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Abstract

The idea of ensemble methodology is to build a predictive model by integrating
multiple models. It is welknown that ensemble methods can be used for improving
prediction performance. Researchers from various disciplines such as statistics,
machine éarning, pattern recognition, and data miniraye considered the use of
ensemble methodolog$tacking isa general ensemble method in which a number of
base classifiers are combined using one meta classifier which teairsoutputs
The advantage ddtacking isthat itis simple,in most caseperformssimilar tothe
best classifierandit is capable tawombineclassifiersinduced by different inducers.

The disadvantage of stacking is that on multiclass problems, stacking seems to
perform worsehanother metdearning approache this paper we preseiitroika,

a new method formproving ensemble classifienssing stackingThe new scheme is

built from three layers otombining classifiersThe new method was tested on
various datasets and the resuhdicate the superiority of the proposed method to
other legacy ensemble scheme&itacking and StackingCespecially when the

classification taskonsiss of more than two classes

Keywords: Machine Learning, Meta Combination, Ensemble of Classifiers, t8cked

Generalization.
1. Introduction

A classifieris aclassificationmodel whichassignsan unclassifiednstanceto a

predefinedset of classed heclassifier may be induced by using a learning algorithm



(also known asninducer) such as C4.8uinlan,1993)or SVM (Boser et. al. 1992;

Vapnik 1998) Ensemble methodologgonsides combining multipleclassifiers to

work collectively in order to compensate
better classificationsthrough some kind offusion strategyMany works had been

made to investigateew technique of combining multiple classifiers to produce a

single classifier A very short list.Breiman, 1996c Ay dén &.tCohedetal 200 9,
2007 andG. Peter Zhang 200,7however, in this research we foausr investigation

on three stacked generalization methods; Stacking (Wolpert, D., 1992), StackingC

(Seewald, 2003and our novel technigueTroika.

The rest of the paper is organized as follolmssection 2we present the related
work, and focus ontwo important Stackedeneralization Metalassifiers 1
Stacking, and StackingGANe present some of their wesssesIn section 3 we
present a new ensembdéehema calledroika which in contrary toStacking and
StackingCit has three layers of combining dc#gers. In section 4 we reporthe
results ofan experimental study that wagserformedto determine which scheme
performsbetter Finally we present the conclusions and discuss open issues for future

research.

2. Related Work

Metalearning is a process ofdming from learners (classifierghe training of a
metaclassifier is composed of twor more stages, rather than one stage, as with
standard learnerdn order to induce a meta classifidirst the baselassifiersare
trained (stage onepnd then tle Metaclassifier (second stage). In the prediction
phase, base classifiers will output theassificationsand then the Metealassifier(s)

will make the finalclassification(as a function of the base classifiers).

2.1. Stacking

Stacking is a technique whke purpose is to induce which classifiers are reliable
and which are not. Stacking is usually employed to combine models built by different
inducers. The idea is to create a madsaset containing a tuple for each tuple in the
original dataset. Howevemstead of using the original input attributes, it uses the

classificationgpredictedby the classifiers as the input attributes. The taatjeibute
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remairs as in the original training set. A test instance is first classified by each of the
base classiérs. These classifications are fed into a retel training set from which

a metaclassifier is produced.

This classifier (Metalassifier) combines the different predictions into a final one.
It is recommended that the original dataset should beipaéd into two subsets. The
first subset is reserved to form the mdtdaset and the second subset is used to build
the basdevel classifiers. Consequently the metassifier predictions reflect the true
performance of badevel learning algorithms. 8tking performance can be
improved by using output probabilities for every class label from the-lbask
classifiers. It has been shown that with stacking the ensemble performs (at best)
comparably to selecting the best classifier from the ensembledsg ealidation
(DzeroskiandZenko, 2004)

Table 1 Original trainingset

Attributes Class
Attrvecl Ca
AttrVecg Cb
AttrVecg Ca
Attryeca C.

AttrVecn Cb

Table 2 Sample class probability distribution

C, G C
0.9 0.0r 0.03
0.1 0.85 0.05
0.8 0.13 0.07
03 0.2 0.5

0.2 0.75 0.05




Table 3: Meta training set, Stacking

Classifieg Classifiep Classifiep, Class
a b C a b C a b C
Pl,a,l Pl,b,l Pl,c,l P2,a,1 P2,b,l P2,c,l é I:)N,a,l I:’N,b,l I:’N,c,l Ca
I:)1,61,2 I:)1,b,2 F)1,(:,2 I:)2,a,2 I:)2,b,2 I:)2,c,2 é I:)N,a,Z I:)N,b,2 PN,C,Z Cb
I:)1,61,3 I:)1,b,3 Pl,c,3 P2,a,3 I:)2,b,3 P2,c,3 é PN,a,3 I:)N,b,3 I::.N,(:,3 Ca
P1,a,4 Pl,b,4 Pl,c,4 P2,a,4 P2,b,4 I:)2,0,4 é I:)N,a,4 I:’N,b,4 I:’N,c,4 Cc
I:)1,an I:)1,b,n Pl,cn P2,an I:)Z,b,n P2,cn é F)N,a,n F)N,b,n I::'N,c,n Cb

Table 1 shows an examplef datasetwith three classes (a, b and ahd n

exampleslt shows the original training set with itsrdtute vectors and class values.

Table2 shows how a class probability distribution of one sensible classifier may
appear The maximum probabilities are shownitialics and denote the classes which
would be predicted for each example. There is one satlofsclass probability

distributions for each base classifier.

Table3 shows the Meta training set fBtackingwith n base classifiera/hich is
used totrain a Meta classifier thawill output the finalpredicton. P;;» denotes the
probability given ly the base classifier for classj on example numbem. The
classes are mapped to an indicator variable such that only class "a" is mapped to 1,
and all other classes are mapped to 0. In this example there are, of course, two other
such training sets fazlass b and ¢ which differ only in the last column and are thus

not shown.
2.2. StackingC

StackingC is a Stacking variation. In empirical tests Stacking showed significant
performance degradation for mudfiass datasets. StackingC was designed to address
this problem.In StackingC, each base classifier ouspomly one class probability
prediction (Seewald, 2003)Each base classifier is trained and tested upon one

particular class whilestacking output probabilities for all classes and from all
4



component clasfiers Tables 4 show anllustration of StackingCon a dataset with
three classesa( b andc), n examplesand N base classifiersP; j m refers to the

probability given by base classifiefor clasg on example numben

Table 4: Meta training setor clasg, StackingC

Classifief Classifiep Classifiep, Class=a?
I:)l,a,l P2,a,1 é I:)N,a,l 1
F)1,a,2 I:)2,a,2 é F)N,a,2 0
Pl,a,S P2,a,3 é I:)N,a,3 1
I:)l,a,4 P2,a,4 é PN,a,4 0

e
Pl,an P2,an é I:)N,an O

Table4 shows the correspding Meta training set fotackingCwhich consists
only of those columns from the original meta training set which are concerned with
class = G, i.e, P; j mfor all i, j andm. Concerning théVieta classified §aining-set
StackingCé dliffers from Stackingd sot only in the last attribute (the class indicator
variable),but also by the amount of attribut&dtackingChave fewerattributesby a
factor equal to the number of class€his necessariljleads to more diverse linear
models which Seewald (2003) believes to be one mechanisnby which it
outperforms Stacking. Anotheeasonmay simply be that with fewer attributes, the
learning problem becomes easier to soly®vided only irrelevant information is
removed. The dimensionality of the Meta da&tais reduced by a factor equal to the
number of classes, which leads to faster learning. In comparison to other ensemble
learning methods this improves Stackingtdvantagefurther, making it the most

successful system by a variety of measures.

StackingCimproves on Stacking in terms of significant accuracy differences,
accuracy ratigsand runtime. These improvements are more evident for -clais
datasets and hawetendency to become more pronounced as the number of classes
increases. StackingC als@solves the weakness of Stacking in the extension
proposed by TingndWitten (1999) and offera balanced performance on twetass

and multiclass datasets.

2.3.Why use Stacking?



Seewald (2003) has shown that all ensemble learning systenms;luding
StackingC (Seewald, 2002)Grading (Seewald and Fuernkranz, 200ahd even
Bagging(Breiman, 1996an be simulated by Stackif@g/olpert, 1992) To dothis
they give functionally equivalent dimitions of most schemes adetaclassfiers for
Stacking. Dzeroski and Zenko (2004) indicated that the combination ofSCANN
(Merz, 1999) which is a variant of Stackingnd MDT (Ting and Witten, 1999plus
selecting the best base classifier using cross validation seems to perform at about the

same level as Stacking with Mulinear Response (MLR).

2.4. Weaknesses of Stacking

Seewald (2003) presented strong empirical evidence tigtiacking in the
extension proposed by TirapdWitten (1999) performs worse on muttlass than on
two-class datasets, for all but one mkgarner henvestigated. The explanatigiven
was that whernhe dataset has a higher number of classes, the dimensionality of the
metalevel data is proportionally increased. This higher dimensionality makes it
harder for metdearners to induce good models, siticere are more features to be
considered. The increased dimensionality has two more drawliacHts t increases
the training time of the Meta classifiein manyinducers this problem is acute.
Second it also increases the amount of memory which idugethe process of
training. This may lead to insufficient resourcasdtherefore may limithe number
of training cases (instances) from which an inducer may learn, thus idantg
accuracy of the ensemble.

2.5. Weaknesses of StackingC

During the learningphaseof StackingCit is essential to use oragainstall class
binarization and regression learners for each class model. This class binarization is
believed to be problematic methoé@specially when class distribution is highly non
symmetric. It has len illustrated(Furnkranz, 2002)hat handling many classes is a
major problem for the oragainstall binarization technique, possibly because the
resulting binary learningproblems increasinglyskewed class distributions. An
alternative to on@gainstall class binarization is thene-againstone binarization in
which the basic idea is to convert a multiple class problem into a series-ofaisgo
problems bytraining one classifier for each pair of classes, using only training
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examples of these two cl&ssand ignoring all otherésssuming ak-class problema
new example is classified by submitting it to each oflﬂ%z_—l) binary classifiers,

and combining their predictionssingk meta classifierss described in section22.

We have found in our preliminary experiments that this binarization method yields
noticeaby poor accuracy results whéime number of classes theproblem increases.
Later, after performinga much wider and broader experiment on StackingC in
conjuncton with the one-againstone binarization method, we came to this same

conclusion. An explanatiomight be that as the number of classsin a problem
increasesthe greaters thechancethatany of the@ base classifiewill give

awrong predictionThere ardwo reasongor this. Rrst, when predictinghe class of

k(k - 1)
2

an instance, onlk- 1 out of classifiers may predict correctly. This is

because onlk - 1 classifiers were trained on any specific class. We can see tkat as
increases, the percentage of classfignich may classify correctly is decreasing, and

will descengracticallyto zero

- . 2
———=Ilim —=0 1
k- >a k ( )

The £cond reason is that ome-againstone binarization we usenly instances of
two classe$ theinstances of each one of the pair classes, whibaéagainstall we
use all instancesndthus the number of training instances for each base ctagsifi
one-againstone binarization is mucbemallerthan inthe one-againstall binarization
method. This using thene-againstone binarization methothay yield inferior base

classifier.

