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ABSTRACT

CLASSIFIER COMBINATION METHODS
IN PATTERN RECOGNITION

This thesis studies methodologies to combine multiple classifiers to improve
classification accuracy. Different classifiers, training methods and combination algorithms
are covered throughout this study. The classifiers are extended to produce class probability
estimates besides their class assignments to be able to combine them more efficiently.
They are integrated in a framework to provide a toolbox for classifier combination. The
leave-one-out training method is used and the results are combined using proposed
weighted combination algorithms. The weights of the classifiers for the weighted classifier
combination are determined based on the performance of the classifiers on the training
phase. The classifiers and combination algorithms are evaluated using classical and
proposed performance measures. It is found that the integration of the proposed reliability
measure, improves the performance of classification. A sensitivity analysis shows that the
proposed polynomial weight assignment applied with probability based combination is
robust to choose classifiers for the classifier set and indicates a typical one to three per cent

consistent improvement compared to a single best classifier of the same set.



OZET

ORUNTU TANIMADA SINIFLANDIRICI BIRLESTIRME
YONTEMLERI

Bu tezde simflandirma dogrulugunun arttirilmast amaciyla, smiflandirici kararlarinin
birlestirilmesinin method_{ari tizerinde ¢alisilmstir. Bu galismada gegitli siniflandiricilar,
egitim metodlar ve birlegtirme yontemleri tizerinde durulmustur. Siniflandirict birlestirme
yontemlerini daha etkin kilmak jcin kullamlan tim smiflandiricilarin siuf sonuglarimn
yamnda olasilik degerleri de tiretmeleri icin cesitli degisiklikler yapilmstir. Tiim
sinflandirict ve birlestirme yontemleri biitiinlesik bir yazilim yapisi altinda gergeklenmistir.
Her seferinde bir adet verinin disarida birakildigt  egitim metoduyla egitilen
siniflandiricilarin sonuglari, dnerilen agirlikl birlestirme yontemleri ile birlestiriimistir.
Birlestirme agirliklan  simiflandiricinin egitim seti iizerindeki - performansina gore
belirlenmistir. Siniflandiric ve birlegtirme yontemleri, klasik ve 6nerilen yeni performans
olciitleri ile degerlendirilmistir. Smiflandiricilarin  giivenilirliklerinin birlestimede
kullamlmasinin  performans1 arttirdifn ~ gozlemlenmistir. Siniflandirict  kiimesinin,
smiflandiricilara duyarlihk analizi  sonucunda, Onerilen cok terimli afirhk atama
metodunun uygulandig1 olasilik tabanh birlestirme yonteminin siniflandiric1 setindeki
simiflandiricilara gore oldukga giirbiiz oldugu bulunmusfur. Ayni analiz sonucunda sette
bulunan en yiiksek performansh simflandiricidan yiizde bir ila i¢ arasinda daha iyi

performans gozlemlenmistir.
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1. INTRODUCTION

Broadly speaking, pattern recognition is the science that is concerned with the
description or classification/recognition of measurements. Pattern recognition classifies
patterns into appropriate classes, depending on their measured features. There is little
doubt that pattern recognition is an important, useful, and rapidly developing technology

with cross-disciplinary interest and participation.

Pattern recognition techniques are often an important component of intelligent
systems, used both for data preprocessing and for decision-making. Pattern recognition is
not comprised of one approach, but rather is a broad body of often loosely related
knowledge and techniques. Historically, the two major approaches to pattern recognition
have been the statistical/decision theoretic and the syntactic/structural approaches. The
emerging technology of artificial neural networks has provided a third approéch, although

there is a relationship between statistical and neural approaches.

No single technology is the optimum solution for all pattern recognition problems,
hence we have to incorporate all available and relevant information in a structured fashion
to formulate a solution. This includes the development or modification of models that
incorporate structural and a priori information. Therefore, the examination of pattern

recognition approaches in this thesis will be guided by these questions:

* Can the pattern recognition problem be solved using pattern recognition techniques?
If so which pattern recognition techniques suitable, or even applicable to the problem
at hand?

¢ Can we develop or modify useful models for the situation and if necessary, determine
the model parameters? | |

o If so, are there formal tools and heuristics that may be applied, and does a

computationally practical solution procedure exist?

The ultimate goal of designing pattern recognition systems is to achieve the best

possible classification performénce for the task at hand. This objective usually leads to the



development of different classification schemes for the pattern recognition problem to be
solved. The results of an experimental assessment of the different designs would then be
used as the basis for choosing one of the classifiers as a final solution to the problem. It
' had Been observed in such design studies, that although one of the designs would yield the
best performance, the sets of patterns misclassified by the different classifiers would not
necessarily overlap. This suggests that different classifier designs potentially offer
complementary information about the patterns to be classified, which could be harnessed to

improve the performance of the selected classifier.

These observations motivated this study on combining classifiers. The idea is not to
rely on a single decision making scheme, but to use all or some subset of the classifiers to
derive a consensus decision by combining their individual opinioﬂs. This is similar to real-
life example of combining expert decisions on a particular problem. In this thesis, we aim
to build a robust classifier combination system given a classifier set. For this purpose, the
current trends in classifier com‘bination are studied and various classifier combination
schemes have been devised. To study classifier combination techniques, 10 classical

classifiers are gathered to form a classifier set:

e K-means clustering based classifier,

e Self organizing map clustering based classifier,
e Fuzzy neural network classifier,

e Artificial neural network classifier,

¢ K-means classifier,

e Parzen classifier, |

¢ K-nearest neighbour classifier,

e Piecewise quadratic distance classifier,

. Piécewise linear distance classifier,

e Support vector machine classifier

In this thesis classifiers and combination techniques are integrated in a framework
including a complete software package for pattern recognition is designed and developed.

The developed software enables to test the proposed combination schemes providing a



useful pattern recognition toolbox. To analyze the data, some data visualizing techniques
are also implemented in this framework. This enables us to see the behavior of the whole
training or test data in two dimensions by dimensional reduction of features. Some of the
visualization techniques of the framework will be démonstra_ted on some of the data sets
used in the experiments. The charaéteristics of the data set can also be visualized using the
graphical feature versus feature or box plot techniques, which enables a detailed study on
the data sets and their class characteristics. The 10 classical classifiers are modified to use
them in classifier combination effectively. Different classifier combination schemes are
proposed and realized in this framework. All classifiers and combination schemes are

evaluated using a variety of performance measures.

When combining different classifiers their decisions may bé weighted affecting their
influence level on the final decision. Alternatives of weight assignments are proposed.
The weights of classifiers are basically based on their performances in the training phase,
assuming they will achieve almost the same performance for the test samples. So it is very
critical to use objective performance measures while evaluating the classifiers, although
there are no agreed objectiVe criteria by which to judge algorithms. Hence different
performance measures are also proposed and used to evaluate the classifiers and
combination schemes. Any comparative study that does not include the majority of | the
algorithms would be incomplete. This thesis is aimed to include a wide range of classifiers

and combination methods for comparison.

Basic concepts of pattern recognition are detailed in Section 2. In Section 3 an
overview of classification techniques and algorithms are given. Section 4 describes the
definition and need for combination. Section 5 presents the proposed performance
measures and weight assignments for classifier combination and the developed integrated
framework. The results of applying the classifier collection with different combination
methods on data sets are given in Section 6, where a detailed sensitivity analysis for the
classifier sets is done. The final sections cover the summary‘ of findings and the

conclusion, and give a design guideline for classifier combination.



2. PATTERN RECOGNITION

The aim of pattern recognition is the design of a classifi_er my, a mechanism which
takes d features f, of sample test pattern x, as its input and which results in a class wcy, to
indicate which class the pattern belongs to. Pattern recognition techniques overlap with
other areas, such as: signal processing and systems, artificial intelligence, neural modeling,
optimization/estimation theory, automata theory, fuzzy sets, structural modeling, formal

languages.

Pattern recognition applications include: image processing, image segmentation and
analysis, seismic analysis, radar signal classification/analysis, face recognition, speech
recognition/understanding, fingerprint identification, character, letter or number
recognition, handwriting analysis, electrocardiographic signal analysis/understanding,

medical diagnosis, etc....

Pattern recognition applications come in many forms. In some instances, there is an
underlying and quantifiable statistical basis for the generation of patterns. In other
instances, the underlying structure of the pattern provides the information fundamental for
pattern recognition. In still others, neither of the above cases hold true, but we are able to
develop and train an architecture to correctly associate input patterns with desired
responses. Thus, a given problem may allow one or more of thése different solution

approaches.

For different applications we may have different feature sets, different training sets,
different classification methods or different training sessions, all resulting in a set of
classifiers whose outputs may be combined, with the hope of improving the overall
classification accuracy. If this set of classifiers is fixed, the problem focuses on the
combination function. It is also possible to use a fixed combiner and optimize the set of
input classifiers. In this thesis the set of classifiers and their parameters are fixed; they are
not optimized for the application at hand, different combination schemes are developed
hoping to reach a reasonable classification accuracy that is independent of the characteristic

of the application.



There are many books on pattern recognition, however, the coverage is usually
. partitioned along statistical, syntactic, and neural péttem recognition. Statistical pattern
recognition is explored in depth in books by (Duda and Hart, 1973), (Fukunaga, 1972),
(Jain and Dubes, 1988). Coverage of syntactic pattern recognition approaches are
presented in (Fu, 1982), (Pavlidis, 1977). Fundamental neural network architecture and
| application book references are (Kohonen, 1984), (Bishop, 1995). Various aspects of
pattern recognition are covered also in journals: Pattern Recognition letters journal, IEEE
Transactions on Systems, Man and Cybemetics, IEEE Transactions on Pattern Analysis and
Machine Inteiligence, IEEE Transactions on Acoustics, Speech and Signal Processing,
IEEE Transactions on Information Theory, IEEE Transactions on Geoscience and Remote
Sensing, IEEE Transactions on Industrial Electronics., IEEE Transactions on Neural

Networks, Optical Engineering (SPIE).
2.1. General Pattern Recognition Systems

The boundaries between statistical pattern recognition, syntactic pattern recognition,
and neural pattern recognition are fuzzy and fading (Schalkoff, 1990b). They share
common features and common goals. Often, given a specific pattern recognition problem,
we choose one approach over another based on analysis of underlying statistical
components (statistical pattern recognition), underlying grammatical structure (syntactic
pattern recognition), as well as suitability of a neural network solution and training ability,

and perhaps lack of suitable statistical or structural models.

In realistic applications, the design of an autonomous pattern recognition system is a
complex, usually iterative and interactive task. Although it is impossible to provide an all-
inclusive algorithmic procedure, the highly interrelated, skeletal steps outlined here reflect

typical efforts and concerns.

e Study the classes of patterns under consideration to develop possible
characterizations. This includes assessments of (quantifiable) pattern structure and
probabilistic characterizations, as well as exploration of possible within-class and

interclass similarity/dissimilarity ~measures. In addition, possible pattern



deformations or invariant properties and characterization of noise sources should be
considered at this point. |

e Determine the availability of feature/measurement data.

e Consider constraints on desired system performance and computational‘ resources
(e.g., parts/minute, classiﬁcétion accuracy).

. Consider the availability of training data.

e Consider the availability of suitable and known pattern recognition techniques (e.g.,
statistical pattern recognition, syntactic pattern recognition, and clustering) an overall
pattern recognition sjstem structure.

e Develop a pattern recognition system simulation. This may involve choosing
models, grammars, or network structures.

e Train the system.

¢ Simulate system performance.

e Iterate among the above steps until desired performance is achieved.

This study will cover the known techniques of pattern recognition for the different
approaches, and combination methods will be applied to develop an automated hybrid

system for pattern recognition.
2.2. Hybrid Systems for Pattern Recognition

Much of statiétical, syntactic and neural pattern recognition are based on the concept
of pattern similarity. Universally applicable similarity measures that enable good
classification are both desirable and elusive. Hybrid systems try to combine statistical,
syntactical and neural approaches to increase the performance of classification or to come

out a robust classification performance.

The aim of pattern recognition is the design of a classifier mg, a mechanism which
takes d features f; of sample test pattern x, as its input and which results in a class Wiy to
indicate which class the pattern belongs to. The hybrid system tries to combine the results
of different statistical, syntactical and neural approaches in a classifier set to increase the

- performance of classification. In fact these results can be more informative than the single



class assignment decision, when for example the posterior probabilities of the decision are
also given. The results may also include the posterior probabilities for all classes for the
sample. Especially for the aim of classifier combination, results should also be generated

" in one of the following forms to indicate to which class the pattern belongs.

o A single class label with the highest posterior probability may be assigned to the
sample pattern Wi=w, where Wiy is an integer class label value 1...C and

P(wc | xp,my) = ,mla)éP(Wi | Xp,my)
' 1=l1..

e A ranked class laBel set based on the posterior probabilities with a predefined
cardinality A may be used Win={Wa}={W1,...,Wa}, where

P(W, | Xp,my) 2 P(W(a41) | Xq,myg) and A<C. If we set the cardinality A=1, we

result with the first form of single class labels.
e A pair of class label with its posterior probability may be given as result of

classification prnc=(We,P(WelXn,my)), Where P(w, | xp,my) = max P(w; | Xp,my) is
i=1..C

1=1..
the maximum posterior probability for a class assignment Wis, given the sample test
pattern x, and classifier my.
e A set of pairs of class labels with their respective posterior probabilities for all

possible classes may be given as result Prni={ Wi, P(Wifxn,my)}, where i=1...C.

The ultimate goal of designing pattern recognition systems is to achieve the best
possible classification performance for the task at hand. This objective traditionally led to
the development of different classification schemes for the pattern recognition problem to
be solved. The results of an experimental assessment of the different designs would then
be the basis for choosing one of the classifiers as a final solution to the problem. It had
been observed in such design studies, that although one of the designs would yield the best
performance, the sets of patterns misclassified by the different classifiers would not
necessarily overlap. This suggested that different classiﬁer designs potentially offered
complementary information about the patterns to be classified, which could be harnessed to

improve the performance of the selected classifier.



These observations motivated the relatively recent interest in combining classifiers.
The idea is not to rely on a single decision making scheme. Instead, all the designs, or their
subset, are used for decision making by combining their individual opinions to derive a
consensus decision. Various classifier combination schemes have been devised and
experimentally demonstrated that some of them consi’stently outperform a single best
classifier. There are several reasons for combining multiple classifiers to solve a given

classification problem. Some of them are listed below:

o A designer may have access to a number of different classifiers, each developed in a
different context and for an entirely different representation/description of the same
problem.

e Sometimes more than a single training set is available, each collected at a different
time or in a different environment. These training sets may even use different
features.

e Different classifiers trained on the same data may not only differ in their global
performances, but they also may show strong local differences. Each may have its
own region in the feature space in which it performs the best.

e Some classifiers such as neural networks show different results with different
initializations due to the randomness inherent in the training procedure. Instead of
selecting the best network and discarding the others, one can combine various

networks, thereby taking advantage of all the attempts to learn from the data.

In summary, we may have different feature sets, different training sets, different
classification methods or different training sessions, all resulting in a set of classifiers
whose outputs may be combined, with the hope of improving the overall classification

accuracy.



3. CLASSIFIERS

vA classifier partitions the feature space into class labeled decisions regions. In order
to use decision regions for a posé.ible and unique class assignment, these regions must
cover the feature space and be nonoverlapping. An exception to the last constraint is the
notion of fuzzy sets (Zadeh, »1965), where decision regions may overlap. The border of

each decision region is a decision boundary/discriminant function.

There are many different ways to represent pattern classifiers. One way is in terms of
a set of discriminant functions g¢(x), c=1,...,C. The classifier assigns a sample Xq using

discriminant functions as follows:
Assign xp—>W, if g.(Xn)>gi(Xn) for all i=c. 3.1

The problem of ﬁnding a linear discriminant function will be formulated as a
problem of minimizing a criterion function. The obvious criterion function for
classification purposes is the sample risk, or training error, the average loss incurred in
classifying the set of training samples (Duda and Hart, 1973). It is difficult to derive the
minimum risk linear discriminant hence several related criterion functions that are

analytically more tractable are also used.

To use discriminant functions as classifiers we assume that we know the proper
forms for the discriminant functions and use the samples to estimate the values of
parameters of the classifier. There are various procedures for determining discriminant
functions, some of which are statistical and some of which are not. None of them,
however, requires knowledge of the forms of underlying probability distributions, and in

this limited sense they can be said to be nonparametric.

In case of linear discriminant functions, they are either linear in the components of x,
or linear in some given set of functions of x. Linear discriminant functions have a variety

of analytical properties.
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A discriminant function is a linear combination of components of x, that can be
written as g(x)=o'x+wg, where o is the weight vector and @, is the bias or threshold
weight. For the general case there will be ¢ such discriminant functions, one for each of ¢
’classes. For a discriminant function of this form, a two class classifier implements the
following decision rule: Assign x,—>w if g(xn)>0 and W, if g(xn)<0. In other words Xj is
assigned to w; if the inner product o'x, exceeds the threshold -0o and to w, otherwise. If

g(Xn)=0, X, can be ordinarily assigned to either class (Duda and Hart, 1973).

In all two-class cases, such discriminants lead to hyperplane decision boundaries,

either in the feature space itself or in a space where the features have been mapped by a
| nonlinear function. In support vector machines, discussed in Section 3.7, the input is
mapped by a nonlinear function to a highdimensional space, and fhe optimal hyperplane is
the one that has the largest margin. The support vectors are those transformed patterns that
determine the margin. They are informally the hardest patterns to classify, and the most
informative ones for designing the classifier. An upper bound on expected error rate of the

classifier depends linearly upon the expected number of support vectors.

For multiclass problems, the linear machines create decision boundaries consisting of
sections of such hyperplanes. One can prove convergence of multiclass algorithms by first
converting them to two class algorithms and using the two class proofs. The simplex
algorithm finds the optimum of a linear function subject to constraints, and it can be used

for training linear classifiers.

There is more than one way to devise multiclass classifiers employing linear
discriminant functions. The problem may be reduced to c-1 two class problems, where the

i problem is solved by a linear discriminant function that separates points assigned to w;

c(c-1)
2

linear

from those not assigned to w;. A more costly approach would be to use
discriminants, one for every pair of classes. Both of these approaches can lead to regions

in which the classification is undefined (Hand, 1981).

For multiclass case linear discriminant functions are defined as gi(x)=mtxi+mio where

i=1..c and the decision rule becomes: Assign X,—>W; if gi(Xn)>gj(Xn) for all j#i, and in case
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of ties, the classification is left undefined. This resulting classifier is called a linear
machine. A linear machine' divides the feature space into ¢ decision regions, with gi(x)
being the largest discriminant if x is in region R;. If R; and R; are contiguous, the boundary
between them is a portion of the hyperplane Hjy defined by gi(x)=gj(x) or (-003) xH(Wio-
@;o)=0.

It follows at once that (@;-;) is normal to H and the signed distance from x to Hj is
gi(x)—g;(x)

given by
lo;—w;ll

Thus, with the linear machine it is not the weight vectors

themselves but their differences that are important. While there are

pairs of

c(c-1)
2

regions, they need not all be contiguous, and the total number of hyperplane segments

appearing in the decision surfaces is often fewer than clc=D

. Tt is easy to show that the

decision regions for a linear machine are convex, and this restriction surely limits the
flexibility and accuracy of the classifier. - In particular, every decision region is singly
connected and this tends to make the linear machine most suitable for problems for which

the conditional densities p(x|w;) are unimodal.

d
The linear discriminant function g(x) can be written as g(x) =@, + Zco,.x,. where the

i=1
coefficients ®; are the components of the weight vector ®. By adding additional terms
involving the products of pairs of components of x, the quadratic discriminant function is
-d d
obtained: g(X)=®, + Za),.x,. + z

d
i=1 i=1 j=1

w;x;x;. This procedure can be generalized

obtaining the class of polynomial discriminant functions. Linear discriminants, while
useful, are not sufficiently general for arbitrary challenging pattern recognition problems

unless an appropriate nonlinear mapping can be found.

Clearly, the choice of discriminant functions is not unique. The discriminant
functions can be multiplied by a positive constant or biased by an additive constant without
influencing the decision. More generally, if g(x) is replaced by f(g(x)), where f is a

monotonically increasing function the resulting classification is unchanged (Duda and Hart,
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1973). This observation can lead to significant analytical and computational

simplifications.

gi(x) =P |x)
g (X) — CP(X | a)l)P(a)l) ) (32)
| > P(x| @))P(ey)

j=1
gi(x) =P(x| @;)P(w;)

3.1. Bayes Classifier

Bayes decision theory is a fundamental statistical approach to the problem of pattern
recognition. This approach is based on the assumption that the decision problem is posed
in probabilistié terms, and that all of the relevant probability values are known. The Bayes
classifier is a mechanism which minimizes the classification error. In order to do this, it
needs the underlying probability density functions of the features. The Bayes classifier
labels an object with the label for which the probability density function multiplied by the a
priori probability is highest. The minimal error this classifier makes, the Bayes error,
therefore is a theoretical minimum to the error any classifier can make (Duda and Hart,

1973). The Bayes rule is given by:

C
P(Xn IWC)P(WC) where P(Xn) = ZP(XH | wc)P(wC)

P(w¢|xp)=
P(xp) ol

In order to implement thé ideal Bayes classifier, one needs the knowledge of the
exact distributions of the classes. In practical problems an infinite number of learhing
samples are never available. For that reason, the true probability density functions and a
priori probability information‘ is not available. Classifier construction is then based on the
éssumption that the learning samples available represent the true probability density
function, i.e. that they are realizations of stochastic variables having the true distribution
function. In this case we either assume the parametric form of the distribution and estimate
the parametefs or estimate the distribution nonparametrically. The Bayesian approach

assumes that the unknown parameter vector is a random variable. Any information about
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We prior to observing the samples is assumed to be contained in a known apriori density
P(wc). Observation of the samples converts this to an aposteriori density P(w¢|xy), which,
hopefully, is sharply peaked about the true value of we. Therefore, classifiers will be built
that minimize the Bayes error on the training set in the hope that this will also minimize the
error made on test set. However, in practice we may not know the true form of the
underlying probability density, hence we are going to estimate the distributions

nonparametrically from a finite number of samples available. There are several types of

nonparametric methods of interest in pattern recognition:

 Estimating the density functions P(x,|w.), which can be substituted for the true
densities when designing the classifier.
e Estimating the posterior probabilities P(w.|x,), which bypass probability estimation

and used directly in decision functions.

The most fundamental techniques of estimating an unknown probability' density
function rely on the fact that the probability P that a vector x will fall in a region R is given
by P=lrp(x’)dx’. Thus P is a smoothed or averaged version of the density function p(x),
and this smoothed value of p can be estimated by estimating the probability P. Suppose
that n observations xi,...,X, are made independently and identically according to the

density of p(x). Clearly, the probability that k of these n are in R is given by the binomial

law: Py = (E)Pk a- P)n_k , and the expected value for k is E(k)=nP.

For large n the ratio k/n is a very good estimate for the probability P. If we now
assume that p(x) is continuous and that the region R with enclosed volume V is so small
that p does not vary much within it, we can write P=[rp(x")dx'=p(x)V and reach to the
estimate of p(x) as (k/n)/V.

From a practical standpoint, the number of samples is always limited. Thus, the
volume V cannot be allowed to become arbitrarily small. If this kind of estimate is to be
used, one will have to accept a certain amount of variance in the ratio k/n and a certain

amount of averaging of the density p(x). To estimate the density at x, we form a sequence
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of regions Ry,R,,... containing x, where R, is a region with n sample. Let V, be the
volume of region Ry, k, be the number of samples in Ry, and pn(X)=(ks/n)/V, be the n™

- estimate for p(x). There are two leading methods for estimating the density at a point:

e The first method is to specify k, as some function of n, such as k,=Vn and so the
volume V, is grown imtii it encloses k, neighbours of x. This is the k-nearest
neighbour estimation method. |

e The second method is to start with a large volume centered on the test point and

shrink it kaccording to a function such as Vy=1/¥n. This is the Parzen window
method.

3.2. K-Nearest Neighbour

If a number of classes are represented by example points in a feature vector space and
it is required to classify an unknown vector x,, this can be done by finding the closest point
to it and assigning the closest point's class label to x,. This would be called the nearest

neighbour classification technique.

Assign x,—>w; if d(x,,(X¢, We)) = min ld(xn,(xi,wj)J 3.3)
i=1.N

1=1..

The k-nearest neighbour classifier is similar, except that the K nearest points to x; are
found, and it is assigned to the class represented by the class with the largest number of the
neighbouring points. The k-nearest neighbour classifier labels an unknown pattern X, with
the label of the majority of the K nearest neighbours. Both methods produce nonlinear

decision surfaces.

If we calculate, sort and build the set of K smallest distances {di(Xn,(X(1)W1))--->
dK(xn,(x(K),wk))} where xg is the i training sample sorted by increasing distance to the test

sample , w its class label and define Ax=1 if di(Xn,(Xk,Wc)) is in the set and 0 otherwise.

K K
Assign x,—>W; if Z A, = max Z Ay (3.4
‘ %= i=.

k=1
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The k-nearest neighbour classifier is critically dependent on the method of distance

‘ D
. . . 2
measure in the feature space. Euclidean Distance EucD(x;,x )= \/ Z(xid —xjq)" is the
d=1 :

most widely used distance formula for that purpose. If the feature space is transformed or
scaled, the Euclidean distance measure in the transformed space can be very different from
the original distance relétidnships, even though the transformation merely amounts to a
different choice of units for the features. Such scale changes can have major impact on k-

nearest neighbour classifier.

Commonly used distance measures (Wilson and Martinez, 1997) can be summarized

as follows:
D
Euclidean Distance BucD(x;,x) = | > (Xig —X jd)2
d=1
Mahalanobis Distance MahD(x;,x;) = (x; —X j)TZ _l(xi -X;)
where 2! is the covariance matrix of the training set.
D 1/z
Minkowsky Distance L, D(xj,X;j) = [Z[ Xid —Xjd lzjl
d=l1
(L, is Manhattan Distance, L is Euclidean Distance)
Chebychev Distance ChebvD(xj,X;) = max |Xjq —Xjq|
d=1.D
D X. — x .
Camberra Distance CamD(x;,X;j) = ). I—ld—ﬁ
, ol [Xia +xjal

The discrimination function implemented by this classifier will in general be a
jagged, piecewise linear function since it is influenced by each observation available in the
training set. A disadvantage of this method is its large computing power requirement,
since for classifying an object its distance to all the objects in the learning set has to be

calculated.
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One modification to the typical k-nearest neighbour classifier is performed with the
addition of conflict resolution strategy. The model consists of two stages. In the first
stage, if we find that a given class has the majority of training samples closer to the test
pattern, then we declare this class as an outright winner and allocate the test pattern to this
class. However, if we find that there are an equal number of nearest neighbours for two or
- more classes surrounding the test pattern, and then we perform the second stage called
conflict resolution. At this stage, the class whose distance from the test data, averaged over

all its training samples w1th1n the hypersphere, is found to be the smallest is declared the

winner.

