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Abstract
In the context of Multiple Classifier Systems, diity among base classifiers is known to be a rsecgs
condition for improvement in ensemble performatceghis paper the ability of several pair-wise dsity
measures to predict generalisation error is contp&@&ew pair-wise measure, which is computed
between pairs of patterns rather than pairs o$ifilas, is also proposed for two-class problerris. |
shown experimentally that the proposed measureliscarrelated with base classifier test error @seb
classifier complexity is systematically varied. Hoxgr, correlation with unity-weighted sum and \iete
shown to be weaker, demonstrating the difficultghioosing base classifier complexity for optimaidun.
An alternative strategy based on weighted comhlminasi also investigated and shown to be less sensit
to number of training epochs.

Keywords: decision level fusion, multiple classiieensembles, error-correcting, binary coding

1. Introduction

A method of designing pattern recognition systdmsewn as the Multiple Classifier System (MCS) or
committee/ensemble approach, has emerged ovelt sezen to address the practical problem of designi
classification systems with improved accuracy dficiency. The aim is to design a composite systieat
outperforms any individual classifier by poolingiéther the decisions of all classifiers. The ratleris

that it may be more difficult to optimise the desigf a single complex classifier than to optimise t
design of a combination of relatively simple classs.

Attempts to understand the effectiveness of the M&@8ework have prompted the development of
various measures. The Margin (Section 4.1) congaptused originally to help explain Boosting and
Support Vector Machines. Bias and Variance (Seeti@h are concepts from regression theory that have
motivated modified definitions for 0/1 loss functifor characterising Bagging and other ensemble
technigues. Various diversity measures (Sectidma8 been studied with the intention of determining
whether they correlate with ensemble accuracy. Mewéehe question of whether the information avdéa
from any of these measures can be used to assiStdéd€ign is open. Most commonly, MCS parameter
values are set with the help of either a validasiehor cross-validation techniques [1]. In [2]she
measures are described and explained in the casftaxtote counting framework. In this paper, imtcast
to [2], the proposed measure relaxes the assumptidfamming Distance (equ. (22)) and is
experimentally compared with various pair-wise Déity Measures.

Although it is known that diversity among base siffers is a necessary condition for improvement in
ensemble performance, there is no general agreexbent how to quantify the notion of diversity argan
set of classifiers. Diversity measures can be caitegd into two types [3], pair-wise and non-paisev In
order to apply pair-wise measures to finding oveligkrsity of a set of classifiers it is necesdary
average over the set. Non-pair-wise measures diternpeasure diversity of a set of classifiersatiye
based for example on variance, entropy or propordialassifiers that fail on randomly selectedqrats.
The main difficulty with diversity measures is @ called accuracy-diversity dilemma. As explaimed
[4], as base classifiers approach the highestdefelccuracy, diversity must decrease so thaekpected
that there will be a trade-off between diversitd agcuracy. There has been no convincing theory or
experimental study to suggest that there existsraasure that can reliably predict generalisatioor ©f
an ensemble. In [3] the desirability of using negdy correlated base classifiers in an ensemble is
recognised, and it is shown experimentally that foair-wise diversity measures (equations (14 L)
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are similarly related to majority vote accuracy wittassifier dependency is systematically changed.
conclusion in [5] was that the Double Fault meagacggiation (17)) showed reasonable correlation with
some combination methods. Since there is a laakgeheral theory on how diversity impacts ensemble
performance, experimental studies provide an ingpotontribution to discovering whether a relatlups
exists and if so whether it can be quantified amdiewstood.

To be really useful for MCS design, a measure shbalcapable of extracting relevant informatiomrfro
the training set. Model selection from trainingadistknown to require a built-in assumption, sireagistic
learning problems are in general ill-posed [6]. BBsumption here is that base classifier complexity
varied over a suitable range and that over-fitththe training set is detected by observing charge
diversity or correlation. It is shown experimentati Section 6 that, over a range of datasets, some
measures are well correlated with base class#fsrerror when number of training epochs is vaded.
with Bias /Variance definitions (Section 4.2) onegnassume that the underlying probability distidns
are well-behaved, and it is easy to construct exesrgf probability distributions for which the meth
fails. The results in Section 6 also demonstraaedbrrelation with unity-weighting test error istras
strong as with the mean base classifier test élit@trating the difficulty of choosing base cldises
complexity for optimal fusion. An alternative stgy based on weighted combination is also invdstija
and the sensitivity of combined test error to nundfepochs is compared with unity-weighting.

