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Abstract

Stacking is a general ensemble method in whichrabeu of base classifiers are

combined using one meta-classifier which learnsr tbhatputs. Such an approach
provides certain advantages: simplicity; perfornganbat is similar to the best
classifier; and the capability of combining classs induced by different inducers.
The disadvantage of stacking is that on multiclpssblems, stacking seems to
perform worse than other meta-learning approadhethis paper we preseiitroika,
a new stacking method for improving ensemble digssi The new scheme is built
from three layers of combining classifiers. The n@ethod was tested on various
datasets and the results indicate the superiofitth® proposed method to other
legacy ensemble schemes, Stacking and Stacking€gially when the classification

task consists of more than two classes

Keywords: Machine Learning, Meta Combination, Enserble of Classifiers, Stacked
Generalization.

1. Introduction

A classifier is a classification model which assigan unclassified instance to a
predefined set of classes. The classifier may 8eded by using a learning algorithm
(also known as an inducer), such as C4.5 (Quidla83) or SVM (Boser et. al. 1992;
Vapnik 1998). Normally, different classifiers cldgswith varying success on some

part of the input space. Thus a fusion of the diass outputs may produce a meta-



model that benefits from the strengths of its ¢fess and compensates for their
weaknesses. Ensemble is a methodology for combiminigiple classifiers to work
collectively in order to compensate each other'skmesses and to generate better

classifications through some kind of fusion strgteg

Considerable research has been conducted into apevgl new techniques for
combining multiple classifiers so as to producengle, highly efficient classifier (A
very short list would include Breiman, 1996¢, Ayedinal. 2009, S. Cohen et 2007
and G. Peter Zhang 2007). In this research we fazusinvestigation on three
generalized stacking methods: Stacking (Wolpert, 1992), StackingC (Seewald,

2003) and our own novel technique - Troika.

The paper is organized as follows. In Section Zlgeuss related work, focus on
two important stacked-generalization meta-classifie- Stacking, and StackingC. In
Section 3 we present a new ensemble schdmraka. Contrary to Stacking and
StackingC, Troika has three layers of combininggféers. In Section 4 we discuss
the results of an experimental study that was pexdd to determine which scheme
performs better. Finally we present our conclusiammg discuss open issues for future

research.

2. Related Work

Meta-learning is a process of learning from leasr(elassifiers); the inputs of the
meta-learner are the outputs of the base-classifiee basic classifiers). The goal of
meta-learning ensemble is to induce a meta-modiel, tombines base-classifier

predictions into a single prediction.

In order to create such ensemble, both the bassiits and the meta-learner
(meta-classifier) need to be trained. Since thearukssifier(s) training requires an
already trained base-classifier, these must beddafirst. After the base-classifiers
are trained they are used to produce outputs (fitadons), from which the meta-
level dataset is made. This dataset will be usetrdmning the meta-classifier(s).



In the prediction phase, when the ensemble isdyr&ained, the base classifiers
output their predictions to the meta-classifier(eat combines it into a final

prediction (classification).
2.1. Stacking

Stacking is an ensemble technique that uses alp®ataer for determining which
classifiers are reliable and which are not. Staghshusually employed to combine
models built by different inducers. The idea iscteate a meta-dataset containing a
tuple for each tuple in the original dataset. Hogrewnstead of using the original
input attributes, Stacking uses the classificatipredicted by the base-classifiers as
the input attributes. The target-attribute remaigasn the original training set. A test
instance is first classified by each of the bassgifiers. These classifications are fed
into a meta-level training set to produce a megassifier. The meta-classifier that has

been produced combines the different predictiotsarfinal prediction.

In order to avoid over-fitting of the meta-classifithe instances used for training
the base-classifiers shouldn’'t be used to trainntie¢a-classifier. Thus the original
dataset should be partitioned into two subsets.fifstesubset is reserved to form the
meta-dataset while the second subset is used id the base-level classifiers.
Consequently, the meta-classifier predictions ceftbe true performance of base-

level learning algorithms.

It has been shown that with stacking, the ensempblorms (at best) at a level
that is comparable to the best classifier seledtech the ensemble by cross-
validation (Dzeroski and Zenko, 2004). Stackingf@enance can be improved by

using output probabilities for every class labehirthe base-level classifiers.

Table 1 Original training set

Attributes| Class
Attryvec: C,
AttrVecz Cb
Attryecs C,
Attryeca C.

AttrVecn Cb







Table 2 Sample class probability distribution
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Table 3:Meta-training set -- stacking

Classifieg Classifies Classifier Class
a b c| a b C a b C
Pl,a,l I:>1,b,1 Pl,c,l Pz,a,l I:)Z,b,l PZ,C,l |:)I,a,l I:)I,b,l I:)I,c,l Ca
Pl,a,z P1,b,2 I:)1,0,2 P2,a,2 P2,b,2 I:)2,0,2 I:)I,a,Z PI,b,2 I::.I,c,z C:b
Pl,a,S P1,b,3 I:)1,0,3 P2,a,3 P2,b,3 I:)2,0,3 PI,a,3 Fi,b,?) I::.I,c,:% Ca
I:)1,a,4 I:)1,b,4 I:)l,c,4 I:)2,a,4 I32,b,4 I:)2,c,4 |:)I,a,4 I:)I,b,4 I:)I,c,4 Cc
Pl,an P1,bn I:)l,cn P2,an P2,bn I:)2,cn I:)I,an PI,b,n I:)I,c,n C:b

Table 1 presents an example of a dataset with ttiessesq, b andc) andN
examples. The original training set is shown with attribute vectors and class

values.

Table 2 shows how a class probability distributiddrone sensible classifier might
appear. The maximum probabilities are shown incgaknd denote the classes which
would be predicted for each example. There is amh set of class probability

distributions for each base classifier.

Table 3 shows the meta-level training set for stagkvith L base classifiers. The
meta-training set is used to train a meta-clasdifiat will output the final prediction.
P.cn denotes the probability given by the base classififor classc on example
numbem. The classes are mapped to an indicator varglih that only class "a" is
mapped to 1; all other classes are mapped to thisrexample, there are, of course,
two other such training sets for clas§eandc which differ only in the last column

and are thus not shown.



2.2. StackingC

In empirical tests, stacking showed significantf@enance degradation for multi-
class datasets. StackingC was designed to addresproblem. In StackingC, each
base classifier outputs only one class probabgrgdiction (Seewald, 2003). Each
base classifier is trained and tested upon onecphat class while stacking output
probabilities for all classes and from all compadnelassifiers. Table 4 presents an
example of a StackingC meta-level dataset wilxamples andll base classifierd?;

i, m refers to the probability given by base classifi@r clas§ on example numben

Table 4:StackingC - meta-level training set for class

Classifieg|Classifiep Classifier |Class=a?
Pl,a,l Pz,a,l |:)I,a,l 1
Pl,a,z P2,a,2 ree I:)I,a,Z 0
Pl,a,S P2,a,3 ree I:)I,a,3 1
I:)1,a,4 I:)2,a,4 e |:)I,a,4 0
P]_’an Pz’an “as PLan 0

The corresponding meta-level training set for Stag& consists only of those
columns from the original meta-training set which aoncerned with class 3,G.e.,

P ¢ nfor alll, c andn.

Concerning the meta-level training-set, those atEnhgC differs from Stacking's
not only in the last attribute (the class indicatariable), but also by the amount of
attributes; StackingC has fewer attributes by #&ofaequal to the number of classes.
This necessarily leads to more diverse linear nwoa@eld the mechanism which
Seewald (2003) believes is responsible for Stackirmutperforming Stacking.
Another reason may simply be that with fewer atii@ls, the learning problem
becomes easier to solve, provided that irrelevafarination is removed. Since the
dimensionality of the meta-level dataset is redumgd factor equal to the number of

classes, the learning process is faster.

StackingC also significantly improves on Stackingerms of runtime as well as

in the accuracy ratio. These improvements are ravigent for multi-class datasets
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and have a tendency to become more pronouncec amithber of classes increases.
StackingC also resolves the weakness of Stackinigeirextension proposed by Ting
and Witten (1999) and offers a balanced performamcéwo-class and multi-class

datasets.

2.3.Why Use Stacking?

Seewald (2003) has shown that Stacking (Wolperf2i9can simulate all
ensemble learning systems, including StackingCwakk 2002), Grading (Seewald
and Fuernkranz, 2001) and even Bagging (Breima®619Ihe simulation is carried
out by giving functionally equivalent definition$ those schemes as meta-classifiers
for Stacking. Dzeroski and Zenko (2004) indicatteat when SCANN (Merz, 1999),
a variant of Stacking, is combined with MDT (TingdaWitten, 1999) and the best
base classifier is selected using cross-validat@nformance of the combination is

about the same level as Stacking with multi-limesponse (MLR).