If we calculate, sort and build the set of K smallest distances {di(Xn,(X(1)W(1)))5- - >
di(Xn,(X(x),W(k)))} Where xg is the i training sample sorted by increasing distance to the

test sample, wy; its class label and define Ag=1 if di(Xn,(X(i)Wc)) is in the set and O

K
otherwise. Define Ay=1 if ZAck =max ZA,k and 0 otherwise.
k=1

=1.C 93

Assign Xp—>Wwe if Z[Akdk(xb(x(l):wc))]— min Z[Akdk(xta(x(l)s j))] (3.5)
= =1.CAk>0 /= .

Average distance k-nearest neighbour classifier system ignores the quantity of nearest
neighbours found for the given test pattern but considers the average distance between
classes and the test pattern to decide by selecting the class to which it's average distance is
the smallest. The test pattern is allocated to the winning class. These average distances are
based on the distance from the test data of all training patterns found within the hype-

sphere. Define Ay=1 if di(Xn,(xi,W.)) and j=c, and 0 otherwise.

Assign xo—>w, if > Aicdi();?’(xi’wc))] = mi

‘ =1..
=1 Z Axe . !

% Ajid;(x1,W5))

_ N

Sl XAy
k=1

(3.6)
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,TO increase performance of classification, after a test pattern has been classified, the
classification result is verified using the test patterns’ true class. If the classification
assignment is correct then the pattern is added to the training set. For subsequent
classifications, the incremented training data will be used. The results have shown that
such updates of the training set play a crucial role when the training data is small in amount
at the start of the experiment (Singh e al., 1999). The incremental learning process also

allows the classifier to improve its learning abilities with time and improves its confidence

on unseen data labeling. |

3.3. Parzen Window Approach

One convenient method to estimate the probability density function of a random
variable from a set of given samples is Parzen window approach. The Parzen window
approach assumes that the region R, is a d-dimensional hypercube. If h, is the length of an
edge of that hypercube, then its volume is given by Vy;=h,". We can obtain an analytic
expression for k,, the number of samples falling in the hypercube, by defining the
following window function: ¢(u)=1 if |uj=1/2; i=l,...,d and 0 otherwise. Thus, @(u)

X —X;

defines a unit hypercube centered at the origin. It follows that ¢ ) is equal to

n

unity if x; falls within the hypercube of volume V, centered at X, and is zero otherwise.

The number of samples in this hypercube is therefore given by kn = Z(p(xgxi) (Duda
i=1 n
. . k,/n 1& 1  x-x .
and Hart, 1973). Thus we obtain the estimate p,(x) = ~ = —Zv-(p( m ). This
n g Vy n

equation suggests a more general approach to estimating the density functions.

Rather than limiting the window function to a hypercube other kernels can be

substituted. = Parzen window approach is mostly used  with Gaussian kernels

1

p(u) = \/5;

1 &1 X, —X. )
density function of a specific class ¢ becomes pc(x“)=n—Z:h ¢( "h 4) with
c i=1 *inc

e?2 . Hence, given a set of observations X, the estimate of the probability

nc
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h h ) :
~h,= —\/—n‘= orh, = ln(rll X Using the prior probabilities P(w.), the Bayes classifier can

be formulated using nonparametric probability density function estimates as

Assign x,—>w, if P(wc)pc (Xq) = max (P(w;)p; (%)) (3.7

3.4. Fisher’s Linear Discriminant Function

The Fisher approach (Fisher, 1936), is based on projection of D-dimensional data
onto a line. For any data set, the dimensionality can be reduced from D dimensions to one
dimension, if the D-dimensional data is projected onto a line. Of course, even if the
samples formed well-separated, compact clusters in D-space, projection onto an arbitrary
line will usually produce a confused mixture of samples from all the classes and thus
produce poor classification performance. However, by moving the line around, it might be
possible to find an orientation for which the projected samples are Well separated. This is

exactly the goal of discriminant analysis.

Suppose that we have a set of n D-dimensional samples X,...x, If we form a linear
combination of the components of x, we obtain y=A'x and a corresponding set of n samples
Y15----yn Geometrically, if ||Al|=1, each y; is the projection of the corresponding x; onto a
line in the direction of A. Actually, the magnitude of A is of no real significance since it
merely scales y. The direction of A is important, however, if we imagine that the samples
labeled w; fall more or less into one cluster while those labeled w;, fall in another, we want

- the projections falling onto the line to be well separated, not thoroughly intermingled

(Duda and Hart, 1973).

It is tried to find the best such direction A to be used in the classification. A measure

of the separation between the projected points is the difference of the sample means. If m,

. ' O¢
is the D-dimensional sample mean given bym, = —Z ) S
Ci=1
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Then the sample mean for the projected points is given by

ol & 1 &
m,=—>"y, =—> A'x; = A'm_ and is simply the projection of m..

nc i=1 nc i=1

It follows that for the two class case, the distance between the projected means is
lm'] - mzl = IA' (m, - mJ and that we can make this difference as large as we wish merely

by scaling A. To obtain good separation of the projected data, we really want the
difference between the means to be large relative to some measure of the standard

deviations for each class. We define the scatter for projected samples labeled w; by

§2 =3 (y-m).
i=1

1 . . . .
Thus, —I;(S,2 +S3 )1s an estimate of the variance of the pooled data, and (Sl2 + Si) is

called the total within-class scatter of the projected samples. The Fisher linear discriminant

' v
m, —m
employs that linear function A'x for which the criterion function J(A) =|—§12—S§| is
1 + 2
: A'SpA
maximum. It can be shown that J(A)can be written as: J(A)= n B where
A'SywA

ng :
Sp=(my-mz)(m;-my)’ and Sy, =S;+8S, with S; =D (x~m)(x—m)" .
i=1

This expression is well known in mathematical physics as the generalized Rayleigh
quotient and it can be shown that a vector w. that maximizes J (A) must satisfy SpA=A'SwA

and the solution for the A that optimizes J(A) is A=Sw'1(m1-m2).

Thus the classification has been converted from a D-dimensional problem to a
hopefully more manageable one-dimensional one. This mapping is many-to-one, and in
theory it cannot possibly reduce the minimum achievable error rate, if we have a very large

training set.
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For the C-class problem, the natural generalization of Fisher’s linear discriminant
involves C-1 discriminant functions. Thus, the projection is from a C-dimensional space to

~ a (C-1) dimensional space. The generalization of the above formulas result in finding a

‘rectangular matrix A that maximizes:

t
[a'spa c c L C
J(A) = e ol where SB = Zni(mi _m)(mi —rn)t » Sw = ZSI and m= —Enimi .
‘A SWA‘ =l . i=1 o1

3.5. Artificial Neural Networks

Many neural network models are similar or identical to popular statistical techniques
such as generalized linear models, polynomial regression, nonparametric regression and
discriminant analysis, projection pursuit regression, principal components, and cluster
analysis, especially where the emphasis is on prediction of complicated phenomena rather

“than on explanation (Warren, 1994). There are also a few neural network models, such as
counterpropagation, learning vector quantization, and self-organizing maps that have no

precise statistical equivalent for data analysis.

A brief historical review by Jain and Mao (Jain and Mao, 1996) for neural network
research has noted three periods of extensive activity. The first peak in the 1940s was due
to McCulloch and Pitts pioneering work (McCulloch and Pitts, 1943). The second
occurred in the 1960s with Rosenblatt's perceptron convergence theorem (Rosenblatt,
1962) and Minsky and Papert's work showing the limitations of a simple perceptron
(Minsky and Papert, 1969). Minsky and Papert's results dampened the enthusiasm of most
researchers, especially those in the computer science community. The resulting hull in
neural hetwork research lasted almost 20 years. Since the early 1980s, neural networks
have received considerable renewed interest. The major developments behind this
resurgence include Hopfield's energy approach in 1982 (Hopfield, 1982) and the
backpropagation learning algorithm for multilayer feedforward networks first proposed by
Werbos (Werbos, 1974), reinvented several times, and then popularized by Rumelhart and
McClelland in 1986 (Rumelhartand and McClelland, 1986). Anderson and Rosenfeld
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(Anderson and Rosenfeld, 1988) provide a detailed historical account of neural network

dévelopments.

Neural networks can be viewed as weighted directed graphs in which artificial
neurons are nodes and directed edges with weights are connections between neuron outputs
and neuron inputs. Neural networks provide an emerging paradigm for pattern recognition
implementations that involve large interconnected networks of relatively simple and
typically nonlinear units so-called neurons. Although a number of artificial neural
structures exist, and more continue to appear as research continues, many of these
structures have common topological properties, unit characteristics, and training

approaches. Basically, three entities characterize a neural network:

e The network topology, or interconnection of neural units;
e The characteristics of individual units or artificial neurons; and

e The strategy for pattern learning or training.

Based on the connection pattern, neural networks can be grouped into two categories:

o feed-forward networks, in which graphs have no loops,
e recurrent or feedback networks, in which loops occur because of feedback

connections.

The neuron computes a linear combination of the inputs possibly with an intercept or
bias term, then a possibly nonlinear activation function is applied to produce the output.
An activation function maps any real input into a usually bounded range, often 0 to 1 or -1

to 1. Some common activation functions are: (Warren, 1994)

e Linear or identity: f(z)=z

e Hyperbolic tangent:  f(z)=tanh(z)

e Logistic: | f(z)=(1+e™)'=(tanh(z/2)+1)/2
e Sigmoid: f(z=(1+e P!

e Threshold: f(z)=0 if z<0, 1 otherwise



22
e Gaussian: f(z)=e2"

A neuron can have one or more outputs. Each output has a separate bias and set of

weights. Usually the same activation function is used for each output, although it is

possible to use different activation functions.

Multi layer perceptrons are general purpose, flexible, nonlinear models that, given
enough hidden neurons and enough data, can approximate virtually any function to any
desired degree of accuraE:y. In other words, multi layer perceptrons are universal
approximators (White, 1992). With a small number of hidden neurons a multi layer
perceptron is a parametric model that provides a useful alternative to polynomial
regression. With a moderate number of hidden neurons, a multi layer perceptron can be
considered a quasi-parametric model similar to projection pursuit regression (Friedman and
Stuetzle, 1981). A multi layer perceptron with one hidden layer is essentially the same as
the projection pursuit regression model except that a multi layer perceptron uses a
predetermined functional form for the activation function in the hidden layer, whereas
projection pursuit uses a flexible nonlinear smoother. If the number of hidden neurons is
allowed to increase with the sample size, a multi layer perceptron becomes a nonparametric
sieve that provides a useful alternative to methods such as kernel regression and smoothing
splines (Haerdle, 1990). Multi layer perceptrons are especially valuable because you can
vary the complexity of the model from a simple parametric model to a highly flexible

nonparametric model.

Feature mapping is a form of nonlinear dimensionality reduction that has no
statistical analog. There are several varieties of feature mapping, of which Kohonen's
(Kohonen, 1989) self-organizing map is the best known. Methods such as principal
components and multidimensional scaling can be used to map from a continuous
highdimensional space to a continuous lowdimensional space. Self-organizing map maps
from a continuous space to a discrete space. Self-organizing map is a special type of
competitive learning network that defines a spatial neighbourhood for each output unit.
The shape of the local neighbourhood can be square, rectangular, or circular. Initial

neighbourhood size is often set to one half to two thirds of the network size and shrinks
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over time according to a function. During competitive learning, all the weight vectors

associated with the winner and its neighbouring units are updated.

Learning vector quantization (Kohonen, 1989) has both supervised and unsupervised
aspects, although it is not a hybrid network in the strict sense of having separate supervised
and unsupervised layers. Léaming vector quantization is a variation of nearest neighbour
discriminant analysis. Rather than finding the nearest neighbour in the entire training set to
classify an input vector, learning vector quantization ‘finds the nearest point in a set of
prototype vectors, with several prototypes for each class. Learning vector quantization
differs from edited and condensed k-nearest neighbour methods (Hand, 1981) in that the
prototypes are not members of the training set but are computed using algorithms similar to
adaptive vector quantization. A somewhat simiiar method proceeds by clustering each
class separately and then using the cluster centers as prototypes. The clustering approach is
better if you want to estimate posterior membership probabilities, but learning vector

quantization may be more effective if the goal is simply classification (Oehler and Gray,
1995).

3.6. Clustering Based Classifiers

Clustering is the unsupervised classification of patterns into clusters based on
similarity. Intuitively, patterns within a valid cluster are more similar to each other than
they are to a pattern belonging to a different cluster. The variety of techniques for the three
steps of clustering: feature extraction and representing data; measuring similarity between
samples; and grouping them has produced a rich and often confusing assortment of

clustering methods.

The most challenging step in clustering, as in the case of preparing features of the
training data set for a classifier, is feature extraction or pattern representation. Pattern
recognition researchers conveniently avoid this step by assuming that the pattern
representations are availélble as input to the clustering algorithm. But it is not possible to
use a large set of measurements directly in clustering because of computational costs. So
several feature extraction and selection approaches have been designed to obtain linear or

nonlinear combinations of these measurements, which can be used to represent patterns.
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The second step in clustering is similarity computation. A variety of schemes have

been used to compute similarity between two patterns. They use knowledge either
implicitly or explicitly. Most of the knowledge based clustering algorithms use explicit
knowledge in similarity computation. However, if patterns are not represénted using
proper features, then it is not possible to get a meaningful partition irrespective of the
quality and quantity of knowledge used in similarity computation. There is no universally
acceptable scheme for computing similarity between patterns represented using a mixture
of both qualitative and quantitative features. Dissimilarity between a pair of patterns is

represented using a distance measure that may or may not be a metric.

Pattern similarity is usually measured by a distance func_tion defined on pairs of
patterns. A variety of distance measures are in use in the various communities (Anderberg,
1973), (Jain and Dubes, 1988), (Diday and Simon, 1976). A simplé distance measure like
Euclidean distance, which a special case of the Minkowski metric, can often be used for
continuous features to reflect dissimilarity between two patterns, whereas other similarity
measures can be used to characterize the conceptual similarity between patterns (Michalski
and Stepp, 1983). Direct use of the Minkowski metric has the drawback of the tendency of
the largest scaled feature to dominate the others. Solutions to this problem include
normalization of the continuous features or other weighting schemes. Linear correlaﬁon
among features can also distort distance measures, this distortion can be alleviated by
applying a whitening transformation to the data or by using the squared Mahalanobis
distance. Since similarity is fundamental to the definition of a cluster, a measure of the
similarity between two patterns drawn from the same feature space is essential to most
clustering procedures. Because of the variety of feature types and scales, the distance
measure must be chosen carefully. It is most common to calculate the dissimilarity
between two patterns using a distance measure defined on the feature space. The
computation of distances between patterns with some or all features being noncontinuous is-
also a problematic issue. Wilson and Martinez (Wilson and Martinez, 1997) proposes a
combination of a modified Minkowski metric for continuous features and a distance based
on population for nominal attributes. A variety of other metrics have been reported in
(Diday and Simon, 1976) and (Ichino and Yaguchi, 1994) for computing the similarity

between patterns rebresented using quantitative as well as qualitative features.
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There are some distance measures reported in the literature (Gowda and Krishna,
1977), (Jarvis and Patrick, 1973) that take into account the effect of surrounding or
| neighbouring points. These surrounding points are called context in (Michalski and Stepp,
1983). Since similarity plays a key role in our intuitive notion of a cluster, nearest
neighbour distances can serve as the basis of clustefing procedures. An iterative procedure
was proposed in (Lu and Fu, 1978), it assigns each unlabeled pattern to the cluster of its’
nearest labeled neighbour pattern, provided the distance to that labeled neighbour is below

a threshold. The k-means is the simplest and most commonly used algorithm employing a

squared error criterion (McQueen, 1967).

The final step in clustering is the grouping step. There are broadly two grouping
schemes: hierarchical and partitional schemes. The hierarchical schemes are more
versatile, and the partitional schemes are less expensive. The partitional algorithms aim at

maximizing the squared error criterion function.

Hierarchical clustering algorithms produce a nested series of partitions based on a
criterion for merging or splitting clusters based on similarity. Partitional clustering
algorithms identify the partition that optimizes a clustering criterion. Additional
techniques for the grouping operation include probabilistic (Brailovsky, 1991) and gfaph
theoretic (Zahn, 1971) clustering methods. Most hierarchical clustering algorithms are
variants of the singlelink (Sneath and Sokal, 1973), completelink (King, 1967), and
minimum variance (Ward, 1963), (Murtagh, 1984) algorithms. Of these, the singlelink and
completelink algorithms are most popular. These two algorithms differ in the way they
characterize the similarity between a pair of clusters. In the singielink method, the distance
between two clusters is the minimum of the distances all pairs of patterns drawn from the
two clusters. In the completelink algorithm, the distance between two clusters is the
maximum of all pairwise distances between patterns in the two clusters. In either case, two

clusters are merged to form a larger cluster based on minimum distance criteria

Partitional clustering algorithms obtain a single partition of the data instead of a
clustering structure, such as dendrogram produced by a hierarchical technique. Partitional

methods are advantageous in applications involving large data sets for which the

@ Bogazici Universitesi Katdphanes: &
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construction of a dendrogram is computationally prohibitive. A problem accompanying the

use of a partitional algorithm is the choice of the number of desired output clusters.

The grouping step can be performed in a number of ways. The output clustering can
be hard or fuzzy, where each pattern has a variable degree of membership in each of the
output clusters. Hence, the clusters in a hard clustering are disjoint. Fuzzy clustering
extends this notion to associate each pattern with every cluster using a membership

function (Zadeh, 1965). The output of such algorithms is a clustering, but not a partition.

- Competitive neural networks (Jain and Mao, 1996) are often used to cluster input
data. In competitive learning, similar patterns are grouped by the network and represented
by a neuron. This grouping is done automatically based on data correlations. Well-known
examples of neural networks used for clustering include Kohonen's learning vector
quantization and self-organizing map (Kohonen, 1984), and adaptive resonance theory

models (Carpenter and Grossberg, 1990).

The best-known graph theoretic divisive clustering algorithm is based on
construction of the minimal spanning tree of the data (Zahn, 1971), and then deleting the

minimal spanning tree edges with the largest lengths to generate clusters.

A number of books on clustering have been published (Jain and Dubes, 1988),
(Anderberg, 1973), (Hartigan, 1975), (Spath, 1980), (Duran and Odell, 1974), (Everitt,
1993), (Backer, 1995), in addition to some useful and influential review papers. Cluster
analysis was surveyed in (Dubes and Jain, 1980), (Jain et al., 1986), (Jain et al., 1999). A
comparison of various clustering algorithms for constructing the minimal spanning tree and
the short spanning path was given in (Lee, 1981). ' A review of image segmentation by
clustering was reported in (Jain and Flynn, 1996). Comparisons of various combinatorial
optimization schemes, based on experiments, have been reported in (Mishra and Raghavan,
1994) and (Al-Sultan and Khan, 1996). There is no clustering technique that is universally
applicable in uncovering the vériety of structures present in multidimensional data sets.
Even though there is an increasing interest in the use of clustering methods in pattern
recognition (Anderberg, 1973), image processing (Jain and Flynn, 1996) and information
retrieval (Rasmussen, 1992), (Salton, 1991), clustering has a rich history in other
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disciplines (Jain and Dubes, 1988) such as biology, psychiatry, psychology, archaeology,
geology, geography, and marketing. Other terms more or less synonymous with clustering
include unsupervised learning, numerical taxonomy (Sneath and Sokal, 1973) and learning

by observation (Michalski and Stepp, 1983). The field of spatial analysis of point patterns
(Ripley, 1989) is also related to cluster analysis.

In this thesis the final step of clustering is extended by solving a one-to-one
assignment problem of the cluster groups to classes using the class info of the training data,

to be able use them as classifiers. The optimization problem tries to minimize the total

wrong class assignment.

3.7. Support Vector Machines

The aim of Support Vector classification is to devise a computationally efficient way
of learning separating hyperplanes in a high dimensional feature space. The hyperplanes
try to optimize the generalization bounds like, the maximal margin, the number of support
vectors, the margin distribution, etc... Support Vector Machines are a system for
efficiently training the linear learning machines in the kernel-induced feature spaces
(Christianini and Taylor 2000). An important feature of these systems is that, while
enforcing the learning biases suggested by the generalization theory, they also produce
sparse dual representations of the hypothesis, resulting in ektremely efficient algorithms.
This is due to the Karush-Kuhn-Tucker conditions, which hold for the solution and play a
crucial role in the practical implementation and analysis of these machines. Another
important feature of the Support Vector approach is that due to Mercers conditions on the
kernels the corresponding optimization problems are convex and hence have no local
-minima. This fact and the reduced number of non-zero parameters, mark a clear distinction
betwéen these system and other pattern recognition algorithms, such as neural networks
(Cortes and Vapnik, 1995). There are many studies -on Support Vector Machines and
optimization of it (Scholkopf et al., 1998), (Burges and Schélkopf, 1997), (Osuna ef al.,
1997), (Scholkopf et ai., 1998), the use of Support Vector Machines for regression (Smola
and Scholkopf, 1998), density estimation (Weston et al., 1997) and anova decomposition
(Stitson e al., 1997) has also been studied.
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For a separable data set, {x,wi} i=1..n, x;eR’, wie {-1,1}, suppose we have a
separating hyperplane H. The points x; which lie on the hyperplane H satisfy A-x;+b=0,
- where W is normal to the hyperplane, |bl/||A|| is the perpendicular distance from the
hyperplane to the origin, and ||A|| is the Euclidean norm of A. Let d«(d.)be the shortest
distance from the separating hyperplane to the closest positive (negative) sample data.
Define the margin of a sépafating hyperplane to be d.+d.. For the linearly separable case,
the support vector algorithm simply looks for the separating hyperplane with largest margin
(Boser et al., 1992). This can be formulated as followé, suppose that all the training data

satisfy the following constraints:
X;A+b>+] for wi=+ ' (3.8)
x;A+b<-1 for wi=-1 | (3.9
These can be combined into one set of inequalities:
wi(XirA+b)-120, VI (3.10)

These points lie on the hyperplane H;: x;-A+b=1, with normal A and perpendicular
distance from the origin |1-b}/||A|l|. Similarly, the points for which the second equality holds
lie on the hyperplane H,: x;-A+b=-1, with normal again A, and perpendicular distance from
the origin |-1-b)/||A]. Hence d:=d=1/||A|| and the margin is simply 2/||Al|. Note that H; and
H; are parallel and that no training points fall between them. Thus we can find the pair of
hyperplanes which gives the maximum margin by minimizing V||A|%, subject to the

combined constraint of inequalities.

Using the Lagrangian formulation of the problem benefits two points. The first is
that the constraints will be replaced by constraints on the Lagrange multipliers themselves,
which will be much easier to handle. The second is that in this reformulation of the
problem, the training data will only appear in the form of dot products between vectors.
This is a crucial property, which will allow us to generalize the procedure to the nonlinear

casc.



29

1 .
Lprimal =5||A|| Za,w (x; - A+b)+Zal (3.11)
i=1

We must now minimize Lpima with respect to A, b, and simultaneously require that
the derivatives of Lpgima with respect to all the o vanish, all subject to the constraints ;0.
Now this is a convex quadratic programming problem, since the objective function is itself
convex, and those points, which satisfy the constraints, also form a convex set. This means
that we can equivalently-solve the following dual problem: maximize Lpsima, subject to the
constraints that the gradient of Lpyma with respect to A and b vanish, and subject also to the
constraints that the o;20 (Kaufman, 1998). This particular dual f(_)rrnulation of the problem
is called the Wolfe dual (Fletcher, 1987).

n
Introducing positive slack variables s;, i=1,..,n to the constraints, Zs,. is an upper
i=1

~bound on the number of training errors. Hence a natural way to assign an extra cost for
errors is to change the objective function to be minimized from " 2" to " ” =+ C(Zs ) s

where C is a parameter to be chosen by the user, a larger C corresponding to assigning a
higher penalty to errors. As it stands, this is a convex programming problem for any
positive integer d; for d=2 and d=1 it is also a quadratic programming problem, and the
choice d=1 has the further advantage that neither the si, nor their Lagrange multipliers,

appear in the Wolfe dual problem, which becomes:

maximize Lpy, = Za, Zala WiW XX

. (3.12)
subjectto 0 <@; <Cand ) ajw; =0
i

NS
The solution is given by A = Zaiwixi , where N is the number of support vectors.
i=1

Thus the only difference from the optimal hyperplane case is that the o; now has an upper

bound of C.
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In order to learn non-linear rel‘ations with a linear machine, we need to select a set of
non-linear features and to rewrite the data in the new representation. This is equivalent to
applying a fixed non-linear mapping of the data to a feature space, in which the linear
machine can be used. Hence, the set of hypotheses we coﬁsider will be functions of the

type
f(x)= ia,.(l),(x) +b (3.13)

where ®: X—F is a non-linear map from the input space to some feature space. This
means that we will build non-linear machines in two steps: first a fixed non-linear mapping
transforms the data into a feature space F, and then a linear machine is used to classify
them in the feature space. One important property of linear learning machines is that they
can be expressed in a dual representation. This means that the hypothesis can be expressed
as a linear combination of the training points, so that the decision rule can be evaluated

using just inner products between the test point and the training points:

1 .
f(x) =Y a;w;j(D(x;)- O(x))+b (3.14)

i=1

If we have a way of computing the inner product (®(x,)-®(x)) in feature space
directly as a function of the original input points, it becomes possible to merge the two
steps needed to build a non-linear learning machine. We call such a direct computation
method a kernel function. The use of kernels makes it possible to map the data implicitly
into a feature space and to train a linear machine in such a space, potentially side-stepping

‘the computational problems inherent in evaluating the feature map.

The key to this approach is finding a kernel function that can be evaluated efficiently.
Once we have such a function the decision rule can be evaluated by at most one evaluation

of the kernel:

1
f(x)= > a;wiK(x;,X)+b (3.15)

i=1
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7 One of the curious facts about using a kernel is that we do not need to know the
underlymg feature map in order to be able to learn in the feature space. The use of a kernel
function is an attractive computational short-cut. If we wish to use this approach, there
appears to be a need to first create a complicated feature space, then work out what the
inner product in that space would be, and finally find a direct method of computing that
value in terms of the original inputs. In practice the approach taken is to define a kernel
function directly, hence implicitly defining the feature space. In this way, we avoid the
feature space not only"in the computation of inner products, but also in the design of the
learning machine itself. We will argue that defining a kernel function for an input space is
frequently more natural than creating a complicated feature space. Before we can follow
this route, however, we must first determine what properties of a function K(x,z) are
necessary to ensure that it is a kernel for a some feature space. Clearly, the function must
be symmetric, and satisfy the inequalities that follow from the Cauchy-Schwarz inequality.
These conditions are, however, not sufficient to guarantee the existence of a feature space

and Mercer's theorem should be also satisfied.
The first kernels investigated for the pattern recognition problem were the following:

e Linear: K(x,z)=x-z’

Polynomial: K(x,z)=(x-z’+1)P
—(x=2)-(x-z)

Radial Basis:  K(x,z)=e

Sigmoid: K(x,z)=tanh(p1-x-z’-p2)

For the radial basis case, the number of support vectors, the support vectors
_themselves, the weights, and the threshold are all produced automatically by the support
vector machine training and give excellent results compared to classical Gaussian radial

- basis functions (Scholkopf et al., 1997).
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4. COMBINING CLASSIFIERS

There are at least three reasons why good ensembles can be constructed and why it
may be difficult or impossible to find a single classifier that performs as well as the
combination. To understand these reasons, wé must consider the nature of machine
Jearning algorithms. Machine learning algorithms work by searching a space of possible
hypotheses H for the }mdst accurate hypothesis, that is, the hypothesis that best
~ approximates the unknown function f. Two important aspects of the hypothesis space H

are its size and whether it contains good approximations to f.

