM, the variable precision rough
set model (VPRSM) was proposed [53, 54]. Let D = (U, AT = C U {d}, {V,i}aear)
be a decision table. In definitions of lower and upper approximations in VPRSM,
the following rough membership function of an object u# with respect to an object set
X C U and an attribute set A € AT plays an important role:

A IRAG)NX]|
wx) == wr

The value /L‘;} (u) gives the degree to which the object u belongs to the set X under
the attribute set A. It can be interpreted as the conditional probability of # € X under
u € Ra(u).

Because the rough membership function of an object is defined based not on
the object but its equivalence class, we define a rough membership function of an
equivalence class £ € U/R4 for X:

|E N X]|
|E]|

ux(E) =

An important property of the function is that given two equivalence classes
E,E’" € U/Ry the rough membership of the union E U E’ falls between those
of E and E’, namely,

min{ux (E), ux(E"} < ux(E U E') < max{ux(E), ux(E")}. (7.9)

7.3.2 Variable Precision Rough Set Models

Given precision parameters 0 < 8 < o < 1, lower and upper approximations of X
with respect to A in VPRSM are defined as:

LAG(X) = {u e U | uy ) = a},
UAR(X) = {u € U | i) > B},

The boundary of X is defined by BN%” (X) = UA® (X) \ LA% (X). When & = 1
and B = 0, the approximations of X are the same as those of the classical RSM.
LA¢ (X) is the set of objects whose degrees of membership to X are not less than .

On the other hand, UA'Z (X) is the set of objects whose degrees of membership to X
are more than B. In this chapter, we restrict our discussion to the situation that « =
1 — B and B € [0,0.5). Under that situation, we have the dual property LAY (X) =

U \UAﬁ (U\ X), because ,u‘;}(u) =1- Mé\x (u). We call B an admissible error rate.
We denote LA, #(X) and BN, (X) by LA” (X) and BN/, (X), respectively.
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Differently from (7.1) of RSM, we do not always have LAﬁ (X) € X and
UAﬁ(X ) © X. However, we have

LA® (x) < UA% (X), (7.10)
because 1 — 8 > B when < 0.5. Moreover, we also have
LAf (x) nLAS (X') = 0, (7.11)

for any disjoint subsets X, X' € U, X N X' = @, because B < 0.5. Because the
inclusion relation of (7.10), each of the lower and upper approximations, and the
boundary is represented by the other two sets:

UA® (x) = LA% (x) UBN® (x),
LAS (x) = UA (x) \ BN ().
The monotonic property (7.4) does not hold either. It causes difficulties of defining
and enumerating reducts in VPRSM.

We can define positive, boundary, and negative regions in the same manner of the
classical RSM:

POSA (X) = | J{Ra(w) | pfw) = 1 - B},
BND/, (X) = [ J{Ra() | 1§ () € [B.1 - B)}.
NEGA (X) = [ J{Ra@) | nf @) > B},

Clearly, we have,

POS” (X) = LA (x),
BND (X) = BN (X),
NEG’ (X) = U \ UA® (x).

In the rest of this section, we consider VPRSM under a decision table D =
(U, C U {d}, {V,}). For each decision attribute value i € Vj, the decision class
X; = {u € U | d(u) = i}. The set of all decision classes are denoted by 2~ =
(X1, X2, ..., Xp).

Example 7 Consider a decision table D = (U, C U {d}, {V,}) given in Table7.3.
The decision table composed of 40 objects with a condition attribute set C =
{c1, 2, ¢3, c4} and a decision attribute d. Each condition attribute takes a value bad
or good, i.e., V;; ={bad, good} fori = 1,2, 3, 4. The decision attribute takes one
of three values: V; ={bad, medium, good}. Then there are three decision classes
Xp, Xm and X, whose objects take decision attribute value bad, medium and good,
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Table 7.3 An example of

¢ C c c d : (b, m,
decision table ! 2 3 4 ( g)

P Good Good Bad Good 0,2,9)
Py Good Good Good Bad 0,19, 1)
Ps Bad Good Bad Good (1,1,2)
Py Bad Bad Bad Good 0,1, 1)
Ps Good Bad Good Good (1,1, 1)

respectively. In Table 7.3, objects are classified into 5 groups Pj, P», ..., P5 by the
condition attributes C. For example, group P; is composed of objects having a con-
dition attribute tuple (cy, ¢2, ¢3, c4) =(good, good, bad, good) € V. The number
of objects in each class in each group is shown in column 4 : (b, m, g) in Table 7.3.
For example, (0,2,9) of group P; means that no object is in class Xp, 2 objects are
in class X and 9 objects are in class X.

The rough membership of an object u in each group P; to each class X with
respect to C is the number of objects in P; and X divided by the number of objects
in P;. For example, Mgh(Pl) =0/04+2+9) =0,u§ (P1) =2/(0+2+9) =
0.1818..., ,ugg(Pl) =9/(0+2+4+9) = 0.8181.... Given a condition attribute
subset A = {c1, c2}, the objects in P; and P, are indiscernible to each other. Hence,
the rough membership of an object # in P; and P, with respect to A becomes
i, (P1) = py (P) = 0/(0+21+10) = 0, uy (P) = pi (P2) = 21/(0 +
214 10) = 0.6774.. ., M?(g(Pl) = u;*(g(Pz) =10/(0 + 21+ 10) = 0.3225....

Let B = 0.39. The lower approximations and the upper approximations with
respect to C and B are obtained as follows:

LAL(Xp) = 9, UA? (Xp) = 1,
LA%(Xm) = {P,}, UAL(Xw) = (P2, P4},
LAZ(Xe) = (P1),  UAL(Xg) = (P1, P3, P4},

where we express approximations by means of groups, namely, all members of a
group P are members of an approximation X if P € X.

In VPRSM, the properties corresponding to (7.5) and (7.6) are not always satisfied.
Consequently, L-reducts, U-reducts, and B-reducts become independent concepts in
VPRSM, and there are no strong-weak relations among them.

Additionally, property (7.7) only partially holds:

% > p=U =] ualxy. (7.12)

ieVy

The union of upper approximations of all decision classes does not always equal
to U but when 1/p > B. From this fact we define an unpredictable region of d with

respect to S and A, denoted by UNPi (d), as follows:

UNP (@) = (1) NEG/, (X)),

ieVy
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equivalently,

UNPA (@) = U — | ] uaf(x)).

ieVy

The unpredictable region is the set of all objects which cannot be classified to any
decision class.

‘We can define the positive region of d with respect to 8 and A in the same manner
of RSM,

pPOS (@) = | J POS, (x0).
ieVy

The quality of classification of d can be also defined in the same manner,

IPOS”, (d))|

Bedy =
Va(d) U]

The generalized decision function in RSM can be extended in VPRSM. However,
differently from RSM, we define two functions. They are called lower and upper
generalized decision functions, denoted by A and v, respectively. For each u € U,

M) =i € Va | u, ) = 1 - B),
Vi) =i € Va | ng, ) > B).
The lower generalized decision of u is the set of the decision values to which the
membership degree of u is more than or equal to 1 — . The upper generalized
decision of u is the set of the decision values to which the membership degree of u is
more than 8. The upper generalized decision corresponds to the generalized decision
in RSM. By the definitions, the lower and upper generalized decision functions are
closely related to the lower and upper approximations,
ierfw o uelAfx)
A A L)
i e vhw) & ueUAS (X))

So, they have the inclusion relation:
Wy < . (7.13)

Any two objects in the same equivalence class take the same values of generalized
decision functions.

For each (u, u’) € Ra, A/ (u) = 2% (') and vf} () = v (). (7.14)
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The lower generalized decision function is a singleton or the empty set,
Wl < 1. (7.15)

Unlike RSM, we may have the case that the upper generalized decision of u is
a singleton, i.e., Uﬁ (u) = {i} but u does not belong to the lower approximation

LAﬁ (Xi). When the lower generalized decision is a singleton, the upper generalized
decision is also a singleton, and they are the same,

Wl =1= vfw) =28 w). (7.16)

Property (7.12) can be expressed as:

% > B=vhw) £0. (7.17)

Hence, vﬁ (u) may be empty unless g is less than %
We define a function (U\)\.)ﬁ (u) as:

W\W5 @) = Vi) \ M w).
By properties (7.13), (7.15), and (7.16), we have
W\Wh @) =0 = vl @) =dor ) # 9, (7.18)
W\WA W) # 0 = O\W)w) = vhw). (7.19)

By that property, the following equivalence holds:
i € (W\Whw) & ueBNS (X)) (7.20)

Therefore, we call (v\A) a boundary generalized decision function.

Example 8 Remember the decision table D = (U, C U {d}, {V,}) in Table7.3. Let
B = 0.39. The lower and upper generalized decision function with respect to C and
B are,

AP = (g}, AP = (m), APy =0, Ay =0, WP =0,
vl (P) = {g), vl(Py) = (m), vE(P3) = {2}, vl(Py) = (m.g}, vE(Ps) =0,

where kg(Pi) and Ug(P,-) indicate the lower and upper generalized decisions of an
object in the group P;.
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7.3.3 Structure-Based Reducts in Variable Precision
Rough Set Models

Before we define structure-based reducts in VPRSM, we firstly introduce Q-reducts.
They preserve the quality of classification with the parameter .

Definition 8 ([4, 5]) Let 8 € [0, 0.5) be an admissible error rate. A Q-reduct with
B in VPRSM is a minimal condition attribute subset A C C satisfying the following
conditions:

yhd) =yt (VPQI)
B satisfies (VPQI1) forall B D A. (VPQ2)

Remark 6 In VPRSM, approximations are no longer monotonic with respect to the
set inclusion of condition attributes. Hence, condition (VPQ1) is not monotonic with
respect to condition attributes, namely, A satisfies (VPQ1) but B O A does not. In
that case, we modify the preserving condition of reducts by adding a condition like
(VPQ2). We notice that Beynon [4, 5] originally proposed Q-reducts (the author
called them B-reducts) using only (VPQ1).

We define 4 kinds of structure-based reducts in VPRSM [20], which are already
discussed in the classical RSM.

Definition 9 ([20, 33]) Let g € [0, 0.5) be an admissible error rate.

e A P-reduct’ with 8 in VPRSM is a minimal condition attribute subset A € C
satisfying the following conditions:

POS’, (d) = POSL.(d), (VPP1)
B satisfies (VPP1) forall B D A. (VPP2)

e An L-reduct with 8 in VPRSM is a minimal condition attribute subset A C C
satisfying the following condition:

LAS (X)) = LAL(X;)  forall i € V. (VPL)

e A B-reduct with 8 in VPRSM is a minimal condition attribute subset A € C
satisfying the following conditions:

BN/ (X;) = BNA(X;) foralli € V, (VPB1)
B satisfies (VPB1) forall B D A. (VPB2)

2 Strictly speaking, P-reducts do not appear in [20].
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e A U-reduct with 8 in VPRSM is a minimal condition attribute subset A € C
satisfying the following condition:

UAS (X)) = UAL(X;)  foralli e V. (VPU)

Mi et al. [33] independently proposed L-reducts and U-reducts under the names
of lower and upper distribution reducts.
Additionally, we can define a reduct preserving the unpredictable region.

Definition 10 ([20]) Let 8 € [0, 0.5) be an admissible error rate. A UN-reduct with
B in VPRSM is a minimal condition attribute subset A C C satisfying the following
conditions:

UNP/, (d) = UNPL.(a), (VPUN1)
B satisfies (VPUNI) for all B D A. (VPUN2)

Remark 7 We modify the definitions of B- and UN-reducts from our paper [20],
because there are mistakes in Boolean functions for B- and UN-reducts. By adding the
second condition, the preserving conditions of B- and UN-reducts become monotone
with respect to the set-inclusion of condition attribute sets.

By definitions, (VPL) and (VPU) obviously imply (VPP1,2) and (VPUNI1,2),
respectively. Moreover, (VPP1,2) also implies (VPQ1,2). Hence, we have the fol-
lowing relations among different types of reducts.

Theorem 3 ([20]) Let A be a subset of C. We have the following statements in
VPRSM with a fixed parameter B € [0, 0.5),

(a) A is an L-reduct then A satisfies (VPP1,2),
(b) Aisa U-reduct then A satisfies (VPUNI,2),
(¢c) A isa P-reduct then A satisfies (VPQI,2).

Contrary to the classical RSM, (VPB1,2) is not equivalent to (VPU). In RSM, pre-
serving boundaries implies preventing ambiguity expansion, namely upper approx-
imations. However, in VPRSM, the ambiguity expansion can be prevented not
only by preserving boundaries but by preserving them with the unpredictable
region. Furthermore, we can define other compositions of different types of
reducts.

Simply combining 5 types of structure-based reducts, we obtain 25 — 1 = 31
types of reducts (ignoring (a) and (b) of Theorem 3). To reduce the number, we first
investigate relationships of preserving conditions of reducts.

Theorem 4 ([20]) Let A be a subset of C. We have the following statements in
VPRSM with a fixed parameter B € [0, 0.5),

e The conjunction of (VPBI1) and (VPP1) is equivalent to that of (VPBI1) and
(VPUN1),
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e The conjunction of (VPL) and (VPB1) is equivalent to that of (VPL) and (VPU),
e The conjunction of (VPU) and (VPP1) is equivalent to that of (VPL) and (VPU).

We define 4 different types of reducts.

Definition 11 ([20]) Let 8 € [0, 0.5) be an admissible error rate.

e An LU-reduct with 8 in VPRSM is a minimal condition attribute subset A C C
satisfying the following condition:

LAS (X;) = LAZ(X;) and UAS (x;) = UAL.(x;) foralli e V4. (VPLU)

e An LUN-reduct with 8 in VPRSM is a minimal condition attribute subset A € C
satisfying the following conditions:

LAS (X;) = LAZ(X;) foralli € V;, and UNPA, (d) = UNPL.(d),
(VPLUN1)

B satisfies (VPLUN1) forall B D A. (VPLUN2)

e A BUN-reduct with 8 in VPRSM is a minimal condition attribute subset A € C
satisfying the following conditions:

BNA (X;) = BNL(X;) foralli € V4, and UNP (d) = UNPZ (a),
(VPBUNI1)

B satisfies (VPBUNI1) forall B D A. (VPBUN2)

e A PUN-reduct with 8 in VPRSM is a minimal condition attribute subset A € C
satisfying the following conditions:

POS’ (d) = POSL.(d) and UNP (d) = UNPL.(a), (VPPUNI1)
B satisfies (VPPUN1) forall B D A. (VPPUN2)

In Fig. 7.2, we show the relationships among 9 types of reducts. Names of reducts
are abbreviated to their first characters. Reducts located in the upper part of Fig.7.2
preserve regions much more. Therefore, such reducts are larger in the sense of set
inclusion than the other reducts located in the lower part. A line segment connecting
two types of reducts implies that, for each reduct of the upper type say A satisfies
the preserving condition of a reduct of the lower one. From Fig.7.2, we know that
LU-reducts preserve regions most. On the other hand, UN-reducts and P-reducts do
not preserve many regions.

The next proposition says that composite reducts such as LUN- or BUN-reducts
can be constructed from their base reducts such as L- and UN-reducts or B- and
UN-reducts. The proposition is useful to enumerate the composite reducts.
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Fig. 7.2 Strong-weak strong LU
hierarchy of 9 types of
structure-based reducts in LUN/Blle
VPRSM l |
L B U
‘ /PUN\
weak P UN

Proposition 1 Consider two types of reducts, O-reducts and ®-reducts, and the
composition of them: O@-reducts. Let 7 and . be the set of all Q-reducts and
the set of all ®-reducts, respectively. Then the set of all O#-reducts is the set of all
minimal elements of (AU B | A € 5 and B € .%}.

7.3.4 Boolean Functions Representing Reducts

As shown above, L- and U-reducts in the classical RSM are characterized by prime
implicants of certain Boolean functions. In this section, we discuss Boolean functions
of 9 types of reducts in VPRSM. To do this, we focus on Boolean functions of reducts
pertaining to the lower approximations, the upper approximations, the boundaries,
the positive region, and the unpredictable region, since the others can be obtained by
taking conjunctions of those Boolean functions or using Proposition 1.

First, we represent the preserving conditions by the generalized decision functions.

Lemma 3 Let 8 € [0, 0.5) be an admissible error rate, and A be a subset of C. We
have the following statements:

e Condition (VPL) with B is equivalent to:
Ww =3Lw forallueu. (VPLG)
e Condition (VPU) with B is equivalent to:
Vi) = vfw) forallu e u. (VPUG)
e Condition (VPB1) with B is equivalent to:
O\Ws @) = \WEw) forallu e U. (VPBGI)
e Condition (VPP1) with B is equivalent to:

Mw =0 rw=0 foralueu. (VPPG1)
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e Condition (VPUNI) with B is equivalent to:
iy =0 s vlw)y =0 forallueU. (VPUNG1)

The next lemma is the counterpart of Lemma 2 of RSM. However, only the
sufficient condition of the lemma holds in VPRSM.

Lemmad Letu € U be an object, B € [0, 0.5) be an admissible error rate, and A
be a subset of C.

e The following assertion is a sufficient condition of Uﬁ (u) = Ug (u):
Vu' e U, Wby # vbw) = 3Fa e A, ' u) & Ria).
e The following assertion is a sufficient condition Of)\.i (u) = k’g (u):

Vu' € U, (o) #38) = Fa e A, (W' 1) & Riay).
This lemma holds due to property (7.9). Then, we have the following corollary.

Corollary 1 We have the following equivalences:

Yu e U, Ug(u) = vg(u)

& Vu,u' €U, (Vp(W) # vphw)=3a €A, (,u) & Rig)),
Vu e U, 1) = 2L.u)

S Vu,u' €U, Ww)#£10w) =>3aeA, o u) ¢ Ra.

It says that all L-reducts and all U-reducts can be enumerated by discernibility
functions. The similar result is shown in [33]. However, we do not have the same
result for (v\A) and conditions (VPPG1) and (VPUNGI).

We introduce a discernibility matrix M = (m; j)ij=1,2,....n» Where i j-entry m;; is
defined by:

mij ={c € C | a(u;) # a(u;)}.

It is the same as that of RSM. Then, we define discernibility functions corresponding
to L-reducts and U-reducts, which are denoted by F g and F é‘, respectively.

Definition 12 Let 8 € [0, 0.5) be an admissible error rate. Discernibility functions
FYand F ;; are defined as follows:

B
FP@r.ér ... 8n) = /\ \/ é,

i | b i)k ) €M



138 Y. Kusunoki and M. Inuiguchi
L,~ ~ ~ ~
Fﬂ(cl9627"'7cm)= /\ \/63
i | M) g () CEM
where, ¢; is a Boolean variable pertaining to a condition attribute ¢; € C.

Function F /y is true if and only if at least one variable ¢ in m; ; of vg (ui) # vg (u ;)
is true. While function F ;; is true if and only if at least one variable ¢ in m;; of
WP i) # 2Lwj) is tue.

Remember that we associate A € C with a Boolean vector ¢4 = (Ef‘, Eg‘, o, E,/},)
as follows:
EA o 1 Ck € A7
k 0 otherwise.

Then, we can prove the next theorem from Corollary 1. Remember that ¢4 is the
term Af{dla € A}.

Theorem 5 ([20, 33]) Let A be the subset of C, and f € [0, 0.5) be an admissible

error rate. We have the following equivalences:

e A satisfies (VPUG) as well as (VPU) with B if and only if F /éj (¢%) = 1. Moreover,
A is a U-reduct with B if and only if ¢4 is a prime implicant of FY,

e A satisfies (VPLG) as well as (VPL) with B if and only szfI; (@) = 1. Moreover,
A is an L-reduct with B if and only if ¢ 4 is a prime implicant of Fé‘

For the preservation of the boundaries, the positive region, and the unpredictable
region, we cannot use discernibility function approach. Because we cannot obtain a
preserving subset A C C by determining which pairs of objects should be discerned.
For example, consider a decision table below.

c1 23X Xo X3
Pil00OO0|4 0O O
P00 1|0 2 0
P30 1 0|0 0 1
Pyl 101 1 1

There are 3 condition attributes C = {c1, c2, c3} with the value set V = {0, 1},
and 3 decision classes X1, X2, X3. Py, P>, P3, P4 are sets of objects, where members
of each set have the same condition attribute values. The distribution of the decision
classes on each set P; is shown in the table, for instance the distribution on P; forms
| X1N Pl =4,|X2N P =0,and | X3 N P;| = 0. Consider P-reducts with 8 = 0.4.
The positive region of the table is POS’(’; (d) = P U P, U P3. When we can make P;
and P, be indiscernible and combine P; U P,, the positive region is still preserved.
Because the distribution on P1 U Py is (X1, X2, X3) = (4,2,0),and ux, (P1UP>) =
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2/3 > 0.6. Similarly, we can make the pair of P and P3 and the pair of P, and P3 be
indiscernible. However, when we make all of Py, P>, and P3 indiscernible, and select
{c1} as a reduct, Py U P, U Pj3 falls outside of POSfCI}(d), because the distribution
is (X1, X2, X3) = (4,2, 1), and puy, (P11 U P, U P3) =4/7 <0.6.

To overcome that difficulty, for each type of reducts, we consider two approximate
discernibility functions F, s and Fg: B: Fﬁ characterizes a sufficient condition of the
preservation and F s characterizes a necessary condition.

First, we discuss discernibility functions characterizing sufficient conditions. By
Theorems 3 and 4, we know that F ;3L’ F E , and FﬁLU = Fp% AF ; are discernibility
functions of sufficient conditions for B-reducts, P-reducts, and UN-reducts with S.

Deﬁnltlon 13 Let B8 € [0, 0.5) be an admissible error rate. Discernibility functions
FB 5> F P and F FUN are defined as follows:

B _ L U P _ L UN U

Clearly, we have the following proposition.

Proposition 2 ([20]) Let A be a subset of C, and B € [0, 0.5) be an admissible
error rate. We have the following implications:

° IfI:"/é3 (¢4) = 1 then A satisfies (VPB1) and (VPB2) with B,
o If Ff (&) = 1 then A satisfies (VPP1) and (VPP2) with B,
o IfF;JN (%) = 1 then A satisfies (VPUN1) and (VPUN2) with p.

Next, let us discuss a discernibility function characterizing a necessary condition.
Consider necessary discernibility functions for P-reducts. In the sufficient discerni-
bility function F P = FL , pairs of obj ects included in the positive region are discerned
when they have different values of A . However, such pairs are not necessarily dis-
cerned because there may be a P- reduct such that some of pairs become indiscernible.
On the other hand, for each pair u; and u , if they are excluded from the positive
region of the common condition attributes, i.e., C \ m;;, they should be discerned
because no subset A C C \ m;; satisfies (VPP1) and (VPP2). From this consider-
ation, discernibility functions characterizing necessary conditions for preservation
of the boundaries, the positive region, and the unpredictable region are obtained as
follows.

Definition 14 Let 8 € [0, 0.5) be an admissible error rate. Moreover, let ¢; be a
Boolean variable pertaining to a condition attribute ¢; € C. Discernibility functions
FﬁB, FE, and FEN are defined as follows:

FR@.é.....ém= N \ ¢

(i,j)eAg CEmij

Fy@nén....em= J\ \ ¢

(G, j)eay M
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NG an= N\ @

(i, )eAgN CEMij
where,

W\WE(u) # W\WEuj), or
(i, ) € A & J\WE@i) = \Wpuj) =¥
and W\, (1) = O\W,,, @0)) # 9,

M) # 9 and 2wy =9, or
(i, j) € A & 13l (ui) = Pand AL(u)) # 0, o
M) £ 0, Ww;) # 0, and A’g\mu (u;) = A{é\mﬁ W) =9,

VB ) # ¥ and vl (uj) = 0, or
(i, ) € AYN & Jvbu) =P and vl(uj) # 0, or
vg(ui) #0, Ug(uj) # @, and Ug\m,»,- (u;) = Ug\mij (uj) = 9.

Proposition 3 Let A be a subset of C, and B € [0, 0.5) be an admissible error rate.
We have the following implications:

° Ifﬁ}; (1) = 0 then A does not satisfy (VPB1) or (VPB2) with B,
o Ifﬁ}; (%) = 0 then A does not satisfy (VPP1) or (VPP2) with B,
o If FEN (¢4) = 0 then A does not satisfy (VPUN1) or (VPUN2) with B.

From Proposition 3, we know that any prime implicant of each of F 15133’ F /g , and

FIN can be a subset of some reduct of the corresponding type.

Combining Propositions 2 and 3, we have the following theorem.
Theorem 6 Let A be a subset of C, and p € [0, 0.5) be an admissible error rate.
Let 9}13?’, Wg and WEN be the sets of condition attribute subsets corresponding to
the prime implicants of F /?’ F ; , and F /},JN, respectively. Moreover, let 35}33 , 35;; and
@gN be the sets of condition attribute subsets corresponding to the prime implicants

of FB F g ,and F éJN, respectively. Then, we have the following implications:

o If A is a B-reduct with B then A € {B C C | B 2 B’ for some B’ € '@E and
B 2 B' forany B" € @g},

o If A is a P-reduct with B then A € {B C C | B 2 B’ for some B’ € 355 and
B 7 B” forany B” € 32}3)},

o If A is a UN-reduct with 8 then A € {B C C | B 2 B’ for some B' € @EN and
B 7 B” forany B" € @}SJN}.
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’!‘ablg 74 D iscemibﬂi.ty Reduct | Discernibility function(s) Exact/approximate
functions related to 9 kinds of T
reducts F, B Exact
U F ; Exact
B (FB, F}; A F}y) Approximate
P (I*V“ PF g“) Approximate
UN (ﬁ EN, F g ) Approximate
LU Fy A Fy Exact
PUN (I:"; A I:";N, FﬂL A Fléj) Approximate
LUN (F§ A FINFE A FY) Approximate
BUN (FPAF FE A FY) Approximate

The obtained discernibility functions are shown in Table 7.4. In the case of approx-
imate discernibility functions, the first function in the parenthesis characterizes
the necessary condition of the preservation and the second function characterizes
the sufficient condition. The discernibility functions related to LU-reducts, LUN-
reducts and BUN-reducts can be obtained by taking the conjunctions of discernibil-
ity functions related to L-reducts, U-reducts, B-reducts and UN-reducts. Note that
ﬁg A ﬁ/;JN = (Fy A FJ)) A FJ = F A F. This is why we have Fi A F as
the discernibility function characterizing a sufficient condition for the preservation
of BUN-reducts.

Example 9 Remember the decision table D = (U, CU{d}, {V,}) in Table 7.3. Letan
admissible error rate be 8 = 0.39. In Table 7.5, we show the decision table with three
generalized decision functions A%39, vg'39, (U\)\)%” withrespectto C and 8 = 0.39.

Now let us enumerate reducts as prime implicants of discernibility functions. First
let us discuss L-, U- and LU-reducts with 8 = 0.39. The discernibility matrix of the
decision table is shown as below.