2.6. Converting Multiclass Classification Problemsinto Binary Classification

Problems

There are several alternatives to decompose the multiclass prottetinary
subtasks. Lorena and d€arvalho (2007)and S. Cohenet al (2007)survey all
popular methods.



Themost straightforward methdd convertk class classification pbdems intok-
two class classification problems has been proposed by Aetatl (1995) Each
problem considers the discrimination of one class toother classes. Lu and Ito
(1999) extend Anand's method apdopose a hew method for manipulating the data
based on the clas®lations among the training data. By using this method, they
divide ak class classification problem into a seriesk{¥-1)/2 two-class problems
where each problem considers thscrimination of one class to each one of the other

classes. Theesearchers used neural networks to examine this idea.

A general concept aggregation algorithm caligdbr-Correcting Output Coding
(ECOC) uses a code matrix d@ecompose a muitilass problem into multiple binary
problems(DietterichandBakiri, 1995) ECOC for multiclass classificatiohinges on

the design of the code matrix.

Sivalingam et al(2005) propose to transform a multiclass recognition problem
into a minimal binary classification problem using the Minimal Classification Method
(MCM) aided with error correcting codes.The MCM requires onlylogyk
classifications because insteadsefparating only two classes at each classification,
this method separate two groups of multiple classes. Thus the MCM requires small

number of classifiersral still provide similar accuracy performance.

Datadriven Error Corecting Output Coding (DECOC) (Zhoua et al., 2008)
explores the distribution of data classes amptimizesboth thecomposition and the
number of base learners to design an effe@ngcompact code matrix. Specifically,
DECOC calculate theonfidence score of each base classifier based on the structural
information of the training data and use sorted confidence sdoressist the
determination of code matrix of ECOC. The resshswthat the proposed DECOC
is able to deliver competitivaccuracy compared with other ECOC methods, using
parsimonious baskearners than the pairwise coupling (erseone) decomposition

scheme.

It should be noted thatinding new methods for convertingnulticlass
classification problems into binary classificatiorolplemsis not one of the goals of
this paperStill, we are usingn our experimental studthree different methodfor

this conversion.



3. Trolka ensemble scheme

A new ensemble methodology, Troika, designed to addreske Stacking and
StackingC problemslescribedabove Troika's ensemble scheme is general purpose
and can be used to combine any type of base classifiectk wkre trained on any
subgroup of possible classesap r o b | e mo6 sn otthey vads, nt.is passible
with Troika to combine models (base classifiers) that were trained on, and therefore

may later predict, non congruent datasets, in terms of instances classes.

The main idea of Troika is to combine base classifier in threesta the first
stage it will combine all base classifiérasing specialist classifiers. The specialists
are classifiers which have a dichotomous médeach specialist (specialist
classifier) task is to distinguish between paif classes from theroblem domain
and no two specialists are alikeg., each specialist is specialized in distinguishing
between different pasrof classes. We will use the notation; Sp indicate the
specialist €,j> . Sp,'s task is tooutput the probabilitiesthat an input instance
belongs eitherto classor to class3 via vector of two values: {R{ass ), Pclas$)};
since those probabilities are complementary, we will later use only one these of the

class with the smallest indeket k be the number of class@sa problem domaini=
Ok~
{ 0 B2} and j= {i+ 1 &1}. The exact specialist classifiers number eq%g,
g -

wherek is the number of classestime problem domain. Apecialistclassifier output,

Pinstij, IS the computed probaliyi that an input instancenst, belongs to clag<h.
Given an instancest belongng to classor clasg we will expect Sg to predictthe
inst classcorrectlymost of the timeConversely wheninst real class isoti or j the
output of Sp; will certainly be faulty in an unpredicted way. For examples.sSp
indicatesspecialist.s which may distinguish between clasand class If an instance

instof clasg is given to Sps, we cannotakea preliminary assumption about_Sjis

tSometimes refer to as Lev@lor base layer
2 A one-againstone binarization

3 This raises the question: what if the input instance does not belongs to eithenr aess?
The answer is that §pwill certainly be wrongin its predictions becauseP(clasg and
P(clasg must add to 1, what seergig suggest that at least one probability will be equal or
greater than 0.5 which translates to wrong classification.

4 Input instancensthas a computed probability-B,;;) of belondng to class
9



outpuﬁ. This is wty we need to learn the characteristics and patterns of the behavior
of specialists to be able to predict when specialists are correct and wheretiney.

This is exactly what is doria the next stage, threetaclassifier layer.

The second stage is thmeetaclassifiers layer. This laysrtask is to learn the
prediction characteristics diie specialist classifiers. The method used to accomplish
this task is to combine the specialist classifiers ukingetaclassifiers. Eacimeta

classifier is in charg of one class only, and will combine #ik specialist classifiers

which are able to classify its own classetaclassifier,® will combine all specialists
Sp.; whosei=m or j=m. The netaclassifier will compute a probability;Rc as an
output. Risic Stands for the computed probability that a given input instamste

belongs to class’. Themetaclassifiers are trained in a cagainstall fashion, rather
than one-againstone as with specialist classifiedd/e will explain the logic behind

this cloicelater.

The hird stage is theuper classifier layer. This layer contains only one classifier
thesuper classifier. The goal of this stage
inputs of the super classifier are the outputgsP: produced g the meta classifiersn
the previous stage. In the training phase, the Super classifier learns the conditions in
which one or more of thetaclassifiers predict corrdgtor incorrecly. Thesuper
classifiets output is a vector of probabilities (onalue for each class) which forms

the final decision ofthe Troika ensemble scheme.
3.1. Troika Architecture

Figure 1 presents the schematic thie Troika ensemble architecture. Troika
uses three distinguishable layers of combining classifiers, and is aframge
tandemlike order. An instance ofapr ob |l e md s sdhe lagen dassifieese d
(base classifiers)Layen, classifiers will output their predictions to layérs i nput s .
Classifiers on layer(specialists classifiers) will combine lagérs ¢ érsa and thein i

feed their predictions to layeinputs. Layes classifiers fnetaclassifiers) in their

5 This is because in the tramg phase Sp; had ben given only instances of classd class
6m={ Okél}

7to remind:c= { Okél}
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turn, will combine laye6 s ¢l assi fiers predictions and
layer inputs.The lyeg classifier guper classifier) will combinéayerd s pr edi ct i on ¢
and ultimately, produce a final prediction.

Instance

Base Base Base Base Base
Classifier Classifier Classifier Classifier Classifier

JL  JL  JL <L JL

<

slaljisse|o
aseq :0-|onaT

L —
@
<

Jd 1 J Il :
Specialist Specialist Specialist Specialist Specialist =
classifier classifier classifier I classifier classifier n
0-1 0-2 0-3 (k-3)-(k-1) (k-2)-(k-1) E,
J J 5
[%2]
') g
\. \
™ o 0
h Ry é
Meta Classifier for Meta Classifier for 0oo Meta Classifier for Meta Classifier for @ 5
Class Cq Class C; Class Cy. Class Cy.1 =h
e
w8
_— P
P(Cy) P(Ck-2)
_\
P(Co) P(Ck.1)
)i Super Classifier

~—— _}
Final Decision
(classification)

la1j1sse|o
Jadns :g-jana

Figure 1: Troika architecture showing three layers of combiners (leve levek)

and a base classifier level (Ieyel

3.2. Why do we need three layes of combining classifiers?

Stacking and StackingC abeth using only one layer of combining classifier(s).
| s mhi® énough”Experiments show iis not Stacking, with uses one classifier as

meta classifier (combiner) suffers frondanensionality prblem. It is notsufficiently
11



scalable. When increasirtige number of classifiers, Stacking usuatlges noutilize
themas wellas StackingC will do, producing worse predictions than StackingC
many cases; when increasing classes count idataset, Stak i ng 0 s accur ac

deteriorate muchmorequicky than Stacking@ does.

StackingCmetaclassifiers, on the other handre trained in a onagainstall
class binarization techniquelsing this method, makes StackingC not scalabiéh
classes count in thdatasetThis is because the resulting binary learning problems
which areinput to themetaclassifier hae increasingly skewed class distributions. It
was mentiord earlier in this paper thane-againstone binarization igneven worse

methodfor training StackingQmetaclassifiers.

To escape the dimensionality problem, it is advisable ltdngr will contain
more than one combining classifier. To extricate from the skewed class
distributions produced byhe one-againstall training method, we willuse aone
againstone binarization training methodVe choose to call the combiners of layer

fispeci al i stso because they spadassed i ze i n dif

As explained before, a large majority lafyer combiners will alwag predict
falselyand it is for this reason alone that another layer of combiners must be applied.

Let 6s assume we possesslayep. Nsterallp layer | ayer
combi ner s0 gwwwaHich dlass the mpupinstand belortgs. Each combiner
is practiced on a specific class and its task is to predict whether a given input instance
belongs to its practiced class. For instan@®mbiney is practiced on predicting
whether an input instance belongs ¢mesnot belong) to clags We choose to call

the combinemetacobsshifseraper

For a successful fulfillment of layes task it is required that itsnetaclassifiers
will be able to distinguish between precisely three possible patterns of.ifjnas
fi rst patterneemenhe Ogemelmc Bhssmigbitemds i npu
special i stsd outtpeuetcso npdr eidss @trils ed mdsdoetm g r wlei ¢ h
classifier i nputs <c¢learly do notmetagree on

classifier inputs divide alnsd equally between those igh are in favor of predicting

8 Not including when base classifiers were trained aneagainstone binarization
12



metac | assi fierds pr ahicharecnetdhedli a s pand-ermoses t
bet weend in which there iIis a c¢clea,jouumaj ori t-
this majority carstill notbe considered as significant.

The inputs of eacimetaclassifier always form exactly one of the three possible
patterns described above. When input wvalue
very easy for thenetaclassifier to make a correptediction. The correct prediction
wi | | positieed 6 miegathat themetaclassifier predicts that th€roika's input
instance belorgto the classon whichit is practiced. When input values form a
Oneomnsent 6 pattern it metaslassfierdoomakea cogextsy t a s k
prediction. The c omegatiect t me a e id nngetadldesdier wi hé be
predicts that th@roika's input instance does not belong to the atassvhichit is
practiced. When input values forma rbatween 6 pattern it i s not a
the metaclassifier to make a correct prediction. The correct prediction may be
Qositived  megati@d A metaclassifier can be best evaluated by examining its
accuracy rate trying to classify metkssifier instaces which usually forms this kind

of pattern

One mght think that combining layerclassifiers usinghe voting algorithm
would yield good resultshowever, this is not sdVhile voting may distinguish well
betweenthe6 gener al agreememaeadnpant @r panern heit
bet weend pattern that wil | unfodukagelyitise most |
this pattern that occurs mosequentlywhen dealing with muliclass problems. A
more complex model should then be induced. Its yab be to distinguish
successfullybetween all three pattern©nce it has identified he-b é 1 we en 6
pattern it has to make a correct prediction, sometimes against the majority of its

inputs.