The paper is organised as follows. A measure ofetaiion, based on a spectral representation of a
Boolean function, is defined in Section 2. Convamai pair-wise measures are described in Section 3,
which also includes proposal of a new pair-wise sueacomputed over pairs of patterns rather thas pa
of classifiers. Margin and Bias/Variance are disedisin Section 4, and in Section 5 various weighted
combination schemes are proposed. Experimentakbmed] incorporating Multi-layer Perceptron (MLP)
base classifiers in an MCS framework, is preseatetlevaluated in Section 6.

2. Spectral Measure of Correlation

The architecture envisaged in this paper is a @i S framework in which there aBeparallel base
classifiers whose outputs are combined either tipg@r summation. Unity weighting will be desigeet
as MAJ (majority vote) or SUM. The study is regtitto two-class supervised learning problems for
which we assume that there arpatterns with the label given to each patiégrdenoted byu, = f(X,)
wherem = 1 ... andf is the unknown function that majs to the target labeky,. In general the original
features associated with each pattern are reabdddut we have no need to refer to them explicitly.
Instead, we represent theh pattern by the B-dimensional vector formed from @feal-valued) base
classifier outputg given by

X = (Egr e s Eng) s & O[0,1], @y J {01}, i=1..B (1)

In this paper we stick to the convention that, veteepair of subscripts refers to pattern and dlesghe
first subscript refers to the pattern and the seé®utscript to the classifier.

If one of two classes is assigned by eadB bése classifiers, thath patternX,,, in (1) may be represented
as a vertex in thB-dimensional binary hypercube, resulting in a birtarbinary mapping between
classifier outputs and target labels

X = (Ks X+« Xing) Xmandam 7 {0,1}, i=1...B @
In [9], a spectral representation of a Booleantiond(X) is proposed for characterising the mapping in (2)
between base classifier outputs and target lalmet®ntrast to the conventional method of represgrat
Boolean function as single vertices of the binagyencube, a spectral representation incorporatésag|
information about the function in each spectraffa@ent. A well known property of the transforrtigat
characterise these mappings (e.g. Rademacher-Wadstiorm [7]) is that the first order coefficients
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represent the correlation betwdéX) and x [8]. First order coefficientsrovide a unique identifier ¢¢X)
if it is linearly separable, and through table-lapkprovide weights for a Threshold Logic Unit (TLU)
implementation. The meaning of higher order coieffits as measures of correlation is given in [8].

In [2] a method of estimating the first order dioednts is described, which is based on represgiiK)
using a correlation measure called sensitwitthat indicates whether a change in binary valugves
rise to a change iitX). For a completely specified Boolean function (triathle available), thenth pattern
componenky, is assignedr,; (j=1,2,...B) as follows

+ — — — —
O =Xy 0%, =1, Xy =@, 2@, Y. (X 0 Xye) =1 3)
k=1
B B
O =Xy 0% =1, Xy = 2@, Y (X 0 Xye) =1 (4)
k=1

B
where Hamming DistancB®,, (X, X)) = Z(ij O an),
i=1
] is logic exclusive-OR

Applying (3) and (4) involves a search in whichlepatternXmof one class, is paired with patterns of the
other class that are unit Hamming Distancg)(@part, and settingm;” = 1 if Xy = @y andom = 1
otherwise. The search process is identical toitstestage of logic minimisation, a descriptionadfich can
be found in any standard textbook on combinatitwit. In the context here, it may be interpreted a
finding a pair of patterns for which all classifeare identical except one, which is either podigior
negatively sensitive to that pattern pair. Eaclepaicomponenty then has associateg,, and these
contributions can be added, a technique that isvhras spectral summation. [8]. Although spectral
summation is not new, the idea of separation iokitiye and negative contributions is novel ariolved
Boolean functions to be tested for separabilitye Tdcthnique, along with simple examples, is expthin

[2] and [9]. Using spectral summation the differebetween excitatory and inhibitory contributions,

U U U
Z Umj+ and Z Umj_ gives thgth first order spectral coefficient. The existenceE:m‘Umj+ >0and

m=1 m=1 m=1

U
Z g mj_ > Ofor givenj provides evidence that the set of patterns issegarable in thgh component
m=1

[7].