Py P P3 Py Ps
P 9 {c3, ca} {1} et e} {ez,c3)
P |{c3, c4} 9 {c1,c3,¢c4) C {c2, c4)
P3| {c1} {c1,c3,c4} ] {c2} A{c1,c2,c3}
Py|{c1, c2} C {c2} 0 {c1, ¢3)
Ps|{ca,c3} {ca,ca} {c1,c2,c3} {c1,c3) 0

Table 7.5 The decision table in Table 7.3 with the generalized decision functions

cl c c3 c4 d:(b,m,g) Ag ug'39 (v\k)%39
Py Good Good Bad Good (0,2,9) {g} {g} [
P Good Good Good Bad (0,19,1) {m} {m} (%)
P Bad Good Bad Good (1,1,2) (] {g} {g}
Py Bad Bad Bad Good (0,1,1) (] {m,g} {m,g}
Ps Good Bad Good Good (1,1,1) [ [ [}
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From the table, we obtain F&39 and F(}gg as follows:

F&.39(51’52a 53, 54): /\ \/ EA \/ z

i=1,2,j=3,4,5cem;; ceEmM)
= (C AN (C2VE3) A(C2V Cq) N (C3V Ca)
(i NCyAC3)V (€I ACay ACy)V (C1 AC3ACy),
Fiso (@1, 62,3, 8) = N \ é
@@, )eltk,DIkAN{(1,3),3,1)} c€mij
= (C2) AN (C1V E3) A(C3V Cq) = (C2 AC3) V (C1 A C2 A Cy).

- LU ..
We obtain Fy3, as:

F§50(81, 62, 83, 84) = FR(E1, &2, &, 84) A FY (1, 62, 83, Ca)
= (1) A () A(E3VEy) =(CL AC2AC3) V (ClL ACaACs).
Therefore, L-reducts are obtained as {ci, ¢, c3}, {c1, c2, c4} and {cy, c3, c4}.
U-reducts are obtained as {c, c3} and {ci, ¢, c4}. LU-reducts are obtained as
{c1, c2, c3} and {cy, ¢, c4}. Note that {cp, ¢3} is not an L-reduct but a U-reduct.
This is very different from the relation between L- and U-reducts in the classical

RSM, i.e., in the classical RSM, a U-reduct includes an L-reduct but an L-reduct
never includes a U-reduct.

Now let us discuss B-, P-, UN-reducts with 8 = 0.39. We can obtain ogly approx-
imations of those reducts. To this end, let us get discernibility functions F(%3_39, F(f 39>

and F&%. For B-reducts, considering the second condition of Ag.39’ check each pair
P; and P; such that (V\M)%°(P,) = @ and (L\V)2(P)) = 0.

W\D) G (P1) = W\, (P2) = B, (0\DE, (P1) = W\ME, (Ps) =1,
(VN Emas (P2) = (V\R) Gy (P5) = 0.

For P-reducts, check each pair such that A%39(Pi) # () and A%39( Pj) # 0.
)‘%ir?m(Pl) = )“(()53,?1,2(1’2) = {medium}.
Finally, for UN-reducts, check each pair such that % (P;) # ¢ and v2¥(P;) # 0.

Uiy, (P = Vg0, (P2) = {medium}, vy (P1) = vy, (P3) = {good},
Uiy (P = 0G0, (Pa) = {good},  vgdy (P2) = v, (P3) = {medium},

Uiy (P2) = 0830 (Py) = {medium}, 030 (P3) = vgidy (Pa) = {good}.
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. eg eqe . VB VP VUN . .
Therefore, discernibility functions Fysg, F{) 39, and Fy3q are obtained as:
e . o
Fys9(C1,C2,C3,C4) = /\ \/ CA \/ c=C1NC,
i=1,2,5,j=34cem;; cemsy

AN Vi=@r@va) a@va

i=1,2,j=3,4,5cemij

o
Fy39(C1, C2, C3,C4)

= (C1 AC2) V (€1 AC3 A C4),
SUN (x ~ ~ = s x s~ S~
FyRo@1,8,63,8) = N \ E=@VEa)A@VEa) A @V E)
i=1,2,3,4,j=5 cem;;
=(CIAC) V(Ca AC3)V (C3 NACq).

Because I:“g” = ng39 A F&J” = (C1 AN Cy AC3) V C1 A C2 A C4), the candidates
of B-reducts are,

{c1, 2}, {c1,c2,c3}, {c1,ca, ca}.
We can see that all of those satisfy (VPB1), hence, {c1, c2} is the unique B-reduct.
Because ﬁg&g = F&‘39 = (Cy ANC2 AC3)V (CIL ACay ACy)V (CI AC3 A Cyq), the
candidates of P-reducts are,

{c1, 2}, {c1,c2,¢3), {c1,c2,ca}, {c1,c3,ca}
Also, in that case, all candidates satisfy (VPP1), hence, {c1, c2} and {c1, c3, c4} are
P-reducts. Similarly, the candidates of UN-reducts are,

{c1, 2}, {ca, 3}, {cz,cab, {ci,ca,ca}, {c1,c3,ca},
and all candidates satisfy (VPUNI1), hence, {c1, c2}, {c2, c3}, and {c3, ca} are
UN-reducts.

All reducts are arranged in Table 7.6. We can observe that several kinds of reducts
are different. In this example, each L-reduct is also an LUN-reduct and vice versa.
Such an equivalence holds in this example but not always.

In this example, we would select {cy, ¢2, c3} or {c1, ¢2, c4} to preserve all struc-
tures. Additionally, c; and ¢, appear in many other reducts. Whereas, we would
select U-reduct {c;, c3} to reduce the size of the reduct.

Table 7.6 All obtained

] - Type Reducts

reducts with 8 = 0.39 in

Table7 3 L-reduct {c1, c2, c3}, {c1, €2, ca}, {c1, €3, ca}
U-reduct {c2, ¢3}, {c1, ¢2, ca}
LU-reduct {c1, €2, e3}, {c1, 2, ca}
B-reduct {c1, 2}
P-reduct {c1, 2}, {c1, ¢35, cq)
UN-reduct {c1, c2}, {2, 3}, {c3. c4}
LUN-reduct {c1, 2, c3}, {c1, 2, ca}, {1, €3, ca}
BUN-reduct {c1,c2}
PUN-reduct {c1, e2}, {c1, 3, ¢4}
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7.4 Structure-Based Attribute Reduction
in Dominance-Based Rough Set Models

7.4.1 Decision Tables Under Dominance Principle
and Dominance-Based Rough Set Models

In Dominance-based Rough Set Model (DRSM), known as Dominance-based Rough
Set Approach [16, 18, 49], decision tables with order relations are analyzed. Let
D = (U,AT = C U {d}, {V,}aear) be a decision table. The attribute set AT is
partitioned into AT y and AT ¢, where AT y is the set of nominal attributes and AT ¢
is the set of criteria (ordinal attributes). For a criterion a € AT ¢, we suppose a total
order > on its value set V,,. Moreover, all criteria are of the gain-type, i.e., the greater
the better. We assume that the decision attribute d is a criterion.

In DRSM, it is supposed that if an object u is better than or equal to another
object u’ with respect to all condition attributes, then the class of u should not be
worse than that of u’. This is called the dominance principle [16].

Remark 8 The setting of DRSM is considered as the monotone or ordinal classifi-
cation problem [2, 3, 32], where classifiers are restricted to be monotonic. Let f be
a classifier, which assigns to each object u a class label (decision class value) f(u).
The classifier f is monotonic if for any object pair u and u’, we have u < u’ implying
f(u) < f(u'). In this chapter, however, we do not discuss classifiers nor algorithms
for building classifiers.

Remark 9 We assume the total order, i.e., antisymmetry, transitivity, and, compara-
bility, on the value set V,, of each condition criteriaa € AT ¢ NC. However, regardless
of comparability, the result of this section can be applied without modification. Addi-
tionally, we assume that all criteria are of the gain-type. However, in applications, we
may encounter cost-type criteria, i.e., the smaller the better. For a cost-type criterion,
we can deal with it as the gain-type by reversing the order of its values.

Remark 10 Generally, there is more than one decision attribute in a decision table.
In such a case, the set of decision classes (the partition of objects by the decision
attributes) is partially ordered, while it is totally ordered in the case of a single decision
attribute. In this section, we focus on the case of a single decision attribute (more
generally, the case when the decision classes form a totally ordered set), however,
the results of this section could be straightforwardly extended to that of multiple
decision attributes.

For A C C, a dominance relation D4 on U is defined by:
Dy = {(u, Wye Ula(u) > a@'),Ya € ATe N A
anda(u) = a(u'),Ya € ATy N A}.

D4 satisfies reflexivity and transitivity. When (u, u’) € D4, we say that u domi-
nates u’ with respect to A. The relation (u, u’) € D4 means “u is better than or equal
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to u’ with respect to criteria A”. For u € U, its dominating set and its dominated set
with respect to A are defined, respectively, by:

Diw)={u' €U | @ u)e Dyu},
Dy () ={u' €U | (u,u’) € Dy

The dominating set Dj\'(u) (resp. the dominated set D, (u)) is the set of the objects
dominating (resp. dominated by) u under A.

Since decision classes are ordered X; < X2 < --- < X, one can define an
upward union of decision classes X IZ and a downward union of decision classes X f
with respect to each class X;, i € Vy, as follows:

x7=Jx;. x7=Jx;
Jj=i J<i

For convenience, X = X§+1 = . Wehave X7 =U \ X |.

Example 10 Consider a decision table D = (U, C U {d}, {V,}) given in Table7.7.
This table shows student evaluation in a school. The objects are seven students, i.e.,
U = {uy,uy,...,u7}. The condition attributes are scores of mathematics (Ma),
physics (Ph) and literature (Li), while the decision attribute (d) is a comprehensive
evaluation (E). Namely, C = {Ma, Ph, Li} and d =E. We may assume that the better
scores in all subjects student takes, the better comprehensive evaluation he/she gets.

Let A ={Ma, Ph}. The dominance relation Dy4 is described as the following
matrix. Symbol * indicates that the corresponding row object u#; and column object
u; is in the dominance relation, i.e., (u;, u;) € Da.

Ul U2 U3 U4 U5 U U7
uplx sk % x 3k 3k

up |k * %k %k sk 3k %
us3 * ok ok ok ok
uq * *
Us Xk ok
Ug * k%
u7z %
Table 7.7 A decision table Student Ma Ph Li E
of student records
up Good Good Good Good
uy Good Good Med Med
us Med Good Med Good
Uy Bad Med Good Med
us Med Bad Med Bad
Ue Med Bad Bad Med
u7y Bad Bad Bad Bad
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For each object u; € U, symbols x in the row of u; indicate the objects in
D~ (u;), while symbols * in the column indicate the objects in D (u;). For example,
D™ (u3) = {u3, u4, us, ug, u7} and DV (u3) = {uy, uz, uz}.

There are three decision classes Xy = {us, u7}, Xm = {u2, u4, ug} and Xy =
{u1, usz} for bad, med and good, respectively. The upward and downward unions of
those decision classes are,

>
Xy =U, Xg={ur,uz,u3,us,ue}, Xg ={ur,us},

<
Xy = {us,u7}, X5 = {uz, us, us, u,u7}, Xz =U.

Given a decision table, the inconsistency with respect to the dominance principle
is captured by the difference between upper and lower approximations of the unions
of decision classes. Given a condition attribute set A C C, and i € Vy, the lower
approximation LA 4 (X I.Z) and the upper approximation UA 4 (X l.Z) of X lz are defined,
respectively, by:

LAA(X]) = (u € U | D} (w) € X[},
UAA(X?) ={u e U| D ) NX7 #0}.

Similarly, the lower approximation LA 4 (X l.f) of X 15 and upper approximation
UAs(X l.f) are defined, respectively, by:

LAA(X7) = {u e U | Dyw) € X7},
UAA(X7) = {u e U | D (u) N X7 # o).
<
i—1
i.e., there exists no evidence for u € X i] in view of the monotonicity assumption.
Therefore, we can say that u certainly belongs to X ZZ . On the other hand if u belongs to
UA4s(X l.Z) then u is dominating an object belonging to X l-Z, i.e., there exists evidence
foru e X lz in view of the monotonicity assumption. Therefore, we can say that u
possibly belongs to X ,Z The similar interpretations can be applied to LA 4 (X f) and
<

UAA(X]).

The difference between the upper and lower approximations is called a boundary.
The boundaries of an upward union X ZZ and a downward union X if, denoted by
BN4(X7) and BN 4 (X["), are defined by:

If u belongs to LA 4 (X l.Z) then all objects dominating # do not belong to X

BNA(X]) = UAA(X]) \LAA(X]),
BN4(X7) = UA4(X7) \LAA(X)).

Objects in the boundary region of an upward or downward union are classified
neither to that union nor to the complement with certainty.
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Example 11 Remember the decision table D = (U, C U {d}, {V,}) in Table7.7. Let
A ={Ma, Ph}. The lower and upper approximations of the upward and downward
unions with respect to A are obtained as follows.

LAA(Xy) = U, LAA(X7) = {ur, uz, u3,us}, LAAXF) =0,
LAA(Xp) = {u7), LAA(XZ) = {ua, us, ug, u7}, LAA(X7) =U,
UAA(Xp) = U, UAA(X3) = U\ f{uz), UAA(XF) = {u1, uz, u3},
UAA(X5) = {us, u, uz}, UAA(X7) =U, UAa(X5)=U.

Now, we remember properties of approximations [16, 18, 31]. By the boundary
conditions of X= and X<,

UAA(XT) =LAA(XT) = U, UAA(X3) =LAs(X;) =U,

UAA(X5, ) =LAA(X,, ) =0, UAL(X5) =LAA(Xg5) =0.  (721)

Let A € C andi € V;. Similarly to RSM, there exist inclusion relations between
each union of decision classes and its lower and upper approximations.

LAAX7) € X7 CUAAX])), LAA(XD) € X7 CUAAX)). (722

Approximations are expressed by unions of dominating or dominated sets,

LAsXP) = |J piw= J Diw,

Df(w)SX? ueLAa(X7)
tAmxp) = | bpiw= |J Dpiw,
D, (WNXZ 7Y ueUA4(X7)

LA (xH = | piw= |J Diw.
D, (w)CSX7 ueLAa(X7)

A xpH= |y byw= |J Diw.
D (wNXZ#0 ueUA4(X7)

There exists duality of lower and upper approximations.

UA4(X7) = U \LAA(XZ ), UAA(X]) =U\LAs(X7 ). (7.23)

So, the upper approximations of the pair of complementary unions of decision classes
form a cover of U:

UAA(X7)UUAL(XS ) =U. (7.24)
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By the duality of lower and upper approximations, the boundaries of the pair of
complementary unions are the same,

BNA(X7) = BNA(X" ). (7.25)

Lower and upper approximations can be expressed by boundaries. That is useful
for investigating relations between different types of reducts:

UAA(X7) =BNA(X7) U X7, UAL(XT) =BNa(X7)UXF, (7.26)

LAA(X7) = X7\ BN4(X7), LAA(X7) = X7\ BNA(XD). (7.27)

Let A, B C Candi, j € V4. Then, we have the following monotonicity proper-
ties:

J =i = LAAX7) SLAAX]), UAA(X7) CUAAXD),  (7.28)

j =i = LAAX}) SLAAXY). UAAXT) S UALXY).  (729)

B C A= LAp(X;) SLAA(X7), LAp(X)) SLAAXD),  (7.30)

B C A= UAg(X7) 2 UAA(X7), UAp(X]) D2 UAAXY). (731

Those are important for defining and enumerating reducts.

Furthermore, the authors proposed lower and upper approximations and boundary
regions of decision classes [31]. For A € C and i € Vy, lower and upper approxi-
mations of X; and the boundary region of X; are defined by:

LA4(X;) = LAA(X7) NLAA(X)),
UA4(X;) = UAA(X7) NUAL(XD),
BNA(X;) = UA4(X;) \ LAs(X;).

This definition is an analogy to X; = X IZ nx IS
Let A € C andi € V. The upper approximations of X lZ and X IS are represented
by upper approximations of decision classes:

UA4(X7) = UUAA(Xj), (7.32)
Jj=i

UAA(X7) = | UAA(X)). (7.33)
j<i

The boundary of X; is the union of the boundaries of X lZ and X if,

BN4(X;) = BN4(X7) UBNA(XD). (7.34)
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Approximations of decision classes have similar properties as those of unions of
decision classes:

LAA(X;) CX; C UAA(X)), (7.35)
UA4(X;) =BNs(X;) U X;, (7.36)
LAA(X;) =X; \ BNa(X)). (7.37)

The next properties are analogies to (7.6) and (7.5) of the classical RSM.

BNA(X;) = UAA(X;) N UUAA(Xj), (7.38)
J#i
LAA(X) = U \ U UAA(X ). (7.39)
J#i

We define the positive region for the decision table in DRSM:

POS4(d) = U LAA(X)).

ieVy
The complement of the positive region is exactly the union of all boundaries,

U\POSA(d) = | ] BN4(X)). (7.40)

ieVy

Moreover, the approximations are also monotone with respect to the inclusion
relation between condition attribute sets. Let A, B C C andi € V.

B A= LAp(Xi) CSLAA(X), UAp(Xi) 2 UA4s(X)). (7.41)
The generalized decision function proposed by Dembczyriski et al. [10] also plays
an important role for Boolean reasoning in DRSM. It provides an object-wise view

of DRSM. Let A C C and u € U, generalized decision of u with respect to A is
defined by §4 (1) = (la(u), us(u)), where

Ia(u) = min{i € V; | DY) N X; # 0},
ua(u) = max{i € Vg | D, () N X; # @}

84 () shows the interval of decision classes to which x may belong. /4 (1) and u 4 (1)
are the lower and upper bounds of the interval. Obviously, we have

[a(u) < up(u). (7.42)
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la(u) and u4(u) are monotone with respect to the inclusion relation between
condition attribute sets. Namely, for B, A € C and u € U, we have

BCA=lipgu) <ls(u), up(u)=us(u). (7.43)

Leti € Vg, using the generalized decision function, the lower and upper approx-
imations of unions are represented as:

LAAXD) ={u e U |la@) =i}, UAAXD) ={uecU|ualu) =i}, (7.44)
LAAXD) ={u e U lua) <i}, UAAXD) ={ueU|ls(u) <i}. (7.45)

We can represent approximations of classes using the generalized decision,

LAA(X) ={u € U | Ia(u) = up(u) =i}, (7.46)
UAA(Xi) ={u e U | la(u) =i <ua(u)}, (7.47)
BNA(Xi) ={u e U |la(u) =i <ua(w), la) <ua(w}.  (7.48)

Example 12 Remember the decision table D = (U, C U {d}, {V,}) in Table7.7. Let
A ={Ma, Ph}. The generalized decision function 64 with respect to A is obtained
as follows:

Sa(u1) = (med, good), 84(u2) = (med, good), 4 (u3) = (med, good),

84 (ug) = (med, med), d4(us5) = (bad, med), 6&4(ug) = (bad, med),

84 (u7) = (bad, bad).

7.4.2 Structure-Based Reducts in Dominance-Based
Rough Set Models

Before defining structure-based reducts in DRSM, we introduce a notion of reducts
preserving the quality of sorting, proposed by Susmaga et al. [49]. For A € C, the
quality of sorting y4(d), which is the counterpart of the quality of classification in
the classical RSM, is defined by:

U — Usey, BNAXDI U = Ujey, BNa(X))]
U U '

ya(d) =
By (7.34) and (7.40), we can see that y4 (d) is related to the positive region of DRSM,

U~ Uiey, BNAXDI U = Ujey, BNAX)I _ [POS4(d)|
U] U| U|

vald) =

We call this type of reducts Q-reducts.
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Definition 15 ([16, 49]) A Q-reductin DRSM is a minimal condition attribute subset
A C C satisfying the following condition:

ya(d) = yc(d). (DQ)

Now, we introduce structure-based reducts in DRSM. Lower and upper approx-
imations and boundary regions of upward and downward unions can be considered
as a structure over a given object set U. From this point, we define 7 union-structure-
preserving reducts. The following reducts are conceivable.

Definition 16 ([25, 52]) We define 7 types of reducts as follows.

e An L=-reduct in DRSM is a minimal condition attribute subset A C C satisfying
the following condition:

LAA(X7) =LAc(X;) foralli € Vy. (DLZ)

e An L=-reduct in DRSM is a minimal condition attribute subset A C C satisfying
the following condition:

LAA(X7) =LAc(X7) foralli € Vy. (DLS)

e A U=-reduct in DRSM is a minimal condition attribute subset A C C satisfying
the following condition:

UAA(X7) =UAc(X7) foralli € Vy. (DUZ)

e A U=-reduct in DRSM is a minimal condition attribute subset A C C satisfying
the following condition:

UAA(X7) = UAc(X7) foralli € Vy. (DUS)

e An L°-reduct in DRSM is a minimal condition attribute subset A C C satisfying
the following condition:

LAA(X7) =LAc(X7) and LA4(X7) = LAc(X7") foralli € V4. (DL®)

e A U°-reduct in DRSM is a minimal condition attribute subset A C C satisfying
the following condition:

UA4(X7) =UAc(X7) and UAA(X]) = UAc(X7) foralli € V4. (DU®)

e A B°-reduct in DRSM is a minimal condition attribute subset A C C satisfying
the following condition:
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BNA(XI.Z) = BNC(XI.Z) for all i € Vy, or equivalently, (DB®)
BN4(X:) =BN¢(X7) forall i € V,.

Yang et al. [52] independently proposed four kinds of reducts in DRSM with
unknown attribute values, which are application of distribution reducts of Mi
et al. [33]. Those reducts preserve lower/upper approximations of upward/
downward unions. Hence, they correspond to L=-, L=-, UZ-, and U=-reducts of
ours. However, Yang et al. did not consider boundaries and combinations of differ-
ent types of reducts.

From (7.23), we know that (DL=) and (DU=) are equivalent. Similarly, (DL=)
and (DUZ) are also equivalent. Therefore, (DL®) is equivalent to (DU®). Moreover,
since condition (DL®) implies conditions (DL=) and (DL=), any L°-reduct satisfies
(DLZ) and also (DL=). Similarly, since condition (DU®) implies conditions (DUZ)
and (DU=), any U®-reduct satisfies (DUZ) and also (DU=). Therefore, we have the
following theorem.

Theorem 7 ([25, 52]) Let A be a subset of C. The following statements hold.

A is a U=-reduct if and only if A is an L=-reduct.

A is a U=-reduct if and only if A is an L=-reduct.

A is a U®-reduct if and only if A is an L°-reduct.

A is a B®-reduct if and only if A is an L°-reduct.

If A is an L°-reduct then A satisfies (DL=), (DL=), (DUZ), and (DU=).

As the result of the discussion, we obtain 3 different types of reducts based on
the structure induced from rough set operations on unions. They are represented by
L=-reduct, L=-reduct and L°®-reduct.

Now, we are ready to define other types of structure-based reducts, considering
approximations of decision classes. The first kind of reducts, called L-reduct, pre-
serves the lower approximations of decision classes, the second kind of reducts,
called U-reduct, preserves the upper approximations of decision classes, the third
kind of reduct, called B-reduct, preserves the boundary regions of decision classes,
and the fourth kind of reduct, called P-reduct, preserves the positive region. They are
parallel to L-, U-, B-, P-reducts discussion in the classical RSM.

Definition 17 ([31]) We define four types of reducts as follows.

e An L-reduct in DRSM is a minimal condition attribute subset A C C satisfying
the following condition:

LAA(X;) = LAc(X;) foralli € V,. (DL)

e A U-reduct in DRSM is a minimal condition attribute subset A C C satisfying the
following condition:

UAA(X)) = UAc(X;) foralli € Vj. (DU)
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e A B-reductin DRSM is a minimal condition attribute subset A C C satisfying the
following condition:

BN4(X;) = BN¢(X;) foralli € V,. (DB)

e A P-reduct in DRSM is a minimal condition attribute subset A C C satisfying the
following condition:

POS4(d) = POSc¢(d). (DP)

From the properties of approximations of decision classes, we have the following
theorem.

Theorem 8 ([31]) Let A be a subset of C. We have the following assertions:

(a) A is a B-reduct if and only if A is a U-reduct,
(b) Ais a P-reduct if and only if A is an L-reduct,
(c) If Ais a U-reduct then A satisfies (DL).

Consequently, we have only 2 kinds of class-structure-based reducts: L-reducts
and U-reducts (or B-reducts). This result is also parallel to the result in RSM.

Let us discuss relations of the union-based reducts, the class-based reducts, the
Q-reducts. We have the following theorems.

Theorem 9 ([31]) Let A be a subset of C. We have the following assertions:

(a) A is an L°-reduct if and only if A is a U-reduct,
(b) Aisa Q-reduct if and only if A is an L-reduct.

Additionally, we propose two more types of reducts, which are compounds of
L- with L=- and L=-reducts, respectively.

Definition 18 We define two types of reducts as follows.
e AnLL=-reductin DRSM is a minimal condition attribute subset A C C satisfying
the following condition:

LAA(X;) =LAc(X;) and LAy (X7) = LAc(X7) foralli € V;. (DLL?)

e A LL=-reduct in DRSM is a minimal condition attribute subset A C C satisfying
the following condition:

UA4(X;) = UAc(X;) and LA (X7) = LAc(X7) foralli € V. (DLL®)

As a result, all types of reducts proposed in DRSM are arranged in Fig.7.3.
Consequently, there exist six different kinds of reducts, i.e., U-reducts (B-reducts, L.°-
reducts, U®-reducts, B®-reducts), LL=-reducts, LL=-reducts, L-reducts (P-reducts),
L=-reducts (U=-reducts) and L=-reducts (U=-reducts) in DRSM.
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Fig.7.3 Strong-weak hierar- strong o o o
chy of reducts in DRSM L <:>U/<:>B<U<:>B
L1z LLS

/NN

weak LZ<:>US LsP L§<:>UZ

7.4.3 Boolean Functions Representing Reducts

Because Boolean reasoning is a popular approach to enumerate all reducts of each
type in rough set literature, some authors already showed Boolean functions repre-
senting their own types of reducts [49, 52]. On the other hand, the authors proposed
a unified formulation of Boolean functions for all types of reducts using the general-
ized decision function in [31]. We only discuss Boolean functions for L=-, L=- and
L-reducts, because U-reducts, LL=-reducts, LL=-reducts, and their equivalences can
be computed from L=- and L=-reducts or their Boolean functions.

We represent preserving conditions of reducts by those of the generalized decision
function.

Lemma 5 ([31]) Let A be a subset of C. We have the following assertions.
e Condition (DLZ) is equivalent to:
la(w) =I1c(m) forallu eU. (DIG)
e Condition (DL=) is equivalent to:
ua(w) =uc) forallueU. (DuG)
e Condition (DL) is equivalent to:
Sa(m) =68cw) forallu € U such that lc(u) = uc(u). (DLG)

The next lemma is parallel to Lemma 2 of RSM. It also connects two notions:
“preserving” and “non-dominating”.

Lemma 6 ([31]) Let u € U. The following assertions are equivalent.

o [a(u) =lc(u).
e Vu' e U, (lc(u) <lc(u)=3acA, (,u)¢& D).

Moreover, the following assertions are also equivalent.

o ua(u) =uc(u).
e V' e U, (ucw) >ucw)=3acA, (u,u’) ¢ D).
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Now we are ready to define a non-domination matrix, instead of the discernibility
matrix of RSM. The non-domination matrix M = (m;;); j=1,2
defined as follows:

.....

mij ={ceC|(uj,u;) & Dy}

Based on M, we define four non-domination functions.

Definition 19 Non-domination functions F=, F= and F are defined as follows.