In Troika, we had chos@& that metaclassifiers will usethe one-againstall
binarization method. Wehad useal this method although it produces biased
predictions. In fact, we actually nesithis property and welcordet. It ensures a
low false positiverate in themetaclassifiers predictiors, because thewill always
be bi asednegativedp rOgppdiianal o vy, we woumada | i ke to

9 Each Meteclassifier is practiced on one particular class and no two Meta classiiers
practiced orthesame class.
13



cl assi fipositvdpr edndt ob cour se be -dassifiersect ) whi
p r e dnegatived A more likely outcome is thahore than one Metelassifierwill
p r e dpbstived @t that nonewill . Therefore, a fine Dbias ma

metaclassifiers to predict correctly.

Although being slightly biased, ultimately, it is possible that more than one
metac | as si f i e rposiiniedl | a npdalsa giossibtesthat none willn that
case, we cannot use lay@o produce a final decision regarding to which class an
input instance belorsy This leadsus to the conclusion that yet anothleyer of

classifiers is needed. Layet is.

Layer'stask s to supply a final decision regarding to which cla3saika input
instance belorgy It consiss of one classifier; we call ithe Guper classifietd6 | t s
inputs are themetaclassifiers outputs. To fulfill its task it should learn about the

metaclassifers performance as a function of input instances.

In the next example we will assume a problem domain containing seven classes.
The number ofspecialist classifiers therefore equals twenty 18ramd each meta

classifier will combine exactly sigpecialsts'?

In Figure 2 we show without los of generality,a schematic fora meta
classifier for class £ A specialist instance fesdo all specialists. Eachpecialist
outputis a prediction. The predictions are labef@édiction to predictiory. All six
predictions are fed to thmetaclassifiers for class {After some calculations, this
meta classifier will output its own prediction regarding the question whether the input
instance should be labeled eass G or not. An exampleof afito t a | agreement
pattern will be that any five or six outofssgp e ci al i st gosiwived |1 fp,r eadn ct
the other hand, thr eepositiveb Dhi si wi Spbetornmi s

consento pattern.

7(7-1)

10 Having seven classes @problem domain, we will train some2— =21 specialist

11 Metaclassifiers will always combink-1 gecialist classifiers predictions, and sineg,
eachmeta-classifier will combine sixpecialist predictions.
14



Specialists

Instance
Specialist Specialist Specialist Specialist Specialist Specialist
classifier classifier classifier classifier classifier classifier
0-3 1-3 2-3 3-4 3-5 3-6

prediction Prediction Prediction prediction Prediction Prediction
1 2 3 4 5 6

Meta Classifier for
Class C3

I

Prediction: dPositived

Figure 2: The schematic dleta classifier for clas€;

3.3.Tr o i Krairing Process

Before one is able to use Troikato classifgy ew pr obl emd s

nstanc

(and therefore all of its three combining layers of classifiers) must be trained.

Algorithm 1 presents the proposed pdare.The mosstraightforwardvay of doing

this is to train one layer of classifiers at a time. This leads to a training process which

takes place in a sequence consisting of four stages. Abramgtage, a different

layer of classifiers will be traime Since layerdepends on laygrlayep dependon

layer and layer depend on layer it is necessary first to train layerthen layer,

followedby layep and lasly layers.

Each layer is trained using a different dataset; first, dajeiaset is déved from
the original dataset which was supplied to Troika as input; lajetaset will be
generated using predictions of layelassifiers; layer dataset will be generated
using predictions of levelclassifiers and finally, levek dataset will begenerated

15



using predictions of leveklassifiers. The technique of generating a derived dataset

using predictions of classifiers will be discussed later.

Each layer is trained inlafold cross validation method. The process of training
each layer (excefor layeg) is as followsStartwith splitingt he | ayer 6 s dat as
training-set and tesset. Then all layers classifiersare built using the traiimg set
(compound ofk-1 parts of t hNext| atyheer 6ssu cdcaetsassoert )| ay e
instance will be produced by applyinghe testsesd instances onthe | ayer 6 s
classifier.Later, all testses instance aref ed t o | ay éhat@ibyield!| assi fi e
predictions. Thse predictions will be assembled to form a new instancehi®r
successor dasat. A crossvalidation fold is completedvhen the generatingof
successor instances from tilketests estngtancess finished Onthe next fold, the
new produced successorodos dat atheptevioushst ances
fold. By the end ofall kfolds;t he successor | ayerds dataset

sameamount of i nstances as the present | ayer

Finally,alll ayer 6s c¢cl assifiers widdatadeténott r ai ned
using only k-1 out of k parts of the datas), so when Troika will be used for

prediction, each layer will be trained on magimumber of instances.

1 Procedure: Train-Troika

2 Input: original-dataset Datasetfolds: Integer

3 |

4 datasedi originaldataset

5 defineArray-Of-Classifiersas array of classifiers

6 Forlayer= 0 to 3 do:

7 {

8 For eacHold in folds do:

9 {

10 Split dataset to trakset and tesset (according to current fold number)
11 If layeri 3 Do:

12 Array-Of-Classifierss Train_SingleLayer(ayer, train-set folds)
13 newlnstances Classifytestset Array-Of-Classifierg

14 Add newlnstances talataseflayer+1]

15 Else Train_SingleLayetéyer, train-set folds)

16 }

17 layer=layer+ 1

18 }

19 Train-SingleLayer(ayer, original-datase} //Rebuld Base classifiers using
20 /l the original dataset

21 }

Algorithm 1: PseudeCode of Troika Main Function
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Procedure Train-Single-Layer

Input: LayerNumber Integer,dataset Datasetfolds: Integer
Output: successoiDataset Dataset

{

Successor_Datasét emptyGroup

For eactfold in folds do:

{

O~NO OB WNPEP

Split original-dataseto train-setandtestset

9 (accordimy to current fold number)

10 Build_ClassifierslayerNumber, train-se)

11 For eachnstancein testset

12 {

13 Produceprobabilitiesvectorby applying instance on current lalgeclassifiers.
14 Generata newlnstancefrom probabilitiesvector
15 Add the newlnstanceto successoDataset

16 }

17}

18 ReturnsuccessoiDataset

19 }

Algorithm 2: Pseudo code of Troika training process for each one of its four
layers which is systematically deld by the Main Procedure

3.4. Transformations of input Instance in Troika

There are four kinds of instance Timoika. The first type isthe original training
set The ®cond kind is thespecialiss instances. Tése are derived fronthe base
classifiers predictions. The tird kind of instance is thenetaclassifiers instances.
These instances are derived frotine specialistspredictions.The kst kind ofinstance
is the super classifier instance. &e instancesre derived frommetaclassifiers

predictions.

Givenl is the number of base classifiers &id the number of classestime problem

domain, each base classifier output vectoBC, can be presented
as:BC ={P(C,),P(C,),...,P(C,)}. From these vectors, we produce tpecialists

instances.

In general specialistclassifier,Sp.j, instances are composed using the probabilries
(Ci) and P (@ of eachBG. It is possible also that one or md€; will not contain P
(Gi) or P (G) or both In this case, its prediction will not bedludel in the dataset for

specialist classifieBp,;.
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Classifiegy Classifiep Classifier Class+?

Piii Piji Poiz Poji € Pua Pija 1
Pii2 Pij2 Pai2 P22 € P2 P2 0
Piis Pijs Paiz P2js € Pz Pis 1
Pria Pija Paia Paja € Piia Pig 0

e e e e e e e e
Pl i,n Pl,i,n P2 i,n P2 i.n é I:)I i,n PI,i,n 0

Table5:Tr oi kaods ¢elassafisret f or Sp

In Stacking, each exampl@ (instance numbem) of a Stacking metalevel
dataset contas all, P|,,-,m12, produced by base cl| asshkdassesrithe f or al
problem domain; there athereforek*1* n fields to themetaclassifier dataset. On

the other handn Troikaeachinstancem of Sp.; dataset containsnly two values per

3n

base classifierP(G) and P(Q), and the average number of instance$1'i52

n . .
because, on averag% instances are relatefithe ach c¢cl ass and each

3
dataset contain instances relatedtwo classes. Aerefore there arez*l*%

fields to aspecialistdataset.

The reduction of dimensionality in Troikd i r st combi ni ng edayer ds

to the Stackingmetalevel dataset is:

n

k_ 4
s @

. e 4* | *
_ Specialist_dataset volume _

- stacking_meta_level dataset volume k*|*

We can see that & the number otlassesn the problem increaseshere is a
linearto k growth inStacking metalevel dataset whilen Troikathere is a linear to
kdecrease n s peci al i.Jhisdséa big advaatage for Tsoikeg leecaitse
makes it possible to combiree very large group of base classifiers without being
caught in the dimensionality course. In our experiments we used Troika and Stacking

to combine as mny as 3900 base classifiers (with letter datasetyika showeda

2 P;m refers to the probability given by base classififor classj on example

numbem
18



clear advantage itermsof accuracy. We suspect that the reaso foika's triumph
in this case derives from the huge dimensions (dimensionality course) oiethe
level dataset, making it hard fdhe Stacking metaclassifier to produce a good
model. Ths weakness of Stking had been shown in sevemkviousstudies and

again in this study.

Given that each pair of classesndj have a dedicate®p.j, andk is the number

k
of classes irthe problem domainthere aresome%% specialist classifiers in Troika.
(;; -

Eachspecialist classifier outpata single predictionP;; (inst), which stand for the

probability, which was computed by $pthat aspecialist instancenst, is of class.

Troika has exactlk metaclassifies, wherek denotes the number of classes in

the problem domain. Eadahetaclassifier has a different dataset that derives from a

different projection of theutputpredictions ofthe specialists Eachmeta dataset has
one instance for each instance in tfaaset which was given as an input to Troika
The metaclassifiers are trained usingne-againstal binarization; for eachmeta
instance, if the corresponding instancehieinput dataset is of class,Ghen its class
attribute ispositive Otherwise,the meta instance class attribute negative The
attributes of eachmetaclassifier (netaclassifiex in general) instancesre the
probabilitiesP; (inst) produced by alspecialist, Sp, wherewhich j equalsk; there
arethereforealwaysk attribues for eachmetaclassifier instance (not includinipe

class attribute).

Sp-a  SPra SRa1ya  SP(aty) Spk  Class=a?
I:>O al I:)2 al é Pa-l,a, 1 I:)a,a+1,1 é Pa, k.1 1
I:>O,a,2 I::‘Z,a,z é Pa—l,a,z P a,a+1,2 é I:)a,k,z 0
I:)O,a,3 P2,a,3 é Pa—l,a,B P a,at+13 é Pa,k,3 1
PQ a4 P% a4 é P a,-l,a,4 P a,,a+1,4 e: P?il, k.4 ,0

e e e e e e e e
I:)O,a,n I:)Z,a,n é I:)a-l,a,n P a,at+tln e I:"a,k,n 0

Table6:Tr oi kads Met g dat aset

The volume of eachmeta dataset can be computed as follows:

Vmeta dataset= (k +1) * n (3)
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wherek is the number of classesthepr ob | e mdé s ndsotmeaxumber afn d

instances in the original dataset.

