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SUPERVISED AND SEMI-SUPERVISED LEARNING USING
INFORMATIVE FEATURE SUBSPACES

SUMMARY

Ensemble of classifiers aims to produce accurate recognition results by training
several classifiers and combining their outputs. It may also benefit from diversity of
classifiers used. However, for high dimensional data choosing subspaces randomly,
as in RAS (Random Subspaces) algorithm, may produce diverse but inaccurate
classifiers. On the other hand, in many different fields ranging from web mining to
speech recognition, unlabeled data have become abundant and there have been many
efforts to benefit from unlabeled data. Co-training is one of the successful semi-
supervised learning algorithm that trains two classifiers on different feature views
and uses the unlabeled data in an iterative way for re-training these classifiers.
Recently, a multi-view Co-training algorithm, RASCO (Random Subspace Method
for Co-training), which obtains different feature splits using random subspace
method was proposed and shown to result in smaller errors than the traditional Co-
training. However RASCO has the possibility to use diverse but inaccurate classifiers
during Co-training on account of selecting subspaces randomly.

In this thesis we propose to obtain subspaces for classifier ensembles by means of
drawing features with probabilities which are generated in an intelligent way. Two
feature subspace selection methods for ensemble of classifiers are proposed and
applied on different supervised and semi-supervised learning scenarios.

The first algorithm is the relevant random subspace method which produces the
relevant random subspaces using the relevance values obtained by mutual
information between features and class labels. This method is used in Rel-RAS and
Rel-RASCO algorithms where Rel-RAS is the relevant random subspace method for
supervised learning and Rel-RASCO is the relevant random subspace method for Co-
traming.

The second algorithm is the minimum redundancy and maximum relevance feature
subspace selection method that modifies the mRMR (Minimum Redundancy
Maximum Relevance) feature selection algorithm to produce random feature
subspaces that are relevant and non-redundant. The second method is used in the
mRMR-RAS and mRMR-RASCO algorithms where mRMR-RAS is the minimum
redundancy maximum relevance random subspace method for supervised learning
and mRMR-RASCO is the minimum redundancy maximum relevance random
subspace method for Co-training.
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Experimental results on five real and synthetic datasets with K-Nearest Neighbour
(KNN), Linear Discriminant (LDC), decision tree and Support Vector Machines
(SVM) classifiers show that the proposed algorithms generally outperform
supervised algorithm, RAS and semi-supervised algorithms, RASCO and Co-training
(at the beginning and end of semi-supervised algorithms) based on the accuracy
achieved. On the other hand diversity of the classifiers in ensemble is suspected to
affect the ensemble accuracy and there have been many works investigating the
relationship between classifier diversity and ensemble accuracy. The proposed
algorithms are also evaluated in terms of classifier diversity using Kohavi Wolpert
(KW) Variance. We have shown that the classifier diversity with Rel-RAS, mRMR-
RAS and Rel-RASCO, mRMR-RASCO are slightly less than the classifier diversity
with RAS and RASCO respectively. This result is due to the fact that classifiers
combined in Rel-RAS, mRMR-RAS and Rel-RASCO, mRMR-RASCO algorithms
more agree on class labels of test data than RAS and RASCO algorithms
respectively. In the experiments algorithms are also evaluated using approximately
Recursively More characteristic (RM characteristic) definition of feature subspaces.
It is shown that the subspaces generated using the proposed algorithms are more RM
characteristic than the subspaces generated in RAS and RASCO in terms of mean
accuracies of the individual classifiers. Besides, t-tests of the test results are given.

In addition to KW-Variance diversity measure, information theory based low order
diversity (LOD) and information theoretic scores (ITS) of the classifier ensembles
are analyzed. In our experiments it is found that information theory based low order
diversity has a similar tendency with KW-variance. On the other hand we found out
that ensemble accuracy of the algorithms can be explained with information theoretic
score (ITS) and under the same conditions (same number of classifiers in the
ensembles, same training set etc.), higher the ITS higher the classification accuracy.
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BiLGI iCEREN OZNITELIiK ALT UZAYLARI iLE EGITMENLI VE YARI
EGITMENLI OGRENME

OZET

Siniflandirict topluluklart (classifier ensembles) bir¢ok siniflandiriciyr egitip, bu
siniflandiricilarin - kararlarini  birlestirerek, simiflandirma basarimin1  arttirmay1
hedeflemektedir. Ayni zamanda siiflandiricilarin gesitliligi (diversity) siniflandirma
basarimin arttirllmasina yarar saglayabilmektedir. Fakat yiiksek boyutlu 6znitelik
vektorlerinin bulundugu verilerde 6znitelik altuzaylarini (subspace), RAS (Random
Subpaces) algoritmasinda oldugu gibi rastgele se¢cmek siniflandirici ¢esitliligini
saglamakta fakat diisiik basarimli simiflandiricilar olusturabilmektedir. Ote yandan,
web madenciliginden ses tanimaya kadar bir¢ok alanda ¢ok miktarda etiketsiz veriye
erisilebilmekte ve bu etiketsiz verilerden yararlanmak i¢in yogun c¢aligsmalar
yapilmaktadir. Birlikte Ogrenme (Co-training) algoritmasi, farkli iki 6znitelik
goriinlimiinde siiflandirict egiterek, 6zyineli olarak etiketsiz veriyi etiketleyen ve bu
yeni etiketlenmis verileri de kullanarak siniflandiricilari yeniden egiten basarili bir
yari-egiticili 0grenme algoritmasidir. Son donemde, rastgele secilmis Oznitelik
altuzaylarim1 kullanan RASCO (Random Subspace Method for Co-training)
algoritmas1 dnerilmis ve geleneksel Birlikte Ogrenme algoritmasindan daha diisiik
hataya sahip oldugu gosterilmistir. Bununla beraber RASCO algoritmasi 6znitelik alt
uzaylarini rastgele sectigi icin siniflandirict gesitliligi arttirmakta fakat basarim orani
diistik siniflandiricilara sahip olabilme olasilig1 bulunmaktadir.

Bu tez calismasi kapsaminda siniflandirict topluluklart i¢in 6znitelik altuzaylarinin,
daha akilli bir sekilde elde edilmis olasilik degerleri kullanilarak segilmesi
onerilmistir. Siniflandirict topluluklart icin iki Oznitelik alt uzay se¢im ydntemi
onerilmis; egiticili ve yari-egiticili farkli 6grenme yontemlerine uygulanmaistir.

Tez kapsaminda Onerilen ilk yontem; Oznitelik altuzaylarini 6znitelikler ve smif
etiketleri arasindaki karsilikli bilgi miktari1 (mutual information) kullanarak
olusturan iligkili rastgele altuzaylar (relevant random subspaces) yontemidir. Bu
yontem, egiticili 6grenme igin iliskili ve rastgele alt uzay metodu kullanan, Rel-RAS,
ve yari-egiticili Birlikte Ogrenme icin iliskili ve rastgele alt uzay metodu kullanan,
Rel-RASCO, algoritmalarinda 6znitelik altuzaylarinin se¢imi i¢in kullanilmistir.

Ikinci yontem; mRMR (Minimum Redundancy Maximum Relevance) &znitelik
secme algoritmasi ilizerinde degisiklik yapilarak elde edilen 6znitelik altuzaylarim
Oznitelikler ve simif etiketleri arasindaki karsilikli bilgi miktarin1 ve 6zniteliklerin
kendi aralarindaki karsilikli bilgi miktarini dikkate alarak olusturan en diisiik artiklik
ve en yiiksek iliskili rastgele altuzaylar (minimum Redundancy Maximum Relevance
random subspaces) yontemidir. Bu ikinci yontem, egiticili 6grenme i¢in en diislik
artiklik ve en yiiksek iligkili rastgele alt uzay metodu kullanan, nRMR-RAS, ve yari-
egiticili Birlikte Ogrenme igin iliskili ve artiksiz rastgele alt uzay metodu kullanan,
mRMR-RASCO, algoritmalarinda 6znitelik alt uzaylarinin se¢imi i¢in kullanilmstir.

Xx1



Bes adet gergek ve sentetik veri kiimeleri lizerinde K-En Yakin Komsu (K-Nearest
Neighbour, KNN), Dogrusal Ayirta¢ (Linear Discriminant, LDC), Karar Agaci
(decision tree) ve Destek Vektor Makinalar1i (Support Vector Machines)
simiflandiricilart  ile elde edilen sonuglar, Onerilen algoritmalarin egiticili
algoritmalarda RAS'tan ve yari-egiticili algoritmalarda RASCO ve Birlikte Ogrenme
(yari-egiticili 0grenme algoritmalarinin baglangicindaki ve algoritma sonundaki
basarimlarindan) algoritmalarindan elde edilen siniflandirma basarimi agisindan daha
basarili olduklarin1 gostermektedir.

Ote yandan smiflandiric1 topluluklarinda, siniflandirict cesitliliginin smiflandirma
basarimina etkisi bulundugu disiiniilmekte ve simiflandirict ¢esitliligi  ile
simiflandirma basarimi arasindaki iligki ile ilgili birgok caligma bulunmaktadir. Tez
caligmas1 kapsaminda Onerilen algoritmalarin ¢esitliligi Kohavi Wolpert (KW)
Varyans't ile incelenmistir. Test sonuglarindan Rel-RAS, mRMR-RAS ve Rel-
RASCO, mRMR-RASCO algoritmalarmin siiflandirict gesitliligi RAS ve RASCO
algoritmalarinin siniflandirict gesitliliginden ¢ok az diisiik oldugu goriilmiistiir. Bu
sonu¢ Rel-RAS, mRMR-RAS ve Rel-RASCO, mRMR-RASCO algoritmalar ile
birlestirilen simiflandiricilarin test kiimelerindeki simif etiketleri tizerinde RAS ve
RASCO algoritmalarima gore elde edilen sonuglardan daha fazla uyusmalarindan
kaynaklanmaktadir. Algoritmalar 6znitelik alt uzaylarinin, yaklasik 6zyineli olarak
daha fazla karakteristik (approximately Recursively More characteristic (RM
characteristic)) olma tanimi kullanilarak da incelenmistir. Onerilen algoritmalarla
elde edilen Oznitelik alt uzaylarmin RAS ve RASCO algoritmalarina gore
siiflandiricilarin bireysel basarimlarinin ortalamalar1 dikkate alindiginda daha RM-
karateristik oldugu gosterilmistir. Buna ek olarak test sonuglar1 {izerinde t-test
sonugclar1 verilmigtir.

Siniflandirict gesitliliklerinin KW-Varyans o6l¢iimlerine ek olarak, bilgi kurami
(information theoretic) tabanl diisiik diizeyli ¢esitlilik 6l¢iitii (low order diversity) ve
siiflandiric1 topluluklarmin bilgi kurami sayist (information theoretic scores-ITS)
incelenmistir. Testlerden elde edilen sonuglarda bilgi kurami tabanl diisiik diizeyli
cesitlilik dlciitiiniin KW-varyanst ile benzer bir davranis gosterdigi goriilmiistiir. Ote
yandan bilgi kurami sayis1 (ITS) ve siniflandirict topluluklar: arasinda dogrudan bir
iligki goriilmiistiir. Ayn1 kosullar altinda (toplulukta bulunan esit sayida siniflandirici,
aynt egitim kiimesi vs.) ITS degerinin yiikselmesi smiflandirma basariminin
yiikselmesine kars1 geldigi goriilmiistiir.
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1. INTRODUCTION

The easy access of data in mafiglds produced pattern recognition problems
with high dimensional feature spaces. Generally one can either train a single
classifier with/without feature selection/extraction or train multiple classifiers on
feature subspaces and combine them [2]. However, when the number of instances
are small compared to the number of features, we may face small sample size problem
(curse of dimensionality) [3]. Feature selection methods have been shown to increase
classification performance while defying the curse of dimensionality [4,5]. They
estimate the feature quality using a measure such as information gain, Gini index
or chi-square test [6]. However they usually do not consider redundancy of the
selected features. Recently Peng et. al. proposed a powerful method called, minimum
Redundancy and Maximum Relevance (MRMR) [7] feature selection algorithm that
gives an ordering of the features based on their relevance to the class label and
redundancy between features. The mRMR method aims to select the next feature as

uncorrelated as possible with the current subspace of selected features.

In addition to high dimensional feature spaces, itis also common to face unlabeled data
in many fields ranging from bioinformatics to web mining. Semi-supervised learning
methods have gained great importance with the availability of unlabeled data and they
stand between supervised and unsupervised learning. Based on the availability of one
or more sets of input features, with or without labels and ability to query some inputs,
different combinations of datasets and hence learning algorithms to learn them can
be considered. Scenarios of different input/output feature availability given in [1] are

shown in Figure 1.1.

The learning methods that are applicable to each of the scenarios in Figure 1.1 is

described as follows [1]:

a) Unsupervised learning: Without label information, each object is represented by
one set of features. There isn’'t any information about data labels. Unsupervised

learning or clustering aims to find the similar structure among the objects and cluster



the similar objects into same groups [8,9]. This is the scenario shown in Figure 1.1(a).
An illustration of clustering ortwo dimensional feature space is given in Figure 1.2(a)
where objects are separated into two clusters. Note that, defining a similarity measure
for clustering is one of the crucial steps in unsupervised learning and depending on
the similarity measure, cost function and input patterns different clustering algorithms

lead to different results.

E H
a b C d e f
Figure 1.1: Scenarios of different input/output feature availability (Extended from
[1]). Rows correspond to objects/instances. Wide boxes feature
matrices, narrow boxes correspond to labels. Available data are
represented in blue, missing data that can be queried by a learning
algorithm are represented in purple color.
b) Supervised learning: Each object is represented by one set of features and one
label. In supervised learning a set of training data is available and classifier/regressor
is designed by using this a priori information [8—10]. This is the scenario shown in
Figure 1.1(b). If the target label of the problem is continuous then the supervised
learning problem is calledegression. Otherwise, if the labels have discrete values
then the supervised learning problem is caliassification. The aim is to find a
mapping from input features to output labels and the mapping needs to minimize an
appropriate error function on training data. An illustration of classification in two

dimensional feature space is given in Figure 1.2(b), where objects are classified into

two different classes.

c) Semi-Supervised learning: Some object labels are available however the other
parts’ labels are missing and not available. Learning in this case, using both labeled
and unlabeled data, is known as semi-supervised learning [11] (Figure 1.1(c)). Detailed
description of Semi-Supervised learning methods is given in Chapter 4. Transductive
learning is a special case of semi-supervised learning where the unlabeled instances
are actually test instances [12]. There are many extensions [13] to semi-supervised
learning and some of them based on active learning and Co-training are defined below.

Co-training is detailed Section 4.2.
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Figure 1.2: a) Unsupervised and b) supervised learning algorithms illustration on two
dimensional feature space.

d) Active learning of labels: Some object labels are available however the other parts’
labels are missing but can be acquired [14] (Figure 1.1(d)). Any algorithm for the
labeled and unlabeled data can be also used for active learning by selecting random
points for collecting the labeled data and selecting the remaining part as unlabeled.
However the aim of active learning is to outperform such algorithms [10]. Also this
approach assumes the availability of an "oracle" that can label the unlabeled data
points in the presence of a question. The intention of active learning is to select the
most informative unlabeled examples by asking minimum number of questions to the

"oracle" [13].

e) Co-training: A number of feature sets are available, but some of the objects have
missing labels that cannot be acquired (Figure 1.1e). Co-training algorithm [15] is
an iterative algorithm, that trains different classifiers on different feature views and
updates these views by labeling the unlabeled data and adding them to the training set

during the iterations. Detailed description of Co-training algorithm is given in Chapter
4.

f) Active learning of labels with co-training: A number of feature sets are available,
but some of the objects have missing labels that can be acquired by asking questions

to an "oracle" (Figure 1.1f).

g) Active learning of features and labels:Some of the features have missing values
and some of the objects have not been labeled. However active learning of features and
labels can be achieved by asking an "oracle" (Figure 1.1g). More detailed description

can be found in [1].



In some applications data samples obtained from various sources may be represented
in different multiple ways (or views), for example, web pages can be represented
using text, image and video information. The learning problems summarized in
Figure 1.1 e), f) and g) work on two different feature views. When multiple feature
views are available, instead of training one classifier on the concatenated feature
views, using multiple classifier systems can be useful [16]. On the other hand, on
high dimensional feature spaces one can obtain different feature views artificially
as in Random Subspaces Method (RAS) [17]. The RAS method selects the feature
subspaces randomly for classifier ensembles and are shown to perform well using
different classifiers such as K-Nearest Neighbors (KNN) [18], decision trees [17],
pseudo Fisher linear classifier [19]. However, RAS method may not perform well

when there are irrelevant or redundant features.

1.1 Contributions of the Thesis

The main contributions of this thesis are on relevant and non redundant random

subspaces for supervised and semi-supervised learning.

1) Relevant Random Subspaces (Rel-RAS) and minimum Redundancy Maximum

Relevance Random Subspaces (MRMR-RAS) Algorithms:

Feature selection and classifier ensembles, on both supervised and semi-supervised
learning, are crucial problems in pattern recognition. On the other hand, selecting the
relevant features and eliminating the redundant ones is a big issue in feature selection
[20]. It has been found that selecting the most relevant features may not result in
good classification performance [4]. Therefore redundancy among features is also
studied [7, 21]. However training one classifier alone on the selected feature subset
may not always give good classification accuracy. Besides, depending on the pattern

recognition problem one can obtain many feature views and use classifier ensembles.