F2@....ém = N V&

i’juc(uj)<lc(u,') cemij

FE@,...,8n) = A\ V &

i jluc(uj)>uc(u;) CEM ji

FL@.....éem= N A Vién A \V é|l.

idde(xp)=uc(xi) \JjllcWj)<lc(u;) c€Mij Jlucuj)>uc(u;) c€EMji

where ¢; is a Boolean variable corresponding to ith condition attribute c;.

From Lemma 6, we have the following theorem. Let A € C. Remember that ¢
is a Boolean vector such that ith element EiA is true iff ¢; € A, and ¢4 is the term

N{Clc € A}.

Theorem 10 ([31, 49, 52]) Let A be a subset of C. We have the following equiva-
lences:

e A satisfies (DIG), i.e., (DLZ) if and only if FZ(%) = 1. Moreover, A is an
L=-reduct in DRSM if and only if ¢ 4 is a prime implicant of F=,

e A satisfies (DuG), i.e., (DL=) if and only if F=(*) = 1. Moreover, A is an
L=-reduct in DRSM if and only if ¢  is a prime implicant of F=,

e A satisfies (DLG), i.e., (DL) if and only ifFL (¢4) = 1. Moreover, A is an L-reduct
in DRSM if and only if ¢4 is a prime implicant of F".

From Theorem 10, all L=-, L=- and L-reducts can be obtained as all prime impli-
cants of Boolean functions F~, F= and F, respectively.

The proposed non-domination matrices have an advantage when compared with
the previous ones. We need to calculate neither lower, upper approximations nor
boundary regions of unions but only the lower bounds /¢ and the upper bounds u¢
of all objects. Namely, the computation of the proposed approach is free from the
number of decision classes.

Example 13 Remember the decision table given D = (U, CU{d}, {V,}) in Table 7.7.
In Table 7.8, we show again ID with the lower bounds /¢ and the upper bounds u¢ of
the generalized decisions of the objects which appear in the rightmost two columns
of the table. To obtain /- (u;) and uc (u;), we search the minimum class in Dé’ (u;)
and the maximum class in D (u;), respectively.
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Table 7.8 The decision table

. ) Student | Ma Ph Li E 8¢ = (lc,uc)

in Table 7.7 with the

generalized decision function ui Good | Good | Good | Good | {good, good)
u Good | Good |Med | Med (med, good)
u3 Med | Good |Med |Good | (med, good)
Ug Bad Med | Good | Med (med, med)
us Med Bad Med | Bad (bad, med)
Ue Med Bad Bad Med (bad, med)
u7 Bad Bad Bad Bad (bad, bad)

Non-domination matrices M are obtained as follows.

Uy up u3 Ug us Ue uz
ui| ¥ {Li} {Ma, Li} {Ma, Ph} C C C
u| ¥ ¥ {Ma} {Ma,Ph}{Ma,Ph} C C
uy| 9 9 ] {Ma, Ph} {Ph} {Ph,Li} C
uy| ¥ {Li} {Li} ] {Ph, Li} {Ph, Li} {Ph, Li}
us' 9 9 ] {Ma} 7 {Li} {Ma, Li}
ug 9 9 ] {Ma} 0 ] {Ma}
ué‘ [/ ] ] ] ] ]

For example, the entry corresponding to row #; and column u#3 on M contains
Ma and Li, because u3 is worse than u; with respect to Ma and Li but not worse
with respect to Ph. Symbol C at some entries means {Ma, Ph, Li}. The rows with
symbol x show objects u; such that Ic(u;) = uc(u;).

The Boolean function F= is obtained from M as

FZ(Ma, Ph, Li) = /\ \/ A /\ \/ ¢ =PhALi

i=1, j=2.3,...,7cem;j i=2,3,4, j=5,6,7 cemi;

From the last equation, F= (Ma, Ph, ﬁi) = true only when Ph = true and Li = true.
This implies that only {Ma, Ph, Li} and {Ph, Li} satisfy (DL=) owing to Theorem 10.
An L=-reduct is a minimal set of condition attributes that satisfies (DL=). Therefore,
{Ph, Li} is a unique L=-reduct. Moreover, the L=-reduct corresponds to a unique
prime implicant of FZ, i.e., Ph A Li.

Similarly, Boolean functions F=, F Uand F' are

F=(Ma, Ph, Li) = A \/ én /\ \/ & = Ma A Ph,

i=4,5,6,7, j=1,2,3cemj; i=7, j=1,2,...6c€m;

FY(Ma, Ph, Li) = /\ \/ N /\ \/ én /\ \/ ¢
i=1, j=2,3,...,7cEm;j i=4, j=5,6,7cEm;j i=4, j=1,2,3cemj;
A \/ ¢=ManLi
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Consequently, we obtain {Ph, Li} as the unique L=-reduct, {Ma, Ph} as the
unique L=-reduct and {Ma, Li} as the unique L-reduct. Moreover, {Ph, Li} U {Ma,
Ph} ={Ma, Ph, Li} = C is the unique U-reduct, {Ph, Li} U {Ma, Li} = {Ma, Ph,
Li} = C is the unique LL=-reduct, and {Ma, Ph} U {Ma, Li} = {Ma, Ph, Li} = C
is the unique LL=-reduct.

7.5 Concluding Remarks

In this chapter, we have studied structure-based attribute reduction as a rough set
approach to the attribute selection/reduction problem. We have proposed several
concepts of structure-based reducts. In the rough set model, there are 2 different
types of reducts, U-reducts and L-reducts. U-reducts preserve generalized decisions
dc (u) for all objects u € U, while L-reducts do so for all certain classified objects u,
namely, |d0c(u)| = 1. The authors studied refinement of the hierarchy of structure-
based reducts (Fig.7.1) by interpolating reducts which preserve objects u whose
generalized decisions are at most k, namely, |dc(#)| < k [24]. The parameter k
provides a trade-off between the size of a reduct and preserved information.

In VPRSM, because approximations may not be monotone with respect to the
set inclusion of condition attributes, classifications of some objects become precise
by reducing condition attributes. From that viewpoint, the authors have proposed
enhancing reducts [21], which do not preserve but make classification more precise
than that of all condition attributes.

Attribute reduction have been also studied in other extensions of the rough set
model, e.g. tolerance-based RSM [44], RSM for decision tables with missing val-
ues [29, 30], Bayesian RSM [47], fuzzy RSM [27, 28], and variable precision
DRSM [26]. However, in general, extensions of the rough set model drop some
important properties of approximations. Therefore, in such models, reducts may not
be represented by Boolean functions.

When a measure y (e.g. Eq.7.8) representing a part of consistency of a rough
set model is given, we can define approximate measure-based reducts as follows:
A C C is an approximate reduct if y4 > (1 — &)yc or ya > yc — ¢ for a small
¢ > 0. Several measures used for approximate measure-based reducts have been
proposed, e.g. based on the number of discerned object pairs or the information
entropy [45, 46, 51]. Comparing with structure-based reducts, approximate measure-
based approach can easily control size of reducts, but we cannot expect which parts
of the structure of the rough set model deteriorate by reduction.

We show that reducts are (approximately) represented by prime implicants of
Boolean functions (or pairs of Boolean functions). To compute all reducts of a par-
ticular type, we solve the dualization problem (more precisely, positive DNF (or CNF)
dualization) of the corresponding Boolean function. It probably cannot be solved in
polynomial time (it can be solved in quasi-polynomial time with respect to the sizes
of the input and the output [9]).
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To apply attribute reduction of this chapter to real-world data sets, we notice the
following three points. Firstly, we need additional measures to select the best reducts
for applications, for example, minimizing the size of the reduct or the number of
the equivalence classes given by the reduct and so on [1, 13, 27, 42, 48, 50]. Such
an optimization problem cannot be generally solved in polynomial time. Therefore,
there are heuristic methods computing one or a number of reducts which are near to
optimal [1, 27, 42, 48]. It does not mean that the Boolean functions studied in this
chapter are useless for applications. They can be incorporated into heuristic methods.

Secondly, when data sets include numerical or continuous attribute values, the
approach of this chapter does not work well, because the order of values or the degree
of difference between values are not considered (except for criteria in DRSM). There
are two approaches to overcome the drawback. One is discretization [7, 15] where
the domain of a numerical attribute is partitioned to lower number of values. After
discretization, we can apply attribute reduction to the data set without modification.
The other is to use a similarity relation [12, 28] instead of the indiscernibility relation
or a fuzzy partition [12, 22, 27] instead of the equivalence classes and define exten-
sions of RSM. In that case, we can define structure-based reducts for the extended
RSMs in the same way as those of this chapter.

Thirdly, reducts could suffer from overfitting because of rigid definitions of their
preserving conditions. One technique to avoid overfitting is dynamic reducts [1],
where decision tables with object subsets of a given cardinality are randomly and
repeatedly selected, and reducts which appear in more decision tables than a given
threshold are chosen as dynamic reducts.

In this chapter, we did not discuss algorithms to compute reducts and numerical
experiments, whereas they are found in [5, 6, 8, 11, 13, 17, 19, 34, 41, 50, 51].
The references show how to select a desirable reduct or find an optimal reduct, and
how to use the selected reduct for building classifiers. Additionally, they also show
experimental results for benchmark or real-world data sets. The references do not
include some types of reducts of this chapter, especially most types of reducts in
VPRSM, however, from their results we hope that the proposed reducts would be
useful in applications.

Proofs of theoretical results of this chapter are not so difficult. Parts of proofs are
found in our papers [20, 23, 25, 31].
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Chapter 8

A Comparison of Rule Induction
Using Feature Selection and the LEM2
Algorithm

Jerzy W. Grzymala-Busse

Abstract The main objective of this chapter is to compare a strategy of rule induction
based on feature selection, exemplified by the LEM 1 algorithm, with another strategy,
notusing feature selection, exemplified by the LEM2 algorithm. The LEM2 algorithm
uses all possible attribute-value pairs as the search space. It is shown that LEM2
significantly outperforms LEM1, a strategy based on feature selection in terms of
an error rate (5 % significance level, two-tailed test). At the same time, the LEM2
algorithm induces smaller rule sets with the smaller total number of conditions as
well. The time complexity for both algorithms is the same.

Keywords Rough settheory * Feature selection - LERS data mining system - LEM1
and LEM2 rule induction algorithms

8.1 Introduction

In 1982 an approach to feature selection, under the name of attribute reduction, using
rough set theory, was introduced in [26], see also [27, 28]. In the rough set community
reducing the original attribute set of attributes is one of the main and frequently used
techniques.

Feature selection is the process of selecting a subset of relevant features. Research
on feature selection, see, e.g., [2, 6, 20-23, 29, 31], includes finding the smallest set
of features, improving this way the efficiency of data processing. Data are presented
in tables, with rows labeled as cases (examples or entries) and columns labeled as
features (variables or attributes).
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An introduction to feature selection is presented in [17]. Recently two books were
published [18, 24], summarizing research in this area. There is active research on
feature selection in statistics, data mining, and soft computing.

The main objective of this chapter is to compare, in terms of an error rate, rule
complexity, and time complexity of two approaches: an approach to rule induction
based on feature selection with another approach to rule induction, based on the
LEM2 algorithm, without any feature selection. In the former approach computations
are conducted on the entire attributes, so it is also called global [14]. To be more
specific, for every attribute a corresponding partition on the set of all cases, implied by
the indiscernibility relation [26-28] is computed and feature selection is conducted
by computation on such partitions. On the other hand, the LEM2 algorithm works
on attribute values, instead on entire attributes, so it is called local [14]. The search
space of the LEM?2 algorithm is the set of all blocks of attribute-value pairs. A block
of an attribute-value pair (a, v) is the set of all cases with the value of a equal to v.

A preliminary version of this chapter was presented at [IPMU 2012, the 14th
International Conference on Information Processing and Management of Uncertainty
in Knowledge-Based Systems, Catania, Italy, July 9-13, 2012 [15] (Table 8.1).

Table 8.1 Acronyms and symbols used in the chapter and their meaning

Acronym or symbol Meaning

A Set of all attributes

appr(X) Lower approximation of X

appr(X) Upper approximation of X

B Subset of the set A of all attributes

B* Partition on U defined by B

C Concept of the data sets

d Decision

{d}* Partition on U, the set of all concepts

G Goal of the LEM2

IND(B) Indiscernibility relation of B

LEM1 Learning from Examples Module version 1
LEM?2 Learning from Examples Module version 2
LERS Learning from Examples based on Rough Sets data mining system
t Attribute-value pair (a, v)

T Complex, i.e., a set of attribute-value pairs
T(G) Set of attribute-value pairs relevant with G
T Local covering

U Universe, the set of all cases of data set

X Element of U

X Subset of U

1X] Cardinality of the set X

y Element of U
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8.2 Rule Induction Based on Feature Selection

We will discuss rule induction which belongs to supervised learning, i.e., we will
assume that all cases are preclassified by an expert. In the data set one of variables
is called a decision and the decision value is assigned by an expert to each case. A
very simple example of such a table is presented as Table 8.2, in which attributes
are: Temperature, Headache, Nausea, and the decision is Flu. The set of all cases
labeled by the same decision value is called a concept. For Table 8.2, case set {1, 2}
is a concept of all cases affected by flu (for each case from this set the corresponding
value of Flu is yes).

Note that in Table 8.2 the attribute Nausea is redundant (irrelevant). Remaining
two attributes (Temperature and Headache) distinguish all six cases. Let us make it
more precise using fundamental definitions of rough set theory [26-28]. Let B be
a nonempty subset of the set A of all attributes. Let U denote the set of all cases.
The indiscernibility relation IND(B) is a relation on U defined for x,y € U by
(x,y) € IND(B) if and only if for both x and y the values for all attributes from B
are identical.

The indiscernibility relation /ND(B) is an equivalence relation. Equivalence
classes of IND(B) are called elementary sets of B. Any union of elementary sets
of B is called a definable set in B. For Table 8.2, and B = {Temperature, Headache},
elementary sets of IND(B) are {1}, {2}, {3}, {4}, {5}, and {6}.

The family of all B-elementary sets is a partition on U. This set will be denoted
by B*, for example, in Table 8.2,

{Temperature, Headache}* = {{1}, {2}, {3}, {4}, {5}, {6}}.

For a decision d we say that {d} depends on B if and only if B* < {d}*, i.e., for
any elementary set X in B there exists a concept C from {d}* such that X € C. A
global covering (or relative reduct) of {d} is a subset B of A such that {d} depends
on B and B is minimal in A. The algorithm to compute a single global covering is
presented below.

Table 8.2 A consistent data

Case | Attributes Decision
set Temperature | Headache Nausea | Flu

1 High Yes No Yes

2 Very_high | No No Yes

3 Very_high Yes No No

4 Normal No No No

5 High No Yes Maybe

6 Normal Yes Yes Maybe
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LEM1 algorithm for computing a single global covering
(input: the set A of all attributes, partition {d}* on U
output: a single global covering R);

begin
compute partition A*;
P:=A;
R :=0;
if A* < {d}*
then
begin
for each attribute a in A do
begin
Q:=P—{a}
compute partition Q*;
if 0* < {d}*thenP :=Q
end {for}
R:=P
end {then}

end {algorithm}.

The time complexity of the algorithm for computing a single global covering is
polynomial. For a set X, |X| denotes the cardinality of X. Let m be the number of
all cases, i.e., |[U| = m, and n be the number of all attributes, i.e., |A| = n. The
time complexity of the algorithm, using a “brute force” approach, in the worst case
scenario, and assuming symbolic attributes, is O(mn?). The time complexity of the
algorithm for the attributes with the number of values depending on m is O(m*n?).

For the data set from Table 8.2, the global covering is { Temperature, Headache}.
The above algorithm is implemented as LEM1 (Learning from Examples Module
version 1). It is a component of the data mining system LERS (Learning from Exam-
ples using Rough Sets). Another, similar approach to rule induction based on feature
selection was presented in [1].

Therule set, induced by LEM 1 from the global covering { Temperature, Headache}
for the concept (Flu, maybe), is:

(Temperature, high) and (Headache, no) — (Flu, maybe),

(Temperature, normal) and (Headache, yes) — (Flu, maybe).

8.3 LEM2

Anidea of blocks of attribute-value pairs is used in the LEM?2 rule induction algorithm
(Learning from Examples Module, version 2), another component of LERS. LEM?2
explores the search space of attribute-value pairs. We will quote a few definitions to
describe the LEM2 algorithm [4, 11, 12, 14].
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For an attribute-value pair (a, v), a block of (a, v), denoted by [(a, v)], is the
following set
{x|xeU, alx) =v},

where a(x) is the value of the attribute a for the case x. Let B be a nonempty lower or
upper approximation of a concept represented by a decision-value pair (d, w). Let T
be a complex of B, i.e., the set of attribute-value pairs t = (a, v) witha € B. A block
of T, denoted by [T7], is the following set

N{[t] |t €T}

Set B depends on a set T of attribute-value pairs if and only if

0 #IT1= (1< B.

teT

Set T is a minimal complex of B if and only if B depends on T and no proper
subset 77 of T exists such that B depends on T’. Let .7 be a nonempty collection of
nonempty sets of attribute-value pairs. Then 7 is a local covering of B if and only
if the following conditions are satisfied:

1. each member T of .7 is a minimal complex of B,
2. W[T]|T € g} =B, and

7 is minimal, i.e., .7 has the smallest possible number of elements.
The LEM2 algorithm is presented below.

LEM2 algorithm for computing a single local covering
(input: a set B,
output: a single local covering .7 of set B);

begin
G = B;
T =0
while G # )
begin
T =0,

T(G) = {tllt]N G # ¥};
while T =@ or [T] £ B
begin

select a pair t € T(G) such that |[[r] N G] is
maximum; if a tie occurs, select a pair t € T(G)
with the smallest cardinality of [¢];
if another tie occurs, select first pair;
T :=TU/{t}h
G =[tING;
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T(G) = {t|[11N G # 0};
T(G) i= T(G) — T;
end {while}
for eacht € T do
if [T —{}] CBthen T :=T — {r};
T =T U(T};
G:=B—UrcsITl;
end {while};
for cach T € 7 do
if Usc7_(r)[S] = Bthen T := T — (T};
end {algorithm}.

With the same assumptions as for the algorithm for computing a single global
covering, the time complexity of the algorithm for computing a single local covering
is also O(mn?) for symbolic attributes and O(m*n?) for attributes with the number
of values depending on m.

The LERS data mining system also includes the LEM2 algorithm.

The first step of the algorithm LEM?2 is to compute all attribute-value pair blocks.
For Table 8.2, these blocks are

[(Temperature, very_high)] = {2, 3},

[(Temperature, high)] = {1, 5},

[(Temperature, normal)] = {4, 6},

[(Headache, yes)] = {1, 3, 6},

[(Headache, no)] = {2, 4, 5},

[(Nausea, no)] = {1, 1, 3, 4},

[(Nausea, yes)] = {5, 6}.

Let us induce rules for the concept {5, 6}. It is immediately clear that {(Nausea,
yes)} is the only required minimal complex and that the local covering consists of
only this single minimal complex.

The corresponding rule set, induced by LEM2, contains just one rule

(Nausea, yes) — (Flu, maybe).

Obviously, in general, rule sets induced by LEM2 are simpler than rule sets
induced by LEM1 from the same data sets. This observation is confirmed by our
experiments.

8.4 Inconsistent Data

An example of the inconsistent data set is presented in Table 8.3. In inconsistent data
some cases may conflict with each other. Conflicting cases have the same attribute
values yet different decision values. In Table 8.3 cases 1 and 7 are conflicting. A
level of consistency is the ratio of the cardinality of the set of all cases not involved
in any conflict to the cardinality of U. For the data set from Table 8.3, the level of
consistency is % =71.4%.
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Table 8.3 An inconsistent

Case | Attributes Decision
data set Temperature | Headache Nausea | Flu

1 High Yes No Yes

2 Very_high | No No Yes

3 Very_high | Yes No No

4 Normal No No No

5 High No Yes Maybe

6 Normal Yes Yes Maybe

7 High Yes No No

The LERS data mining system uses rough set approach to inconsistent data, i.e.,
it computes lower and upper approximations for all concepts before applying LEM 1
or LEM2 algorithm. Let X be a concept. In general, X is not definable in A. However,
X may be approximated by two definable sets in A, the first one is called a lower
approximation of X, denoted by appr(X) and defined as follows

{xI1x e U, [x] < X}.

The second set is called an upper approximation of X, denoted by appr(X) and
defined as follows
Uflx]|x e U, [x]INX # ¢}

For example, for the concept [(Flu, yes)] = {1, 2},

appr({1,2}) = {2},
and

appr({1,2}) = {1, 2,7}.

Rules induced from lower approximations are called certain, rules induced from
upper approximations are called possible.

Note that even though the data set from Table 8.3 is inconsistent, the attribute
Nauseas is still redundant (irrelevant), since

{Temperature, Headache}* = {Temperature, Headache, Nausea}*

= {{1, 7}, {2}, {3}, {4}, {5}, {6}}.

The LERS system computes, for every concept, a pair of data sets, based on lower
and upper approximations to induce certain and possible rule sets, respectively. For
example, for the concept {1, 2}, certain rule sets are induced from the data set
presented in Table 8.4 and possible rule sets from Table 8.5.

Obviously, the final rule set, certain or possible, is a union of rule sets induced for
all concepts, from data sets based on lower or upper approximations, respectively,
with all rules for SPECIAL values removed.
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Table 8.4 A data set based
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U Case | Attributes Decision
({); }tl:)ef lt(l)lvevif)ilc)grr)(t”?ln,l ;t}l on Temperature | Headache Nausea | Flu
1 High Yes No SPECIAL
2 Very_high | No No Yes
3 Very_high | Yes No SPECIAL
4 Normal No No SPECIAL
5 High No Yes SPECIAL
6 Normal Yes Yes SPECIAL
7 High Yes No SPECIAL
Table 8.5 A data set ba§ed Case | Attributes Decision
??’t;l’e;}p glfrﬂ?fgf)?;?;?t{l (])?2} Temperature | Headache Nausea | Flu
1 High Yes No Yes
2 Very_high No No Yes
3 Very_high Yes No SPECIAL
4 Normal No No SPECIAL
5 High No Yes SPECIAL
6 Normal Yes Yes SPECIAL
7 High Yes No Yes

Thus, if we are going to use the strategy of rule induction based on feature selec-

tion, possible rules induced from Table 8.3 are:

(Temperature, high) and (Headache, yes) — (Flu, yes),

(Temperature, very_high) and (Headache, no) — (Flu, yes),

(Temperature, high) and (Headache, yes) — (Flu, no),

(Temperature, very_high) and (Headache, yes) — (Flu, no),

(Temperature, normal) and (Headache, no) — (Flu, no),

(Temperature, high) and (Headache, no) — (Flu, maybe),

(Temperature, normal) and (Headache, yes) — (Flu, maybe).

At the same time, the LEM2 algorithm will induce the flowing set of possible

rules from the same data set:

(Nausea, no) and (Temperature, high) — (Flu, yes),

(Temperature, very_high) and (Headache, no) — (Flu, yes),

(Nausea, no) and (Headache, yes) — (Flu, no),

(Temperature, normal) and (Headache, no) — (Flu, no),

(Nausea, yes) — (Flu, maybe).

Again, it is quite clear that LEM?2 produces simpler rules (and fewer rules).
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8.5 LERS C(lassification System

There is a few existing classification systems, e.g., associated with rule induction
systems LERS or AQ [25]. A classification system used in LERS is a modification
of the well-known bucket brigade algorithm [3, 19, 30]. In the LERS classifica-
tion system the decision to which concept a case belongs is made on the basis of
three factors: strength, specificity, and support. These factors are defined as follows:
strength is the total number of cases correctly classified by the rule during training.
Specificity is the total number of attribute-value pairs on the left-hand side of the
rule. The matching rules with a larger number of attribute-value pairs are considered
more specific. The third factor, support, is defined as the sum of products of strength
and specificity for all matching rules indicating the same concept. The concept C for
which the support, i.e., the following expression

Z Strength(r) * Specificity(r)

matching rules r describing C

is the largest is the winner and the case is classified as being a member of C.

In the classification system of LERS, if complete matching is impossible, all
partially matching rules are identified. These are rules with at least one attribute-
value pair matching the corresponding attribute-value pair of a case. For any par-
tially matching rule r, the additional factor, called Matching_ factor(r), is computed.
Matching_factor(r) is defined as the ratio of the number of matched attribute-value
pairs of r with a case to the total number of attribute-value pairs of r. In partial
matching, the concept C for which the following expression is the largest

z Matching_ factor(r) * Strength(r) * Specificity(r)

partially matching
rules r describing C

is the winner and the case is classified as being a member of C.

8.6 Experiments

In our experiments we used 14 data sets that are available on the Machine Learning
Repository at the University of California at Irvine, see Table 8.6. Some of these data
sets were incomplete (Breast Cancer-Slovenia, Soybean, Postoperative Patient and
Primary Tumor).

For incomplete data sets missing attribute values were replaced by specified
attribute values using an imputation method called the most common value of an
attribute restricted to a concept [16].
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Table 8.6 Data sets used for experiments

Data set Number of Consistency (%)
Cases Attributes | Concepts

Australian Credit Approval 690 14 2 100
Breast Cancer—Slovenia 286 9 2 95.45
Breast Cancer—Wisconsin 625 9 9 94.08
Bupa Liver Disorders 345 6 2 100
Glass 214 9 6 100
Hepatitis 155 19 2 100
Image segmentation 210 19 7 100
Iris 150 4 3 100
Lymphography 148 18 4 100
Pima 768 8 2 100
Postoperative patients 90 8 3 84.44
Soybean 307 35 19 100
Primary Tumor 339 17 21 76.40
Wine Recognition 178 13 3 100

Let us say that attribute a has missing attribute value for case x from concept C
and that the value of a for x is missing. This missing attribute value is exchanged by
the known attribute value for which the conditional probability of a for case x given
C is the largest.

Some of these data sets had numerical attributes (Australian Credit Approval,
Bupa Liver Disorders, Primary Tumor and Wine Recognition). Numerical attributes
were discretized using cluster analysis methods of discretization [5].

The data mining system LERS uses for discretization a number of discretization
algorithms [13]. In our experiments we used two approaches to discretization based
on cluster analysis. First, all numerical attributes were normalized [7] (attribute values
were divided by the attribute standard deviation).

In our first discretization technique, based on agglomerative cluster analysis [7],
initially each case is a single cluster, then clusters are fused together, forming larger
and larger clusters. In remaining four cluster analysis discretization methods, where
we used divisive techniques, initially all cases are grouped in one cluster, then this
cluster is gradually divided into smaller and smaller clusters. In both methods, during
the first step of discretization, cluster formation, cases that exhibit the most similarity
are fused into clusters.



8 A Comparison of Rule Induction Using Feature Selection and the LEM2 173

Once clusters are formed the postprocessing starts. Initially clusters are projected
on all attributes. Then the resulting intervals are merged to reduce the number of
intervals and, at the same time, preserving consistency. Merging of intervals begins
from safe merging, where, for each attribute, neighboring intervals labeled by the
same decision value are replaced by their union. The next step of merging intervals
is based on checking every pair of neighboring intervals whether their merging will
result in preserving consistency. If so, intervals are merged permanently. If not, they
are marked as un-mergeable.

Thus, all data sets used for experiments were complete and symbolic.

Our experiments were conducted on a machine with 34 GB of RAM with Intel(R)
Xeon Processor X5650 (12MB cache, 2.66 GHz, 6 Cores) under Fedora 17 Linux
operating system.