If the hypothesis space is large, then we will need a large amount of training data to
constrain the search for good approximations. Each training sample rules out or makes less
plausible, all those hypotheses in H those misclassify it. In a 2-class problem, ideally each
training sample can eliminate half of the hypotheses in H, so we require O(log |HJ) samples

to select a unique classifier from H (Dietterich, 1997).

First, the need for combination is that the training data may not provide sufficient
information for choosing a single best classifier from H (Clemen, 1989). Most of fhe
learning algorithms consider very large hypothesis spaces, so even after eliminating
hypotheses that misclassify training samples, there are many hypotheses remaining. All of
these hypotheses appear equally accurate with respect to the available training data. We
niay have reasons for preferring some of these hypothesés over others, preferring simpler
hypotheses or hypotheses with higher prior probability. But nonetheless, there are typically
many plausible hypotheses. From this collection of surviving hypothesis in H, we can

easily construct a combination of classifiers.

Second, the need for combination is that our learning algorithms may not be able to
solve the difficult search problems that we pose. For example, finding the weights for the
smallest possible neural network consistent with the training samples is NP-hard. Neural
network algorithms therefore employ local search methods such as gradient descent to find
locally optimal weights for the network. A ‘consequence of these imperfect search

algorithms is that even if the combination of our training samples and our prior knowledge,
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preferences for simple hypotheses, Bayesian priors, determines a unique best hypothesis,’
we may not be able to find it. Instead, we will typically find a hypothesis that is somewhat
more complex or has somewhat lower posterior probability (Ali and Pazzani, 1996). If we
run our search algorithms with a slightly different training sarhple or injected noise, we will

find a different suboptimal hypothesis. Combination can be seen therefore as a way of

compensating for imperfect search algorithms.

Third, the need fqr combination is that our hypothesis space H may not contain the
true function f. Instead, H may include several equally good approximations to f. By
taking weighted combinations of these approximations, we may be able to represent
classifiers that lie outside of H (McQueen, 1967). One way to understand this is to
visualize the decision boundaries constructed by learning algorithms. A decision boundary
is a surface such that samples that lie on one side of the surface are assigned to a different
class than samples that lie on the other side of the surface. Combination also provides a

way of overcoming representational inadequacies in our hypothesis space.

A large number of combination methods have been proposed in the literature (Xu e#
al., 1992), (Kittler, 1998), (Kittler ef al., 1998). A typical combination method consists of
a set of individual classifiers and a combiner, which combines the results of the individual
classifiers to make the final classification. When the individual classifiers should be
invoked or how they should interact with each other is determined by the architecture of the
combination method. Thus, various combination methods may differ from each other in
their architectures, the characteristics of the combiner, and selection of the individual

classifiers.

Various methods for combining multiple classifiers can be grouped into three main

categories according to their architecture:

e Parallel
e Serial

e Hierarchical
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In the parallel architecture, all the individual classifiers are invoked independently,
and a combiner then combines their results. Most combination methods in the literature
belong to this category. In the gated parallel variant, the outputs of individual classifiers
are selected or weighted by a gating device before they are combined. .In the serial
architecture, individual classifiers are invoked in a linear sequence. The number of
possible classes for a given pattern is gradually reduced as more classifiers in the sequence
have been invoked. For the sake of efficiency, inaccurate but cheap classifiers with low
computational and measurement demands, are considered first, and followed by more
accurate and expensive classifiers. In the hierarchical architecture, individual classifiers
are combined into a structure, which is similar to that of a decision tree classifier. The tree
nodes, however, may now be associated with complex classifiers demanding a large
number of features. The advantage of this architecture is the high efficiency and flexibility
in exploiting the discriminant power of different types of features.v Using these three basic

architectures, we can build even more complicated classifier combination systems.

Consider a pattern recognition problem where sample test pattern X, is to be assigned
to one of the C possible classes. Let us assume that we have K classifiers each representing
the given pattern by a distincf feature vector. Denote the feature vector used by the k™
classifier my by X In the measurement space each class ¢ is modeled by the probébility
density function P(xwe) and its a priori probability of occurrence is denoted P(w:). We
shall consider the models to be mutually exclusive which means that only one model can

be associated with each pattern.

According to the'Bayesian theory, given a specific feature vector X, the sample test
pattern Xy, should be assigned to class wq, provided the a posterior probability of that

. interpretation is maximum,

Assign x,—>We if P(W¢ | Xp15eer Xnk) = mlalx P(w; | Xp1see>XnK) “.1)
: 1=1..C o

The Bayesian decision rule states that, in order to utilize all the available information
correctly to reach a decision, it is essential to compute the probabilities of the various

hypotheses by considering all the classifiers simultaneously. This is, of course, a correct
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statement of the classification problem but it may not be a practicable proposition. The
computation of the a posterior probability functions would depend on the knowledge of
high-order measurement statistics described in terms of joint probability density functions
P(Xn1,...,Xnk|Wc) that would be difficult to infer. We shall therefore attempt to simplify the
above rule and express it in terms of decision support computations performed by the
individual classifiers, each exploiting only the information conveyed by vector Xq.. We
shall see that this will not only make Bayesian decision rule computationally manageable,
but also it will lead to combination rules which are commonly used in practice. Moreover,

this approach will prdVide a scope for the development of a range of efficient classifier

combination strategies.

We shall commence from Bayesian decision rule and consider how it can be
expressed under certain assumptions. Let us rewrite the posterior probability
P(wW¢lXnis- - »XnK) using the Bayes theorem. We have

P(Xp15e0n XnK | We)P (W)
P(Xp1seesXpg)

P(W¢ | Xp1seen XK ) = , where P(Xpy,...,Xnk) is the unconditional

joint probability density function of the sample pattern, which can be expressed in terms of

‘ C
conditional probabilities as P(xpq,...,Xqg ) = ZP(xnl,...,an | we)P(we)
c=1

From the point of view of the selection of input feature vectors there are basically
two classifier combination scenarios. In the first scenario, all the classifiers use the same
representation of the input sample test pattern x,. In this case, each classifier, for a given
input pattern, can be considered to produce an estimate of the same posterior class

probability.

In the second scenario, each classifier uses its own representation of the input sample
test pattern xpx. - In other words, the feature vectors extracted from the sample pattern are
unique to each classifier. An important application of combining classifiers in this scenario
is the possibility to infegrate physically different types of measurements/features. In this

case, it is no longer possible to consider the computed posterior probabilities to be
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eestimates of the same functional value, as the classification systems operate in different

measurement spaces.

An important requirement for a combiner that uses the output of the individual
classifiers is that the classifiers should not be strongly correlated in their misclassification.
That is, classifiers should not agree with each other when they misclassify a sample, or at
least they should not assign the same incorrect class to a sample. This requirement can be
satisfied to a certain extent by using different feature sets and using a different
classification principle for each of the individual classifiers. Using different feature sets
leads, in many cases, to a reduction in the correlation between the outputs of individual
classifiers, since there is almost always less correlation between the input vectors using
different representations than when using the same set of features. Different classifiers
usually use different assumptions about the structure of the data and the stochastic model
that generates it. This leads to a different estimate of the posterior probabilities especially

around the Bayes decision boundaries.

Under different assumptions and using different approximations, we can derive the
commonly used classifier combination methods such as the product rule, sum rule and their

approximations as min rule, max rule and majority voting.
4.1. Product Rule

Let us assume that the classifiers are statistically independent, which will lead us to

K
rewrite the joint probability density function P(Xjp,.->XpK | We) = HP(Xnk | we).
k=1
Substituting this in the Bayes theorem, we find
K .
P [PGak | Wo)
P(W¢ | Xp15msXnK) = k=11< and using the Bayesian decision rule:

> Pw)] [PCxnk | wi)

i=1 k=1
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Assign X,—>w, if P(WC)HP(Xnk | W) = max {P(Wi)n P(x | wi):l 4.2)
k=1 l=1C k=1

In terms of the posterior probabilities the decision rule could be written as:

K [ K
HP(WC | X5k HP(Wi | Xnk)

Assign x,—w, if k=l = max | k=l 4.3)
Pw)X il p(wpK!

The assumption of independence of classifiers of the product rule is a strong one, if
we are not so selective on the type of the classifiers for combination, even further the x.’s
are not independent. One more disadvantage is that, if we have a bad classifier my in terms

of posterior probability P(wia[Xn,)=0, the overall classification result is inhibited.
4.2. Min Rule

We can approximate the product rule, by bounding the product of posterior

K
probabilities from above: HP(WC | Xpk) < min P(w, | x,) we obtain
k=1.K
k=1
min P(w. | xp) min P(w; | xp)
Assign x,—>w; if k=l.. 3 = max | 2=t < 4.4)
P(we)™ i=1.G P(wj)

If we further assume that the prior probabilities are equal, this simplifies to

= 1=1.. =l1..

Assign xp—>w if minKP(wclxnk)=.mla>(<: min P(w; | x,x) 4.5)
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4.3. Sum Rule

Let us assume that the posterior probabilities computed by the classifiers will not

deviate dramatically from the prior probabilities. We can assume that the posterior

probabilities can be expressed as P(wclxnk)=P(Wc)(1+Sck), where 8 satisfies [Sq/<<1.

HP(WC lxnk) K
k=1

If we expand the product and neglect any terms of second and higher order, we can

approximate the right-hand side as

P(WC)H(1+5ck) P(Wc)+P(wc)Z§k P(wc)+P(Wc)Z[P(‘;€|X;k) ljl
k=1 =1 W,

This simplifies to the sum rule

Assign x,—wW, if (1-K)P(w,)+ ZP(wclxnk) max{(l R)P(WI)ZP(wllxnk):l (4.6)
k=1 k=1

As far as the sum rule is concerned, the assumption that the posterior class
probabilities do not deviate greatly from the prior probabilities will be unrealistic in most
applications. ~ When observations on a pattern convey significant discriminatory

information, the sum approximation of the product will introduce approximation errors.
4.4. Max Rule

We can approximate the sum rule by the maximum of the posterior probabilities,

K
since (—)ZP(WC | Xpk) < max P(Wc | Xnk)
K' k=1.K

Assign x,—>we if
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(1-K)P(w.)+K krilla?% P(w¢ | xqk) = Ela}({: [(1 - K)‘P(wi)K krilleu;( P(w; | Xnk)] 4.7

If we further assume that the prior probabilities are equal, this simplifies to

Assign x,—=>w. if max P(w, | X, )= max max P(wj|Xqy) 4.8)
k=1.K i=1..Ck=1.K

1=1./ =

4.5. Mean/Median ilule

If we assume equal prior probabilities, the sum rule can be viewed as computing the

average posterior probabilities for each class over all the classifier outputs:

K K
Assign xp—>w, if (l)Z:P(wc | Xpk) = max (l)ZP(wi | Xnk) 4.9)
Ko i=1.C K’

This rule assigns a sample pattern to that class with maximum average posterior
probability. If any of the classifiers outputs a posterior probability for some class, which is
an outlier, it will affect the average and this is in turn could lead to an incorrect decision. It
is well known that a robust estimate of the mean is the median. It could therefore be more
appropriate to base the combined decision on the median of the posterior probabilities,

which leads to the following rule:

Assign x,—>W if med P(w¢ | xp) = max med P(w; | xpk) (4.10)
k=1.K i=1..C K

1=1.. =

4.6. Majority Vote Rule
Let us force the posterior probabilities to produce binary valued function A as:

Aci=1 if P(We | Xpk) = mla)é P(w; | xyx) and O otherwise.
1=1.

This function results in combining decision outputs to be class labels rather than

posterior probabilities. If we further assume that the prior probabilities are equal we find:
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Assign x,—w, if > Acpk = max > Ak (4.11)
k=1 l=1Ck=1

Note that for each class w; the sum on the right hand side is simply the count of the

votes received from the individual classifiers. The class, which receives the largest number

of votes, is then selected as rhajority decision.

4.7. Bagging

Classifier combination methods are methods for improving the accuracy of a
classifier through aggregation of several similar classifiers .predictions. In bagging, the
training set is perturbed by bootstrapping and the results combined with a majority vote.
Typically, such aggregation will arrive at greater accuracy by reducing either the bias or the

variance of a single classifier (Breiman, 1996a), (Dietterich, 1997).

In bagging, an inductive learner is repeatedly applied to bootstrap samples (Efron and
Tibshirani, 1993) from a master training set, where a bootstrap sample is generated by
random sampling with replacement from the original training data. Once several classifiers
have been trained on such bootstraps, the classifier combination is determined by majority
voting among the classifiers. That is, the classifier combination evaluates test samples by
querying each of the classifiers on the sample and then outputting their majority opinion.
Breiman's two main arguments for baggings appropriateness and effectiveness are that
running several trials on uniform samples of a population results in more significant, less
variant statistical results, and deferring to the majority opinion can rid the final classifier of
noise-induced errors or other mistakes that occur only in a handful of the classifiers (Bauer

and Kohavi, 1999), (Breiman, 1996a).
4.8. Boosting

Boosting also opefates on random subsets but is more complex, and constructs a
filtered sequence of classifiers that increases the probability of selecting previously

misclassified patterns followed by weighted vote combination (Freund and Schapire,
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1997). Boosting, in particular, has been shown to be very effective for turning a series of

weak learners into a strong learner.

Boosting improves classification accuracies by iteratively estimating classifiers using
a base-learning algorithm while systematically varying the training sample. At each
iteration, the training sample is modified to focus the classification algorithm on examples
that are difficult to classify correctly. This modification is performed by providing a
weight for each training sample. The importance of misclassified training samples is
increased and the classification algorithm focuses on learning these samples. The boosted
classifier's prediction is then based upon an accuracy-weighted vote across the estimated

classifiers. A number of different boosting algorithms have been developed.

Recall that bagging gives all samples equal probability of being selected for the
training set of each classifier and gives each resulting classifier combination equal voting

power. Boosting is similar to bagging but attempts to learn more intelligently than bagging

in two ways.

First, each time boosting creates a new classifier, its accuracy is verified through
testing on the tfaining data (Dietterich, 1997). The probability distribution over the
samples is then re-weighted based on a measure of how hard each sample was to classify
for the current classifier. The harder samples probabilities of being picked in the
subsequent classifiers bootstrap are thus boosted in the distribution, such that the next
classifier will focus on solving the harder to classify samples. The second way in which
boosting diverges from bagging is in the voting phase of the combination. During testing,
boosting weights the vote of each classifier according to how successful it was during

verification.
4.9. Error Sensitivity

We assumed that i)osterior class probabilities P(w;|xnx), in terms of which the various

classifier combination rules are defined, are estimated correctly. In fact, each classifier my
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will produce only an estimate of this probability, which we shall denote P(w; | xq). The

estimate deviates from the true probability by error e;y

P(W; | Xpi) = P(W; | %) + €50 (4.12)

It is these estimated probabilities that enter the classifier combination rules rather
than the tme probabilities. - (Kittler, 1998) addresses the issue of the sensitivity of various
combination rules to estimation errors, and point out that the techniques based on the sum
rule are more reliable to errors than those derived from the product rule. Let us now

consider the effect of the estimation errors on the classifier combination rules.

If we further assume that e;<<P(Wi[Xn) and P(w;|xn)>0, we can rewrite the product

and sum rules as follows:

K K
TTPwe [ xqg) +ecai ] TT®W; | %) + €0k
Assign x,—>w, if =1 = max | k=1 (4.13)
P(we)* ! i=.C P(wp)"

We can rewrite by rearranging terms as:

K
H P(W; | Xpi) +€ink | HP(wllxnk)H[ 1+ Cink } which can be linearized
k=1 P(wl | Xnk)
K
: P(w; +€; P 1+
as 1£I] (Wi | Xpk) e1nk H (w; | Xpk) ZP(Wllxnk)

We reach to the product rule with the error of estimation in the posterior

probabilities:

Assign x,—>w if
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K K
,HP(WC | Xnk)l: K ] HP(Wi | Xnk)

" |
k=1 €enk k=1 Cink
= = max 1+ (4.14)
Pwe) " | ESPOVelxm) | isd pewpR T | k=lP(wi|xnk)}

1

Comparing this rule with the error free version, each term in the error free classifier

combination rule is affected by the error factor.

Lo K )
Product rule error factor = |1+ > ——ink (4.15)
k=1 P(wi | Xnk)

A similar analysis of the sum rule is as follows:

Assign x,—>w, if

(1-K)P(w, )+ i [P(wc | X )+ € ]= max[(l -K)P(w, )i Pw,; [ x4) + € )] (4.16)
k=l i=1..C gy

Which can be rewritten as

_ " .
K zecnk

A-K)P(we)+ D P(We | Xpye)| 1+ =1

K
k=l D P(We | Xpk)
| k=l A
Assign xp—>Ww, if _ _ _1 4.17)

K
K . Zeink
= max (A-K)P(wj) > P(W; )] 1+ XL

. K
=1 k=1 S TP(W; | %)
: k=1

A comparison to the original sum rule results in the error factor.
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. K
Z Cink
k=1

K
D P(w; | xpx)
k=1 '

Sum rule error factor= |1+ | (4.18)

Comparing error factors for the product and sum rules, it is obvious that the
sensitivity to errors of the product is much more dramatic than that of the sum rule. Note
that since the posterior probabilities are less than unity, each error ejy in error factor of the
product rule is ampliﬁeci by P'l(wilxnk). The compounded effect of all these ampliﬁéd
errors is equivalent to their sum. In contrast, in the sum rule, the errors are not amplified.
On the contrary, their compounded effect, which is also computed as a sum, is scaled by
the sum of the posterior probabilities. For the most probable class, this sum is likely to be
greater than one, which will result in lowering of the errors. Thus, the sum decision rule is
much more reliable to estimation errors. It follows, therefore, that the sum classifier
combination rule is not only a very simple and intuitive technique of improving the
reliability of decision making based on different classifier opinions but it is also

remarkably robust.
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S. AUTOMATED CLASSIFIER COMBINATION

Different pattern classifiers trained for the same data set can come out with different
results and variable reliability. They may be derived from different concepts, using
different features, or operating with different classifier parameters. Their performance may
be different for the same data set. Their performance also depends on the classes of the
data sets; some classifiers or different classifier’s parareters perform well on some classes
of the data set, but not on all of them. Under these circumstances combining different
pattern classifiers developed for the same task bears the promise of improving the overall
performance, just like in every day life where more than one expert is consulted if a
difficult case is to be settled. Since different pattern classifiers have different strengths and
different weaknesses, classifier combination must be led by the goal of making the

respective strengths effective and repelling the deficiencies.

Methods for combining classifiers cén be subdivided into unweighted vote, weighted
vote, gating networks and stacking. The simplest approach is to take an unweighted vote
as is done in bagging and many other methods. While it may appear that more intelligent
voting schemes should do better, the experience in the forecasting literature has been that

simple, unweighted voting is very robust (Clemen, 1989).

One refinement that is proposed in the thesis on simple majority vote is based on the
thought, that each classifier my can produce class probability estimates py,c rather than a
simple classification décision Win. A class probability estimate for sample x, is the
probability that the true class is w¢: Px(welxnk) for ¢=1...C. For come classifiers, like
artificial neural networks, this probability is already calculated if the training outputs are
given as probabilities. In this case the results are in the‘form of posterior probabilities. For
other. classifiers, like k-nearest neighbour the similarity values calculated as distances
should be converted to posterior probabilities. This conversion is made by normalizing the
similarity measures, based on the maximum and minimum similarity values, after the
leave-one-out training is performed. In the framework, which will be detailed in Section

5.1, all classifiers are modified to supply posterior probabilities for each class.
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We can combine the class probab111t1es of all of the classifiers so that the class

probablllty of the combination is P(w, | Xn) =E2Pk (W¢ | xp). The predicted class of
k=1

Xp is then the class having the highest-class probability. |

K
Assign xn—>w, if P(w, | x,) = max 1 ZPk(Wi | Xnk) (5.1)
. i=1..C K k=1

Many different weighted voting methods have been developed for classifier
combination. For regression problems, (Perrone and Cooper, 1993) and (Hashem, 1993)
apply least squares regression to find weights that maximize the accuracy of the
combination on the training data. They show that the weight applied to the classifier my
should be inversely proportional to the variance of the estimates of itself. A difficulty with
applying linear least squares is that the various classifiers can be very highly correlated.
Methods have been described for choosing less correlated subsets of the classifier set and

combining them using linear least squares.

For classification problems, weights are usually obtained by measuring the accuracy
of each individual classifier on the training data and constructing weights that are
proportional to those accuracies. (Ali and Pazzani, 1996) describe a method that they call
likelihood combination in which they apply the Bayes algorithni to learn weights for
classifiers. The weight for a classifier is computed from the accuracy measured on the

training data.

The third approach to combining classifiers is to learn a gating network or a gating
function that takes as input x, and produces as output the weights Wy to be api)lied to
compute the weighted vote of the classifiers (Jordan and Jacobs, 1994). As with any
Iearning algorithm, there is a risk of overfitting the training data by learning the gating

function in addition to learning each of the individual classifiers.

A fourth approach to combining classifiers, called stacking, is where different

learning algorithms are applied to the training data at each level to teach a good combining
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classifier. Wolpert proposed a scheme for learning using a form of leave-one-out cross-
validation (Wolpert, 1992). Each algorithm is applied to the training data many times,
leaving a training sample out each time. We can then apply each classifier to the sample to
obtain the predicted class, which results in a new data set whose features are the classes
predicted by each of the classifiers. Now we can apply some other learning algorithm to
the new data to classify in a stacked manner. Breiman applied this approach to combining

different forms of linear regression with very good results (Breiman, 1996b).
5.1. Performance Measures

To compare different classification algorithms and combination methods,
performance measures should be defined. There are different performance measures which
evaluates different performances of classifiers: generalization performance, learning
performance, correct and wrong classification performance, real time performance, etc....
One of the measures is the number of operations, which is the count of mathematical
operations performed. This measure deperids on the number of samples of the data, on the

length of the feature vector of the data and the classification algorithm itself.

For each classification result, a Cx(C+1) classification matrix as seen in Table 5.11s
given to show the correct, wrong and unclassified number of samples for the data set. In
this matrix a value in the location (i,i) shows the number of correct classifications for class
i, a value in location (i,(C-+1)) is for the unclassified number of samples for class i and the
other values in the matrix are for wrong classification showing a wrong classification for

class i as class j.

Table 5.1. Classification matrix

Classes Class1 ... . Classi we . ClassC Unclassified  Correct Wrong Performance Reliability

Class 1 correct; ... wrong; ... WIongc unclassified; correct; wrong; performance; reliability;
Classi wrong; ... correct; ... Wwrongc unclassified; correct; wrong;  performance; reliability;

Class C wrongc) ... WIONgC; ...  correctc unclassifiedc ~ correctc wrongc  performancec reliabilityc
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Next to the classification matrix, the total number of correct and wrong classification
counts are given as vectors. There are two more columns next to them, which are the
calculated results of performance and reliability for the classes. Performance.is the ratio

for correct classification and reliability is the probability of correct classification for that

class.

performance; =100 x correct; (5.2)
' correct; + wrong; + unclassified;
reliability; =100 x ——— ot (5.3)
correct; + Z wrong ji
J=1
C
> correct;
— =l
CP=-5 64
Z samples;

i=1

Classification performance based on classes (CP) is based on the ratio of correct
classification to the sample size. Generally, only this correct classification performance
measure is used in the literature. In this thesis, other measures are proposed as defined in
the following paragraphs and they are used to show how the different measures differ for

determining a classifier’s performance.

Classification performance based on probabilities (PP) is based on distances of the

posterior probabilities p'; of the classification result and the true classification probability

Pt

N ’
Z|Pi -pt|

_q1_ =l .
PP=1-1 (5.5)

Z samples;

i=1
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Overall classification performance (OP) is a measure, which combines the products

of performance; and reliability; with the counts of samples; at corresponding class; as a

weight.

C
Z (performance; x reliability; x samples; )
op=EL
= (5.6)
Z samples;

i=1

Sum of ‘squared errors based on probabilities (SSEP) is the sum of squared

differences of posterior probabilities wp’; of the classification result and the true

classification probability wp.

N 5
Z(Pt —Pt)
SSEP = t=Cl——— (5.7

| Zsamplesi
i=1

Distance of probabilities (DP) is the Euclidean distance between posterior

probabilities p’, of the classification result and the true classification probability p:.

N ) '
Z(Pt —Pt)
DP =t (5.8)

- C
Esamplesi

i=1

In this thesis the classifiers are modified to produce posterior probabilitiés for each
class. This allows to define a region where it is unreliable to classify samples, it is better to
left them unclassified. This region is calculated using special values of posterior
probabilities after the leave-one-out training phase. Minimum difference for true
probability (MinT) is the maximum difference between posterior probabilities of the
classiﬁcation result for any wrong classification assignment to its correct classification

posterior probability for the same sample. Maximum difference for wrong probability
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V(MaxW) is the minimum difference between posterior probability of the classification
result for any correct classification assignment to the wrong classification result with the
highset posterior probability for the same sample. The trust value to decide for the
indecisive boundary, is either the MaxW if it is smaller than the MinT, otherwise it is
0.25(MinT-MaxW)+MaxW. Using the trust value in the classification of test samples, if
the difference between the highest posterior probability to its next highest posterior

probability is lower than the trust value, the sample is left unclassified.

In this thesis, t6 compare different classification algorithms and combination
methods, different performance measures are calculated and the resulting tables include all
the values for these measures. For the classification algorithms, the required parameter
values are also given in the resulting tables. For the combination methods, the weight of
classifiers for combination is also given. The training performance of all classifiers is

calculated by using the training sets with leave-one-out technique.

5.2. Weighted Combination Algorithms

This study focuses on combining the results of several different classifiers in a way
that provides a coherent inference, which performs a reasonable classification performance
for the data set at hand. Therefore three different weighted combination algorithms with
three different weight assignment are applied on the data sets. Class based combination
algorithm uses the classifiers’ class assignments to combine (Alexandre et al. 2000). For
each class, the weights of the classifier is added to the decision value of the classifier
combination, if the classifier has decided on that class. The classifier combination decides
the assigned class based on the maximum of these decision values (5.9). If the weights are
equal, this combination algorithm is the classical majority vote (4.1 1). The classifiers are

forced to produce binary valued function Ak using the posterior probabilities as: Aenx=1 if

P(w, | Xpk) = max P(w; | Xk ) and 0 otherwise.
i=1..C
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. K : K
Assign x,—>w, if D WiAgnk = max > WiAink (5.9
k=1 i=1 ..C k=1

The reliability of the classifier for the assigned class, as proposed in (5.3), is also
integrated to the combination by multiplying the reliability value with the weighted class
assignment. This idea is intuitive, if we handle the classifiers as experts in the decision
theory. That is, each classifier has different reliabilities on deciding on different classes.
For the case of classiﬁgrs, this handles the situations,’ where the classifier performances
differ to classify the sample of different classes of the same data set. In other words, this
reliability value increases the influence on the final decision, if the classifier reliability is

high for decidirig this class, and decreases the influence, if it is unreliable.