Clearly, for a realistic learning problem the unkmobinary-to-binary functiofi will not be completely
specified. Therefore two changes to (3) and (4yeqeired for a problem in which patterns may bisyjo
incompletely specified and perhaps contradictoirgt i is assumed that all pattern pairs drawmfro
different classes contribute, rather than justibarest neighbours. Second, with no evidence to the
contrary, the contribution from a pattern pairgsuamed to be inversely proportionallg and shared
equally between all pattern components that diffaen themth pattern component; is assigne@y,; (
j=1,2,...B) as shown in the following two equations, whice arodifications to equ.(3) and (4)
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“ooox X
+ mj nj —
O =) —2—3 X =W %W (5)
mj ~ DH (xm’ xn) mj m n
“ooox O X
mj nj :wniwmi (6)

g. =y —— X
" EDH(Xm’Xn) :

Atfter applying (5) and (6) thgh componeniy; of a pattern pair has associates};” only if the jth base

B
classifier mis-classifies both patterns. Therefweeexpect that a pattern with relatively Iarg ij_ is

=1
likely to come from regions where the two classesrlap. Now we would like to define a measure for
each pattern that is based on a summation of botishs. For any pattern, say thth pattern consider a
measure that uses (5) and (6) that looks at the difference between relativeedtffice between excitatory

B B
and inhibitory contribution§: (o " and Z Jm-_ normalised so that 4 g, <1

=L =L
1 Bl g’ o,
_ nj nj
* RS 0
J:

u
. _
O’ D Ou
m=1 m=1

+ -
g

nj

B a'n]_
where K ZZ m

+
- A
Yo Doy
m=1 m=1

In [9] anis interpretedas indicating how well theth pattern is separated from patterns of the ottzaisdby
the set of B classifiers. It may be compared withMargin for thenth pattern which represents the
confidence of classification. It is possible toidefCumulative Distribution graphs for, [2] similar to
Cumulative Distribution graphs for Margin (Sectibn ), that igy(or) versuso, whereg (o) is the fraction
of patterns with value at leagt. Areas under the distribution are plotted in [&]this paper, as base
classifier complexity is varied, we plot numbepoitively correlated patternsfras well as the mean
over positively correlated patterres) (@iven by

L1
n _;nZ:;”a-n)’ (8)

wherd(z)=1 if z> 0 and 0 otherwise

1
o=—)»0, o&>0
uzl ©
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3. Diversity Measures

Various approaches to defining diversity, and teigheining the relationship between diversity and
accuracy, have been proposed. For our study weédesnmir-wise diversity measures, and follow the
notation used in [3], in which the output of a sléer is defined to be 1 if a pattern is correctyssified
and 0 otherwise. Let the jth classifier output urtties labelling scheme bgadimensional binary vector
given byymjwhere m=1,....

3.1 Pair-wise diversity over classifiers
The following counts are defined fith andjth classifiers

u
NY = Z Yori U Yo (10)
m=1
0 _ % -
N7 = Zymi Dymj (1D
m=1
10, — £ N
N& = Z Ymi Dymj (12
m=1
[0 — S o
N5 = Zymi Dymj (13
m=1

where [ is logical AND andy is the logical complement of

The Q statistic, Correlation coefficieqf)( and Double Fault (F) measures defined in [3]natease with
decreasing diversity. Here an Agreement (A) measuttefined as (1 — Disagreement) to make it also
increase with decreasing diversity so that
NllN 00 _ NOlN 10
Qi i T NI 00 01p 10 (14
N-"N"+N™"N

NllN 00 _ NOlN 10

P = 15
] \/(N11+Nlo)(NOl+NOO)(N11+N01)(N10+NOO) ( )
N01+N10 (16)

A =1- NZ+ NP+ N+ N©
N 17)

Fij = Nll+ NOO+ N01+ NlO
where thej subscripts for N in (14) to (17) have been omifta convenience

The summation of diversity measufel ] {Q, o, A F} over B classifiers is given by
B-1 B
A, =224, (18)

i=1j=i+1
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2
so that multiplying by————— gives mean diversity.
plying yB(B—l) g ty.