In our experiments, for any data set, for both algorithms, LEM1 and LEM2,
the same ten pairs of training and testing data sets were used during ten-fold cross
validation. Hence, for any fold, the same training data sets were used for induction
and the same testing data sets were used for computing an error rate. Additionally, the
same LERS classification method was used for computing errors. The only difference
was in different strategies of rule induction used in LEM1 and LEM2. Additionally,
for both algorithms, we used only certain rule sets for inconsistent data sets. Results
of our experiments are presented in Tables 8.7, 8.8 and 8.9.

Table 8.7 Results of Data set LEMI (%) |LEM2 (%)

experiments—an error rate - -
Australian Credit Approval 21.74 16.67
Breast Cancer—Slovenia 36.71 34.62
Breast Cancer—Wisconsin 19.68 22.24
Bupa Liver Disorders 36.52 36.81
Glass 33.18 31.31
Hepatitis 21.94 16.77
Image segmentation 17.62 18.10
Iris 3.33 4.67
Lymphography 31.08 18.24
Pima 33.46 30.73
Postoperative patients 41.11 35.36
Soybean 23.45 14.98
Primary tTumor 60.18 62.64
Wine Recognition 8.43 5.06
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Table 8.8 Results of experiments—rule set complexity
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Data set LEM1 LEM2
Number of
Rules Conditions Rules Conditions
Australian Credit Approval 317 1,380 115 559
Breast Cancer—Slovenia 160 518 92 319
Breast Cancer—Wisconsin 255 638 164 421
Bupa Liver Disorders 234 684 164 487
Glass 111 334 82 262
Hepatitis 47 191 21 88
Image segmentation 71 273 38 144
Iris 18 43 13 30
Lymphography 77 217 26 74
Pima 444 1,547 287 1,025
Postoperative patients 50 175 28 98
Soybean 101 411 42 139
Primary Tumor 171 829 125 638
Wine Recognition 32 111 16 52
Table 8.9 Results of Data set LEM1 LEM2
experiments—run time, in - -
milliseconds Australian Credit Approval 457 273
Breast Cancer—Slovenia 38 54
Breast Cancer—Wisconsin 146 126
Bupa Liver Disorders 30 69
Glass 31 30
Hepatitis 33 26
Image segmentation 65 39
Iris 3 1
Lymphography 36 27
Pima 257 407
Postoperative patients 7 5
Soybean 415 158
Primary Tumor 341 134
Wine Recognition 25 9
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8.7 Conclusions

As follows from our experiments presented in Table 8.7, rule sets induced by the
LEM2 algorithm outperform rule sets induced by using feature selection (the LEM 1
algorithm) in terms of the error rate. The Wilcoxon matched-pairs signed-rank test
indicates that the LEM2 algorithm is better with 5 % of significance level (two-tailed
test).

Moreover, the LEM2 algorithm induces much simpler rule sets. As follows from
Table 8.8, for all 14 data sets, rule sets induced by the LEM?2 algorithm are smaller
and the total number of conditions in these rule sets is smaller as well. Simpler rules
are easier to interpret.

Both algorithms, LEM1 and LEM2, are of polynomial time complexity. It is
confirmed by Table 8.9. The Wilcoxon matched-pairs signed-rank test indicates that
there is no significant difference in run time between the two algorithms. LEM2 can
induce rule sets from data sets with tens of thousands of attributes, such as microarray
data sets, see, e.g., [8—10]. Therefore we may conclude that the LEM?2 algorithm,
with the space search of all attribute-value pairs, is better than LEM 1 based on feature
selection.
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Chapter 9
Meta-actions as a Tool for Action
Rules Evaluation

Hakim Touati, Zbigniew W. Ra$ and James Studnicki

Abstract Action rules extraction is a field of data mining used to extract actionable
patterns from large datasets. Action rules present users with a set of actionable tasks
to follow to achieve a desired result. An action rule can be seen as two patterns of
feature values (classification rules) occurring together and having the same features.
Action rules are evaluated using their supporting patterns occurrence in a measure
called support. They are also evaluated using their confidence defined as the product
of the two patterns confidences. Those two measures are important to evaluate action
rules; nonetheless, they fail to measure the feature values transition correlation and
applicability. This is due to the core of the action rules extraction process that extracts
independent patterns and constructs an action rule. In this chapter, we present the
benefits of meta-actions in evaluating action rules in terms of two measures, namely
likelihood and execution confidence. In fact, in meta-actions, we extract real feature
values transition patterns, rather than composing two feature values patterns. We
also present an evaluation model of the application of meta-actions based on cost
and satisfaction. We extracted action rules and meta-actions and evaluated them
on the Florida State Inpatient Databases that is a part of the Healthcare Cost and
Utilization Project.
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9.1 Introduction

Action rules are used in several industries such as banking and healthcare. They pro-
vide decision makers with a tool to build strategies to drive their business toward a
more profitable outcome. Action rules were applied previously to a considerable num-
ber of research areas such as Music Information Retrieval (MIR) [5] and healthcare
[15, 17]. There has been an increasing interest on action rule discovery algorithms
since their creation by Ra$ and Wieczorkowska [10]. Some of the new algorithms are
Association Action Rules [9] and ARED [4] that extract action rules directly from
the dataset, among other ones [6, 12, 14, 16].

In addition to action rules, a new concept called meta-actions allows deciders to
extract the triggers that provoke the necessary transitions to execute action rules. In
fact, meta-actions are the core triggers of action rules, and allow us to select the action
rules that are more likely to take effect. Meta-actions is a relatively new concept that
was defined in [14] and further explored in [7, 13].

In the healthcare research, action rules have been used to understand experts
practices and improve patients care [9, 15, 17]. However, treatment patterns under
the form of meta-actions were not applied previously to evaluate action rules. Meta-
actions allow us to mine the diagnosis transitions caused by applying treatments. In
this context, we can use meta-actions to evaluate action rules that model treatments.
In this chapter, we propose the application of meta-actions as an evaluation tool for
action rules. We strive to develop evaluation metrics for meta-actions and action
rules.

The 2010 Florida State Inpatient Databases (SID) that is a part of the Healthcare
Cost and Utilization Project (HCUP) [2] was used as a dataset to extract meta-actions
and action rules. We propose several evaluation metrics such as the likelihood of
execution of an action term, and the execution confidence of an action rule and
applied them to the 2010 Florida SID. The main contributions of this chapter are
summarized as follows:

e We presented meta-actions discovery methodology.

e We developed several evaluation metrics for action rules and meta-actions.

e We extracted meta-actions and action rules from the 2010 Florida SID, and eval-
uated them.

In what follows, we start by defining the terminology used in this chapter with
regards to meta-actions and action rules. We then present the meta-actions extraction
process and evaluation metrics. We compare briefly action rules and meta-actions
and propose action rules evaluation metrics. Finally, we evaluate our approach and
present our findings.
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9.2 Decision Systems

Action rules and meta-action elementary rules are extracted from decision systems.
A decision system is an information system, where features are partitioned into two
groups: the first group is composed of classification features, and the second of one
particular feature called the decision that models the outcome. An object instance is
represented as a row, called transaction instance, in terms of a set of features.

More formally, by a decision system we mean S = (X, F U {d}, V), where:

1. X is a set of objects instances, F is a set of classification features, d is a decision
feature, and V is the domain of these feature values.
2. f:X — Vyisafunction for any feature f € F, where Vy is called the domain
of f.
. d: X — V;is afunction, where V; is called the domain of d.
4. V. =VpUVg where Vg = J{Vy: f € F}.

W

Also, for each x € X and f € F, we assume that value f(x) € Vy is classified
either as positive (normal) or negative (abnormal). To be more precise, we assume
that F'(x) denotes the set { f(x) : f € F} which represents the state of the object
instance x, and that F'(x) = E,(x) U E,(x), where E,(x) is a set of positive values
and E,(x) is a set of negative values for x € X. If f(x) € E,(x), then the value
f(x) is interpreted as abnormal (for instance: high temperature, cough, headache).
If f(x) € Ep(x), then value f(x) is interpreted as normal.

9.3 Action-Rules

Action rules are rules that provide a set of actionable patterns to follow in order
to transition the objects population from a certain state to a more profitable state
with respect to the decision feature. They allow users to understand the correlations
between transition patterns in the decision system, and construct actionable tasks that
lead to a desirable outcome. Action rules are composed of a decision feature d and
classification features that are in turn divided into two sets: stable features F\;, and
flexible features Fy such that F' = Fy U Fy;. Stable features are object properties that
we do not have control over in the context of our information system. For example,
age and gender are stable features. Flexible features are object properties that can
transition from one value to another value triggering a change in the object state. For
instance, salary and benefits are flexible features since their values can change.

Definition 1 (Afomic action term in S) also called elementary action term in S, is
an expression that defines a change of state for a distinct feature in S. For example,
(f,vi — ) is an atomic action term which defines a change of value for the
attribute f in S from v; to vz, where vi,v2 € Vy. In the case when there is no
change, we omit the right arrow sign, so for example, ( f, vi) means that the value of
attribute f in S remains vy, where v; € V.
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Atomic action terms model a single feature values transition pattern, but it does
not model the association between feature values transition patterns.

Definition 2 (Action terms) are defined as the smallest collection of expressions for
a decision system S such that:

e If 7 is an atomic action term in S, then ¢ is an action term in S.

e If 71, 1, are action terms in S and A is a 2-argument functor called composition,
then #; A 1; is a candidate action term in S.

e If 7 is a candidate action term in § and for any two atomic action terms (f, vi —
v2), (g, wi — wp) contained in ¢ we have f # g, then ¢ is an action term in S.

Assuming that S is given, we will say from now on, action term instead of action
termin S.

Definition 3 (Domain of an action term) The domain Dom (t) of an action term ¢
is the set of features listed in the atomic action terms contained in ¢. For example,
t = [(f,vi = v2) A (g, w1)] is an action term that consists of two atomic action
terms, namely (f, vi — v2) and (g, wy). Therefore, Dom(t) = {f, g}.

Action rules are expressions that take the following form: r = [t; = f,], where
11, tp are action terms. The interpretation of the action rule r is that by triggering
the action term 1, we would get, as a result, the changes of states in action term #,.
We also assume that Dom(t;) U Dom(t;) C F, and Dom(t;) N Dom(tp) = .

For example, r = [[(f,vi = ) A (g,w2)] = (d,d; — d»)] means that by
changing the state of feature f from v; to v», and by keeping the state of feature g
as wp, we would observe a change in attribute d from the state d; to d», where d is
commonly referred to as the decision attribute.

9.3.1 Action Rules Evaluation

In [8] it was observed that each action rule can be seen as a composition of two classi-
fication rules. For instance, the rule » = [[(f, vi — v2) A (g, w2)] = (d,d1 — d»)]
isacompositionofr; = [(f, vi)A(g, w2)] — (d,dy)andry = [(f, v2)A(g, w2)] —
(d, d»). This fact can be recorded by the equation » = r(ry, r2). Also, the definition
of support (Sup) and confidence (Conf) of an action rule is based on support and
confidence of classification rules (see below).

Assume that action rule » is a composition of two classification rules r; and r;.
Then [8]:

e Sup(r) = min{card(sup(r1)), card(sup(rz))},
e Conf(r) = conf(ry) - conf(rz),

where conf(r1) and conf(r,) are the respective confidences of classification rules
and rp.
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In this context, the support of a classification rule r = [[(f1, f11) A (f2, f21) A
-« A(fk, fr1)] = (d, dq)] in a decision system S = (X, F U {d}, V), where (Vi
k)(fi € F and fiy € Vg;),d1 € Vg is defined as sup(r) = {x € X : (Vi
k)L fi(x) = firl and d(x) = d1}.

=
=<

9.4 Meta-actions

Action rules are the perfect analysis of transition patterns that inform deciders about
the possible changes to perform to reach a desired outcome. However, deciders still
need to acquire additional knowledge on how to perform the necessary changes, and
what are the object’s states changes that actually occurred in the system. To build
the strategies on the top of the actionable tasks that action rules provide, we use
meta-actions that are defined as follows.

Definition 4 (Meta-actions) associated with a decision system S are defined as
higher level concepts used to model certain generalizations of actions rules [14].
Meta-actions, when executed, trigger changes in values of some flexible features in S.

Meta-actions are actions, outside of the features F, taken by deciders to transition
objects from an initial known state with specific preconditions to different state with
known postconditions. The changes in flexible features, triggered by meta-actions,
are represented by atomic action terms for the respective features, and reported by
the influence matrix presented in [14].

Example I Let us take market segmentation for automobiles as an example of
domain. Then, an automotive company, say company X, would divide its customers
into: sedan cars seekers, sport cars seekers, wagon car seekers, all roads car seekers,
and hatchback cars seekers. An extensive list of classification features can be used
to classify them. For instance, age would be a good feature that would inform us that
a young person would prefer a hatchback, and an older person would rather have a
sedan. Another feature such as number of kids would inform us that bigger families
would prefer wagons or all roads rather than smaller cars, marital status could be a
good indication of sport cars preference, and so on. Other feature can be analyzed
for the purpose of customer satisfaction and segmentation. However, all features
cited earlier are stable features and would not allow values transitions regardless of
meta-actions applied.

Let us assume another company Y, a luxurious car company, would like to acquire
new customers, then their market segmentation would differ from X’s market seg-
mentation. In fact, the new segmentation would be based on new classification fea-
tures, some of them are: customers income, car price range, customer functional
needs, car comfort, car quality, and customers favorite brand. Given those features,
the company can classify the customers based on their favorite brand, and would like
to attract customers from other less luxurious brands. Based on those features, Y can
apply a meta-action M that transitions car price range to match what customers can
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afford based on their income. This meta-action M can also affect car comfort and
quality negatively to reduce production price while meeting customers functional
needs. In this example Y’s segmentation is based on luxurious cars, functional cars,
powerful sport cars, and so on. A new customer segment, called entry luxury cars,
can join the brand with the help of meta-action M transitioning them from functional
cars to entry-luxury cars.

Example 2 To give a new example, let us assume that classification features in S
describe teaching evaluations at some school and the decision feature represents
their overall score. Explain difficult concepts effectively, Speaks English fluently,
Stimulate student interest in the course, and Provide sufficient feedback are exam-
ples of classification features scored in the system. Then, examples of meta-actions
associated with S will be: Change the content of the course, Change the textbook
of the course, Post all material on the Web. Clearly, those meta-actions will trig-
ger changes in some of the features described such as Provide sufficient feed-back
and Stimulate student’s interest in the course; however none of these three meta-
actions will influence the feature Speaks English fluently and its values will remain
unchanged [14].

Example 3 Another example would be using Hepatitis as the application domain.
Then the increase in blood cell plagues and the decrease in level of alkaline phos-
phatase are examples of atomic action terms. Drugs like Hepatil or Hepargen are
seen as meta-actions triggering changes described by these two atomic action terms
[11, 15]. It should be noted that Hepatil is also used to get rid of obstruction, eructa-
tion, and bleeding. However, Hepargen is not used to get rid of obstruction but it is
used to get rid of eructation and bleeding. Some of the effects of those meta-actions
are not necessary and can be seen as side effects. At the same time some needed
changes are not triggered by the meta actions used and require the use of additional
meta-actions.

9.4.1 Meta-actions Influence Matrix

Consider several meta-actions, denoted My, M>, ..., M, . Each one can invoke chan-
ges within values of some classification features in F' = {f1, fa, ..., fm}.- The
expected changes of values of classification features on objects from S triggered by
these meta-actions are described by the influence matrix {E;; : 1 <i <nand 1 <
Jj < m}. The table below gives an example of an influence matrix associated with
six meta-actions and three features: a, b, and c.

For instance, let us describe the meta-action M>. The influence matrix in Table 9.1
says that by executing M5 on objects in S, two atomic action terms are triggered.
They are: (a,ay — ap) and (b, by — by). It means that objects in S satisfying the
description (a, ax) A (b, by) are expected to change their description to (a, a;) A
(b, D).
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Table 9.1 Meta-actions

. . Meta-actions a b c
influence matrix
M, - by c) — ]
M> a — aj by —
M3 ay — ap - ¢ — C1
My — by c1—>
Ms — - cr—
M@ ay — a - Ccl —> C

Let us define M(S) as a set of meta-actions associated with a decision system S.
Let f € F,x € X,and M C M(S), then, applying the meta-actions in the set M
on an object x will resultin M (f(x)) = f(y), where object x is converted to object
y by applying all meta-actions in M to x. Similarly, M (F(x)) = F(y), where x is
converted to the state of y by applying all meta-actions in M to x for all f € F.
Also, by F(Y), where Y C X, wemean {F(y):y e Y}.

It should be mentioned here that an expert knowledge concerning meta-actions
involves only classification features. Now, if some of these features are correlated
with the decision feature, then the change of their values will cascade to the decision
through the correlation. The goal of action rule discovery is to identify possibly all
such correlations. At the same time, the goal of meta-actions discovery is to identify
all the effects triggered by the application of such meta-actions.

9.4.2 Mining Meta-actions Effects

The application of meta-actions on a set of objects triggers a set of effects within the
closed information system (new objects can not be added). Those effects translate into
changes in some flexible features values. Meta-actions are applied by practitioners
without certainty on the effects for all objects. Each object might react differently to
each meta-action, thus practitioners shall explore the personalized effects of applying
meta-actions. In this section we present the methodology used to extract meta-actions
effects on a closed information system.

Commonly, an information system is represented in a tabular format, where fea-
tures represent the columns as attributes and rows represent the individual transac-
tions. Each transaction is uniquely identified by a transaction ID, TID. In the context
of meta-actions, objects might have one or more transactions and each object is iden-
tified by an Object ID, OID. In addition, mining meta-actions effects translates into
mining the objects state transitions. In other words, mining the objects’ transitions
from an initial transaction, where meta-actions were applied, to another transaction
belonging to the same object. Meta-actions transitions are mined after the applica-
tion of meta-actions, and thus, it is important to keep track of the transactions’ order.
Therefore, an additional feature representing the order of the sequence of transactions
is necessary. In addition, in a decision system, a particular feature called decision
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feature is included, and represents the decision values for the particular transaction
TID and object OID.

Mining meta-actions transformations requires the study of the transactional
datasets in hand. Commonly, transactional datasets do not represent the objects tem-
poral transformations resulting from applying meta-actions. To be able to mine meta-
action’s transformations (atomic action terms), objects have to be uniquely identified
along with their transactions and clustered by their identifier. Object’s transactions
should be ordered based on temporal sequential order. Every two sequential object’s
transactions will be paired for every meta-action based on a temporal precedence
relationship. The resulting pairwise partition will model the atomic action terms tran-
sitions for each object given the meta-action applied. For instance, given a patient
visits recorded in our dataset with high blood pressure, high fever, and headaches for
his first visit to the doctor, who gave him/her a treatment m, at the second visit the
patient diagnosis displays no fever, high blood pressure and no headache. In such a
case we can extract the following atomic action terms for this patient pair of visits:
(fever, high — no), (blood pressure, high — high), (headaches, yes — no).

Now, we introduce the set of transactions 7'. Let us assume that § = (X, F U
{d}, V) is a decision system, where X is a set of objects, F is a set of classifi-
cation attributes, d is the decision attribute, and V is a set of values of attributes
in F U {d}, such that f(X) € V, for any f € F. Also, let us assume that
M(S) is a set of meta-actions associated with S. In addition, we define the set
{si,j : j € J;i} of ordered transactions J; associated with x; € X, such that
sij = [(xi, F(x;);)], where (Vi, j)[s;j € T]. The set F(x;); is defined as the
set of attribute values { f(x;) : f € F} of the object x; in the transaction uniquely
represented by the transaction identifier j. Each transaction represents the current
state of the object when recorded with respect to a temporal order based on j for all
Sij € T.

We define a precedence relationship denoted as >, on the system S to help locate
the position of each transaction within each object’s ordered transaction set. Given
two transactions s; ; and s;; for an object x; € X, the precedence relationship
si,j >p Sik represents the order of the recorded transactions for the object x;, and
says that the transaction s; ; was recorded before the transaction s; .

To strengthen this relationship, we define the set P(S) of pairs (s;,j, si ) such
that (s;, j, s; k) € P(S) if and only if 5; 4 occurred directly after s; ; (there is no other
transaction between them in the system S).

It should be observed that any pair (s; ;, six) = ([(x;, F(x;) )], [(xi, F(xi)i)])
in P(S) represents a set of atomic action terms {(f, f(x;); — f(xi)) : f € F}.

We assume that there is always a set of meta-actions in M applied before any
transaction s; x with the exception of the very first transaction s; | for each object
x; € X. This suggests that the transaction s; x in the pair (s; j, s;x) is a direct
consequence of applying some set of meta-actions m (m C M) to the object x; € X,
and supports the assumption that the state of the objet x; is being affected by these
meta-actions.

As we already observed, each transaction pair (s; ;, s; x) encompasses the set of
atomic action terms A  of the form {(f, f(x;); — f(xi)x) : f € F}, that defines
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a change of value f(x;); derived from the transaction s; ; to f(x;) derived from
the transaction s; ¢, for each attribute f € F and x; € X.

Now, we can use the sets Ajy to build the influence matrix [7, 13] covering
all m € M. Sets of action terms representing meta-actions in M can be built from
sets of pairs in P(S). Depending on the objects’ states, some of the atomic action
terms in A ; may not be triggered by meta-actions. To be more precise, for a given
meta-action m;, only objects x; € X that satisfy the following condition will be
affected:

3(si,j, sik) € P(S) such that F(x;) N F(x;); # &, where s; j = (x;, F(x;) ).

This way, by applying the meta-action m on x; we will cover the set of attribute
values {F(x;) N F(x;);}, thus the underlying subset of atomic action terms. This
subset can be seen as an action term ¢ containing a set of atomic actions with the
domain Dom(t) = {a € F : a(x;) = a(x;)j}. Multiple action terms can be formed
this way, however, not all possible action terms are applicable to a given dataset.
The number of possible action terms for each meta-action grows monotonously
with the number of extracted pairs, the attributes’ domains sizes, and the number of
transactions for each object in X.

Ultimately, in the worst case scenario every object is different and reacts differ-
ently to each specific meta-action. This might result in a large number of action terms
for each meta-action. Possible conflicts within the same meta-action scope such as
(a,aj — ax) and (a, a; — a;), or non useful action terms such as (a, a; — a;) for
a € Fandaj, ar, a; € V, might be extracted. Not all atomic action terms are useful
for all objects; however, it is important to keep a record of the different transitions
for the sake of object personalized meta-actions.

We can evaluate the different action terms composing each given meta-action to
avoid conflicts and use the more appealing ones to the treated object. Similarly the
frequent itemsets used in the Apriori [1] algorithm, frequent action terms can be
extracted from multiple pairs. Multiple action terms of different sizes can be formed
from the resulting atomic action terms (pairs). Frequent action terms are characterized
by their frequency of occurrence throughout all the meta-action partition of the dataset
(all the meta-action pairs).

9.4.3 Meta-action Evaluation

To evaluate the meta-actions, we need to evaluate the action terms composing them.
A simple evaluation metric consist of the frequency of occurrence (or support) for
each action term. Pairs extracted from the data share common atomic action terms
transitions, thus, they share common action terms. For each action term ¢, we define
its likelihood support Like(t) as:

rLike(t;) = card ({(si, si1) € P(S) : Left(t;) S F(x;)x and ©-D
Right(t;) € F(xi)1}),
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where (s k. 5i,1) = ([(xi, F )], [(xi, F(xi))]), xi € X, Left(t;) is defined as the
feature values in the left-hand side of the frequent action term ¢;, and Right(t;) is the
right-hand side of ¢; such thatif #; = [(a;1 — a,1)A(aip — a2) A+ -A(ay — arp)]
then Left(t;) = {aj1, ai2, . . ., aip}, and Right(t;) = {ar1, ar2, ..., arp}.

The likelihood support of action term measures the transition likelihood of their
attribute values but it neither takes into consideration the conflicts of action terms
nor handles the meta-actions comparison in a normalized way. A more sophisticated
way to evaluate action terms is by computing their likelihood confidence, and thus
a possible meta-action confidence metric. The likelihood confidence of an action
term #; is computed as follow:

TermConf(t;) = Like(t;)/sup(Left(t;)). 9.2)

Given the set of atomic action terms {#; : 1 < i < n} composing a meta-action m;,
we can define the confidence of m; as the weighted sum of its atomic action terms
likelihood confidence where the weights represent atomic action terms likelihood
support. To be more precise, the meta-action confidence MetaConf(m;) is computed
as follows:

>y Like(t;) - TermConf{(t;)
Z?Z] Like(t;)

where 7 is the number of atomic action terms in m;.

Note that some action terms will have the likelihood support below the required
threshold value, therefore, they will not be considered as frequent action terms.
However, those action terms are considered as outliers and it is important to keep
track of them in the meta-actions for objects personalized meta-actions.

MetaConf(m;) = , (9.3)

9.5 Meta-actions Versus Action Rules

Meta-actions and action rules are similar concepts since they aim at extracting transi-
tion patterns from information systems. However, the meta-action extraction process
extracts a subset of the action terms extracted by the action rule extraction process.

Table 9.2 Meta-actions versus action rules

Action rules Meta-actions
One objects is one instance One objects is a set of instances
No instance order Temporal instance order

Support is minimum support of classification rule | Likelihood is the number of real transitions

Confidence independent probability Term confidence and execution confidence

Possible transitions Real transitions

Rules Collection of action terms
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The similarities and differences of both concepts are discussed in this section and
reported in Table9.2.

Action rules are commonly used by decision makers to discover possible changes
in objects’ state, which would ultimately transition the objects’ overall state to a
more desirable state with regards to the decision feature. Several techniques exist
to extract action rules. The datasets used to extract action rules are composed of
instances, where each object is described by one instance. In other words, each object
is recorded once in the dataset, and the object state is represented by its instance
features values. All possible transitions from any instance to any other instance in
the dataset are discovered in the action rules discovery process regardless of the
order in which they were recorded. This suggests that there is no temporal ordering
relation amongst instances. Therefore, some transitions discovered in the action rules
discovery process may not be applicable in a real life scenario. For example, let us
assume that an information system models cancer patient visits, where each patient
visit describes the patient pathological state in term of diagnoses. In this example
dataset, each patient visit represents an instance. Now, let us assume that each visit
record includes three diagnoses as features, namely: tumor size, chemo level, and
number of chemotherapy performed. Also, it includes the information whether the
patient is stable or unstable stored as decision feature, at the visit time. The diagnosis
features are recorded as TSize for tumor size, CLevel for chemo level and NChemo for
the number of chemotherapy already performed on the patient, and the patient overall
state recorded as State. Note here that each patient visit is considered as an object
for the action rule discovery process. The following action rule may be discovered
by the system: (7Size, 7 — 4) A (CLevel, 4 — 3) A (NChemo, 5 — 4) =
(State, Unstable — Stable). In this action rule, we are interested in the patient
overall state State, and we would like to move patients from an unstable state to a
stable one. Nonetheless, we cannot transition the NChemo from 5 to 4 since we
already performed 5 chemo on this patient. Therefore, this action rule would not be
applicable in real life. It was discovered using all the visits in our dataset, where each
visit is considered as an object, regardless of the fact that a patient may have several
visits to the hospital. In other words, patients are not taken into consideration since
the object instances are visits and not patients.