One of the main contributions of this thesis is made on classifier ensembles. Ensemble
learning algorithms may benefit from diversity of classifiers used. However, for
high dimensional data choosing subspaces randomly, as in Random Subspaces (RAS)
algorithm, may produce diverse but inaccurate classifiers. On the other hand, if there

are many irrelevant features and redundancy, RAS may produce subspaces of features



that are not suitable for good classification (See Section 3.2 for RAS algorithm).

In order to eliminate these problemsg introduce two subspace selection methods

for ensemble of classifiers. The first algorithm is the relevant random subspace
method which produces relevant random subspaces using the relevance scores of the
features obtained by mutual information between features and class labels. The second
algorithm is the relevant and non-redundant random subspace selection that modifies
the mMRMR feature selection algorithm to produce random feature subspaces that are
relevant and non-redundant. These feature subspace selection methods are used in
Rel-RAS (Relevant Random Subspaces) and mRMR-RAS (minimum Redundancy
Maximum Relevance Random Subspaces) supervised algorithms respectively during

subspace selection.

2) Relevant Random Subspaces for Co-training (Rel-RASCO) and minimum
Redundancy Maximum Relevance Random Subspaces for Co-training
(mMRMR-RASCO) Algorithms:

The use of unlabeled data is a challenging problem. Many algorithms have been
proposed to benefit from unlabeled data [12]. It has been shown that using ensemble
of classifiers increases the classification performance on semi-supervised learning as
well [22, 23]. Co-training is a type of semi-supervised learning that uses unlabeled
data on two different feature views. Previously we proposed a classifier combination
method for Co-training algorithm [24]. The Co-training algorithm is extended for
multiple feature views by Wang et. al. [23] and named as Random Subspace Method
for Co-training (RASCO).

The next contribution of the thesis is made on semi-supervised ensemble
learning by using the proposed feature subspace selection algorithms. Relevant
Random Subspaces for Co-training (Rel-RASCO) and Relevant and Non-Redundant
Random Subspaces for Co-training (MRMR-RASCO) algorithms are proposed for
semi-supervised learning and they outperform the RASCO [23] algorithm which uses
random subspaces for Co-training. The proposed algorithms are compared using
the RM-characteristics of feature subspaces on both supervised and semi-supervised
learning cases. It is shown that the proposed algorithms are more RM-characteristics

in the mean of the classification accuracy.



3) Diversity Analysis of the Classifier Ensembles:

The last contribution of the thesis @ diversity analysis of the classifier ensembles.
The analysis of the algorithms are based on KW-Variance diversity measure [2],
information theoretic based low order diversity (LOD) [25] and information theoretic
scores (ITS) [26]. It is shown that the increase in the ensemble classifier accuracy can
be explained with the information theoretic score. On the other hand KW-Variance
diversity measure and information theoretic based low order diversity have similar
behavior and the performance increase in the ensemble cannot be explained directly

with these measures.
The rest of the thesis chapters are organized as follows:

¢ In Chapter 2, first classifier ensemble methods, namely Bagging, Boosting, Stacked
Generalization, Mixture of Experts, Input Decimated Ensembles are summarized and
combination methods are given. Next measures of diversity for classifier ensembles

and mutual information based classifier ensemble analysis are given.

e Chapter 3 includes the Random Subspaces (RAS), proposed Relevant Random
Subspaces (Rel-RAS) and minimum Redundancy and Maximum Relevance Random
Subspace (MRMR-RAS) algorithms. Next theoretical analysis of the algorithms is

presented. Experimental results on supervised learning are given in terms of accuracy

and diversity.

e In Chapter 4, first semi-supervised learning algorithms are summarized. Then
RASCO, Rel-RASCO and mMRMR-RASCO algorithms are presented and experimental

results are given.

e Chapter 5 concludes the thesis by discussing the outcomes and the possible future

directions for the work.



2. CLASSIFIER ENSEMBLES AND DIVERSITY

2.1 Classifier Ensembles

During the last decade computational intelligewoenmunity started to benefit from
different experts to reduce the probability of making mistake [27,28]. Kittler states that
in statistical pattern recognition most of the progress has been on modeling probability
density function, feature selection and classification context and describes the classifier
ensembles as one of the exciting directions [29]. Besides, in pattern recognition, the
models that deal with real-world problems have their own limitations and errors [30].
Classifier Ensembles aim to produce accurate recognition results by training several
classifiers [31] and combining their outputs by managing the strengths and weaknesses
of the classifiers [30]. In literature various terms have been used for the same notions
in classifier combination [2], i.e. classifier ensembles have different names, such as,
ensemble based systems, mixture of experts, classifier fusion, committee of classifiers,

multiple classifier systems [28].

There are many reasons to build ensembles. Dietterich states statistical, computational
and representational reasons to construct ensemble based systems [32]. Statistically,
with sufficient data different classifiers can be obtained [32] and combining several
classifiers may reduce the risk of making the wrong decision [28]. Computationally,
when a classifier is stuck in a local optima it may not perform well or some classifiers,
such as neural networks, may perform different based on the initial parameters. Hence
combining separately trained classifiers may perform better than selecting the best
network and eliminating the others. On the other hand, different classifiers trained on
the same dataset may perform differently. In the feature space each classifier may have
its own region that it performs best. In some applications different types of features
(representation/description) can be obtained and different types of classifiers can be
trained on each set of features. For example: in person identification, one can obtain
face, voice and handwriting information. Also in neurological disorder diagnosis MRI

scan, EEG recording, blood test results can be obtained [28]. In addition to different



representations, different training sets recorded at different times and using different

features may also kevailable.

Different taxonomies of classifier ensembles have been suggested in the literature.
Kuncheva [2] divides classifier ensemble framework into four parts: instance, feature,
classifier and combination levels (see Figure 2.1). Lam [33] categorizes classifier
combination methods into multiple, conditional, hierarchical and hybrid topologies.
On the other hand, in a recent work, Rokach [34] presents a new taxonomy on classifier
ensembles: inducer, combiner, diversity, size and members’ dependency. Please refer

to [2,28, 34] for further information on classifier ensemble taxonomies.

X Classifier
Combiner
Dataset
FS.
Data Level Feature Level Classifier Level Combination Level

.............................................................................................................

Figure 2.1: General framework of classifier ensembles [2].

In instance level classifier combination, different datasets are bootstrapped from a
training dataset and different classifiers are trained. These techniques work well
with unstable classifiers [35], such as decision trees, neural networks, where a small
change in the dataset, may causes a major change in the hypothesis [32]. Well known
ensemble algorithms in instance level combination category are; Bagging [36] and
Boosting algorithms [35]. Feature level approach aims to reduce the dimensionality
of feature vectors of the base learners in order to reduce the curse of dimensionality.
Some of the feature level algorithms are RAS (Random Subspace Method) [17], Input
Decimation Approach [37], and Mixture of Experts [2]. Details of the RAS algorithm
will be given in the next chapter. In classifier level, different types of classifiers can be

used. Classifier decision combination can be either a classifier selection or classifier



combination. In classifier selection a classifier is selected to give the final decision.
Classifier ensemblemembers can be generated either in parallel or sequentially where
subsequent classifiers are created based on the preceding classifiers [38]. The next

sections summarize some of the well known classifier ensemble algorithms.

2.1.1 Bagging

Bootstrap Aggregation (Bagging) [36] generates multiple versions of a classifier by
training individual classifiers on bootstrapped samples of the training set, using them
as new learning sets. Each example in each data subset is selected randomly with
replacement and each classifier is trained on the average on 63.2 percent of the entire
training set [39]. The generated classifiers are aggregated by majority or weighted
voting methods. Bagging performs well with unstable algorithms such as decision
trees and multilayer perceptrons where small change in the training set creates a large

difference in the classifier [39]. Pseudo code of Bagging is given in Algorithm 1.

Algorithm 1 Bagging Algorithm

11 X =(X1, X2, ...,Xn) be the training dataset withsamples.
/1 X% ith training instancéi = 1,2, ....,n) andX; = (X1, X2, ..., Xid )
/I d: the dimensionality of training instance
Training:
for k=1to Kdo
Take a bootstrap sampi from X
Train classifielC, usingXX
end for
Testing:
Given a test instance t
RunC;..Cy on the input t
Choose the class with the maximum number of votes as the label of t

2.1.2 Boosting

In boosting methods, at each iteration learning algoritbhsesa different weighting or
distribution for training. The probability of selecting an individual is adapted at each
iteration based on the performance of previous classifiers. The weights of misclassified
instances are increased at each iteration. Experimental results show that while boosting
Is sensitive to noise, bagging is effective with noisy data [35]. The most popular

boosting algorithm is adaptive boosting (Adaboost) that keeps adding components until



a predetermined error rate on training dataset is reached [40, 41]. The Adaboost.M1

algorithm [28] for multi-class problemis given in Algorithm 2.

Algorithm 2 Adaboost Algorithm

I1' X =(X1,X2,...,%n) be the training dataset withinstances.
/1 X%;: ith training instancéi = 1,2, ....n) andX; = (X1, X2, ..., Xid)
// d: the dimensionality of training instances
/I c: number of classes
/I Initialize the probability of selectingh instanceD4(i) = 1/n,i=1,2,....;n
Training:
fort =1toKdo
Select a training instance sub3étdrawn from the distributiom;
Train classifielC; usingXt
Calculate g, the error ofC

if g>05then
abort
end if
B=ea/(l1-a)
Z; = 5 D¢(i) // Normalization constant
if G(x) =i then
De1(1) = Di(i) x B/Z
else
Dja(i) = Di(i)/Zy
end if
end for
Testing:

Given a test instance x
RunC;..Ck on input X
Obtain total vote for each clags=1,2,....c
Vi= > log(1/B)
t:G (x)=lj
Choose the class that receives the highest total vote

2.1.3 Mixture of experts

Mixture of Experts is also another layered classiggisemble algorithm. In this
algorithm in the second layer instead of a classifier there is a selector which determines
the participation of the classifiers in the final decision. This algorithm was initially
proposed for Neural Networks where each Neural Network is responsible for a portion
of the feature space [2]. The outputs of each Neural Network are given to a gating
network and the outputs of the gating network is the probability of each classifier to
participate for decision. The selector uses these probabilities to give the outputs of the

examples.
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2.1.4 Stacked generalization

Stacked generalization is a layered algorithm thiats to find a mapping between
ensemble classifier outputs and original class labels. Thus at the first level the ensemble
classifiers receive the data as input and at the second layer the outputs of the classifiers
in the first layer are given as inputs [42]. The algorithm works as follows: Specifically
the training data is divided intl folds. Each first level classifi€®y is trained on the
differentK — 1 fold of the training data. For each classifier the remaining one fold

of the training data is used as a test set. The outputs of the classifiers and their true
labels are used as an input for the second layer classifier [28]. The aim is to learn the

classifiers that consistently classify instances correctly or incorrectly.

2.1.5 Input decimated ensembles

The aim of the Input Decimated Ensembles is to de-correlate the base classifiers by
training them on different subsets of the input features, selected from the ones that
are most correlated with a particular class label [37,43]. tnciass problem, Input
Decimation trainsc classifiers, each of them corresponds to one class. For each
classifier a user determined number of features, having the absolute correlation to the
class label are selected. The objective is to get rid of the features that are not related
to each class. In [37] Input Decimation results are evaluated over a synthetic dataset
and multi-layer perceptrons are used as base classifiers and combination is achieved

by averaging.

2.1.6 Classifier combination methods in classifier ensembles

The decisions of the ensemble of classifiers depend on the output of each classifier.
The combination of the classifier outputs can be considered under the categories of:
combination of abstract level outputs, combination of ranked lists and combination of
continuous level outputs [31, 44]. Kuncheva adds one more type, the oracle level,
where the output of a classifier for a given example is only known as correct or

incorrect [2].

For further information we refer the Kuncheva’s book on classifier combination [2]
and [27,28, 31, 45, 46].
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2.1.6.1 Combinations of abstract level outputs

Combination of abstract level outputs consigtghe combination methods that use
the classifiers whose output is a unique class label. This combination scheme consists
of majority vote, weighted majority vote, Bayesian formulation, a Dempster-Shafer

theory of evidence, the Behavior-Knowledge Space method [31].
Voting methods:

Since the combination is achieved only on the outputs of the classifiers without training
any combiner, majority voting is the simplest method to implement [2, 31]. The
output class label of a data point is decided by the major class label obtained by
different classifiers. The general majority vote is the special kind of weighted majority
vote where each weight is equal. If the classifiers in the ensemble have different
accuracies then giving more weights to the accurate classifiers may improve the
ensemble accuracy. Weighting can be obtained using a genetic algorithm according to

an objective function or the performance of the classifiers on the training dataset [31].
Bayesian combination rule:

Bayesian combination rule finds the weights of classifiers by using their performances
on the training dataset. Therefore the confusion matrix of each classifier is used as
an indicator for its performance. For a problem witltlass possibilities and plus
reject option, the confusion matrix size will lm¢c+ 1). Confusion matrices for all
classifiers are calculated and based on these matrices using Bayesian foefrefla
values for each class are obtained. For any input sample, the class bdliesealue

is the highest is chosen. Formulation and detailed descriptions about the Bayesian

combination can be found in [31].
Behavior-Knowledge space:

Bayesian method assumes the conditional independence of the decisions of the
classifiers. Behavior-Knowledge Space method also finds the ensemble from the
decisions of the classifiers and can be considered as a refinement of the Bayesian
method without assuming conditional independence [31]. High order probabilities

are computed from the frequencies on the training set. The algorithm keeps the output
combination of the classifiers in the training dataset and creates a table from these

combinations. During training, the output combinations of the classifiers and correct
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labels are kept on the table. The output combinations are assigned to a class based on

the maximum truelass decision in the training set [47].

2.1.6.2 Combinations of ranked lists

Some classifiers may output order (ranking) of possible class labels [48]. Instead of
the best guess of the classifiers they give a complete ranking of the possible classes.
Borda count [28], is a ranked lists combination method used to determine the ranking
of the experts without training. Variations of Borda count are used in many real
life applications; such as European Song Contest (Eurovision), electing officers at
certain university senate elections. The class label of the dataset can be obtained by

considering all the ranks obtained from different classifiers.

2.1.6.3 Combinations of continuous outputs

These combination schemes deal with the classifiers that output confidence or distance
values for each input sample which can usually be accepted as an estimate of
the posterior probability of a particular class given an input instance [28]. Basic
combination operators used in this scheme are: Maximum, minimum, mean, median,

sum and product rules [49] [50].

2.2 Measures of Diversity for Classifier Ensembles

In many pattern recognition problems, it is difficult to obtain a classifier that has

a perfect generalization performance. Classifier ensembles aims to train different
classifiers and combine their outputs to perform better than a single classifier [28].
Intuitionally, if we have classifiers in an ensemble that make errors on different data
points, it is likely to obtain an ensemble superior to a single classifier. If the classifiers
in the ensemble make different errors it is probable that they will be corrected in the
ensemble. Diversity of a classifier ensemble measures of how likely are classifiers to
give different results on the same data point [2]. In general a good ensemble consists of
the base classifiers that are as accurate and diverse as possible [38]. Classifier diversity
can be achieved using different training datasets, training parameters, classifiers and
feature subsets [28]. Most of the popular algorithms such as bagging and boosting

provide diversity with generating datasets by re-sampling instances. Similarly with
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different initialization parameters, number of layers and etc. Neural Networks may
provide diersity in the ensemble. Another way of providing diversity is to use
different types of base classifiers such as decision trees, support vector machines and

etc.

In literature there are many works to explain the relationship between classifier
diversity and accuracy [2,51-53]. In order to explain this relationship pairwise and
non-pairwise diversity measures are proposed [2, 52]. While pairwise diversity is
computed between two classifiers, non-pairwise diversity considers the decision of
the classifier ensembles. However there is no consensus on what a good measure
of diversity should be [52, 53]. Although there are proven connections between
diversity and accuracy, in real-world problems there are some doubts on using diversity

measures to build classifier ensembles [54].

Commonly used pairwise and non-pairwise diversity measures are given in the

following sections [2]:

2.2.1 Pairwise measures

Pairwise diversity measures are simple to compute and evaluated between two
classifiers. FoK classifiersK(K — 1)/2 pairwise measures are computed and the
ensemble diversity is obtained by averaging. The pairwise diversity measures are based

on the joint output of two classifie§ andCy as shown in Table 2.1 [52].

Table 2.1: The 2x2 relationship between classifiers with probabilities

Cy correct (1) Cy wrong (0)
Ci correct (1) a b
Ci wrong (0) c d
Total: atb+c+d =1

The Q-statistics: The Q statistics for classifier€; and Cy gives positie values
if instances are correctly classified by both classifiers and negative otherwise. It's
calculated as follows:

_ad—bc
~ ad+bc

Qik (2.1)

Q value varies between dnd 1 and the maximum diversity is obtained @« O.
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The correlation coefficient (0): is defined as the correlation between the outputs of

the classifiers:

ad—bc
\/(a+ b)(c+d)(a+c)(b+d)

Pik = (2.2)

If the classifiersaare uncorrelateqy = 0, then maximum diversity is obtained.