3.2 Pair-wise diversity over patterns

Although diversity measures are conventionallywaked over base classifiers as in equations (L4) t
(17)., itis also possible to compute them ovetgpas [10].By analogy with the spectral measure of
correlation, (7) we propose to calculate divensigasures over patterns between the two classefoassf

B B
g1l — o
Let N mn = E Yoi 0¥y = E X OXi s
=1

j=1

~00 B B

N “mn =Zymj Dynj = mej DXn]—,
=1 =1

~10 B B

N mn :Zymj Dynj = Zij Dan ,
=1 =1
B B

Noomn - Zymj D)_/nj = Zimj Dinj ,

wherexy; is defined in (2) ith pattern haso=1andnth pattern hasus=0

Then
’ N‘nN‘oo_ N‘01N‘10
Q T SIG 00 5 oLg10 (19)
™M NTNT+NTN
Now define the summation for tiith pattern over patterns
U
Q=>Q.,.. w%w, (20)
m=1

Using (20) each pattern may be considered to haessociated diversity leading to a distributionilsir

to the margin and distributions. We compute the mean over thosepetiwith positively valued
coefficient as in (9)

M 1
Q=>0Q,.Q,>0 (21)
n=1
P, A, F' are similarly defined as in (15) to (17)

Also we define a new measure for each patternasiriail (7), normalised so thatl < 0;, <1
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, 1 N 11 .| 00
o, :? T (22
. 11 | 00
2N 2N,
m=1 m=1
_ N N i
where K = —+ and Nrfl:Zernln, W, W,

The difference between (22) and (7) is that eadivitiual elemenky,; is not assigned a value depending on

Hamming Distance. In Section 6 results suggesithanda, are both well correlated with base classifier
test error.

4. Other Vote Counting measures

4.1 Margin

The Margin ;) of thenth training pattern is defined as the differenceveen the weight given to the
correct class and the maximum weight given to dtlyeother classes [11], as follows

XY ax,
M, (X, T(X,)) = =

B
Z‘C’J‘
=1

M, is a number between —1 and +1, positive for aectalassification, and its absolute value repréasgn
confidence of classification. A useful visualisatig a plot of Margins as cumulative distributiaaphs,
that isg(z)versus z where z is the Margin ay(@)is the fraction of patterns with Margin at leasiz[2],
area under cumulative distribution is plotted asag of quantifying confidence of classification foset of
patterns. In this paper, we simply plot the meaer @ositive margins similar to (9).

U
M, M,>0 (23

n=1

M =

NI

In [11] it is proved that larger Margins are asatei with superior upper bounds on the generalisati
error, but also it is recognised that the boundshat necessarily tight and therefore of limitedgtical
usefulness (tighter bounds are claimed in [12Bplhears that for some problems outliers and
misclassifications can distort the Margin distribaf causing over-fitting even though Margins are
increased.
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4.2 Bias/Variance

Bias and Variance are concepts from regressiomyiteat, for 0/1 loss functions, are intended tarfify
the difference between classifier and Bayes detisaundary. However there are some difficultiefhiwit
the various Bias/Variance definitions as reporteflB]. First, no single definition can satisfy bozero
Bias/Variance for Bayes classifier and additiveashegosition of error (as in regression theory). $ebg
it is easy to think of pathological probability tlisutions for which the bias and variance effests non-
intuitive, for example bias or variance decreasihde error rate is increasing [13] [15]. Thirdtizere is
the practical difficulty that the Bayes classifioatneeds to be known or estimated, although some
definitions [14] do not account for the Bayes ertorour experiments, we use Breiman’s definitidB][
which is based on defining Variance as the compioofesiassification error that is eliminated by
aggregation. Patterns are divided into two se¢sBihs set containing patterns for which the Bayes
classification disagrees with the aggregate classifid the Unbias set containing the remainders Bi
computed using patterns from the Bias set and Weeigs computed from the Unbias set, but both &iak
Variance are defined as the difference betweeprbigabilities that the Bayes and base classifiedipt
the correct class label. This definition has norez&riance with zero bias for the Bayes classibeit
does satisfy the error decomposition propertyhabliase classifier error can be decomposed ilitivael
components of Bayes error, Bias and Variance.