Meta-actions on the other hand, represent transitions from instances that occurred
in a specific order for specific objects in real life scenarios, which insures their
applicability. Meta-actions do not model rules, they rather model transition effects
that are represented in an influence matrix. By using the previous example and adding
anew feature that describes the visit number, we could sort the visits by their tempo-
ral order. In addition, we treat our system as multiple subsystems of visits identified
by the patient ID. This way, we could mine real transitions in terms of patients patho-
logical state. As a result the transition (NChemo, 5 — 4) would not be extracted
since the chemo number 4 would have taken place before chemo number 5, and
the meta-action mining process takes the visit order into consideration. In addition,
different patients might react differently to the chemotherapies with regards to their
cancer level and tumor size. Using meta-actions, we extract transitions that occurred
in real life for each patient. For instance, we may extract the following transitions:
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(TSize, 7 — 6) A(CLevel, 4) A (NChemo, 5 — 6) A (State, Unstable — Stable),
where the left hand side of the action term took place at a visit that occurred prior to
the right hand side. Furthermore, the transitions were mined from instances belonging
to a unique patients. In summary, the introduction of the instances order and their
identifier with regard to the object eliminated any confusion.

The purpose of meta-actions is to trigger transitions in feature values that will
change the object state. Eventually, the transitions triggered by meta-actions will
trigger an action rule and will cascade into transitioning the decision feature value.
As mentioned earlier, meta-actions’ transitions are a subset of the transitions extracted
in the action rules extraction process. In addition, meta-actions play a passive role,
in the sense that they do not change decision feature values. They rather inform deci-
sion makers of possible transitions. On the contrary, action rules play an active
role that help decision makers drive their strategy, and explicitly look into the
transitions that affect the decision feature. In other words, meta-actions are not
replacing action rules; instead, enhancing the process of selecting the best action
rules.

9.5.1 Action Rules Selection by Meta-actions

In the effort of selecting the best action rules, meta-actions play an important eval-
uation role. After extracting action rules, meta-actions inform us, amongst other
things, on whether the extracted action rules are applicable. Meta-actions also pro-
vide decision makers with the confidence of executing the antecedent side of an
action rule. Given a set of action rules, and an influence matrix describing meta-
actions transitions in our system, we strive to select the best applicable action rules
and their respective triggers. This is done by first dividing the set of action rules
into applicable and non-applicable action rules. Applicable action rules are the rules,
which antecedent sides are covered by the influence matrix. Then for each action
rule, we select the best coverings of the action rule from the influence matrix. The
best coverings of an action rule are the maximal action terms in the influence matrix.
By maximal action term, we mean the action term with the largest number of atomic
terms covering the action rule. This is performed by intersecting the antecedent side
of the action rule with all the action terms in the influence matrix. It is important
to note that the action terms with higher number of atomic action terms will have a
higher confidence. As one can guess, two or more action terms may be required to
cover an action rule. Similarly, two or more meta-actions may be required to cover
an action rule.

We described earlier how to compute the confidence of an action term 7Term-
Conf in 9.2; however, we still need to define how to compute the confidence of
multiple action terms, namely global confidence GlobConf. Computing the confi-
dence of multiple action terms depends on whether the action terms belong to the
same meta-action or not. In fact, action terms {t1, t2, . . ., #,} that belong to different
meta-actions are independent since they are extracted from different object pop-
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ulations; therefore, their confidences are independent and their global confidence
is the product probability of independent confidences, as shown in the following:

GlobConf ({11, 12, ..., t}) = [ | TermConf(t;). 9.4)

i=1

On the contrary, action terms that belong to the same meta-action are extracted
from the same object population, and might be extracted from the same objects.
Therefore, such action terms are dependent on the objects and their global confidence
is dependent on their transition probability. To avoid confusion, and for the sake
of simplicity, we will define the global confidence of action terms from the same
meta-action as follows:

GlobConf ({t1. 1p. ..., ta}) = Like{ | J{t:} ) /sup Left(U{ti}) . 9.5)

i=1 i=1

Global confidence will inform us on how well we can trigger the antecedent side
of an action rule; however, it does not inform us about how well the features values
transitioned by the meta-action will cascade into the desired decision feature value.
For this reason, we define a new metric called execution confidence ExConf that
computes the confidence of execution of an action rule. The execution confidence of
an action rule r triggered by the set of meta-actions m is as follows:

ExConf(m, r) = GlobConf(m(r)) - Conf(r), (9.6)

where m (r) represents the set of action terms used in triggering the antecedent side
of the action rule r.

With the introduction of the ExConf, one could select the action rules with the
highest execution confidence, along with their corresponding meta-actions. Doing
so would insure that the action rules chosen are more likely to be accurate. However,
decision makers may also be interested in the highest return on investment solution,
which would be good enough to solve the issue in hand. In fact, meta-actions are
commonly associated with a cost based on the domain of interest. For example, in
the healthcare domain, each treatment is associated with a cost, and patients are
discharged with a bill including all their medical expenses.

Let us assume that cost C; is associated with each meta-action m; € M(S)
used. Then a good measure associating the cost C; and the execution confidence
ExConf would be the satisfaction rate noted as SatRate. The satisfaction rate gives a
pointer to which action rule r is good enough; in other words, which action rule and
corresponding meta-actions incurs the minimum cost while returning an acceptable
execution confidence. The satisfaction rate for a rule r and a set of corresponding
meta-actions M, is computed as follows:
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ExConf(M,, r)
A Z:’lzl C; ’

where n is the number of meta-actions used, and 0 < A < 1 is a cost coefficient
chosen by decision makers.

SatRate(M,, r) = 9.7)

9.6 Side Effects

The main goal of meta-actions is to trigger action rules. However, it is often the case
that when applying meta-actions for the purpose of executing a specific action rule, a
set of unrelated additional and potentially harmful atomic action terms are triggered.
The additional action terms resulting from the meta-action application are called
side effects. Meta-actions might move some object features values from negative to
positive values f(x) € E,(x) and f(y) € E,(y) (desirable positive side effects),
and some object features values from positive to negative values f(x) € E,(x)
and f(y) € E,(y) (undesirable negative side effects). Even though the features
transitioning from positive to negative values might result in catastrophic situations,
they were not fully investigated in previous work involving action rules discovery.
In the following, we depict two types of side effects and we give a brief description
for each type.

9.6.1 Meta-actions Side Effects

Side effects in the context of meta-actions are the effects that occur for specific
small clusters of objects. This type of side effects is discovered in the meta-action
extraction process. It is represented by the action terms, extracted in the meta-action
extraction process, with very low or unusual likelihood of occurrence. In fact, this
type of transition is very rare in our dataset, and was extracted from a very small
number of objects. We can think of this type of effect as minor effects of a meta-
action, that does not represent the core goal or trigger of this meta-action. Detecting
this type of side effects is done by setting a minimum likelihood for the action terms,
or setting a minimum jump in the likelihood between the action terms.

9.6.2 Action Rules Side Effects

Side effects in the context of action rules are the unintended changes in some flexible
features values that meta-actions trigger on objects. In other words, those effects
are triggered by meta-actions but are outside of the intended action rule scope. To
discover those side effects, we can perform two set operations. We first start by
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performing a minus set operation between the antecedent side of the action rule and
the meta-actions action terms reported in the influence matrix. The result is then
intersected with the objects precondition to get the final set of side effects.

9.7 Experiments

We performed a set of experiments on the Florida State Inpatient Database using our
meta-action and association action rules extraction system. We finally evaluated the
action rules extracted using the meta-actions applied.

9.7.1 Dataset Description

In the research, we used the Florida State Inpatient Databases (SID) that is part of the
Healthcare Cost and Utilization Project (HCUP). The Florida SID dataset contains
records from several hospitals in the Florida State. It contains over 2.5 million visit
discharges from over 1.5 million patients. The dataset is composed of five tables,
namely: AHAL, CHGH, GRPS, SEVERITY, and CORE.

The main table used in this chapter is the Core table. The Core table contains
over 280 attributes; however, many of those attributes are repeated with different
codification schemes. In the following experiments, we used the Clinical Classi-
fications Software (CCS) that consists of over 260 diagnosis categories, and 231
procedure categories. This system is based on ICD-9-CM codes. In our experiments,
we used fewer attributes that are described in this section. Each record in the Core
table represents a visit discharge. A patient may have several visits in the table. One
of the most important attributes of this table is the VisitLink attribute, which describes
the patient’s ID. Another important attribute is the Key, which is the primary key of
the table that identifies unique visits for the patients and links to the other tables. As
mentioned earlier, a VisitLink might map to multiple Key in the database.

The Core table reports up to 31 diagnoses per discharge as it has 31 diagnosis
columns. However, patient’s diagnoses are stored in a random order in this table.
For example, if a particular patient visits the hospital twice with heart failure, the
first visit discharge may report a heart failure diagnosis at diagnosis column number
10, and the second visit discharge may report a heart failure diagnosis at diagnosis
column number 22. Furthermore, it is worth mentioning that it is often the case that
patients examination returns less than 31 diagnoses.

The Core table also contains 31 columns describing up to 31 procedures that the
patient went through. Even though a patient might go through several procedures in
a given visit, the primary procedure that occurred at the visit discharge is assumed
to be the first procedure column. The Core table also contains an attribute called
DaysToEvent, which describes the number of days that passed between the admission
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Table 9.3 Mapping between

! Attributes Concepts

attributes and concepts — - -

features VisitLink Patient Identifier
DaysToEvent Temporal visit ordering
DXCCSn nth Diagnosis, flexible attributes
PRCCSn nth Procedure, meta-actions
Race, Age Range, Sex, ... | Stable attributes
DIED Decision attribute

to the hospital and the procedure day. This field is anonymized in order to hide the
patients’ identity.

Furthermore, the Core table also contains a feature called DIED, that informs us
on whether the patient died or survived in the hospital for a particular discharge. In
addition, there are several demographic data that are reported in this table as well,
such as: Race, Age Range, Sex, living area, ...The following Table 9.3 maps the
attributes from the Core table to the concepts and notations used in this chapter.

9.7.2 Meta-action Extraction

We extracted meta-actions action terms from the Florida SID dataset, and computed
their likelihood and term confidence using the method described in Sect.9.4.2. In
these experiments, we extracted action terms for 231 procedures, considered here as
meta-actions; however, for the sake of this chapter, we report the results for five meta-
actions described in Table 9.4 with their CCS procedure codes. We built an influence
matrix represented by Table 9.6 that describes our findings in terms of meta-actions’
action terms. Table 9.6 reports few examples of action terms of size 1-4 extracted
for each meta-action; however, we extracted action terms with more than 4 atomic
terms and we may extract action terms of size up to the number of features. We also
included the description of the CCS diagnoses codes for some of the most significant
action terms’ features in Table9.5.

Table 9.4 Mapping between CCS single level procedure codes and their description [3]

PRCCS1 Description

43 Heart valve procedures

44 Coronary artery bypass graft (CABG)

45 Percutaneous transluminal coronary angioplasty (PTCA)

47 Operations on lymphatic system

48 Insertion; revision, replacement; removal of cardiac pacemaker or cardioverter/
defibrillator
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Table 9.5 Mapping between CCS single level diagnosis codes and their description [3]

Diagnosis code Description

101 Coronary atherosclerosis and other heart disease

55 Fluid and electrolyte disorders

62 Coagulation and hemorrhagic disorders

106 Cardiac dysrhythmias

99 Hypertension with complications and secondary hypertension
158 Chronic kidney disease

114 Peripheral and visceral atherosclerosis

108 Congestive heart failure; nonhypertensive

59 Deficiency and other anemia

58 Other nutritional; endocrine; and metabolic disorders

117 Other circulatory disease

105 Conduction disorders

155 Other gastrointestinal disorders

663 Screening and history of mental health and substance abuse codes
257 Other aftercare

259 Residual codes; unclassified

96 Heart valve disorders

253 Allergic reactions

211 Other connective tissue disease

As mentioned in the dataset description, the flexible attributes represented by
diagnosis are not ordered by attribute column (there are no fixed attribute columns).
For this reason, we represented each visit with a set of diagnoses instead of a set
of fixed attributes. However, as you can note in Table 9.6, to simplify the reporting,
we assume the domain of each diagnosis is in {0, 1}, where 1 means that the patient
is diagnosed with that particular diagnosis at the current visit, and 0 means that the
patient is not diagnosed with that specific diagnosis at the current visit.

We first grouped our dataset by procedures that are represented here by the first
primary procedure attribute PRCCSI. We also grouped the visits by patient ID Vis-
itLink and ordered each patient’s visits by the DaysToEvent attribute. We then built
pairs of visits for the meta-action applied, and extracted the action terms from the
pairs. Finally, we computed the likelihood and term confidence for each action term.
As you can see from Table9.6, the likelihood and term confidence of the action
terms extracted are very high. The higher the likelihood of the action term, the more
important the diagnoses and the more likely the diagnoses involved are the main
reason of the procedure. In addition, the higher the term confidence the more stable
the meta-action and procedure result.
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Table 9.6 Influence matrix like table reporting support and confidence

H. Touati et al.

Meta-actions Action terms with CCS codes Likelihood Term
Conf (%)

43 (101,1 — 0) 167 84
(55,1 - 0) 165 91
(62,1 —0) 146 96
(106, 1 — 0) 135 88
99,1 - 0) 66 96
(55,1 > 0) A (62,1 — 0) 46 90
(55,1 — 0) A (106, 1 — 0) 44 90
(158,1 — 0) A (106,1 — 0) A (99,1 — 0) 14 87.5
(55,1 = 0) A (158, 1 = O)A 8 100
(101, 1 = 0) A (99,1 — 0)

44 (101,1 — 0) 181 85
(108,1 — 0) 92 91
62,1 —> 0) 97 98
(114,1 - 0) 86 93
(58,1 = 0) 193 91
(108, 1 — 0) A (106, 1 — 0) 32 94
(55,1 — 0) A (106, 1 — 0) 42 91
(62,1 = 0) A (55,1 = 0) A (106,1 — 0) 16 94
(55,1 —> 0) A (108, 1 — O)A 8 100
(58,1 > 0) A (59,1 - 0)

45 (101,1 — 0) 262 78
117,1 - 0) 97 86
(105,1 — 0) 85 83
(155,1 = 0) 81 88
(663,1 — 0) 201 85
(55,1 >0 A (59,1 - 0) 33 89
(58,1 = 0) A (257,1 = 0) 40 77
(259,1 — 0) A (663,1 — 0) A (101,1 — 0) 26 76
(58,1 = 0) A (259,1 — O)A 6 67
(663,1 — 0) A (101,1 — 0)

47 (101,1 — 0) 347 81
(117,1 — 0) 135 88
(105,1 — 0) 135 82
96,1 — 0) 99 93
(155,1 = 0) 97 94
(117,1 - 0) A (257,1 — 0) 45 80
(259,1 — 0) A (253,1 — 0) 41 90
(117,1 = 0) A (257,1 = 0) A (101, 1 — 0) 24 83
(117,1 — 0) A (105, 1 = O)A 9 75
(257,1 - 0)A(101,1 — 0)

(continued)
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Table 9.6 (continued)

Meta-actions Action terms with CCS codes Likelihood Term
Conf (%)

48 (257,1 — 0) 335 87
96,1 — 0) 152 90
11,1 — 0) 115 86
(106, 1 — 0) 147 94
(155,1 — 0) 137 91
(59,1 > 0) A (58,1 = 0) 69 86
(55,1 > 0) A (58,1 — 0) 69 87
58,1 >0 A5, 1—0AB51—0 27 80
(55,1 > 0) A (58,1 = O)A 11 100
(158,1 = 0) A (99,1 — 0)

9.7.3 Action Rules Extraction and Evaluation

We extracted action rules using the association action rules extraction method
described in [9]. We commonly extract action rules from the whole dataset; however,
for the sake of this chapter, we extracted action rules from a subset of the dataset
that contains patient visit records involving the meta-actions reported in Table 9.6.
It is important to note that the meta-action attribute, PRCCS]I, is not involved in
the action rules extraction process. In addition, neither the patient ID, VisitLink,
nor the ordering attributes, DaysToEvent, are used in the action rules extraction
process.

Following this setting, we extracted the following two rules with their respective
support and confidence, where patients stay alive; more precisely, the decision feature
DIED stays at 0:

rr = (58,1 >0 A(B9,1—0)A(B51— 0)= (DIED,0 — 0)
where sup = 334, and conf = 85 %,
rn = (62,1 >0 AGB51—0)A006,1— 0)= (DIED,0 — 0)

where sup = 101, and conf = 78 %.

Now, we would like to apply meta-actions to trigger those rules. Therefore, we
need to pick up the action terms that cover the antecedent side of each rule and
their corresponding meta-actions. If we apply the set of meta-actions My4gy = {48}
to action rule r1, we will get the following global confidence and execution con-
fidence: GlobConf(r;) = 80% and ExConf(M4g)(r1)) = 68 %. Whereas, if we
apply the meta-actions M4y = {44} we will get: GlobConf(r;) = 100 % and
ExConf(M48)(r1)) = 85 %. In other words, if a patient has the following diag-
noses {55, 59, 58} = {Fluid and electrolyte disorders, Deficiency and other anemia,
Other nutritional; endocrine; and metabolic disorders} it is better to perform a Coro-
nary artery bypass graft (CABG), CCS code of 44, rather than Insertion; revision,
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replacement; removal of cardiac pacemaker or cardioverter/defibrillator, CCS code
of 48. However, depending of the cost of the meta-action and the satisfaction rate, a
practitioner may make a different decision.

Similarly, we can apply meta-actions M44y = {44}, Coronary artery bypass graft
(CABGQG), to trigger r, and resolve the diagnoses {62, 55, 106} = {Coagulation and
hemorrhagic disorders, Fluid and electrolyte disorders, Cardiac dysrhythmias} and
we will get: GlobConf(r1) = 94 % and ExConf(M48)(r1)) = 73.32 %.

We lack the cost of meta-actions in our dataset; hence, we cannot compute the
SatRate. Nonetheless, this information can be obtained via consultation with a prac-
titioner. If we assume that the cost of any given meta-action is the same and that A
is selected as a constant for each meta-action, then the SarRate will essentially be
equal to the ExConf and practitioners can base their decision on the best execution
confidence.

9.8 Conclusion

Nowadays, action rules are used in several industries and the healthcare industry
among others is a very sensitive area. Results from action rules extraction process
have to be thoroughly evaluated and analyzed to be used in such industries. Action
rules are commonly constructed from feature values patterns and not from transition
patterns. In this chapter, we used meta-actions to evaluate action rules and we intro-
duced new evaluation metrics. We used the 2010 Florida State Inpatient Databases
(SID), and extracted meta-actions and action rules from this dataset. We evaluated
meta-actions applied to action rules with the different metrics and compared the
results to traditional metrics. Our results show the effectiveness of meta-actions in
evaluating action rules and the rigorousness of our evaluation metrics. In future work,
we will explore the meta-actions’ extra action terms, considered as side effects, that
covered patients’ preconditions and did not cover action rules when applying meta-
actions.
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Chapter 10

Irrelevant Feature and Rule Removal
for Structural Associative Classification
Using Structure-Preserving Flat
Representation

Izwan Nizal Mohd Shaharanee and Fedja Hadzic

Abstract Practical applications of association rule mining often suffer from
overwhelming number of rules that are generated, many of which are not interesting
or useful for the application in question. Removing irrelevant features and/or rules
comprised of irrelevant features can significantly improve the overall performance.
Many statistical and constraint based measures are used to discard unnecessary and
irrelevant features and rules when vectorial or tabular data is in question. In contrast,
the use of such measures is limited in the tree-structured data domain, due to the
structural aspects that are not easily incorporated. In this chapter, we explore the use
of a feature subset selection measure as well as a number of common statistical inter-
estingness measures via a recently proposed structure-preserving flat representation
for tree-structured data such as XML. A feature subset selection is used prior to asso-
ciation rule generation. Once the initial set of rules is obtained, irrelevant rules are
determined as those that are comprised of attributes not determined to be statistically
significant for the classification task. The experiments are performed using real world
web access trees and property management dataset. The results indicate that where
the dataset has more standard structure a large number of insignificant rules will be
discarded and accuracy will increase. However, where the tree instances can vary
greatly in terms of structure and label distribution among nodes, while many rules
are removed and the accuracy increases, there is a significant reduction in coverage
rate of the rule set.
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10.1 Introduction

Real world datasets often contain attributes that are irrelevant or redundant for the
classification problem at hand. These features can degrade the performance and
interfere with the learning mechanism typically resulting in a reduction in the quality
and generality of the discovered patterns/model and overfitting of the model to the
train data. The basic principle of feature subset selection is to find the necessary
and sufficient subset of features or attributes which results in simplification of the
discovered knowledge model, better generalisation power, while at the same time
the accuracy for classification tasks is not compromised.

Association rule mining, being one of the most popular techniques for discovering
interesting associations among data objects, has also been utilized for the classi-
fication task, where it can contribute to discovering strong associations between
occurring attribute and class values [26]. An associative classification framework
was first proposed in [28], which consists of an algorithm to generate all class asso-
ciation rules from which a classifier is constructed. Many works [10, 45, 49, 50] have
developed various extensions and refinements to this initially proposed framework
and the results reported high accuracy and efficiency for the classification prob-
lem. Similarly in tree-structured data domain, the XRules structural classifier [52],
is based on association rules generated from the ordered embedded subtree mining
algorithm [51].

When dealing with pattern selection, one faces the quantity problem due to large
volume of output as well as the quality assurance problem of rules reflecting real,
significant associations in the domain under investigation [25]. In a recent work pre-
sented in [24] the search space of Apriori-like algorithms is pruned so that discovered
rules are interesting with respect to the Jaccard measure, rather than the support con-
straint for which an optimal threshold is often unknown. To deal with the quality
problem many interestingness measures have been developed and utilized in various
knowledge discovery tasks [12, 29]. In one train of thought, since the nature of data
mining techniques is data-driven, the generated rules can often be effectively vali-
dated by a statistical methodology in order for them to be useful in practice [13, 22].
Interesting rules could then be interpreted as those rules that have a sound statistical
basis and are neither redundant nor contradictory. The aforementioned works [12, 13,
22, 29] have mainly focused on relational data. There is relatively less work in this
area when it comes to tree-structured data (an overview is given in the next section).
Tree-structured data has underlying complex structural characteristics which typi-
cally need to be preserved in the knowledge patterns discovered during a data mining
task [17, 52]. The structural characteristics of data pose difficulties in application
of traditional classifiers and interestingness measures, whose mechanism typically
does not take structural aspects of data into account.

In [38], a unified framework was proposed that systematically combines several
statistical/heuristic techniques to assess the rule quality and remove any redundant
and unnecessary rules for the classification problem. In this chapter, the focus is on
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exploring the application of this framework to tree-structured data, enabled by the
recently proposed structure-preserving flat data format for tree-structured data [14].
The work presented in [14] is based on the extraction of a database structure model
(henceforth DSM) within which every tree instance from the database can be matched
to and which keeps the structural information of the flat representation generated.
The implications of the representation in contrast to traditional tree mining field is
that every subtree pattern or a rule, will be constrained by the pre-order position of
the constituting tree nodes of the subtree w.r.t the DSM. In this work, we explore
the application of a feature subset selection measure and statistical interestingness
measures via this method to filter out unnecessary and irrelevant subtree patterns
for the structural classification task. A feature subset selection method is used prior
to association rule generation. Once the initial set of rules is obtained, irrelevant
rules are determined as those that are comprised of attributes not determined to be
statistically significant for the classification task. The experiments are performed
using real world web access tree dataset and a property management dataset from a
real estate company. The results indicate that where the dataset has more standard
structure the use of statistical measures will discard a large number of insignificant
rules and at the same time increase the accuracy of the rule sets. On the other extreme,
where the tree instances can vary greatly in terms of structure and label distribution
among nodes, as is the case in the web access tree dataset, while many rules are
removed and the accuracy increases, there is a significant reduction in coverage
rate of the rule set. Furthermore, we compare some of the results with a structural
classifier based on traditional subtrees, and highlight some important differences and
implications when subtree based rules are constrained by their position. The results
also show that including the associations that do not necessary result in connected
trees can be important, while such associations are typically ignored within the tree
mining field. These findings indicate that structural classifier could be improved and
complemented by including disconnected subtrees and constraining the subtrees by
their exact occurrence in the database. However, more work is required to identify
the domains and application where including such association rules can be beneficial
and the right way to combine them with traditional subtree patterns for optimal
performance.

The rest of the chapter is organized as follows. The related works are given in
Sect. 10.2, while Sect. 10.3 defines the concepts and the rule set optimization problem
focused on in this study. In Sect. 10.4, we describe the steps involved in the proposed
approach which is evaluated using real-world datasets and experimental findings are
discussed in Sect. 10.5. Section 10.6 concludes the chapter.

10.2 Related Work

To date, limited work has been done on the feature selection, rule evaluation and
interestingness measures for tree-structured data. Many of the well developed rule
interestingness measures are in relational data and they have had great success in
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evaluating rule interestingness as discussed in [44]. Several works on the evaluation
of discovered patterns based on statistical significance [2, 22, 46] are limited to
relational data. The existence of vast well-developed measuring techniques to evalu-
ate interestingness of rules from relational data, offers great opportunities for adapt-
ing these techniques for verifying significant subtrees from semi-structured data. The
applicability of these interestingness measures needs to be explored in the context
of frequent subtree mining, where necessary adjustments and extensions need to be
made to ascertain the validity of the methods given the more complex structured
aspects in the data, which often need to be preserved in the rules.

One line of work focusing on more interesting subtree patterns aims to reduce
the patterns through the application of plausible constraints. The problem of min-
ing mutually dependent ordered subtrees has been addressed in [32]. The proposed
algorithm utilizes the hyperclique method [47] in the tree mining context so that
all the components of a subtree are highly correlated together. These hyperclique
subtree patterns are discovered using an h-confidence measure which is the mini-
mum probability of an item from a pattern in one transaction implying the presence
of all other items in the same transaction. Hence, the extracted hyperclique subtree
patterns will satisfy the minimum h-confidence threshold. The work done in [3] uses
the method proposed for database compression in regards to item set mining in [39]
to demonstrate how the same minimum description length principle can yield good
results for sequential and tree-structured data. The work presented in [31] extends
the idea of the item constraint [41] to that of a node-inclusion constraint in subtrees.
Furthermore, Knijf and Feelders [20] proposed the use of monotone constraints in
frequent subtree mining, namely monotone, anti-monotone, convertible and succinct
constraints. Using these constraints, the frequent subtrees are mined using an oppor-
tunistic pruning strategy, and the set of frequent subtrees are reduced to only those
satisfying the specific user pre-defined constraints.

Besides the aforementioned constraint-based techniques, to the best of our
knowledge, there are limited works on verifying the significance of discovered fre-
quent subtrees. Hashimoto et al. [19] proposed and developed an application of sta-
tistical hypothesis testing to re-rank the significant frequent subtrees. This approach
ranks the significant patterns according to P-values obtained from the Fisher’s Exact
test of significance. The significant patterns were then used for Glycan classifi-
cations problems. Recently Yan et al. [48], proposed a mining framework called
LEAP (Descending Leap Mine) for checking and mining significant frequent sub-
graphs which helps to discard redundant frequent subgraphs. For a predefined class
label in XML documents, an efficient XRules classifier has been proposed in [52].
This approach offers promising results in terms of a structural classifier for semi-
structured data, but utilizes standard measures of interestingness based on support
and confidence.
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10.2.1 Relationship Between Feature Subset Selection
and Frequent Subtree Interestingness

In general, the objective of feature subset selection as defined in [18] is to find a
minimum set of attributes such that the resulting probability distribution of the data
classes is as close as possible to the original distribution obtained using all attributes.
Han and Kamber in [18] asserted that domain expertise can be employed in order
to pick out useful attributes. However, because the data mining task involves a large
volume of data and unpredictable behaviour of data during data mining, this task is
often expensive and time consuming.