The disagreement measure(D)is defined as the probability that the classifiers

disagree:
Dik=b+c (2.3)

The double-fault measure (DF):is defined as the probability that the classifiers are

both incorrect:
DFx=d (2.4)

2.2.2 Non-pairwise measures

Non-pairwise diversity measures consider the decision of the classifiers in the
ensemble. Some of the most commonly applied non-pairwise diversity measures are

as follows [2, 25]:

Kohavi-Wolpert Variance (KW) : Kohavi and Wolpert derived a formula for the
variability of the predicted class labels for a specific classifier model. Kohavi Wolpert
variance diversity is derived from this formula [2]. LEt= (X1,Xp,...,Xs) be the
training dataset wittn samples.X; be thed dimensionalith training instanceX; =

(Xi1, Xi2,-.-,%d) and(i=1,2,...,n). Let f (Xj) be the number of classifiers that correctly
recognizes theXj, among o total oK classifiers, the KW-variance is computed as

follows:
1 n
= iga 3 T4 (K= 104)) (2.5)

KW and disagreement measugee linearly related to each other [2].

The Entropy Measure (Ent): If half of the classifiers in the ensemble are correct and
the rest are wrong then the highest diversity will be obtainedyiLet[yii, yi, ..., Yni] "

be n dimensional binary vector such thgg = 1 if the classifierC; recognizesX;
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correctly andyji = 0 otherwisej = 1,2, ...,K. The highest diversity among classifiers
are for a particulak; is obtained by K /2] of votes iny with the same value and the
other partK — |K /2] with the alternative value. Thus Entropy measure is defined as

follows:

Ent—} S ;min(K i, K— S i ) (2.6)
= 2K (k2] MY '

Entropyvalue varies between 0 and 1. O indicates that there is no diversity between

classifiers and 1 indicates their complete dependence.

Generalized Diversity(GD): Let Y be a random variable expressing the proportion
of classifiers that fail on a randomly drawn objget R". Let p; denote the probability
thatY = i/K. p(i) be the probability that i randomly chosen classifier will fail on

randomly choser. The GD is defined as:

K .
PU=3 P PR =5fsip, GD= - @7)

GD varies between 0 and Minimum diversity is obtained whep(2) = p(1) and

maximum diversity is achieved whegr(2) =0.

Coincident Failure Diversity (CFD): CFD is a modified version of GD and is

calculated as:

0 =1
CFD:{ 1 <K K—i Po

2.8
Topg 2i=1 K1 Pi Po<1 (2.8)

The maximum value of CFs 1 and it is achieved when all misclassifications are

unique.

2.3 Information Theoretic Analysis of the Classifier Ensembles

Diversity measures introduced in this chapter have been used in many applications.
Especially they have been used for classifier selection. However it is observed that
maximizing diversity does not always result in successful classifiers [26]. There

are also some studies showing that diversity measures are confusing and ineffective
[2,54]. Therefore alternative attempts to analyze the classifier ensembles are emerging.

Recently Brown in [25] and Meynet and Thiran in [26, 55] examine the classifier
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ensembles in an information theoretic view. Information theory has been applied to
many fields fromcommunication to biology and machine learning [25]. It has also

been used for feature extraction, selection and pattern classification [26].

Brown analyzed the classifier ensembles in an information theoretic view and
expanded mutual information among classifiers in an ensembleaotoracyand
diversity components [25]. On the other hand Meynet and Thiran analyzed the
dependency between classifiers and their accuracies using information theoretic
approach by considering classifiers trained on data coming from the same physical
distribution [26, 55].

In this thesis first we will give Brown'’s information theoretic approach. Then we will

relate it with Meynet and Thiran’s approach.

Let X be the dataset, represent the labels, a@ibe any classifier. The aim of any

classification algorithm is to estimate the labeis= C(X). Error of any classifier,

~

p(l #1), is bounded by the following inequalities [25]:

HO—1(X;Hh—1
0g (1) <pl#l)<

NIl =

H(11X) (2.9)

Where H(l) is the entropy ofl and I(X;l) is the mutual information betweeK

and|. Details of the entropy and mutual information are given in Appendix B.

In order to increase the classification accur&til|X) should be minimized and
I(X;l) maximized. Similarly, in a classifier ensemble with a setKotlassifiers,
S={C,Cy,...,Ck} (G, represents the output of the classifier @nd 1,2,...K),
mutual information between classifier outputs and class lab@s.k;1), should be
maximized. Shannon mutual information computes the dependency between variable
pairs. In order to compute the dependencies between multiple variables, multivariate
mutual informationjnteraction Informationcan be used [25]. Then using Interaction

Information the ensemble mutual informatid(Cyk;l), can be expanded as follows:

K
(Cu=31GN= 5 1(CH+ 3 1({CHD (2.10
i= ccs

_|_
Cl=2.K Ccs|Cl=2.K

In Equationl0, the first termy K ; 1(C;;1), is therelevancyof a classifier output to the

class label. The second term is a subtractive term independent of the class$.ldbels
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is the interaction information among the possible subsets of the classifiers and referred
as ensembleesdundancy. Thdast term is an additive term, contains the class labels,
and is referred to asonditional redundancy. In order to maximize Equatid the
second term should be minimized while the others are maximized. The summation is
obtained over all possible subsets of classifiers and it can be splitted into low-order and

high-order diversity terms as follows:

K
(Cail) = 3G = ¥ 1UCH+ ¥ 1(CHD

IC=2 IC[=2

I{CH+ > 1{CHD

C[=3 IC[=3
- +...

I{CH+ > THC}HD (2.11)

ICI=K ICI=K

This equation can be interpreted as:

| (C1:k;1) = Individual Mutual Informationt 2-way diversity
+3-way diversity
+...-way diversity

+K-way diversity (2.12)

If the classifiers are statistically independent, then the diversity woultlGek;!) =
ziKzll (Gi;1). However in real applications it is difficult to obtain independent
classifiers. In [25] 3-way and above diversities are omitted and the ensemble mutual

information is approximated using only pairwise interactions:

KlK

-1 K
|(Crx;l) ~ le Gh-Y 3 1CiG)+ Z_JZ (Cj;Cll) (2.13)

j=1k=]+1

Similarly Meynet and Thiran also tried to measure the quality of classifier ensembles
with information theoretic perspective [26,55]. They aimed to design a global score
that can be used in different classifier ensembles and avoid the limitations of the
traditional diversity based techniques. Thus an empiridarmation theoretic score

(ITS is given to measure the goodnes&aflassifier ensembles combined by majority
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voting and this score is also used to select optimal ensemble of classifiers. The

proposed (IT Bis:
ITS= (1+ITA31+ITD) (2.14)

wherelTA is the information theoretic accuracy which is relevance term normalized

by the number of classifierk;, in Equation13:

1K _
ITA:Ri;I(Ci,I) (2.15)

ITD is the information theoretic dersity which is the ratio between the number of

pairwise classifier€(K, 2) and diversity term in Equatiob3:

ITD = ()

2.16
S Y4l (CiiCr) (2.16)

While ITAaims to fawur the most accurate classifiers, the second tedf 8aims to
increase the diversity of an ensemble with sai&. IT Swas shown to outperform the
diversity based selection techniques while selecting classifiers in an ensemble. Note
that the proposed model 6T Sis a choice and as will be shown in the experiments

other similar modeling approaches can be used [26].
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3. SUPERVISED LEARNING USING INFORMATIVE FEATURE
SUBSPACES

In supervised learning a set of training dataaisilable and classifiers that aim to
minimize error on an unseen test data are designed using this a priori information [8].
In this chapter we assume that we are only given a training dataset and no unlabeled
data is available. First we give related work on supervised learning with Random
Subspaces (RAS). Then we introduce the Relevant Random Subspaces (Rel-RAS) and
minimum Redundancy and Maximum Relevance Random Subspaces (MRMR-RAS)
algorithms. Next these algorithms are analyzed using RM-characteristics of feature
subspaces. Finally, experimental results on 5 real datasets, a synthetic dataset and a
real dataset with added redundant and noisy features are given. In the experiments,
diversity analyses of ensembles are given using both Kohavi Wolpert variance and

information theoretic analysis.

3.1 Related Work

In the previous chapter we summarized the well known off-the-shelf classifier
ensemble algorithms. Bagging and Boosting algorithms are well known classifier
ensemble methods work on the instance space. However, these algorithms require large
number of instances to perform well. If the number of features are much larger than the
number of instances, algorithms that work on feature subspaces may perform better. In
this section, we summarize the previous supervised feature ensemble algorithms. One
of the most well known algorithms that trains classifiers on randomly selected feature
subspaces is the Random Subspaces algorithm [17]. This algorithm is detailed in the

next section.

There are also some algorithms that work both on instance and feature spaces. Random
Forest [56] is a modified version of Bagging algorithm and it differs from Bagging
in the construction of decision trees. For each node of the decision tree, features

that split the node are selected from the best features among the randomly selected
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feature subset. Rotation Forest [57] is also another algorithm that uses bootstrapped
data. First the feature spaisarandomly divided into subsets and Principal Component
Analysis (PCA) is applied on these subsets. The training dataset for a base classifier
is obtained by rotating the original dataset using the PCA coefficients. Decision tree is
used as a base classifier and Rotation Forest was shown to perform better than Bagging,

Adaboost and Random Forest.

Genetic algorithms were also used for feature subset selection in classifier ensembles
and they performed well [58]. Opitz [59] proposed a genetic algorithm based feature
selection method for classifier ensembles. The algorithm creates the initial classifiers
by selecting random feature subsets. Then feature subsets are updated by crossover
and mutation operations. The fitness of each member is obtained using the classifier
accuracy and diversity. The ensemble is constructed using the most fit individual
classifiers. Oliveira et. al. [60] proposed 2-level hierarchical multi-objective genetic
algorithm approach for ensemble creation. Where in the first level a set of good
classifiers are generated by conducting feature selection and in the second level the best
ensemble is searched among the classifiers generated in the previous level. However
genetic algorithms need to have enough population size to be successful and their

computational complexity is very high.

Onthe other hand, a number of studies investigated the use of feature selection methods
in classifier ensembles. Vale et. al. [61] proposed a class based feature selection
method to be used in the classifier ensembles. Important features corresponding to
each class are selected and based on these features a classifier becomes responsible
for each class. However in this method the system needs at least one classifier to
correctly recognize each class. In [62], hill climbing, a genetic algorithm, forward
sequential selection and backward sequential selection are considered for ensemble
feature selection. These search strategies incorporate different diversity measures in
the search of the best feature subsets and employ the same fitness function. It is
shown that ensemble feature selection can be sensitive to the diversity criteria and

the performance of the diversity measures depend on the data being processed.

In this thesis, the proposed algorithms differ from the ones in previous works in terms
of feature subspace selection. Instead of the best features as in most of the previous

works, the algorithms proposed in this thesis select features randomly. The probability
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of selection can be either random (RAS), random based on relevance (Rel-RAS) or
based on a randomized versioithe minimum Redundancy and Maximum Relevance

(mRMR) [7] feature selection algorithm (MRMR-RAS).

3.2 Random Subspaces (RAS)

The Random Subspace (RAS) method was proposed by Ho [17] to construct
decision forest by combining multiple decision trees trained on randomly selected
feature subspaces. The aim is to avoid overfitting of the decision trees while
satisfying maximum accuracy. Later, in addition to decision trees, nearest neighbour
classifiers [18], linear classifiers (Pseudo Fisher Linear Discriminant and Nearest Mean
Classifier) [19] and Support Vector Machines [63, 64] are also used together with the

RAS method and they were shown to perform better than a single classifier.

We assume that we are given a classification problem wittasses. Lek (i =
1,2,...,n) be thed dimensionalth training sampleX = (X1, X2, ..., Xid ), in the training
dataset X =(X Xo,...,Xn) with n samples. S be the randomly selected subspace
with m (m < d) features. The labelk are represented using 1l-ofeoding. Let

Cy be the classifier constructed using the training dat&&ehat are produced from
randomly selected subspacé&g,(k = 1,2,...,K). In the RAS methodCy classifiers
(k=1,2,...,K) are constructed and then they are combined by simple majority voting
to obtain ensemble classifi€@:. Let the decision of classifie®, be dij € {0,1},
k=(1,2,..,K) and j = (1,2,...,c). dy; is obtained using the decision of ttkéh

classifier as follows:

- | 1, Thekth classifier chooses clags
A { 0, otherwise (3.1)
Then the ensemble classifiég is:
K
Ce = argmax Z A j (3.2)
je{lvzv“'vc}kzl

The RAS method is given in Algorithm 3. Since the feature subspaces are selected
randomly, RAS has the advantage of systematically constructing classifier ensembles
that are mutually independent to a certain extent [18]. If the number of instances is

small compared to the number of features, one may face with the small sample size
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problem (curse of dimensionality). In the RAS method the selected features for each
subspace is smaller than tleginal feature space. The number of instances does
not change. Therefore the RAS method may be able to produce feature subspaces
that eliminate the curse of dimensionality problem. However, if the dataset has a
large number of irrelevant features, RAS may select feature subspaces which do not
contain (m)any relevant features. This may result in classifiers which perform poorly,
resulting in poor ensemble performance. Therefore more intelligent feature subset
selection methods should be used. In the next sections, the Rel-RAS and mMRMR-RAS

algorithms are proposed to remedy these problems.

Algorithm 3 RAS Algorithm

for k=1to Kdo
S « Rand(m) //Select random subspaes. S
ProjectX to XX usingS
Train classifielC, usingX*

end for

//Combine classifiers by majority voting:

Ce = MajorityVote(Cy,...Ck):

3.3 Relevant Random Subspaces (Rel-RAS)

While the RAS method produces subspaces by randaalgcting features, the
Rel-RAS selects each feature in the subset based on the relevance scores of the features
obtained using the mutual information between feature and class labels. Note that any
other method, that computes the correlation between features and labels and gives a

probability of selection for each feature could also be used.

Training dataseX can be written in terms of feature vectdfs,LetF;, j = {1,2,...,d}
denote then dimensional feature vector of thgh feature andrj = (xuj,X2j, ..., Xnj).-
The relevanc&el(F;) of a featureFj, i.e. the mutual informatiorl,(Fj, 1), betweerf;

and the target classésan be written as:

Rel(F) = I (F;,1) ZZp %, i) log R Tkt F()(X)J;&It.i) (3.3)

where x; j denotes thath feature valueof Fj; andl;; denotes theth class label

(t=1,2,...,c) for theith training sample.
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In order to be able to compute the probabilities in EquaBiahfeatures are continuous
valued, we first discretizhem. For discretization we use 10 equal sized bins placed
between the minimum and maximum value observed for the particular feature in
the labeled training set. We approximate the probabilities by means of counting the
samples that fall into each bin. The details of the discretization algorithm is given in

Appendix A.

In the Rel-RAS algorithmK subspacesS,...,Sc), each containingn (m> 0)
features are created. Each feature subspace is produced using tournament selection
[65] between pairs of individual features (i.e. tournament size is 2). The tournament
selection is performed as follows: Two features are randomly selected from the set
of all available features. Among these two features, the one with higher relevance is
added to the subset of selected features. The selected feature is extracted from the
set of available features and the procedure is repeated until the set of selected features
contains the required number of features. Similar to RAS, in Rel-RAS also, a classifier

is trained on each one of the feature subsp&&es..,S) and the final classifier is

obtained by majority voting.

The main difference between RAS and Rel-RAS is the feature subspace selection. The
goal of Rel-RAS’ selection scheme is to select random feature subspaces which are as
relevant as possible to the class labels. While RAS selects feature subspaces according
to a uniform distribution on features, Rel-RAS uses feature probabilities proportional

to relevance scores. Using probability of selection proportional to relevance scores
ensures that more informative features are selected. Especially fodlanden there

is a large number of irrelevant features and a small number of relevant features, in
each selected subspace, RAS may select feature subspaces which does not contain any
relevant features. This may result in classifiers which perform very poorly, resulting in
poor ensemble performance. As the feature subspaces selected contain more features,
RAS can select relevant features, however, the larger the subspaces the longer it takes
to train and test each classifier. The Rel-RAS algorithm is given in Algorithm 4. The
experimental results show that generally Rel-RAS results in better classifiers than RAS

algorithm.

In a related work [43], input decimated ensembles, instead of mutual information

based relevance scores authors used correlation to select subspaces. The features in the
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subspaces consisted of the top most relevant features for discrimination of each class
from the rest of the classe#iowever in the input decimated ensembles the number

of the classifiers is limited to the number of classes. On the other hand, selecting the

best features may not always give the best classifier. Our approach enables selection
of as many random subspaces as needed and the number of classifiers is not limited.

We also enable classifier diversity by selecting features randomly.