2.4. Weaknesses of Stacking

Seewald (2003) presented strong empirical evidethad Stacking in the
extension proposed by Ting and Witten (1999) perfoworse on multi-class than on
two-class datasets. This was true for all but oeéarearner that he investigated. The
explanation given was that when the dataset hagl@hnumber of classes, the
dimensionality of the meta-level data is propordiby increased. This higher
dimensionality makes it harder for meta-learnergmtiuce good models, since there

are more features to be considered.

The increased dimensionality has two more drawbaEkst, it increases the
training time of the meta-classifier. For many iodrs this problem is acute. Second,
it also increases the amount of memory which iglusethe training process. This
could lead to insufficient resources, and limit thember of training cases (instances)

from which an inducer can learn, thus damagingetisemble's accuracy.

2.5. Weaknesses of StackingC

During the learning phase of StackingC, it is eBakto use one-against-all class
binarization and regression learners for each ctasslel. Class binarization is
7



believed to be a problematic method (Furnkranz,2208specially when class
distribution is highly non-symmetric. As Furnkraimstrated, handling many classes
iIs @ major problem for the one-against-all binaraatechnique, possibly because the

resulting binary learning problems increasinglyvs&e class distributions.

An alternative to one-against-all class binarizaticc the one-against-one
binarization in which the basic idea is to conwenhultiple class problem into a series
of two-class problems by training one classifier éach pair of classes, using only
training examples of these two classes and ignaalh@thers. Assuming &-class
k(k-1)

problem a new example is classified by submitting it &zle of the binary

classifiers, and combining their predictions uskngeta classifiers as described in
Section 2.2. We found in our preliminary experingerthat results from this
binarization method are very inaccurate when thber of classes in the problem
increases. Our conclusions were later substantiafted performing a much wider
and broader experiment on StackingC in conjunctath the one-against-one
binarization method. An explanation for these presults might reside in the fact
that as the number of classes in a problem incsedlse greater the possibility that

any of the k(k=1)

base classifiers will give a wrong predictiorhefe are two

reasons for this. First, when predicting the clabsn instance, onlyjk -1 out of
k(k —1)

classifiers can correctly predict since oy classifiers were trained on

any specific class. We can see thak ascreases, the percentage of classifiers which

may classify correctly is decreasing, and will adestpractically to zero:

k= k(k —1)
2

. 2
=lim —=0 1
k—>00 k ( )

The second reason is that in one-against-one hataon we use only instance of
two classes —(out of thke possible) while in one-against-all we use all anses.
Thus, the number of training instances for eacte bdassifier in one-against-one
binarization is much smaller than in the one-adaafis binarization method.
Accordingly, using the one-against-one binarizatroathod may yield an inferior

base classifier.



2.6. Converting Multiclass Classification Problems intoBinary Classification

Problems

There are several alternatives for decomposingichags classification problems
into binary subtasks. Lorena and de Carvalho (R@dd S. Cohen et al (2007)
survey all the popular methods.

The most straightforward method for convertinglass classification problems
into k-two class classification problems has been prapbseAnand et al. (1995). In
each problem the discrimination of one class issm®red in relation to the other
classes. Lu and Ito (1999) extend Anand's methat propose a new method for
manipulating the data based on class relations grttentraining data. By using this
method, they divide & class classification problem into a seriek@1)/2two-class
problems where each problem considers the discaitmoim of one class to each of the

other classes. The researchers used neural netiwoekamine this idea.

A general concept aggregation algorithm calgbr-Correcting Output Coding
(ECOC) uses a code matrix to decompose a mults@asblem into multiple binary
problems (Dietterich and Bakiri, 1995). ECOC forlthalass classification hinges on

the design of the code matrix.

Sivalingam et al. (2005) propose transforming aticlaks recognition problem
into a minimal binary classification problem usiting minimal classification method
(MCM) aided by error-correcting codes. The MCM uigs only logk
classifications because this method separates tauapg of multiple classes instead
of separating only two classes at each classifinaffhus the MCM requires a small
number of classifiers and yet it still providesimitar level of accuracy compared to

other binarization methods that require many mdassifiers.

Data-driven Error Correcting Output Coding (DECO@houa et al., 2008)
explores the distribution of data classes and apésboth the composition and the
number of base learners to design an effectivecanmpact code matrix. Specifically,
DECOC calculates the confidence score of each ddassifier based on the structural
information of the training data. Sorted confidersxres are used to assist in

determining ECOC code matrix. The results show BRCOC is able to deliver a

9



level of accuracy comparable to other ECOC methad#g parsimonious base
learners rather than those of the pair-wise cogplione-vs.-one) decomposition

scheme.

It should be noted that finding new methods for vasting multiclass
classification problems into binary classificatiproblems is not one of the goals of
this paper. Nevertheless, we thought it approptiatdiscuss these various methods
since in our experimental study we deal with thevession issue and use three

different methods to implement the conversion.
3. Troika Ensemble Scheme

Troika, the new ensemble methodology that we prepsdesigned to address the
Stacking and StackingC problems described aboveikds ensemble scheme is
general purpose and can be used to combine anyofylpese classifiers which were
trained on any subgroup of possible classes obhl@m’s domain. In other words,
since Troika combines models (base classifierd)weae already trained upon it can

later predict non-congruent datasets in termssifince classes.

The main idea of Troika is to combine base clamsfin three stages. In the first
stage it combines all base classifietsing specialist classifiers which have a
dichotomous model The task of each specialist classifier is toinggtish between
pairs of classes from the problem domain. No tweceist classifiers are alike, i.e.,
each classifier is specialized in distinguishingnsen different pairs of classes. We
use the notation $pto indicate the specialisti,f> . Sp;'s task is to output the
probabilities that an input instance belongs eitberlassor to class? via the vector
of two values: {P(clas9 and P(clagg. Since those probabilities are complementary,
we will later use only one of them, the class witle smallest index. L&k be the

number of classes in a problem doman{0...k-2} andj= {i+1...k-1}. The exact

1 Sometimes referred as level-0 classifiers
2 A one-against-one binarization

3 This raises the question of what happens if tipaitinnstance does not belongs to either
class or clasg The answer is that Swill certainly be wrong in its predictions, becaus
P(clasg and P(clags must add to 1. This seemingly suggests thateet lene probability
will be equal or greater than 0.5 which translatés the wrong classification.

10



specialist number of classifiers equags, wherek is the number of classes in the

problem domain. A specialist classifier outputs:2, is the computed probability that

an input instancenst, belongs to clasé. Given an instancist belonging to class
or clasg we expect Sp to predict theinst class correctly most of the time.
Conversely, whemstreal class isioti orj, the output of Sp will certainly be faulty
in an unpredicted way. For example, ;$pindicates specialisg which may
distinguish between clasand class If an instancenst of clasg is given to Sps, we

cannot make a preliminary assumption aboqtsspnutpu@ This is why we need to
learn the characteristics and behavior patternth@fspecialists in order to predict
when the specialists are correct and when thepatreThis is exactly what is done in

the Troika's second stage, the meta-classifierlaye

The task of the meta-classifier layer is to le& prediction characteristics of the
specialist classifiers. This is accomplished by bonimg the specialist classifiers
usingk meta-classifiers. Each meta-classifier is in chavfjone class only and will
combine all the specialist classifiers which aréeab classify their own particular
class. For example, meta-classiffewill combine all specialists $pwhosei=m or
j=m. The meta-classifier will compute a probabilitysR as an output. R;. stands
for the computed probability that a given inputtameeinst belongs to clags. The
meta-classifiers are trained in a one-againstiatirization method, rather than one-
against-one as with specialist classifiers. We @rpbelow the logic behind this
choice.

The third layer or stage contains only one classithe super classifier. The goal
of this stage is to produce Troika’s final predicti The inputs of the super classifier
are the outputs;R: . produced by the meta-classifiers from the previtage. In the
training phase, the super classifier learns tha&itioms which enable one or more of

the meta-classifiers to predict correctly or ineatly. The super classifier's output is

4 Input instancénst has a computed probability (3=p.) of belonging to class
5 This is because in the training phase3m@d been given only instances of cjas®d class
6 m={0...k-1}

7to remind:c={0...k-1}
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a vector of probabilities (one value for each dlagkich form the final decision of

the Troika ensemble scheme.
3.1. Troika Architecture

Figure 1 presents a schematic of Troika's ensemuioleitecture. Troika, which
uses three distinguishable layers of combiningsdi@ss, is arranged in a tandem-like
order. An instance of a problem’s domain feeds thger classifiers (base
classifiers). Layer classifiers then output their predictions to theuts of layer.
Classifiers on layer(the specialist classifiers) combine layefassifiers, and then
feed their predictions to layerinputs. Layer classifiers (meta-classifiers) then
combine layer classifier predictions, and feed their own predits to layes inputs.
Lastly, layeg’s classifier, the super classifier, will combine Igy& predictions and
ultimately, produce a final prediction.