Assign x,—>w, if zkakcAcnk = max szRkiAink (5.10)
k=] i=1..Ck=1

Probability based combination algorithm uses the posterior probabilities of classifiers

to carry out the combination. As in the case of class based combination they are weighted

with the classifier’s weights.

K K
Assign Xp—w; if ZWkP(wc | Xpk) = max szP(Wi | XnK) (5.11)
k=1 1=1C k=1

The reliability of the classifier for the assigned class is also integrated to the

combination by multiplying the reliability value with the assignment probability.

. K K ‘
Assign xp—>We if ) WxRyoP(We | Xpk) = max > WiRKP(Wi | xpx)  (5.12)
k=1 =1Lk

The results of class based combination algorithm and probability based algorithm are
combined (5.15) by first converting the class assignments of class (5.13) and probability
(5.14) based combination algorithm to posterior probabilities.
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K .
2 WkAlnk
Pe (Wi | xp) = 25k (5.13)
Z ZWkAJnk '
j=lk=1
K
| D WiP(w; | X))
o (wi %) = F5L (5.14)

2. D WiP(wi | X))

j=1k=1

Assign x,—>w, if
K K
2 Po(We | Xpi) +Po(We | Xpg) = max 3P (wi | %) +Po(wi [ Xie)  (5.19)
k=1 1=1.. k=1

The integration of reliability is again applied in combination of combined class and

probability based combination results.

K
> WiRgiAjnk
=1 (5.16)

Per (W; [ Xpk) =

K
> Wi RP(W; | Xpg)
k= .

1
C K

D D> WiRP(Wj | xpi)
j=1k=1

Ppr(Wi | Xpk) = (5.17)

Assign x,—>w; if

K K
ZPpr(Wc | Xpk )+ Per(We | Xpk) = .ma)ékzlppr(wi | Xnk) +Per (Wi | Xp)  (5.18)
k=1 =

1=1..



53

| Different algorithms are used to calculate the weights of the classifiers for weighted
combination. The easiest way is to combine the classifiers using equal weights. This

performs a good result if the classifiers in the set are independent and unbiased (Alexandre
et al. 2000). The weight of classifier my is:

1
Wi =— 5.19
k=% (5.19)

A better way for assigning weights to classifiers is, to assign their performance values
in the training phase. In this thesis, it is proposed that the defined overall performance
values, “OP”s, found in the leave-one-out training phase are assigned as weights. These

results are also integrated with the reliability of the classifiers. The weight of a classifier

my is:

(5.20)

Another proposal is to assign weights using a linear fit on the posterior probabilities
of leave-one-out results. Better and reliable performance is reached with the weight
assignment where the true class probabilities of the training data set and the posterior
probabilities found by the classifiers are used to find a linear regfession parameters for
them. Least square fit parameters for the training data set is used as weights of the
classifiers in the combination. The constant term which may be in the equation is not used
since the shifting will not affect the relative values for classification. The weights are the

solution of the following equation:

[ P(wy|xp) | W, J PCwplxpm) .. P(wilxpmp) .. P(wp|xp,mg) ]
P(wy|xn) | W P(wylxn,mp) .. P(wp[xyn,mp) .. P(wp|xyn,mg) (5.21)
P(w | x;) K Pwy xpm) . P(Walxpmp) .. P(wy|x;,mg)
: W, . . :
| Pewelxp)| & X Pwelxnmp) . P(Welxn.mp) .. P(we|xy,mg)]
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The extension of this polynomial weight assignment proposal is to integrate the

rehablhty of the classifier for the assigned class. The weights are the solution of the

following equation:

[ P(w[xy) ] "W, 1 R(w |mp)P(wy|x,m) .. R(w;|mg)P(w;]xy,mg) |
P(wilxn) | _ \h;k R(wilmy)P(wy|xy,mp) .. R(wy|mg)P(w; | xy,mg) (5.22)
P(w, [ x) : R(Wa |m)P(wy | x;,my) .. R(w,|mg)P(ws | xq,mg)

WK . . :
| P(welxn)| = T R(We | mp)P(we | xy,my) .. R(wc | mg)P(wc | xn,mg) |

5.3. Integrated Framework for Classifier Combination

In this thesis an integrated framework for pattern recognition is designed and
developed. All the classification algorithms and combination methods are developed and
coded in Matlab. The documented classification algorithms are modified to integrate them
in a framework. The classifiers’ input/output types and the data set’s data structures are
sténdardized. Different mapping, classification and clustering algorithms are integrated in
this structure, which enables a complete analysis of data sets and the performance of
different combination algorithms are tested using the classifier set integrated in this
environment. The data set features, the corresponding true class assignments and if exists
their real membership values for each class are stored in different files allocating a row for
each sample. Finally a Windows-based user interface as seen in Figure 5.1 is developed to

test and develop new classifier combination methods.

In this framework the K-means clustering and self organizing map clustering
algorithms are modified to use them as classifiers, by solving an optimization problem to

assign clusters to class.
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C N
minimize z z Z, Xy
. N
subjectto .~ »'x,. =l c=1..C

c - _
zxnc =1 n=1..N (523)
where | );nc : 1if sample n is assigned to class ¢
0 otherwise

; = 1if sample n is wrongly assigned to class ¢
* | Ootherwise

In this thesis, the classifiers are modified to produce class probability estimates
besides their class assignments for all classes. For that purpose, their distance measures or
belief values are normalized in the training set as probabilities and applied on the test set.
For some classifiers such as fuzzy neural network classifier, artificial neural network
classifier and support vector machine, their belief values are converted to posterior
probabilities using a normalized mapping. For K-means classifier, Parzen, K-nearest
neighbour, piecewise quadratic and piecewise linear distance classifiers their implicit
distance measures are explicitly calculated and converted to posterior probabilities for each
class. One of the main contributions of this thesis is that all the classifiers and clustering
based classifier algorithms in the classifier set are modified to produce posterior

probabilities for their class assignments for all classes.

For two-class data sets, the class conditioned and standardized class conditioned
principle component mapping, difference of two means with equal or different covariances,
generalized clustering, optimal discriminant mapping and k-nearest neighbour mapping
algorithms are implemented. The multilayer perceptron, least square and principle
component mappings are implemented as general tWo dimensional mapping techniques.
The details of the classification and clustering algorithms are given in Section 6.1. To
integrate the clustering algorithms as classifiers, a one-to-one aésignment algorithm is

applied on the final clusters.
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To get started, type one of these connands : }rel win i
H I
For information on all of the HathWorks productg, t_l;pl

» cd c:\abphd
».ab
»

\,Com&\e Yestusing désse; b

Figure 5.1. Integrated frameworks’s user-interface

To analyze the data, some data visualizing techniques are also implemented‘and
integrated in this framework. This enables us to see the behaviour of the whole training or
test data in two dimensions by dimensional reduction of features. Some of the
visualization techniques of the framework will be demonstrated on some of the data sets
used in the experiments. For example the principle component mapping of the simulated

data of two spirals can be seen in Figure 5.2.
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Figure 5.2. 2D Visualization of the 2SD data set

A visualization of a real-life data set is given in Figure 5.3. This is the data set used
by Gorman and Sejnowski in their study of the classification of sonar signals using a neural
network (Gorman and Sejnowski, 1988). The file contains 111 patterns obtained by
bouncing sonar signals off a metal cylinder at various angles and under various conditions
for 97 patterns obtained from rocks under similar conditions. The transmitted sonar signal
is a frequency-modulated chirp, rising in frequency. The data set contains signals obtained
from a variety of different aspect ahgles, spanning 90 degrees for the cylinder and 180
degrees for the rock. Each pattern is a set of 60 numbers in the range 0.0 to 1.0. Each
number represents the energy within a particular frequency band, integrated over a certain
period of time. The integration aperture for higher frequéncies occur later in time, since
these frequencies are transmitted later during the chirp. The label associated with each
record contains the letter "R" if the object is a rock and "M" if itis a mine (metal cylinder).

Figure 5.3 shows the optimal discriminant mapping of the SMR data set.
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Figure 5.3. 2D Visualization of the SMR data set

The characteristics of the data set can also be visualized using the graphical feature
versus feature plot techniques. The visualized feature plots in Figure 5.4 are of the GID
data set, whose study of classification of types of glass was motivated by criminological
investigation. At the scene of the crime, the glass left can be used as evidence, if it is

correctly identified.
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- Class'No#3:

Figure 5.4. Feature x Feature plot of the GID data set

Another data set is the DIB, which is a two class data set investigating whether the
patient shows signs of diabetes according to World Health Organization criteria (i.e., if the
2 hour post-load plasma glucose was at least 200 mg/dl at any survey examination or if
found during routine medical care). The ADAP algorithm makes a real-valued prediction
between 0 and 1 (Smith et al, 1998). This was transformed into a binary decision using a
cutoff of 0.448. Using 576 training instances, the correct classification performance of
their algorithm was 76 per cent on the remaining 192 instances. The box plot analysis of

the data set is seen in Figure 5.5. The 8 features used are defined as follows:

e Number of times pregnant

e Plasma glucose concentration a 2 hours in an oral glucose tolerance test
¢ Diastolic blood pre\ssure (mm Hg)

e Triceps skin fold thickness (mm)

e 2-Hour serum insulin (mu U/ml)
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¢ Body mass index (weight in kg/(helght In m)"2)
¢ Diabetes pedigree function
e Age (years)

Figure 5.5. Box-plot of the DIB data set

The combination methods are collected as a separate menu item (Figure 5.1), where
you can let batch long runs and later analyze the resulting reports. The results of running
the algorithms including all posterior probabilities and class assignments are stored in
different files. Special ahalysis based on the wrong classified samples is also given in
separate files. All of the results are combined in a compact report for each algorithm as

seen in Figure 5.6.
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£} spirals.plr'= Notepad
Fle Edt Format Hep
Classifier Combination usin

Number of oOperations 185333
K-Means Clustering

piacewise Linear Distance :
Class 1 2 ? ‘

SSE based on Beliefs .
Distance on Beliefs 10,0214
1M1n difference for Trueprob
max diffarence for wrong

Trust value

|self organizing Ma ' : -
|Support VectorgMacﬁﬁne : —g:gg§%
Fuzzy Neural Network 1 -2.9992
{artiticial Neural Natwork : ~10.0880
Jk-means Classifier :1.017
parzen Classifer ~1 0.7491
|k-Nearest Neighbor Classifier : -0,1868
{IPiecewise quadratic Distance : 0.0063
12,2953

:0.0058
10,3622
+0. 00578058

9 Leavelout Probabiiities For spirals. data
i 0.3498

Joverall Classification pegfggrggnce based on Probabilities

carract wron performanca Reliabilit
1 96 0 1 96 ¢ 9 98.97 98.97 Y
12 1 .96 0 96 1 98,97 100. 00
‘joverall classification performance 198.4589
Joverall Classification performance based on classes :98.9691
:89.1716

Figure 5.6. Result file of combination algorithm applied on the 2SD data set

The first line of the result report file gives information about the classifier name and
the method applied on the specified data set. The second line gives the number of floating
point operations to reach the classification result. This measure only includes the
mathematical operations performed by classification. Next lines up to the classiﬁcétion
matrix are the parameters used for this classification method, for the case of single
classifiers, this part is used for parameters and in the case of combination, the weights of
classification algorithms are given. The details of classification matrix and the definitions

of the following performance measures are given in the Section 5.1.
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6. NUMERICAL RESULTS

In this thesis the developed framework is used on popular data sets from the
literature. The visualization techniques are applied and the analysis of ihe features of the

data sets are done, which shows that they have different characteristics. The experiments

cover the application of leave-one-out training algorithm of all classifiers on all data sets.

The standard and proposed performance measures are used to evaluate the classifiers. The

results cover the effects of proposed new weight assignments, integration of reliability

measure in combination methods and a detailed sensitivity analysis to build a classifier set.

6.1. Classifier Set

This study focuses on the weighted combination of classification algorithms, in

which the weights are optimized based on the performance in the training data set. To have

a classifier combination, following classifiers with the given parameters are designed.

KMClus:

SOM:
FANN;

ANN:

KMClas:

Parzen:
KNN:
PQD:
PLD:
SVM:

K-means clustering with maximum iteration=10; maximum error=0.5.

Self organizing map clustering with iteration=1000; learning rate=1.

~ Fuzzy neural network classifier with fuzzification level=3; fuzzification

type=0; number of hidden layer units=25; learning rate 0.001; maximum
iteration=1000; minimum error=0.02.

Artificial neural network classifier with number of hidden layer units=25;
learning rate 0.001; maximum iteration=1000; minimum error=0.02.
K-means classifier.

Parzen classifier with alfa=1.

K-nearest neighbour classifier with k=3.

Piecewise quadratic distance classifier.

Piecewise linear distance classifier.

Support vector machine using radial basis kernel with p=1

The design parameters of classifiers are chosen as typical values used in the literature

or by experience. The classifiers are not specifically tuned for the data set at hand even
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though they may reach a better performance with another parameter set, since the goal is to
design an automated classifier combination based on any classifier in the classifier set. The
aim of this study is to combine the classifiers’ results in a robust way to achieve almost the
best classifier’s performance or better in the classifier set. In this thesis, they are modified
to produce class probability estimates besides their class assignments fbr all classes. For
that purpose their distance measures or belief values are normalized in the training set as
probabilities and applied on the test set. All of the classification algorithms are applied on
the data sets using the Ieave-one-out.technique of training. For the clustering, standard k-
means clustering and self-organizing map algorithms are applied on the data in a regular
- way. In this thesis, after the final step of clustering a one-to-one assignment algorithm is

applied on the final clusters of the leave-one-out technique. The resulting mapping criteria

of clusters to classes are then applied on the test sample.

6.2. Data Sets

In this thesis popular data sets from the literature are worked on. There is no special
choice on the characteristics of the data sets; as can be seen later in the results, different
classifiers achieve different performance on different data sets as expected. This result
agrees with the fact that there is no single classifier, which performs best on different
characteristics of input data. Different classification algorithms and combination methods

are applied on the data sets with the following properties:

BIO: Data from cariers and non cariers of a rare genetic disorder. 5 inputs, 2

outputs (127+67) 194 case. ,
- DIB:  Pigma Indians Diabetes Database. 8 inputs, 2 outputs (500+268) 768 case.

D10:  Two class data set, with Duin 10 dimensional distribution. 10 inputs, 2
outputs (100+100) 200 case.

GID:  Glass Identification Databas. 9 inputs, 6 outputs (70+76+17+13+9+29) 214
case.

IMX: IEEE data file of letters I, M, O, X. 8 inputs, 4 outputs (43+48+48+48) 192
case. ;

SMR: Sonar data set. 60 inputs, 2 outputs (97+111) 208 case.

2SD:  Two spirals two dimensional data set. 2 inputs, 2 outputs (97+97) 194 case.
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WQD:

7 Wine data set. 13 inputs, 3 outputs (59+71+48) 178 case.
80X:

IEEE 80X data set. 8 inputs, 3 outputs (15+15+15) 45 case.
ZMM: Data set of 6 Zernike moments of 8 characters. 6 inputs, 8 outputs

(12+12+12+12+12+12+12+12) 96 case.

BEM: Two class data set, with eqilal mean but different variance(20 per cent Bayes

error). 2 inputs, 2 outputs (100+100) 200 case.

BEV: Two class data set, with different mean but equal variance (20 per cent
Bayes errpr); 2 inputs, 2 outputs (100+100) 200 case.

HRD: Highleymén distributed random patterns. 2 inputs, 2 outputs (100+100) 200

case.

IFD: Classical data set of Fisher with 150 iris flowers. 4 inputs, 3 outputs
(50+50+50) 150 case.

6.3. Data Handling for Multiple Classifiers

Achieving optimal performance for a pattern recognition system is not necessarily
consistent with obtaining the best performance for a single classifier. Under appropriate
assumptions, combining multiple classifiers may lead to improved generalization
performance when compared with any one of the constituent classifiers. However certain
conditions need to be satisfied to realize the performance improvement, in particular that
the individual classifiers should ﬁot be highly correlated. Various methods have been
devised to reduce the correlation between classifiers before combining. For unstable
classifiers, such as neural networks, a small perturbation in the training set may lead to a
significant change in the constructed classifier, even if identical feature representations are

used.

Having limited amount of training data at hand forces to optimize the usage of the
training data. There are methods like crossvalidation, bootstrapping and variations of them
to attack the problem of limited training data. Crossvalidation is a classifier evaluation
method that is better tﬁan residual analysis, since residual evaluations do not give an
indication of how well the classifier will do when it is asked to make new classification for

data it has not already seen. One way to overcome this problem is to not use the entire data
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| set when training a classifier. Some of the data is removed before training begins. Then
when training is done, the data that was removed can be used to test the performance of the
classifier on new data. This is the basic idea for a whole class of classifier evaluation
methods called crossvalidation. The great advantage of crossvalidation is that all the cases

in the available sample are used for tésting, and almost all the cases are also used for
training the classifier.

The holdout method is the simplest kind of crossvalidation. The data set is separated
into two sets, called the training set and the testing set. The classifier is trained using ihe
training set only. Then the classifier is asked to classify the data in the testing set. The
errors it makes are accumulated as before to give the mean absolute test set error, which is
used to evaluate the classifier. The advantage of this method is that it is usually preferable
to the residual method and takes no longer to compute. However, its evaluation can have a
high variance. The evaluation may depend heavily on which data points end up in the

training set and which end up in the test set, and thus the evaluation may be significantly

different depending on how the division is made.

K-fold crossvalidation is one way to improve over the holdout method. In k-fold
cfoss-validation, the cases are randomly divided into k mutually exclusive test partitions of
approximately equal size. The holdout method is repeated k times. Each time, one of the k
subsets is used as the test set and the other k-1 subsets are put together to form a training
set. Then the average error across all k trials is computed. The advantage of this method is
that it matters less how the data gets divided. Every data point gets to be in a test set
exactly once, and gets to be in a training set k-1 times.. The variance of the resulting
estimate is reduced as k is increased. The disadvantage of this method is that the training |
algorithm has to be rerun from scratch k times, which means it takes k times as much
compllltation' to make an evaluation. A variant of this method is to randomly divide the
data into a test and training set k different times. The advantage of doing this is that you

can independently choose how large each test set is and how many trials you average over.

Leave-one-out crossvalidation is K-fold crossvalidation taken to its logical extreme,
with K equal to N, the number of data points in the set. That means that N separate times,

the classifier is trained on all the data except for one sample and a classification is made for
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that single test sample. As before the average error is computed and used to evaluate the
" classifier.

Leave-one-out is an elegant and straightforward technique for estimating classifier

error rates. Because it is computationally expénsive, it has often been reserved for
problems where relatively small sample sizes are available. For a given method and
sample size, N, a classifier is generated using (N-I) cases and tested on the single remaining
case. This is repeated N times, each time designing a classifier by leave-one-out. Thus,
each case in the sample- is used as a test case, and each time nearly all the cases are used to

design a classifier. The error rate is the number of errors on the single test cases divided by
N.

Traditionally a small statistical sample has been considered to be around 30 or fewer
cases. For many years, leave-one-out was the recommended technique for evaluating
classifier performance on small samples, and its use was confined to them. This was
mostly due to the computational costs for applying leave-one-out to larger samples.
Because leave-one-out error rate estimators are virtually unbiased, the leave-one-out error

rate estimator can be applied to much larger samples, yielding accurate results (Shao,
1993). |

Although the leave-one-out error rate estimator is an almost unbiased estimator of the
true error rate of a classifier, there are difficulties with this technique. Both the bias and
variance of an error rate estimator contribute to the inaccuracy and imprecision of the error
rate estimate. While leave-one-out is nearly unbiased, its variance is high for small
samples. Recall that unbiased means that the estimator wiil, over the long run, average to

the true error rate. The leave-one-out estimate also has a high variance for small samples.

The variance effect tends to dominate in small samples. Thus a low variance
estimate that may even be somewhat biased has the potential of béing superior to the leave-
one-out approach on small samples. While at one time leave-one-out was considered
computationally expensive, available computational power has increased dramatically over

the years, and the accuracy of estimation can now become the overriding criterion of

evaluation.
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6.4. Classifier Results

* The classifier set is applied on the data sets and their operation time in terms of
mathematical operations are given in Table 6.1. This measure depends on the number of

samples of the data, on the length of the feature vector of the data and the classification
algorithm itself.

In Table 6.1 the comparison of algorithms applied on data sets is based on the
floating-point operations “FLOPS” performed. This measure does not count the screen-
display and file operations. To give an idea for real time equivalent of the floating point
operations, the support vector machine with radial basis kernel applied on the diabetes,
“DIB”, data set takes 22 days of time on a pentium IV1.6 GHz brocessing power and 512
MB memory. The fuzzy neural network, artificial neural network and support vector

machines are the most time costly algorithms, whereas k-means and k-nearest neighbour

classifiers are the most effective ones.

Table 6.1. Time performance of classifiers

FLOPS |BIO DIB D10 GID IMX SMR 28D

KMClus 1.8E+07| 5.1E+08| 9.2E+06| 5.8E+07| 3.4E+07| 2.5E+07| 3.3E+06| Medium
SOM 3.1E+07| 24E+08| 5.7E+07| 1.4E+08| 7.9E+07| 3.2E+08] 1.7E+07| Medium
FANN 4.3E+10| 8.6E+11| 6.5E+10| 1.0E+11| 6.5E+10| 2.9E+11| 3.1E+10 High
ANN 4.3E+10| 8.5E+11| 6.5E+10| 1.0E+11| 6.5E+10| 2.9F+11| 3.1E+10 High
KMClass | 1.8E+06| 4.4E+07| 3.7E+06| 1.0E+07| 5.1E+06| 2.3E+07| 7.7E+05 Low
Parzen 2.5E+08| 2.3E+10] 5.2E+08| 5.8E+08| 3.7E+08| 3.9E+09| 1.1E+08 High
kNN 7.6E+05| 1.9E+07| 1.6E+06| 1.7E+06| 1.2E+06| 1.0E+07| 3.1E+05 Low
PQD 8.9E+06| 3.0E+08| 3.2E+07| 7.3E+07| 3.4E+07| 1.5E+09| 2.4E+06| Medium
PLD 1.3E+07| 4.6E+08| 4.7E+07| 1.1E+08| 5.2E+07| 1.8E+09| 3.0E+06| Medium
SVM 8.3E+10| 7.6E+13| 6.8E+11| 7.2E+12] 1.7E+11| 2.1E+12| 1.6E+12 High
FLOPS |]wQD 80X ZMM BEM BEV HRD IFD

KMClus 5.6E+07| 1.2E+06| 3.5E+06| 2.7E+06| 3.5E+06| 2.7E+06| 8.4E+06/ Medium
SOM 8.8E+07| 1.3E+07| 5.2E+07| 1.7E+07| 1.7E+07| 1.7E+07| 2.7E+07| Medium
FANN 6.6E+10| 3.2E+09, 2.0E+10} 3.3E+10] 3.3E+10| 3.3E+10| 2.7E+10 High
ANN 6.6E+10| 3.2E+09| 2.0E+10| 3.3E+10| 3.3E+10( 3.3E+10| 2.7E+10 High
KMClass | 5.4E+06| 2.2E+05| 1.9E+06| 8.1E+05| 8.1E+05| 8.1E+05| 1.2E+06 Low
Parzen 4.8E+08| 5.2E+06; 3.7E+07| 1.2E+08} 1.2E+08| 1.2E+08| 9.3E+07 High
kNN 1.7E+06| 6.7E+04| 2.4E+05 3.3E+05| 3.3E+05] 3.3E+05| 3.7E+05 Low
PQD 5.8E+07| 1.8E+06| 1.0E+07| 2.5E+06; 2.5E+06; 2.5E+06| 5.2E+06] Medium
PLD 8.6E+07| 2.3E+06{ 1.5E+07| 3.2E+06| 3.2E+06] 3.2E+06| 7.4E+06| Medium
SVM 9.2E+10{ 1.2E+08| 1.6E+11| 1.8E+12] 14E+12| 1.4E+12| 3.1E+10 High
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Classifiers’ performances are given in Table 6.2, Table 6.3 and Table 6.4. In these
tables the best performances for the data sets are marked as bold face. The number of the
marked items in the last column, titled “Best” indicates the performance among classifiers,

that is the number of times the classifier has outperformed the others for 14 data sets.

In Table 6.2 the results show that k-nearest neighbour classifier has the best result
seven times out of 14 different data sets. All classifiers show different performance on
different data set, for example the k-nearest neighbour classifier, which is the best classifier
based on Table 6.2, has at least 10 per cent lower I;Crfonnance compared with other

classifiers in some data sets like DIB, D10, WQD, BEM and HRD.

Table 6.2. Class performance of classifiers

CP BIO DIB |D10_|GID |IMX [SMR [2SD |wQD {80X |ZMM |BEM |[BEV |HRD |IFD |Best

KMClus | 711} 65.9| 69.0| 50.5| 81.8| 48.1| 42.3] 51.7| 28.9] 34.4| 59.0| 48.5| 73.0] 80.0 0
SOM 84.0] 64.8) 755| 45.3| 724| 54.3| 37.1| 84.3| 71.1| 52.1] 45.5| 87.0] 84.0{ 89.3 1
FANN 70.6| 747, 70.0| 36.0| 68.8] 74.5| 36.6/ 93.3] 289| 83| 34.0] 8.0, 815 713 0
ANN 87.6| 76.8| 78.0) 50.5| 86.5| 77.9| 45.9| 96.6| 82.2| 66.7] 53.0| 855| 81.5| 827 3
KMClas | 75.3| 46.1| 76.0 33.2| 88.5] 654| 47.4| 62.9| 93.3| 69.8| 485 745/ 825 91.3 1
Parzen | 58.8| 62.2| 21.0 285 156| 24.5{ 57.7| 32.6| 356| 63.5| 47.5| 820 59.5| 76.0 0
kNN 84.5| 67.6| 69.0] 73.4| 94.3| 82.2| 76.3| 76.4| 93.3] 88.5] 70.0, 92.0| 74.5| 953 7
PQD 13.9| 72.8| 725 1.9] 94.3| 75.0) 43.3] 99.4| 88.9| 26.0( 79.5| 65.0 820 920[ . 3
PLD 84.5| 75.7| 77.0| 57.5| 90.6| 72.6| 47.4| 98.3| 88.9| 854| 56.5 84.0] 81.5] 973 1
SVM 6.2 76| 705 374 94.3| 71.2| 26.8/ 25.8) 91.1| 36.5] 73.5| 86.0] 80.5 94.7 1

In Table 6.3 the results indicate that the k-nearest neighbour classifier is more
- successful than the case in Table 6.2; 10 times out of 14 different data sets, k-nearest
neighbour classifier outpérforms the others. This improvement can be explained by the
fact that the artificial neural networks’ probability performance is lower compared to its
class performance. For example for the DIB data set, the class performance of 76.8 per
cent, which is higher than the k-nearest neighbour classifier’s 67.6 per cent, drops to 58.3
ber cent, which is lower than the k-nearest neighbour classifier’s 67.4 per cent probability

performance.
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Table 6.3. Probability performance of classifiers

PP BIO DIB_|D10 |GID |IMX [SMR [2SD_|WQD [80X |ZMM |BEM |BEV |HRD [IFD_|Best

KMClus | 529 50.6| 53.1| 726| 64.7] 49.2] 50.9] 57.1| 506 78.3| 49.2] 49.3| 54.5| 60.9 0
SOM 84.0| 64.8| 755| 81.8| 86.2] 54.3| 37.1] 89.5| 80.7| 88.0| 45.5/ 87.0] 84.0] 929 3
FANN 69.2| 64.3| 60.3| 77.0| 68.4| 631 44.7| 725 54.1 77.7] 456 60.8] 66.8] 70.0 0
ANN 639 S58.3| 59.3| 756 69.0| 60.6] 50.6] 70.9] 64.8] 79.5| 50.2] 58.6] 63.0] 654 0
KMClas | 50.3| 50.1| 54.2) 726 651| 51.4] 52.2| 58.4| 60.1] 78.5| 49.9] 51.0| 58.6| 60.9 0
Parzen | 71.9] 66.2| 52.7| 766 655 58.2] 714| 606 63.0 84.8| 558 816 657 745 0
kNN 84.2| 67.4| 67.0, 906| 97.3| 81.8] 77.9] 826| 9.2 97.2| 69.0] 91.9] 75.8/ 97.0] 10
PQD 90.5| 50.9| 53.7| 73.1| 64.7| 51.9] 512| 57.9] 589| 782 53.3] 52.0/ 57.8] 58.7 0
PLD 52.0| 50.9| 56.2| 722 64.4| 52.7| 51.7| 59.2| 60.8] 79.4| 49.3] 53.1| 64.0 64.8 0
SvVC 53.1| 52.8| 71.3] 824| 97.3| 76.0| 29.9] 66.8] 956/ 86.1] 759 87.2] 825/ 96.9 1

The decrease of performance can be explained by the nature of the training data set,
since the training data set for supervised learning only have the class values given. The
probabilities are in fact a mapping of class information to probabilities as zero or one, so
the artificial neural network does not have the real probability information to train. The
class and probability performance measures have differences based on the training data set

supervised information. The results with overall performance measure are given in Table
6.4.