Algorithm 4 Rel-RAS Algorithm
XD = Discretize(X)
V = Relevance(XD,J //Mutual Information between featurasd labels
//Select subspaces...&
for k=1to Kdo
S <+ Tournament(V,m)
ProjectX to XX usingS
Train classifielC, usingXk
end for
//Combine classifiers by majority voting:
Ce = MajorityVote(Cy,...Ck):

3.4 Minimum Redundancy and Maximum Relevance Random Subspaces

(MRMR-RAS)

Rel-RAS algorithm selects each feature based on theaete score between features

and class labels. However the redundancy of the features in each feature subspace
is not concerned. On the other hand most of the powerful feature selection
algorithms consider redundancy between features in order to improve the classification
performance by selecting the relevant and non-redundant best features [7, 66]. We
also propose MRMR-RAS (minimum Redundancy and Maximum Relevance Random
Subspaces) algorithm that considers both the relevance and redundancy in each feature
subspace. During the computations we modified mRMR (minimum Redundancy and
Maximum Relevance) [7] feature selection scheme. mMRMR is a feature selection
method which tries to find an ordering of features based on their relevance to the class
label. mMRMR also aims to select the next feature as uncorrelated as possible with
the current subspace of selected features. Mutual information is used as a measure of

feature-feature or feature-label similarity.
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Let Sbe the feature subspace that mMRMR seeks, the redundaaaofbe described

using the within mutual informatioy, of S

W:i2 Z |(R,F)) (3.4)
‘ F,FjeS

Wherel (F,Fj) is the mutual information between featwectorF and feature vector

Fi. |S, is the size of the feature subspégeIn order to measure the relevance of

features to the target class, again mutual information is usedI (Eet) denote the

mutual information between featuFg and the target classésV, the relevance o§,

is computed as:

1
V=—1Y3 IRl (3.5)
|S| |€S |
Feature selection tries to choose &mvith assmallW and as large/ as possible.
So that the selected features are as relevant and as non-redundant as possible. The
MRMR method achieves both goals by maximizing eithe—(W) which is called
MID (Mutual Information Distance) ov /W which is called MIQ (Mutual Information

Quotient). MID is used in our computations.

MRMR-RAS algorithm, selects the first feature using the Relevance sdoyess

a probability distribution. Then using redundancy the scovés,MID scores are
calculated and/ —W are used as the probability of selecting the next feature. By
adding randomness we are able to create diverse, relevant and non-redundant feature
subspaces, therefore we try to obtain diverse enough and accurate classifiers. Pseudo

code of the proposed algorithm is given in Algorithm 5.

3.5 Accuracy Analysis of the Subspace Selection Algorithms

In this section, we aim to explain why we expect our feature subspace selection
methods, Rel-RAS and mMRMR-RAS to perform better than random subspace selection
RAS. The accuracy analysis of Rel-RAS and mRMR-RAS algorithms will be
performed using the RM (Recursively More) characteristic property of feature spaces
[7]. Let S andS, be two subspaces with features.S; is morecharacteristic, if the

classification error; onS; obtained by classifie€ is less than the classification error,
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Algorithm 5 mRMR-RAS Algorithm
XD = Discretize(X)
V = Relevance(XD)l//Mutual Information between featuresd labeld
W = Redundancy(XD) // Mutual Information between features
//Select random subspacss..S¢
for k=1to Kdo
for i =1tomdo
if i ==1 then
(i) < Tournament{,1)
else
(i) < Tournamen¥ —W,1)
end if
ProjectX to XX usingS;
Train classifiecC, usingXK
end for
end for
//Combine classifiers by majority voting:
Ce = MajorityVote(Cy,...Ck):

e on S obtained by classifieC. Let a series of subsets S; obtained by a feature

selection algorithm be:

Scgc.cSc..cFlcd=5 (3.6)
and similarly subsets &, be:

Scgc.cSc..cPlcg=5 (3.7)

S, is Recursively More characteristi@RM characteristic) tha&p, if Vk (1 <k <m)

the classification erro# < €. However in most cases it is difficult to obta# < €,

Vk. Letp (0 < p < 1) be a confidence score that gives the percentagevalues that
satisfye'{ < c—% Whenp = 0.9, § is said to beapproximatelyRM-characteristic [7].

For the case of Rel-RAS, mMRMR-RAS and RAS,dgt_ ras EnrMR-RASANdERASDE

the mean of the individual classification errors for Rel-RAS, mMRMR-RAS and RAS
algorithms, respectively. The mean individual classification egpfor any of the

algorithm can be computed as follows:

~

e (3.8)
1

e=

X =

k

Where € is the classification error obtained by tlassifier G, trained on the

kth subspace (k 1,2,...,K) obtained from a subspace selection algorithm. We
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experimentally show thadre_ras < €ras and emrvR-RAS< E€rAs i.€. mean of the
individual classification errors for Rel-RAS and mRMR-RAS are smaller than that
of RAS for different subspace sizes (See the mean individual classifier accuracies in

experimental results in the next section).

3.6 Experimental Results

In this section, we present the experimental results obtained using ensembles of
classifiers with RAS, Rel-RAS, mMRMR-RAS and single classifiers. First, results on

5 different real datasets: Audio Genre, Optdigits, Classic-3, Isolated Letter Speech
and MFeat and one synthetic dataset are presented. Then results on Audio Genre
dataset appended with different redundant features are given. Detailed descriptions
of the datasets are given in Appendix C. For each dataset, experimental results of
Rel-RAS, mMRMR-RAS and RAS are obtained on 10 different random runs. At each
random run, the whole dataset is divided equally into a training partition and a test
partition. Training set is further splitted into unlabeled training set @rmbrtion of

the rest of the training data is used as the labeled training set. In order to compare the
supervised and semi-supervised learning results the same data splitting is applied for
both learning schemes. Note that unlabeled training set is only used in semi-supervised

learning experiments, given in the next chapter and.tiedefined as follows:

_ #labeled training set used to train classifier
N # labeled training set

(3.9)

First, we investigate theffect of theu and experimental results are given for different
values ofu on Audio Genre dataset. The number of selected featorgs,25 for RAS,
Rel-RAS and mRMR-RAS algorithms. Then in order to evaluate the classification
accuracies under small number of training datasets and small number of classifier
ensembles, thg is fixed to 03 and theK is selected as 5 and 25. The mean ensemble
and individual classification accuracies and their standard error bars are given in the
figures obtained for Audio Genre dataset. The standard error bars for all results are too
low and we give the mean ensemble classification accuracies for all datasets. On the
other hand supervised learning results without classifier ensembles, single classifiers,

are also given. These results are represented as "Allfeature" in the figures.
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Implementation details of classifiers used are as follows: PRTools [67] implementation
of KNN (k-nearest neighbor) and LDQinear Bayes normal classifier) classifiers,
Weka J48 [68] implementation of decision tree classifier and Libsvm [69]
implementation of Support Vector Machines (SVM) are used as base classifier in the
algorithms. The KNN classifier implementation in PrTools uses the value of 3. The
LDC classifier [9] computes the linear classifier between the classes, assuming the
same class covariance matrix for all the classes. Unregularized class covariance matrix
is used in the experiments. The J48 decision tree implementation is used with the

default parameters. Linear kernel is used in SVM.

3.6.1 Real data results

Audio Genre Dataset: Mean ensemble and mean individual classification accuracies
for KNN classifier with respect tqu are given in Figure 3.1(a) and Figure 3.1(b),
respectively. Similarly, mean ensemble and mean individual classification accuracies
for LDC, decision tree and SVM classifiers are given in Figure 3.2, Figure 3.3 and

Figure 3.4 respectively.
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Figure 3.1: Mean ensemble and individual test accuracies on Audio Genre dataset
obtained by mRMR-RAS, Rel-RAS, RAS and singhassifier with
respect tqu for K =5, m= 25 and classifier = KNN.

When KNN, LDC and SVM classifiers are used, both proposed algorithms outperform
the RAS algorithm. When decision tree is used, RAS algorithm performs better than
Rel-RAS and mRMR-RAS. However mean ensemble classification accuracies with
decision tree are less than classification accuracies obtained with KNN, LDC and SVM
classifiers for differenti. On the other hand except for SVM, single classifier does not

perform better than ensemble algorithms. However when small amount of training

samples are used single SVM performs slightly better than Rel-RAS and mMRMR-RAS
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algorithms. But still proposed algorithms perform better than RAS wher0.1 and
SVM classifier is used as base classifier. Note that increasereases the accuracies
of the proposed algorithms and whgn> 0.3 and SVM classifier is used, proposed

algorithms outperforms the single SVM and RAS algorithm.
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Figure 3.2: Mean ensemble and individual test accuracies on Audio Genre dataset
obtained by mRMR-RAS, Rel-RAS, RAS and singttassifier with
respect tqu for K =5, m= 25 and classifier = LDC.
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Figure 3.3: Mean ensemble and individual test accuracies on Audio Genre dataset
obtained by mRMR-RAS, Rel-RAS, RAS and singiassifier with
respect tqu for K =5, m= 25 and classifier = J48.

Mean individual classification accuracies of the algorithms show that the proposed
algorithms create RM characteristic feature subspaces than RAS algorithm except for

decision tree whem < 0.3. RM characteristic feature subspace also translates into

better ensemble accuracy.

Experimental results show that increase in the number of training samples increases the
ensemble accuracy for all algorithms and the proposed algorithms outperform single
classifiers and RAS algorithm. In order to evaluate the performance of the algorithms

with small number of instances, classification accuracies are also obtainegmhen
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Figure 3.4: Mean ensemble and individual test accuracies on Audio Genre dataset
obtained by mRMR-RAS, Rel-RAS, RAS and singiassifier with
respect tqu for K =5, m= 25 and classifier = SVM.

0.3 andK =5, 25. Classification accuracies on Audio Genre dataset with respect
to different classifiers and different algorithms are givengor 0.3 andK =5, 25in
Figure 3.5. In the figures, the RR, mR, R and All represent the Rel-RAS, mMRMR-RAS,
RAS and single classifier results respectively. In Figure 3.5, except for decision tree,
the proposed algorithms outperform the RAS algorithm and single classifier. The best

classification accuracy is obtained by Rel-RAS algorithm with SVM classifier.
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Figure 3.5: Mean ensemble test accuracies on Audio Genre dataset obtained by

Rel-RAS (RR), mMRMR-RAS (mR), RAS (R) argingle classifier using

All features (All) form= 25.
UCI Optdigits dataset: Mean ensemble test accuracies on Optdigits dataset obtained
by mMRMR-RAS, Rel-RAS, RAS and All Features with respect to different classifiers
are given in Figure 3.6 foK=5 andK=25. WhenK=5 classifiers are used, the single
classifiers perform as good as ensemble learning algorithms. Wh2& classifiers
are used, the proposed algorithms perform better than RAS and single classifiers with

KNN, LDC and SVM classifiers. When = 0.3, the number of instances and attributes
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are 425 and 64 respectively. Depending on the classifier used, the number of training

instances in the dataset is enodgha single classifier to perform well.
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Figure 3.6: Mean ensemble test accuracies on Optdigits dataset obtained by Rel-RAS
(RR), MRMR-RAS (mR), RAS (R) and singtdassifier using All features
(All) for m= 25.

Classic-3 dataset: In Figure 3.7, the mean ensemble test accuracies on Classic-3
dataset obtained by mMRMR-RAS, Rel-RAS, RAS and All Features with respect to
different classifiers are given f&€=5 andK=25. The best classification accuracy is
obtained by mRMR-RAS algorithm with decision tree #+25 classifiers. Due to

the sparsity of features in this dataset, any subspace of features may not perform well.
On the other handn is also another parameter that effects the performance of the
algorithms. The effect of then parameter on the datasets is given in the next section.
Note that the proposed algorithms perform better than the RAS and single classifier

when decision tree is used as a base classifier.
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Figure 3.7: Mean ensemble test accuracies on Classic-3 dataset obtained by Rel-RAS
(RR), mMRMR-RAS (mR), RAS (R) and singtdassifier using All features
(All) for m= 25.
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UCI Isolated Letter Speech dataset:.The mean ensemble test accuracies on Isolated
Letter Speech datasebtained by mRMR-RAS, Rel-RAS, RAS and All Features
with respect to different classifiers are given in Figure 3.8. The proposed algorithms
outperform both RAS and single classifier when KNN, LDC and SVM classifiers are
used. When the decision tree is used, the RAS algorithm performs better than the
proposed algorithms. Additionally, the single LDC classifier performs less than 50
%. Note that wheru = 0.3, the number of instances and attributes are 36 and 617
respectively. Therefore LDC classifier is effected by the small sample size problem.
When we increase the number of instances in the training set to 240, the mean test

classification accuracy of single LDC increases to 80 %.
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Figure 3.8: Mean ensemble test accuracies on Isolated Letter Speech dataset obtained

by Rel-RAS (RR), MRMR-RAS (mR), RAS (RI)nd single classifier using

All features (All) form = 25.
MFeat dataset: The mean ensemble test accuracies on MFeat dataset obtained by
MRMR-RAS, Rel-RAS, RAS and All Features with respect to different classifiers
are given in Figure 3.9. The best classification accuracy is obtained by single
SVM classifier. Additionally, mMRMR-RAS algorithm with LDC classifier f&r =
25 performs as good as single SVM classifier. Note that the proposed algorithms
outperform RAS algorithm. On the other hand single decision tree and LDC classifiers
do not perform well on MFeat dataset. Whgn= 0.3, the number of instances and

attributes are 150 and 649 respectively. Therefore LDC classifier is affected by small

sample size problem.

The significance of the experiments is also evaluated with t-test. We have obtained
p values for 10-fold cross validation accuracies of RAS, Rel-RAS and mMRMR-RAS

algorithms. The significance values, whEn= 25 subspaces are selected for the
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Figure 3.9: Mean ensemble test accuracies on Mfeat dataset obtained by Rel-RAS
(RR), mMRMR-RAS (mR), RAS (R) and singtdassifier using All features
(All) for m= 25.

algorithms are given in Table 3.1 and Table 3.2. Details of the t-test can be found

in Appendix H.

Table 3.1:t-testp values of RAS and Rel-RAS algorithms for each dataset, K&25,
= 0.3 and m=25.

Classifier| audio | optdigits | classic-3| isolet | mfeat

KNN 0.15 0.00 0.00 0.01 | 0.15
LDC 0.85 0.01 0.32 0.18 | 0.31
J48 0.00 0.00 0.22 0.31 | 0.18
SVM 0.31 0.00 0.00 0.48 | 0.35

Table 3.2:t-testp values of RAS and mMRMR-RAS algorithms for each dataset, K=25,
g =0.3 and m=25.

Classifier| audio | optdigits | classic-3| isolet | mfeat

KNN 0.15 0.00 0.00 0.05 | 0.03
LDC 0.15 0.02 0.34 1 0.00
J48 0.04 0.00 0.13 1 0.00
SVM 0.78 0.02 0.00 | 0.533| 0.6

According to Table 3.1, except for the Audio genre dataset, with 90% probability,
generally Rel-RAS ensemble accurachétter than that of RAS. In Table 3@values

for the 10-fold cross validation accuracies of RAS and mMRMR-RAS algorithms are
given. Similarp values obtained between RAS and Rel-RAS algorithms are generally
valid between RAS and mRMR-RAS algorithms. Except for isolet dataset, with 90%
probability, generally mMRMR-RAS ensemble accuracy is better than that of RAS.
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3.6.2 Robustness to redundant features

In these experiments we evaluate algorithmmdjustness to redundant features. Real
datasets used in our experimental results are carefully obtained and they do not have
redundant features. Audio Genre dataset has the highest average feature relevance to
class labels in the experimental datasets. Therefore the feature space in this dataset is
appended with different powers of the original features in order to obtain redundancy.
Three datasets, App_1, App_2 and App_3, are generated with different powers of the
original features. Dataset App_1 represents the case where the orginal featuffg|space

is appended with 2nd and 3rd powers of the original feat{xes]. The new feature

space in App_1 dataset contains 150 features. Similarly App_2 dataset represents the
case where the original feature spades appended with 2nd, 3rd,..., 5th powers of

the original feature$?x3x*x°]. The total number of features in App_2 dataset is 300.
The last toy dataset App_3, where the original feature spaégappended with 2nd,

3rd,..., 8th powers of the original featurs, ..., x'x8], has 450 features.
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(a) Relevance and redundancy (b) Pairwise redundancy between features

Figure 3.10:a) Relevance, redundancy analysis and b) redundancy map of Audio
Genre dataset appended with redundant features.

In Figure3.10(a) the mean relevance and the mean redundancy values in the datasets
are given. We see that increase in the appended features decreases the mean
redundancy in the dataset. This is because of the increase of the number of features
and their possible pairwise combinations. Although the mean redundancy values in
the datasets decrease the mean relevance values in the datasets are also decreased.
Therefore datasets start to have less relevant features when we append different powers
of the features to the original feature space. Figure 3.10(b) reports the pairwise

redundancy between features of the App_2 dataset. The diagonal elements of the
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appended features have the highest mutual information. These results show that there is

a strong mutuahformation between each feature and features obtained by it's powers.

In Figure 3.11(a) and Figure 3.11(b) the mean classification accuracies obtained using
SVM classifier on Audio Genre dataset appended with redundant features are given for
K =5 andK = 25 classifiers, respectively. The proposed algorithms outperform both
RAS and single classifier. On the other hand, increase in the number of classifiers in
the ensemble increases the classification accuracy. Figure 3.11 shows that, even the
redundancy of the dataset is low (App_1 dataset), the proposed algorithms outperform
both RAS and single SVM classifier. Note that increase in the redundant features

decreases the single SVM'’s and classification performance of the ensembles.
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Figure 3.11: Mean ensemble test accuracies on Audio Genre dataset appended with
redundant features obtained by Rel-RAS (RR), NRMR-RAR), RAS
(R) and single classifier using All features (All) far= 0.3, m= 25 and
classifier = SVM.