5. Weighted Combination

The principle behind weighted combination is to aesvclassifiers that perform well, and there are a
variety of methods for determining the size ofwlegghts. In this paper we experimentally investghae
use of the correlation and diversity measuresdhitced in Sections 2 and 3 for setting the weigkitsf
the weights in this study are fixed in the senserlone change as a function of the particulaepatieing
classified. In[16] this is categorized as impli@rsus explicit data-dependence and in [17] astent
versus non-constant weighting, the latter imphangartitioning of the input space. Input spaceifiaming
is also implied by classifier selection, and a wkd@iscussion of selection versus fusion appeafs8h As
an example, the logarithmic weights used in Adah@though fixed/constant, are a logarithmic fimrct
of the errors on the training set. An analysis eighting is undertaken in [19], assuming unbiaset! a
uncorrelated estimation errors, and the conclusidimat it is difficult to outperform unity weiginty. It is
generally recognized that a weighed combination imayinciple be superior, but it is not easy ttreate
the weights. A method of estimating weights foinadr combination of neural networks, based on
minimizing classification error, is presented i®]2

We propose fixed weighting coefficier{tg j=1...B), all estimates made from training data, as follows

1 L&
:K_Z_:]_Z_;_{( ymj |:Jyn]) (ymj |:Jyn] )} (29
aj ——ZZ% Oyy) (25)
Ko i m
A 1 MU _ _
= _R‘_le{( ymj 0 ynj) + (ymj 0 ynj )} (26)
_ 1
- zz(ym Dyﬂl (27)
oF m=L el

wheremthandnth patterns in (24) - (27) are selected from diffe@assesc, # &,,and

normalization constantK are chosen so that weights sum to 1. The ideagiéomore weight to
classifiers that separate the two classes wellsd ighting functions are compared in Sectionth two
schemes that use single-layer perceptron (slmlitigato combine classifier outputs. Both schentitise
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the full training set, the first being unconstrairsip (@,)and the second having orientation weights fixed

(@) so that only slp bias is trainedrgp). Itis to be expected that unconstrained slp leéltl to over-
fitting and this is confirmed in Section 6.

6. Experimental Evidence

The purpose of these experiments is to determirferpeance as the number of hidden nodes and number
of training epochs of multi-layer perceptron (MUWYse classifiers are systematically varied. Ibistine
objective here to determine if combining classsfietith different complexity improves performanceda
each node-epoch combination is repeated ten tirteshve same number of nodes and epochs. All other
parameters of the base classifier MLPs are fixdldeasame values over all runs. The number of hidde
nodes is varied over (2-16) and number of traigpgchs over (1-32) and random perturbation of the
MLP base classifiers is caused by different stgntieights on each run.

Natural two-class benchmark problems have beentedlfrom [21] and [22], and the experiments use
random 50/50 or 20/80 training/testing splits. Tiatural datasets, including number of patterns, are
Diabetes (768), Cancer (699), lon (351), He&0j9Vote (435), Credita (690), Card (690). Fatadets
with missing values the scheme suggested in [213ésl. The artificial data is Ringnorm, Twonorm,
Threenorm from [15], and uses 300 training pattarms 3000 test patterns. All experiments are pedr
with one hundred single hidden-layer multi-layergeptron (MLP) base classifiers, using the Levegber
Marquardt training algorithm with default paramst@t;,v=0.001,1g4e=0.1,Uinc=10).

Figure 1 to Figure 5 shows Diabetes 50/50, a dataaeis known to over-fit with Boosting and other
methods. Figure 1 shows MAJ, SUM and base classiffer rates; comparison of test and train eraitgs
demonstrates that over-training of the majorityevdassifier begins at fewer number of epochs coetpa
with the base classifier. SUM and MAJ test errqgeegy similar and the mean difference between SUM an
MAJ over all datasets will be shown in Figure 11sAin Figure 1 is shown the number (percentag®bu
ten runs) of significant differences of majoritt@dMcNemar 95%) with respect to best majority et
error rate (2 nodes at 8 epochs). Note that at eates are mean over ten runs and base classifilmo
averaged over one hundred base classifiers.

Figure 2 shows mean values of Diversity measQres A, Fdefined in (14) to (18), along with'Nand
NN *4 (multiplied by 4 since max RN ®is 0.25) defined in (10) and (11). The decreadé™ (F)
over 8 to 32 epochs compared with the increase”iedplains the decrease ift'fN “°and hence the

peaking of Q at 8 epochs. Figure 3 shd@'s 0', A, F' defined in (20), (21), and Figure 4 shaws

g, 0' M, defined in (8), (9), (22), (23). Comparison @fiife 2 and Figure 4 with Figure 1 indicates
that Q,0, ' may be correlated with over-fitting. On the othand margin M, as expected, appears not to
detect over-fitting. In order to quantify the alyilbf the measures to predict generalisation, tiios
coefficients with respect to test errors are taledl®elow in Table 1 to Table 8.