Instance
o
55
B B Base | o g g | Base Base 8 &
Classifier Classifier Classifier Classifier Classifier Z UJ
JU Jb  JL JL JL "%
@

<t

j \ =
@
<

Ll J I 4 :

Specialist Specialist Specialist Specialist Specialist =

classifier classifier classifier 0 o oO classifier classifier _‘é’
0-1 0-2 0-3 (k-3)-(k-1) (k-2)-(k-1) o
5
&
') ’
. \
— o g
& <
5o
Meta Classifier for Meta Classifier for 0oo Meta Classifier for Meta Classifier for g N
Class Co Class C; Class C. Class C 1 @ Z
B @
s Iy
P(Cy) P(Ck2)
™
\ P(Co) — P(Cica)
Super Classifier

~— _/
Final Decision
(classification)

1a1yIsse[o
Jadnsg :g-jana

12



Figure 1: Troika architecture - three layers of combinees€h to levek) and a base

classifier level (leve).
3.2. The Benefits of Three Layers of Combining Classifies

While Stacking and StackingC both use only one rlagé combining
classifier(s), experiments show that one layenssifficient. Stacking, which uses one
classifier as a meta-classifier (combiner) sufferem a dimensionality problem
therefore it is not sufficiently scalable. When thember of classifiers is increased,
Stacking usually does not utilize them as well ascl8ngC and in many cases
produces worse predictions than StackingC. Whemeasing classes count in a

dataset, Stacking’s accuracy deteriorates much maokly than StackingC%

StackingC meta-classifiers, on the other hand,t@ieed in a one-against-all
class binarization technique. As a result, StadRimgnot scalable with class counts
in the dataset since the resulting binary learrpngblems which are input to the
meta-classifier have increasingly skewed classibigtons. As noted above, one-
against-one binarization is an even worse methadtrimining StackingC meta-

classifiers.

To escape the dimensionality problem, it is advesdbat layey contain more
than one combining classifier. To extricate ourssivfrom the skewed class
distributions produced by the one-against-all frjrmethod, we use a one-against-
one binarization training method. We choose to ¢h# combiners of layer

“specialists” because they specialize in differatiig between pairs of classes

As explained previously, a large majority of layeombiners will always predict
falsely and it is for this reason alone that anotager of combiners must be applied.
The goal of the new layer of combiners, layes to produce useful outputs upon
which a final classification will be based. It megntain one or more combiners, but
if we use a single combiner we can expect to erteouthe same “curse of
dimensionality” that occurs when using Stackingmiilating the single combiner
option left us with only the multiple combiner apii We chose to udecombiner,

that is one combiner for each class in the origdshset, and train it using the one-

8 Not including when base classifiers were trained one-against-one binarization
13



against-all binarization method. Since each conmbimé&ained on a specific class, it
can only predict the rate at which a given inmistance belongs to its training class.
For instance, combingis trained to estimate the relevance of an inpatance to

class. We refer to the combiners of this layer as “matessifiers”.

The one-against-all binarization training methoaduces biased classifiers
which tend to predictrfegativé more than they predictpbsitiveé. This particular
property is needed at this point since it ensunas the meta-classifiers will have a
low false-positive rate. When using unbiased classi it is likely that more than
one meta-classifier will predicpositive, but optimally, we would like to have only
one meta-classifier which predicfso'sitivé (and will, of course, be correct) while all
other meta-classifiers predichégative’ Therefore the fine bias provided by the
natural skewed class distributions of the metall@aasets helps push Troika’s

meta-classifiers to predict correctly.

Although both StackingC and Troika train meta-legkgssifiers using the one-
against-all binarization method, Troika’'s meta-lestassifiers face a much simpler
problem to solve and therefore they are expecteuetéorm more accurately. With
Troika, meta-level classifier inputs form only tardistinctive patterns while with
StackingC the pattern space can be much largee sindepends on the base-
classifiers which were trained daclasses, rather than two classes in Troika. The
minimal number of patterns in StackingCkisince each base-classifiers can oukput
different predictions.

The first input pattern formed from Troika's layemeta-classifier inputs is
characterized by what we call "general agreementiesmost of the meta-classifier
inputs agree. The second pattern, we charactesizeom-consenting” since the meta-
classifier inputs clearly do not agree on the ims¢és class. Literally, the meta-
classifier inputs are divided almost equally betwekose which are in favor of
predicting a meta-classifier’s trained class arasé¢hwhich are not. The third pattern,
which we term "in-between", has a clear majorityfanor of one of two possible

classes. However, this majority can still not besidered as significant.

The inputs of each meta-level classifier alwaysnfagxactly one of the three
possible patterns described above. When input sdluen a “general agreement” or
14



a “non-consenting” pattern it is a simple tasktfor meta-classifier to make a correct
prediction. The meta-classifier prediction will Bepositivé and ‘negative” for
"general agreement” and "non-consenting" patteespeactively. When input values
can only form an “in-between” pattern, it is a mali#ficult task for the meta-level

classifier to output correct prediction.

k
Adding layeg on top of layer reduced the number of outputs frorr% to K,

hopefully without information loss. Can those ou#pbe used directly for producing
predictions? Unfortunately they cannot. Since there restriction on the number of
outputs that may congruently predipositive, it is possible that more than one or
none of the outputs will predicpositiveé. This compels us to use another combiner

on top of layer This combiner is of a new combiner layer, namdgyes.

Layer's task is to supply a final decision regarding ¢less to which a Troika
input instance belongs. Layeonsists of a single classifier which we call theger
classifier.” Its inputs are the meta-classifierspos. To fulfill its task, it must learn
about meta-classifier performance as a functiommit instances. Now that we have
a single output that can predict klIpossible classes, additional combiner layers are

not needed and Troika schema is complete.

Figure 2 presents an example for layand layes arrangements for a seven class
(k=7) problem, without loss of generality, focusing the meta-classifier for class
Cs. In this case the number of specialist classifegygals twenty orfeand each meta-
classifier combines exactly six special8tsA specialist instance feeds to all
specialists. Each specialist output is a predictidhe predictions are labeled
prediction to predictions. All six predictions are fed to the meta-classgiér class
Cs. After some calculations, this meta-classifier ogpts own prediction regarding
the question of whether the input instance shoeldabeled as class;©r not. An

example of a “total agreement” pattern will consi$tany five or six specialists

U] =21 specialist

2 Having seven classes in a problem domain, we railhtsome
10 Meta-classifiers will always combirlel specialist classifiers predictions, and sikeg

each meta-classifier will combine six specialigdictions.
15



predicting positive’ If, on the other hand, three out of six speseiali predict

‘positive’ this will form the “non-consent” pattern.

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
\_ \_ \ Z Z J

Meta Classifier for
Class C:

I

Prediction: ‘Positive’

Figure 2. The schematic of a meta-classifier for cl@gs
3.3. Troika’s Training Process

Before one is able to use Troika to classify nesbfem instances, Troika, (and
therefore all of its three classifier combining dag) must be trained. The most
straightforward way of implementing the trainingyed out by Algorithm 1, is to
train one layer of classifiers at a time. This k&l a training process consisting of
four stages in a sequence. Since lagepends on laygrand layey depends on
layern and layer depend on layer it is necessary first to train layemand then the

other layers sequentially.

Each layer is trained using a different datasetstfthe dataset of laygers
derived from the original dataset which was supbtie Troika as input. The layer

dataset is generated using the predictions ofayey| classifiers; the layemdataset is
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generated using the predictions of the leedssifiers; and, finally, the levaillataset
is generated using the predictions of the levehssifiers. The technique of
generating a derived dataset using classifier ptiedi is discussed below.