3.6.3 Synthetic data results

The classification accuracies of the algorithms are also evaluated with a synthetic two
class dataset. The dataset is generated from Gaussian distributions with a covariance
matrix 10 at diagonal and meanl for one class and 1 for the other class. The
total number of features and instances are chosen to be 50 and 300 respectively. In
the experiments in order to obtain redundant features, the feature space is appended
with different powers of the original features. As in the previous experiments, App_1
represents the case where the original feature sphceappended with 2nd and 3rd
powers of the features®x®]. App_2 and App_3 datasets are obtained using the same

way used to obtain redundant features in Audio Genre dataset.
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Figure 3.12:a) Relevance, redundancy analysis and b) redundancy map of synthetic
dataset appended with redundant features.

The mean relance and the mean redundancy values in the synthetic datasets are
given in Figure 3.12(a). As in the Audio Genre dataset appended with redundant
features results, in the synthetic dataset results we see that increase in the appended
features decreases the mean redundancy and the mean relevance in the dataset. In
Figure 3.12(b) the pairwise redundancy between features of the App_2 dataset is given.
The diagonal elements of the appended features have the highest mutual information.
These results show that there is a strong mutual information between different powers

of appended features.
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Figure 3.13: Mean ensemble test accuracies on synthetic dataset appended with
redundant features obtained by Rel-RAS (RR), MRMR-RAR), RAS
(R) and single classifier using All features (All) far= 0.3, m= 25 and
classifier = SVM.

In Figure 3.13(a) and Figure 3.13(b) mean classification accuracies obtained using
SVM classifier on synthetic dataset appended with redundant features are given for
K =5 andK = 25 classifiers, respectively. From the figures it can be seen that increase

in the number of classifiers in the ensemble increases the classification accuracy.
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Single SVM classifier performs better than the ensemble algorithms when there is no
redundancy in the feature¥/henK = 25 classifiers are used the proposed algorithms
outperform both RAS and single SVM classifier even the redundancy is low (App_1
dataset). The features in the synthetic dataset are uncorrelated and single SVM

performs better than ensemble algorithms wKea 5 are selected.

3.6.4 Classifier diversity and information theoretic analysis of the algorithms in

supervised learning

Classifier diversity is suspected to affect the ensemble accuracy and there have been
efforts to explain the relationship between classifier diversity and ensemble accuracy
[2]. In our experiments, classifier diversities are measured on the test dataset using the
Kohavi Wolpert variance diversity measure [2] given in EquaBoiKW-variance and

most of the diversity measures only consider the outputs of the classifiers and there are
some doubts about using these diversity measures. In order to analyze the classification
performance, two mutual information based accuracy and diversity analysis are given
in Section 2.3. The first one is Brown’s [25] information theory based low order
diversity and the second one is Meynet’s ITS [26]. In our experiments in addition to
KW-variance we first used the Brown’s low order diversity and examined the ensemble
mutual information using Equatidi8. Next we also analyzed the ensemble accuracies
with ITS. Except for the Classic-3 dataset we found that there is a direct relationship
between the ITS given in Equatida and classification accuracy. However as stated

in [26] the model choice for ITS can be changed. Therefore to capture the relationship
between ensemble diversity and accuracy in all datasets, without changing the order,

Equationl14is modified as follows:
ITS= (A+ITA3B+ITD) (3.10)

Where A and B are the constant terms fdiTA and ITD respectively. We
experimentally foundh andB, 012 and 0.08, respectively.

In Figure 3.14 KW-variance, low order diversity and ITS analysis of Audio Genre
dataset with KNN, LDC, decision tree and SVM classifiers are given. We see that
KW-variance and LOD have the same tendency and the proposed algorithms are less

diverse than RAS algorithm. On the other hand, the best classification accuracy is

39



YKNN OLDC <DT [OSVM  RelRAS RAS mRMRRAS

0.16¢ 501 37

[
015 ¢ of owa 28 )
0.14f © | 26
013 @ 0 al &
012l @ ~100¢ ® » W
9 © 22

0.11¢ ¢ -1507 ¢
2,

01 4 Y 200
ool ® v O
' -250¢1
0.08} *Ya § 9 Q“
0.07} -300} B 14 @
0.06———~ 350 ———— \ A
60 70 80 60 70 80 60 70 80
a b (o]

Figure 3.14: Classification accuracy versus diversity on Audio Genre dataset obtained
by mMRMR-RAS, Rel-RAS and RAS fqu = 0.3, K = 5,25 andm = 25
a)KW-variance b) LOD c) ITS.

obtained with Rel-RAS using SVM classifier and it has the highest ITS. Similarly,
KW-variance, low order diversity and ITS analysis of Optdigits, Classic-3, Isolated
and MFeat datasets with KNN, LDC, decision tree and SVM classifiers are given in

Figure 3.15, Figure 3.16, Figure 3.17 and Figure 3.18, respectively.

We found out that the KW-variance classifier diversity with Rel-RAS and mMRMR-RAS
algorithms are slightly less than the classifier diversity with RAS. Also a direct
relationship between increase in the ensemble accuracies and ensemble mutual
information could not found with low order diversity measure. But it can be seen
that KW-variance and mutual information based low order diversity measure have
the same tendency for all datasets. These results show that, classifiers combined in
Rel-RAS and mMRMR-RAS algorithms more agree on class labels of test data than RAS
algorithm. Even though the KW-variance diversity of RAS is better than Rel-RAS and
MRMR-RAS, generally ensemble accuracy of Rel-RAS and mMRMR-RAS are better,
which may be due to the fact that the individual classifier accuracies are better (RM
Characteristic). Besides in order to express the relationship between classification

accuracy and low order diversity, 3-way and more diversity should be used.
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Figure 3.15: Classification accuracy versus diversity on Optdigits dataset obtained by
MRMR-RAS, Rel-RAS and RAS fou = 0.3, K = 5,25 andm = 25
a)KW-variance b) LOD ¢) ITS.
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Figure 3.17: Classification accuracy versus diversity on Isolated dataset obtained by
MRMR-RAS, Rel-RAS and RAS fou = 0.3, K =5,25 andm= 25
a)KW-variance b) LOD c) ITS.
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Figure 3.18: Classification accuracy versus diversity on Mfeat dataset obtained by
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3.7 Discussion

In this chapter, the Rel-RAS and mRMR-RA&orithms which use more informative
feature subspaces for classifier ensembles are introduced. The classification accuracies
of RAS, Rel-RAS, mRMR-RAS and single classifiers are compared on 5 real datasets:
Audio Genre, Optdigits, Classic-3, Isolated letter speech, Mfeat and one synthetic
dataset. Besides feature space of the Audio Genre dataset is increased with different
powers of the original features in order to obtain redundant features and classification
accuracies of the algorithms are also evaluated using these features. In the experiments

KNN, LDC, decision tree and SVM are used as base classifier.

Experimental results on real datasets show that the proposed algorithms generally
outperform both RAS and single classifier when KNN and LDC classifiers are
used. Except for the Classic-3 dataset ensemble algorithms give good classification
accuracies when KNN classifier is used. KNN classifier uses the Euclidian distance to
find the nearest neighbours. The computed distances are affected from the sparsity
of the Classic-3 dataset. Therefore on Classic-3 dataset, KNN classifier is less
accurate than the other classifiers. Additionally, single LDC classifier only performs
well on Optdigits dataset. In the experiments each dataset use different number
of training samples and features: Audio Genre dataset has 45 instances and 50
attributes, Optdigits dataset has 435 instances and 64 attributes, Classic-3 dataset has
228 instances and 273 attributes, Isolet dataset has 38 instances and 617 attributes
and Mfeat dataset has 160 instances and 649 attributes. We see that except for
Optdigits dataset, the number of training instances is less than the number of attributes
in the training samples. Therefore single LDC classifiers are affected from small
sample size problem on real datasets. On the other hand, when decision tree is used
the proposed algorithms perform better than RAS and single classifier on Classic-3
and Mfeat datasets. Generally decision tree classifier performs worse than the other
classifiers except for the sparse Classic-3 dataset. One possible reason of these results
is that decision tree uses attributes to distinguish the instances. However the other
algorithms use the instances to determine the classification boundaries. The pruning
in the decision tree can potentially collapse the leaves that belong to minority classes.
Therefore the classification performance may degrade depending to the confidence

factor of the pruning. However in the experimental results we didn’'t change the

43



pruning parameter and we used J.48 with it's default pruning parameter. When SVM
classifier is used, the proposed algorithpesform better than RAS and single SVM

on Audio Genre, Optdigits and Isolated letter speech dataset. On the other datasets
single SVM performs better than ensemble learning algorithms. Previously Sun and
Zhang in [70] showed that single SVM classifier performed better than RAS in 3 of the
different 6 datasets. Also they found that single classifier performed worse than RAS
algorithm on all datasets when 1-NN and decision trees are used. Similarly in [71],
single SVM performed better than RAS algorithm for EEG signal classification in

5 of the 9 datasets. When synthetic and Audio Genre dataset’s feature spaces are
increased with different powers of the original features we found that the proposed
algorithms outperform both single SVM and RAS algorithm. Bertoni et. al. [64]
found that different number ofi may lead to different results and for low dimension

of feature space ensemble may perform less than single SVM. We also analyzed
the ensemble algorithms on Classic-3 dataset where single SVM outperforms the
Rel-RAS, mMRMR-RAS and RAS algorithms. The classification accuracies of the
Rel-RAS, mMRMR-RAS, RAS and single SVM classifier verguare given in Figure

3.19. As stated in [64], we also show that increase in the number of selected features,
m, also increases the classification accuracy. The proposed algorithms outperform both

RAS and single SVM whem > 50 on classic-3 dataset.
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Figure 3.19: Classification accuracy versussl on Classic-3 dataset obtained by
Rel-RAS (RR), mMRMR-RAS (mR), RAS (R) argingle classifier using
All features (All) for y = 0.3, K = 25 and Classifier = SVM.

Note that in the ensemble algorithmsieeds to be chosen so that individual classifiers

have accuracies of more than 50 % For a certain valum,dfvhere average classifier
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accuracy is more than 50 %) &sincreases up to a certain value Kf sayK*, the

ensemble accuracy increases. It stabilizes for valu&slafger thark*.

In the experiments KW-variance, low order diversity and ITS of the algorithms against
classification accuracies are also analyzed. From the experiments we found that
KW-variance and low order diversity have the same tendency. Classifiers combined
in the proposed algorithms more agree on class labels of test data than RAS algorithm.
Then the Rel-RAS and mRMR-RAS algorithms are less diverse than RAS algorithms
in terms of KW-variance and low order diversity. On the other hand, ITS is also found
to be useful to explain the classification performance of the ensemble algorithms and

the proposed methods are generally shown to have higher ITS than RAS.
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4. SEMI-SUPERVISED LEARNING USING INFORMATIVE FEATURE
SUBSPACES

Unlabeled data have become abundantmiany different fields ranging from
bioinformatics to web mining, where obtaining the inputs for data points is cheap;
however, labeling them is time, money and effort consuming. For example, in speech
recognition, recording huge amount of audio does not cost a lot. However, labeling
it requires someone to listen and type. Similarly, billions of web pages can be
obtained from web servers. However, classifying these web pages into classes is a
time consuming and difficult task. Similar situations are valid for remote sensing,
face recognition, medical imaging, content based image retrieval [72] and intrusion

detection in computer networks [13].

With the availability of unlabeled data and difficulty of obtaining labels,
semi-supervised learning methods have gained great importance. On the other hand,
in some applications data samples obtained from various sources may be represented
in different multiple ways (or views), for example, web pages can be represented
using both text information from the web page and text information from the other
linked web pages [15]. Generally, when multiple feature views are available, they
are concatenated to form the whole feature space. However, this may sometimes
be problematic, because the concatenated features may lack physical meaning or
may have redundancies [16]. These different views can also be used for training
multiple classifiers. Co-training algorithm [15] is an iterative algorithm, proposed to
train classifiers on different feature splits and it aims to achieve better classification
error by producing classifiers that compensate for each others’ classification error.
Under certain assumptions, starting with a weak classifier, Co-training algorithm can
learn from unlabeled data. The first assumpticompatibility, means that the target
function over each feature set predicts the same label. The second assumption is, given

the class of the instance, the feature setscargitionally independentl5]. It is,
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however, difficult for real datasets to satisfy compatibility and especially conditional

independence.

Recently, a multi-viewCo-training algorithm, RASCO (Random Subspace Method for
Co-training) [23], which obtains different feature splits using random subspace method
was proposed and shown to result in smaller errors than the traditional Co-training
and Tri-training [22] algorithm. RASCO uses random feature splits in order to train
different classifiers. The unlabeled data samples are labeled and added to the training
set based on the combination of decisions of the classifiers trained on different feature
splits. However, if there are many irrelevant features, RASCO may often end up

choosing subspaces of features not suitable for good classification.

Instead of totally random feature subspaces, we propose to use Rel-RAS (Relevant
Random Subspaces) and mRMR-RAS (minimum Redundancy and Maximum
Relevance Random Subspaces) algorithms for Co-training. These algorithms will
be detailed in this section. The first proposed algorithm, Rel-RASCO (Relevant
Random Subspaces for Co-training) [73, 74], produces relevant random subspaces
using relevance scores of features which are obtained using the mutual information
between features and class labels. In order to also maintain randomness, each
feature for a subspace is selected based on probabilities proportional to relevance
scores of features. The second algorithm, mMRMR-RASCO (minimum Redundancy
and Maximum Relevance Random Subspaces for Co-training) [73], aims to produce
random feature subsets that are relevant and non-redundant as possible. In our
applications we modified the mRMR feature selection algorithm to produce relevant
and non-redundant subspaces. Experimental results on five real and one synthetic
datasets show that the proposed algorithms outperform RASCO and traditional
Co-training. The work presented in [75] is related to our work in terms of using
relevant feature subspaces instead of random ones. However, they use a genetic

algorithm to obtain the relevant feature subspaces and do not consider unlabeled data.

The rest of the section is organized as follows. In Section 4.1 literature summary on
Co-training style algorithms are given. In Section 4.2 and Section 4.3 Co-training
algorithm and RASCO algorithms are given, respectively. Section 4.4 and Section

4.5 provide the details of the proposed algorithms, Rel-RASCO and mRMR-RASCO,
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respectively. In section 4.6 the experimental results obtained on different datasets are

provided. Sectiod.7 concludes the chapter.

4.1 Related Work

Semi-supervised learning methods use unlabeled data in addition to the labeled data
for better classification [10,12]. According to the feature spaces used, semi-supervised
learning (SSL) algorithms can be divided into single-view and multi-view algorithms.
One of the most successful single view learning algorithms is the Expectation
Maximization algorithm which estimates the parameters of a generative model [76].
On the other hand, Self-Training algorithm trains classifier on a single view and it
adds unlabeled data incrementally into the labeled dataset [77]. Single-view SSL
approaches use either multiple same or multiple different classification algorithms.
Statistical Co-learning [78] and Democratic Co-learning [72] are examples of
SSL algorithms which train different classification schemes on single-view and do
ensemble. On the other hand Tri-training algorithm [22] and Co-training by Committee
[79] are single-view SSL that use multiple same classification schemes. Co-training
is one of the most well-known multi-view SSL algorithms [15]. Some of the other

multi-view SSL algorithms are Co-EM [77] and RASCO [23].

Co-training algorithm has been shown to be successful [15]. However compatibility
and independence are strong assumptions of Co-training and many real datasets can
not satisfy these assumptions. Therefore, many extensions of Co-training have been
proposed in the literature to remedy this problem. In [77], Co-EM algorithm, which
incorporates Expectation Maximization into Co-training, was introduced. Instead of
assigning each unlabeled data point to a class, Co-EM assigns them to each class with
a probability. At each iteration one classifier assigns weighted class values to be used
by the other classifier in the next iteration. Co-EM was shown to be less sensitive to
independence of classifiers and performed slightly better than Co-training on a text

classification problem.

Yan and Naphade proposed semi-supervised cross feature learning to tackle with the
strong assumptions of Co-training [80]. They initially train two classifiers two label

unlabeled data. Then another two classifiers are trained on the new labeled dataset for
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weighted combination. They also extended their work to multiple views. However the

classifierdor ensemble is duplicated with the number of views.

Recently Zhou and Li proposed an ensemble method, Co-Forest, that uses random
forests in Co-training paradigm [81]. Co-Forest uses bootstrap sample data from
training set and trains random trees. At each iteration each random tree is reconstructed
by newly selected examples for its concomitant ensemble. Similarly, in [82] a
Co-training algorithm is evaluated by multiple classifiers on bootstrapped training
examples. Each classifier is trained on the whole feature space and unlabeled data are
exploited using multiple classifier systems. Another similar application, Co-training
by Committee, is given by Hady and Schwenker in [79]. Co-training by Committee is
evaluated using three successful ensemble learning algorithms: Bagging, Adaboost
and random subspace method. The committee, i.e. the classifier ensemble, is
constructed by using one of these three algorithms and is named as CoBag (Co-training
with Bagging), CoAdaBoost (Co-training with AdaBoost) and CoRSM (Co-training
with Random Subspace Method). CoBag and CoAdaBoost algorithms work on single
feature view and construct the different classifiers by bootstrapping on the training
dataset. J48 decision tree was used as the base classifier and CoAdaBoost was
generally shown to perform better than CoBag and CoRSM. Experimental results were

obtained on different UCI datasets [83] which at most have 60 features.