ComparingT r o b Ietadatasets t@ Stacking datases arathertricky business,

and depends on two major factotise number of classes thepr obl emdés domai
and the number of base classifierfhe Stackingmeta dataset is a function tfe

number of Dbase cl assi f imetaslataseOsa finbtienobt her h
the number of classes ithed 0 ma i n 6 s Oup expelienaawvith the tested UCI

datasetsshows thatl r o i rketaddatasets tend to be much smaller than Stacking

meta dataset

StackingCs dataset volume is a function of the number of base classifiers. Each
base classifier contributes one attribute tonata instance; thefore, when an
ensemble contasalarge numberof base classifier(more thana few thousand),
even thougla much smalleonethan Stackingneta dataset, Stacking€dataset can
grow to suchan enormous sizéhat it can no longebe used for traininghe meta
classifier. Troika, on the other hand, is much less sensitive to the number of base
classifiers because eaehecialist is trained usinthe one-againstone binarization
method. Conversely Troika is more sensitive than StackingC thee number of

classesimdomai nés problem, in terms of trainini
specialists that need to be train (kz Y (which yields time complexity ofo(k)?

for first combining layer) versuk metaclassifiers in StackingC (which yieddime

complexity ofo(k)).

Given a metainstance, each Troikanetaclassifie[* outpus a prediction,
Pi(inst), which reflecs the belonging of thenetaiinstancejnst, to classC; (therefore
also thebelonging of the original instance to that same cldss)ightbe thought that
each metaclassifier is responsible for the prediction for a single classta
classifiep is responsibldor predicing the belonging of the input original instance to
class. Metaclassifier is responsiblefor predicing the belonging of the input

original instance to clagstc.

5 ) ={1..K)
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A vector of allmetaclassifier predictions forms treiperinstance:

Superinstance H{, st )p st ),...p ifst )Class

Each instance irthe superdataset has a cormnding instance in the original
dataset. The class attribute thle super dataset is copied from the corresponding

instance of the original dataset without any changes. Tafi®ws thesuper dataset

structure.

(4)

Metaclassifiep Meta-classifie Metaclassifer, Class
Po(1) P(1) 6 P(1) C,
Po(2) P1(2) e P(2) Co
Py(3) P@E) ¢ BB G
Po(4) P1(4) e Pu(4) Ce

é é é é é
Po(n) P1(n) e P(n) Co
Table7:Tr oi kads Super da

4. Classifying usng Troika

When a new instancg, is input to Troika, firstly, it will be fed to all of the base

classifies. Each base classifiavill then process the given instance and produce their

predictions, from which a specialiststance will be generate8p inst={P;;(x) | all

base classifiers that were trained on classeslj}. Next, each specialisbp,;, will

classify its unique instanc&p jinst, (which derives directly from the base classifiers

predictions) and produsea predictionP;;(inst.j); From trese predictionk meta

instance, Metainst (j=0.K) will be created one for eachof the metaclassifiers
Each metaclassifier, will then output its prediction, rReta(Meta-inst) and from

these predictios will generate asuper classifier insance, insper {Pmeta(inst) ,

Pmeta(inst) , é Pmeta(inst)} This single instance will be fed to teeper classifier

whichin return will produce its predici on, Tr oi kad

FinalDecision(x) ={ P(C, | X), P(C, | X),...,P(Cy | X)}

21
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5. Evaluation Description

5.1. Experiment setup

In this chaptewe will specify the conditions in which Troika had been tested. Our
goal was to create a ground on which Troika coulddreectlycomparedo Stacking
and StackingCWe start with short overview on the datasets we ,ubedagorithms
we implemented (Troika, Stacking and StackingC), how we trained each of them and
what metrics we had used to measure the performance of the ensemble schemes.

Next, we will display and review the results of the experimentetails
5.1.1. Overview

The goal of our experimentwas to measure the success of each one of the three
ensemble methods (Troika, Stacking and StackingC) when appiedarious
problems

The experiment had stretchédto three dimensiong hefirst dimensionwas the
number of induers that were used to create the base classifiers upon which all the
ensemble methods relyThe cond was the different datasetsand the third
dimensionwas the ensemble methqdsf which wehad three Stacking, StackingC

and Troika.

For the experimenb be validwe had to split the training phase into two stages:
first stage composed of baskssifiers trainingjn the second stage we had trained
the ensemblesvhich gotthe baseclassifiers fromfirst stage as inpufThis meas
that all ensemble mebds have been givethe same base classifiers as input,
thereforea valid comparison coulduccessfully benade.This experiment could be

given the titlei which ensemble will combine the badassifiers better?
5.1.2. Datasets

In total, wehave used 29 differg datasets in all thexperimens; all of which
were manually selectefom the UCI repository(Merz and Murphy, 1998and are
widely used by the pattern recognition community for evaluating learning algorithms.
The datasets vary across such dimensionghasnumber of target classes, of

instances, of input features and their type (nominal, numeric).
22



Dataset #Classes #instances #Attributes
Anneal 6 898 39
Autos 5 202 26
Balancescale 3 625 5
Diabetes 2 767 9
Flag 6 193 30
Glasg* 5 205 10
heartstatlog 2 270 14
Hepatitis Domain 2 155 20
Votes 2 435 17
lonosphere 2 351 35
Iris 3 150 5
KRKOPT 17 7,015 6
KR-vs-KP 2 3196 37
LED7 10 3,200 8
Lettenrs 26 2,500 17
Segment 7 2,310 20
Sonar 2 208 61
Soybean 19 683 36
Splice 3 3190 62
Vehicle 4 846 19
Vowel 11 990 14
Waveform 3 5,000 41
Z00 7 101 18

Table 8: Datasetsised for evaluation

5.1.3. Ensemble Algorithms Examined

The examinedensemble schemes Troika, Stacking and Stacking@ere

implementedn WEKA (Witten and Frank, 2005h JAVA programmig language

The implementation of the Troika algorithm can be downloaded from:

http://www.ise.bgu.ac.il/faculty/lioftroika/.

5.1.4. Combining classifiers

All classifiers in Troika Stacking and StackingGvhich participate in

combining the baselassifiers, i.e the Specialist classifiers, Meta classifiers and the

Super classifiefin Troika) and meta classifiers (in Stacking and Stackingtgre

4“9 Gl ass, 6 was

adjusted

t o

h a v ginaf classesr

had too few instances (less than 10), which yields a very poor result.

5The 6Letter 6

dat aset

wa s

t oo

bi

g

t o

c |

fi

a sample a smaller dataset which we could use to investigate all ensemble methods.
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induced using Logistic algorithmiWe have chosen this particular algorithm after

trying various alternative inducers
5.1.5. Base tassifierstraining process

First, we usedmultiple inducersof different branche®f the machindearning
theory Generally, we intended to use only six induc€.5 (trees), SMO (function),
IB1 (lazy), VFI (Misc.), BayesNet (Bayes), PART (Rylebut wetestedalso other
configurations: three inducers (C4.5, IB1 and VFI) and one inducer (C4.5)

Second,All base classifiers were trained usitigg one-againstone binarization

k(k - 1)
2

methodin which, typically, base classifiersra trained; that is one classifier

for each pair of classeSecondlyjnstead of training solely singldaseclassifierfor
eachpair of classes, wactuallytrained twes, each with difference training instances
Trainset (the trainset of first baselassifier, which derives from the traget)
contairedthe first 125% of the instances in a cyclic mantieat(is,the next instance
past the last is the first againvhereadrain-seb containsthe nextl25%groupof the
instances irthe samecyclic manner’. After creating the 125% instances trainseg,
the training process continued normally, i.e. usingkthad crossvalidation process.

Using this procesave actually trainek(k - 1) baseclassifiersfor each inducer

Inst# | Instance Inst# | Instance Inst#| Instance

1 Instance 1 Instance 1 Instances

2 Instance 2 Instance 2 Instance;

Instancepo

Instance

100 | Instancego 100 | Instanceoo 100 | Instance
Train-set 101 | Instance 101
102 | Instance 102

16 We had trained twalassifiers instead of a single oneitiarease theumber of different classifiers that were
combined. Dversity among base classifiergas found to be a contributing factor for the performance of
classifiers combinatiofZenobi et. g].

17 First train-se} instance igthe subsequermstanceof the last instance of traiset,
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125 | Instances 125 | Instanceg

Train-set Train-seb
Table 9: depict the composition of traisetl and trawset2 where
given an arbitrary trakset, which contains T0instances.

Later on, we suspected that it could be that our choice of training the base
classifiers using onagainstone binarization methodnight have beenthe prime
reasonwhy Troika preformed better than its rivalsp we repeated the experiment
using oneagainstall binarization and nobinarization methodd_ater, in Tables13,

14 and B we show those experiments results.
5.1.6. Metric measured
In this experiment the following metrics were measured

1 Accuracy: Accuracy is the rate of correct (incorrectggictions made by a model
over a data seln order to estimate the generalized accuracy, -#ltiOcross
validation procedurewas repeatel times. For each Xfbld crossvalidation, the
training set was randomlpartitioned into 10 disjoint instance sdis. Each
subset was utilized once in a test aad nine times in a training set. The same
crossvalidation folds were implemented for all algorithms. Since timean
accuracy is a random variable, the confidence interval was estimated by using the
normal approximation of the binomial distribution. Furthermore, the-taied
pairedt-test with a confidence level of 95% verified whether difeerences in
accuracy between the Troika algorithm dhe other algorithms were statistically
significant. In orde to conclude which algorithm performs best over multiple
datasets, we followed the procedure propose®eémsar (R06). In the case of
multiple classifiers we first used the adjustatkdman test in order to reject the
null hypothesisand then the Bonfesnii Dunn test to examine whether thew

algorithm performs significantly better than existahgorithms.