Each layer is trained inlafold cross-validation method. The process of irgn
each layer (except for laygris as follows. We first start by splitting theyéa’'s
dataset into training- and test-sets. Then, allldlyer's classifiers are built using the
training set (a compound &f1 parts of the layer's dataset). The next suceessi
layer's dataset instances are produced by applihegtest-set's instances on the
layer's classifier. Later, all the instances of th#erent test-sets are fed to layer
classifiers that yield predictions. These preditdsicare assembled to form a new
instance for the successive dataset. A cross-validdold is completed when the
generation of successor instances from all thesegsinstances is finished. On the
next fold, dataset instances from the newly-produsigccessor are added to those of
the previous fold. By the end of &lifolds, the successor layer’s dataset will contain
exactly the same amount of instances as the présants dataset. Finally, all layer
classifiers will be trained using the entire lagedatasets (not only usikgl out ofk
parts of the dataset). As a result, when Troikasisd for prediction, each layer will

have been trained on a maximal number of instances.
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original-dataset folds

dataset original-dataset

Array_Of Classifiers

layer
fold folds
dataset train-set test-set
! H S
layer %&

Array_Of Classifiers ! layer train-set folds$
new-Instances ( Itest-set Array_Of Classifiers$
) new-Instances dataset*layer+,-

! layer train-set folds$

= ! 0 original-dataset$ 001 # 2
00

Algorithm 1: Pseudo-code of Troika main function
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LayerNumber dataset folds

successor_Dataset

fold folds

original-dataset train-set test-set

" LayerNumber train-set

instance test-set

# probabilities-vector instance
§
% Instance probabilities-vector
& % Instance successor_Dataset
1 successor_Dataset

Algorithm 2: Pseudo-Code for training a single layer. This pdute is used by the
main procedure for training each one of Troika’mbming layers.

3.4. Transformations of input instance in Troika

There are four kinds of instances in Troika. Thistfiype is the original training
set. The second kind consists of the specialisamtes which are derived from base
classifier predictions. The third kind of instanise the meta-classifier instances
derived from the specialist predictions. The lastdkof instance is the super-

classifier instance derived from meta-classifieedctions.
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3.4.1.Level; dataset

Given| as the number of base classifiers &ds the number of classes in the

problem domain, each base classifier output vecBE, can be presented

as:BC, ={P(C,),P(C,),...,P(C,)} . From these vectors, we produce the specialist
instances.
In general, specialist classifi€sp,, instances are composed using the probabilies

(Ci) and P (Q of eachBG. It is possible also that one or m@&e€; will not contain P
(Gi) or P (G) or both. In this case, its prediction will not ineluded in the dataset for

specialist classifiebp,.

Table 5:Troika’s dataset for Spclassifier

Classifief | Classifiep Classifier | Class¥?
Piit1| Pij1| P2ia| P2jal| - | Puia | Pija 1

0
Piiz| P1j3| P2iz| P2jal| .- | Pz | Pij3 1
0

Piin| Pijn| P2in| P2jn| --- | Puin | Piin 0

In Stacking, each exampla (instance numbem) of a Stacking meta-level
dataset contains aII,|,,-!Rq11, produced by base classifier's for ak classes in the
problem domain. There are, therefoke,| * n fields to the meta-classifier dataset. In

Troika, on the other hand, each instantef Sp, dataset contains only two values

per base classifier, P{Gnd P(Q), and the average number of instanceB"EZLkn

n . . L
because, on averagekL, instances are related with each class and eadiabpes

. . X
dataset contains instances related to two claddewefore, there are*l*z—kn

fields to a specialist dataset.

u Pjm refers to the probability given by base classifigor classj on example

numbem
20



Compared to the Stacking meta-level dataset, tthecton of dimensionality in the

dataset of Troika's first combining layer is:

B Specialist_dataset_volume B
stacking_meta_level dataset-volume k*|*

. 4
=3 (2
We can see that & the number of classes in the problem increabese tis a
linear tok growth in Stacking’s meta-level dataset’s voluntelevin Troika there is a
linear to k decrease in the volume of each specialist dafgsdtwe have more
specialists). This is a significant advantage faviHa, since it becomes possible to
combine a very large group of base classifiers auttbeing caught in the so-called
"curse of dimensionality”. In our experiments, weed Troika and Stacking to
combine as many as 3900 base classifiers (withtél’etlataset, UCI repository).
Troika showed a clear advantage in terms of acgul&e suspect that the reason for
Troika's relatively success in this case deriveanfithe huge dimensions (curse of
dimensionality) of the meta-level dataset, makirtgcking unable to produce an
accurate meta-classifier. This weakness of Stackiag been shown in several

previous studies and again in this study.
3.4.2.level dataset

Troika has exactlk meta-classifiers, wherde denotes the number of classes in the
problem domain. Each meta-classifier has a diffedataset that derives from a
different projection of the output predictions bétspecialists. Each meta-dataset has
one instance for each instance in the dataset whashgiven as an input to Troika.
The meta-classifiers are trained using one-agaihdtinarization; for each meta-
instance, if the corresponding instance in the timatiaset is of classcChen its class
attribute ispositive Otherwise, the meta-instance class attributeegative The
attributes of each meta-classifier (meta-classifiar general) instances are the
probabilitiesP;; (inst) produced by all specialist, Spwherej equalsk. There are,
therefore, alwayk attributes for each meta-classifier instance mdtiding the class
attribute).
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Table 6: Troika’'s meta-dataset for class

Sp-a  SPra SRa--a  SPaa+y) Sp.k | Class=a?
PO,a,l P2,a,1 cee Pa-l,a,l I:)a,a+l,l e I:)a,k,l 1
PO,a,2 I32,a,2 cee Pa-l,a,z Pa,a+:l.,2 I:)a,k,2 0
I:)O,a,3 PZ,a,S e Pa-l,a,3 Pa,a+13 e Pa,k,S 1
I:)O,a,4 I:)2,:;1,4 e I:)a-l,a,4 I:)a,a+1,4 e I:)a,k,4 0
PO,a,n P2,a,n v I:)a-l,a,n Pa,a+:l.,n v I:)a,k,n 0

The volume of each meta-dataset can be computiedi@ss:

\Y/

meta-dataset = (k _1) * n (3)
wherek is the number of classes in the problem’s domauhrais the number of

instances in the original dataset.

StackingC's dataset volume is a function of the lmemof base classifiers,
Each base classifier contributes one attributerteeta-instance. Therefore, when the
StackingC ensemble contains a large number of tlassifiers, its meta-classifiers
will suffer the “curse of dimensionality”, yieldingoor results. Even though its
dataset is smaller, by a factor of than the Stacking meta-dataset, StackingC’s
dataset can still grow to such an enormous siziefthall intents and purposes it's
useless for training purposes. Troika, on therdtla@d, is much less sensitive to the
number of base classifiers because each spedglistined using the one-against-
one binarization method. Conversely, Troika is meeasitive than StackingC to the
number of classes in a domain’s problem, in terfrisatning time. This is due to the

amount of specialists that need to be trai K k:z_l) (which yields time complexity

of o(K? for first combining layer) versuk meta-classifiers in StackingC (which

yields time complexity ob(k)).
3.4.3.Level; dataset

Upon receiving a meta-instance, each Troika metssdief> outputs a
prediction,P;(inst), which reflects the belonging of the meta-ins@itst, to clasC;
(therefore also the belonging of the original ins&to that same class) might be

2 | ={1.K}
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thought that each meta-classifier is responsibtelfe prediction for a single class.
That is to say, meta-classifigs responsible for predicting the belonging of ithygut

original instance to clagswhile meta-classifigris responsible for predicting the
belonging of the input original instance to clas&. Using these meta-classifiers

predictions, a new instance, for layelassifier, is created — the super-instance.