It should be noted that extensions of Co-training that require bootstrapping may need
a lot of labeled samples in order to be successful. For high dimensional datasets, the
classifiers trained on small bootstrapped data samples using single feature view may
face the "large p, small n problem" [84] (p is the dimensionality and n is the number

of data points).

In [78] supervised learning is enhanced with unlabeled data without assuming two
compatible and independent feature views. The only requirement for the proposed
Co-training algorithm in [78] is that, each hypothesis partitions the input space into a
set of classes with equal sizes. Instead of two different feature views, two different
supervised algorithms, ID3 and HOODG, are used on the labeled dataset. During
the iterations, each classifier labels the unlabeled data points to be used as a labeled

example in the next iteration for the other classifier. When a classifier labels an
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example, the algorithm uses a statistical test which may require enough amounts of

labeled samples.

Democratic Co-learning [72] x¢ends the work of [78] and instead of multiple views, it
uses multiple classifiers. As different learning algorithms have different inductive bias,
Democratic Co-learning does not need two independent and redundant feature sets.
Statistical confidence interval and majority voting is used to decide on the unlabeled
data points that are to be added to the labeled dataset. In [22] Zhou and Li proposed
Tri-training algorithm where three classifiers are used for Co-training without requiring
sufficient and redundant features. The algorithm trains classifiers on bootstrapped data

samples and does not require any feature splits.

Random subspace methods [17] are one of the successful methods used for producing
an ensemble of classifiers. RASCO algorithm combines the ideas of Co-training and
random subspace methods. Instead of using two feature subspaces, it generates a
number of subspaces. The labeled dataset is projected onto those random subspaces
and a classifier is trained using each feature projection. The intuition behind this is
that each classifier can complement another one. RASCO has been shown to perform
better than Co-training and Tri-training methods on three different datasets in [23]. The
datasets used in [23] have at most 34 features. Another similar approach to RASCO,
that uses support vector machines, was proposed to be used for content based image
retrieval [85]. Later the work in [85] was extended by using bagging and random

subspace method in the same framework in [86].

In many high dimensional datasets, features could be correlated or there may be
irrelevant features. When there are a lot of correlated or irrelevant features RASCO
may select these features and performance of each individual classifier may decrease.
This drawback can be avoided by selecting features which are more relevant, which
implies that a more intelligent selection algorithm than random selection could be used.
In the next subsections we give the details of the Rel-RASCO and mMRMR-RASCO

algorithms that use more intelligent feature subset selection algorithms for Co-training.

In the context of multi-view Co-training, feature selection was also used to reduce the
input space dimensionality and make computation faster. In [87], an algorithm that

maximizes the independence between two feature sets was used in Co-training with
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Radial Basis Function neural networks. Similarly, correlation based feature selection
was used in [88] Also in [89], a wrapper approach with forward feature selection in
Co-training for predicting emotions with spoken dialogue data was used and it was

shown that if a good set of features are selected, Co-training can be highly effective.

4.2 Co-Training

The Co-training algorithm works on two feature subsets which are referred as views
and it is assumed that two different views are available [15]. The overall featufe set

is the concatenation of different views (In Co-training there are two feature sifsets
andS).

We assume that we are given a classification problemewtassesL; (i=1,2,...,n)

be thed dimensionalth labeled training samplé,; = (X1, Xi2, ..., Xiq), in the labeled
training dataset, L = (Lg,Lp,...,Ly) with n samples. There is also an unlabeled
datasetU, U = (Uni1,Uny2,...,Unsr) Which consists of inputs only wherd; =

(le,ij,...,de) and(j=n+1n+2 ..n+r).

The Co-training algorithm starts with a set of labeled dat@nd unlabeled datd.

It creates a pool of examplés$’ by choosing u examples randomly froth The
algorithm iterates a specified number of times and does the following: By using
trains classifier€; andC, that use only theés; and S, portion of the feature space
respectively.C; andC, label examples fron’ and select the most surely classified
single example from each class. (In [15] the number of added examples for each class
depends on the class sizes. We assume that class sizes are similar and a single example
for each class is added.) Each classifier adds self-labeled examplesTioen the
algorithm randomly chooses examples frahto replenishU’. Two classifiersCy

andC,, predict class labels for data samples. At each iteration, the samples)from

for which a classifier is sure about that sample above a threshold are selected. This
process is continued until the number of data samplé&s iare less than a number of
data samples threshold. Afterwards the predictions are combined. Most of the previous
studies combined the predictions by multiplying their class probability scores together
and then renormalizing them. Previously, we proposed to use and adaptive Bayesian
classifier combination for Co-training [24] and it performed slightly better than the

product combination.
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The pseudo code of the Co-training algorithm is given in Algorithm 6.

Algorithm 6 Co-training Algorithm

' = Select u random examples frdun
fori=1toldo
for j=1to2do
ProjectL to L/ usingS;
Train classifielC; usingL/
ClassifyU’ by C;
Select the most surely classified examplddn
Remove this example frotd’ and add td_
end for
end for
CombineC; andCy

4.3 Random Subspaces for Co-training (RASCO)

Random subspace method for Co-training is an iteeaemi-supervised classification
scheme that uses ensembles of classifiers constructed on randomly generated feature
subspaces. It was proposed by Wang et al in [23] and was also used by Hady et al
[79] and compared with CoBag, CoAdaBoost algorithms that use bootstrapped data.
The RASCO algorithm is inspired from the random subspaces given by Ho [17], in
which decision trees are constructed on the feature subsets selected randomly. RASCO

algorithm uses the RAS algorithm in semi-supervised learning framework.

Letd be the dimension of original feature space amge the dimension of each feature
subset. The algorithm seledtsrandom subspaces each witifeatures. A classifier

Cy is trained on the labeled training dat obtained from random selected subSet

Then unlabeled dataskkt is labeled by majority voting of the classifiers. For each
class one most surely classified example from unlabeled data is addedLto Tihe
algorithm terminates after a number of iterations. The pseudo-code of the RASCO

algorithm is given in algorithm 7.

As stated previously in RAS algorithm, if there are many irrelevant or correlated
features in the dataset RASCO also may select these features and performance of each
individual classifier may decrease. For supervised case we proposed to use Rel-RAS

and mRMR-RAS algorithms to remedy this problem. Similarly for semi-supervised
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Algorithm 7 RASCO Algorithm

for k=1to Kdo
S « Rand(m) //Select random subspa8es.S
ProjectL to Ly usingS
Train classifielC, usingLy
end for
//Combine classifiers:
//DefineCy asdy j € {0,1}
fori=1toldo
//Combine classifiers by majority voting:
Ce = MajorityVote(Cy,...Ck):
Label examples ol by usingCe
Select one most surely classified example from U for each class, add them to
end for

case we propose the Rel-RASCO and mRMR-RASCO algorithms to remedy this

problem.

4.4 Relevant Random Subspace Method faC€o-training (Rel-RASCO)

Rel-RASCO algorithm uses the same subspace selection method with Rel-RAS
algorithm [74] given in Section 3.3. When producing each feature subspace,
Rel-RASCO selects each feature based on its relevance score which is obtained using

mutual information between the feature and the class labels.

We createK subspacesy, ..., S, each containingn > 0 features using the relevance
values between features and class labels. Similar to RASCO, in Rel-RASCO also, a
classifier is trained on each one of the feature subsgces S« and the final classifier

is obtained by majority voting. At each iteration of Co-training, one most surely
classified example frord for each class is added to The Rel-RASCO algorithm

is given in Algorithm 8.

4.5 Minimum Redundancy and Maximum Relevance Random Subspace Method

for Co-training (MRMR-RASCO)

Rel-RASCO algorithm selects feature subsets using the relevance scores obtained
between features and class labels. The redundancy of the features in each feature subset
is not concerned. In supervised learning scenario this problem is considered with

MRMR-RAS algorithm. In semi-supervised case we also propose mMRMR-RASCO
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Algorithm 8 Rel-RASCO Algorithm

Discretize(L)
Rel = Relevance(L,l) //Mutual Information betwefratures and labels
//Select random subspac8s..S
for k=1to Kdo
S + Tournament(Rel,m)
ProjectL to Ly usingS
Train classifielC usingLy
end for
//Combine classifiers:
/IDefineCy asdy j € {0,1}
fori=1toldo
//[Combine classifiers by majority voting:
Ce = MajorityVote(Cy,...Ck):
Label examples o by usingCe
Select one most surely classified example from U for each class, add them to
end for

(minimum Redundancy and Maximum Relevance Random Subspace Method for
Co-training) algorithm considers both the redece and redundancy in each feature
subset. MRMR-RASCO algorithm uses the same method with mMRMR-RAS algorithm

for subset generation.

MRMR-RAS usesW, redundancy between features in a subset &d.elevance
between features and class labels. In MRMR-RASCO, the first feature is selected
using the Relevancd/, as a probability distribution. Then redundancy scoWs,

are calculated anf —W are used as the probability of selecting the next feature.
Detailed description of the subspace selection in mMRMR-RAS is given in Section
3.4. By adding randomness we are able to create diverse, relevant and non-redundant
feature subsets, therefore Co-training has diverse enough and accurate classifiers.
subspacesS;, ..., &, each containingn > 0 features are generated using the relevance
and redundancy sores. Similar to RASCO and Rel-RASCO, in mRMR-RASCO also,
a classifier is trained on each one of the feature subspaces S and the final
classifier is obtained by majority voting. At each iteration of Co-training, one most
surely classified example frokd for each class is added ta Pseudo code of the

proposed algorithm is given in Algorithm 9.
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Algorithm 9 mRMR-RASCO Algorithm

Discretize(l)
V = Relevance(]l) //Mutual Information betweefeatures and labels
W = Redundancy(l// Mutual Information between features
//Select random subspacss..S¢
for k=1to Kdo
for i =1tomdo
if i ==1 then
(i) < Tournameni{,1)
else
(i) < Tournamen¥ —W,1)
end if
end for
ProjectL to Ly usingSq
Train classifielCy usingL
end for
//Combine classifiers:
/IDefineCy asdy j € {0,1}
fori=1toldo
//Combine classifiers by majority voting:
Ce = MajorityVote(Cy,...Ck):
Label examples ol by usingCg
Select one most surely classified example from U for each class, add them to
end for

4.6 Experimental Results

In this section, we present the experimentasults comparing performances of
Rel-RASCO, mMRMR-RASCO, RASCO and Co-training. First, results on 5 different
real datasets: Audio Genre, Optdigits, Classic-3, Isolated Letter Speech (Isolet) and
MFeat are presented. Then results on Audio Genre and synthetic datasets appended
with different redundant features are given. Detailed descriptions about the datasets are
given in Appendix C. Besides classifier diversity and information theoretic analysis of

the algorithms are also presented.

4.6.1 Real data results

Experimental results are obtained on 5 different datasets: ’'Optdigits’ (Optical
Recognition of Handwritten Digits), '"MFeat’ (Multiple Features) and 'Isolet’ (Isolated

Letter Speech) datasets from the UCI machine learning repository [83], 'Classic-3’ text
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dataset from [90] and the 'Audio Genre’ dataset of [91]. Table C.1 shows the number

of features, instances anthsses of the features for all 5 datasets.

For each dataset, experimental results for Rel-RASCO, mRMR-RASCO and RASCO
are obtained on 10 different random runs. At each random run, the whole dataset is
splitted equally into a training partition and a test partition. Training set is further
splitted into unlabeled training set apdportion of the rest of the training data is used

as the labeled training set.

In supervised learning experiments, we see that increase the number of training dataset
(1 parameter) also increases the classification accuracy. In semi-supervised learning
experiments we also did the same experiments by increasing the number of training
samples in the dataset. Experiments are reported for different number of subgpaces,
=5, 25.

In the figures RelRASCO-B, RASCO-B, mMRMR-RASCO-B and RelRASCO-E,
RASCO-E, mRMR-RASCO-E represent the Rel-RASCO, RASCO and
MRMR-RASCO results at the beginning and end of Co-training respectively.
First we report the averages of the ensemble accuracies and averages of the individual
classifier accuracies of Audio Genre dataset with respegt t8tandard errors of the
results depend to the base classifier used. However they are generally around 2%
and in order to keep the figures readable standard error bars are not given. On the
other hand, unlabeled data degrade the classification accuracies of self-training when
u = 0.3. Therefore they are not given in the figures. Co-training results are less than

RASCO and the other algorithms therefore we don’t give them in the figures.

Audio Genre Dataset: The 5 least confused genres of Tzanetakis dataset [91],
Classical, Hiphop, Jazz, Pop and Reggae, each with 100 samples, are used. Two
different sets of audio features are computed. First, timbral, rhytmic content and pitch
content features yielding 30 features are extracted using the Marsyas Toolbox [91].
Next, 20 features covering temporal and spectral properties are extracted using the

Databionic Music Miner framework [92].

Mean ensemble classification accuracies and mean individual classification accuracies
at the beginning and end of Co-training with respect to different valugsfof KNN

classifier are given in Figure 4.1(a) and Figure 4.1(b) respectively. In the figures, RR-B
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and RR-E represent the classification accuracy of Rel-RASCO at the beginning and
Rel-RASCO at the end of Co-training, respeely. Similarly mR-B, mR-E, R-B and

R-E represent the classification accuracies of the mMRMR-RASCO (mR) and RASCO
(R) at the beginning (B) and at the end (E) of the Co-training. ALL represents the single
classifier performance on supervised learning. We see that the proposed algorithms
outperform both RASCO and single classifier. Increase inpthaso increases the
classification accuracies of the algorithms. Note that, ensemble algorithms benefit

from unlabeled data and they perform better than the individual classifiers.
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Figure 4.1: Mean ensemble and individual test accuracies on Audio Genre dataset
obtained by mRMR-RASCO, Rel-RASCO and RAS@@h respect to
u for m= 25, classifier = KNN.

In Figure 4.2(a) and Figure 4.2(b) mean ensemble and mean individual classification
performances on Audio Genre dataset with LDC classifier are given, respectively. At
the beginning of the Co-training the proposed algorithms perform better than RASCO.
On the other hand at the end of Co-training the proposed algorithms perform slightly
better than RASCO. Note that, Figure 4.2(b) shows that the proposed algorithms are
more RM characteristic than RASCO.

In Figure 4.3(a) and Figure 4.4(a) mean ensemble classification accuracies with
decision tree and SVM classifiers are given. RASCO performs better than the proposed
algorithms when decision tree is used. The proposed algorithms select more relevant
features than random selection. Therefore similar features may be used during tree
production and proposed methods may perform less than the RASCO. However when
SVM classifier is used, the Rel-RASCO and mRMR-RASCO perform better than
RASCO and single classifier.
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Figure 4.2: Mean ensemble and individual test accuracies on Audio Genre dataset
obtained by mMRMR-RASCO, Rel-RASCO and RAS®@h respect to
mufor m= 25, classifier = LDC.
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Figure 4.3: Mean ensemble and individual test accuracies on Audio Genre dataset
obtained by mMRMR-RASCO, Rel-RASCO and RAS®@h respect to
mufor m= 25, classifier = J48.
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Figure 4.4: Mean ensemble and individual test accuracies on Audio Genre dataset
obtained by mMRMR-RASCO, Rel-RASCO and RAS®h respect to
mufor m= 25, classifier = SVM.

Supervised learning experimental results showed that increase in the number of
training samples increases the ensemble accuracy for all algorithms and the proposed
algorithms outperform single classifiers and RAS algorithm. Similar results are

also obtained on semi-supervised learning case. The classification accuracies of
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the algorithms are evaluated with small number of instances and small number of

classifiers with fixingu = 0.3 andK =5, 25.

In Figure 4.5 mean ensemble classification accuracies of Audio Genre dataset at the
beginning and at the end of the Co-training with different classifiers are givef=for

5 and 25, respectively. We see that Rel-RASCO and mRMR-RASCO perform better

than RASCO at the beginning and at the end of Co-training. On the other hand when

KNN, LDC and SVM classifiers are used the algorithms benefit from unlabeled data.
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Figure 4.5: Mean ensemble test accuracies on Audio Genre dataset, at the beginning
(-B) and end (-E) of Co-training,obtained by Rel-RASCO (RR),
MRMR-RASCO (mR), RASCO (R) and single classifier using all features
(All) for m= 25.

UCI Optdigits dataset: The mean ensemble classification accuracies of Optdigists
dataset with different classifiers are given kor5 and 25 classifiers in Figure 4.6. We

see that the proposed algorithms benefit from unlabeled data when KNN classifier is
used. Semi-supervised ensemble learning algorithms do not benefit from unlabeled
data when the LDC and decision tree classifiers are used as base classifier. On the
other hand ensemble algorithms benefit from unlabeled data when SVM classifier is

used as base classifier I6e5.

Classic-3 dataset: Term Frequencies of words are used as features and they
are obtained using Term-to-Matrix generator (TMG) Matlab Toolbox [93]. Mean
ensemble classification accuracies of Classic-3 dataset for different classifiers are given
in Figure 4.7. We see that single SVM and single decision tree performs better than
the ensemble methods whkEn= 5. When decision tree is used as base classifidf for

= 25 the proposed algorithms perform better than RASCO and single classifier.
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Figure 4.6: Mean ensemble test accuracies on Optdigits dataset, at the beginning
(-B) and end (-E) of Co-training,obtained by Rel-RASCO (RR),
MRMR-RASCO (mR), RASCO (R) and single classifier using all features
(All) for m= 25.