The test of statistical significance is one of the prominent approaches in evalu-
ating attributes/features usefulness. Stepwise forward selection, stepwise backward
selection and a combination of both are three commonly used heuristic techniques
utilized in statistical significance tests such as linear regression and logistic regres-
sion [18]. Moreover, the application of correlation analysis such as the chi-square
test is also valuable in identifying redundant variables for feature subset selection.
Another powerful technique for this purpose is the Symmetrical Tau [54], which
is a statistical-heuristic feature selection criterion. It measures the capability of an
attribute in predicting the class of another attribute. Additionally, information gain
is another attributes relevance analysis method employed in the popular ID3 [33]
and C4.5 [34] as reported in [18]. An extensive overview and comparison of the
different approaches to the feature subset selection problem has been provided in
[6, 11, 21, 30].

While the original purpose of feature subset selection is to reduce the number of
attributes to only those attributes relevant for a certain data mining task, they never-
theless can be utilized to measure the interestingness of rules/pattern generated. For
example, if the rule/pattern consists of irrelevant attributes, the aforementioned mea-
sure can also give some indication that the rule/pattern is not interesting. Moreover,
[12] stated that there are three roles of interestingness measures. The first is their
ability to discard uninteresting patterns during the mining process, thereby narrowing
the search space and improving the mining efficiency. The second role is to calcu-
late the interestingness scores for each pattern, which allows the ranking of patterns
according to specific needs. The final role is the use of interestingness measures dur-
ing the post-processing stage to select interesting patterns. Interestingness measures
such as the chi-square test [8], Symmetrical Tau [54] and Mutual Information [44],
are capable of measuring the interestingness of rules and at the same time identifying
useful features for frequent patterns.

Since frequent patterns are generated based solely on frequency without
considering their predictive power, the use of frequent patterns without selecting
appropriate features will still result in a huge feature space which leads to larger
volume and complexity of rules. This might not only slow down the model learn-
ing process, but even worse, the classification accuracy deteriorates (another kind of
overfitting issue since the features are numerous) [9].
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10.3 Problem Background

The problem of finding association rules x — y was first introduced in [1] as a
data mining task for finding frequently co-occurring items in large databases. Let
I = {iy,ip,..., i)} be a set of items. Let D be a transactions database for which
each record/transaction R is a set of items, such that R C . An association rule is
an implication of the form x — y where x € I andy € [ and x Ny = (. The
absolute support of a rule x — y is the number of transactions that contain both x
and y. Typically, the relative support is used, where given the support of rule x — y
(denoted as o (x — y)) be s %, there are s % of transactions in D that contain items
(itemsets) x and y. In other words, the probability P(x U y) = s%. An itemset is
frequent if it satisfies the user-specified minimum support threshold. The confidence
of arule x — y, is the estimate of conditional probability of a transaction containing
the consequent (y) if the transaction contains the antecedent (x), and is calculated as
o(x — y)/ o).

Association rule discovery finds all rules that satisfy specific constraints such
as the minimum support and confidence threshold, as is the case in the Apriori
algorithm [1]. When tree-structured data such as XML is in question, the under-
lying associations are tree-structured by nature. Thus, the pre-requisite for the dis-
covery of (structural) association rules becomes the task of frequent subtree min-
ing. A tree-structured document can be modeled as a rooted ordered labeled tree.
A rooted ordered labeled tree can be denoted as T = (vg, V, L, E), where (1) Vo € V
is the root vertex; (2) V is the set of vertices or nodes; (3) L is a labelling function
that assigns a label L(v) to every vertex v € V; (4) E = {(v1, v2)|vi, v2 € V AND
v1 # vp} is the set of edges in the tree, and (5) for each internal nodes, the children
are ordered from left to right.

This problem is generally defined as: given a database of trees T, and minimum
support threshold o, find all subtrees that occur at least o times in T . Most
commonly considered subtrees are induced and embedded. The formal defini-
tions of induced and embedded subtrees are as follows [42]: Given a tree S =
(vsg, Vs, Ls, Es) and tree T = (vtg, Vr, L7, ET), S is an ordered induced subtree of
Tiff (1) Vs € Vy; (2) Ls C Ly, and Lg(v) = Lr(v); (3) Es C ET; (4) the left-to-
right ordering of sibling nodes in the original tree is preserved. Moreover, S is an
ordered embedded subtree of T iff (1) Vg C Vy; (2) Ls € Ly, and Lg(v) = Ly (v);
(3) if (v1,v2) € Eg then parent(vy) = vy in S and v; is ancestor of v, in T, and
(4) the left-to-right ordering of sibling nodes in the original tree is preserved. If
S = (vsg, Vs, Ls, Es) is an embedded subtree of T = (vty, V7, L7, E7), and two
vertices vi € Vs and vy € Vs form ancestor-descendant relationship, the level of
embedding (LoE) [42], between vy and v,, denoted by A (v1, v2), is defined as the
length of the path between v and v, in T. Hence, a maximum level of embedding
constraint (MaxLoE) M 5 can be imposed on the subtrees extracted from 7, such that
any two connected nodes in an embedded subtree of 7" will be connected in 7 by a
path that has the maximum length of M 5. Examples of induced and embedded sub-
tree are given in Fig. 10.1 (the number on the left of the nodes indicate its pre-order
position in the original tree T').
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Fig. 10.1 Example of induced/embedded subtrees (T, T2, T4, T¢) and embedded subtrees (73, T5)
of tree T

In this chapter, the focus is on evaluating rules based on embedded and induced
subtrees that satisfy minimum support and confidence thresholds, and discarding
any rules determined to be irrelevant to the classification task at hand. Let us denote
the subtree patterns from the frequent subtree set SF' that have a class label (value),
as SFC, their accuracy as ac(SFC) and coverage rate as cr(SFC). The problem
focused on in this work can then be generally defined as follows: Given SFC with
accuracy ac(SFC), obtain SFC' C SFC, such that ac(SFC') > (ac(SFC) — ¢) and
cr(SFC") > (cr(SFC) — ¢) (¢ is an arbitrary user defined small value used to reflect
the noise that is often present in real-world data).

In what follows we discuss the common way of representing trees. This will
lay the necessary ground for understanding the positional constraint imposed by
the DSM approach [14]. A pre-order traversal can be computed as follows: If an
ordered tree T consists only of a root node 7, then r is the pre-order traversal of 7.
Otherwise let T1, Ty, ..., T,, be the subtrees occurring at r from left to right in 7.
The pre-order traversal begins by visiting » and then traversing all the remaining
subtrees in pre-order starting from 7 and finishing with 7},. The string encoding
(¢) can be generated by adding vertex labels in the pre-order traversal of a tree
T = (vo, V, L, E) and appending a backtrack symbol (e.g., */’, /’ ¢ L) whenever we
backtrack from a child node to its parent node. Figure 10.2 and Table 10.1 depict a
tree database consisting of 7 tree instances (or transactions) and the string encoding
for tree database, respectively.

10.3.1 Feature Subset Selection

Feature subset selection is an important pre-processing step in the data mining
process. If the irrelevant attributes are left in the dataset, they can interfere with
the data mining process and the quality of the discovered patterns may deteriorate,
creating problems such as overfitting [9]. It is in particular the case in associative
classifiers, since frequent patterns are typically generated without considering their
predictive power [9], resulting in a huge feature space for possible frequent patterns.
The removal of irrelevant attributes will result in a much smaller dataset, thereby
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T4

Fig. 10.2 Example of a tree-structured database Ty, consisting of 7 transactions

Table 10.1 Example of tree

) Tree database (Tp) Pre-order string encoding
transactions
To ‘abdn—-le—1—-1—-1c¢c—-1’
T, ‘bc—1be—-1-1"
T ‘bde -1 -1’
T3 Im—1n-1
Ty klm—-1—-1n-1
Ts ‘bacf—-1—-1-1d-0
Te ‘abecd—-le—1—-1—-1fgh—-1i
—1—-1-r

reducing the number of rules that need to be generated from the association rule
mining algorithm, while closely maintaining the integrity of the original data [18].
Additionally, rules described with fewer attributes are also expected to perform better
when classifying future cases; hence, they will have better generalization power than
do the more specific rules that take many attributes into account. Besides, the patterns
extracted will also be simpler and easier to analyse and understand. Determining the
relevant and irrelevant attributes poses a great challenge to many data mining algo-
rithms [36].
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The feature subset selection problem can be more formally described as: Given
a relational database D, AT = {aty, ats, ..., atjar|} the set of distinct items in D,
and ¥ = {y1,y2,...,y)y|} the class attribute with a set of class labels in D. Let an
association rule mining algorithm be denoted as ARz, the set of association rules
for predicting the value of a class attribute Y from D extracted using AR4z, as AR(D),
and accuracy of AR(D) as ac(AR(D)). The problem of feature subset selection is to
reduce D into D’ such that AT” C AT and ac(AR(D')) > ac(AR(D’)) — ¢, where &
is an arbitrary user defined small value to reflect noise present in real-world data. In
other words, the task is to find the optimal set of attributes, AT opr S AT, such that
the accuracy of the association rule set using AR47, is maximized.

10.3.2 Modeling Tree-Structured Data

An example of three user sessions logged into an academic institution website server
is depicted here to represent the process of tree-structured data representation for
data mining purposes. Table 10.3 is an example of a string to integer mapping from
the user sessions in Table 10.2. The mapping process from string to integer can be
done with a hash function as discussed in [51]. Representing a label as an integer
instead of a string label has considerable performance and space advantages [42].

As mentioned earlier, a common way of representing trees is to use the pre-order
(depth-first) string encoding (¢) as described in [51]. For example, the pre-order
string encoding representation of the underlying tree structure of the user navigation
of Table 10.2 is transformed to (¢)(session0) = ‘0123 —-14—-1—-156 -1 —1—1
789—-1—-1—-11011-112 -1 —1"and (¢)(session 1) =01 1314 -1 15 -1 —1
16 —1 —117 —1” and (¢)(session2) = ‘011819 -1 —-1-12021 -1 —-1722 —1
—1’. The access sequence of web pages from Table 10.2 can be represented in a tree-
structured way as shown in Fig. 10.3. The order of pages accessed is reflected by the
pre-order traversal of the tree. The corresponding tree structure is more informative
than just a sequence of pages accessed as it captures the structure of the web site, and
navigational patterns over this website, and the discovered knowledge patterns will
as a result be more informative and useful, as already elaborated on in works such
as [16, 17, 51, 52]. With this approach, specific pages can be considered within the
same context. An example of this is the two pages being grouped under the ‘centres
and labs’ parent node with label 13in the tree of session 1, and 2 pages under the
‘research’ parent node with label 11in the tree of session 0. Session 0 has come from
an IP within the university and is most likely an example of a student acquiring
some general information about the institute and then seeking information related
to postgraduate study. The first session came from an IP internal to the university,
where the user was interested in looking for jobs by browsing institutional centres
and labs, and contacted the institute for more information. While session two may
come from a potential external student who is searching for a potential supervisor
by browsing some related conference papers and is interested in finding a research
training program.
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Table 10.2 Example of user
session

Session 1:
/
/research.html

/research/topics.html

/research/topics/51-business-intelligence.html

/research/topics/55-e-education-ecosystems.html

/research/seminars.html

/research/seminars/413-presentation-by-eric-feinberg.html

/phd-a-msc.html

/phd-a-msc/scholarships.html

/phd-a-msc/scholarships.html#debii
/about.html
/about/objectives.html

/about/mission-and-vision.html

Session 2:
/
/research.html

/research/centres-and-labs.html

/centres-and-labs/217-anti-spam-research-lab-asrl.html

/centres-and-labs/214-centre-for-stringology-a-applications

-csa-.html

/research/jobs.html

/contact-us.html

Session3:
/
/research.html

/research/publications.html

/research/publications/conf-a-journal-papers.html
/allstaff.html

/allstaff/Research Professors & Fellows.html
/exchange-students.html

/phd-a-msc.html

/phd-a-msc/research-training.html

The integer-indexed tree is then formatted as shown in Table 10.4. This dataset
format representation was proposed by [51]. Please note that the second column
(cid) could be used to refer to a specific entity which the record describes (e.g. User
id). However, in many domains such information is often unavailable, or it has been
intentionally omitted or related through the transaction id (tid). Hence, in most of the
tree databases represented in this format, the cid column will simple be a repetition
of the tid column. This is the common format used in the frequent subtree mining
field [17].
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Table 10.3 Integer mapping

. ID Web page

for web pages from Table 10.2
0 Homepage
1 Research
2 Topics
3 51-business-intelligence
4 55-e-education-ecosystems
5 Seminars
6 413-presentation-by-eric-feinberg
7 phd-a-msc
8 Scholarships
9 scholarships.html#debii
10 About
11 Objectives
12 Mission-and-vision
13 Centres-and-labs
14 217-anti-spam-research-lab-asrl
15 214-centre-for-stringoLogsy-a-applications-csa-
16 Jobs
17 Contact-us
18 Publications
19 Conf-a-journal-papers
20 Allstaff
21 Research Professors & Fellows
22 Research-training

10.3.3 Database Structure Model (DSM)

The definition given by [14] is utilized here to describe the Database Structure Model
(DSM). Generally, the string-like representation of a tree database (example given
in Table 10.4, is converted into a flat data format while preserving the ancestor-
descendant and sibling node relationships. Henceforth, this structure-preserving flat
data representation will be simply referred to as ‘table’. The header of the table
contains the DSM without any specific attribute names. It represents only the most
general structure where every instance from the tree database can be matched to. This
will ensure that when the labels of a particular transaction from the tree database are
processed, they are placed in the correct column, corresponding to the position in
the DSM that this label matches. To illustrate the complete conversion process using
DSM, please refer to Fig. 10.2. Using the string encoding format representation [51],
the tree database T, from Fig. 10.2 would be represented as is shown in Table 10.1,
where the left column corresponds to the transaction identifiers, and the right column
is the string encoding of each subtree.
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Session 0 Session 1 Session 2

Fig. 10.3 Integer-indexed tree of user sessions in Table 10.2

Table 10.4 An integer-indexed tree in Fig.10.3 formatted as a string-like representation as used
in [51]

tid | cid |S] Pre-order(depth-first) encoding

0 25 |0123-14-1-156-1-1-1789-1-1-11011-112-1-1

1 25 |011314—-115-1-116—-1-117 -1

2 25 |011819—-1-1-12021—-1-1722—-1-1

| = O

tid transaction-id, cid omitted (i.e. equal to tid), |S| size of string

In this example, the DSM is reflected in the structure of T¢ in Fig. 10.2 and it
becomes the header of the table to reflect the attribute names as explained pre-
viously. The string encoding is used to represent this uniform structure and since
the order of the nodes (and backtracks (‘-1)) is important, the nodes and back-
tracks are labeled sequentially according to their occurrence in the string encod-
ing. For nodes (labels in the string encoding), x; is used as the attribute name,
where i corresponds to the pre-order position of the node in the tree, while for
backtracks, b; is used as the attribute name, where j corresponds to the backtrack
number in the string encoding. Hence, from our example in Fig. 10.2 and Table 10.1,
(DSM) =‘x¢, x1, X2, x3, bo, x4, b1, by, b3, x5, x¢, x7, bs, X3, b5, be, b7’.

To fill in the remaining rows, every transaction from 7 is scanned and when a
label is encountered, it is placed in the matching column (i.e. under the matching
node (x;) in the DSM), and when a backtrack (‘-1”) is encountered, a value ‘1’ (or
‘y’) is placed in the matching column (i.e. matching backtrack (b;) in DSM). The
remaining entries are assigned values of ‘0’ (or ‘No’, indicating non existence). The
flat data format of T, from Table 10.1 (and Fig. 10.2) is illustrated in Table 10.5.

The conversion process can be formalized as follows. Let the tree database con-
sisting of n transactions be denoted as Tz, = {tidy, tidy, . . ., tid,—1}, and let the string
encoding of the tree instance at transaction tid; be denoted as ¢(tid;). The DSM is
extracted from 7, using the procedure explained earlier. Further, let |¢(tid;)| denote
the number of elements in ¢(tid;), and ¢(tid;); (k = {0, 1, ..., |p(tid;)| — 1}) denote
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Table 10.5 Flat representation of 7, in Fig. 10.2 and Table 10.1

X0

x3 | by |x4 |b1 |by |bs |x5 |x6 |x7 |bs |x3 |bs |bg | by
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Table 10.6 Flat representation of 7db in Fig. 10.2 and Table 10.1 when minimum support = 3
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the kth element (a label or a backtrack ‘-1°) of ¢(#id;). The flat data format or table
Fr (C,R)(C = columns, R = rows) is set up where C = {cp, c1, ..., Cp—1}(m =
IC] = |(DSM)), and R = {ro,r1,...,1p—1}(p = IR| = n+ 1) (i.e. extra col-
umn for attribute names). The value in column number x and row number y is
denoted as Fr(cy, ry). Hence, to set the attribute names Fr(c;, 79) = @(DSM)y
wherei =k =1{0,1, ..., (lp(DSM)| — 1)}.

In addition, during the conversion process as mentioned in [16], one can incorpo-
rate the minimum support threshold s so that the DSM captures only those structural
characteristics that have occurred in at least s % of the tree database. Hence, in some
cases only a fraction of a tree instance can be matched to the DSM due to low occur-
rences in the tree database, but the partial information still needs to be included in
the resulting flat table. As an example, refer to the tree database T, in Table 10.5 and
Fig. 10.2, in mining the subtrees with minimum support threshold of 3, the resulting
DSM would be as follows: ‘xg, x1, X2, x3, bg, b1, ba, x4, b3’ and the new table is
shown in Table 10.6.

10.3.4 Tree to Flat Conversion Example Using Academic
Institution WebLogs Data

Referring to the an Academic Institution WebLogs data example in Sect. 10.3.2,
the pre-order encoding format of the tree database needs to be converted into a flat
representation as proposed by [14]. The DSM applications were described earlier in
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Sect. 10.3.3. In this section, an illustrative example is provided using an Academic
Institution WebLogs example as reference. The DSM is reflected in the structure
of Tp in Table 10.4 and the corresponding tree is shown in Fig.10.3 (Session 0).
Transaction Ty becomes the general structure of DSM and the header in Table 10.7
to reflect the attributes names. Every transaction that remains in the 7y, will be
matched against the DSM and every node label placed in the matching column (i.e.
under the matching node (x;) in the DSM). The flat data format of 7, from Table 10.4
is illustrated in Table 10.7.

10.3.5 Representing Disconnected Trees w.r.t. DSM

As discussed earlier in Sect. 10.3.3, the rules from DSM can be converted into pre-
order string encoding of the subtrees, and hence are represented as subtrees of the
tree database. However, some rules may not be representatives of valid subtrees.
For example, it is possible that some items in the rules correspond to sibling nodes
in the original tree, while the parent or any ancestor node connecting those in the
original tree is not present in the rules discovered using DSM approach. Hence, this
would result in an invalid subtree as the nodes are disconnected. In addressing this
matter, one can add the other nodes that make it into a valid subtree but flag them
as irrelevant. The process consists of sequentially listing the values of each matched
node in DSM, while retaining the level of embedding information of each current
node in DSM and in the subtree pattern. Since the DSM itself is ordered according
to the pre-order traversal, this results in pre-order string encodings of the subtrees.

As a simple illustrative example, consider the following associations/patterns
extracted from an Academic Institution WebLogs Data:

P;: business-intelligence human-space-computing phd-msc,

P;: scholarships management phd-a-msc.

With respect to pattern (Pp) in Fig. 10.4 and pattern (P3) in Fig. 10.5, the items
(nodes) in the rule correspond to sibling nodes in the original tree, while the parent
or any ancestor node connecting those in the original tree is not present in the rule.
Hence, this would result in an invalid subtree as the nodes are disconnected. This is
illustrated in both Figs. 10.4 and 10.5, where irrelevant nodes are shaded grey. One
can also choose to display the labels of nodes that are there to contextualize the infor-
mation, i.e. scholarships and management and phd-a-msc, which would essentially
contextualize the specific rule constraints. Additionally, the labels of nodes can be
displayed in order to contextualize the information in the tree. In this work, these
rules are recognized as FullTree rules.
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business-intelligence |

[ human-space-computing ]

Fig. 10.4 Displaying pattern (P;) w.r.t. DSM in Table 10.7

’ scholarships ‘ ’ management ‘ . .

Fig. 10.5 Displaying pattern (P2) w.r.t. DSM in Table 10.7

10.4 Method and Experimental Setup

The method used here is the integration of rule optimization framework presented in
[37, 38] and structure-preserving flat representation of tree-structured data presented
in [14], which as a result will allow direct application of standard statistical measures
to tree-structured data. Figure 10.6 shows the proposed framework which in itself
describes the experimental process. The database structure model (DSM) [14] is
extracted from the tree-structured data/XML documents to preserve the structural
characteristics of the data. The extracted DSM is used to create the flat representation
of the tree structured data (shown in Fig. 10.6 with the square dash line region). An
example of the conversion process is given in Sect. 10.3. Once the tree-structured
dataset has been converted to a flat table format (FDT), the dataset is then divided into
two parts. The first part is used for frequent pattern mining, statistical evaluation and
rule filtering process, while the second part acts as sample data drawn from the dataset
used to verify the accuracy and coverage of the discovered rules. In the pre-processing
phase, missing values are handled using common distribution-based missing value
imputation [27] and equal width binning approach is utilised to discretise the values
of any continuous attributes. The equal-width binning approach groups the data into
several buckets or bins of the same interval size. The equal width binning will be
implemented based on the following steps [35]: (1) Calculate the range of variable
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Fig. 10.6 Method and experimental setup

to be binned; (2) Using the specified number of bins, calculate the boundary (width)
of each bin; (3) Using specified boundaries, assign each value of the variable to a bin
for each record. The data partitioning, missing value imputation and discretization
were performed using the SAS Enterprise Miner software (please refer to [35] for
further detail on the use of software for data pre-processing). Secondly, feature subset
selection based on attribute ranking according to Symmetrical Tau measure [54] of
predictive capability is performed as described in [15].

The association rule mining algorithm is utilized to discover frequent rules from
the FDT and rule filtering process based on sequence of chi-square test, Logistic
Regression model selection, redundant rule removal (based on minimum improve-
ment redundant rule constraint [4]) and optional filtering based on higher confidence
threshold is performed. The extracted association rules are mapped onto the DSM
(by the pre-order position of each item) to re-generate the pre-order string encoding
of subtrees, thereby representing them as subtrees of the tree database.

These rules may contain both valid and invalid subtrees (disconnected subtrees),
and we will refer to these as FullTree. In addition, the rules based on embedded sub-
trees and the rules based on induced subtrees (the rule sets that exclude disconnected
subtrees) have also been revealed within the extracted rules. Finally the rule accu-
racy and coverage rate is calculated for all rule sets at different stages.The extracted
frequent rules are mapped onto the DSM to re-generate the pre-order string encoding
of subtrees, thereby representing them as subtrees of the tree database.

Tree-Structured Data Format Conversion: For given tree-structured data, the enu-
meration of all possible subtrees in a complete, non-redundant and efficient way is
the major problem one needs to tackle [43]. A significant delay in the subtree patterns
analysis and interpretation process may occur at lower support thresholds. Addition-
ally, as a large number of frequent subtree patterns may be discovered, many of
which may not be useful, one needs to filter out many of the irrelevant/uninteresting
patterns.
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The flat data format (relational or vectorial data) was proven to be acceptable and
successful when utilized with many well-established data mining techniques. Thus,
an effective way proposed in [14] known as Database Structure Model (DSM) is
utilized in this research to represent tree-structured data in a structure-preserving flat
data format. This approach offers a way of preserving tree-structured and attribute-
value information. With the application of DSM, the structural characteristics are
preserved during the data mining process. The extracted rules from the data mining
application can be mapped onto the DSM to re-generate the pre-order string encoding
of subtrees.

Let a tree structure data in flat table format (FDT) dataset be denoted as D,
I = {iy, iz, ..., 1y} the set of distinct items in D, AT = {aty, a2, ..., atjar} the
set of input attributes in D, and ¥ = {y1, y2, ..., y|y|} the class attribute with a set
of class labels in D. Assume that D contains a set of n records D = {x,, yr};’:1 s
where x,, C [ is an item or a set of items and y, € Y is a class label, then |x,| =
|AT| and x, = {atival,, ataval,, ..., atjarjval,} contains the attribute names and
corresponding values for record r in D for each attribute ar in AT. The training
dataset is denoted as Dy € D and the testing dataset as Dy € D, and filtered
database after feature selection as D], where I’ C I.

We extracted the rule sets extracted from the flat table format (FDT) satisfying
the minimum support and confidence threshold (denoted as F(A)). Individual rules
are denoted as fA € F(A), of the form x — y, where x is the antecedent and y
the consequent, 3{x,, y,} € D;., x C x, x, = {atyval,, atyval,, ..., atiar|val,} and
y € Yisaclass label. For generating F'(A), SAS Enterprise Miner software was used.

Feature Subset Selection: The Symmetrical Tau (ST) measure [54] was derived
from the Goodman’s and Kruskal’s Asymmetrical Tau measure of association for
cross-classification tasks in the statistical domain. Zhou and Dillon [54] have used
the Asymmetrical Tau measure as feature selection during decision tree building, and
have found that it tends to favour attributes with more values. When the classes of an
attribute A are increased by class subdivision, more is known about attribute A and
the probability error in predicting the class of another attribute B may decrease. On
the other hand, attribute A becomes more complex, potentially causing an increase
in the probability error in predicting its category according to the category of B.
This trade off effect inspired Zhou and Dillon [54] to combine the two asymmetrical
measures in order to obtain a balanced feature selection criterion which is in turn
symmetrical. However, note that in case of Boolean variables, symmetrical and asym-
metrical tau will have the same value. Some powerful properties of ST, as reported
in [54], are noise handling through built-in statistical strength, potential classifica-
tion uncertainties are conveyed through dynamic error estimation, no bias towards
multi-valued attributes, not proportional to sample size, proportional-reduction-in-
error nature allows measuring of sequential variation in predictive capability, and
handling of Boolean combinations of logical features.

Let there be R rows and C columns in the contingency table for attributes at;
and Y. The probability that an individual belongs to row category r and column
category c is represented as P(rc), and P(r+) and P(+c) are the marginal prob-
abilities in row category r and column category c respectively. The measure is
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based on the probabilities of one attribute value occurring together with the value
of the second attribute, and for the classification task the second attribute will cor-
respond to a special attribute in the dataset defined as class. The ST measure for the
capability of input attribute at; in predicting the class attribute Y is defined in [54]
as follows.

c R P(ro)® R Cc  P(c)? R 2 c N2
SR By T X T ey S Pe? =3 P+o)
2= SR P2 =3 P(+0)?