Table 6.4. Overall performance of classifiers

OP BIO |DIB |D10 |GID [IMX |SMR [2SD |WQD |80X |ZMM |BEM |BEV |HRD |IFD

KMClus | 51.4] 44.0] 48.8] 20.7| 69.2| 23.4| 18.2| 31.9| 26.8] 21.3] 35.3] 24.1| 54.6| 824
SOM 71.3] 437| 57.1| 236 546/ 296 13.8) 71.8] 52.7| 31.7| 20.7| 76.7| 70.6| 81.0
FANN 52.1| 56.0| 50.2| 13.8] 51.3] 55.9| 135 88.1] 89| 11| 11.7] 752| 66.8| 55.7
ANN 78.0| 59.2| 61.1] 27.2| 76.4| 61.6] 21.3| 94.5| 69.6| 48.7| 28.2| 75.1| 67.8| 70.9
KMClas | 64.0] 287 58.3] 206| 79.2| 43.3] 23.7| 51.7| 89.2) 539| 26.3| 56.1] 68.4| 85.9
Parzen | 52.3| 42.5] 152 14.0| 156] 245 57.7| 16.7| 35.6| 59.3| 30.9| 75.7| 44.0) 74.2
kNN 71.9| 46.8| 484| 56.4| 90.4| 67.9] 58.8] 59.6| 91.3| 80.7| 49.3] 85.5| 56.7| 91.6
PQD 139 542| 536 14| 90.9] 57.1] 19.8| 99.4| 82.7| 23.9| 64.0/ 650 69.0] 91.3
PLD 740| 584| 596| 36.9| 834] 54.8| 22.7| 97.2| 84.8| 75.7| 32.1| 71.9| 67.4| 954
SWM 62| 6.1|] 505 26.8] 90.0] 53.9] 7.8 24.8| 89.0| 26.5 58.8] 74.7| 67.5] 91.5

3
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For the sake of this study, all classifiers are like experts with different backgrounds,
who try to conclude the class of the sample at hand via decision combination with an
acceptable reliability. As stated before, the classifiers are not especially tuned for the

training set. The results show that k-nearest neighbour classifier outperforms the others for
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this classifier set with the current setting of parameters for individual classifiers. Another
point is that the k-means clustering and Parzen classifiers are the worst ones. The results
also validate that the data sets have different characteristics, since their performance are
different for different classifiers. Based on the classifier set with current ‘parameter

settings, the data sets DIB, D10, GID, SMR and 2SD are relatively hard to classify.

6.5. Boosting a Classifier Using Combination

Different combination methods can be used on a single classifier, if there are
parameters to tune for better performance. Artificial neural networks with different hidden
layer structure, k-nearest neighbour with different k values and support vector machines

with different kernels are examples of classifiers where this technique can be applied.

In Table 6.5, the results of applying the k-nearest neighbour classifier with leave-one-
out training algorithm on the data sets with k=1,3,5 are given. The results for each data set
is grouped for different performance measures: overall “OP”, class “CP” and probability
“PP” performance. ' The results confirm that the data sets have different characteristics,
since there is no single k value to reach the best performance for k-nearest neigbour
classifier. The column with the “Best” title gives the number of times the particular
classifier on that row is best out of 14 data sets for the set of k-nearest neighbour classifiers
with k=1,3,5.

Table 6.5. Performance of k-nearest neighbour classifier with k=1,3,5

OP IBIO |DIB |D10 |GID |IMX [SMR [2SD [WQD [80X |ZMM |BEM |BEV |HRD |IFD |Best
K1 | 72.4] 472 48.3] 56.2] 90.1| 68.4] 58.2] 59.9| 87.4| 81.0| 49.0| 85.6| 56.3| 92.2 3
K3 | 71.0| 46.8| 48.4| 56.4| 90.4| 67.9] 58.8] 59.6/ 91.3| 80.7| 49.3| 85.5| 56.7| 91.6
Ik5 | 75.4| 49.2| 47.4| 54.3] 91.9] 68.8] 83.2] 55.9| 89.2| 78.0| 52.7| 87.0| 65.9| 92.2 9

W

CP 1BIO |DIB |D10 |GID |IMX [SMR [2SD |WQD [80X |ZMM [BEM |BEV |HRD |IFD Best
K1 1 85.1] 68.0] 69.5] 73.4| 94.8| 82.7] 76.3| 77.0| 93.3| 89.6| 70.0| 92.5 75.0| 96.0
K3 | 845 67.6| 69.0] 73.4| 94.3| 822]76.3] 76.4| 93.3| 88.5| 70.0| 92.0 74.5] 95.3
K5 | 86.6| 69.5| 68.5] 72.0/ 94.8| 81.7/ 90.7| 73.6| 93.3] 87.5| 72.0 93.0] 81.0{ 95.3

IN[

PP |BIO |DIB |D10 |GID [IMX [SMR [2SD {WQD |80X |ZMM BEM |BEV |HRD |IFD |Best
K1 | 85.1] 68.0] 69.5] 91.1] 97.4| 82.7| 76.3| 84.6| 95.6 97.4| 70.0{ 92.5| 75.0/ 97.3] 10
K3 | 84.2| 67.4| 67.0| 90.6| 97.3| 81.8| 77.9| 82.6| 96.2 97.2| 69.0| 91.9] 75.8| 97.0 2
K5 | 83.3/66.9| 66.0] 89.4/ 97.0] 81.2] 75.8] 80.3| 93.1 96.2| 70.2) 90.7| 75.9( 87.0 2
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Table 6.6 and Table 6.7, cover the results of the boosting of the k-nearest neigbour
classifier for k=1,3,5 neighbours. The performance of the combination is marked as bold
face,_ if it is better than the best performance of the k-nearest neigbour classifier for k=1,3,5

- neighbours. The results of class based combination (5.9 and 5.10) are given in Table 6.6

and probability based combination (5.11 and 5.12) results are in Table 6.7.

Results are grouped for three different performance measures. The first block is for
overall performance for class based combination, “OP”. Second block is for class
performance, “CP”, and. the last block is for probability performance for class based
combination, “PP”. Results of different weight assignments are given in rows. Simple
averaging results are given in rows with “Equal” title (5.19) and the results next to “Equal”
rows, titled “xReliability”, tabulate the integration of reliability for combination. For the
weight assignment titled “Performance”, overall performance values “OP”s are assigned as
weights (5.20). The results integrated with the reliability of the classifiers are given in the
rows next to “Performance” rows. The last rows are for weight assignment titled

“Polynomial”, where linear regression values are assigned as weights (5.21) and

reliabilities are integrated in the last row.

The class based combination results’ class performancye does not improve well
compared to probability performance. This is due to the characteristic of the k-nearest
neighbour classifier. Higher k-values include the same training points of the lower k-
values which affect the classification result. For example k-nearesf neighbour classifier
with k=5, has two more training samples added to the set of points which decide on the
class of the test sample, where k=3. Thus depending on the distribution of the training
samples, going up to higher k-values increases the possibility of including training samples
for wrong classes. In that case since the distances of the later added training samples afe
higher than the previously’ added samples, their converted posterior probabilities are low.
Although there are some improvements as seen in the “Best” column, which show the
number of better results for combination compared to the best result obtained by k-nearest
neighbour classifier. In fact, the result show that the 10 cases out of 14 data sets have
better results based on the probability performance measure. This means that although the

class performance is not improved, the true probability assignments for test samples



72
improve. Comparing the result rows for welghted combination and reliability integrated

weighted combination, although the increase in performance is on the average less than 0.2

per cent, the integration of reliability always i improves the combination performance.

Table 6.6. Class based combination of boosting a classifier

[(E)I()Iass BIO|DIB [D10 |GID [IMX |SMR 2SD_|WQD [80X_|ZMM [BEM [BEV [HRD [IFD |Best
[Equal __ 73.7| 45.3] 45.9] 535] 90.5| 68.3 68.8) 56.3] 87.4| 79.6] 50.1] 85.9] 59.1] 92.2 1
XReliability] 73.0| 46.9] 46.6] 56.9| 905 67.9| 68.8| 59.6| 87.4] 79.9] 49.3| 85.9] 57.6] 92.2 2
Perform.an(‘:(r: 73.7| 46.8| 48.4| 53.5 90.5| 68.3] 68.8 59.6| 87.4| 79.6| 50.6] 85.9] 57.1| 92.2 2
xReIIE.:lblllty 73.0{ 46.9] 46.6| 56.9] 90.5 67.9] 68.8 59.6| 87.4| 79.9] 49.3] 85.9| 57.6] 92.2 2
Polynorrjlal. 76.9| 49.2| 47.4| 54.4] 91.9] 68.8] 69.7 56.0| 91.3| 79.6] 53.2| 86.6| 65.9] 92.8 8
| XReliability] 75.9] 49.2] 47.4] 54.1] 91.9| 68.8 69.7] 56.0{ 91.3| 79.6] 53.2| 86.6/ 65.9] 92.8 8
CP Class BIOIDIB_[D10 |GID [IMX [SMR [2SD [WQD (80X ZMM |BEM |BEV [HRD |IFD [Best
Equal . 84.5| 62.4| 64.0| 68.7] 94.8] 81.2| 76.3] 70.8] 93.3 87.5| 68.0] 91.5| 72.5] 96.0 3
XReliability| 84.5| 67.7] 66.0] 73.8] 94.8] 82.2| 76.3 76.4| 93.3]| 88.5| 69.5| 91.5| 755/ 96.0 2
Performance | 84.5 67.6] 69.0] 68.7| 94.8 81.2| 76.3| 76.4| 93.3| 87.5] 68.5] 91.5| 75.0| 96.0 3
XReliability] 84.5| 67.7| 66.0] 73.8] 94.8] 82.2| 76.3 76.4| 93.3| 88.5| 69.5| 91.5] 75.5 96.0 4
Polynomial 87.1) 69.5| 68.5] 72.9| 94.8| 81.7| 76.3 74.2| 93.3| 87.5 72.5 93.0| 81.0/ 96.0 8
XReliability) 87.1| 69.5] 68.5] 72.4] 94.8] 81.7| 76.3] 74.2] 93.3 87.5| 72.5{ 93.0/ 81.0/ 96.0 8
PP Class BIODIB_[D10 |GID [IMX [SMR [2SD_|WQD [80X |ZMM |BEM |BEV |HRD JIFD |Best
Equal 85.7| 68.5| 69.4| 91.1| 97.5| 82.8] 81.4] 84.1| 95.6] 97.3 71.3| 92.7| 77.2| 97.3] 10
XReliability| 85.8| 68.6| 69.4| 91.2] 97.5| 82.8] 82.1| 84.1| 95.6| 97.3] 71.3| 92.7 774 97.3] 10
Performance | 85.8] 68.5| 69.4| 91.1| 97.5| 82.8| 82.7| 84.2 95.6) 97.3| 71.4| 92.7| 77.5| 97.3] 10
XReliability) 85.8| 68.6] 69.4] 91.2| 97.5| 82.8] 83.4] 84.1] 95.6| 97.3| 71.4| 92.7| 77.6| 97.3 10
Palynomial 871 69.6| 68.9| 91.0| 97.7| 83.3| 87.8] 83.3] 96.5| 97.3| 72.9] 92.9] 81.2| 97.5] 10
XReliability]| 87.1| 69.6] 68.9] 90.9] 97.7| 83.3| 87.6| 83.3] 96.5| 97.3] 72.9] 92.9] 81.2] 97.5] 10

The probability based combination results in Table 6.7 show a different characteristic
compared to class based combination of Table 6.6. The probability performance could not
be improved. This due to the fact that k-nearest neighbour already uses its distance
measures as probabilities in the classification, the best possible result based on

probabilities is reached.

Assuming the true class assignment is the crucial performance measure, the results in
Table 6.6 and Table 6.7, show an improvement, if the polynomial weight assignment with
or without the applied reliability is used for probability based or class based combination of

the classifiers.
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OP Prob BIO

DIB

D10

GID

IMX

SMR

28D

wab

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal 71.9

47.2

47.9

xReliability] 71.9

47.2

47.9

Performance | 71.9

47.2

xReliability| 71.9

47.2

Polynomial 74.8

48.2

47.9
47.9
47.7

xReliability] 74.8

48.2

47.5

56.3

—

55.3| 92.5

90.9
90.9
90.9
90.9

92.5

68.9
68.9
8.9

DD

58.2

59.3

87.4

79.9

486

85.5

56.3

92.2

58.2

59.4

89.2

799

48.6

85.5

56.6

92.2

58.2

59.3

874

79.9

486

85.5

66.3

92.2

58.2

59.4

89.2

79.9

486

85.5

56.6

92.2

84.0

58.9

93.5

787

56.2

87.9

66.8

92.2

84.0

60.2

93.5

79.6

56.7

87.9

66.8

92.2

DIOIDIWiDIW

CP Prob BIO

DIB

D10

IMX

28D

Wwab

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal 84.5

67.8

69.0

XReliability| 84.5

67.8

69.0

94.3

76.3

76.4

93.3

88.5

69.5

82.0

74.5

96.0

94.3

Performance | 84.5

67.8

69.0

76.3

76.4

93.3

88.5

69.5

92.0

74.5

96.0

94.3

76.3

76.4

93.3

88.5

69.5

92.0

74.5

96.0

xReliability] 84.5

67.8

69.0

94.3

76.3

76.4

93.3

88.5

69.5

92.0

74.5

96.0

Polynomial 85.6

68.8

67.5

95.8

90.7

75.8

95.6

87.5

74.5

93.5

81.5

95.3

xReliability| 85.6

68.8

67.5

95.8

90.7

77.0

95.6

87.5

75.0

93.5

81.5

95.3

O NWINWIN

PP Prob BIO

DIB

D10

GID

IMX

25D

WQbD

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal 84.2

67.4

67.5

97.2

76.7

82.6

94.9

96.9

69.7

91.7

75.6

97.1

xReliability| 84.2

67.9

67.5

97.2

76.6

82.3

94.9

97.0

69.6

91.6

75.6

97.1

Performance | 84.2

67.4

67.5

90.4

97.2

76.6

82.6

95.0

96.9

69.7

91.7

75.6

97.1

xReliability| 84.2

67.9

67.5

90.5

97.2

76.5

82.4

94.9

97.0

69.6

91.6

75.6

97.1

Polynomial 83.2

66.7

66.3

89.7

97.0

81.6

81.4

96.0

96.8

71.2

91.0

76.1

97.2

XReliability] 83.2

66.7

66.3

89.7

96.9

82.4

81.4

954

96.8

71.3

91.0

76.1

97.2

WWoo|o|o

The same idea of combining classifiers with different parameters can be applied to

improve the learning performance of a classifier. The learning performance is classifier’s

ability to learn the training data set. That is the performance of classification of the whole

training data set, after training the classifier with the whole training data set.

The

combination algorithms are applied on the support vector machine with eight different

kernels. The following kernels are used in the support vector machine kernel collection.

linear
poly3
rbf
erbf
sigmoid
fourier
spline

bspline

linear

third degree polynomial

radial basis with unit width

radial basis with a unit width and square root of distance calculation

sigmoid with scale one and no offset

fourier with zero degree

Sp

line

third degree bspline.
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The individual learning performances are given in rows in the following tables.
Table 6.8, Table 6.9 and Table 6.10 tabulate the results of applying these support vector
machine kernels on the data sets. The results are grouped for different performance
measures: class performances are given in Table 6.8, probability performances are given in
Table 6.9 and overall performances are given in Table 6.10. The column with the “Best”

title, is the number of cases of best learning result for the 14 data set the classifier applied.

The results indicate that the radial basis and bspline kernels have the best learning
pe;formance among these kernels. In Table 6.8, Table 6.9 and Table 6.10, the radial basis
kernels outperforms the other kernels on the average 5 times out of 14 data sets and on the

other hand, the bspline kernels outperforms 8 times out of 14 data sets.

Table 6.8. Class performance of SVMSs’ learning

cpP BIO |[DIB |[D10 |GID |IMX |SMR [2SD |wQD {80X |ZMM |BEM |BEV |HRD |iFD 14
linear 30.9| 32.8] 66.0| 61.2| 24.5| 56.7| 50.5| 27.0] 31.1] 22.6| 42.5| 63.0| 82.5| 10.1 1
poly3 | 30.2| 44.5| 74.0/ 56.7| 25.0| 55.8| 60.8 27.0{ 33.3| 43.8| 33.5| 55.5| 82.0| 284 0
rbf 40.5 48.6| 99.0| 80.1] 99.5| 77.9] 72.2| 100.0{ 100.0| 53.1] 74.0| 87.5| 81.0[ 100.0 6
erbf 40.2| 55.5| 89.5| 78.4| 91.7| 84.6{ 84.5| 100.0| 100.0{ 67.7| 61.0| 85.5| 82.5| 99.3 6
sigmoid | 28.8| 43.2] 23.7| 55.7| 40.9| 53.4| 43.1| 39.9| 287| 18.8| 37.0| 50.0| 82.5 0.0 1
fourier | 15.7] 32.9| 27.3| 28.0| 33.1| 43.4| 36.1] 251 89! 12.2{ 25.0| 17.0| 16.5 6.0 0
spline | 29.2| 30.8] 60.5| 53.7| 25.0| 54.3] 32.0/ 59.6| 52.8| 33.5| 37.5| 40.5| 82.5| 23.9 1
bspline | 39.7] 44.8] 100.0{ 76.6/ 100.0] 76.0] 100.0] 44.9] 100.0| 29.4| 75.0| 74.5| 81.0{ 100.0 6

Table 6.9. Probability performance of SVMs’ learning

PP BIO |[DIB |D10 [GID [IMX [SMR[2SD |WQD [80X [ZMM |BEM [BEV |HRD |IFD 1
linear | 49.0] 54.5| 77.0| 71.4] 70.0] 68.7] 50.5] 62.2] 653| 78.8| 58.8| 75.4| 82.5| 53.0
poly3 | 40.9| 45.5| 86.9] 74.8] 72.4| 77.9| 60.8] 624 66.7| 79.0| 65.2 73.2| 829/ 61.9
rbf 43.0| 47.1] 995| 83.1] 99.8/ 83.8] 72.2] 100.0{ 100.0] 85.6; 77.0| 84.4) 83.2| 100.0
erbf 416| 58.4| 92.2| 82.4] 96.8] 87.2] 84.5] 100.0 100.0| 82.2| 70.8| 87.2| 82.4] 99.5
sigmoid | 30.5] 27.2] 34.8| 61.3| 62.5| 534 50.0| 55.6| 556 80.8] 49.6| 59.4| 82.6| 556
fourier | 205| 26.7] 17.0] 38.4] 31.2] 47.2] 36.9] 50.9] 50.4| 78.1| 45.2] 38.0| 17.0; 40.6
spline | 35.3] 31.5] 745/ 646 688 77.2| 503 820 63.0] 78.7( 45.0| 53.0| 83.2] 29.7
bspline | 43.0] 54.3] 100.0| 83.9| 100.0| 86.7| 100.0 74.6] 100.0| 84.5/ 79.8| 87.1| 83.8| 100.0

ololo|olalnlol=|n
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Table 6.10. Overall performance of SVMs’ learning

I%F;ar lege D:)!l133015061 GID [IMX [SMR[2SD_[WQD 80X |ZMM |BEM |BEV |HRD IFD__ |Best
et 235 515 5. 480 85| 421] 255 10.8] 14.5| 11.1| 28.3| 53.4| 68.1] 24.2
o 2531 425 99.o 50.6| 10.3] 55.8] 37.0] 10.9] 16.7| 31.2| 30.8| 47.9| 67.9] 30.8
. 3511485 0| 68.1] 99.5] 76.9] 52.1] 100.0] 100.0| 42.3| 59.5| 77.2| 68.7| 100.0
rbf . 5| 852 67.8| 91.2[ 75.3] 71.5] 100.0| 100.0| 58.6| 46.2| 79.1] 70.5| 98.7
sigmoid | 21.6| 15.0] 22.0| 36.8] 323| 285] 22.7| 19.9] 132 10.4| 195 31.1| 68.1] 69.9
fourier | 6.6/ 2.6| 135| 11.9] 104| 28.5] 130 10.8] 21.8] 80| 11.4] 50 28 14
spline | 23.5| 21.0| 51.1| 40.5] 8.3[ 54.3] 16.2| 59.6 400| 12.2] 165 22.2| 69.1] 13.8
bspline 37.2| 45.1] 100.0] 72.7| 100.0 76.0] 100.0] 36.9] 100.0] 27.7| 70.1| 74.0| 70.6| 100.0

[ df=l[=]{=][2]E3(=][=]

The results of different combinations can be summarized as in Table 6.11 and in
Table 6.12. The performance of the combination is marked as bold face, if it is better than
the best learning performance of kernels applied. Results are grouped for three different
performance measures. The first block is for overall perfofmance for class based
combination, “OP”. The second block is for class performance, “CP”, and the last block is
for probability performance for class based combination, “PP”. Results of different weight
assignments are given in rows. Simple averaging results are given in rows with “Equal”
title (5.19) and the results next to “Equal” rows, titled “xReliability”, tabulate the
integration of reliability for combination. For the weight assignment titled “Performance”,
overall performance values “OP”s are assigned as weights (5.20). The results integrated
with the reliability of the classifiers are given in the rows next to “Performance” rows. The
last rows are for weight assignment titled “Polynomial”, where linear regression values are

assigned as weights (5.21) and reliabilities are integrated in the last row.