Figure 5 (a-b) shows Bias and Variance (Breimamitieh Section 4.2) calculated on the test saic8i
we need to know the Bayes classification to compids and Variance, we make the optimistic
assumption that the lowest majority vote test emate (for this problem 2 nodes at 8 epochs) cpoeds
to Bayes classification. Bias is high for 1 to Delps and low for 4-32 epochs. At 8 epochs vari@net
affected much by number of nodes but increases21€p8chs, particularly for 16 nodes where oventjtt
is most pronounced. Bias and Variance for the ata&sets are given in [2], including artificiatalavhich
uses the true Bayes classification. Also showrigaiié 5 (c) is the standard deviation of MAJ tesbre

rate and in (d) the standard deviationaof.
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Figure 6 and Figure 7 show test errarsg’ M, Q for Diabetes 20/80 and Cancer 50/50. Cancer(i8/5
shown not to over-fit even at 16 nodes, but @Qmtihks indicating that it is not well correlateifhitest
error for this problem. Most of the two class prhé investigated in this paper, with the excepion
Diabetes, appeared resistant to over-fitting fertbmber of nodes and epochs over which the expetim
were run. This was even true for 20/80 trainingjfigssplit. To encourage over-fitting the experingen
were repeated for 20% classification noise, in W6% of patterns from each class are chosen @bnan
and the target labels toggled. Figure 8 showstests,g, ' M, Q for Diabetes 20/80 with 20%
classification noise, indicating over-fitting at&,16 nodes. Similar curves were also producetbfor
Heart, Vote, Credita, Card, ion for 50/50 and 208Blts both with and without 20% classificatiorise
Figure 9 demonstrates over-fitting of the basesdlas for all the 20/80 datasets with 20% clasatfion
noise. In all natural and artificial datasets, wbear-fitting occurred, MAJ over-fitted at a lowanmber

of epochs compared with the base classifier. Measgrg ', which are best correlated with test error (see
below Table 8), indicate that MAJ is optimised witieere are more negatively correlated (equivalently
fewer positively correlated) patterns compared wjgkimal base classifier. Curves for Twonorm, shawn
Figure 10, demonstrate very well the difficultycbfbosing base classifier complexity for optimalduas In
particular, from 2 to 4 epochs the base class#fielose to optimal while Majority Vote error iscieasing.

The correlation coefficients for base classifist tgror are given in Table 1 to Table 6 for indival
datasets. Each coefficient represents correlatitnrespect to number of epochs and is averagedtioge
four node settings. The mean correlation with resfgebase classifier, MAJ and SUM over all dagget
given in Table 7 and Table 8. As can be seen flmse tables, MAJ and SUM test errors appear tedse |
well correlated compared with the base classifier.

For Diabetes 50/50 (Table 1) the highest correfatiith respect to base classifier is &gr o' Q . For this
dataset, only these three measures showed umécaigly correlated (95%) when compared with
random chance. However the mean for 50/50 datgEstde 7) shows that Q overall is poorly correlated
In fact the mean over 50/50 datasets indicatesathexcept Q are well correlated. It is believiedttthis is
due to the datasets being resistant to over-fitfiog example M for Diabetes 50/50 is relatively lo
compared with mean value of M over all 50/50 dassSeable 7). For the situation where over-fitting
most prevalent, that is 20/80 datasets with 20%sifleation noise (Table 835, o' are the most highly
correlated.

Weighted combination test errors, defined in Seclipare shown in Figure 11 and Figure 12. Each plo
shows the mean difference over all datasets betweghted and MAJ test error rate, so that negative
values indicate that the respective weighted coatioin is superior. The mean is taken over all neghes
all datasets for the specified number of epochs5B50 datasets all weighted combination schemes
exceptog anda’ give lower test error than MAJ, withy, appearing to over-fit as number of epochs is
increased. The improvement over MAJ and SUM isaqgiiamatic even at 1 epoch. For example, the
weighted combination for Diabetes 50/50 at 1 efsefithin one percent of the best MAJ test err@%@2
at 2 nodes 8 epochs in Figure 1). Generally as ruoftepochs is increased the improvement of wedyht
combination over MAJ disappears. A comparison Wilaboost weighting scheme is given in [23].