Tau(at;, Y) = (10.1)

The higher values of the ST measure would indicate better discriminating criteria
(features) for the class that is to be predicted in the domain. As performed in [15], the
attributes are ranked according to their decreasing ST values and a relevance cut-off
point is chosen at and below which all attributes are considered as irrelevant and are
discarded. The relevance cut-off was selected based on the significant difference (less
than half of the previous value in the ranking) between the ST values in decreasing
order. This will prevent the generation of rules which would then need to be discarded
when found that they were comprised of some irrelevant attributes. In accordance
with [5] we have found that mutual information typically ranks attributes with more
values higher than the ST measure does.

Chi-square: A natural way to express the dependence between antecedent and
the consequence of an association rule is the correlation based on the chi-square
test for independence [7]. The chi-square test is defined as follows: For a given
D;r, the occurrence of at; where at; € AT, (i = (1, ..., |AT]) is independent of the
occurrence of y, € Y if P(at;Uy,) = P(at;)P(y,); otherwise at; and y, are dependent
and correlated. The correlation between at; and y, € Y is measured using Eq. 10.2.
For a given lift measure [40] based on Eq. 10.2, the chi-square x? statistic value was
utilised to determine whether the correlation is statistically significant.

P iUy,
lift(at;, yy) = % (10.2)

Hence, the chi-square test discards any fA; € F(A) for which Jat; contained in x
of x — , the x? value is not significant for y € ¥ (correlation analysis in Eq. 10.2).

Logistic Regression: Another form of statistical analysis applied was the logistic
regression. The relationship between the antecedent and consequent in association
rule mining can be presented as a relationship between a target variable and the input
variables in logistic regression. The following is the definition of the logistic regres-
sion model involved in the framework. For a given D}, several logistic regression
models were developed based on In(Y) = By + Braty + Pratr + - - - + Bjaratjar| +e,
where [n(Y) is the natural logarithm of the odds ratio, Bo, B1, ..., Bjar| are the coef-
ficients of the input attributes at;, e is the error variable and Y the dichotomous class
attribute. The coefficient g; of at; is determined based on the log likelihood value
givenin Eq. 10.3, where at;val, denotes the value of attribute at; occurring in record r.
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Biati = D _{yinlw (atvaly)] + (1 = y)in[l = w(atval)l} — (103)

r=1

The statistical hypothesis is then used to determine whether the input attributes
are significantly related to the class attribute. A number of models can be developed
from logistic regression analysis, and each produces a different selection of attributes.
The model that fits the data well and has the highest predictive capability is selected.
Hence, logistic regression is used to discard any fAx € F(A),fBr € F(B),fCy €
F(C) for which Jat; contained in x of x — y, the B;at; value is not significant
towards the class attribute Y (logistic regression analysis in Eq. 10.3).

Redundant and Contradictive Rule Removal: To remove redundant rules, we uti-
lize the concept of productive rules [4]. This approach is based on minimum improve-
ment redundant rule constraint [4], which discards any rule x — y if confidence
(x = y) < max(confidence(z — y))Vz C x. In other words, a rule x — y with con-
fidence value c1 is considered as redundant if there exists another rule z — y with
confidence value ¢2, where z C x and ¢l < ¢2. The contradictory rule constraint
[53] is then utilised to discard two or more rules that have the same precedent but
imply a different class value.

Rules Accuracy and Rules Coverage: A measure needs to be applied to verify
whether the removal of a large volume of rules based on statistical analysis, and
redundancy and contradictory assessment methods, will enable the discovery of all
the interesting and significant subtree patterns. As such, the quality of the subtree
pattern will be demonstrated based on their accuracy and coverage values. The values
for rule accuracy and coverage will be measured at every stage and sequence of this
task. This measure is crucial as it can determine the quality of the discovered rules.
Additionally, this analysis will reveal the balancing/optimization issues with regards
to the trade-off between accuracy rate and coverage rate.

10.5 Experimental Evaluation

In this section we present the experiments performed using the CRM dataset
(real estate property management records in XML), CSLOGS dataset (web access
trees) and an academic institution dataset (web access trees), structural character-
istics of which are shown in Table 10.8, and the following notation is used: |7r|—
Number of transactions (independent tree instances); |L|—Number of unique labels;
|T|—Number of nodes (size) in a transaction; |D|—Depth; |F|—Fan-out-factor (or
degree). Please note, that in [52] where the structural/ XML classificatotion was first
proposed, it was demonstrated that a simpler classifier that does not take the struc-
ture into the account cannot achieve equally good results. Similarly, in [51] it was
empirically shown, that tree-structured web-browsing patterns are more informative
and useful than, their itemset/sequential pattern counter part. Hence, this study is not
repeated in this work, but rather an experimental study is presented on the use of
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Table 10.8 Structural characteristics of the data

|Tr| |L| Avg|T| | Avg|D| | Avg|F| | Max|T| | Max|D| | Max|F|
CRM 1,181 | 10,611 |52.97 |4.89 8 533 5 46
CSLOGS 68,302 | 16,207 | 7.8 3.45 1.82 313 123 137
Academic Institution | 18,836 | 34,052 | 9.63 |4.98 1.56 60 59 37
Website

standard statistical techniques to reduce the huge number of rules typically generated
during frequent subtree mining, in the context of associative classification. As such,
the focus is on the use of basic accuracy and coverage rate rule evaluation measures
to observe the gradual difference in the rule set accuracy and coverage as different
feature/rule filtering techniques are applied.

Each dataset underwent conversion into a structure-preserving flat data format
(henceforth FDT) using the DSM approach. The backtrack attributes information was
kept in DSM as this is important for preserving the structural information. Hence,
this can be used to represent the resulting rules as trees/subtrees. The backtrack
attributes can be optionally kept in the FDT as when present in rules, they indicate
the existence/non-existence of a node irrespective of the label as discussed in [16].
We have compared the results when rules are generated from itemsets including the
backtrack attributes and without, and the difference was not substantial to make it
worth reporting. Inclusion of backtrack attributes typically resulted in slightly better
results, in terms of increased rule set coverage rate and thus all experiments presented
are done using this option. When reporting the results, the following notation will be
used ST—Symmetrical Tau, AR—accuracy rate, CR—coverage rate, FullTree—the
initial rule set containing disconnected subtree and backtrack attribute based rules,
Embedded—after itemsets have been mapped to DSM (by pre-order positions) to
generate valid connected subtrees, and Induced—only subtrees where maximum
level of embedding is limited to 1 (i.e. parent-child relationships among the nodes,
see Sect. 10.3).

10.5.1 Experiment Set I—CRM Data

CRM data is a real-world dataset relating to the handling of complaints in the area of
real estate. Each complaint relates to a particular defect in the property, and a prop-
erty manager will assign a case to each defect, containing information such as case
managers, contractors, areas of defect, district and building type. The classification
problem considered corresponds to the “WorkCompletion”, with 2 possible values
(within a month and more than a month duration. The attributes containing similar
information or referring to work/task completion duration have then been removed.
The dataset consists of 1,181 instances with 675 attributes, of which 66 % was used
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Table 10.9 Subtree association rule evaluation for CRM data

Type of analysis Data partition | FullTree Induced
#of Rules | AR% |CR% |#of Rules | AR% |CR%
# of Rules after ST | Training 27116 83.02 | 100 |5270 81.56 | 100
Testing 83.74 | 100 834 | 100
Logistic regression Training 91 79.85 | 100 17 68.54 | 100
Testing 80.95 | 100 70.57 | 100
Redundancy removal | Training 51 76.78 | 100 17 68.54 | 100
Testing 77.72 | 100 70.57 | 100
Min. Conf. 60 % Training 44 83.82 195.50 12 77.20 |91.53
Testing 84.57 |96.15 79.18 | 93.59

for training and 34 % for testing. However, there are many complex classes within
this CRM data which may interest the users of the data. Nevertheless in this case,
as our main purposes is not to analyse the problem of CRM itself, but to look at the
CRM data as an example of tree-structured data, the attention is confined to the afore-
mentioned class. The resulting DSM based flat data format contains 675 attributes
(including the class), 586 selected attributes based on Symmetrical Tau(ST) feature
selection. The rules are then generated based on support of 5% and confidence of
50 %. Note that initially the dataset with backtrack attributes was used, which caused
memory issues in the SAS software and hence we applied the ST feature selection
prior to generating association rules which removed all of the backtrack attributes in
this dataset. Furthermore, for this dataset, all subtrees generated are of induced type,
and hence we do not report any results for the embedded subbtree variation as it is
identical to induced for this data.

Table 10.9 shows the results as the statistical analysis and the redundancy assess-
ment have progressively been utilized to evaluate the interestingness of rules. Note
that chi-square analysis is not presented as it did not result in any rule removal at
that stage, and all of the connected subtrees were of induced subtree type in this
dataset. As one can see a significant number of rules was removed by applying the
logistics regression analysis, and in FullTree rule set further 40 rules were detected
as redundant. This has reduced the AR % by about 3 %, but after rules whose min-
imum confidence is below 60 % have been removed (last row) the accuracy has
increased with the cost of not covering around 5 % of the instances. In this exper-
iment, FullTree rule set is the most optimal one, as it is not only more accurate in
classifying/predicting specific instances in the database, but also achieves a higher
coverage rate in the final step compared to Induced rule set. The FullTree rule set
can contain rules that do not convert to valid (connected) subtrees when matched to
DSM. Nevertheless, these are important to include as they may represent important
associations that should not be lost because they do not convert to connected valid
subtrees. Note that we have tried to run the XRules structural classifier [52] on this
data, but since there are quite a few repeating node labels in single tree instances,
caused by repetition of defects and individual cases within a single record, the tree
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Table 10.10 CSLOGS flattened data characteristics and initial number of rules for varying support

Support threshold (%) Atrr. # # Selected attr. | # of Rules with target attr.
DSM flat | Sym. Tau FullTree | Embedded | Induced
222 217 13835 13833 13809
5 64 52 920 919 918
10 40 29 216 215 215
20 24 11 48 47 47
30 16 7 32 31 31

mining algorithm [51] on which the XRules is based on, has difficulties in extracting
subtrees at required low support thresholds.

10.5.2 Experiment Set 2—CSLOGS Data

The CSLogs data comprises the web access trees from the computer science depart-
ment of the Rensselaer Polytechnic Institute previously used in [52] to evaluate the
XRules structural classifier. All of the three datasets (US1924, US2430, and US304)
were combined and instances were replicated (in both training and test data) to make
the class distribution even. The tree instances are labelled according to two classes,
namely the internal and external web site access. The total number of combined
instances is 68302. The training set was comprised of 66 % of the data and the
remainder was left as the test set. Since different support thresholds were used, in
our approach the flat data representation of the dataset is done separately for each
support threshold, as the extracted database structure model (DSM) varies; hence,
the number of attributes used during frequent pattern generation. The general char-
acteristics of the flat data format (including backtrack attributes) and initial number
of rules extracted for CSLogs data (50 % minimum confidence) at varying support
thresholds is provided in Table 10.10. Note, that when using the association rules for
classification task it is natural that performance will vary depending on the support
threshold used. Hence, different support thresholds were tried from a larger to a
smaller extreme, and as expected for larger support thresholds there will be a trade-
off for limited coverage as only the very frequent subtrees will be extracted to form
part of the model.

For this dataset, the best results were achieved for the lowest examined support
threshold of 1 %, and detailed results of progressively filtered rules based on statistical
analysis and redundancy removal are presented in Table 10.11 for support 1 % (at the
end of this subsection we present the performance of final rule sets for all the support
thresholds). The number of rules are shown in brackets below each AR and CR values
reported. The results reveal that by selecting important input attributes with ST and
evaluating the rules with statistical analysis and redundancy assessment method,
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Table 10.11 Subtree association rule evaluation for CSLOG data (1 % support 50 % confidence)

Type of analysis Data partition | FullTree Embedded Induced
AR% |CR% |AR% |CR% |AR% |CR%
Initial rules Training 68.09 9859 |68.12 |98.59 |68.11 |98.59
(13835) | (13835) | (13834) | (13834) | (13810) | (13810)
Testing 69.94 |98.6 69.94 |98.6 69.94 |98.6
Rules after ST Training 69.94 9859 |70.02 |9859 |70.02 |98.59
(6084) | (6084) | (6083) |(6083) |(6081) |(6081)
Testing 72.01 |98.6 72.1 98.6 72.1 98.6
Chi-Square Training 79.22 | 4897 |79.02 |4839 7841 |48.39
(73) | (73 (72) (72 (65) (65)
Testing 78.78 | 48.77 | 7857 |4825 |78.06 |4825
Logistic regression | Training 79.22 | 4897 |79.02 |4839 7841 |48.39
(73) (73) (71 QY (64) (64)
Testing 7878 | 48.77 | 7857 |4825 |78.06 |4825
Redundancy removal | Training 79.02 | 4897 |78.71 4897 |78.71 |48.97
(61 (61) (54 (54) (54) (54
Testing 78.53 | 4877 | 7853 |48.77 |78.53 |48.77

there is a significant reduction in the number of rules. While an increase in AR can
be observed, this is at the cost of reduced CR capabilities. The characteristics of
the FullTree rule set are similar to those of the Embedded and Induced rule sets,
and the AR and CR are very similar or the same for the different rule sets. This is
because the rules from Embedded and Induced rule sets are subsets of FullTree, and
in this dataset there were not so many variations among the rule sets w.r.t the level of
embedding in subtrees or frequent patterns that produce disconnected subtrees. To
conclude, the increase in prediction/classification accuracy comes with a trade-off
since fewer instances are captured from the datasets. On the positive side, a smaller
number of rules is expected to have better generalization power and are easier for
the user to understand and utilize for decision support purposes.

Comparison with XRules for varying support thresholds. In Table 10.12 we com-
pare the AR and CR of the final rule sets of FullTree with XRules approach for
varying support thresholds. Note that the approaches are fairly different in terms of
the rule filtering performed in the process. Nevertheless, the comparison performed
serves mainly as a benchmark for the kind of accuracy and coverage rate that is to be
obtained when basing the classification on frequent patterns/subtrees extracted using
the support and confidence thresholds. As such, in no way do the results indicate
that one approach performs better than the other, as the internal mechanism is rather
incompatible. The XRules approach is based on the TreeMiner [51] algorithm for
extracting ordered embedded subtrees, and hence the number of rules extractd at
varying support thresholds is larger (shown in brackets), since the likelihood that a
subtree will be frequent when it does not need to occur at the same position is much
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Table 10.12 Comparison of Support | 1% 5% 10%

rules accuracy and coverage AR% |CR% | AR% | CR% | AR% | CR%
rate for CSLogs data using

the XRules and FullTree final XRules | 72.72 | 66.04 | 61.74 | 40.7 |56.9 |23.21

rule set (298) [ (298) | (200 | 20) | (®) 3
FullTree | 78.53 | 48.77 | 78.73 |20.35 | 76.9 |20.3

(61 |6hH |*# “ @) @)

Table 10.13 Rule sets at
support 10 %

XRules # FullTree

1 — Class(0) X1(1) — Class(0)
12811 — Class(1) 2 X1(12811) — Class(1)
6 — Class(0)

—_

W N~ H*

higher. On this note, the rule sets of the XRules approach will typically have higher
coverage rate, especially in the CSLOGS dataset, where subtrees do in fact occur at
many different positions due to variations in website navigation. However, one can
see that this is at times at a cost of reduction in AR, and constraining the subtrees
by position could be seen as more precise, but naturally would cover less cases. To
give a simple example, please refer to Table 10.13 where we show rule sets for the
support value of 10%. One can observe that the FullTree rule set does not contain
a rule that corresponds to rule number 3 in XRules even though it was considered
frequent by XRules. The reason for this is that the particular node with label “6”
with “Class(0)”, where “6” occurs at the same node/position in DSM did not occur
in 10 % of the instances to be considered frequent and part of the FullTree rule set.
The two matching rules correspond to the first page accessed during the site naviga-
tion session, as it is labelled with pre-order position 1, namely X1 in our approach
(note that X0 is a virtual node in the CSLOGS dataset always labelled with 0 and is
removed in both approaches). For support threshold of 20 and 30 % no rules were
extracted in our approach, while XRules only had the single default rule for majority
class.

10.5.3 Experiment Set 3—Academic Institution Web Log Data

Academic Institution WebLogs data is an apache2 (v2.2.3) web server logs files.
The WebLogs data was initially used in [16] in utilizing the DSM application. For
the purpose of the work in this research, the similar setting of the WebLogs data as
described in [16] has been utilized. The data was collected for a four-month period
in its native (default) format. During this period, all access to the website was stored
in logs files, while messages stored in the normal error message logs were excluded.
The access to the website was then classified as “internal” (within the university)
and “external” (outside the university). The grouped user sessions were converted
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Table 10.14 Academic Institution flattened data characteristics and initial number of rules for
varying support

Support threshold (%) | Atrr. # # Selected attr. # of Rules with target attr.
DSM flat | Sym. Tau FullTree | Embedded | Induced
442 217 - - -

5 126 123 28282 28282 28282
10 70 63 234 234 234
20 36 29 50 49 49
30 26 19 14 13 13

to trees as was explained with the illustrative example in Sect.3.1. The resulting
dataset had 18,836 instances, of which 66 % was used for training and the remainder
for testing. The details of the setting of the WebLogs access can be found in [16].
The general characteristics of the flat data format (including backtrack attributes)
and initial number of rules extracted for education institution data (50 % minimum
confidence) at varying support thresholds is provided in Table 10.14.

In this dataset, similar to the experiments described in Sect. 10.5.2, rules from
FullTree, Embedded and Induced rule sets have been progressively assessed with
statistical analysis and redundancy assessment method. The results demonstrate that
the conversion of the original tree-structured data into the flat data format represen-
tation, created a very large number of input attributes, especially at lower support
thresholds. By utilizing the Apriori algorithm to generate all frequent rules, one
might encounter difficulties in analyzing all rules given certain support and confi-
dence constraints.

By referring to the Table 10.15, even with the given support constraint, the num-
ber of extracted rules (Initial Rule Set) is large. A large volume of rules may be
discovered due to the presence of irrelevant attributes in the dataset. The capabilities
of ST in selecting appropriate attributes, thereby removing irrelevant attributes, are
shown in our previous experiments for relational data problems. For this particular
task of evaluating tree-structured rules, similar experiments were conducted. The
attributes for each different support were ranked according to their decreasing ST
and a relevance cut-off point was chosen.

Table 10.15 indicates the differences between the number of initial input attributes
and the number of attributes after applying Symmetrical Tau (ST) with their respec-
tive rule number (below) for each dataset for each different support. All attributes that
have been removed from the WebLogs data are backtrack attributes. This indicates
that the inclusion of these backtrack nodes may not be useful or have low capabilities
in predicting the class attributes in this dataset.The input variable that contains a sin-
gle value is unable to distinguish the class variables. Such input attributes have been
discarded as they are considered irrelevant based on the ST value calculated. With the
application of ST feature selection technique, rules that contain attributes that failed
the ST measure are discarded. The large number of rules were managed to be reduced
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Table 10.15 Subtree association rule evaluation for Academic Institution data (10 % support 50 %
confidence)

Type of analysis | Data partition | FullTree Embedded Induced
AR% |CR% AR% |CR% AR% |CR%
Initial Rules Training 64.27 |100.00 |64.54 |100.00 |64.54 |100.00
(232) | (232) (232) | (232) (232) | (232)
Testing 70.06 | 100.00 |70.55 |100.00 |64.54 |100.00
(232) | (232) (232) | (232) (232) | (232)
Rules after ST Training 75.19 | 73.95 74.94 | 73.95 7494 | 73.95
(43) (43) (43) 43) “43) |43
Testing 74.94 | 74.09 74.84 | 74.09 74.84 | 74.09
(43) (43) (43) 43) “43) |43
Chi-Square Training 7821 | 64.47 77.56 | 64.47 77.56 | 64.47
arn an (10) (10) (10) (10)
Testing 7496 | 60.12 74.58 | 61.02 74.58 | 61.02
arn an 10 (10) 10y 110

with a proper sequence of usage of parameters including the ST feature selection,
statistical analysis and the redundancy assessment method. According to Table 10.15,
with the reduction of number of rules for FullTree, Embedded and Induced rule sets
for Academic Institution Weblogs (10 % Support) the AR are increased but at the
cost of a decrease in CR. One can also notice that the AR for the FullTree rule set
is initially slightly lower than the AR of the Embedded and Induced rule set, but
after Symmetrical Tau is applied, the accuracy of FullTree is higher and remains
higher after chi-square rule filtering. Note that for this data there were no further
rules removed via logistic regression and redundancy check, and hence these stages
are not shown in Table 10.15.

10.6 Conclusion and Future Work

The work presented in this chapter has explored the application of a number
of statistical methods to optimize the subtree based associative classification for
tree-structured data. It has utilized a structure-preserving flat format representation,
to progressively apply a number of statistical methods to first filter out irrelevant
attributes followed by the removal of irrelevant and redundant rules. The use of this
method has implications that the subtree based association rules are restricted to
those that occur at the same position in the original tree database, and that the initial
rule (before subtree reconstruction), can contain rules based on disconnected sub-
trees. Experiments were performed on three real datasets, and using the proposed
approach a large number of rules were removed in both cases without negatively
affecting the accuracy of the rule set, while for more structurally varied data, this
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optimization was at the cost of a large reduction in coverage rate. The results on
this data were compared with a structural classifier based on traditional subtrees,
and some important differences and implications were highlighted. The results show
that associations based on disconnected subtrees can be useful, while the positional
constraint can often result in more precise rules for structurally varied data, but at
the cost of lower coverage rate. From these findings one can conclude that when
forming association rules for tree-structured data, one should not be constrained to a
valid and connected subtree because an interesting association can be anywhere in a
tree instance, and it does not need to be a connected subtree of that instance. These
findings indicate that including disconnected subtrees and constraining the subtrees
by their exact occurrence in the database in addition to traditional subtree patterns,
could improve the classifiers for tree-structured data. The method used in this chapter
is to be seen as complementary and in no way a replacement of the traditional way
that subtrees are mined.

Our future work, will investigate the application domains where including such
association rules can be beneficial and the right way to combine them with traditional
subtree patterns for optimal performance.

Furthermore, the chi-square and the logistic regression measures were used as a
case in point for statistic-based rule filtering, while Symmetrical Tau was utilized
in the feature subset selection process. However, by no means is any claim being
made that these are the most optimal measures to be used for their specific purpose.
In fact, we have used the confidence constraint here because of the stronger focus
on statistical quality assessment and the difference between the rule sets discovered
using the traditional support and confidence framework. However, many other mea-
sures could be used and applied instead of the support and or confidence constraint,
which, as discussed in several works [12, 23, 29], will yield more interesting rules.
Therefore, another future work will evaluate the combinations of other constraints,
statistical measures and techniques for rule removal/attribute relevance determina-
tion, in context of the tree-structured data domain.
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Chapter 11

Hubness-Aware Classification, Instance
Selection and Feature Construction:
Survey and Extensions to Time-Series

Nenad Tomasev, Krisztian Buza, Kristéf Marussy and Piroska B. Kis

Abstract Time-series classification is the common denominator in many real-world
pattern recognition tasks. In the last decade, the simple nearest neighbor classifier, in
combination with dynamic time warping (DTW) as distance measure, has been shown
to achieve surprisingly good overall results on time-series classification problems. On
the other hand, the presence of hubs, i.e., instances that are similar to exceptionally
large number of other instances, has been shown to be one of the crucial properties of
time-series data sets. To achieve high performance, the presence of hubs should be
taken into account for machine learning tasks related to time-series. In this chapter, we
survey hubness-aware classification methods and instance selection, and we propose
to use selected instances for feature construction. We provide detailed description
of the algorithms using uniform terminology and notations. Many of the surveyed
approaches were originally introduced for vector classification, and their application
to time-series data is novel, therefore, we provide experimental results on large
number of publicly available real-world time-series data sets.
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11.1 Introduction

Time-series classification is one of the core components of various real-world
recognition systems, such as computer systems for speech and handwriting recog-
nition, signature verification, sign-language recognition, detection of abnormali-
ties in electrocardiograph signals, tools based on electroencephalograph (EEG)
signals (“brain waves”), i.e., spelling devices and EEG-controlled web browsers
for paralyzed patients, and systems for EEG-based person identification, see e.g.
[34, 35, 37, 45]. Due to the increasing interest in time-series classification, vari-
ous approaches have been introduced including neural networks [26, 38], Bayesian
networks [48], hidden Markov models [29, 33, 39], genetic algorithms, support
vector machines [14], methods based on random forests and generalized radial basis
functions [5] as well as frequent pattern mining [17], histograms of symbolic polyno-
mials [ 18] and semi-supervised approaches [36]. However, one of the most surprising
results states that the simple k-nearest neighbor (kNN) classifier using dynamic time
warping (DTW) as distance measure is competitive (if not superior) to many other
state-of-the-art models for several classification tasks, see e.g. [8] and the references
therein. Besides experimental evidence, there are theoretical results about the opti-
mality of nearest neighbor classifiers, see e.g. [12]. Some of the recent theoretical
works focused on a time series classification, in particular on why nearest neighbor
classifiers work well in case of time series data [10].

On the other hand, Radovanovié et al. observed the presence of hubs in time-
series data, i.e., the phenomenon that a few instances tend to be the nearest neighbor
of surprising lot of other instances [43]. Furthermore, they introduced the notion
of bad hubs. A hub is said to be bad if its class label differs from the class labels of
many of those instances that have this hub as their nearest neighbor. In the context of
k-nearest neighbor classification, bad hubs were shown to be responsible for a large
portion of the misclassifications. Therefore, hubness-aware classifiers and instance
selection methods were developed in order to make classification faster and more
accurate [9, 43, 50, 52-54].

As the presence of hubs is a general phenomenon characterizing many datasets, we
argue that it is of relevance to feature selection approaches as well. Therefore, in this
chapter, we will survey the aforementioned results and describe the most important
hubness-aware classifiers in detail using unified terminology and notations. As a first
step towards hubness-aware feature selection, we will examine the usage of distances
from the selected instances as features in a state-of-the-art classifier.

The methods proposed in [50, 52—-54] were originally designed for vector classi-
fication and they are novel to the domain of time-series classification. Therefore, we
will provide experimental evidence supporting the claim that these methods can be
effectively applied to the problem of time-series classification. The usage of distances
from selected instances as features can be seen as transforming the time-series into
a vector space. While the technique of projecting the data into a new space is widely
used in classification, see e.g. support vector machines [7, 11] and principal com-
ponent analysis [25], to our best knowledge, the particular procedure we perform is
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novel in time-series classification, therefore, we will experimentally evaluate it and
compare to state-of-the-art time-series classifiers.

The remainder of this chapter is organized as follows: in Sect.11.2 we
formally define the time-series classification problem, summarize the basic nota-
tion used throughout this chapter and shortly describe nearest neighbor classification.
Section 11.3 is devoted to dynamic time warping, and Sect. 11.4 presents the hubness
phenomenon. In Sect. 11.5 we describe state-of-the-art hubness-aware classifiers, fol-
lowed by hubness-aware instance selection and feature construction approaches in
Sect. 11.6. Finally, we conclude in Sect. 11.7.