Superinstance #, ifist )p ifst ),...p ihst )Class'  (4)

Each instance in the super-dataset has a correggontstance in the original
dataset. The class attribute of the super-datasebpied from the corresponding

instance of the original dataset without any changable 7 shows the super-dataset

structure.
Table 7: Troika's Super-dataset
Meta- Meta- Meta- Class
classifiep classifieg classifieg
Po(1) P.(2) . P«(1) Ca
Po(2) P.(2) . P«(2) Co
Po(3) P1(3) .. P«(3) C.
Po(4) P1(4) Pu(4) Ce
Po(n) P1(n) Pk(n) Ch

4. Classifying using Troika

When a new instance, is input to Troika, it is first fed to all of thbase
classifiers. Each base classifier will then proddgsgiven instance and produce its
predictions from which a specialist instance wil generated. $mst={P;;(x) | all
base classifiers that were trained on classeslj}. Next, each specialisGp,, will
classify its unique instance, iJ@pst, (which derives directly from the base classifier
predictions) and produces a predictiBp(inst.). From these prediction& meta-
instances, Met@st (j=0..K) will be created, one for eaadf the meta-classifiers.
Each meta-classifigrthen outputs its predictionnteta(Metainst) which generates
a super-classifier instance, iagt= {Pmeta(inst) , Pmeta(inst) ,..., Pmeta(inst)}
This single instance will be fed to the super-afeess which in turn will produce its
prediction, Troika’s final prediction

FinalDecigon(x) ={P(C, | x), P(C, | X),...,P(C, | X)} (5)
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5. Evaluation Description

5.1. Experiment setup

In this section we specify the conditions underalihTroika was tested. Our goal
was to create the means for correctly comparingk@raith Stacking and StackingC.
We start with a short overview of the datasets veedu the algorithms we
implemented (Troika, Stacking and StackingC); hoe tnained each of them; and
what metrics we used to measure the performantteecnsemble schemes. Next, we

display and review the results of the experimemdeitail.
5.1.1. Overview

The goal of our experiment was to measure the ssagkeeach one of the three
ensemble methods (Troika, Stacking and Stacking@grnwapplied to various
problems. The experiment included three aspetis.fifst aspect was the number of
inducers that were used to create the base clssiipon which all the ensemble
methods rely. The second was the different datasei$ the third aspect was the

ensemble methods, of which we had three: StacltagkingC and Troika.

For the experiment to be valid, we split the tnagnphase into two stages. The
first stage consisted of base-classifier trainilmythe second stage we trained the
ensembles, which got the base-classifiers fromfitee stage as input. This means
that since all ensemble methods were given the $@mse classifiers as input, a valid
comparison could successfully be made, enablintpudetermine which ensemble

best combined the base classifiers.
5.1.2. Datasets

In total, we used 29 different datasets in all experiments. All were manually
selected from the UCI repository (Merz and Murph998) and are widely used by
the pattern recognition community for evaluatingrteng algorithms. The datasets
vary across such dimensions as the number of talggtes, instances, input features

and type (nominal, numeric).
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Dataset #Classes #lnstances #Attributes

Anneal 6 898 39
Autos 5 202 26
Balance-scale 3 625 5

Diabetes 2 767 9

Flag 6 193 30
Glass? 5 205 10
heart-statlog 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

Letter 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

5.1.3. Ensemble algorithms examined

The ensemble schemes that we examined - TroikakiStaand StackingC -
were implemented in WEKA (Witten and Frank, 2008) JAVA programming
language. The implementation of the Troika algomitban be downloaded from:

http://www.ise.bgu.ac.il/faculty/liorr/troika/.

5.1.4. Combining classifiers

All the classifiers in Troika, Stacking and Stagkih which participated in
combining the base-classifiers, i.e., the spetialassifiers, meta-classifiers and the
super-classifier (in Troika) and meta-classifiars $tacking and StackingC), were

13 ‘Glass,” was adjusted to have fewer classes becsmse of their original classes
had too few instances (less than 10), which yielgesry poor result.
14 The ‘Letter dataset was too big to fit into memasp we reduced its volume using

a sample a smaller dataset which we could usevestigate all ensemble methods.
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induced using the logistic algorithm. We chose fhasticular algorithm after trying

various alternative inducers (a partial list cotssisf C4.5, Random Trees, Random
Forest, BayesNet, Naive-Bayes, IBk and SVM). Thedacers have either produced
a lower accuracy rate than Logistics, or were tow go train. (The report about the

experiment in which we choose the best combinaoigncluded in the scope of this

paper.)
5.1.5. Base classifier training process

First, we used multiple inducers from different lzhes of machine-learning
theory. Although we intended to use only six indace- C4.5 (trees); SMO
(function); I1B1 (lazy); VFI (Misc.); BayesNet (Bagg PART (Rules) -- we tested
other configurations including three inducers (C4EBl and VFI) and one inducer
(C4.5).

Second, all base classifiers were trained usingoiineagainst-one binarization

k(k -1)
2

method in which, typically, base classifiers are trained, that is, one classif

for each pair of classes. Instead of training @lsimase-classifier for each pair of
classes, we actually trained twceach with difference training instances. Training
set (the training-set of the first base-classifier,iethderives from the train-set)

contained the first 125% of the instances in aicydlanner (that is, the next instance
past the last is the first again). Training;sedntained the next 125% group of the
instances in the same cyclic manfehfter creating the 125% instance training-set,
the training process continued normally using kheld cross-validation process.

With this process, we actually trainégk —1) base-classifiers for each inducer.

15 We trained two classifiers instead of a single om increase the number of different classifidwat were
combined. Diversity among base classifiers was dotm be a contributing factor for the performande o
classifiers combinationgenobi et. el.

16 First train-setinstance is the subsequent instance of the Isfstrine of train-set
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Table 9: The composition of training-setand training-set were given an

arbitrary training-set containing 100 instances.

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

1 Instance 1 Instance 1 Instancg;

2 Instance 2 Instancg 2 Instance,

Instancgo

Instange

100 | Instancgyo 100 | Instancgyo 100 | Instance
Training-set 101 | Instance 101
102 | Instance 102

125 | Instancg 125 | Instancg

Training-set Training-set

We subsequently came to suspect that our methodragiing the base-
classifiers, the one-against-one binarization, mitgve been the prime reason why
Troika preformed better than its rivals. To valaaiur results we repeated the
experiment, using one-against-all binarization aond-binarization methods. Tables

13, 14 and 15 show the results of these experiments
5.1.6. Metrics measured
We measured the following metrics:

« Accuracy: Accuracy is the rate of correct (incorrect) potidins made by a model
over a dataset. In order to estimate the genedalameuracy, a 10-fold cross-
validation procedurewas repeated five times. For each 10-fold cro$istatéon,

the training set was randomly partitioned into 1§jaint instance subsets. Each

17 The 10-fold cross validations refers to the predeswhich 10 different Troika models where traingtie k-
folds cross-validation process mentioned befotbésinner process of Troika training. When the dla-cross-
validation process (for assessing the performafdeaika) is finished, Troika is trained once agaiising all
instances in the dataset.
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subset was utilized, once in a test set and nmedtiin a training set. The same
cross-validation folds were implemented for all althms. Since the mean

accuracy is a random variable, the confidencevatervas estimated by using the
normal approximation of the binomial distributioRurthermore, the one-tailed

paired t-test with a confidence level of 95% vexdfiwhether the differences in
accuracy between the Troika algorithm and the odlgrithms were statistically

significant.

In order to conclude which algorithm performed bastr multiple datasets, we
followed the procedure proposed in Demsar (2006)the case of multiple
classifiers, we first used the adjusted Friedmast it@ order to reject the null
hypothesis and then the Bonferroni-Dunn test toméxe@ whether the new

algorithm performed significantly better than eixigtalgorithms.

Area under ROC curve The second measure we used to evaluate Troika was
the area under the receiver operating characte(RDC) curve, a graphical plot
of the specificity vs. 1-sensitivity for a binarylassifier system as its
discrimination threshold is varied. The ROC caro de represented equivalently
by plotting the fraction of true positives (TPRrud positive rate) vs. the fraction
of false positives (FPR = false positive rate). R@aalysis provides tools to
select possible optimal models and to discard sinapones independently from
(and prior to specifying) the cost context or thess distribution. ROC analysis is
related in a direct and natural way to cost/beraafdlysis in diagnostic decision-
making. Widely used for many decades in mediciadjology, psychology and
other areas , it has been introduced relativelgnttg into machine-learning and
data mining. We use the area under the ROC curliCjlas a quality metric for
classifiers (and ensembles). The AUC for multiclassblems was approximated
by weighted averaging the AUC of 1-vs-all binarylpgems as proposed by
Provost and Fawcett (2001).