UCI Isolated Letter Speech dataset:A high dimensional dataset with 617 features
and 480 instances from B and C letters are used in this experiment. In Figure 4.8 the
mean ensemble classification accuracies of Isolet dataset with different classifiers are
given forK=5 and 25. When KNN and LDC are used the algorithms may benefit from
unlabeled data. On the other hand the proposed algorithms generally perform better

than the RASCO and single classifier.
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Figure 4.7: Mean ensemble test accuracies on Classic-3 dataset, at the beginning
(-B) and end (-E) of Co-training,obtained by Rel-RASCO (RR),
MRMR-RASCO (mR), RASCO (R) and single classifier using all features
(All) for m= 25.

MFeat dataset: Mfeat dataset is also a high dimensional dataset with 649 features. In
Figure 4.9 the mean ensemble classification accuracies of Mfeat dataset with different
classifiers are given fdK= 5 and 25. We see that algorithms benefit from unlabeled
data and the best classification accuracy at the end of the Co-training is obtained with

Rel-RASCO algorithm using SVM classifier.
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Figure 4.8: Mean ensemble test accuracies on Isolated Letter Speech dataset, at the
beginning (-B) and end (-Edf Co-training, obtained by Rel-RASCO
(RR), mMRMR-RASCO (mR), RASCO (R) and single classifier using all
features (All) form= 25.

We also obtained the values using t-test for the 10-fold cross validation accuracies

of RASCO, Rel-RASCO and mRMR-RASCO algorithms at the beginning and end

of Co-training whenK = 25 subsets are used (Table 4.1). Details of the t-test are
given in Appendix H. According to Table 4.1, when KNN classifier is used with 90%
probability, at the end of Co-training Rel-RASCO ensemble accuracy is better than
that of RASCO. We think that the performance increase obtained by Rel-RASCO is
related to a number of factors, including the number of features in the dataset, their
average relevance, the number of samples available and also the size and number of

feature subspaces used.

100~

©
a1
©
a1

Classification Accuracy
[{e}
o
Classification Accuracy
©
o

85

@
a1

KNN LDC DT SWM

(@)K =5 (b) K =25
Figure 4.9: Mean ensemble test accuracies on Mfeat dataset, at the beginning (-B) and
end (-E) of Co-training, obtained dyel-RASCO (RR), mMRMR-RASCO
(mR), RASCO (R) and single classifier using all features (All)foe 25.
When there are many features as in Mfeat and Isolet or the features are not so
relevant as in Classic-3 and Optdigits, Rel-RASCO has advantage over RASCO.

Rel-RASCO’s performance is significantly better than RASCO’s performance at the
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end of Co-training with SVM classifier except for Isolet dataset. However LDC and

decision tree result@re not as significant as SVM results at the end of Co-training.

Table 4.1:t-testp values of RASCO and Rel-RASCO at the beginning and at the end
of the algorithms for each dataset, K=25, m=25.

Classifier | audio | optdigits | classic-3| Isolet | mfeat

KNN (Beg) | 0.15 | 0.00 0.00 | 0.01] 0.15
KNN (End) | 0.06 | 0.00 0.00 | 0.02| 0.05
LDC (Beg) | 0.85 | 0.01 0.32 | 018 0.31
LDC (End) | 0.31| 0.00 059 | 0.77 | 0.01
J4s (Beg) | 0.00 | 0.00 0.22 | 031/ 0.18
J48 (End) | 0.94 | 0.00 0.56 | 0.27 | 0.9
SVM (Beg) | 0.31| 0.00 0.00 | 0.48| 0.35
SVM (End) | 0.063| 0.00 0.00 | 0.79 | 0.04

In Table 4.2p values for the 10-fold cross validation accuraciesRASCO and
MRMR-RASCO algorithms at the beginning and end of Co-training are given. We see
the similar results obtained between RASCO and Rel-RASCO. With 90% probability,
at the end of Co-training mMRMR-RASCO ensemble accuracy is better than that of
RASCO when KNN and SVM classifiers are used. On the other hand LDC and
decision tree results are not as significant as KNN and SVM results at the end of
Co-training.

Table 4.2:t-testp values of RASCO and mMRMR-RASCO at the beginning and at the
end of the algorithms for each dataset, K=25, m=25.

Classifier | audio| optdigits | classic-3| isolet | mfeat

KNN (Beg) | 0.15 | 0.00 0.00 | 0.05 | 0.03
KNN (End) | 0.08 | 0.00 0.00 | 0.05 | 0.01
LDC (Beg) | 0.15 | 0.02 0.34 1 | 0.00
LDC (End) | 0.82 | 0.01 0.46 | 0.76 | 0.00
J48 (Beg) | 0.04 | 0.00 0.13 1 | 0.00
J48 (End) | 0.91 | 0.00 0.3 | 0.87| 0.19
SVM (Beg)| 0.78 | 0.02 0.00 | 0.533| 0.6
SVM (End)| 0.02 | 0.01 0.00 | 0.85 | 0.18

Next the effect of the parameten, which is the number of features selected, is
evaluated on the Audio Genre dataset.In Section 3.7 we have shown that increase in
the m also increases the classification accuracy. In Figure 4.10 Audio Genre dataset
accuracies with SVM classifier are given #+5 andu = 0.3. Figure 4.10(a) shows the
ensemble classification accuracy with respeechtdRel-RASCO and mMRMR-RASCO

outperform both RASCO and single classifier whar» 10. The best classification
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accuracy is obtained whem = 25. Previously [23] has given theestm simply

asm = d/2 for RASCO. However for high dimensional datasets, increase in the
m also increases the complexity of the algorithm. Figures 4.10(b) shows the mean
classification accuracies of individual classifiers. Single SVM classifier performs
better than the mean individual classification accuracies of the ensemble algorithms

whenm<10.
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Figure 4.10: Mean ensemble and individual classifier test accuracies on Audio Genre
dataset at the beginning (-B) and end (-E) of Co-training, obtained
by Rel-RASCO (RR), mMRMR-RASCO (mR), RASCO (R) and single
classifier using all features (All), with respectrtofor K=5 and classifier
= SVM.

As a general guidelinem should not be too large to overfit the training data and

it should not be too small to result in too weak classifiers. As the number of

feature subspaces and hence classifiers increase, the same ensemble accuracy can

be achieved using smaller size feature subspaces. The number of features used by

Rel-RASCO should be at least as much as the number of features that results in a

good accuracy when feature selection is performed on all the available data. It is

possible to determine this lower bound using a fast feature selection algorithm such as

MRMR [94]. The value ofn could also be selected using a model selection method

such as cross-validation, however this could be a time-intensive task.

4.6.2 Robustness to redundant features

In supervised learning experiments we evaluate the robustness of the algorithms with
redundant features and we show that the proposed subspace selection algorithms
outperform RAS and single classifier. In order to evaluate algorithms’ robustness to

redundant features in semi-supervised learning, again Audio Genre dataset’s feature
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space is appended with different powers of the original features. Real dataset
experiments show that proposed algorithmagperform the RASCO with KNN, LDC

and decision tree. On the other hand the best classification accuracies are generally
obtained with SVM and we see that proposed algorithms with SVM generally perform
better than RASCO.

Three datasets, App_1, App_2 and App_3, generated in supervised learning
experiments are also used in this experiment (Please see Section 3.6.2 for details of
the datasets). In Figure 4.11 the mean classification accuracies obtained on Audio
Genre dataset appended with redundant features are given for SVM classifier at the
beginning and at the end of the algorithms Koe= 5 andK = 25. It can be seen from

the figure that, the proposed algorithms outperform the RASCO and single classifier at
the beginning and at end of the algorithms. Besides all of the algorithms benefit from
unlabeled data and the proposed algorithms perform better than RASCO algorithm at

the end of Co-training and single classifier.
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Figure 4.11: Mean ensemble test accuracies on Audio Genre dataset appended with
redundant features, at the beginnia§) and end (-E) of Co-training,
obtained by Rel-RASCO (RR), MRMR-RASCO (mR), RASCO (R) and
single classifier using all features (All), for= 0.3, m= 25 and classifier
= SVM.

4.6.3 Synthetic data results

Classification accuracies of the RASCO, Rel-RASCO and mMRMR-RASCO algorithms
are also evaluated with a synthetic two class dataset. The dataset is generated from
Gaussian distributions with a covariance matrix 10 at diagonal and méédor one

class and 1 for the other class. The total number of features is chosen to be 50.

Three synthetic datasets, App_1, App_2 and App_3, generated in supervised learning

65



experiments are also used in this experiment (Please see Section 3.6.3 for details of the

datasets).

The mean classification accuracies at lieginning and at the end of the algorithms
obtained using SVM classifier on synthetic dataset appended with redundant features
are given forK =5 andK = 25 classifiers in Figure 4.12(a) and Figure 4.12(b),

respectively.
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Figure 4.12: Mean ensemble test accuracies on synthetic dataset appended with
redundant features, at the beginni@B) and end (-E) of Co-training,
obtained by Rel-RASCO (RR), mMRMR-RASCO (mR), RASCO (R) and
single classifier using all features (All), fpr= 0.3, m= 25, classifier =
SVM.

It can be seen from Figure 4.12(a) that the single SVM classifier performs better than
the ensemble algorithms fé¢ = 5. However the proposed algorithms perform better
than the single SVM and RASCO whé&n= 25 classifiers are used as shown in Figure
4.12(b). Note that the original dataset has uncorrelated features. Therefore the single
SVM performs slightly better than the ensemble algorithms at the beginning of the
Co-training on original synthetic dataset. On the other hand, ensemble algorithms
benefit from unlabeled data and we see that the proposed algorithms outperform single
SVM and RASCO when the datasets are too redundant (Please see App_2 and App_3
datasets results in Figure 4.12(b)).

4.6.4 Classifier diversity and information theoretic analysis of the algorithms in
semi-supervised learning

In Section 3.6.4 classifier diversities and information theoretic analysis of the
algorithms have shown that, although the proposed algorithms are less diverse than the

RAS algorithm in terms of KW-variance and LOD, they perform better than RAS. On
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the other hand we found that the classification accuracy of the ensemble methods can
be analyzed with ITS. Similarxperiments and analysis given in supervised learning

scenarios are also done for semi-supervised learning scenarios.

In figures KW-Variance, LOD and ITS versus classification accuracies are given for all
datasets at the end of the Co-training. Note that KW-Variance, LOD and ITS versus
classification accuracies at the beginning of the algorithms are given in the previous
chapter. Figures are obtained using the classification accuracies and diversities of

different number of classifiers (K5, 25) in the ensembles.

In Figure 4.13 classification accuracy versus diversity analysis on Audio Genre dataset
at the end of the Co-training is given. Rel-RASCO and mRMR-RASCO algorithms are
less diverse than RASCO algorithm at the end of Co-training in terms of KW-variance.
Also at the end of Co-training KW-variances of the algorithms decrease. In figure
it is shown that LOD has a similar tendency with KW-variance. On the other hand
the proposed algorithms have higher ITS than the RASCO algorithm at the end of
Co-training. Note that the proposed algorithms have the best ITS with SVM at the end

of Co-training.

In Figure 4.14, Figure 4.15, Figure 4.16 and Figure 4.17 classification accuracy
versus diversity analysis on Optdigits, Classic-3, Isolet and Mfeat datasets at the
end of the Co-training are given, respectively. Similar results obtained with the
Audio Genre dataset are obtained for Optdigits, Classic-3, Isolet and Mfeat datasets
and KWe-variance and LOD of the proposed algorithms are less than RASCO.
Increasing the ITS of the algorithms also increases the classification accuracy and
the best ITS at the end of the algorithms are obtained with the proposed algorithms.
Generally KW-variances of the algorithms at the end of Co-training are less than the
KW-variances at the beginning of Co-training. Even though the KW-variance diversity
of RASCO is better than Rel-RASCO and mRMR-RASCO, generally ensemble
accuracy of Rel-RASCO and mRMR-RASCO are better, which may be due to the fact
that the individual classifier accuracies are better (RM Characteristic of the proposed
algorithms). Besides in order to express the relationship between classification

accuracy and low order diversity, 3-way and more diversity should be used.
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Figure 4.13: Classification accuracy versus diversity on Audio Genre dataset obtained
by mMRMR-RASCO, Rel-RASCO and RASCO (Enflthe algorithms)
for u = 0.3, m= 25 a)KW-variance b) LOD c) ITS.
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Figure 4.14: Classification accuracy versus diversity on Optdigits dataset obtained by
MRMR-RASCO, Rel-RASCO and RASCO (Endthie algorithms) for
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Figure 4.15: Classification accuracy versus diversity on Classic-3 dataset obtained by

MRMR-RASCO, Rel-RASCO and RASCO (Endthie algorithms) for
¢ = 0.3, m= 25 a)KW-variance b) LOD c) ITS.
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Figure 4.16: Classification accuracy versus diversity on Isolet dataset obtained by

MRMR-RASCO, Rel-RASCO and RASCO (Endtbe algorithms) for
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Figure 4.17: Classification accuracy versus diversity on Mfeat dataset obtained by
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4.7 Discussion

In this chapter, the Rel-RASCO and mRMR-RASCO algorithms which use more
informative feature subspaces for Co-training are introduced. Classification accuracies
of RASCO, Rel-RASCO and mRMR-RASCO on 5 real datasets: Audio Genre,
Optdigits, Classic-3, Isolated letter speech, Mfeat and one synthetic dataset with
redundant features are obtained. Besides classification accuracies of the algorithms
on Audio Genre dataset appended with redundant features are also investigated. We
showed that, at the beginning of Co-training, before unlabeled data are used, classifier
ensembles of the proposed algorithms have in general better accuracies than RASCO.
When unlabeled data are labeled iteratively, the ensemble accuracy of Rel-RASCO
and mMRMR-RASCO are still better than RASCO or single classifier. Generally
MRMR-RASCO and Rel-RASCO perform significantly better than RASCO or single
classifier when there are many irrelevant features. As the number of classifiers in
the ensemble increase, especially at the end of Co-training, the ensemble accuracy
of RASCO approaches the ensemble accuracy of Rel-RASCO. Additionally mean
individual classification accuracies show that the Rel-RASCO and mRMR-RASCO

algorithms are more RM-characteristic than the RASCO algorithm.
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The diversity analysis of the algorithms are also obtained for KNN, LDC, decision
tree and SVM classifiers witdifferent number of classifiers (Kin the ensemble.
KW-variance, LOD and ITS are given for all datasets at the end of the Co-training.
Although Rel-RASCO and mRMR-RASCO have less KW-variance and LOD than
RASCO algorithm, they generally perform better classification accuracy than RASCO.
In the experiments we also found that the KW-variance and LOD decrease at the end
of the algorithms. Besides Rel-RASCO and mRMR-RASCO algorithms are shown to
have higher ITS than RASCO.

4.7.1 The effect of unlabeled data

Do unlabeled data improve the classification performance? There have been many
studies trying to find an answer to this question [95, 96]. Some studies for example
[12] showed that unlabeled data may help to increase the classification accuracy. On
the other hand Cozman and Cohen [95] showed that unlabeled data can degrade the
classification performance if the model assumption and the data distribution do not
match. This result was obtained by generative classifiers on an artificial dataset that
has dependent features. The percentage of unlabeled data among the training set was
fixed and Naive Bayes classifier was used. Besides Tian et. al. [97] showed that if
the model assumption does not hold, the performance of unlabeled data is affected by
the complexity of the classifier. They considered semi-supervised learning problems
where the labeled and unlabeled data do not come from the same distribution and
analyzed the effect of unlabeled data on content based image retrieval problem. It is
shown that unlabeled data help if both labeled and unlabeled data come from the same
distribution. Otherwise depending on the difference between labeled and unlabeled
data, more unlabeled data may decrease the performance. In [98] Co-training and EM
algorithm degraded the classification performance of text categorization task. Catal
and Diri [99] also analyzed unlabeled data effect on software fault prediction problem
and they showed that unlabeled data may decrease the performance of software fault

prediction problem.

In our experiments, unlabeled data generally increases the classification performance
of Rel-RASCO, mMRMR-RASCO and RASCO algorithms. In the experiments it is

observed that KNN and SVM classifiers always benefit from unlabeled data. On the
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other hand depending on the dataset, unlabeled data generally improves classification
accuracy of thealgorithms with LDC and decision tree classifiers. Performance
decrease of the algorithms depends to some factors such as: model assumption, base
classifier used in the algorithms and overlearning of the classifiers that makes them to
select incorrect examples from unlabeled dataset. LDC and decision tree classifiers on
Optdigits dataset do not benefit from unlabeled data. Similarly Classic-3 dataset is too

sparse and LDC classifier may not generate accurate model parameters.
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5. CONCLUSION AND FUTURE WORK

The advent of the technology enablestasccess all kinds of data easily from many
fields of science and industry. It is so common to obtain vast of image, audio and video
files or any type of measurements for the surveillance systems, medical applications
and military target recognition and so on. Internet is also another source of data
for many applications such as social network analysis. This phenomenon brings
unlimited pattern recognition problems from many domains, with huge amount of data
and features. Generally one can either train a single classifier with/without feature
selection/extraction. However it is still time, money and effort consuming to label
these datasets. Therefore training one classifier alone may be useless due to small
amount of instances compared to the number of features (curse of dimensionality)
[3]. On the other hand feature selection/extraction may not always improve the
classification accuracy. Additionally, in some applications different types of sensors or
measurement methods can be used to acquire the data samples. Thus features can be
represented in multiple views and concatenation to form the whole feature space may
sometimes be problematic. Therefore, instead of training one classifier with/without

selection/extraction, alternative methods such as; ensemble of classifiers could be used.