11.2 Problem Formulation and Basic Notations

The problem of classification can be stated as follows. We are given a set of instances
and some groups. The groups are called classes, and they are denoted as Cy, ..., Cy,.
Each instance x belongs to one of the classes.! Whenever x belongs to class C;, we
say that the class label of x is C;. We denote the set of all the classes by ¥, i.e.,
% = {Ci,...,Cp}. Let Z be a dataset of instances x; and their class labels y;, i.e.,
2D = {(x1,¥1) . .. (Xn, yu)}. We are given a dataset 2" called training data. The
task of classification is to induce a function f (x), called classifier, which is able to
assign class labels to instances not contained in 274",

In real-world applications, for some instances we know (from measurements
and/or historical data) to which classes they belong, while the class labels of other
instances are unknown. Based on the data with known classes, we induce a classifier,
and use it to determine the class labels of the rest of the instances.

In experimental settings we usually aim at measuring the performance of a classi-
fier. Therefore, after inducing the classifier using 27", we use a second dataset 2/,
called fest data: for the instances of 2", we compare the output of the classifier,
i.e., the predicted class labels, with the true class labels, and calculate the accuracy of
classification. Therefore, the task of classification can be defined formally as follows:
given two datasets 2" and 2'**', the task of classification is to induce a classifier
f () that maximizes prediction accuracy for 2. For the induction of f (x), however,
solely 2"%" can be used, but not 2!,

Next, we describe the k-nearest neighbor classifier (kNN). Suppose, we are given
an instance x* € 2" that should be classified. The kNN classifier searches for those
k instances of the training dataset that are most similar to x*. These k most similar
instances are called the k nearest neighbors of x*. The kNN classifier considers the k
nearest neighbors, and takes the majority vote of their labels and assigns this label to
x*:e.g.if k = 3 and two of the nearest neighbors of x* belong to class C;, while one

! In this chapter, we only consider the case when each instance belongs to exactly one class.
Note, however, that the presence of hubs may be relevant in the context of multilabel and fuzzy
classification as well.
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Table 11.1 Abbreviations used throughout the chapter and the sections where those concepts are
defined/explained

Abbreviation Full name Definition
AKNN Adaptive kNN Sect.11.5.5
BN (x) Bad k-occurrence of x Sect. 11.4
DTW Dynamic Time Warping Sect.11.3
GN(x) Good k-occurrence of x Sect. 11.4
h-FNN Hubness-based fuzzy nearest neighbor Sect.11.5.2
HIKNN Hubness information k-nearest neighbor Sect.11.5.4
hw-kNN Hubness-aware weighting for kNN Sect. 11.5.1
INSIGHT Instance selection based on graph-coverage and Sect. 11.6.1
hubness for time-series
kNN k-nearest neighbor classifier Sect. 11.2
NHBNN Naive hubness Bayesian k-nearest Neighbor Sect.11.5.3
Ny (x) k-occurrence of x Sect.11.4
Ni.c(x) Class-conditional k-occurrence of x Sect. 11.4
INe(x) Skewness of Nj(x) Sect.11.4
RImb Relative imbalance factor Sect.11.5.5

of the nearest neighbors of x belongs to class C», then this 3-NN classifier recognizes
x* as an instance belonging to the class Cj.

We use 44 (x) to denote the set of k nearest neighbors of x. 4% (x) is also called
as the k-neighborhood of x.

Abbreviations used throughout this chapter are summarized in Table 11.1.

11.3 Dynamic Time Warping

While the kNN classifier is intuitive in vector spaces, in principle, it can be applied
to any kind of data, i.e., not only in case if the instances correspond to points of a
vector space. The only requirement is that an appropriate distance measure is present
that can be used to determine the most similar train instances. In case of time-series
classification, the instances are time-series and one of the most widely used distance
measures is DTW. We proceed by describing DTW. We assume that a time-series x
of length [ is a sequence of real numbers: x = (x[0], x[1], ..., x[/ — 1]).

In the most simple case, while calculating the distance of two time series xj
and x», one would compare the kth element of x; to the kth element of x, and
aggregate the results of such comparisons. In reality, however, when observing the
same phenomenon several times, we cannot expect it to happen (or any characteristic
pattern to appear) always at exactly the same time position, and the event’s duration
can also vary slightly. Therefore, DTW captures the similarity of two time series’
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shapes in a way that it allows for elongations: the kth position of time series xj is
compared to the k’th position of x, and k" may or may not be equal to k.

DTW is an edit distance [30]. This means that we can conceptually consider the
calculation of the DTW distance of two time series x; and x, of length /1 and I,
respectively as the process of transforming x; into x». Suppose we have already
transformed a prefix (possibly having length zero or /; in the extreme cases) of xj
into a prefix (possibly having length zero or /; in the extreme cases) of x,. Consider
the next elements, the elements that directly follow the already-transformed prefixes,
of x1 and x,. The following editing steps are possible, both of which being associated
with a cost:

1. replacement of the next element of x; for the next element of x», in this case, the
next element of x| is matched to the next element of x;, and

2. elongation of an element: the next element of x; is matched to the last element
of the already-matched prefix of x, or vice versa.

As result of the replacement step, both prefixes of the already-matched elements
grow by one element (by the next elements of x; and x; respectively). In contrast,
in an elongation step, one of these prefixes grows by one element, while the other
prefix remains the same as before the elongation step.

The cost of transforming the entire time series x| into x is the sum of the costs of
all the necessary editing steps. In general, there are many possibilities to transform
x1 into xp, DTW calculates the one with minimal cost. This minimal cost serves as
the distance between both time series. The details of the calculation of DTW are
described next.

DTW utilizes the dynamic programming approach [45]. Denoting the length of x;
by [1, and the length of x, by /5, the calculation of the minimal transformation cost is
done by filling the entries of an /1 x I, matrix. Each number in the matrix corresponds
to the distance between a subsequence of x; and a subsequence of x». In particular,
the number in the ith row and jth column,? d(l)) TW(i ,J) corresponds to the distance
between the subsequences x| = (x[0], ..., x[i]) and x5 = (x2[0], ..., x2[/]). This
is shown in Fig. 11.1.

When we try to match the ith position of x1 and the jth position of x;, there are
three possible cases: (i) elongation in xy, (ii) elongation in x>, and (iii) no elongation.

If there is no elongation, the prefix of x; up to the (i — 1)th position is matched
(transformed) to the prefix of x> up to the (j — 1)th position, and the ith position of
x1 is matched (transformed) to the jth position of x;.

Elongation in x; at the ith position means that the ith position of x; has already
been matched to at least one position of x», i.e., the prefix of x| up to the ith position
is matched (transformed) to the prefix of x» up to the (j — 1)th position, and the ith
position of xj is matched again, this time to the jth position of x,. This way the ith
position of x7 is elongated, in the sense that it is allowed to match several positions
of x». The elongation in x, can be described in an analogous way.

2 Please note that the numbering of the columns and rows begins with zero, i.e., the very-first
column/row of the matrix is called in this sense as the Oth column/row.
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Fig. 11.1 The DTW-matrix. While calculating the distance (transformation cost) between two
time series x; and xp, DTW fills-in the cells of a matrix. a The values of time series x; =
(0.75,2.3,4.1,4, 1, 3, 2) are enumerated on the left of the matrix from top to bottom. Time series
X7 is shown on the fop of the matrix. A number in a cell corresponds to the distance (transformation
cost) between two prefixes of x; and xp. b The order of filling the positions of the matrix

Out of these three possible cases, DTW selects the one that transforms the prefix
x; = (x1[0], ..., x[7]) into the prefix x; = (x2[0], ..., x2[j]) with minimal overall
costs. Denoting the distance between the subsequences x| and x}, i.e. the value of
the cell in the ith row and jth column, as d(l))TW(i, J), based on the above discussion,
we can write:

dPTV i — 1) + TV

dP™V (i, j) = BTV (xy[il, xalj]) + min § dETV G — 1)+ DTV L (L)

0™V (i~ 1.~ 1)

In this formula, the first, second, and third terms of the minimum correspond to
the above cases of elongation in x1, elongation in x; and no elongation, respectively.
The cost of matching (transforming) the ith position of x; to the jth position of x,
is cP™W (x1[i], x2[j]). If x1[i] and x,[j] are identical, the cost of this replacement is
zero. This cost is present in all the three above cases. In the cases, when elongation
happens, there is an additional elongation cost denoted as c’e’lD ™.

According to the principles of dynamic programming, Formula (11.1) can be
calculated for all 7, j in a column-wise fashion. First, set d5" (0, 0) = 2™V (x[0],
x2[0]). Then we begin calculating the very first column of the matrix (j = 0), followed
by the next column corresponding to j = 1, etc. The cells of each column are
calculated in order of their row-indexes: within one column, the cell in the row
corresponding i = 0 is calculated first, followed by the cells corresponding to i = 1,
i = 2, etc. (see Fig. 11.1). In some cases (in the very-first column and in the very-
first cell of each row), in the min function of Formula (11.1), some of the terms are
undefined (when i — 1 or j — 1 equals —1). In these cases, the minimum of the other
(defined) terms are taken.

The DTW distance of x| and x», i.e. the cost of transforming the entire time series
x1 = (x1[0], x1[11, ..., x1[/1 — 1]) into xp = (x2[0], x2[11, ..., x2[lr — 1]) is
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Fig. 11.2 Example for the calculation of the DTW-matrix. a The DTW-matrix calculated with

chW(vA, vg) = |va —val, cZTW = 0. The time series x| and x, are shown on the /eft and fop of the

matrix respectively. b The calculation of the value of a cell. ¢ The (implicitly) constructed mapping
between the values of the both time series. The cells are leading to the minimum in Formula (11.1),
i.e., the ones that allow for this mapping, are marked in the DTW-matrix

dprw (x1,x2) =d¥™ 1y — 1,1 — 1). (11.2)

An example for the calculation of DTW is shown in Fig. 11.2.

Note that the described method implicitly constructs a mapping between the posi-
tions of the time series x; and x,: by back-tracking which of the possible cases leads
to the minimum in the Formula (11.1) in each step, i.e., which of the above discussed
three possible cases leads to the minimal transformation costs in each step, we can
reconstruct the mapping of positions between x; and x».

For the final result of the distance calculation, the values close to the diagonal
of the matrix are usually the most important ones (see Fig. 11.2 for an illustration).
Therefore, a simple, but effective way of speeding-up dynamic time warping is to
restrict the calculations to the cells around the diagonal of the matrix [45]. This
means that one limits the elongations allowed when matching the both time series
(see Fig. 11.3).

Restricting the warping window size to a pre-defined constant w”T% (see Fig. 11.3)

implies that it is enough to calculate only those cells of the matrix that are at most
wPTW positions far from the main diagonal along the vertical direction:

dB™V (i, j) is calculated < |i — j| < wPTW. (11.3)
The warping window size wPTV is often expressed in percentage relative to the
length of the time series. In this case, w?™" = 100 % means calculating the entire
matrix, while wP™W = 0 % refers to the extreme case of not calculating any entries
at all. Setting wP™V to a relatively small value such as 5 %, does not negatively affect
the accuracy of the classification, see e.g. [8] and the references therein.
In the settings used throughout this chapter, the cost of elongation, cflTW

to zero:

, 18 set

DTV = 0. (11.4)
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Fig. 11.3 Limiting the size of the warping window: only the cells around the main diagonal of the
matrix (marked cells) are calculated

The cost of transformation (matching), denoted as c?7%, depends on what value is
replaced by what: if the numerical value vy4 is replaced by vp, the cost of this step is:

2TV (4, vg) = [va — val. (11.5)

We set the warping window size to wPT" = 5 %. For more details and further recent
results on DTW, we refer to [8].

11.4 Hubs in Time-Series Data

The presence of hubs, i.e., some few instances that tend to occur surprisingly
frequently as nearest neighbors while other instances (almost) never occur as near-
est neighbors, has been observed for various natural and artificial networks, such as
protein-protein-interaction networks or the internet [3, 22]. The presence of hubs
has been confirmed in various contexts, including text mining, music retrieval and
recommendation, image data and time series [43, 46, 49]. In this chapter, we focus
on time series classification, therefore, we describe hubness from the point of view
of time-series classification.

For classification, the property of hubness was explored in [40—-43]. The prop-
erty of hubness states that for data with high (intrinsic) dimensionality, like most of
the time series data,> some instances tend to become nearest neighbors much more

3 In case of time series, consecutive values are strongly interdependent, thus instead of the length
of time series, we have to consider the intrinsic dimensionality [43].
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frequently than others. Intuitively speaking, very frequent neighbors, or hubs, domi-
nate the neighbor sets and therefore, in the context of similarity-based learning, they
represent the centers of influence within the data. In contrast to hubs, there are rarely
occurring neighbor instances contributing little to the analytic process. We will refer
to them as orphans or anti-hubs.

In order to express hubness in a more precise way, for a time series dataset
2 one can define the k-occurrence of a time series x from &, denoted by N (x),
as the number of time series in & having x among their k nearest neighbors:

Ni(x) = [{xilx € A} (11.6)

With the term hubness we refer to the phenomenon that the distribution of N (x)
becomes significantly skewed to the right. We can measure this skewness, denoted
by #n,(x)» With the standardized third moment of Ny (x):

_ 3
Pty = E[(Nk(X)% N (x)] (11.7)

N ()

where () and oy, () are the mean and standard deviation of the distribution of
Ni(x). When Ay, () is higher than zero, the corresponding distribution is skewed to
the right and starts presenting a long tail. It should be noted, though, that the occur-
rence distribution skewness is only one indicator statistic and that the distributions
with the same or similar skewness can still take different shapes.

In the presence of class labels, we distinguish between good hubness and bad
hubness: we say that the time series x’ is a good k-nearest neighbor of the time
series x, if (i) x’ is one of the k-nearest neighbors of x, and (ii) both have the same
class labels. Similarly: we say that the time series x’ is a bad k-nearest neighbor of
the time series x, if (i) x” is one of the k-nearest neighbors of x, and (ii) they have
different class labels. This allows us to define good (bad) k-occurrence of a time
series x, GNi (x) (and BN (x) respectively), which is the number of other time series
that have x as one of their good (bad, respectively) k-nearest neighbors. For time
series, both distributions GN (x) and BNy (x) are usually skewed, as it is exemplified
in Fig. 11.4, which depicts the distribution of GN (x) for some time series data sets
(from the UCR time series dataset collection [28]). As shown, the distributions have
long tails in which the good hubs occur.

We say that a time series x is a good (or bad) hub, if GNj(x) (or BNg(x), respec-
tively) is exceptionally large for x. For the nearest neighbor classification of time
series, the skewness of good occurrence is of major importance, because some few
time series are responsible for large portion of the overall error: bad hubs tend to mis-
classify a surprisingly large number of other time series [43]. Therefore, one has to
take into account the presence of good and bad hubs in time series datasets. While the
kNN classifier is frequently used for time series classification, the k-nearest neighbor
approach is also well suited for learning under class imbalance [16, 20, 21], therefore
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Fig. 11.4 Distribution of GN| (x) for some time series datasets. The horizontal axis corresponds
to the values of GN| (x), while on the vertical axis one can see how many instances have that value

hubness-aware classifiers, the ones we present in the next section, are also relevant
for the classification of imbalanced data.

The total occurrence count of an instance x can be decomposed into good and bad
occurrence counts: Ni(x) = GNi(x) + BNy (x). More generally, we can decompose
the total occurrence count into the class-conditional counts: N (x) = Zc ez Nik,c (%)
where Ny c(x) denotes how many times x occurs as one of the k nearest neighbors
of instances belonging to class C, i.e.,

Ni,c(x) = |{xilx € M (x;)) A yi = C} (11.8)

where y; denotes the class label of x;.

As we mentioned, hubs appear in data with high (intrinsic) dimensionality,
therefore, hubness is one of the main aspects of the curse of dimensionality [4].
However, dimensionality reduction can not entirely eliminate the issue of bad hubs,
unless it induces significant information loss by reducing to a very low dimensional
space—which often ends up hurting system performance even more [40].

11.5 Hubness-Aware Classification of Time-Series

Since the issue of hubness in intrinsically high-dimensional data, such as time-series,
cannot be entirely avoided, the algorithms that work with high-dimensional data need
to be able to properly handle hubs. Therefore, in this section, we present algorithms
that work under the assumption of hubness. These mechanisms might be either
explicit or implicit.

Several hubness-aware classification methods have recently been proposed. An
instance-weighting scheme was first proposed in [43], which reduces the bad influ-
ence of hubs during voting. An extension of the fuzzy k-nearest neighbor framework
was shown to be somewhat better on average [54], introducing the concept of class-
conditional hubness of neighbor points and building an occurrence model which is
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Fig. 11.5 The hubness-aware analytic framework: learning from past neighbor occurrences

used in classification. This approach was further improved by considering the self-
information of individual neighbor occurrences [50]. If the neighbor occurrences are
treated as random events, the Bayesian approaches also become possible [52, 53].

Generally speaking, in order to predict how hubs will affect classification of non-
labeled instances (e.g. instances arising from observations in the future), we can
model the influence of hubs by considering the training data. The training data can
be utilized to learn a neighbor occurrence model that can be used to estimate the
probability of individual neighbor occurrences for each class. This is summarized in
Fig. 11.5. There are many ways to exploit the information contained in the occurrence
models. Next, we will review the most prominent approaches.

While describing these approaches, we will consider the case of classifying an
instance x*, and we will denote its nearest neighbors as x;, i € {1,...,k}. We
assume that the test data is not available when building the model, and therefore
Ni(x), Ni,c(x), GNi(x), BNy (x) are calculated on the training data.

11.5.1 hw-kNN: Hubness-Aware Weighting

The weighting algorithm proposed by Radovanovi¢ et al. [41] is one of the simplest
ways to reduce the influence of bad hubs. They assign lower voting weights to bad
hubs in the nearest neighbor classifier. In hw-kNN, the vote of each neighbor x; is
weighted by e (%) where

BN (x;) — BN, (x)
OBN (x)

hp (xi) =

(11.9)

is the standardized bad hubness score of the neighbor instance x; € A% (x*), wan, (x)
and opy, (v) are the mean and standard deviation of the distribution of BN (x).

Example I We illustrate the calculation of Ni(x), GNi(x), BNi(x) and the
hw-kNN approach on the example shown in Fig. 11.6. As described previously, hub-
ness primarily characterizes high-dimensional data. However, in order to keep it
simple, this illustrative example is taken from the domain of low dimensional vector
classification. In particular, the instances are two-dimensional, therefore, they can
be mapped to points of the plane as shown in Fig. 11.6. Circles (instances 1-6) and
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Fig. 11.6 Running example 7.4_. 8

used to illustrate

hubness-aware classifiers. C>O1 ,"
Instances belong to two ‘> n
classes, denoted by circles 2
and rectangles. The triangle
is an instance to be classified 3O 6 : Aﬂ
q/( &5 ol <— 10

rectangles (instances 7—10) denote the training data: circles belong to class 1, while
rectangles belong to class 2. The triangle (instance 11) is an instance that has to be
classified.

For simplicity, we use k = 1 and we calculate N (x), GN(x) and BN (x) for the
instances of the training data. For each training instance shown in Fig. 11.6, an arrow
denotes its nearest neighbor in the training data. Whenever an instance x” is a good
neighbor of x, there is a continuous arrow from x to x’. In cases if x” is a bad neighbor
of x, there is a dashed arrow from x to x’.

We can see, e.g., that instance 3 appears twice as good nearest neighbor of other
train instances, while it never appears as bad nearest neighbor, therefore, GN1(x3) =
2, BNi(x3) = 0 and N1 (x3) = GN1(x3) + BN1(x3) = 2. For instance 6, the situation
is the opposite: GN{(xg) = 0, BN|(x6) = 2 and N1 (x¢) = GN{(x6) + BN1(x6) = 2,
while instance 9 appears both as good and bad nearest neighbor: GNy(x9) = 1,
BNi(x9) = 1 and Ni(x9) = GNj(x9) + BN;(x9) = 2. The second, third and fourth
columns of Table 11.2 show GN;(x), BN (x) and N;(x) for each instance and the
calculated means and standard deviations of the distributions of GN| (x), BN (x) and
Ni(x).

While calculating N (x), GNi(x) and BNg(x), we used k = 1. Note, however,
that we do not necessarily have to use the same k for the kNN classification of the
unlabeled/test instances. In fact, in case of kNN classification with k = 1, only
one instance is taken into account for determining the class label, and therefore the
weighting procedure described above does not make any difference to the simple 1
nearest neighbor classification. In order to illustrate the use of the weighting proce-
dure, we classify instance 11 with X’ = 2 nearest neighbor classifier, while Ny (x),
GNy (x), BNy (x) were calculated using k = 1. The two nearest neighbors of instance
11 are instances 6 and 9. The weights associated with these instances are:

_BN1 (X6) —ILBN| (x) 203
we=e ) = TG =7 0675 =0.0806
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Table 11.2 GN (x), BN (x), N1 (x), Ni,c, (x) and N ¢, (x) for the instances shown in Fig. 11.6
Instance | GNj(x) BN (x) Ni(x) Nic,(x) | Nic,(x)

O Q||| W
(=R RN el el el i SR SR
O|l—=|lO|Oo|NM|O|O|O|O|O
SN O = |||~
O|—= OO ||| —
S|l=|lOo|=|NMO|O|O|O|O

—_
(=

Mean KGN (v) = 0.7 wBN (x) = 0.3 Ny ) = 1
Std. OGN, (x) = 0.823 OBN| (x) = 0.675 ON|(x) = 0.943

and

BN1(x9)—uaN, (x) 1-03

wy = e ) — e OBN} () =e¢e 0675 =(0.3545.

As wg > wg, instance 11 will be classified as rectangle according to instance 9.

From the example we can see that in hw-kNN all neighbors vote by their own
label. As this may be disadvantageous in some cases [49], in the algorithms consid-
ered below, the neighbors do not always vote by their own labels, which is a major
difference to hw-kNN.

11.5.2 h-FNN: Hubness-Based Fuzzy Nearest Neighbor

Consider the relative class hubness uc (x;) of each nearest neighbor x;:
(11.10)

The above uc(x;) can be interpreted as the fuzziness of the event that x; occurred
as one of the neighbors, C denotes one of the classes: C € €. Integrating fuzziness
as a measure of uncertainty is usual in k-nearest neighbor methods and h-FNN [54]
uses the relative class hubness when assigning class-conditional vote weights. The
approach is based on the fuzzy k-nearest neighbor voting framework [27]. Therefore,
the probability of each class C for the instance x* to be classified is estimated as:

ZX,'GL/W((X*) uC(-xi)
D e N (%) 2oc e Uer (Xi)

uc(x*) = (11.11)
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Example 2 We illustrate h-FNN on the example shown in Fig. 11.6. Ni ¢ (x) is shown
in the fifth and sixth column of Table 11.2 for both classes of circles (C1 ) and rectangle
(C2). Similarly to the previous section, we calculate Ny ¢(x;) using k = 1, but we
classify instance 11 using X’ = 2 nearest neighbors, i.e., x¢ and xg. The relative class
hubness values for both classes for the instances xg and x9 are:

uc,(x¢) =0/2=0, uc,(x¢) =2/2=1,
uc,(xg) =1/2=20.5, uc,(xg) =1/2=0.5.

According to (11.11), the class probabilities for instance 11 are:

04+0.5
U ) = T 05505

and

1405
ue; (1) = T 05505

As uc, (x11) > uc, (x11), x11 will be classified as rectangle (C»).

Special care has to be devoted to anti-hubs, such as instances 4 and 5 in Fig. 11.6.
Their occurrence fuzziness is estimated as the average fuzziness of points from the
same class. Optional distance-based vote weighting is possible.

11.5.3 NHBNN: Naive Hubness Bayesian k-Nearest Neighbor

Each k-occurrence can be treated as a random event. What NHBNN [53] does is that
it essentially performs a Naive-Bayesian inference based on these k events

P(* = ClM(G") o« P(O) H P(xi € M|O), (11.12)
xi €M (x*)
where P(C) denotes the probability that an instance belongs to class C and P(x; €

|C) denotes the probability that x; appears as one of the k nearest neighbors of
any instance belonging to class C. From the data, P(C) can be estimated as

|@g‘aln|

P(C) ~ |@train| ’

(11.13)

where |@[C’“i"| denotes the number of train instances belonging to class C and | 2|
is the total number of train instances. P(x; € .4;|C) can be estimated as the fraction

Ni,c(xi)

P(x; € M|C) ~ |@gain| :

(11.14)
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Example 3 Next, we illustrate NHBNN on the example shown in Fig. 11.6. Out of
all the 10 training instances, 6 belong to the class of circles (C1) and 4 belong to the
class of rectangles (C5). Therefore:

|2&4 | =6, |ZE™| =4, P(C1) =0.6, P(Cy) =0.4.
Similarly to the previous sections, we calculate Ny c(x;) using k = 1, but we classify

instance 11 using k¥’ = 2 nearest neighbors, i.e., xg and x9. Thus, we calculate (11.14)
for x¢ and xg for both classes Cy and C5:

Nici(xs) _ 0 Nic,(x) _ 2
Pxs € MICp) ~ —EELEE = 2 =0, Plxg € M|Cy) ~ =228 = 2 =05,
|7 6 |gEn 4
Nic () 1 Nic () 1
P(ro € M|Cp) & —=SL222 =~ = 0,167, P(wo € M|Cy) & —=2222 = — = 0.25.
\ZEen 6 |7 4

According to (11.12):

P(y11 = C1|M(x11)) x 0.6 x 0 x 0.167 =0
P(y11 = Ca| A (x11)) x 0.4 x 0.5 x 0.25 =0.125

As P(y11 = C2| M (x11)) > P(y11 = C1]4(x11)), instance 11 will be classified as
rectangle.

The previous example also illustrates that estimating P(x; € .4;|C) according to
(11.14) may simply lead to zero probabilities. In order to avoid it, instead of (11.14),
we can estimate P(x; € A%|C) as

N i
PG € MIO) ~ (1 — ) MeCl) (11.15)
75

where ¢ < 1.

Even though k-occurrences are highly correlated, NHBNN still offers some
improvement over the basic kNN. Itis known that the Naive Bayes rule can sometimes
deliver good results even in cases with high independence assumption violation [44].

Anti-hubs, i.e., instances that occur never or with an exceptionally low frequency
as nearest neighbors, are treated as a special case. For an anti-hub x;, P(x; € 4%|C)
can be estimated as the average of class-dependent occurrence probabilities of non-
anti-hub instances belonging to the same class as x;:

I
T 2 PayesMIo. (116

class)” et

P(xi € M|C) ~

For more advanced techniques for the treatment of anti-hubs we refer to [53].
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11.5.4 HIKNN: Hubness Information k-Nearest Neighbor

In h-FNN, as in most kNN classifiers, all neighbors are treated as equally important.
The difference is sometimes made by introducing the dependency on the distance
to x*, the instance to be classified. However, it is also possible to deduce some
sort of global neighbor relevance, based on the occurrence model—and this is what
HIKNN was based on [50]. It embodies an information-theoretic interpretation of
the neighbor occurrence events. In that context, rare occurrences have higher self-
information, see (11.17). These more informative instances are favored by the algo-
rithm. The reasons for this lie hidden in the geometry of high-dimensional feature
spaces. Namely, hubs have been shown to lie closer to the cluster centers [55], as
most high-dimensional data lies approximately on hyper-spheres. Therefore, hubs
are points that are somewhat less ‘local’. Therefore, favoring the rarely occurring
points helps in consolidating the neighbor set locality. The a