18 The 10folds cross validations refers to the process in which 10 different Troika models where trained. The k
folds cross validation process mentioned befsrhe inner process of troika training. When thefdl@is cross
validation process (for assessing the performance of Troika) is finished, Troika is trained once again, using all
instances in the dataset.
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{1 Area under ROC curve: The £cond measure we used to evaluate Troika is the
Area under the ROC (Receiver Operating Characteristic) curve, a graplutal
of the sensitivity vs. (1- specificity) for a binary classifier system as its
discrimination threshold is varied. The ROC can also be represented equivalently
by plotting the fraction of true positives (TPR = true positive rate) vs. the fraction
of false positives (FPR = false positive rate). ROC analysis provides tools to
select possibly optimal models and to discard suboptimal ones independently
from (and prior to specifying) the cost context or the class distribution. ROC
analysis is related indirect and natural way to cost/benefit analysis of diagnostic
decision making. Widely used in medicine, radiology, psychology and other areas
for many decades, it has been introduced relatively recently in othersataas
machine learning and data magi

1 Training time: This measure is an applicative one. It has two significances; first,
and most logicalheavytime consumtionis bad. We would prefer a fast learning
ensemble that will yield the best accuracy or area under ROC. Sdiceridnger
time the training of an ensemble takes, the more CPU time it requanedthus,
themore energy it consumes. This is very important on mobile platforms that may

be usingan ensemble for various reasons
5.1.7. EnsembleSize

Since the accuracy and the classifier compjeare affected by the ensemble
size (number of classifiers), we examirthdee ensembleconfigurations: six, three,

and one inducerd he size of thavhole ensemble n_, can be described in the next

en’

equation:

Ney = Nig * k(k - 1) (7)

wheren,, is the number of inducers akds the number of classes in dataset:

example, the size of Troika ensemidesd | e tatasetwhich contains 26 classes is

n,, =6* 26(26- 1) =3900 when six inducers are been used, 1860 975 inducer for

three and one inducers respectively

5.2.Results
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Tables D, 11 and 2 present the results obtained usdifferent number ofnducers

using thelO-fold crossvalidation procedure which was repeated five times and one
againstone binarizatia method.The superscript "+" indicates that the degree of
accuracy of Troika was significantly higher than the corresponding algorithm at a
confidence level of 95%. Thé ™ superscript indicates the accuracy was significantly

lower. In Table D we used s inducers (C4.5, PART, VFI, IBk, Bayd¢et and

SMO) for creating base classifiers, in Tablevte used three inducers (C4.5, VFI,

IBK) and finally in Table 2 we used only one inducer (C4.5). The reason why we

repeat all the testing three times with diffiet amount of inducers is to investigate the

effect of inducer number on ensemble performance. In Talld? fi Be s t B.C. o

stands for best base classifier chosen by cross validation.
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Table 10: Comparing ensemble algorithms using 6 inducers: C4.5 (TRRART (rules), VFI (misc.), IBk (Lazy), Bayddet (Bayes), SMO (functions)

Accuracy Area Under ROC Execution time
Stacking | StackingC| Troika |BestB.C Stacking| StackingQ Troika Stacking StackingC Troika
Dataset

Heartstatlog 83.80+6.22 | 83.93+6.10 | 84+6.25 | 83.89 |0.90+0.06|0.90+ 0.06 | 0.90 + 0.06] 1.70 + 0.42 1.65 + 0.06 1.74 + 0.08
Diabetes 75.91+3.91 | 75.91+3.91 [75.85+3.97| 77.1 |0.82+0.04|0.82+0.04 | 0.82+0.04 -3.22+0.11 4.08 + 0.09 4.19+0.12
Sonar 78.74+11.01 |78.74 + 11.01 B5.05 + 10.85 86.17 |0.85+0.11(0.85+0.11 | 0.85+ 0.11] 1.10 + 0.95 1.42 + 1.27 2.32+217
Hepatitis 69.22 + 10.78 [69.22 + 10.78 |69.6 + 11.02| 69.71 [0.73+0.13|0.73+0.13| 0.73+0.13] 1.70+0.54 1.82 + 0.50 2.14 + 0.89
Votes 96.06 + 3.14 | 96.06 + 3.14 |96.13+2.95| 96.57 |0.99 +0.02|0.97 + 0.03 | 0.99 + 0.02] -1.72 +0.08 2.25+0.08 2.29 +0.10
lonosphere 93.25+4.12 | 93.25+4.12 [93.14+4.09| 945 |0.97 +0.03|-1.00+ 0.00| 0.97 + 0.03] -2.20+0.13 -2.84 +0.12 3.24 £ 0.25
Kr-vs-kp 99.51 + 0.42 | 99.53+ 0.37 [99.48 + 0.39| 99.44 |1.00+ 0.00/+0.82 + 0.04| 0.99 + 0.00| -62.54+4.18 | +112.03 + 1.64 90.99 + 2.39
balancescale | 93.76 + 2.84 | 90.63 + 2.37 |93.87 +2.84| 90.53 |0.99+0.01/0.99+0.01 | 0.99 + 0.01] 6.90+ 0.18 7.42 +0.19 7.74+19.14
Iris 94.13+6.01 | 87.33+9.06 | 95.2+5.53 | 96.27 [1.00+0.00|1.00+ 0.00 | 1.00 + 0.01] -1.29+0.11 1.64 + 0.16 1.74 + 0.28
splice +90.87 + 2.04 |+84.95+ 3.02| 96.1 + 1.04 | 95.54 |0.99+0.01|0.99 + 0.01 | 0.99 + 0.01| -187.6+39.1 | +714.14 + 10.69 | 582.31 + 11.11
Waveform 84.64 +1.86 | 82.88+1.26 | 8556+ 2.2 | 80.01 |0.95+0.01/0.96+ 0.01 | 0.95+ 0.01) -503.0 + 130.7| +1640.30 + 4.09 | 684.38 + 2.79
Vehicle 73.00 + 4.72 | 69.56 + 6.59 |75.59 +5.77| 74.08 |0.79+0.09|0.78 + 0.11 | 0.85 + 0.05/+425.9 + 997.1 | +42.52 + 12.04 24.70 + 7.48
Glassb classes)49.40 + 12.64160.00 + 10.56/71.15 + 9.37 | 70.27 #0.75+ 0.10/0.80 + 0.10 | 0.91 + 0.06] +30.8 + 5.84 5.52 + 0.66 6.15+ 0.23
Autos 57.12 + 11.32|60.98 + 11.42 78.83 + 10.82| 81.77 |0.89+0.13|0.94+ 0.06 | 0.96 + 0.08) +43.2+8.2 +17.96 + 1.55 10.04 + 0.28
Flag +38.60 + 10.82/46.84 + 12.16 |62.46+ 7.41| 60.72 |0.64+0.14|0.72+0.11 | 0.79+ 0.12| +207.7 + 32.7 | +48.49+ 11.55 17.02+ 1.01
Anneal 97.25+ 1.57 |+89.82 + 4.97(97.33+1.84| 9549 |0.79+0.30/0.92+0.19 | 0.82+0.26| -23.1+0.2 +97.02 + 1.47 68.21 + 1.75
Zoo 99.30 + 2.68 | 98.56 + 3.75 |98.93+3.28| 98.9 |1.00+0.01|1.00+0.00 | 1.00 + 0.01] +21.2+5.9 5.63 + 0.12 4.45+0.21
Segment 96.89 + 0.90 |+87.67 + 4.67(97.71+0.83| 96.79 |0.99+0.01/0.99+0.01 | 1.00 + 0.01| +211.7 + 12.3 | +1327.59 + 63.83 | 163.26 + 10.59
LED7 71.53 + 3.04 |+57.99 +5.90(71.17 + 3.58| 73.59 |0.91+0.05/0.89+ 0.07 | 0.93 + 0.06| +353.1+ 14.4 | +602.48 + 22.99 | 299.25 + 1.51
vowel +76.69 + 4.84 |+66.85 + 5.88 |94.43 + 2.23| 99.05 |1.00+0.01/1.00+0.00 | 0.99+0.03| 61.2+3.8 91.81 +3.56 | 464.64 + 286.28
KRKOPT (25%)|+50.74 + 2.03 |+34.53 + 1.84 |56.99 + 1.91| 59.11 [0.74+ 0.04|0.77 + 0.07 | 0.82 + 0.04| +10196 + 63.9| 1356.86 + 42.26 | 7391.03 + 34.06
Soybean 90.87 + 3.80 |+74.62 £ 5.22(89.51+4.18| 93.1 [+1.00 + 0.00[+1.00 + 0.00| 1.00 + 0.00| 1244.2 + 269.4| 2033.01 + 920.61 [1003.86 + 188.51
Letter (12.5%) | 66.94+2.86 |+40.22 + 2.75|71.24+3.14| 85.2 |0.94+0.04[0.93+0.09 | 0.94 + 0.09] -450.0 + 17.7 |+3768.95 + 122.76| 1517.95 + 44.92
Average UCI [ 79.49+4.96 | 75.22 + 5.69 |84.02+ 4.59| 82.360 |0.90 + 0.06|0.91+0.05 | 0.92 + 0.05| 610.4+69.9 | 516.85+53.14 | 537.11+ 26.79




Table 11: Comparing ensemble algorithms usBimducers: C4.5 (Trees), VFI (misc.), |IBkazy)

Dataset Accuracy Area Under ROC Execution time
alase Stacking StackingC | Troika |BestB.(J Stacking | StackingC| Troika Stacking StackingC Troika