7. Conclusion

The experiments reported in this paper demonsitatevarious measures and test error vary with
complexity of MLP base classifier. In order to qgtifgrhis relationship, correlation coefficientstvi
respect to test error for varying number of tragnégpochs was calculated for each dataset. The mean
correlation coefficients for artificial and realtdahow that the proposed pair-wise measure, eddcll
over patterns rather than classifiers, is well@ated with base classifier test error and warrfamtser
investigation. The results suggest that it maydssile to select base classifier complexity toimige
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mean base classifier test error based on informatitracted from the training set. MAJ or SUM is
generally optimised at fewer number of epochs coegpwith base classifier, but design of optimaidos
based on the proposed measure may be feasiblel@t@nship between base classifier and fusecttest
can be established. An alternative strategy istoamweighted combination, which is shown in tleiggr
to be much less sensitive to the number of traiejpgchs. Further work is aimed at applying these
measures to multi-class problems, by incorpordfitrgor Correcting) Output Coding [24], which
decomposes multi-class into a set of complemenitarclass problems.
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(a) Base Test (b) MAJ Test

34
32
30

28
26
24

Error Rates %

Error Rates %

1 2 4 8 16 32

Error Rates %
Number %

Number of Epochs Number of Epochs

Figure 1: Diabetes 50/50 (a-d) Mean Error rates Tesnd Train for MAJ and Base Classifier (e)
Mean SUM and (f) Sig. Differences for MAJ test eror with respect to MAJ error at 2 nodes and 8
epochs (all graphs show 2-16 nodes)
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Figure 2: Diabetes 50/50 (a-d) conventional Divettyimeasures Q,p, A, F (€) N and (f) N*™*N %*4
(all graphs show 2-16 nodes)
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Figure 3: Diabetes 50/50 Diversity measures comput@ver patterns Q p', A’, F' (all graphs show 2-

16 nodes)
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Figure 4: Diabetes 50/50 (a) spectral measugeand (c) o’ without Hamming Distance assumption,

b) Margin M and (d) number of positively correlated patterns n* (all graphs show 2-16 nodes)
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Figure 5: Diabetes 50/50 (a-b) Bias, Variance (c-dyandard deviation for MAJ test error and ¢’ (all
graphs show 2-16 nodes)
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(a) Base Classifier Test (b) MAJ Test
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Figure 6: Diabetes 20/80 Summary graphs (a-b) Testror for MAJ and base classifier (c) spectral

measureg (d) Margin M (e) spectral measureo’ and (f) Diversiy Measure Q (all graphs show 2-16
nodes)
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(a) Base Classifier Test (b) MAJ Test
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Figure 7: Cancer 50/50 Summary graphs (a-b) Test er for MAJ and base classifier (c) spectral

measureg (d) Margin M (e) spectral measureo’ and (f) Diversiy Measure Q (all graphs show 2-16
nodes)



Measures for Ensemble Classifier Design 13/02@3Q 18

(a) Base Classifier Test (b) MAJ Test
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Figure 8: Diabetes 20/80 + 20% classification noissummary graphs (a-b) Test error for MAJ and

base classifier (c) spectral measuie (d) Margin M (e) spectral measuras’ and (f) Diversiy
Measure Q (all graphs show 2-16 nodes)
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Figure 9: Mean Base Classifier test error for 20/8@atasets with 20% classification noise (all graphs
show 2-16 nodes)
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(a) Base Classifier Test (b) MAJ Test
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Figure 10: Twonorm Summary graphs (a-b) Test errofor MAJ and base classifier (c) spectral

measureg (d) Margin M (e) spectral measureo’ and (f) Diversiy Measure Q (all graphs show 2-16
nodes)
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Figure 11: Mean Difference between (SUMas-wtd, a®-wtd, ag,’-wtd) and MAJ test error over all
50/50, 20/80 and Artificial datasets with and withat 20% classification noise
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Figure 12: Mean Difference between various weigheebte schemes ¢ -wtd, a™*-wtd, a” -wtd, a -
wtd) and MAJ test error over all 50/50, 20/80 and Atificial datasets with and without 20%
classification noise
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Q A F Q A F -0 o' M
Diabetes 94 82 81 72 84 65 96 97 78
Cancer 20 98 99 65 99 99 96 93 99
Heart 74 88 91 76 90 89 94 93 82
Vote 61 96 99 81 99 99 89 89 98
lon 62 97 99 96 99 99 94 94 98
Credita 83 90 96 82 94 92 94 91 89
card 80 90 96 83 94 92 92 90 89