Training time: This measure is an applicative one. It is sigaifit for two
reasons. First and most logical, heavy time consiamps undesirable. A fast-
learning ensemble that will yield the best accuracyarea under ROC is

preferred. Second, the longer the training timeawfensemble, the more CPU
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time — and energy -- it requires. This is very impot consideration for mobile

platforms that may be using an ensemble for vaneasons
5.1.7. Ensemble Size

Since accuracy and the classifier complexity afectgd by ensemble size
(number of classifiers), we examined three ensemdigurations starting with one,
three and six inducers. The equation below desztitre size of the whole ensemble,
n

en

Ne, = Npg * k(k =1 (7)

en

where n,, is the number of inducers akds the number of classes in a dataset. For

example, the size of the Troika ensembles on flettataset, which contains 26

classes im,, = 6* 26(26—1) = 3900 when six inducers are being used, and 1950 and

975 inducers for three and one inducers respeytivel
5.2.Results

Tables 10, 11 and 12 present results obtained dliffarent number of inducers using
the 10-fold cross-validation procedure, which wegeated five times, and the one-
against-one binarization method. The superscrigtittdicates that the degree of
accuracy of Troika, with a confidence level of 95#&s significantly higher than the
corresponding algorithm. The "-" superscript iatks that the accuracy was
significantly lower. In Table 10 we used six indtxc€C4.5, PART, VFI, IBk, Bayes-
Net and SMO) for creating base classifiers; in €ald we used three inducers (C4.5,
VFI, IBk); and finally ,in Table 12, we used onlp@inducer (C4.5). We repeated all
tests three times with a different number of indsc® investigate the effect on
ensemble performance. In Tables 10-12 “Best B.@hds for best base classifier

chosen by cross-validation.
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Table10: Comparing ensemble algorithms using 6 inducedss CTrees), PART (rules), VFI (misc.), IBk (LazfBayes-Net (Bayes), SMO (functions).

Accuracy Area Under ROC Execution time
Dataset

Heart-statlog 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+2.17
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
balance-scale | 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+553 | 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 | 9554 [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 [85.56+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
Glass(5 classes)}49.40 + 12.64{+60.00 + 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
Z00 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 |189.51+4.18| 93.1 {1.00 +0.001+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| 852 |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




Table11: Comparing ensemble algorithms using 3 induceds5 CTrees), VFI (misc.), IBk (Lazy)

Accurac Area Under ROC Execution time
Dataset

heart-statlog 82.59+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 | 75.95+4.21 |7598+4.06 | 74.92 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 9558+294 | 9558+2.94 |9558+296 | 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 | 945 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
balance-scale 92.45+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+568 | 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+245 [95.99+0.92 | 94.03 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(b 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 | 95.49 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 [1184.7 +198.] 136.76 + 2.63
LED7 71.63+2.43 |+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 +4.99 |+41.43+4.90 |74.46+5.05 | 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 + 18.47+3569.6 + 233.31243.56 + 39.66
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




Table12 Comparing ensemble algorithms using one indu€ér5. Summary of experimental results for UCI réqoog datasets.

Accuracy Area Under ROC Execution time
Dataset

Heart-statlog  [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 | 73.61 |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 + 12.23/61.86 +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
Balance-scale [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 +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+4.56 | 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)6.42 + 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
Zoo 93.93+7.21 +78.69+6.69|93.93+7.21 | 92.61 |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 4+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 +4.61 +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
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5.2.1. Results analysis - six inducers

While there are several datasets in which Troika'gree of accuracy was lower
than that of Stacking and StackingC, none are fgigmit. In other instances, Troika
achieved a much higher degree of accuracy compardtle other two ensemble

methods (Sonar, Splice, Glass, Flag, Vowel, and RRK).

A statistical analysis of the accuracy results ba entire dataset collection
indicates: (1) in five datasets Stacking achiewgghificantly lower accuracy
compared to Troika’'s; (2) in none of the datasetssdStacking excel Troika; (3) in
nine datasets, StackingC achieved significantlyeloaccuracy compared to Troika’s;

and (4) in none of the datasets does Stackingd exee Troika.

A statistical analysis of the ROC results for tinéire dataset collection indicates:
(1) Stacking and StackingC achieved significanthywér results compared to Troika
in two datasets and (2) Stacking and StackingC vieteer than Troika in one

dataset.

Although the mean execution time of Troika is lonti@n that for StackingC and
shorter than Stacking's, the adjusted non-paratnétiedman test with a confidence

level of 95% shows that these differences are igoifscant.

The null-hypothesis that all ensemble methods hedoest classifier perform the
same with six inducers was rejected using the &&fjuson-parametric Friedman test
with a confidence level of 95%. On the basis ofBlo@ferroni-Dunn test, we rejected
the null-hypothesis that Troika and Stacking perféhe same at confidence levels of
93.4%. The same test enabled us to reject the hgpistthat Troika and StackingC
perform the same at confidence levels above 99%@alllyj the Bonferroni-Dunn test
showed that there was no significant differencewbeth Troika and the best

classifier.

5.2.2. Results analysis - three inducers



Using Troika in conjunction with three inducers Igied results that resemble

those shown in Table 10 (six inducers).

A statistical analysis of the accuracy results ba entire dataset collection
indicates: (1) in six datasets, Stacking's accura@g significantly lower than
Troika’s; (2) in none of the datasets does Stackixcel Troika; (3) in ten datasets
StackingC's accuracy was significantly lower thaniKa’'s; and (4) in none of the

datasets does StackingC excel over Troika.

Statistical analysis of the ROC results for tharerdataset collection indicates no
significant difference between all the ensembleesuds, although Troika's results

were slightly better on average.

Statistical analysis of the execution time revéiadg there is a difference between
ensemble methods. Using the Bonferroni-Dunn te#t wiconfidence level of 95%

shows that Troika implementation time is shortampared to StackingC's.

The null-hypothesis that all ensemble methods perfthe same with three
inducers was rejected using the adjusted non-par@mEriedman test with a
confidence level of 95%. On the basis of the Baof@rDunn test, we rejected the
null-hypothesis that Troika and Stacking perforra fame with confidence levels of
92%. Using same test, we also rejected the hypstlibeat Troika and StackingC
perform the same at confidence levels above 99%.Bdnferroni-Dunn test showed

that there was no significant difference betwearnikerand the best classifier.

5.2.3. Results analysis - one inducer

One inducer results were very different compareth®case with three or six

inducers.

Statistical analysis of the ROC results of thererdiataset collection indicates no
significant difference between all the ensembleessds and the best classifier.
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Statistical analysis of the execution time revehig there was a difference between
the ensemble methods. The Bonferroni-Dunn test waittonfidence level of 95%
showed that Troika has a longer execution time pamed to Stacking and

StackingC.

Figures 3, 4, 5 and 6 present the four Troika‘'s R§p&phs, computed from the
results on Vehicle dataset using six inducers. Epaph belongs to one of Vehicle’'s

classes.
Vehicle dataset - Opel class
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Figure 3: ROC graph for “Opel” class. It can be seen thatkEoindicated by the

bold solid line, excels over its opponents in al@&ry segments of the graph.
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Vehicle dataset - Bus class
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Figure 4: ROC graph for “Bus” class.
Vehicle dataset - Saab class
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Figure 5: ROC graph for “Saab” class

Vehicle dataset - Van class
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Figure 6: ROC graph for “Van” class

As the graphs above indicate, there is a consistdnantage to Troika in all
classes of the Vehicle dataset. Although, in gdnese found no significant
differences in ROC results among all three testestmble schemes, Troika had an
advantage in multiclass datasets where there whsiesot number of instances in the

dataset.
5.3. Binarization method effect on ensemble accuracy

To ensure that the reason for the differences ifopaance between Troika and
Stacking and between Troika and StackingC wereaelated to the ability of one or
the other to handle a particular binarization mdthave conducted additional
experiments in which different binarization methoglsere used to train the base

classifiers.

5.3.1. Experiment setup
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The configurations of Troika, Stacking and StacKingere left untouched from
the previous experiment. We again tested all enk=mitsing one, three and six
inducers. The primary difference from the first esment, apart from fewer tested
datasets, was solely the method of binarization used in training the base

classifiers.
5.3.2. Base Classifier Arrangements

We tested three arrangements for training baseifiexs. Two are binarization
methods -- the one-against-one (1-1) and the oamsigall (1AA) —while the third,
all-against-all (AAA), is a non-binarization methodwhich base classifiers train the

entire train-set, without any class-binarizatidre(tdefault training method).

One-against-all (1AA) is the simplest arrangemerdgthod. When given a
problem withk classesk binary classifiers are produced by using this methiEach
classifier is exercised to distinguish a clasgr@m the remaining classes. The final
prediction is usually given by the classifier witte highest output value, as done in

StackingC, or by combining them in some manner.

On the other hand, we term the methodology useklerirst experiment as one-

against-one (1A1). Recall that this methodologyststs of@ predictors, each

differentiating a pair of classes; @nd G, wherei j. To combine the outputs
produced by these classifiers, a majority votindpesce is applied. Each 1Al
classifier gives one vote to its preferred clasee final result is the class with most of

the votes.
5.3.3. Experiment results

Table 13 summarizes the average AUC results othallensemble methods. It
shows that Troika performs better than its rivadgardless of the binarization
method. In total, it won 7 out of the 9 (78%) expemts; 6 of 6 (100%) when using
three or six inducers. The class binarization metatfected the AUC. On average,
1A1 yielded better AUC results than the rest whikeA yielded the worst. StackingC
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exceeded Stacking in 5 out of 6 experiments whkee lase-classifiers training
methods were 1-All and AAA. The evidence shows thabika is superior to

Stacking and StackingC when using more than ongcerdfor base-classifiers.