In the learning case, the results show that, especially the polynomial weight
assignment always imprbves the performance. The “Best” column indicates this result,
which is the number of times the combination algorithm is better than the best kernel based

on the same performance measure.
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Table 6.11. Class based combination for learning

g:ugllass gg 012701211%'0 IMX__[SMR [2SD__[WQD 180X _|ZMM |BEM |[BEV [HRD TIFD__ |Best
R I 6;(1) 64.6] 50.0 550] 682 93.3] 42.0| 60.6] 664 69.0] 72.9] 0
Perrmance. | Sna| s1a ool 060l 100.0 722" 755 f00.0] 700.0] 54| 64.6] 819 67.9] 964 4
e o o2l 01717 0| 100.0] 73.7] 74.9] 100.0] 100.0] 54.5] 62.5| 79.7] 67.0] 889 7
Bovnomial | 3T e 8| 68.7] 100.0] 76.9] 83.9] 100.0] 100.0] 55.5| 653 80.2| 67.0] 91.3] 5
ynomial __| 37.1| 53.8] 92.2[ 71.6] 100.0] 92.8] 100.0] 100.0] 100.0 56.5| 83.7| 93.6] 74.3| 100.0[ 10
XReliability) 45.2| 54.0] 96.2| 75.9] 100.0| 92.3] 100.0] 100.0| 100.0] 569 83.2] 81,6 754| 400.0] 12
(EJPCIIass BIOIDIB_|D10_ |GID _[IMX__[SMR [2SD__[WQD ]80X __|ZMM [BEM |BEV [HRD [IFD |Best
qua 346 47.8] 87.2| 62.2] 64.6| 72.6] 634] 725 933| 52.1] 605 74.0] 820 844 O

XReliability| 43.6| 54.9] 90.3| 75.9 100.0| 84.1 85.1] 100.0/ 100.0| 66.7| 78.5| 89.5| 82.0/ 96.8 6
Performa'nct.a. 40.3| 62.1] 104.4] 80.7| 100.0] 85.1] 86.1| 100.0 100.0| 67.7| 77.5| 88.5| 82.0; 88.9 10
xRe!lablllty 46.4| 59.8| 97,5 74.0 100.0] 87.0] 89.7| 100.0 100.0| 67.7| 79.5| 89.0, 82.0] 94.0 9
Polynoml.al . 46.7| 61.5| 98.3 82.8] 100.0] 92.8/ 100.0] 100.0] 100.0 67.7| 91.0| 95.5| 85.5| 1000 13
XReliability] 43.2] 56.3] 111.1] 84.4] 100.0| 92.3| 100.0 100.0| 100.0| 67.7] 90.5| 93.5| 86.0] 100.0 14

PP Class BIOIDIB_[D10__|GID [IMX [SMR [25D_|WQD [80X__[ZMM |BEM [BEV |HRD [IFD__ [Best
Equal | 41.7| 47.7] 87.2| 80.9] 86.4| 73.4] 656 831 86.8] 89.0] 66.4 754 750] 838 1
XReliability| 62.3| 62.0) 90.7] 79.8] 936 78.2] 72.2] 91.3| 93.3] 91.3 71.3] 80.9] 81.4] 86.0] 3
Performa_ncc'a. 50.1| 63.3| 90.4| 77.8] 98.0| 79.8] 78.6] 96.7] 97.7] 91.5| 73.5| 84.7| 829 88.9 3
xReliability| 63.7| 64.5| 1.8 87.0( 99.2| 83.2] 83.3[ 98.2] 95.9] 91.8] 76.3| 86.6] 83.2] 964 4
Polynomial | 48.9| 63.9| 100.0| 94.9| 100.0| 96.3| 100.0] 95.6] 97.6| 92.2| 87.0 94.3] 82.7] 100.0] 10
XReliability] 53.9| 59.8| 100.0| 85.5] 100.0| 95.8| 100.0[ 97.6] 98.9] 93.1] 87.6| 94.3| 83.8| 100.0] 12
Table 6.12. Probability based combination for learning
OP Prob BIO|DIB_|D10 _[GID IMX_[SMR [2SD |WQD [80X [ZMM |BEM [BEV [HRD [IFD _|Best

Equal 32.9| 421| 81.4| 56.1] 63.0| 59.6] 550/ 73.6] 93.3] 41.5| 63.7] 70.3] 69.3] 70.0 0
XReliability| 40.2| 46.6! 94.6| 68.3] 100.0| 71.4| 73.9] 100.0| 100.0{ 51.4| 69.7| 81.2| 683 840] 5
Performance | 40.9| 48.8] 93.3| 71.5] 100.0] 71.4] 74.9] 100.0] 100.0] 55.9| 64.5| 83.2| 68.3| 83.8 5
7

1

3

xReliability| 42.0| 52.4/ 88.1| 63.3] 100.0/ 78.5| 83.9] 100.0] 100.0{ 52.6] 67.0] 84.1| 68.6] 96.7
Polynomial 38.5| 47.0| 100.0{ 69.7| 100.0f 97.1| 100.0/ 100.0] 100.0| 63.1| 85.2| 95.1| 76.4] 93.3| 1
xReliability] 42.4| 5§1.3| 100.0| 76.9! 100.0| 93.8] 100.0] 100.0| 100.0{ 66.2| 84.7] 94.1| 76.9] 096.1 1

CP Prob BIO|DIB (D10 |GID [IMX [SMR |2S§D |wQD- [80X |ZMM [BEM |BEV |[HRD |IFD __ |Best
Equal 34.7| 42.4| 80.0| 69.4] . 69.3| 750, 634 787 93.3| 58.3| 74.0| 80.0| 82.0/ 80.8 0
xReliability] 37.6| §6.0| 98.3| 84.8| 100.0| 83.7| 85.1] 100.0; 100.0| 68.8{ 83.0| 89.5| 82.0/ 922 8
Performance | 41.1| 60.1| 100.0| 82.4| 100.0| 83.7| 86.1] 100.0{ 100.0/ 68.8| 78.0{ 90.5| 82.0{ 99.0/ 10
xReliability] 40.9| 57.4| 100.0{ 82.8| 100.0| 88.0) 89.7| 100.0; 100.0| 68.8| 80.5| 91.0| 82.0f 944] M
Polynomial 48.6] 62.6| 100.0| 84.6| 100.0/ 97.6| 100.0| 100.0; 100.0| 72.1| 92.0| 97.0| 86.5| 98.7] 13
xReliability] 41.6] 64.1] 100.0| 82.8| 100.0/ 95.7{ 100.0{ 100.0{ 100.0] 74.8| 91.5| 96.5| 87.5{ 96.5] 13

PP Prob BIO|DIB |[D10 |GID [IMX |SMR {2S8D |WQD |80X |ZMM |BEM |BEV |HRD |IFD  |Best
Equal 43.0] 55.1| 78.2| 65.8] 789| 73.5| 63.0| 73.4| 751| 82.7| 62.0| 70.2| 75.1| 79.7 0
xReliability| 50.8| 60.0] 84.5| 71.5| 90.0| 76.8] 71.4| 83.1] 89.8{ 89.0| 66.8| 75.5| 81.6] 91.5 3
Performance | 48.5{ 55.5| 90.8| 75.6] 96.5| 77.8| 78.1| 91.0| 96.6| 89.7| 69.7| 79.3| 83.0f 99.5 1
xReliability| 54.8] 61.3| 100.0| 78.8] 98.0| 80.0| 82.9| 92.4| 983| 904 73.1} 81.2] 833| 943 4
9

0

Polynomial 48.8| 60.7| 100.0| 81.4] 100.0; 92.0/ 100.0/ 956/ ©5.6| 89.7| 83.1| 88.0/ 78.3| 100.0
xReliability] 49.8] 64.5] 94.5| 91.5| 100.0| 94.1| 100.0/ 859| 96.6| 88.1] 77.4| 91.5| 84.2{ 100.0] 1

Implementing leave-one-out for support vector machines will obviously decrease
performances. This is intuitiVe, since removing any training sample that constructs a

support vector for generalization on the hyperplanes found by the algorithm, will degrade
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the classification performance. If the removed training sample is not a support vector, the
performance will not be affected. If the data sets wére linearly separable, there will be only
C(C-1)/2 support vectors for C classes, which is the minimum number of support vectors
possible. Considering the nature of the real data sets, they are not linearly sepérable, thus
the number of support vectors found by the algorithni increases and in the worst case every
sample becomes part of the support vector and the performance will decrease. This can be
validated by cross checking Table 6.2, where leave-one-out result of the support vector
machine With radial basis kernel for class performance measure are given in the last row,
titled “SVM?”, with Table 6.8, where the learning class performance of the same kernel is
given in the “rbf” row. For example, the learning performance 77.9 per cent for the SMR

data set drops to 71.2 per cent. Similarly cross checks of Table 6.3 with Table 6.9, and of

Table 6.4 with Table 6.10 indicate the same conclusion.

6.6. Classifier Combination Results

As the first combination algorithm, the defined different weight assignment
algorithms are used on class based classifier combination, Where the classifiers have
produced only the class assignment results. The results for this combination can be
summarized as in Table 6.13. The performance of the combination is marked as bold face,
if it is better than the average of the top three best performance of the classifier set in Table
6.2. Results are grouped for three different performance measures. »The first block is for
overall performance for class based combination, “OP”. Second block is for class
performance, “CP”, and the last block is for probability performance for class based
combination, “PP”. Results of different weight assignments are given in rows. Simple
averaging results are given in rows with “Equal” title (5.19) and the results next to “Equal”
rows, titled “xReliability”, tabulate the integration of reliability for combination. For the
weight assignment titled “Performance” overall performance values “OP”s are assigned as
weights (5.20). The results integrated with the reliability of the classifiers are given in the
rows next to “Pérformance” rows. - The last rows are for weight assignment titled
“Polynomial”, where linear regression values are assigned as weights (5.21) and

reliabilities are integrated in the last row.
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The results in Table 6.13 of the simple averaging are not so promising as expected,
since the classifiers in the set are not specifically chosen to be independent and unbiased.
The “Best” column indicates the number of times the combination algorithm performs
better than the average of the top three classifier. The results show that even these
perfommce can be improved using the classifier reliability for the class assignments. For
the class based combination algorithm, the integration of the reliability of the classifiers
always improves the performance of the combination. The results show that the

performance assignment as weights is better than the other methods of combination weight

assignments.

Table 6.13. Class based classiﬁer'combinatidn

OP Class BIO |DIB_|D10 |GID [IMX [SMR [2SD [WQD [80X |ZMM |BEM [BEV [HRD |IFD |Best
Equal 77.0| 52.7| 54.3| 33.2| 85.1| 61.6] 21.0[ 93.3] 87.0[ 60.8] 39.0[ 77.9] 69.0] 91.5
xReliability| 77.4| 54.9| 58.1| 41.1| 86.7| 66.3] 24.6| 96.1| 93.5| 69.2| 48.7| 80.3| 68.4| 91.5
Performance | 78.9| 56.7| 58.8| 47.1| 86.7| 66.6| 39.3| 96.7| 93.5| 75.5| 54.6| 78.7| 68.8| 90.9
xReliability) 79.6| 55.1| 59.1| 51.6| 87.6| 67.9| 59.6] 97.2| 93.5| 75.5| 58.0] 79.3| 68.8] 91.5
Polynomial 60.8| 56.1| 60.8| 34.7| 90.9| 65.9| 46.7| 93.4| 66.0| 65.9] 58.8] 54.9] 55.8| 88.0
xReliability] 77.7| 57.0| 61.6| 35.7| 90.1] 62.1] 43.8] 90.7| 73.3] 70.1] 47.6] 74.3| 67.9] 87.9

NSO

CP Class BIO |DIB |D10 |GID [IMX |SMR |2SD |WQD {80X |ZMM |BEM |BEV |HRD |IFD |Best
Equal 85.6} 68.0| 69.5| 53.7| 90.6| 72.1] 45.4| 94.9] 91.1| 71.9] 56.0| 86.5| 80.5| 94.0
xReliability] 87.6| 74.0| 76.0| 62.6| 92.7| 80.8| 49.5| 97.8| 95.6| 82.3| 68.0| 89.0| 82.5| 94.7
Performance | 87.6| 75.1| 76.5| 67.3) 92.7| 81.3| 62.4| 97.8| 95.6| 85.4| 72.5| 88.0| 82.5| 94.7
xReliability] 87.1| 74.1| 76.5| 71.0{ 92.7| 81.3| 76.8| 98.3| 95.6| 85.4| 75.5| 88.0; 82.5| 94.7
Polynomial 76.3| 74.3| 77.0| 57.0| 94.8| 80.8| 61.9| 96.1| 80.0| 79.2| 75.5| 66.0| 73.5| 93.3
xReliability| 86.1| 75.1| 77.5| 57.5| 94.8| 75.5| 47.4| 94.9| 84.4| 82.3| 67.5| 86.0| 80.5| 93.3

HimoOD|O

PP Class BIO |DIB |D10 |GID |IMX |SMR |2SD |wQD |80X |ZMM |BEM |BEV [HRD |IFD |Best
Equal 82.6| 70.4| 73.6| 84.2| 93.2| 70.4| 49.3| 88.3| 85.1| 90.8| 59.4| 83.2| 80.7] 94.2
xReliability] 83.3{ 70.9| 73.9| 86.1] 93.9| 72.4| 55.4| 91.9| 92.6| 93.9| 62.9| 85.1| 80.9| 94.9
Performance | 83.2| 71.1| 74.0| 85.6| 94.0| 73.2| 59.6| 92.8| 91.9( 94.0| 65.3]| 86.0| 81.1] 94.8
xReliability| 83.8| 71.6| 74.2| 87.4| 94.6| 74.5| 65.7| 94.6| 94.6| 95.1( 68.1| 86.9 81.3/ 954| 1
Polynomial 76.1| 74.8| 77.8| 86.0| 96.8 81.6| 67.7| 96.1| 78.9| 94.3| 76.8| 76.0| 73.8| 944
xReliability! 87.0] 74.6| 78.2| 84.5| 97.0| 79.5| 71.6| 90.8| 84.5| 954| 68.6| 83.2] 78.9] 94.9

W=t

In Table 6.14 the classifiers’ class probability estimates are used to combine using all
the weight assignment algorithms. The integration of the reliability improves the
performance. The results compared to the class based combination ones show us a
different behaviour, the “Polynomial” weight assignment is better than the others. This can
be explained by the discrete type of function values of the class based combination

compared to continuous type of function values for polynomial weight assignment.



Table 6.14 Probability based classifier combination
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(E)Pul;rob Bal(())0 DIB_|D10_|GID JIMX [SMR [2SD [WQD 80X |ZMM [BEM [BEV [HRD JIFD_|Best
q _ 0| 54.5| 55.3| 42.1] 89.0] 64.4| 30.1] 77.1 93.5| 65.4| 48.5| 80.3| 71.3| 91.6 6
xReliability| 78.0| 51.4| 55.6| 52.8/ 89.4| 67.6 56.2| 84.9| 93.5| 71.9| 58.5| 79.7| 71.3[ 91.6 8
Perform.anctg 79.5| 54.3| 55.8| 53.2] 89.9] 68.9] 62.5 82.6| 91.3| 76.2| 61.3| 80.3| 70.9( 91.6 9
xReliability| 78.5| 51.0| 55.8] 54.3| 89.9| 71.0] 66.5| 84.5| 91.3| 78.1 61.0] 78.7] 70.9) 91.6] 8
Polynom_laln 81.8| 59.5| 61.2| 56.7| 90.8| 72.0] 98.5| 90.8| 93.5 81.7| 64.7| 87.4| 70.1| 92.2| 12
xReliability} 79.1| 58.1] 61.4 56.0| 90.8] 73.2| 67.8] 87.6 97.8| 81.6| 60.8| 87.9 70.4| 92.2| 12
CP Prob BIO_IDIB_D10 |GID_[IMX |SMR [25D [WQD [80X_|ZMM |BEM [BEV [HRD [IFD_|Best
Equal _ 89.2| 73.6| 74.0| 63.1] 93.8] 79.3| 62.4] 87.1] 95.6 79.2 69.0| 89.0] 84.0] 95.3 7
xReliability| 87.1| 71.5| 74.0| 71.5| 93.8| 81.7| 74.7| 91.0| 95.6| 83.3] 76.0] 83.0] 84.0| 95.3| 8
Performance | 88.7| 73.4| 74.5| 71.0] 93.8 82.2| 78.9| 90.4| 93.3] 86.5 77.5] 89.0/ 84.0] 95.3 9
xReh.ablllty 88.1) 71.4| 74.5) 72.9| 93.8| 83.7| 80.9| 91.6| 93.3] 87.5| 77.5| 88.0] 84.0| 953 8
Polynom'lalu 90.2| 77.1| 78.0| 74.3| 94.3| 84.6] 99.0] 94.9] 95.6] 89.6] 79.0] 93.0] 83.5/ 95.3| 12
xReliability) 88.7| 76.2| 78.0| 72.9| 94.3] 85.1| 70.6| 93.3 97.8| 89.6| 76.5| 93.5| 83.5| 95.3] 12
PP Prob BIO _IDIB D10 |GID |IMX [SMR [2SD [WQD [80X_|ZMM |BEM [BEV |HRD [IFD _[Best
Equal _ 63.2| 57.6| 604 77.5| 74.3| 59.9] 51.8] 67.6] 68.5] 82.8] 54.4| 67.2] 67.3| 74.2 0
xReliability] 63.6| 58.9| 60.3| 79.7| 75.2] 60.9| 56.5| 68.3] 72.0] 84.1| 56.1| 68.3] 67.3( 74.3 0
Performance | 65.8| 58.2| 60.8| 79.3| 75.5 61.8| 60.2| 68.4| 72.2| 84.4 57.4| 69.8] 67.5] 74.6 0
xReliability| 65.5| 59.4| 60.8| 82.0| 76.0] 62.6] 64.7| 68.5| 73.6] 85.1] 58.9] 70.3| 67.6| 74.7 0
Polynomial | 81.0| 67.5| 68.3| 86.6| 96.1| 77.7| 92.5| 86.4| 95.0| 94.6| 67.9] 88.3| 75.0| 94.4| 10
xReliability| 76.6| 70.7| 69.7| 84.9] 96.5| 85.1 83.8| 86.4| 80.8] 97.3| 76.2 92.4| 74.4| 94.7 8

Based on the class performance, the proposed polynomial weight assignment for

weighted classifier combination outperforms the other combination methods. Comparing

Table 6.14 and Table 6.2, except for the data sets WQD, BEM and IFD, the combination

performance is even higher than the best classifier’s performance. For example for the DIB

data set, the best possible class performance is 76.8 per cent, which is increased to 77.1 per

cent.

Finally both the class and probability based combination results are combined in

Table 6.15. This results shows the same characteristic; that is the integration of reliability

of classifiers increase the performance and the “Polynomial” weight assignment is better

than the other weight assignments.
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Table 6.15. Performance of combined classifier combination

(E):ual 57';31 Dslss D10 _IGID_[IMX_[SMR [2SD [WQD [80X [ZMM |BEM JBEV JHRD [IFD |Best
) 1O 55, | 54.3| 37.6| 86.2] 66.5] 24.4] 01.8] 91.3| 64.8] 43.3| 80.3| 69.5] 90.0
xReliability] 78.1| 53.5| 54.8| 43.7| 87.2] 67.6| 45.8| 93.9] 93.5| 72.4| 48.9 80.3| 69.5( 915

Performance | 81.0| 54.9| 56.5[ 49.6( 86.8] 69.4 62.0] ©5.0] 93.5| 77.4] 57.8 80.3] 68.5{ 90.9

5 xReIia.ability 80.1| 55.2| 56.4| 54.7| 90.4| 69.9/ 62.0 96.7| 93.5| 76.5 60.1| 80.2| 69.1] 92.7
olynon}laln 66.9| 57.8| 60.5 48.3| 90.4| 70.7 81.0{ 93.4| 83.0| 80.6] 64.0] 56.9] 56.9] 90.1
xReliability] 80.4| 59.1] 61.5| 43.2[ 90.4| 64.3 44.8| 91.8 84.9] 75.3| 51.0] 78.7] 69.3/ 93.5

~N| DD (O|N|O

cpP BIO_IDIB_|D10_|GID [IMX [SMR [2SD [WQD [80X [ZMM |BEM [BEV |HRD [IFD [Best
Equal | 87.6| 74.6| 73.5] 50.8] 91.7] 80.8] 49.0] 95.5| 93.3| 78.1| 65.5 89.0] 82.5 94.7
xReliability| 87.6| 73.0| 73.5] 64.5| 92.7 81.7| 67.5 96.1| 95.6] 82.3] 60.5 89.0| 82.5] 94.7
Performance | 89.7| 74.0| 75.0] 69.2] 92.7 82.7| 78.4] 97.2| 95.6| 86.5| 75.5| 89.0 82.5| 94.7
xReliability| 89.2| 74.2 74.5| 72.4] 94.3| 83.2[ 78.4] 97.8| 95.6] 86.5] 77.0] 88.5 82.5 94.7
Polynomial _| 80.4| 75.8| 77.0] 67.8| 94.3 83.7 82.5] 96.1| 88.9] 88.5] 78.5| 66.0| 74.5| 92.7
xReliability) 89.2| 76.7| 78.0| 64.0 94.3| 75.0( 44.8] 95.5/ 91.1] 82.3] 64.0] 86.0/ 83.0/ 96.0

OO 00O 00| NN

PP BIO [DIB D10 _|GID [IMX_[SMR [2SD [WQD [80X |ZMM |BEM |BEV |HRD JIFD |Best
Equal . 72.9| 64.0| 67.0| 80.8] 83.7| 65.2] 50.6] 77.9] 76.8| 86.8| 56.0| 75.2| 74.0| 84.2
XReliability| 73.4| 64.9| 67.1| 82.9| 84.5| 66.6] 56.0/ 80.1] 82.3| 89.0| 59.5| 76.7| 74.1| 84.6
Performance | 74.5| 64.7| 67.4| 82.4| 84.8] 67.5] 59.9] 80.6| 82.0| 89.2| 61.4| 77.9| 74.3| 84.7
xReliability| 74.6| 65.5| 67.5| 84.7| 85.3| 68.6| 65.2] 81.6| 84.1] 90.1] 63.5| 78.6] 74.4| 85.0
Polynomial 78.4| 71.2| 73.0| 86.3| 96.4| 79.7| 80.1] 91.2| 87.0| 94.5] 72.3] 79.1| 74.4| 94.4
xReliability) 81.8| 72.7| 74.0| 84.7] 96.7| 80.7] 72.4| 88.6] 87.1] 96.3| 72.7| 87.8) 76.7| 94.8

W= 10|0|0

6.7. Sensitivity of Combination for Classifier Set

The classifier set is detailed in Section 6.1. In this thesis, it is aimed to include all
kind of classifiers in the set. The basic idea behind selection of a classifier for the classifier
set is that, the individual classifier which will be added in the set should not be strongly
correlated in the misclassification of the current classifiers in the classifier set. This criteria
is not easily satisfied, since even different classes of the same data set may have different
characteristics. That is, the classifier’s performance may vary for the different classes of
the same data set. A basic sensitivity analysis is done by removing the worst classifiers and

best classifier of the classifier set.

The worst classifiers based on results of Table 6.2, Table 6.3 and Table 6.4 are k-
means clustering, ‘self-organizing map clustering based claséiﬁcation algorithms and the k-
means classifier. The analysis of removing the clustering algorithms are given in Table
6.16 through Table 6.21: The performance of the combination is marked as bold face, if it
is better than the average of the top three best performance of the classifier set in Table 6.2.

Results are grouped for three different performance measures. The first block is for overall
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performance for class based combination, “QP”.
GGCP”

Second block is for class performance,

, and the last block is for probability performance for class based combination, “PP”.

Results of different weight assignments are given in rows. Simple averaging results are

given in rows with “Equal” title (5.19) and the results next to “Equal” rows, titled

“XReliability”, tabulate the integration of reliability for combination. For the weight

assignment, titled “Performance”, overall performance values “OP”s are assigned as
weights (5.20). The results integrated with the reliability of the classifiers are given in the
rows next to “Performance” rows. The last rows -are for weight assignment titled
“Polynomial”, where linear regression values are assigned as weights (5.21) and
reliabilities are integrated in the last row. The “Best” column indicates the number of
times the combination algorithm performs better than the average of the top three
classifiers. The difference tables tabulate the performance differences between two tables
as stated in their titles. A positive value indicates a performance improvement comparing

the same weight assignment for the sama data set. Their “Best” column indicates the

number of times the new classifier set perform better than the original set.

In Table 6.16, class based classifier combination results, without the k-means
clustering and self-organizing map classification algorithms are tabulated. In Table 6.17,
the difference of the performance values between the new classifier set (Table 6.16) and
the whole classifier set (Table 6.13) is taken. Based on these tables, the improvement
especially on the probability performance is obvious. The difference table’s “Best” column

show an improvement for almost all data sets.

In Table 6.18, probability based classifier combination results, without the k-means
clustering and self-organizing map classification algorithms are tabulated in the same
manner. In Table 6.19, the difference of the performance values between the néw classifier
subset (Table 6.18) and the original classifier set with all the classifiers (Table 6.14) are

given. As in the case of class based classifier combination the performance improves.



Table 6.16. Class based classifier combination (no clustering)
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OP Class

BIO

DIB

D10

IMX

SMR

28D

WQD

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

76.8

63.7

xReliability

78.3

Performance

77.8

xReliability

78.1

Polynomial

78.4| 59.2| 61.1

xReliability

75.2] 60.0

55.6
56.2| 55.9

56.3| 56.9
56.4| 57.9

:
|

w|D
wig

[.

N
o
®|w©

|

w o
o /NN
NN

g

86.3

88.0
88.0

64.5
69.1

20.8

92.7

88.9

67.4

34.9

78.2

67.8

92.7

25.1

97.2

91.3

76.5

50.7

78.2

67.8

92.7

68.6

48.6

97.8

89.0

76.4

51.5

77.9

68.6

92.7

88.9
90.9

69.1

58.7

98.3

91.3

76.5

53.2

80.6

68.6

92.2

56.6

55.1

91.8

72.5

69.9

65.0

68.1

68.4

93.5

90.1

46.4

45.9

89.6

74.3

72.9

55.0

85.3

67.0

93.5

N N[O [N

)
e
LN
o
o
(=)

CP Class

BIO

DIB

GID

IMX

SMR

28D

WQD

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

85.1

68.4

71.5| 53.3

90.6

74.0

448

93.8

88.9

76.0

51.0

86.5

81.5

94.0

xReliability

88.1

746

Performance

87.6

74.9

74.5| 621

92.7

82.7

50.0

98.3

93.3

86.5

71.0

87.5

81.5

94.0

75.0| 66.4

92.7

82.2

62.9

98.3

91.1

85.4

71.5

87.5

82.0

94.0

xReliability

87.6

749~

71.0

93.2

82.7

71.6

98.9

93.3

86.5

72.5

88.0

82.0

956.3

Polynomial

87.6

76.7

59.8

94.8

75.0

69.1

94.9

82.2

82.3

80.0

73.5

82.5

96.0

XReliability

85.6

77.2

72.9

94.8

67.8

46.9

93.8

82.2

81.2

73.0

90.5

81.0

96.7

DO |INDID|O

PP Class

BIO

DIB

GID

IMX

SMR

28D

wab

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

84.5

71.9

84.5

94.5

75.7

51.8

91.3

89.9

92.2

61.3

87.0

81.1

94.5

xReliability

84.9

72.2

86.6

95.1

76.2

58.3

93.7

93.7

94.8

65.0

87.4

81.2

95.3

10

Performance

84.8

72.6

86.3

95.1

76.1

62.4

94.8

94.9

95.2

67.6

87.4

81.5

95.2

11

XReliability

85.2

72.9

88.0

95.5

76.5

67.8

96.0

95.6

95.7

70.1

87.8

81.6

95.9

13

Polynomial

87.6

76.0

87.2

96.8

74.7

68.6

95.5

90.8

95.4

80.5

83.8

81.8

95.0

11

XReliability

86.5

76.5

87.3

971

68.5

72.9

95.3

91.3

95.7

72.9

924

81.9

96.5

13

Table 6.17. Differences of class based classifier combination (Table 6.16.-6.13)

OP Class

BIO

DIB

D10

GID |IMX

SMR

2SD

WaQb

80X |ZMM

BEM

BEV

HRD

IFD

Equal

-0.1

1.0

1.3

0.7

1.2

2.8

-0.3

-0.6

1.9

6.5

-4.1

0.4

-1.2

1.3

XReliability

0.9

1.3

-2.2

-0.3

1.3

2.8

0.5

1.1

-2.2

7.3

2.0

-2.1

-0.6

1.2

Performance

-1.2

-0.4

-2.0

0.1

1.3

1.9

9.3

1.1

44

1.0

-3.1

-0.8

-0.1

1.8

XReliability

-1.5

1.3

-1.2

0.5

1.3

1.1

-0.9

1.1

-2.2

1.0

-4.8

1.3

-0.1

0.7

Polynomial

17.6

3.1

0.3

2.0

0.0

-9.3

8.4

-1.6

6.5

4.0

6.2

13.2

12.6

5.5

XReliability

-2.5

3.0

-0.9

20.3

0.0{ -15.7

2.1

-1.1

1.0

2.8

7.4

11.0

-0.9

5.6

CP Class

BIO

DIB

D10

GID {IMX

SMR

28D

waQD

80X |ZMM

BEM

BEV

HRD

IFD

Equal

-0.5

0.4

2.0

-0.5

0.0

1.9

-0.5

-1.1

-2.2

4.2

-5.0

0.0

1.0

0.0

XReliability

0.5

0.7

-1.5

-0.5

0.0

1.9

0.5

0.6

22|

4.2

3.0

-1.5

-1.0

-0.7

Performance

0.0

-0.3

-1.6

-0.9

0.0

1.0

0.5

0.6

44

0.0

-1.0

-0.5

-0.5

-0.7

xReliability

0.5

0.8

-1.0|

0.0

0.5

14

-5.2

0.6

-2.2

1.0

-3.0

0.0

-0.5

0.7

Polynomial

11.3

24

1.0

2.8

0.0

-5.8

7.2

-1.2

2.2

3.1

4.5

7.5

9.0

2.7

xReliability

-0.5

2.1

-1.0

15.4

0.0

7.7

-0.5

-1.1

-2.2

-1.1

5.5

4.5

0.5

3.4

PP Class

BIO

DIB

D10

GID

IMX

SMR

28D

waQbp

80X |ZMM

BEM

BEV

HRD

IFD

Equal

1.9

1 1.5

0.2

0.3

1.3

5.3

24

2.9

4.8

1.4

1.9

3.8

0.4

0.3

xReliability

1.7

1.3

0.2

0.4

1.2

3.8

2.9

1.8

1.1

0.9

2.1

24

0.3

0.4

Performance

1.6

1.5

0.2

0.7

1.1

2.9

2.8

2.1

3.0

1.2

2.2

1.4

0.4

0.4

XReliability

1.5

1.3

0.2

0.6

0.9

2.0

2.2

1.4

1.0

0.6

1.9

0.9

0.2

0.5

Polynomial

11.5

1.2

0.1

1.2

0.0

-6.9

0.9

-0.6

11.9

1.1

3.7

7.8

8.0

0.6

xReliability

1.9

-0.3

2.8

0.1(-11.0

1.3

4.5

6.8

0.3

4.3

9.2

3.0

1.6

-0.5



Table 6.18 Probability based classifier combination (no clustering)