heartstatlog 82.590+6.44 | 8259+6.44 |82.52+6.58| 79.89 | 0.90+0.06 | 0.90+0.06 | 0.90+0.06 | -0.84+0.07 | 0.97+0.05 | 0.99+0.05
Diabetes 75.95+4.21 | 7595+4.21 |7598+4.06| 7492 | 0.82+0.05 | 0.82+0.05 | 0.82+0.05 | -2.08 +0.07 | +2.70+0.07 | 2.56 % 0.07
Sonar 85.73+8.67 | 85.73+8.67 |85.68+8.76| 86.17 | 0.92+0.07 | 0.92+0.07 | 0.92+0.07 | -1.55+0.07 | +1.94+0.07 | 1.80+0.06
Hepatitis 69.09 + 12.38 |69.09 + 12.38 [69.16 + 12.66| 67.98 | 0.75+0.14 | 0.75+0.14 | 0.75+0.14 | 0.72+0.05 | 0.72+0.05 | 0.76 % 0.04
Votes 95.58 £2.94 | 95.58+2.94 |9558+2.96| 96.57 | 0.97+0.03 | 0.97+0.03 | 0.97+0.03 | -1.23+0.06 | 1.60+0.06 | 1.54+0.05
lonosphere 91.17+4.45 | 91.17+4.45 |91.22+4.46| 94.5 0.95+0.04 | 0.95+0.04 | 0.95+0.04 | -1.66+0.07 | +2.17 +0.06 | 2.02+ 0.07
Kr-vs-kp 99.45+0.46 | 99.52+0.33 [99.45+0.44| 99.44 | 1.00+0.00 | 1.00+0.00 | 1.00 + 0.00 | -66.47 + 4.70 |+124.56 + 5.35| 89.64 + 4.28
balancescale 9245+287 | 89.14+2.16 [91.04+3.00| 86.72 | 0.99+0.01 | 0.99+0.01 | 0.99+0.01 | +4.75+0.39 | +5.34+0.52 | 3.07+0.13
Iris 93.60+5.68 | 88.00+9.48 9547 +4.63| 96.07 | 1.00+0.01 | 1.00+0.00 | 1.00+ 0.00 | +1.65+0.27 | +0.97 +0.06 | 0.79 + 0.05
Splice 93.98+1.64 |+85.96+2.45 |9599+0.92| 9403 | 0.99+0.01 | 0.99+0.01 | 0.99+0.01 | -98.11 + 6.20 |+620.25 + 5.70| 489.20 + 2.43
Waveform 83.77+1.61 |+79.90+ +1.78/84.45+1.70| 77.67 | 0.95+0.01 | 0.95+0.01 | 0.95+0.01 | -97.54 + 0.83 |+168.74 + 0.96| 116.21 + 1.50
Vehicle 72.05+4.77 | 71.26+5.23 |75.12+3.57| 72.28 | 0.85+0.05 | 0.84+0.04 | 0.86+ 0.03 |+46.42 + 17.21| +23.74+5.85| 10.86 + 0.15
Glass(5 classes)| +53.88 + 14.59 | 68.29 + 10.76 |74.22 +9.50 | 70.27 | 0.84+0.11 | 0.90+0.07 | 0.92+ 0.07 |+419.9+708.8| 4.57+1.42 | 3.11%0.31
Autos +59.80 + 12.31 [+62.74 + 10.21]/79.39+8.92 | 81.77 | 0.90+0.12 | 0.93+0.10 | 0.94+ 0.09 |+27.83+55.89| +9.40+0.51 | 6.26 + 0.52
Flag +40.68 + 12.33 | 50.58 + 12.24 |61.00+9.44 | 57.32 | 0.63+0.14 | 0.75+0.11 | 0.78 + 0.10 |+94.78 + 26.44| +17.61+1.19| 8.37+0.12
Anneal 97.81+2.00 |+92.50+3.02 |97.96+1.47| 9549 | 0.85+0.29 | 0.88+0.25 | 0.95+0.13 | -12.62+ 0.82 | +60.54 + 0.31 | 39.68 + 0.45
Zoo 97.94+4.72 | 98.57+3.73 |96.28+7.01| 98.9 1.00+ 0.00 | 1.00+0.00 | 0.99 + 0.04 |+14.32+1.88 | +3.35+0.07 | 2.53+0.07
Segment 96.93+1.18 |+83.10+4.07 |97.61+0.91| 96.79 | 0.99+0.01 | 0.99+0.01 | 1.00+0.01 | +187.66 + 11 1+1184.7 + 198.1 136.76 + 2.63
LED7 71.63+243 |+56.72+6.01 |71.51+2.72| 73.48 | 0.91+0.05 | 0.88+0.05 | 0.93+ 0.04 [+265.29 + 3.07|+458.19 + 3.03| 224.50 + 2.39
Vowel +63.98 + 499 |+41.43+4.90 |74.46+505| 99.05 | 0.93+0.07 | 0.94+0.08 | 0.97 +0.04 [+393.23 + 1.72|+726.97 + 3.12| 300.10 + 1.47
KRKOPT (25%) | +48.49 + 7.03 |+32.51 +3.29 |[65.33+8.32| 59.11 | -0.69+0.04 | 0.79+0.09 | 0.82 + 0.06 |-596.32 + 6.19 +3432.22 + 6.0§ 1667.22 + 3.19
Soybean 90.68 +3.10 |+67.84+4.67 |[87.99+3.60| 93.06 | 0.99+0.05 | 1.00+0.00 | 0.98 + 0.06 |+1723.3 + 69.8+3075.1 + 203.41111.73 + 35.3
Letter (12.5%) | +63.29+3.49 |+34.17+3.57 |77.65+3.04| 85.2 0.94 +0.06 | 0.94+0.08 | 0.94+0.05 [434.49 + 18.471+3569.6 + 233.31243.56 + 39.6(
Average UCI 80.32+5.19 | 74.91+541 [84.19+4.86| 82.360 | 0.91+0.06 | 0.92+0.06 | 0.93 +0.05 |187.25 + 38.91| 586.71 + 29.09 223.51 + 14.94




Table 12: Comparing ensemble algorithms usomeinducer C4.5,summay of experimental results for UCI repository datasets.

Dataset Accuracy Area Under ROC Execution time
alase Stacking | StackingC| Troika | BestB.C,| Stacking| StackingC Troika Stacking StackingC Troika

Heartstatlog  |76.33+7.41(76.33+7.41(76.33+7.41| 7815 |0.81+0.09 |0.81+0.09 0.81+0.09| -0.36+ 0.06 -0.39 + 0.06 0.52 + 0.07
Diabetes 71.44+3.89 |71.44+3.89 |71.52+3.94| 7492 |0.74+0.06 | 0.74+0.06 [0.74 + 0.06] -0.73+ 0.07 0.86 + 0.14 1.01 +0.10
Sonar 72.08 £9.03 |72.08+£9.03 |72.08 £9.03| 7361 |0.77+0.10 [ 0.77 £0.10 [0.77 £ 0.10| -0.34 % 0.05 0.37 £ 0.06 0.51 + 0.10
Hepatitis 61.86 + 12.23/61.86 + 12.2361.86 + 12.23| 63.18 | 0.63+0.15 | 0.63 + 0.15 [0.63+ 0.15| 0.32 + 0.05 0.34 + 0.06 0.44 + 0.08
Votes 95.63 + 2.82 |95.63+2.82 |95.63+2.82| 96.57 |0.97 +0.03 | 0.97 + 0.03 [0.97 + 0.03| -0.34 + 0.06 -0.40 + 0.06 0.57 + 0.09
lonosphere 89.20 + 4.46 [89.20 + 4.46 |89.20 +4.46 | 89.74 |0.91+0.05 | 0.91 + 0.05 [0.91 + 0.05| -0.35 + 0.05 -0.39 + 0.07 0.53 + 0.07
Kr-vs-kp 99.55+0.34 |99.56 + 0.31 |99.61£0.32 | 99.44 | 1.00+ 0.00 | 1.00 + 0.00 [1.00 + 0.00| -5.66 % 0.26 -10.01 £ 0.31 11.79 + 0.62
Balancescale |81.08 + 3.45|79.40 + 3.37 |81.08+3.45| 77.82 |0.94+0.04 | 0.86+0.05 [0.93+0.04| 1.28+0.15 1.18 + 0.16 1.40 + 0.11
Iris 93.60 + 5.52 [+66.00 + 2.01/93.60 £ 5.52 | 94.73 | 0.99 + 0.02 | 0.99 + 0.03 [0.99 + 0.02| -0.35 0.08 -0.33 £ 0.07 0.58 £ 0.12
Splice 94.08 + 1.53 |93.59+1.84 |94.26 +1.70 | 94.03 | 0.96 + 0.02 | 0.97 + 0.01 [0.97 + 0.01| +195.33+1.67 | -9.14 + 1.59 13.46 + 1.60
Waveform 75.62 + 2.34 1+68.30 + 2.16|75.56 £ 2.34 | 75.08  [+0.99 + 0.02|+0.98 + 0.03 0.86 + 0.02| -42.25+0.52 | +81.18+0.76 53.73 + 0.57
Vehicle 74.68 + 4.56 |70.63+ 4.63 |74.68 + 456 | 72.28 | 0.86+0.04 | 0.84 + 0.05 [0.84 + 0.04| +3.20+0.10 -2.11+£0.12 2.58 £ 0.14
Glass(5 classes)66.42 + 11.07|64.64 £ 9.79 |70.19+9.43 | 67.63 [ 0.86+ 0.08 | 0.87 + 0.07 0.87 + 0.08] 3.91+ 13.40 0.58 £ 0.28 0.84 + 0.19
Autos 72.15+9.67 |[55.81+9.16 |72.15+9.67 | 81.77 | 0.95+0.07 | 0.96 + 0.06 [0.95 + 0.07| +2.27 +0.18 1.18 + 0.13 1.28 +0.14
Flag 60.74 + 10.08|58.21 + 7.80 [60.74 + 10.08| 56.71 | 0.80+0.10 | 0.83+ 0.09 [0.81 + 0.10| +5.26 + 1.62 1.67 + 0.15 1.81+0.16
Anneal 90.25 + 9.90 |83.07 +5.07 |93.81 +6.10 | 92.35 |0.92+0.18 | 0.92 + 0.20 [0.93 + 0.19[ +17.31+ 11.30 | -0.77 +0.04 1.92 + 0.26
Z0o 93.93 +7.21 [+78.69 £ 6.69/93.93+7.21 | 9261 |0.86+0.02 | 0.86+0.02 [0.97 + 0.10| +1.10+ 0.22 -0.54 + 0.06 0.73+0.11
Segment 94.49 £ 2.79 +42.72 + 5.14/95.84 + 2.58 | 96.93 | 1.00 + 0.00 | 1.00 + 0.01 [1.00 + 0.01| -35.89 + 0.20 -2.25+0.13 67.79 + 4.59
LED7 70.56 + 2.84 [+24.84 + 5.13|/70.98 £+ 2.94 | 73.34 | 0.90 £ 0.04 | 0.91 + 0.05 [0.93 + 0.03| +153.77+0.86 | -8.90 £ 0.17 38.72 £ 5.21
vowel 74.72 + 461 [+35.13 + 3.49|79.82 +4.18 |  80.2 0.97 + 0.03 | 0.97 + 0.03 0.99 + 0.01| -48.21 + 2.96 -3.24+0.77  |287.01 + 206.10
KRKOPT (25%)[49.15 + 2.11 |+17.50 + 1.26|52.45+2.61 | 54.69 |0.73+0.05 | 0.83 + 0.07 [0.83 + 0.05|+1671.34 + 7.81 | +3283.85 + 14.10 [1374.35 + 10.69
Soybean 90.66 + 4.02 [+22.73 + 0.88/90.80 + 6.93 | 91.78 | 0.99 + 0.05 | 1.00 + 0.01 [1.00 + 0.00| 19.36 + 1.18 20.51 £ 1.10 20.33 £2.18
Letter(12.5%) |58.56 + 2.68 |+7.37 +0.53 |62.32 +5.67 | 73.19 |0.88+0.10 | 0.93 + 0.07 [0.91 + 0.08| -193.57 + 6.16 | +342.59+6.03 | 218.66 + 2.13
Average UCI  |79.79+5.20 |64.90 + 4.58 |80.29+5.50 | 79.254 |0.89+ 0.06 | 0.90 + 0.06 [0.90 + 0.06] 96.72 + 1.97 150.96 + 1.06 84.12 + 9.43

30




5.2.1. Results analysis using six inducers

There ardew datasets in which the Troika obtained a degree of accuracy lower to
that of Stacking and StackingC, tbuone are significanfThere are cases in which
Troika achievedmuch higheraccurate reults compare to the other two ensemble
methodgSonar,Splice, GlassFlag, Vowel,and KRKOPT).

A statistical analysis of thaccuracyresults on the entire dataset collection
indicates that(1) in five datasetsStackingachieved significantlylower accuacy
compar e t @) inTnone iofkhe datasets Stacking excels Troika; (3) in nine
datasets StackingC achieved significantly

none of the datasets StackingC excels Troika

A statistical analysis of thArea wnnder ROC curveesults of the entire dataset
collection indicates that (1) Stackirapd StackingCachieved significantly lower
resultscompare to Troikan two datasets(2) Stackingand StackingC werbetter

thanTroikain one dataset

Althoughmeanexeaition time of Troika idonger than tackingCand shorter than
of Stacking adjusted noiparametric Friedman test with a confidence level of 95%

shows that those differences are not significant.