Table 13 Mean AUC (area under ROC graph) for all assemblighods.

Binarization #Inducers Stacking StackingC Troika Arrangement

method average
1 0.87 0.87 0.87

1A1 3 0.88 0.90 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

We can see from Table 12 that Troika performedebethan the other
ensembles regardless of the binarization methothtéh, out of the 9 experiment that
we have conducted, Troika exceeded in 8 (89%).dffiker out the experiments
where one inducer was used then the results showsal exceeded in all
experiments (6 of 6). The AAA training method haeé hext best results. The best
performance was obtained with 1A1 coupled with ehireducers. Interestingly, all
ensemble methods achieved their peak ROC resuits this configuration. The
poorest results always appeared using a singlacardregardless of the base-
classifier training method. On the other hand, éh&asn’t hard evidence that using

six inducers, rather than three, yields betterltesu

Table 14 Mean execution time for all assembly methods.

Binarization #Inducers Stacking StackingC Troika Arrangement
method average

1A1 1 3.27 1.42 1.66 44.73
3 125.29 64.91 25.13
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6 99.02 53.33 28.56
1 4.59 1.41 2.30

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 2050  14.14
6 18.88 11.96 41.85

Average - 31.20 17.05 16.65

We can see from Table 14 that Troika execution tsregnificantly better than
Stacking and StackingC when using the 1-1 binadmaimethod. One of the
explanations for this particular result is that whesing 1-1, the base-classifier count
is much higher than when using 1AA, which is evegghér than when using AAA.
This proves our claim that when the number of belsssifiers increases, the
execution time growth with Troika is lower than kwistacking and StackingC. We
can see that Stacking runtime was longer with thineleicers rather than six. We
attribute this phenomenon to the fact that we thezperiments on different

computers.

Finally, we can see that Troika execution time \eager than other ensembles
when using the AAA base classifier training methiodthis particular method, where
minimal base classifiers were induced, the negessit training Troika’s

comparatively larger number of combining classiertended its execution time.
5.3.4. Summation of statistical results

In this section we use the statistical proceduap@sed in Demsar (2006) to
determine which algorithm performs best over midtigatasets. First we used an
adjusted non-parametric Friedman test with a cenfié level of 95% to determine
whether the differences between the ensemble metaa significant. Later, if we

found a significance difference, we used the BaonferDunn test with a confidence

18 This does not affect our conclusions, because wiegompare execution time of
the three ensembles, we compare how each functidarms, given the number of
inducers and method of base-classifiers trainitgs teliminating the between
treatment effect.
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level of 95% (when not specified otherwise) to fimthich ensemble differs from

Troika. The summary of the results are provide@able 16.

The "+" sign indicates that the degree of accui@cyroika was significantly
higher than the corresponding algorithm at a cemioe level of 95%. The "=" sign
indicates the accuracy was not significantly ddfgr The “+ (xx%)” superscript
indicates that the degree of accuracy of Troika wigsificantly higher than the
corresponding algorithm at a confidence level of%xxThe summary table
demonstrates that in most configurations, Troik&suracy significantly exceeded

that of Stacking's and StackingC's .

Table 15 Shows a summary of the different statistical gigances in the accuracy

performances of the three ensemble methods.

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

+ = +
1A1 +
6 + + +
+ + +(91%)
1AA 3 None n/a n/a
6 + + +
1 None n/a n/a
AAA 3 + + =
6 + + =

A close examination of the results in Tables 10afad 12 indicates that there are
some datasets which disagree with our intermediateclusions. Troika performs
worse than Stacking in both the Zoo and Soybeassdtst. These poor performances
emphasize Troika’s weaknesses. The Zoo dataseehas classes, 101 instances and
252 base-classifiers that must be trained usingl#iebinarization method. The
Soybean dataset contains 19 classes and 683 iestavwe explain Troika's poor
results as arising from the small humber of instanin relation to the number of
classes. While Stacking and StackingC have one iangplayer, Troika has three.
This attribute forces Troika to distribute the miag meta-instances among the three
combining layers. Consequently each layer recdewsr instances than the Stacking
or StackingC meta-combiner. When there are enaogfiances in the datasets, this is
not a major drawback. But when the original numbkemstances in the dataset is

very small in respect to the number of classes, iy lead to an inferior ensemble.
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Specifically, in deciding which ensemble methodutitize, we found the following
index useful: the number of instances dividedH®ysquare of the number of classes.
For example in 1A1 binarization method Troika skidoé chosen if the dataset index

is higher than 3.

Another important finding from our experimental gyundicates that StackingC
yields a very poor ensemble when base-classifieese wrained using the 1-1
binarization method. This emphasizes another gdtibwate of Troika. Assuming
that some or all of the base-classifiers may notoald not be trained on more than
two classes of a multiclass dataset, then TroikbBhave a significant advantage over
StackingC and Stacking. In comparison to TroikackingC yields a poor ensemble
when coupled with base-classifiers trained usirlg dinarization method, as shown
above. As for Stacking, compared to Troika it i;y@y not that good with multiclass

datasets.

5.4. Comparing Troika to non-Stacking ensemble methods

After testing and comparing Troika to Stacking &dthckingC, we compared
Troika to other combining methods - Performance gifieng [Opitz and Shavlik,
1996], Distribution Summation [Clark and BoswelR9l], Bayesian Combination
[Buntine, 1990] and Naive Bayes idea for combinuagious classifiers [John and
Langley, 1995].

We utilized the same UCI dataset and three indueel48, VFI and IB1. We did
not use the binarization process on the base fitassiFrom each inducer we created
two models based on the 125% instance processvigexplained in section 5.1.5.
Since each inducer produced two models, each cangbimethod combined six
classification modeldt should be noted that each result contains te¢a items; the
predictive accuracy, standard deviation and ranikh{w the parenthesis). For
example the value “79.64+8.09 (2)” indicates anuagcy of 79.64%, a standard
deviation of 8.09 and a rank of 2. A smaller rambetter.

Tablel6 Comparing the prediction accuracy of several combinensemble
methods to Troika on 24 UCI datasets.
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79.64+8.09 (2)

80.17£6.74 (1)

79.109.76 (3)

75.71%5.60 (5)

76.64+9.56 (4)

# 81.44+3.93 (2.5) 81.44+3.93 (2.5) 75.3744.95 (5) 81.12+3.96 (4) 88.00+2.05 (1)
# 74.56+11.27 (3) 74.91%11.47 (1.5)  65.07+8.84 (5) 74.91%11.47 (1.5)  71.346.17 (4)
# # 77.535.22 (2.5) 77.535.22 (2.5) 74.268.50 (5) 77.1945.61 (4) 78.81+7.04 (1)
# 84.06+3.74 (2) 83.19+4.59 (3) 78.26+3.35 (5) 81.30+4.90 (4) 86.96+3.55 (1)
71.4545.56 (2) 70.935.20 (4) 67.81+4.32 (5) 71.195.22 (3) 73.41£4.65 (1)
$ 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)
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& ¢ 70 95.19+4.07 (3) 94.96+3.83 (4) 95.42+3.39 (2) 94.05+4.04 (5) 96.56+2.68 (1)
&t # 78.55£10.28 (3.5) 78.55£10.28 (3.5)  75.84+9.77 (5) 79.938.30 (2) 82.02+6.28 (1)
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94.45+2.0 (2) 90.38+1.75 (4) 91.1+2.04 (3) 80.16+1.8 (5) 95.99+1.6 (1)
- 73.88+4.57 (2) 72.58+4.56 (4) 71.1745.52 (3) 71.5244.37 (5) 73.76+4.17 (1)
# # 95.99:+2.85 (3.5) 95.99+2.85 (3.5) 95.42+3.08 (5) 96.85+2.69 (1) 96.13+2.35 (2)

98.89+3.51 (2.5)

98.89+3.51 (2.5)

99.00+3.16 (1)

97.89+4.46 (4)

96.78+7.38 (5)

2.46

2.84

4.18

3.18

/0)

Table 16 shows that among all the five combininghoés, Troika achieved the
smallest average rank. The second best was Bayesmbination, then Distribution
Summation followed by Performance Weighting. Thest@ombining method was
the Naive Bayes Combination. The non-parametricdfan test result showed that
at least one combining method performance was fgignily different statistically.
With the Bonferroni-Dunn test, we found that despis high rank, Troika was only
statistically better than the Naive Bayes Combamatmethod. The difference

between the other methods was statistically inBamt (using =0.05).