In this thesis we focused on feature subspace selection methods for classifier ensembles
and proposed two novel feature subspace selection methods. The proposed methods
are evaluated under both supervised and semi-supervised learning scenarios. In
supervised learning the proposed algorithms are compared with Random Subspaces
(RAS) algorithm that randomly selects the feature subspaces used in the ensembles.
In semi-supervised learning the algorithms are compared with RASCO (Random
Subspace Method for Co-training) algorithms. In high dimensional feature spaces if
there are many irrelevant features and redundancy, it is possible to obtain diverse but
inaccurate classifiers with the RAS and RASCO algorithms. The subspace selection
methods proposed in this thesis are also aimed to remedy these problems. The

first method is used in Rel-RAS and Rel-RASCO algorithms where Rel-RAS is the
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relevant random subspace method for supervised learning and Rel-RASCO is the
relevant random subspace mettod Co-training. The second method modifies the
MRMR (minimum Redundancy Maximum Relevance) feature selection algorithm and
is used in the mMRMR-RAS and mRMR-RASCO algorithms where mMRMR-RAS is the
minimum redundancy maximum relevance random subspace method for supervised
learning and mMRMR-RASCO is the minimum redundancy maximum relevance

random subspace method for Co-training.

The superiority of the proposed methods are given with the experiments on five real
and synthetic datasets with KNN, LDC, decision tree and SVM classifiers based
on the accuracy achieved. We found out that in supervised learning Rel-RAS and
MRMR-RAS algorithms outperform the RAS algorithm and single classifiers when
KNN, LDC and decision tree are used. On the other hand single SVM also performs
as good as the ensemble methods. However, when the dataset has redundant features,
the proposed algorithms outperform both RAS and single SVM classifier. Besides
in semi-supervised learning Rel-RASCO and mMRMR-RASCO algorithms generally
outperform the RASCO algorithm and single classifier at the beginning and at the
end of the Co-training. These results are explained with the RM-characteristics of
feature subspaces in terms of mean accuracies of the individual classifiers. The
proposed algorithms provide feature subsets agree on the class labels more than
RAS and RASCO. This also tends the classifiers to be less diverse. Diversity
analysis of the classifiers is obtained using, non-pairwise diversity measure, Kohavi
Wolpert (KW) Variance. Besides information theoretic based low order diversity
(LOD) and information theoretic scores (ITS) of the classifier diversities are evaluated.
KW-variance and LOD results show that the proposed algorithms produce less diverse
classifier ensembles than the ensembles generated with RAS and RASCO. On the other
hand the superiority of an ensemble algorithm can be explained with the information
theoretic score (ITS) [26] and it is shown that there is a relationship between ITS and
ensemble classifier accuracy. Unlike the RAS and RASCO, the proposed algorithms

have high ITS on both supervised and semi-supervised learning scenarios.

This work can be extended in different steps. Analysis of the algorithms are obtained
with RM-characteristics of feature subspaces, KW-Variance diversity measure,

information theoretic based low order diversity and information theoretic scores.

74



Previously there have been some attempts [100] to understand the behavior of
Co-training in terms of RC analysis (Probably Approximately Correct). PAC
analysis of the classifier ensembles can be a way to extend this work. Bias-Variance
decomposition [101] is also another analysis that can be applied to classifier ensembles.
The proposed algorithms only select features based on a probability distribution.
However the algorithms do not consider redundancy between the feature subspaces.
It seems to be an open issue and a new subspace selection method that considers
both relevance and redundancy between feature subsets may produce good classifier
ensembles and may also increase the classification accuracy. On the other hand in this
thesis ITS is only used to explain the superiority of the classifier ensembles. It can also

be used as a classifier selection criteria in ensembles as shown in [26].
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APPENDIX A. Feature Discretization

Feature discretization is used when the features are continuotlee Rel-RAS,
ReINR-RAS, Rel-RASCO and RelNR-RASCO algorithms. In order to compute the
mutual information in these algorithms we first discretize the features into 10 bins.

Let R/, k= {1,2,...,d} denote then dimensional feature vector for theh feature in

the dataset anfi = {X1x, %ok, ---, Xnk}. The feature discretization algorithm is given
below.

Algorithm 10 Feature Discretization

/I b: Number of bins
Il K¢ feature vector to be discretized
/I DF: Discretized featurgector
/I n: Number of features
disc= [(-floor(b/2)):(floor(b/2))];
mn = min(k), mx = max(k)
binwidth = (mn - mx)/b
E = mn + binwidth * (0:b);
E(1) = -inf, E(end) = inf;
fori=1tondo
for j =1to bdo
if F(i) >= E(j) AND FK(i) < E(j+1) then
DF (i) = disc(j)
end if
end for
end for
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APPENDIX B. Basics of Information Theory

The uncertainty present in a distribution ofamdom variableX, can be measured by
entropy,H (X), and is denoted as follows [25]:

X

= —; p(x)log(p(x%)) (B.1)

An estimate of the probability distribution is obtained using frequency counts.
Thereforep(x) = ’%, where #xis the number of observations on andN is the
number of total observations. The entropy is maximal if all events are equally likely.
Using the rules of probability theory, the conditional entropyXofjivenY can be
written as follows:

Y] X

H(X]Y) = 2 1IZP %|yj)log(p(%]yj)) (B.2)

The mutual information betweeK andY, I(X;Y), is the difference between the
uncertainty present in the distribution &f and uncertainty remained X afterY
occured:

1(X;Y) =H(X) —H(X]Y) (B.3)
I (X;Y) can be expanded as follows:

|Y| X]

1(X;Y) Yog(—— 21 B.4
( 2 1|le>q Vi) og(p ) (B.4)

The information shared betweef and X, afterY occured is the conditional mutual
information,| (X1; X2|Y) and can be written as follows:

(X1, X2 Y) = H(X1[Y) —H(X1/X2,Y) (B.5)
\Y| |X2\ [Xq| oy
_ P(%, X} |¥k)
| (X1 XY E B.6
( 1 2’ ) k_ J £ L p X, XJ ’yk ()Q\Yk)p(YJ |Yk)> ( )
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APPENDIX C. Datasets

In this thesis, experimental results are obtained odifterent real datasets from
different application areas: 'OptDigits’ (Optical Recognition of Handwritten Digits),
'MFeat’ (Multiple Features) and 'Isolet’ (Isolated Letter Speech) datasets from the UCI
machine learning repository [83], 'Classic-3’ text dataset from [90] and the 'Audio
Genre’ dataset of [91]. Table C.1 shows the number of features, instances and classes
of the features for all 5 datasets.

Table C.1: Real Datasets

Dataset | # features # instances # classes
Audio Genre 50 500 5
OptDigits 64 5620 10
Classic-3 273 3000 3
Isolet 617 480 2
MFeat 649 2000 10

Audio Genre Dataset: The 5 least confused genres of Tzanetakis dataset [91],
Classical, HiphopJazz, Pop and Reggae, each with 100 samples, are used [102].
Two different sets of audio features are computed. First, timbral, rhytmic content and
pitch content features yielding 30 features are extracted using the Marsyas Toolbox
[91]. Timbral features are generally used for music-speech discrimination and speech
recognition. They differentiate mixture of sounds with the same or similar rhythmic
content. Rhythmic content features characterize the movement of music signals over
time and contain such information as the regularity of the rhythm, the beat, the tempo,
and the time signature. The melody and harmony information about the music signal
is obtained by pitch detection techniques. Next, 20 features covering temporal and
spectral properties are extracted using the Databionic Music Miner framework [92].

UCI Optdigits Dataset: Optical Recognition of Handwritten Digits Dataset
(optdigits) contains 64 features with 10 classes. Features are extracted from normalized
bitmaps of handwritten digits from a preprinted form. Images are32bitmaps and

they are divided into nonoverlapping blocks of 4.xIn each subblock the number of
pixels are counted to generate an input matrix oB&8vhere each element is an integer

in the range 0...16 [83].

Classic-3 Dataset:Classic-3 data corpus contains the paper abstracts of 3 different
types of journals. They are namely MEDLINE, CISI and CRAN. MEDLINE contains

the abstracts from medical journals, CISI contains the abstracts from information
retrieval field and CRAN contains the abstracts from aeronautical systems area. In
the experiments Term Frequencies (TF) of words are used as features and they are
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obtained using Term-to-Matrix generator (TMG) Matlab Toolbox [93]. For each class
equal number oinstances are selected in order to balance the dataset.

UCI Isolated Letter Speech Recognition Dataset:This dataset contains the 617
speech features (contour, sonorant, pre-sonorant and post-sonorant features) with 480
instances from B and C letters [83].

Multiple Features (Mfeat) dataset: Multiple Features (Mfeat) dataset consist of 2000
instances of handwritten digits with 10 classes. There are 649 features: 76 Fourier
coefficients of the character shapes, 216 profile correlations, 64 Karhunen-Love
coefficients, 240 pixel averages in 2 3 windows, 47 Zernike moments and 6
morphological features [83].
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APPENDIX D. Linear Discriminant Classifier

When the underlying probability density functions (pdisg known, Bayes classifier
gives the minimum error [2] [103]. A posteriori probability function of clasgiven
XIs:

p(Xci)p(a)

p(x (6.1

p(G[x) =

wherep(Xc;) is the class conditional pdf of andp(x) is the mixture density. The class
with the highest posterior probability will be the choice for a givenThe posterior
probabilities can be written with discriminant functiogs,as follows:

gi(x) = p(G[x), i=1,..c (D.2)
The decision fox , D(X), is:

D(x) = max{p(alx)} = max{ai(x)} (D.3)
The p(x) for all classes are same thgiix) can be written as:

6i(x) =log[p(a)p(qc)],  i=1,...c (D.4)

Let all classes are normally distributed(x|ci) ~ N(u;,Zi), with g means and;
covariance matrices and-= 1, ...,c. Theng;(x) can be obtained as:

gi(x) = log[p(a)] +|09{W12\/me>(p %(X—I«’i)Tzil(X—Hi)] }
= log[p(a)] ~ 5log(2m) — 3 log (%)~ 3 (x— ) 5 Mx—p) (D)

wherei = 1,...,c In our computations all covariance matrices are assumed to be same
andp(xci) ~ N(ui,Z), and if we eliminate all the terms that are constant foc;ethen
the discriminant functions can be written as follows:

09 p(@)] — 5 () TZ H(4) + (1) T2 H(X) = o + WX ©6)

wherew,g andw; are the coefficients of the linear discriminant function [2]. Mean
values and covariance matrix are estimated from training data [2].
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APPENDIX E. K-Nearest Neighbour Classifier

K-Nearest Neighbour (KNN) method can be used to estirdatesity. In K-Nearest
Neighbour density estimation, the aim is to find the volurde,while fixing the
probability ofk/n. However the density estimation does not work very well. On the
other hand KNN method can be used for non-parametric classification [39].

Let ki be the samples belonging to clagsn k samples and be the total number of
examples in classg. Then the estimate of the class conditional density can be written
as follows:

B(x(ci) = % E.1)

The estimate of the prior probability is:

pci) =— (E.2)

Using the Bayes’ theorem, the estimate of plesterior probability is:

TR Jemo
5(GIx) = p(x|c,)[)3(c.) _nvn _k (E.3)

p Kk
The algorithm works as follows: df each test instance thenearest examples are
identified using Euclidean distance. The number of sampgl#hat belong to class
Ci is obtained out of thesesamples. Then the test instance is assigned to theglass
with the maximum number d§ [39] [104].
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APPENDIX F. Decision Tree Classifier

Classification of patterns through questions, where the qaastion depends on the
answer of the current one, is an intiutive way [9]. The sequence of the questions is
described as decision tree where the first question constitutes the root node and the
others constitute the branches. Classification of a data sample starts from the root
node and based on the value of the sample the the subsequent or descending nodes
are evaluated. Therefore the feature that best divides the classes should be selected
as the root node. Different algorithms have been proposed to find the best feature
that splits the data such as; information gain, gain ratio and gini index [9] [105]. In our
experiments we used weka implemantation of decision tree J48 with default parameters
[68]. J48 implements the C4.5 Quinlan’s algorithm [105]. The algorithm works by
evaluating the cases in the training set.

Let Sbe the set of cases amdbe the number of classes. Then entropySafan be
obtained as follows:

Cc
Entropy(§ = 3 pjlog; p; (F.1)
=1

wherep;j is the probability of the cases belong to class S. The information gain for
a feature- is Gain(SF):

Gain(SF) = Entropy(S9 — Z @Entropy(S) (F.2)

vevalues(h ’S‘

wherevalues(B represents the values thaimay have andS,| represents the number

of samples in each subset. The algorithm selects the feature which increases the
information gain as a node. The algorithm is applied recursively to obtain other nodes
in the tree [105].
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APPENDIX G. Support Vector Machines

Support vector machines were developed/apnik et al. [106]. Let; (i =1,2,...,n)

be thed dimensionalth training sampleX; = (Xi1,Xi2, .--,Xd), in the training dataset

X =(X1,X,...,Xn) with n samples. We consider two class case wHerepresents

the labels (le {—1,1}) and our aim is to learn a functian(X) = |. Each example

X is assumed to be generated from an unkown but fixed probability distribution
P(X,1) [107]. The learning problem can be expressed as an optimization problem
which aims to minimize the misclassification of the new instances drawn from the
same pdf. Goodness of the classifigran be measured using expected rRig):

R(@) = [ £g(x),NdP(X.) (©.1)

Where ¢ is the loss function that penalizes the difference between predicted and
true labels. Since the underlying distribution isn’t known the rRkg), can not be
minimized directly. Instead the risk over the training set, emprical risk, is minimized:

Remilg) =~ 3 ((9(X).1) ©2)

With a probability of 1— u, the expeceted risk has the following boundary [107]:

h(In(2n/h) +1)—In(u/4)
n

R(9) < RempQ) +\/ (G.3)

Whereh is the Vapnik-Chervonenkis (VC) dimension gf andn is the number of
training instancesy > h. VC dimension is the maximum number of data points that

can be separated by agyX). A simple hypothesis space (small VC-dimension) may
provide classifiers with high training error. On the other hand a hypothesis with a
high VC dimension and small training error may fit the training data and inaccurately
classify the new instances which is called "overfitting". Therefore using the hypothesis
space with right complexity, optimum VC-dimension, is very important. It was shown
that margin, the distance between the hperplane to the closest instance, can be used to
upper bound the VC-dimension [107] and it is used for the fundamental derivations of
the SVM.

SVM aims to find a separating hyperplane with the largest margin for linearly separable
case. Lew be the weight vector anolbe the threshold. The hyperplane separates the
positive training examples into one side of the hyperplane and negative examples to
the other side. This can be formulated for each training @t&) as follows:

li(w.X +b)>0 (G.4)
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There is only one hyperplane with maximum largest margin for separable case and
the examples closest to tigperplane are called support vectors [107]. The margin

is 2/||w|| and maximizing the margin is equivalent to the following optimization
problem:

1 5
mins [wl (G.5)
subject to:
li(w.X +b)>1, Vi (G.6)

This constraint optimization problem is solved by introducing the Lagrangian:
1 P
i=

This function should be minimized with respectwo b and miximized with respect
to Lagrange multipliersa. The saddle point is found a@L/w anddL/b. After
differentiating the following dual optimization problem is obtained:

>
=

n

1 T
LD(C():I: 5: Z orjliljxi X (G.8)
subject to:
n
ai>0,i=1,2,...n zlaih:O (G.9)
i=

The solution of this optimization problem is a linear decision function. The solution
up to here only considers the separable case. However for noisy datasets this may not
be the optimal choice. An alternative way to find a trade-off between emprical risk and
capacity is to introduce slack variablés,in Equation6:

li(wX+b)>1—&, >0 i=1.2..n (G.10)

The trade-off between emprical risk and capacity is controled by adding a constant
C that penalizes the instances fall into the margin. Then the optimization problem
becomes:

I n
Q%Hwn +Ci;€. (G.11)

This can be turned into another dual optimization problem:

]
5

Lo(a) = i ajlil T (G.12)

I\)IH
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subject to:

n

0<ai<C,i=12,...n Zaili:O (G.13)

Solving quadratic optimization problems in order to find theand support vector
values can be cumbersome for large scales. Several algorithms have been proposed to
find the support vectors, i.e. Sequential Minimal Optimization [107]. More details on
SVM can be found in [107] [108] and [9].
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APPENDIX H. T-Test

In the experiments accuracies are alsalgated with the hypothesis testing. A t-test

is applied to determine whether the means of the experimental results are different
enough from each other. Lgtandy be the two vectors with size af, the t score can

be found as follows:

[ varg+vary
n

wherevary andvary are the variance of andy respectively.

t= (H.1)

Thesignificance p, value is found using t-distribution table [8].
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