&3

OP Prob

BIO

DIB

D10

GIb

SMR

28D

wabD

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

74.9

55.0

xReliability

75.2

Performance

75.8

50.1
54.6

xReliability

75.8

52.9

Polynomial

81.3

58.2

xReliability

77.4

58.0

51.4
514
51.4
51.7
57.1

59.0

51.3
52.5
53.0
52.6
571
57.7

72.8
727

1.7

754

87.0

73.3

52.6

80.8

68.8

92.2

64.0

80.4

89.2

76.1

55.6

83.3

69.2

91.6

73.1

67.0

83.5

89.2

77.6

62.8

82.6

701

92.2

1.7

62.8

86.4

89.2

78.7

62.0

83.3

68.8

91.6

68.0

974

93.9

97.8

81.7

64.5

86.9

70.1

92.2

70.5

67.8

93.9

97.8

81.6

62.8

86.9

70.1

92.2

el et i FE = K220 (8,

CP Prob

BIO

DIB

D10

GID

SMR

28D

WQb

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

86.1

741

71.5

xReliability

86.1

70.7

71.5

Performance

86.6

73.8

xReliability

85.6

725

701

84.6

64.4

85.4

9.1

844

72.0

89.5

82.5

95.3

71.5

84.6

794

89.3

93.3

86.5

74.0

90.5

83.0

95.3

71.5

71.5

85.1

814

90.4

93.3

86.5

78.5

90.5

83.5

95.3

71.0

71.5

84.1

78.9

92.7

93.3

87.5

77.0

90.5

82.5

95.3

Polynomial

89.7

76.2

75.0

74.8

82.2

98.5

96.6

97.8

89.6

79.0

93.0

83.5

95.3

xReliability

86.6

76.0

76.5

74.8

83.7

70.6

96.6

97.8

89.6

78.0

92.5

83.5

95.3

PP Prob BIO

DIB

D10

GID

SMR

28D

wabD

80X

ZMM

BEM

BEV

HRD

IFD

Equal

61.9

57.6

59.4

775

61.9

63.7

66.1

69.2

82.7

56.1

67.0

66.8

73.5

xReliability

62.5

58.8

59.3

79.8

62.3

58.8

66.2

71.6

84.0

57.9

67.3

66.7

73.6

Performance

64.3

58.3

59.7

80.0

63.0

62.3

66.2

72.4

84.4

59.2

68.3

66.6

74.0

xReliability

64.0

594

59.6

82.6

63.5

66.4

66.1

73.2

85.1

60.5

68.5

66.5

741

Polynomial

80.3

67.5

66.2

86.6

76.2

924

85.9

95.0

94.7

67.4

88.5

74.5

94.4

XReliability

77.9

69.8

67.1

83.7

80.7

83.8

86.9

95.5

97.3

74.3

90.3

74.3

94.8

Table 6.19. Differences of probability based classifier combination (Table 6.18-6.14)

OP Prob BIO |DIB |D10 |GID |IMX [SMR [2SD |WQD 80X [ZMM [BEM |BEV |HRD [IFD |Best
Equal -5.1] 0.5 -3.9| 9.1] 0.5| 85 26| -1.6/-65] 7.9] 4.1 0.5] -2.5] 0.6 9
XReliability} -2.8| -1.3| -4.2/-0.3] 0.1] 51| 7.9] -4.4|-43] 4.3] -2.9] 36| -2.0] 0.0 6
Performance [-3.6| 0.3| -4.4|-0.2|-04] 42| 45| 1.0[-21] 1.4] 15| 22| -0.8] 06 8
xReliability -2.7] 1.9| -4.1/-1.7/-04| 0.7| -3.7] 1.9/-21] 06| 1.0] 4.6/ -2.2] 0.0 7
Polynomial -0.5/-1.3| -41| 04| 0.0| 4.0/ -1.1] 31| 43| 0.0 -0.2] -0.5] 0.0] 0.0 7
xReliability| -1.7] -0.1] -2.4| 1.7] 0.0, -2.7 0.0/ 6.3| 0.0/ 0.0/ 2.0{ -1.0| -0.3] 0.0 8
CP Prob BIO [DIB |D10_|GID {IMX |SMR |2SD |WQD [80X |ZMM |BEM |BEV |HRD |IFD |Best
Equal -3.1] 0.5| -2.5| 7.0/ 05| 53| 21| -1.7|-44| 52| 3.00 05 -1.5] 0.0 9
xReliability| -1.0{ -0.8| -2.5| 0.0| 0.5 2.9/ 46 -1.7/-2.2] 3.1] -2.0| 2.5 -1.0] 0.0 7
Performance |-2.1| 0.4| -3.0/ 0.5/ 0.5] 29/ 26| 0.0/ 0.0/ 00| 1.0/ 1.5/ -0.5/ 0.0f 11
xReliability| -2.6| 1.2| -3.5;-14| 0.5 0.5 -21, 1.1] 0.0f 0.0, -0.5| 2.5{ -1.5[ 0.0 8
Polynomial -0.5/-09| -3.0/ 0.5/ 0.0/ -24; -0.5| 1.7/ 22| 0.0/ 0.0/ 0.0/ 0.0{ 0.0 9
xReliability| -2.1/-0.2| -1.5] 19| 0.0] -1.4] 0.0{ 3.3} 0.0, 0.0/ 15| -1.0/ 0.0{ 0.0 9
PP Prob BIO |DIB |D10 |GID [IMX ISMR {2SD |WQD 80X {ZMM |BEM |BEV |HRD |IFD |Best
Equal -1.3| 0.0} -1.0/ 0.1/-0.3| 20| 19| -14| 0.7 -0.1; 1.8} -0.2| -0.5|-0.7 5
xReliability| -1.1] -0.2} -1.1] 0.0/ 0.0{ 14| 22| -21/-04| -0.1| 1.8, -1.0| -0.6/-0.7 5
Performance {-1.5| 0.1| -1.2| 0.7] 0.3] 12| 22, -22| 02| 0.0, 1.8; -1.4| -0.9/-0.5 8
xReliability| -1.5/ -0.1] -1.2| 0.6/ 04| 0.8 16| -24|-04| -0.1| 1.6 -1.7| -1.0/-0.6 5
Polynomial -0.7; 0.0/ -2.1| 0.0/ 0.0/ 1.5/ -0.1; -0.5| 0.0/ 0.1] -0.5| 0.2| -0.5| 0.0 7
xReliability| 1.3|-0.9] -2.6/-1.2/-0.1| -44| 0.0{ 0.5 57/ 0.0/ -1.9| 21| -0.1] 0.1 6




Table 6.20. Performance of combined classifier combination (no clustering)

84

(E):ual B7|(7)2 05124 D;g1 GID_|IMX |SMR [2SD [WQD [80X_[ZMM [BEM [BEV [HRD [IFD_[Best
e o o4 561 38.2) 88.5| 70.2] 350 90.3] 89.2 72.7 43.2] 79.4] 692 916 4
tyl 76.9| 56.4| 558/ 46.1] 90.4] 70.7] 43.8] 96.7| 91.3] 745 49
Performance | 77.4| 56.8] 56.1] § ' 6| 79.7) 692 91.6 8
ooty vy ot 3.5 894| 71.0] 64.2] 97.2 91.3 77.4| 52.8| 79.7] 69.2] 92.2| 8
5 = 4| 57.4| 54.6| 54.8] 90.9] 71.8 67.5| 97.8| 93.5| 76.5| 54.6/ 81.1] 69.2] 92.2 9
OYDOMI§ _ 79.3 59.2ﬂﬂ 90.4| 56.8 80.9] 92.3] 87.0] 79.9| 66.5| 67.6] 68.6] 92.8 7
xReliability] 76.7] 60.0 60.? 56.2| 90.1|_51.1] 45.4] 91.2| 84.0| 74.7 55.4| 86.0/ 69.0| 92.8 6
CE:P | BIO_[DIB |D10 [GID [IMX SMR |2SD |WQD [80X [ZMM [BEM [BEV |HRD |IFD |Best
qual _ 87.1| 75.0| 74.5] 59.8] 932 83.2 59.8| 94.4| 93.3| 83.3] 65.5| 88.5] 83.0] 95.3 6
xReliabilty| 87.1| 75.0] 74.5| 66.4] 94.3| 83.7] 66.0] 7.8 93.3 85.4] 70.0] 88.5] 830 953 9
Performance | 87.6| 75.3]_74.5| 71.5] 93.2| 83.7| 79.9] 98.3] 93.3 86.5| 72,0/ 88.5| 830 953 O
xRe{labllrty 87.6| 75.7| ‘73.5] 72.4| 94.8] 84.1| 82,0 98.3| 95.6| 86.5 73.5| 88.5| 83.0/ 95.3| 10
Polynomial___| 88.1] 76.8] 77.5| 71.0 94.3| 75.0| 82.0] 95.5| 91.1] 88.5| 81.0| 73.0] 820 96.0] 9
XReliability| 87.1| 77.3| 77.5| 72.9| 94.8] 712 45.4| 94.4| 91.1] 82.3| 73.0] 92.5| 82.0] 96.0 8
PP BIO_|DIB_|D10 |GID [IMX |SMR |2SD WQD |80X |ZMM |BEM |BEV |HRD |IFD |Best
Equal _ 73.2| 64.8| 66.6| 81.0] 84.2| 68.8| 52.7| 78.7 79.5| 87.4| 58.7| 77.0] 73.9| 84.0 0
xReliability| 73.7| 65.5| 66.7| 83.2| 85.1] 69.2| 58.5 80.0] 82.7| 89.4] 61.5] 77.3] 74.0| 84.4 0
Performance | 74.6| 65.5] 67.0] 83.2| 85.5] 69.6] 62.3] 80.5| 83.7| 89.8] 63.4 77.9] 74.0| 846] 0
XRe!IabI|Ity 74.6| 66.1| 67.0| 85.3] 85.9] 70.0| 67.1] 81.0| 84.4 90.4| 65.3 78.2] 74.0{ 85.0 1
Polynomial 83.8) 71.8) 72.1| 86.9] 96.4| 75.5| 80.5] 90.6] 92.9| 95.0 74.0| 83.0| 78.1] 94.7| 11
xReliability] 82.1| 73.1| 72.5| 85.5] 96.7| 74.6| 72.7| 91.1] 93.4] 95.7 73.8| 91.3| 78.1] 95.7| 13
Table 6.21. Differences of combined classifier combination (Table 6.20-6.15)
OP BIO |DIB |D10 |GID [IMX [SMR [2SD |WQD |80X |ZMM |BEM |BEV |HRD |IFD |Best
Equal -0.8| 06/ 1.8/ 06| 23] 37/ 11.6] -1.5/-21] 7.9] -0.1] -1.0] -0.2] 0.6 8
XReliability] -1.3] 2.9] 1.0/ 24| 3.2| 3.1| -21 28/-22 21| 0.7 -0.6| -0.2] 0.1 9
Performance | -3.6| 1.9| -0.5| 39| 2.5 15| 2.1 22| -22/ 00| -4.9] -06| -0.2] 1.2 8
xReliability| -2.7| 2.2| -1.8] 01| 0.5 1.9| 55| 1.1 0.0/ 0.0f -55 0.9] 0.1/-06] 10
Polynomial 124| 14| 02| 3.8, 0.0/-13.9] -0.1] -1.1] 4.0f -0.7] 25| 107| 11.71 271 10
xReliability] -3.7| 0.9] -0.8{ 13.0/ -0.3| -13.2| 0.6/ -0.6] 0.0| -0.6{ 4.4| 7.3] -0.3/-0.7 6
CP BIO |DIB |D10_|GID |IMX [SMR [2SD |waQD |80X |ZMM |BEM [BEV |HRD |IFD {Best
Equal -0.5| 04| 1.0/ 0.0] 1.6/ 24108 -1.1] 0.0/ 52| 0.0 -05] 05| 0.7] 11
xReliability] -0.5| 2.0{ 1.0/ 19| 1.6/ 19| 1.5/, 17/-22| 31| 05| -05] 05/ 07] 10
Performance | -2.1) 1.3 -0.5| 2.3| 0.5 1.0 15 1.1{-22! 0.0 -3.5[ -0.5 0.5] 0.7 9
XReliability| -1.5| 14| -1.0/ 00| 05 10 36| 06| 0.0/ 00| -3.5 00/ 05 07] 11
Polynomial 77| 1.0{ 05| 3.2| 0.0/ -8.7| -0.5( -0.6] 22| 0.0 25| 7.0/ 75 3.3] M
xReliability| -2.1{ 0.6/ -0.5| 89| 05, -3.8/ 06| -1.1[ 0.0/ 0.0/ 9.0/ 6.5/ -1.0/ 0.0 9
PP BIO |DIB [D10 |GID |IMX [SMR |2SD \WQD {80X |ZMM |BEM |BEV |HRD [IFD |Best
Equal 0.3]. 0.7/ -0.4| 02| 05| 3.7 22/ 0.7, 27| 06| 18] 1.8 00{-02f 11
xReliability] 0.3| 0.6/ -0.4] 0.2| 06| 26| 26| -02 04| 04| 19| 07| -02{-02] 10
Performance | 0.0! 0.8 -0.5| 0.7 0.7 21| 25| 0.0f 16| 0.6/ 2.0/ 0.0 -0.3] -0.1 9
xReliability| 0.0| 0.6/ -0.5| 06/ 07| 14| 19 -05 03 0.2 1.8| -04| -0.4| 0.0 9
Polynomial 54| 06| -0.9| 06| 0.0/ -42| 04| -06/ 59, 0.5 1.7/ 3.9 37| 03] 11
xReliability] 0.3| 0.4| -1.5| 0.8| 0.0 -6.1] 03| 25| 6.3/ -06/ 11| 3.5 14| 09 11
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In Table 6.20, class based and probability based classifier combination results are
combined without the k-means clustering and self-
algorithms.

organizing map classification
In Table 6.21, the difference of the performance values between the new
classifier set (Table 6.20) and the original classifier set with all the classifiers (Table 6.15)

are given. The performances are improved as expected, since both the class based and

probability based combination algorithms indicate improvements.

Another sensitivity analysis is based on the removal of the best classifier. The best
classifier based on results of Table 6.2, Table 6.3 and Table 6.4 is k-nearest neighbouf

classifier. The analysis of removing the best classifier are given in tables Table 6.22

through Table 6.27 in the same manner as the removal of worst classifiers.

In Table 6.22, class based classifier combination results, without the k-nearest
neighbour classifier, are tabulated. In Table 6.23, the difference of the performance values
between the new classifier set (Table 6.22) and the original classiﬁer set with all the
classifiers (Table 6.13) are given. Based on Table 6.23, it is noted that even the removal of
the best classifier may improve the performance of the combination. The “Best” column
indicates on the average five improvements for 14 data sets. A closer look on the Table
6.23 indicate that the improvements are less than one per cent, where the decrease in
performance are more than five per cent for most decreases. Comparing the “Best”
columns of Table 6.13 and Table 6.22, there is a decrease in performance. For example for
the class based combination of the original classifier set with all the classifiers using
polynomial weight assignment, outperforms the single classifiers five times (Table 6.13)
for 14 data sets. The same performance for the subset without the k-nearest neighbour
classifier decreases to three (Table 6.22). Even this subset of classifiers without the k-
nearest neighbour classifier indicates some improvements as given in Table 6.23.
Continuing the same example of class based combination with polynomial weight

assignment, Table 6.23 indicates that there are six cases out of 14 data set, where there are

increase in performance.



Table 6.22. Class based classifier combination (no k-NN)

OP Class

BIO |DIB

86

D10

SMR

28D

waQbD

80X

ZMM

BEM

BEV |HRD

IFD

Best

Equal

xReliability

76.8| 5

H

Performance

78.0| 56

XReliability

78.0| 56

Polynomial

xReliability

77.4| 546

52.0| 56.2
78.9| 57.0

S
[22]
<

;

59.0

»
S

oo/~ o©

N | w|r| @
O|%| K| 0| O|5
o|o|w|m

w

84.6| 58.5
61.1] 21.6

19.8

93.9

86.8

57.9

35.0

77.8

68.8

92.1

96.1

89.2

64.1

45.2

78.3

68.8

92.8

85.8| 59.2

22.2

97.2

89.2

67.2

53.9

76.3

68.8

92.8

85.8| 60.6

44.8

97.8

89.2

704

58.0

76.8

68.8

92.8

88.6| 64.6

40.1

91.2

69.6

58.3

59.5

54.7

55.8

88.0

87.7| 53.3

43.8

87.6

70.3

61.1

474

44.9

67.5

87.9

N[ W[ DW=

CP Class

BIO |DIB

D10

GID

SMR

28D

wabD

80X

ZMM

BEM

BEV |HRD

IFD

Best

Equal

85.6| 71.9

xReliability

86.6| 73.7

Performance

87.1| 746

73.5
77.0

50.0
57.0

20.6| 72.6

43.8

96.1

88.9

68.8

49.5

86.5

82.5

94.0

922 77.9

46.4

97.2

93.3

78.1

67.0

87.0

82.5

96.0

175

xReliability

87.1| 746

Polynomial

70.6| 745

78.0

57.0

92.2| 76.4

46.9

98.3

93.3

80.2

72.0

86.5

82.5

95.3

59.8

922| 774

63.9

98.3

93.3

81.3

75.0

87.0

82.5

95.3

77.0

50.9

93.8| 79.8

60.3

94.9

82.2

74.0

76.0

65.5

73.5

93.3

XReliability

88.1] 75.1

77.5

47.2

93.2| 64.4

474

93.3

82.2

75.0

67.5

53.0

81.5

92.7

NiWOoIMAO

PP Class

BIO |DIB

D10

GID

SMR

28D

WQD

80X

ZMM

BEM

BEV |HRD

IFD

Best

Equal

82.1| 70.8

741

83.1

92.7| 68.9

46.2

88.8

83.5

89.9

58.0

82.1

81.2

93.8

xReliability

82.8| 71.2

74.3

84.8

93.4| 70.9

51.6

92.8

91.7

93.1

61.8

84.0

81.5

94.6

Performance

82.8| 71.6

744

83.7

93.5| 715

54.6

93.7

90.7

93.0

64.4

85.0

81.6

94.5

XReliability

83.4| 72.0

74.6

85.2

941; 728

62.0

95.6

93.8

94.3

67.7

85.9

81.8

956.1

Polynomial

75.3| 74.9

77.9

82.9

96.3| 80.6

66.7

95.4

90.4

93.9

771

75.9

77.0

94.4

xReliability

88.1) 74.6

78.3

81.1

96.1| 75.4

71.6

90.5

79.0

92.9

68.6

71.5

79.9

94.6
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Table 6.23. Differences of class based classifier combination (Table 6.22-6.13)

OPClass _ |BIO [DIB

D10

GID

IMX

SMR

28D

WwaQD

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

04| 19

48

-3.9

-05

-3.1

-1.2

0.6

-0.1

-2.9

-4.0

0.0

-0.2

0.7

xReliability

-0.5| -04

1.8

-5.5

-0.9

-5.2

-3.0

0.0

-4.3

-5.0

-3.5

-2.0

0.3

1.3

Performance

-0.9| -0.7

1.9

-12.8

-0.9

-75

-171

0.6

-4.3

-8.3

-0.7

-2.3

0.0

1.9

XReliability

-1.6] 1.2

20

-13.7

-1.8

-7.3

-14.8

0.6

-4.3

-5.1

0.0

-2.5

0.0

1.3

Polynomial-

-8.8| 0.1

-03

-7.8

-2.3

-1.3

-6.6

-2.2

3.6

76

0.7

-0.2

0.0

0.0

xReliability

1.2| 0.0

-0.3

-11.2

-2.4

-8.8

0.0

-3.1

-3.0

-9.0

-0.2

-29.4

-0.4

0.0

DA DWW

CP Class BIO |DIB

D10

GID

IMX

SMR

28D

wWab

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

0.0 39

4.0

-3.7

0.0

0.5

-1.5

1.1

22|

-3.1

-6.5

0.0

2.0

0.0

XReliability

-1.0| -0.3

1.0

-5.6

-0.5

-2.9

-3.1

-0.6

2.2

-4.2

-1.0

-2.0

0.0

1.3

Performance

-0.5| -0.5

1.0

-10.3

-0.5

438

-15.5

0.6

-2.2

-5.2

-0.5

-1.5

0.0

0.7

xReliability

0.0 05

1.5

-11.2

-0.5

-3.8

-12.9

0.0

-2.2

4.2

-0.5

-1.0

0.0

0.7

Polynomial

-5.7] 02

0.0

-6.1

-1.0

-1.0

-1.6

-1.2

22

-5.2

0.5

-0.5

0.0

0.0

XReliability

2.0] 0.0

0.0

-10.3

-1.6

0.0

-1.6

-2.2

-7.3

0.0

-33.0

1.0

-0.6

DD D] M[W{CO

-11.1

PP Class BIO |DIB

D10

GID

IMX

SMR

28D

WQD

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

-0.5| 04

04

-1.0

-0.5

-1.5

-3.2

0.5

-1.6

-0.9

-1.4

-1.1

0.5

04

XReliability

-0.4| 04

04

-1.3

-0.5

-1.5

-3.8

0.9

-1.0

-0.8

-1.1

-11

0.5

-0.3

Performance

-0.5| 04

04

-1.9

-0.5

1.7

-5.0

0.9

-1.2

-1.0

-1.0

-11

0.5

-0.3

XReliability

-04| 04

0.4

-2.2

-0.5

1.7

-3.6

0.9

-0.8

-0.8

-0.5

-1.0

0.5

-0.3

Polynomial

-0.8| 01

0.1

-3.1

-05

-1.0

-1.0

-0.7

11.5

-0.4

0.3

-0.1

3.2

0.0

xReliability

1.1 0.0

0.1

-3.4

4.1

0.0

-0.3

-5.5

-2.5

0.0

-11.7

1.0

-0.3

DIOIDID|IDID

-0.9
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In Table 6.24, probability based classifier combination results, without the k-nearest
neighbour classifier, are tabulated. I Table 6.25, the difference of the performance values
between the new classifier set (Table 6.24) and the original classifier set with all the
classifiers (Table 6.14) are given. Table 6.25 shows almost the same behaviour as the
Table 6.23, except that the probability performance could not be improved. Another point

is that the mprovements are approximately two per cent, where the decrease in

performance are more than 10 per cent for most decreases.

In Table 6.26, class based and probability based classifier combination results are
combined without the k-nearest neighbour classifier. In Table 6.27, the difference of the
performance values between the new classifier set (Table 6.26) and the original classifier
set with all the classifiers (Table 6.15) are given. These resulté show the same behaviour
as in the case of probability based combination. Although there is no improvement for the
probability performance of the classifier subset, class performance could be improved. For
this combination, the level of change in the performance is less than one per cent for

improvements, but there are more than 10 per cent for decreases in performance.