Among the noticeable disadvantages of a meta-leasi@ combining method is
that it takes extra time to train the meta-learfdrs fact was very evident in this
experiment. Training Troika was more than ten tinsswer than the other
combining methods. However, when training time @& wery important, then the

better accuracy of Troika makes it the preferablalzining method.

5.5. The effect of dataset class count on Troika
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To investigate another interesting parameter; tfiecte of class numbers on
Troika's performance, we took the KRKOPT datagedtéinces distribution shown in
Table 17), which initially has 17 classes and malaited it several times. The dataset
was examined with an increasing number of clagsesder to examine the relation

between the number of classes and the predictiferpeance.

The manipulation was very simple. For the creatbrthe first derived dataset,
“KRKOPT-2-clss”, we started with the original KRK@Rlataset and filtered only
instances of the two most prominent classes (tleasses which had the most
instances). Then to create the “KRKOPT-3-clss”, implemented the exact same
procedure as with “KRKOPT-2-clss”, but filtered gnhe instances of the three most
prominent classesThis was repeated with “KRKOPT-4-clss”, “KRKOPT-&€”,
“KRKOPT-6-clss” and “KRKOPT-7-clss”. At the end dlfis process we had six
datasets, each with a different class count angbeu of instances. Table 18

specifies the list of datasets which were usetiméxperiment.

Table17: Original KRKOPT dataset instance distribution oetkby instances
quantity.

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 18 Six KRKOPT derived datasets

Dataset name Contained classes
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KRKOPT-2clss Eleven, Draw

KRKOPT-3clss Eleven, Draw, Fifteen

KRKOPT-4clss Eleven, Draw, Fifteen, Ten
KRKOPT-5clss Eleven, Draw, Fifteen, Ten, Nine
KRKOPT-6c¢lss Eleven, Draw, Fifteen, Ten, NinggtE
KRKOPT-7clss Eleven, Draw, Fifteen, Ten, Ninggt#, Seven

5.5.1. Experiment results

In this experiment we used the same ensemble aoafigns as we did in the
previous two experiments. Our metrics remained anghkd: accuracy, AUC and

runtime. All base-classifiers were trained using 1R1 binarization method.

Figures 7, 8 and 9 present the accuracy resulisaka, Stacking and StackingC

when using 1, 3 and 6 inducers respectively.

Percentcorrect vs. number of classes (1 inducer)
105
95
[} \
ud 85
G
(] 75
X
65
55
45
35
25
#classes=2 #classes =3 #classes=4 #classes=5 #classes=6 #classes=7
—#—Stacking 9223 B193 76.13 74.84 71.08 88.47
StackingC 9205 Bl1.04 6151 46.79 36.89 3148
—a—Troika 92.26 B1.85 76.55 7472 708 67.54
—#— Best baseClassifier (by x-val) 81.43 77.98 72.17 70.67 67.93 67.43

Figure 7: The correct prediction rate as a function of ctamsnt in datasets using one
inducer (J48).
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From Figure 7, it is evident that the accuracy othbTroika and Stacking are
pretty much the same but with a small advantagsetacking. This is not surprising
since we used only one inducer. On the other h&tatkingC accuracy performance
decreases rapidly as the number of classes inatasets increases. We have already
seen this effect in previous experiments and aiieilit to the 1-1 binarization method
for training the base-classifier. The accuracy taic&ing and Troika is better than the

best base-classifier selected by cross-validation.

Percent correct vs. number of classes (3 inducers)
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#classes =2 | #classes=3 #classes=4 | #classes=5 | #classes=6 | #classes=7
—#—Stacking 9181 79.94 73.04 69.68 64.79 62.24
StackingC 9152 72.78 60.38 52.71 48.75 4359
—k—Troika 9212 B4.06 78.4 75.44 71.39 6B.77
—— Best baseClassifier (by x-val) 2091 80.33 74.15 71 67.93 67.43

Figure 8 The correct prediction rate as a function of ctamsnt in datasets using
three inducers (J48, IBK, and VFI).

Figure 8 indicates that Stacking and Troika hawvaesaccuracy rate when the
dataset has two classes. When the number of clasdbsee, a gap between the
Stacking and Troika emerges in favor of Troika. tAe number of classes in the
dataset increases, this gap increases. Stacking@a&y performance continues to
drop as the number of classes in the datasetsasese Only Troika has better
accuracy than the best base-classifier selectedrtys-validation. It seems that

adding inducers to the ensemble impaired Stackiogracy.
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Percent correct vs. number of classes (6 inducers)
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#classes =2 #classes = 3 #classes = 4 #classes = 5 #classes = 6 #classes = 7
—4#—Stacking 93.06 80593 74.08 7173 67.39 64 .68
StackingC 9186 7254 5963 53.02 49 4402
—d— Troika 9393 B86.17 8133 7877 75.84 7318
—w— Best baseClassifier (by x-val) 91.83 80.33 74.15 71 67.91 67.01

Figure 9: The correct prediction ratio as a function of clessnt in datasets using six
inducers (J48, IBK, VFI, Part, BayesNet and SMO)

Figure 9 shows that Stacking and Troika have apprately the same accuracy
rate when the dataset has two classes. When théenuoh classes is three, a gap
between the accuracy of Stacking and Troika is &ofnm favor of Troika. As the
number of classes in the dataset increases, tpisngeeases. We have already seen
this behavior before when using only three inducé&tse additional three inducers
help increase the accuracy of both Troika and $tgclNevertheless, Troika remains
the sole ensemble with a better accuracy than #s¢ lbase classifier selected by
cross-validation. Evidently, adding inducers to tBtackingC ensemble did not

enhance its accuracy as expected.

To conclude the above results, Troika producedebgitedictions, especially
when dealing with multiclass datasets; the gretiternumber of classes, the larger

the gap between Troika and other ensemble methods.
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6. Conclusions and Future Work

In this paper we presented a new ensemble methoakal which is an
improvement over the Stacking ensemble scheme.aA8tihcking uses one meta-
classifier in a rather simplistic manner, Troikaashthree layers of combining

classifiers.

The goal of Troika was to address Stacking wealasgssamely, its weak
performance with multiclass datasets. This wasmaptished with a runtime that was
the same or better than Stacking’s when many bassiters participated in the

ensemble.

An even greater challenge that we faced was to miakéa better than
StackingC which had already proved itself as anrawgment over Stacking. While
StackingC tended to perform worse than StackingTaotka in our first experiment,
in the second experiment it was superior to StagKkiut remained inferior to Troika
in terms of its prediction accuracy.

We performed three major experiments in this worke first experiment
evaluated Troika's performance for a large grougatésets. We depended solely on
the 1-1 binarization method for base classifiemtr. In order to find whether the
number of inducers affected Troika performance ewgeriment with one, three and
six inducers. The second major experiment was dedigo show if Troika's good
results, obtained in the first experiment, dependedhe method of training base
classifiers. Our third and last major experimenaltavith the ability of Troika to
preserve its status as the best ensemble methrethtion to an increasing number of

dataset classes.

From all the experiments we determined that Trpiladuces better results than
Stacking and StackingC in terms of accuracy irretipe of the base-classifier
binarization method we chose. Furthermore, we faatl when execution time was

not critical, Troika appeared to be the best cha@preng non-stacking combining
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methods. Regarding the runtime, our experimentscateld that Troika was
preferable only when the base classifiers werengdhiusing the 1-1 binarization
method. Troika showed a better AUC mean than th&tacking and of StackingC,
even though we couldn’t get the needed statissiepport with high confidence level
due to a high variance among the results. We alsoussed some of Troika’'s
drawbacks, such as slow execution time compareaitkiig and StackingC when the

base classifiers were trained using the AAA biratran method.

Additional issues to be further studied include:

* Optimizing Troika’s combining classifiers — In thigork we used only one kind
of inducer for all combining classifiers. We feélat further progress may be
made in this direction by determining which indue@s best suitable for each
combiner layer.

* Optimizing the Troika training process — In Trolka assumed a 5x5 inner cross-
validation process in the training phase. In otWerds, there were five cross-
validations for specialist classifiers and five fbe meta-classifiers. (The super
classifier wasn'’t trained using cross-validationlVe do not know whether this
approach was optimal.

* Training meta-classifier to be pattern-sensitivee $howed that Troika's meta-
classifiers recognized one of three possible pateWwe would like to have the

meta-classifiers address this problem more efftren
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