The nulthypothesis that aknsemble methodmnd the bestlassifierperform the
sameusing six inducersvas rejected using the adjustaoh-parametrid-riedman test
with a confidence level of 95%Jsingthe BonferroniDunn testwe could reject the
null-hypothesis that Troika and Stackipgrform the same at cod&nce levels of
93.4%. Using same test we could also reject the hypothesis that Troika and StackingC
performs the samat confidence levels abov®%. Finally, the BonferronrDunn test
had shown that there was no significant difference between Troikahanbtett

classifier.

5.2.2. Results analysis using three inducers



Using Troika in conjunction withthree inducers yieldedesultsthat resemble

thoseshown inTable D where we used six inducers

A statistical analysis of the accuracy results on the entiresetatollection
indicates that (1) irsix datasets Stacking achieved significantly lower accuracy
compare to Troikaos,; (2) i n none tnf the d
dat asets StackingC achieved sigsjid)incantl!| y

none of the datasets StackingC excels Troika.

Statistical analysis dhe ROCresults of the entireadaset collection indicates
significant difference between all the ensemble schealt®ugh Troika has a trifle

advantag®n average.

Statstical analysis ofhe execution timeeveals thathere is a difference between
ensemble method&lsing the BonferroniDunn test with a confidence level of 95%

showsTroika executdime is shortecomparsto StackingC.

The nulthypothesis that all ensefebmethods perform the samesing three
inducers was rejected using the adjusted fpavametric Friedman test with a
confidence level of 95%. Using the Bonferr@uinn test we could reject the null
hypothesis that Troika and Stacking perform the samerdidemce levels of 2%.

Using same test we could also reject the hypothesis that Troika and StackingC
performs the same at confidence levels above 939. BonferroniDunn test had

shown that there was no significant difference between Troika and theldssstier.

5.2.3. Results analysis using one inducer

Using one inducer yielded very different results compare to using three or six

inducers.

Statistical analysis of the ROC results of the entire dataset collection indicates no
significant difference betweenll the ensemble schemesd the best classifier

32



Statistical analysis of thexecution timeaeveals thathere is a difference betwedme
ensemble method&lsing the BonferroniDunn test with a confidence level of 95%

showsTroika has dongerexecuteitme compares t&tacking andstackingC.

Figures3, 4, 5 and6 present thdour Tr oi ka6 s ,R@puted fromphe s
results @ Vehicle dataset using 6 induseEach graph belongs to owé Vehicl& s

class.
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Figure 3: ROC graphf or 1 Op. & tadbe seeratlzasTroika, in the strong lir

excels its opponents in almost every segments of the graph.
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Vehicle dataset - Bus class
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Figure5: ROC gr a$abd f olra sis
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We can observe fromhé graphsabovethat there § a consistent advantage to
Troika in all classes of Vehicle datasaithough, in general, we found no significant
difference between all three tested ensemble schemes concerning area under ROC
graph, there is an advantage to Troika wltiolass datasets wheteereis sufficient

number of instances idataset.
5.3. How baseclassifiers class binarizatioraffect ensemble accuracy?

As indicated in Section 2.6, there are several methods for converting multiclass
classification tasks into binagfassification tasksThere are two reasons why \wad
made the effort to experiment different kinds of class binarization methods. First,
recall thatour primaryrequirementfrom the base classifier was that they will be
given as an input to all ensembkehemas uniformly, so thatnaacceptable
comparison between all ensemble schemes could be madew&had successfully
implemented by training thiease classifiers separately from the ensembles. So after
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supplying each ensemble with the same baseifidgissherecould be naargue that
some difference ithe training methods of Troika and the other ensemblesthms
results in favorof Troika; still one question remains. Is it possible that the selected
binarization methodi.e. -:1)i n i t s eTrofka ndoredhlarp & 6 6 theeothers 6
ensemblesTo answer this questiowe neeédto remake the experiments (at least
some of them) using another kinds of binarization methods and find out if our

primeval choice of binarization methodiessblame withToi kads good perforr

The secondreasonwas the disappointing results obtained ByackingC
StackingC is designed asan improvement of Stackingand as shown inour
experimentsit had performed even worse than Stacking especially in multiclass
datagts which it shoulgberformedbetter.We suspected th&tackingCis inefficient
whenits baseclassifiers are trained usingllbinarization methgdas therds greater
number ofbase <cl assifiers, the chance that e a
predct correctlydecreassand therefor&&t acki ngCdés abil Bldoy t o co
decreaseOur experiments results emphasize this drawbaadk;see it baldly in
Segment, LED7, Vowel, KRKOPT and Lettatasets. Each one of those datasets has
at least 7 kasses. There is@nsiderablalrop of accuracy on those datasets compare
to Stacking or TroikaThus our hypothesis that the performance of StackingC will
increase dramaticallyespecially when using a multiclass datasets, when base

classifiers binadation method will be changed.
5.3.1. Second &periment setup

The configuration of Troika, Stacking and StackingC were left untouched from
previous experimentWe had, again, tested all ensembles using one, three and six
induces. The difference, thefmom first experiment, part from fewer tested datasets,

is solely the method of binarization we used in the training of thediassifiers.
5.3.2. BaseClassifiersArrangements

We had tested three arrangements for {odessifiers trainings. Two are
binarization methost the 11 (oneagainstone) and the -All (One-againstAll)
methods, and the last is a non binarization method AAA&§dinstAll), in which
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base classifiers train on the entire traét, without any clasisinarization (the default

training method).

One-againstall (1AA) is the simplest arrangementmethod. When dgven a
problem withk classesk binary classifierswill be producedby using thismethod
Each classifier ixercisedo distinguish a clas€; from the remaining classes. The
final predictionis usually given by the classifier with the highest output vafise

done in StackingQyr by combining thenm some manner

On the other hande term thanethodologyused in the first experiment age

k(k- 1)
2

againstone (1A1) Recall that this methodologyonssts predictors, each

differentiating a pair of classeS; and C;, wherei | j. To combine the outputs
produced by these classifiers, a majority voting schesnapplied. Each 1Al
classifier gives one vote to its preferred class. The final result is the class with most of

the votes.
5.3.3. Second experiment results

Table 13summarizeshe average AUC results of all tlemsemblemethods; it
shows that Troika performs better than its rivals regardless of binarization method. In
total, it wins 7 out of the 9 (78%) experimer@f 6 (L0®6) when usinghreeor six
inducers. The class binaation method has effect on the AUC; in average 1Al
yielded better AUC than the rest and 1AA yielded the w@&ickingChad won
Stacking in5 out of 6 experiments where badassifiers training methods wereAll
and AAA. The evidence shows that troiks superior to Stacking and StackingC

when using more than one inducer for belsssifiers.
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Binarization

method #Iinducers Stacking StackingC Troika Q\Zrearggiment

1 0.87 0.87 0.87

1A1 3 0.88 0.9 0.91 0.88
6 0.86 0.86 0.88
1 0.84 0.86 0.87

1AA 3 0.86 0.85 0.89 0.86
6 0.85 0.88 0.89
1 0.86 0.87 0.86

AAA 3 0.85 0.88 0.89 0.87
6 0.85 0.88 0.89

Average - 0.86 0.87 0.88

Table 13:MeanAUC (area under ROJdor all assembly methods

We can see from Tabl€that Troika performs bedr than itsopponentsagain,
regardless of binarization method. In total, it wins 8 out of ti®9390) experiments,
and 6 of 6(100%)when given three or six induce®AA training method this time
won second place. We got best performance using 1Allesbwpth three inducers
In a matter of fact, all ensemble methods had had their peak ROC results when using
this exact configurationThe poorest results alwaysame along with theised of
singleinducerregardless of basdassifiers training methodu, on the other hand,
t her e hardesitedce that using six inducerather than threeyields better

results.

;Bnlggahrézdatlon #Inducers Stacking StackingC Troika /:\r/rearggiment
1 3.27 1.42 1.66

1A1 3 125.29 64.91 25.13 44.73
6 99.02 5333 28.56
1 4.59 1.41 2.3

1AA 3 5.62 4.24 7.68 6.03
6 8.01 7.88 12.52
1 4.69 0.34 0.68

AAA 3 11.42 7.98 29.5 14.14
6 18.88 11.96 41.85

Average - 31.2 17.05 16.65

Table 14: Meanexecution time for all assembly methods.
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We can see from Tabll4 that Troika execution time is significantly better than
its opponents when usingllbinarization method. One of the explanations for this
particular result is that when usingll baseclassifiers count is much higher than
when using 1AA, which is en higher than when using AAA. This proves our claim
that when number of bastassifiers becomes greater Troika execution time,
relatively to Stacking and StackingC, become longer in slower\f&ecan sethat
Stacking took longer to execusdhen itusedthree inducersatherthan using sixlt is
a very strange finding indeed, not quaemprehensiblewWell, this phenomenal is a
result of our distributed experiment. We had used different computers to perform
experiments in which we used 1, 3 andir@lucers. The one which run the
experimentghat used three inducers, happen to beach slower computer, slow
enough to makéheseridiculous resultsAs a matter of fact, this does not affect our
conclusions, because when we compare execution time of rée éhsembles, we
actually compare how each function, given the number of inducers and method of

baseclassifiers training, thus eliminating the between treatment effect.

Finally, we can see that Troika execution time was the longer then other
ensembles tven using AAA baselassifiers training method. In this particular
method, where minimal base classifiers where inducélge large number of
combiningclassifiersin Troikawas the giving factothereforeTroika execution time

wastheworst

5.3.4. Summation of statistical results

So far the results have shown that troika excels Stacking and StackingC in
terms of accuracy, regardless of bakessifiers binarization method. We also had
shown Troika is preferable, in terms of execution time, especially when haaing

i nducers to combine. I n addition Troi kaos

of StackingC.However the statistical significance has been separately examined for
each dataset.In this section w use the statistical procedure proposedemsar
(2006) to conclude which algorithm performs best over multiple datasétst we

used adjusted notfparametric Friedman test with a confidence level of 95% to

determine whethethe difference between the ensemble methedsignificancein
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general. Laterif we founda significancedifference we used the Bonferrodunn

testwith a confidence level of 95% (when not specified otherwise) to find which

ensemble differs from TroikaThe summary of the results are provided able 5.

The "+"signindicatesthat the degree of accuracy of Troika was significantly higher

than the corresponding algorithm at a confidence level of 95%=Th&gnindicates

the accuracy was not significantly differe
the degree of accurg of Troika was significantly higher than the corresponding

algorithm at a confidence level of xx%he summaryable indicateghat in most

configurations, Troika has significantly prevailed Stacking and StackingC accuracy.

Table 15: Shows a smmay of datistical significance of the difference between

accuracy performances of the three ensemble methods.