Table 6.24. Probability based classifier combination (no k-NN)

OP Prob BIO |DIB [D10 [GID [IMX |SMR [2SD |WQD [80X [ZMM [BEM [BEV [HRD [IFD [Best
Equal 81.8| 51.2| 56.5| 30.8| 83.6| 57.9| 22.6| 76.0| 65.5] 38.2| 44.3] 79.8] 6€9.9] 92.9
XReliability| 80.0| 48.5| 56.5| 36.0| 87.6| 58.5| 40.4| 80.6] 93.5| 41.1] 52.9] 80.3] 69.9] 91.6
Performance | 80.9| 52.1| 58.4| 28.2| 88.6| 57.9| 50.9| 74.5] 93.5| 50.0[ 57.9] 79.8] 69.9] 92.1
xReliability] 77.2| 50.3| 58.7| 36.1| 89.4| 58.5| 64.8] 80.7| 89.0| 51.8] 61.1] 80.3] 69.6] 91.6
Polynomial 81.7| 59.3| 60.0| 37.5| 90.0| 72.2| 98.5| 89.1| 93.5| 78.2[ 64.5| 86.1] 70.1| 92.2
xReliability| 81.3| 57.9| 61.5| 37.5{ 90.0| 68.7| 71.9] 85.6| 93.5| 51.0] 61.3| 82.5| 70.1} 92.2

-
Do AN

CP Prob BIO |DIB |D10 |GID |IMX [SMR |2SD |WQD |80X |ZMM [BEM |BEV |HRD |IFD |Best
Equal 89.7| 71.4| 75.0| 563.3]| 90.6| 75.5| 47.4| 86.5| 73.3| 58.3| 66.0| 88.5| 83.0| 96.0
xReliability| 89.2| 69.5| 75.0| 58.4| 92.7| 75.5| 63.4| 89.3| 95.6] 60.4| 71.5] 89.0| 83.0| 95.3
Performance | 89.7| 71.9| 76.0| 50.5| 93.8| 75.5| 71.1| 85.4| 95.6| 68.8| 74.5| 88.5 83.0| 94.7
xReliability| 87.1] 70.8| 76.0| §8.9| 93.8| 76.0| 79.9| 88.2| 91.1| 69.8| 76.5 89.0| 83.0| 95.3
Polynomial| 89.7| 77.0| 77.0| 58.9| 94.3| 84.1]| 99.0| 93.8| 95.6| 86.5| 78.5| 92.0/ 83.5| 95.3
xReliability] 89.7| 75.9] 78.0/ 58.4] 94.3| 82.2| 74.7] 92.1| 95.6] 54.2| 77.0| 87.0! 83.5| 95.3

-
OO | NN

PP Prob BIO |[DIB |D10 |[GID [IMX |SMR [2SD {WQD [80X |ZMM |BEM |BEV |HRD |IFD [Best
Equal 60.9| 56.5| 59.6| 76.0| 71.7| 57.5| 48.9| 659 65.4] 81.2| 52.7| 64.5| 66.3| 71.7
xReliability| 61.0] 57.9| 59.6| 77.5| 72.2| 58.2| 52.8| 6€6.8 68.4| 81.8] 54.4| 65.4| 66.5| 71.7
Performance | 63.0| 57.1] 60.2| 76.0| 72.3| 58.4| 54.9| 66.9| 68.1| 81.4| 55.6| 66.6] €66.7| 71.7
xReliability| 62.4] 58.4| 60.2] 77.7) 72.5| 59.0| 59.8| 67.2| 69.2| 81.6| 57.2| 66.9; 66.8) 71.8
Polynomial] 80.5| 67.5 68.3| 81.3| 94.5| 73.5| 91.6; 86.0| 93.2| 89.0| 67.9| 858/ 74.6| 94.2
xReliability| 76.3] 70.8] 69.7] 79.6| 95.0| 82.6| 85.8| 85.0/ 83.0| 89.8| 76.3| 91.0) 73.9| 94.4

~NNIOI0|I0IO
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Table 6.25. Differences of probability based classifier combination (Table 6.24-6.14)

OP Prob
Eoua 2 2B D11f"2 G_|1E:3I%X4 SMR 26D WQD T60¥_TZWM [BEM [BEV HRD [IFD [Best
XRaabiy| 20! 2ol o1l B4 651165 1.0 -280] 273 41| -08] -13] 13] 3
Bart L 091 -168) 19| -9.0] -16.7( 4.3] 0.0[ -30.8] -5.6] 0.6] -1.3] 00| 4
eriormance | 1.4| -2.2| 26[ -250| 1.3 -11.1] -11.7] 8.1 2.2] 262 34 05 1ol 06l 2
xReliability| -1.3) -0.7] 2.9 -182] 05| -12.5] -1.7] 88 22| 263 01 16 13 ool 4
Polynomial _| -0.1] -0.2| -1.2[“19.2[ 0.8 0.2] 00| 17| 00| 35 02 13 ool ool 5
xReliability] 2.21-02] 0.1[-185[-0.8] 45 41 20 43/ 306 05 54 03 0ol 5
gguzlfob Bgﬁs ?.Isz D1$ GID_|IMX |SMR J2SD_]WQD 80X_[ZMM [BEM |BEV [HRD [IFD |Best
____| 05122 1.0] -98/-31 -3.8] -14.9] -06| -22.2| -20.8] 30] 05 10 071 3
xReliabilityl 2.1/ 2.0 1.0[ -131[1.0] 6.3| -11.3] 17| 00| 228/ 45 106 -10l 0.0 5
Performance | 1.0 -1.6] 1.5[-206] 00| -6.7] -7.7] 5.1 22| 177 30| 05 10/ 07 4
xReliability| -1.0| -0.5] 15| -140] 00| -7.7| 1.0] 3.4 22 477 10| 1o o ool 2
Polynomial| -0.5| -0.1] “1.0[ -15.4] 0.0 05| 00| -1.1] 00| 31 05 <10 00 0ol 5
xReliability] 1.0|-0.3] 0.0] -14.5] 0.0] -2.9] 41| 12| 22/ 354 05 %5 00 00 7
PPProb _ [BIO [DIB [D10 [GID_[IMX [SMR 125D |WaQD 80X 12MM TBEM 1BEV THRD TFD [Gest
Equal | -23[-11] -0.7] -1.5|-26] 24] 29 -17] 3] 16| 18] 27 05 251 0
xReliability| -2.6| -1.0] -0.7] 2.2[-29] 2.7| -38] 15| 36 22 17| 28] 09 26 0
Performance | -2.9| -1.1| -0.7| -3.3]-32| -34 -5.3| -1.5 -41| -3.0| -1.8/ -3.2| -0.8/ -2.8 0
xReliability| -3.0] -1.0] -0.6] 4.3]-35] -36] 50| 13| 44| -36 17 33 08 29 0
Polynomial| -0.5] 0.0] 0.0] -53]-1.6] 42| 09| -04] 1.8 56 00 25 04 02 3
xReliability| -0.3] 0.1] 0.0[ 6.3[-15] 25 20/ -1.4] 68 75 04 14| 05 03 4

Table 6.26. Performance of combined classifier combination (no k-NN)

oP BIO_[DIB_|D10 |GID [IMX |SMR 25D [WQD 180X |ZMM |BEM |BEV JHRD [IED |Best
Equal 77.9] 545 59.9] 32.4] 85.8] 59.0] 20.3| 00.7| 83.0| 57.1| 42.7| 78.8| 68.8] 91.7] 2
xReliability| 78.2] 54.8] 60.4] 38.5| 85.8] 60.9| 26.7| 93.9| 91.3| 64.9] 51.1] 80.3] 69.2| 91.6| 4
Performance | 79.5| 56.1 60.7| 35.2] 85.8| 60.7| 28.1| 95.0| 80.2| 62.3| 54.7| 77.8] 69.2| 91.6| 2
xReliability| 79.1] 55.4] 60.4| 38.1] 87.1] 62.3| 64.5| 97.2] 91.3] 69.5| 57.9] 80.3| 60.2] 92.1| 8
Polynomial | 66.3| 57.0 60.5| 26.4] 89.1| 66.2] 68.4] 91.8] 84.8| 68.1] 64.1 59.2| 70.0| 90.1| 5
xReliability| 78.4] 59.0] 61.5 24.5| 88.6| 53.6| 46.9] 87.6 850 47.3] 51.0| 462 67.6| 94.1| 5
cP BIO [DIB [D10 ]GID [IMX |SMR 25D [WQD J80X |ZMM |BEM |BEV JHRD |IFD |Best
Equal 87.6| 736 77.0] 55.1| 92.2] 76.4| 44.3| 94.0| 88.0| 72.0| 650] 87.5| 825 953 2
xReliability] 87.6] 74.0] 77.5| 60.7 92.2] 77.4| 51.5| 96.6 93.3| 78.1| 70.5| 89.0] 83.0 95.3| 6
Performance | 88.7| 74.7| 77.5| 57.9] 92.2| 76.9] 52.6| 96.1] 93.3| 77.1] 73.0| 87.5| 83.0| 95.3| 4
xReliability| 88.7| 74.3| 77.5| 60.7 92.2] 78.4 79.9] 98.3| 93.3| 80.2| 74.5| 89.0] 83.0| 94.7| 10
Polynomial | 79.4| 75.0| 77.0| 50.5| 94.3| 79.8| 82.5| 95.5| 88.9) 78.1] 79.0] 64.5| 83.0] 92.7| 6
xReliability| 87.6] 76.6/ 78.0] 46.7| 93.8] 61.5| 46.9] 93.3| 88.9] 49.0] 64.0| 48,5 82.0 96.7| 4
PP BIO [DIB |D10 |GID ]IMX JSMR [2SD [WQD |80X JZMM |BEM [BEV |HRD [IFD |Best
Equal 715 63.7] 66.8| 79.6| 822 632 47.5] 77.3| 74.5| 85.5] 554 73.3| 73.8] 828 O
xReliability| 71.9] 64.6] 66.9] 81.2] 82.8] 64.6] 52.2] 79.8] 80.0] 87.5| 58.1] 74.7| 74.0/ 83.1] 0
Performance | 72.9| 64.3| 67.3| 70.0| 82.9] 65.0| 54.7| 80.3] 79.4| 87.2] 60.0| 75.8| 74.1| 83.1] 0
xReliability| 72.9] 65.2] 67.4] 81.5] 83.3] 65.9] 60.9] 81.4] 81.5] 87.9] 62.5) 76.4| 74.3) 834] 0
Bolynomial | 77.7] 74.2| 73.1] 82.1] 95.4] 77.0] 79.1| 90.7| 91.8] 91.4] 72.5| 779 75.8| 94.3| 9
xReliability| 82.2] 72.7] 74.0] 80.3] 95.6] 75.7| 73.5]_87.8] 81.0| 88.8] 72.7] 72.9] 76.9] 945] 8
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Table 6727. Differences of combined classifier combination (Table 6.26-6.15)

g:ual \ ?:)03 E_J;B4 D1506 GID_(IMX [SMR [2SD_]WQD [80X [ZMM [BEM [BEV |HRD [IFD [Best
N ReTabi Sl 98| 52| -04] -7.3] 41| -11|-83] -7.8] 06 15 07| 0.7] 2
xReliablityl 01| 1.3| 55/ 52[-14] 66| 19.4] 0.0/ 22 74 21 00| 02| 01| &
Performance | -1.5| 1.2] 4.1/ -145] 1.1 -8.8| 33.9] 0143|1511 51 25 02 07 3
xReliability} -1.0| 0.2] 4.0 -16.6[-33] -7.6] 25 0622 70 22 01 01 06 &
Polynonylaln -0.6/-08| 0.0 -21.9] 1-1.3| -45|-126] -16| 1.8/-125] 01| 23| 13.1] 0.0 6
xReliability] -2.0/ -0.1] 0.0[-18:7[1.8] 10.7] 24| 42| 01| 280 6.0 325 17 06l &
cE;P | BIO |DIB [D10 |GID_[IMX [SMR [25D [WQD [80X |ZMM [BEM [BEV HRD TiED [Best
quat | 001-10| 35| -47] 05 -43] -46] -06|-4a4 -52] 05 15 ool 07 5
xReliability) 0.0] 0.9] 4.0 -37/-0.5] 43| -16.0] 06|22 42 10 00 05 07 8
Performance |-1.0| 0.8] 25|-11.2[-0.5] 5.8/ 258] -1.1|-22] 94| 25 <15 05 07 2
xReliability| -0.5] 0.1] -3.0]-11.7]2.1] -48] 15 06|-22] 63 25 05 05 60l
Polynonyal__ -1.0/-0.8| 0.0] -17.3] 00| -3.9] 00 06 0.0/ -104, 05| -1.5| 85| 0.0 7
xReliability| -1.6| -0.1] 0.0] -17.3[-05 -13.5| 21| -22|-22|-33.3] 0.0/-375 1.0/ 0.7 4
PP BIO IDIB |D10_|GID [IMX|SMR [2SD |WQD |80X |ZMM |BEM |BEV [HRD |IFD |Best
Equal _ -1.4/-04| 02| -12[-15] 20| -3.0] -06[-2.3] -13] -15] -19] -02|-14] 0
XReliability| -1.5/-0.3| -0.1] -1.8]-1.7] 21| 38| -03]|-2.3] 1.5 1.4 20 02 15 0
Performance | -1.7/-0.3| -0.1| -26[-1.9] 25 -5.11 -0.3|-2.6/ -2.0/ -1.4| -2.1] -0.2[-16 0
xReliability| -1.7| -0.3| -0.1] -3.2[-2.0] -2.7| -4.3| -02|-26] 22 11| 22| 0116 0
Polynomial -0.7] 0.0f 0.1] -42|-10] 27/ .10 -05 48 -31| 02| -1.2| 1.4|-01 5
XReliability] 0.4/ 0.0/ 0.0] -4.4[-1.1] 50/ 1.1| -08|-6.1] -7.5| 00| -149] 02 -03| 6

The analysis of removing the worst and best classifiers improves the classification
performance for some data sets. For the worst classifier removal, improvements are better
than the case of removing the best classifier. A closer look at the tables show that the
behaviour is different depending on the characteristics of the data sets. In fact the removal
of worst classifier improves the performance as expected, but the result for the best
classifier was an unexpected result. A closer look at the k-nearest neighbour classifier
based on the sum of Squared errors of posterior probabilities is given in Table 6.28. The
bold face values indicate the best sum of squared errors among the classifiers on the same
data set on that column. The last column titled “Best” indicates the number of times the
classifier has the best sum of squared error of posterior probability among the classifier
collection. The results show that the k-nearest neighbour classifier is one of the best ones,
but not in all cases. A cross-check with Table 6.23, Table 6.25, Table 6.27 and Table 6.28
shows that theré is no improvement for the data sets, where the k-nearest neighbour
performs best. The GID, IMX, 2SD, 80X and ZMM are examples for this case. For
example consider the GID data set, where k-nearest neighbour performs well, the class
performance is 73.4 per cent in Table 6.2, probability performance is 90.6 per cent in Table

6.3 and overall performance is 56.4 per cent in Table 6.4. All these performance values
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outperform other classifiers for the GID data set by at least 10 per cent. However, we also

note from Table 6.23, Table 6.25 and Table 6.27 there i some decrease in performance of
by least 10 per cent.

Table 6.28. Sqm of squared errors on probabilities of classifier set

ﬁhsﬂlél BIO |DIB |D10 |GID [IMX |SMR 2SD_|wQD |80X [ZMM [BEM [BEV [HRD|IFD [Best

us | 74.3| 89.7| 56.5| 370.5| 174.6] 70.4 71.6( 141.6] 135.3| 520.1] 85.1] 91.4] 65.2] 109.1
SOM 32.0| 70.3| 49.0[ 109.3] 552| 91.3 1258] 31.5| 57.8] 95.8| 109.0| 26.0| 32.0| 21.3
FANN | 32.6| 33.8| 38.0/.116.2 56.1| 34.0 69.2| 27.3| 85.8] 224.0] 62.4| 34.3| 29.0 35.1
ANN 31.3] 41.1] 39.9] 80.8] 69.9] 384 585 29.7| 48.2| 131.4| 54.4] 40.6| 34.2| 48.3
KMClas | 95.0| 95.4| 53.1] 380.7| 165.2| 65.3 71.4| 143.0{ 92.4| 528.5] 83.1] 85.2| 52.4| 109.1
Parzen | 72.9]| 70.2| 96.8| 862 952 935 79.2)| 87.0| 92.7] 82.4| 86.4|59.3]76.7| 84.4
kNN 41.6| 54.7| 55.5| 51.9| 33.7] 43.1] 37.0| 491 33.0| 36.0| 529/ 32.9| 45.7| 33.1
PQD 95.8| 80.5| 53.6| 386.0| 195.0| 74.7| 72.3| 147.3 129.3| 639.0| 75.3| 87.5| 53.9( 140.4
PLD 53.0| 51.9| 42.1| 183.6| 121.0| 56.4] 56.0| 76.0| 69.2 190.3| 51.9| 56.4| 30.6| 51.5
SVC 53.1| 54.7| 77.9| 69.4] 73.7| 46.0] 1286 755 859 68.4| 47.6| 21.2| 345| 68.9

NIOICINOIO|=0=20

To have an automated classifier, we may have a collection of fuzzy neural networks,
artificial neural networks, k-nearest neigbdur and support vector machine based classifiers,
and combine them. The design of this subset of classifiers is based on their sum of squared
error on posterior probabilities in Table 6.28. The four classifiers chosen, have the lowest
sum of squared errors. The results of the combination performed using this subset are
given in tables Table 6.29 and Table 6.31. Table 6.30 and Table 6.32 give the results of the
differences with the complete classifier set, relatively. The results of this set was almost as
good as the original classifier set with all the classifiers. The probability based
combination with overall performance values assigned as weights performs better than the

whole classifier set for probability performance.



Table 6.29. Class based classifier combination (best 4)
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OP Class

BlO

DIB

D10

IMX

SMR

28D

wab

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

62.0

~xReliability

Performance

75.1

XReliability

77.4

Polynomial

774

XReliability

62.5

46.6
75.1| 57.6
57.8

.6
4

51.2
53.0

[$, 7K %]
Ly
PN

.0

[«
-

58.

29.1/ 856

o]
[o2]

4

E

[oo]
(3]

49.2| 89.5
49.2| 89.5

61.5{ 145

7
§3.9| 86.

73.6

80.0

50.5

33.0

76.9

67.6

79.5

254

934

89.1

69.2

48.6

77.4

66.6

79.5

34.9

92.8

86.8

79.0

534

774

68.6

79.5

46.9

93.4

91.3

80.0

58.8

774

68.6

91.6

2441

92.8

93.5

69.7

48.5

824

67.6

84.1

51.6

92.8

91.4

81.0

48.0

82.4

67.6

92.8

ADDINIBINIO

CP Class

BIO

DIB |D10

IMX

28D

waQb

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

68.0

XReliability

86.1

Performance

86.1

XReliability

86.1

Polynomial

86.1

xReliability

73.2

-70.0

65.5
70.0
74.0

90.6

32.0

74.7

80.0

60.4

47.0

84.5

81.0

82.0

911

47.9

96.1

9.1

79.2

68.0

85.0

82.0

82.7

91.1

45.9

95.5

88.9

87.5

71.5

85.0

82.0

82.7

91.1

60.8

96.1

93.3

88.5

72.0

85.0

82.0

95.3

78.5

94.3

37.6

95.5

95.6

76.0

66.0

88.0

82.0

86.7

74.5

94.3

65.5

95.5

95.6

89.6

65.5

88.0

82.0

96.0

NN GHA O

PP Class

BlO

DIB |D10

IMX

28D

Wab

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

82.6

72.7

93.4

47.9

93.1

84.6

89.4

58.8

88.2

81.0

91.7

XReliability

83.2

72.9

94.3

54.8

93.8

91.2

93.7

63.6

88.3

81.1

92.8

10

Performance

83.7

73.0

94.4

61.7

94.2

93.8

94.7

67.2

88.4

81.3

92.8

11

XReliability

84.2

73.2

95.1

67.2

94.8

95.0

95.4

69.7

88.5

81.3

93.8

12

Polynomial

87.5

76.9

97.1

62.7

94.4

96.6

95.3

67.8

91.0

81.4

94.7

12

xReliability

79.7

75.7

97.0

72.0

93.8

97.1

97.0

67.9

90.9

81.3

95.3

12

Table 6.30. Differences of class based classifier combination (Table 6.29-6.13)

OP Class

BIO

DIB

D10

GID

IMX

SMR

28D

wabD

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

-15.0

-6.1

-3.1

-4.1

0.5

-0.1

-6.5

-19.7

-7.0

-10.3

-6.0

-1.0

-1.4

-12.0

xReliability

2.3

2.7

-5.1

-1.2

-0.3

2.0

0.8

-2.7

4.4

0.0

-0.1

-2.9

0.2

-12.0

Performance

-3.8

1.1

-3.4

71

-1.0

0.0

44

-3.9

-6.7

3.5

-1.2

-1.3

-0.2

-11.4

XReliability

-2.2

27

-6.1

23

-1.2

-04

-12.7

-3.8

-2.2

4.5

0.8

-1.9

-0.2

0.1

Polynomial

16.6

-0.1

0.8

14.5

-1.4

1.6

-22.6

-0.6

275

3.8

-10.3

27.5

11.8

-3.9

xReliability

-15.2

-1.3

-3.2

13.5

-0.6

71

7.8

2.1

18.1

10.9

0.4

8.1

-0.3

4.9

DW=

CP Class

BIO

DIB

D10

GID

IMX

SMR

28D

wab

80X

ZMM

BEM

BEV

HRD

IFD

Best

Equal

-17.6

-10.8

-4.0

-7.9

0.0

0.5

-13.4

-20.2

-11.1

-11.5

-9.0

-2.0

0.5

-12.0

xReliability

-1.5

1.8

-6.0

-1.6

-0.5

-1.6

-1.7

-4.5

-3.1

0.0

-4.0

-0.5

-12.0

Performance

-1.5

0.8

-2.5

-1.6

-2.5

-16.5

-2.3

-6.7
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Table 6.31 Probability based classifier combination (best 4)
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Table 6.32 Differences of probability based classifier combination (Table 6.31-6.14)
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A more detailed sensitivity analysis is done on data sets separately. For each data set
the classifiers are sorted based op the sum of squared errors, respectively. Beginning with
the best classifier, all classifiers are incrementally added to the classifier set. Their

performance changes are graphically presented in Figure 6.1 and F igure 6.2.

As can be seen in Figure 6.1, the class performance for the equal weight assigned
classifier set, after the best classifier is in the subset, the performance first drops by adding
the second or third best classifier and then it begins to improve sometimes to its initial
level and sometimes above it. This is due to the fact that the best classifiers in the
classifier set are not independent with each other, that is they are correlated in the
misclassification of the same test samples. A complete search for the best classifier subset
may also be carried out by considering all possible subsets of the original classifier set. A
further research should be done on the class characteristics of the data sets, since the
performance of classifiers are not just data set dependent, their performance also depend on
the different classes of the data set. For some classifiers, certain classes of some data sets
may be classified more reliable than the other classes of the same data set. In fact in this
thesis, this kind of analysis is added to the combination by the proposed reliability factors.
Another research may be the possibility to enlarge the classifier set, even such a set was not

used in literature before, different kinds of neural networks could be added to the set.

Class based combination Probability based combination

(a) (b)

Figure 6.1. Class performance of equal weight assignment
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Comparing the sensitivity of adding classifiers to the set in the figures Figure 6.1 and
Figure 6.2 show that polynomial weight assignment is more robust for addition of new
classifiers. Another point is that probability based classifier combination is more robust to
class based combination algorithms, as can be noticed by the less variability in the
performance, which ranges between 70 per cent and 100 per cent (Figure 6.2(b)), compared
to the large variation of the equal case of 60-100 per cent range (Figure 6.1(b)). Based on

this analysis we can outline a guide for designing a classifier set for combination.

Class based combination Probability based combination
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Figure 6.2. Class performance of polynomial weight assignment with reliability
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7. SUMMARY AND CONCLUSIONS

Pattern recognition is the science that is concerned with the description or
classification/recognition of measurements, There is little doubt that pattern recognition is
an important, useful, and rapidly developing technology with cross-disciplinary interest and
participation. The aim of pattern recognition is the design of classifier mechanisms that

takes some features of sample test patterns as input-and output a classification of the
pattern to indicate to which class it belongs to.

It is very difficult to make sense of the multitude of empirical comparisons for
classifier performances that have been made. There are no agreed objective criteria by
which to judge algorithms. The situation is made more difficult because rapid advances are
being made in all fields of pattern recognition. Any comparative study that does not
include the majority of the algorithms is clearly not aiming to be complete. Also, any
comparative study that looks at limited number of data sets cannot give reliable indicators
of performance. In this thesis, an extensive comparative study is realized among a wealth
of classifiers applied on different data sets. Their performances are evaluated using a
variety of performance measures. This comparative study builds the base of the study on

combining classifiers to improve the classification performance.

No single technology is the optimum solution for all pattern recognition problems,
hence we have to incorporate all available and relevant information in a structured fashion
to formulate a solution. This includes the development or modification of models that
incorporates structural and a priori information. For différent applications we may have
different feature sets, different training sets, different classification methods or different
training sessions, all resulting in a set of classifiers whose outputs may be combined, with
the hope of improving the overall classification accuracy. If this set of classifiers is fixed,
the problem foéuses on the combination function. It is also possible to use a fixed
combiner and optimize the set of input classifiers. In this thesis the set of classifiers are
fixed, ie. they are not optimized especially for the application at hand. Different

combination schemes are developed hoping to reach reasonable classification accuracy,
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which is independent of the characteristic of the application. In this thesis, we aim to build

arobust classifier combination System given a classifier set.

For the purpose of classifier combination, the current trends in classifier combination
are studied and various classifier combination schemes have been devised. To test their
performances a wide range of classifiers are collected in a classifier set and classifier
combination schemes are applied on this set. The K-means clustering and self organizing
map clustermg algorithms are modified to use them as classifiers, by solving an
optimization problem t¢ assign clusters to class. For some classifiers such as fuzzy neural
network classifier, artificial neural network classifier and support vector machine, their
belief values are converted to posterior probabilities using a normalized mapping. For K-
means classifier, Parzen, K-nearest neighbour, piecewise quadratic and piecewise linear
distance classifiers their implicit distance measures are explicitly calculated and converted
to posterior probabilities for each class. One of the main contributions of this thesis is that
all the classifiers and clustering based classifier algorithms in the classifier set are modified

to produce posterior probabilities for their class assignments for all classes.

In this thesis the modified classifiers are integrated in a framework including a
complete software package for pattern recognition. The developed software enables to test
the proposed combination schemes providing a useful pattern recognition toolbox.
Different classifier combination schemes are proposed and realized in this framework. All
classifiers and combination schemes are evaluated using a variety of performance

measures.

When combining different classifiers, the weighted combination methods are applied
as the combination schemes. The two basic questions concerning the weighting methods:
what to weight and how to weight, direct us to new ideas of alternatives for combination
methods and for weight assignments. Class based and probability based and combined
combination methods are applied on the data set and experimentally demonstrated that the
proposed probability based weighted combination method is a robust way of combining
classifiers. The weights of classifiers are basically based on their performances in the
training phase; assuming they will achieve almost the same performance for the test

samples. Overall performance values, originated by the class performance and reliability
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values proportional to the class population for a specific class after the leave-one-out
training phase, is proposed for weight assignment. A better way of assigning weights is
proposed by using the least square fit parameters of true and estimated posterior
probabilities in the leave-one-out training, and it is called polynomial weight assignment.

The classical equal weight assignment is also implemented and tested in the framework to

compare the effectiveness of proposed methods.

To have a complete comparative study, all the proposed combination schemes and
weight assignments are applied on the data sets and their performances are evaluated using
| the proposed performance measures. Some of the performance measures proposed in this
thesis include the reliabilities of the classifiers for their decisions based on their training
performances. The reliability values integrate their trust for their decisions, which is used
with the assigned weights, to improve the performance of correct classification and reduce
the overall misclassification error. So the integration of the reliability measure in the
combination improves the classification performance, even the simplest combination
scheme of equal weight assignment for classifiers is improved. The main contribution of
this thesis is that a typical one to three per cent consistent improvement compared to a
single best classifier is seen when combining classifiers using the polynomial weight

assignment applied with probability based combination.

Sensitivity analysis of selecting a classifier subset to achieve best performance
possible with the current classifier set is performed. The basic idea behind selection of a
classifier for the classifier set is that, the individual classifier which will be added in the set
should not be strongly correlated in the misclassification of the current classifiers in the
classifier set. This criterion is not easily satisfied, since even different classes of the same
data set may have different characteristics. That is, the classifier’s performance may vary
for the. different classes of the same data set. The results of different sensitivity analysis
show that the probability based combination with polynomial weights is a robust Way to
combine classifiers. Probability based combination with polynomial weights achieves the

. best possible performancé with the current set of classifiers at hand.

Different classifiers, training methods and combination algorithms are covered

throughout this study. The classifiers are not specifically tuned for the data set at hand
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even though they may reach a better performance with a different parameter set, since the
goal is to design an automated classifier combination based on any classifier in the
classifier set. The classifiers are modified to produce class probability estimates besides
their class assignments and they are integrated in a framework. The time consuming leave-
one-out training method is used and the results are combined using weighted combination
algorithm. The weights of the classifiers are determined based on the performance of the

classifiers on the training data set. Results of probability based combination with

polynomial weights are »lpromising and the integration of the reliability of the classifier for a

class assignment improves the classification performance.

A further research topic would be to study the dependency structure of the classifiers.
If the classifier dependence could be evaluated and if it is independent of the characteristics
of the classifier set, this information could be used to try to improve the performances
further. Another further research topic is the evaluation of local performances for

 classifiers, which may be used for development of a hierarchical architecture for classifier

combination.

Assuming that at the design time of the classifier set, the time is not a critical issue,
hence all available classifiers should be tfained. If possible, they may be tuned for better
performance. At training phase the time costly leave-one-out algorithm should be used.
The reliabilities after this training should be recorded for testing phase. Than a sensitivity
analysis should be carried out: either beginning with best classifier based on the sum of
squared probability errors, all classifiers are added to the classifier set and the new
performance is traced after each step till all classifiers are added, or all possible subsets of
classifiers for classifier set should be considered. Either the best set or if the performance
difference is not so high, all classifiers should be selected for classifier set. Finally using
results of leave-one-out, the polynomial' weights and the class reliabilities of classifiers
should be calculated and used for the testing phase. The probability based combination

algorithm is more robust as the combination algorithm.

The main contribution of this thesis is that a typical one to three per cent consistent
improvement compared to a single best classifier is seen when combining classifiers using

the polynomial weight assignment applied with probébility based combination.
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