Table 1: Correlation coefficients (x100) for baselassifier test error with respect to epochs and

averaged over nodes for 50/50 datasets

Q A F Q A F -0 o' M
Diabetes 60 60 70 55 68 64 87 88 61
Cancer  -59 99 99 72 99 99 88 87 99
Heart 48 85 93 78 90 90 94 91 83
Vote -96 98 99 83 99 99 89 89 98
lon 81 98 99 96 99 99 88 90 99
Credita 40 88 96 82 93 92 89 86 89
card 32 92 98 87 96 95 92 89 93

Table 2: Correlation coefficients (x100) for baselassifier test error with respect to epochs and

averaged over nodes for 20/80 datasets

-Q -A F -Q -A F -0 -0’ -M
Diabetes 96 68 48 39 60 -30 88 97 44
Cancer 93 92 72 64 85 77 81 95 74
Heart 92 70 69 55 73 53 81 85 58
Vote 77 71 74 47 72 72 77 79 58
lon 83 65 67 51 64 69 89 86 55
Credita 83 71 76 54 77 57 77 75 64
Card 87 74 79 61 79 61 78 77 67

Table 3: Correlation coefficients (x100) for baselassifier test error with respect to epochs and
averaged over nodes for 50/50 datasets + 20% cldigsition noise

-Q -A F -Q -A F -0 -0’ -M
Diabetes 83 37 31 15 36 9 88 93 19
Cancer 80 76 44 41 59 60 66 81 46
Heart 75 56 70 46 65 61 72 70 53
Vote 75 61 67 41 63 69 75 75 53
lon 7 74 79 64 75 80 84 80 71
Credita 42 69 82 54 78 73 83 79 68
Card 49 74 86 63 82 75 78 74 73

Table 4: Correlation coefficients (x100) for baselassifier test error with respect to epochs and
averaged over nodes for 20/80 datasets + 20% cldigsition noise
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-Q -A F -Q -A’ F o -0’ -M
Ringnorm 11 96 99 80 99 96 94 92 96
Threenorm 54 90 96 79 94 88 88 86 89
Twonorm 7 98 99 66 99 99 89 89 99

Table 5: Correlation coefficients (x100) for baselassifier test error with respect to epochs and
averaged over nodes for Artificial datasets

-Q -A F -Q A’ F -0 -0’ -M
Ringnorm 48 85 94 68 92 75 91 89 82
Threenorm 63 75 82 57 82 59 84 82 69
Twonorm 78 69 72 48 73 54 74 75 60

Table 6: Correlation coefficients (x100) for baselassifier test error with respect to epochs and
averaged over nodes for Artificial datasets + 20%lassification noise

BASE CLASSIFIER MAJ VOTE SUM
MEAS. 50/50  20/80  Artificiall 50/50  20/80  Artificial| 50/50  20/80 Atrtificia

-Q 33 -8 12 35 2 35 35 3 43
-p 21 -21 29 20 -14 45 18 -14 49
-A 92 88 95 76 70 62 74 67 48
F 95 94 98 85 83 76 84 80 62
-Q' 79 79 75 65 61 49 64 58 41
- 79 79 78 61 58 45 60 55 31
-A’ 94 92 97 82 77 69 80 74 55
F 91 91 95 78 77 65 76 74 52
-0 94 90 90 81 78 62 78 74 48
-0' 92 89 89 79 75 60 76 71 45
-M 90 89 94 77 73 64 75 69 49

Table 7: Mean correlation coefficient (x100) oveall datasets with respect to base classifier, SUM
and MAJ test error

BASE CLASSIFIER MAJ VOTE SUM
MEAS. 50/50  20/80  Artificiall 50/50  20/80  Artificial| 50/50  20/80  Atrtificia

-Q 87 59 63 68 54 59 69 54 55
-p 83 53 73 63 42 67 64 42 61
-A 73 64 76 40 13 57 42 8 45
F 69 66 82 37 18 63 38 13 52
-Q' 53 46 58 18 0 38 21 -4 29
- 44 39 53 12 -5 35 14 -9 26
-A’ 73 65 82 41 17 64 43 13 51
F 51 61 62 17 11 41 19 7 32
-0 81 78 83 52 34 65 53 30 51
-0' 85 79 82 57 36 65 57 31 51
-M 60 55 70 28 7 52 29 3 41

Table 8: : Mean correlation coefficient (x100) overll datasets+20% noise with respect to base
classifier, SUM and MAJ test error
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