Binarization method Number of inducers General Significance Vs. Stacking Vs StackingC

1 + = +
1A1 3 + + +

6 + + +

1 + + +(91%)
1AA 3 None n/a n/a

6 + + +

1 None n/a n/a
AAA 3 + + =

6 + + =

A close examinatiomf the results shown in Tables 10, 11 and 12 indicht
there aresome dataseta/hich disagreewith our intermediate conclusion3roika
performs worse than Stacking in bo#po and Soybeadatasets.These poor
performance of Troika in both datasets emphasize Tooskeaknesses. Zoo dataset
has seven classes, 101 instances and when trained ukibigdrization method, 252
baseclassifiers are trainedsoybean dataset contains dl@sses and 683 instances.
We explain theepoor results of Troika with the small number of instannagspect
with number of classedVhile Stacking and StackingC has one layer of combining
layers, Troika has three. This attribute of Troika, forceskBrod spread the training
meta instances with the three combining layers, therefore each layer gets fewer
instances than Stacking or StackingC meta combiner gets. When there are enough
instances in the datasets, this is not a major drawback. But whendimal number
of instances in the dataset is very snraltespecto thenumber of classeshis may

lead to aninferior ensemble Specifically, we found the following index useful for
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deciding which ensemble method to use. Ti#ex is defined as the mber of
instances divided by the square of the number of classes. FomplexamlAl

binarization methodroika should be chosen if the dataset index is higher than 3.

Another importantfinding from our experimental study indicates thaging
StackingC alag with baseclassifiers which were trained usingllbinarization
method yields very poor ensemble. This emphasizes another good attribute of Troika;
assuming that some or all of the batsssifiers may not, or could not be trained on
more than two clags of a multiclass datasets, then Troika will have a large
advantage over StackingC and Stacking; over the first, for it yields poor ensemble
when coupled with basdassifiers trained using-1 binarization method as already

shown, and over the later, laerse it is simply not that good with multiclass datasets.
5.4. Comparing Troika to non Stacking ensembles methods

In the previous experiments we had tested Troika and cothppdoeother stacking
generalization ensemble method such as Stacking and Stacking@kes sense to
first check whether Troika is capable of improving its closest relative ensembles.
Now, however, we will compare Troika t@ther combing methods Performance
Weighting [Opitz and Shavlik, 1996], DistributidBummation Clark and Boswell,
1991] Bayesian CombinatiofBuntine, 1990] andNaive Bayes idea for combining
various classifiers [John and Langley, 1995]

We used the same UCI dataset. We did not use binarization process on the base
classifiers. We had used three indutel8, VFI anl IB1. From each inducer we had

created two models using the 125% instances process that was explained earlier.
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Ensenble Bayesian Distribution Naive Bayes Performance Troika
Method Combination Summation Combination Weighting

Dataset Accuracy  Rank Accuracy Rank Accuracy Rank Accuracy Rank Accuracy Rank
Autos 79.64+8.09 | 2 80.17+6.74 | 1 79.10+9.76 3 75.71+560 5 76.64+9.56 4
Balancescale 81.44+3.93 25 81.44+3.93 25 75.37+4.95 5 81.1243.96 4 88.00+2.05 | 1
Breastcancer 74.56£11.27 3 74.91+1.47 | 1.5 65.07+8.84 5 74.91+11.47 |1 71.34+6.17 4
Gheart-disease | 77.53#5.22 25 7753522 2.5 74264850 5 77194561 4 78.81+7.04 | 1
Creditrating 84.06+3.74 2 83.19+4.59 3 78264335 5 81.30+4.90 4 86.96+3.55 | 1
Diabetes 71454556 2 70.93+5.20 4 67.81+432 5 71194522 3 73.41+4.65 |1
Flag 58.95+11.32 4 59.47+11.65 = 2 55.79+12.21 5 58.95+10.76 3 59.47+12.90 | 1
German credit 72.20#3.01 3 72.00+2.94 4 68.90#3.57 5 72.30+2.87 | 2 74.90+3.84 |1
Glass 71814841 | 1 70.86+10.0 3 68.33+7.95 5 71.36+10.95 | 2 69.83+8.63 4
Heartstatlog 75.56+8.59 | 2 75.56+8.94 3 74814834 5 75.1948.56 4 75.93+8.95 |1
Hepatitis_Domain | 66.58+12.48 3 67.21+12.06 = 2 65.92+11.58 4 67.87+11.80 | 1 65.83+10.13 5
Horsecolic 82.09+6.83 | 2 81.82+7.16 3 79.90+7.65 5 81.5416.30 4 85.57+5.06 | 1
Housevotes-84 95.19+4.07 3 94.96+3.83 4 95.42+4339 | 2 94.05+4.04 5 96.56+2.68 | 1
H-heart-disease | 78.55+10.28 3.5 78.55+10.28 3.5 75.84+9.77 5 79.93+8.30 | 2 82.02+6.28 | 1
lonosphere 91.758.06 25 91.75+3.06 25 87.48+6.45 4 87.19+467 5 92.89+332 |1
Iris 96.67+4.71 2 96.67+4.71 2 94.67+6.13 4.5 96.67+4.71 | 2 94.674+5.26 4.5
Krvskp 99.31+0.41 3 99.25+0.37 4 99.44+0.48 |1 98.28+1.00 5 99.37+40.47 | 2
Labor 89.67+11.91 = 1.5 89.67+11.91 | 1.5 82.67+11.20 5 88.33+15.81 3 84.33+12.48 4
Segment 97.32:0.84 4 97.36+0.80 | 2 96.62+0.61 5 97.36+0.88 | 1 97.3240.76 3
Sonar 87.52+7.94 | 1 82.67+7.61 3 68.71+8.34 5 78.3615.64 4 86.07+6.88 | 2
Soybean 92.38+2.49 3 91.94:281 4 92.39+2.16 | 2 92.8242.02 | 1 91.06+3.07 5
Splice 944520 2 90.38+1.75 4 91.1+2.04 3 80.16+1.8 5 95.99+16 |1
Vehicle 73.88+4.57 | 2 72.58+4.56 4 71174552 3 71.52+437 5 73.76+4.17 | 1
W-beastcancer | 95.99+2.85 3.5 95.99+2.85 3.5 95.42+3.8 5 96.854+2.69 |1 96.13+2.35 | 2
Zoo 98.89+351 25 98.89+351 2.5 99.00#3.16 |1 97.89+4.46 4 96.78+7.38 5
Average Rank 2.46 2.84 4.18 3.18 2.34

Tablel6: Comparing the prediction accuracy of severambining ensemble

methods to Troika on 24 UG@htasets. In this experiment we had used three inducers:

J48, VFI and IBKk. We used each induces to produces two models so each combining

method had combined six classification mod€lease notice that each result contain

three data items; the predictigecuracy, standard deviation and ralrér example the value
fi79.64+8.092 0

Smaller rank is better.

i naf accueatyef 79.64%, standard deviatiowf 8.09 and rank of 2.

Table B shows thatamong all five tested combining methods Troika had

achieved the smallestaverage rank. The second best is Bayesian combinatian, the
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Distribution summation followed by performance weighting. The worst combining
method was found to be the Naive Bayes combination meftm nonparametric
Freidman test result Hashown that at least one combining method performance is
statistically significantly differentDespite of the nice rank figures, we found out
using the BonferroniDunn test that Troika is only statistically better than Naive
Bayes combination method. Tifference betweerthe other combining methods

was statistically insignificant (using U=0

One of the several noticeable disadvantages of using Meta learner as combining
method, such as Stacking, StackingC and mostly Troika, is that it takes evréti
train the Meta learner. This fact was very evident in this experiment. No statistical
test was needed to be done; the time it had taken to train Troika was more than ten
time slower that the other combining methods. However, when training time is not
very important than the better accuracy of Troika makes it the preferable combining

method.
5.5. How Troika affectedf r o m d alass soant?6 s

In this section wenvestigate another interesting parameter; the effect of classes
number on Troika performanck order to answer the question in the titte took
the KRKOPT datase(instances distribution shown in tablé) lwhichinitially has17
classes and manipulated several times.This dataset has been examined with
increasing number of classes in ortteexamine the relation between the number of
classes and the predictive performantiee manipulation was very simple; for the
creation of the first derived dataseKRKOPT-2-cls we started with the original
KRKOPT dataset and filter onlystances othe two most prominent classes (the
classes which has the most instances), then to creafiKR€OPT-3-cls we did
exactly the same pr@cbkdsasbde bddyttheindtandcesdd KR&KOP T
of the three most prominent classesl so on withiKRKOPT-4-cls®, iKRKOPT-5-
cls®, IKRKOPT-6-cls® and AKRKOPT-7-cls. At the end of this processe had six
datasetseach has different class cowtd different number of instancdsable B specifies

the list of datasets which were used in this experiment.
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Class label Instances

fourteen 4553
thirteen 4194

twelve 3597
eleven 2854
Draw 2796
fifteen 2166
ten 1985
nine 1712
eight 1433
seven 683
SiX 592
five 471
sixteen 390
Two 246
four 198
Three 81
One 78
Zero 27

Table 17: The aiginal KRKOPTdataseh mstancedistributionordered by instances
quantity.

Dataset name Contained classes

KRKOPT-2clss Eleven,Draw

KRKOPT-3clss Eleven,Draw, Ffteen

KRKOPT-4clss Eleven,Draw, Ffteen Ten

KRKOPT-5clss Eleven,Draw, Ffteen Ten Nine
KRKOPT-6clss Eleven,Draw, Ffteen Ten Nine, Eight
KRKOPT-7clss Eleven,Draw, Hfteen Ten Nine, Eight, Seven

Table 18 Six KRKOPT derived datasets

5.5.1 Experiment results:

In this experiment we use the same ensembles configuration as we tthd in
previous two experiments. Our metrics had not been changed; accuracy, AUC and

execution time. All baselassifiers where trained usingllbinarization method.

Figures7, 8 and9 present the accuracy results of Troika, Stacking and StackingC

when usindl, 3 and 6 inducers respectivelye show here only the Accuracy
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Percentcorrect vs. number of classes (1 inducer)
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#rlasses=2 #classes= 3 #iclasses= 4 #rlasses=5 #classes= 6 #classes=7
—&— stacking 9223 81.03 76.13 74.84 71.08 68.47
StackingC 9205 8104 6151 46.79 36.89 3148
—&—Troika 92.26 8185 76.55 74.72 70.8 67.54
—#— Best baseClassifier (by x-val) 9143 7788 7217 7067 6783 6743

Figure 7: showing thecorrectprediction rag¢ as function otlassegountin datasets
using one inducer (J48)

From theFigure 7 it is evident that Troika and Stacking are pretty mcicse
with small advantage to stacking. Tliame withno surpriseto ussince we were
using only one inducer. On the other haSthckingCaccuracyperformances free
falling while number of classes in datasets increases. This is the effect we hdg alrea
seen in previous experiments. Again the blame isthdibarization methode used
to train the baselassifier.Stacking and Troika accuracy is better than the best base
classifier selected by crosslidation.
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Figure 8: showing the correct predion rate as function of classes count in datasets
usingthree induces (J48,IBK, and VFI)

From Figure 8 we can learn thabtacking and Troika have same accuracy rate
when having Zlasses dataset. Then, when number of classes is three a gap between
the acuracy of those two is formed, in favor of Troika. As the number of classes
count in dateset increases, this gap enlarg&ackingC accuracy performance
continues tofree falling while number of classes in datasets increadss. time,

Troika alone hadetter accuracy than the best bakessifier selected by cross
validation. It seems that adding inducers to ensemble had damaged Stacking

accuracy.
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