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Chapter 1

Introduction

This Diploma Thesis deals with the problem of feature selection for Support

Vector Machines by means of Genetic Algorithms. The problemof feature

selection is an important issue in Machine Learning and of great practical

importance, e.g. in bioinformatics. Similar to a human being a machine can

increase its estimated learning performance by �ltering out irrelevant fea-

tures of the data to learn. For example if one wants to learn todiscriminate

tables from chairs in general the color is completely irrelevant and thus the

feature \Color" should not be taken into consideration for the classi�cation

of an unknown object. Another problem evolves in bioinformatics: Suppose

we want to detect cancer cells by means of their genetic properties. Notice

that the human DNA has millions of genes. So the arising question is: Which

of these genes are really relevant for the classi�cation of acell as \cancer"

or \not cancer"? Do we need 10, 50, 100 or 10,000 genes to solvethis task?

The question which is behind that is, what the term \relevance" actually

means and how relevant features can be detected. These are the two funda-

mental problems of feature selection. It will turn out that the detection of

relevant features is a di�cult combinatorial task. Feature selection should

not be confused with featureextraction as it is done e.g. in Principal Com-

ponent Analysis (e.g. [Duda73]) or Independent Component Analysis (e.g.

[KwaChoCho01]).

The problem of feature selection is deeply connected with Machine Learn-
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ing in general. An important question in feature selection is, how one can

estimate the learning performance of a machine, i.e. how well the machine

can generalize. An often used metaphor (see e.g.[RusNor95, p. 528]) to ex-

plain what is meant by that is the following: A learner alwaysacts within an

environment from which he can observe certain things. Of course the learner

is aware of what he is observing right now and what he observedin the past,

but not what he will observe in future. Every action the learner is taking

causes a certain result, which itself might be perceptible or not. The goal of

learning is to construct a model or ahypothesisof the environment based on

received perceptions, such that he can predict the result offuture actions.

Thus the hypothesis is ageneralization of perceptions made in past to any

point in time.

A Support Vector Machine (SVM [BosGuyVap92]) is a learning algorithm

which has become quite popular during the last years. The concept of SVMs

evolved from insights of Statistical Learning Theory whichwas mainly devel-

oped by V. Vapnik and A. Chervonenkis [VapChe64, VapChe74, VapChe79,

VapLer63, Vapnik79, Vapnik95, Vapnik98]. An important property of SVMs

is that there exist theoretical upper bounds on the generalization error for

them. These bounds can be used to estimate the generalization performance

of a SVM. Compared to general estimation methods like cross-validation or

bootstrapping they are less accurate, but computationallyattractive. Addi-

tionally, when used within a Genetic Algorithm, they reducethe potential

danger ofover�tting , i.e. the machine does not generalize well, because the

learned hypothesis is somehow to special.

Genetic Algorithms have been developed in the 70s by John Holland and

his students [Holland75, DeJong75]. They have been established as a general

purpose tool for di�cult optimization problems and are thus applicable to

the feature selection problem. This has been done before, e.g. in combi-

nation with decision trees and cross-validation [FerKadKit93, BriBroMar92,

RicLan96, RayPunGooKuhJai00]. As in this thesis SVMs are used for classi-

�cation, Genetic Algorithms will be used in combination with the theoretical

bounds on the generalization error. This new approach can becompared to

the traditional one with cross-validation as well as to other existing algo-
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rithms for feature selection on arti�cial and real life datasets. The real life

data sets are DNA micro array data. As it was already pointed out above, es-

pecially for these very high dimensional data the problem offeature selection

is of great practical interest.

This thesis is organized as follows: In the next chapter the theoretical

background of this thesis is clari�ed. First the central terms \generalization"

and \over�tting" are de�ned which are necessary to understand the rest

of this thesis. For this purpose we have to take a short view onpattern

recognition in the light of Statistical Learning Theory. Afterwards a short

introduction into Support Vector Machines is given and di�erent methods to

estimate the generalization capability of a SVM are described. Having this

knowledge we can put our focus on the question of feature selection. Finally

Genetic Algorithms are introduced.

In chapter 3 three existing algorithms for feature selection are described,

before in chapter 4 we move on to Genetic Algorithms for feature selection.

The di�erent Genetic Algorithms are compared to each other and to existing

algorithms in chapter 5. Chapter 6 contains a discussion anda summary of

the experimental results, before in chapter 7 there is a general conclusion of

this work.
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Chapter 2

Theoretical Background

2.1 General Prerequisites | Pattern Recog-

nition in Statistical Learning Theory

In Machine Learning generally one distinguishes betweensupervisedand un-

supervised learning. Supervised learning is distinguished intocorrective learn-

ing and reinforcement learning (e.g. [RusNor95, Rojas96]). Incorrective

learning the learner has full access to both, received observations and the

obtained results of every action. This is often compared to afriendly teacher

who is providing you with exercises and the right answers. Inreinforcement

learning the learner is only provided with an evaluation of every action he

is taking and not with the correct results. This is comparable to a teacher

who doesn't tell the correct answers, but is only giving grades on how well

you are doing. In unsupervised learning the learner doesn'thave access to

the results of his actions at all. That means he only can learnrelationships

between observations.

In Statistical Learning Theory (see e.g. [SchSmo02, pp. 6 - 11, pp. 125

- 146]) one is primarily interested in corrective learning.Hence the learner

receives a set of training examplesE = f (x i ; yi )j x i 2 X ; yi 2 Y ; i = 1; :::; ng,

where X is some nonempty set ofpatterns (cases, inputs, instancesor ob-

servations) and Y is a nonempty set oftargets (outputs). Here Y will be

considered as a �nite set ofclass labels. That means we are trying to learn
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a classi�cation of the training patterns x1; :::; xn . This situation is also com-

monly referred to aspattern recognition.

The standard assumption in Statistical Learning Theory is,that the data

E is generated independently from some unknown (but �xed) probability

distribution P(x; y). The goal is to construct adecision function (or hy-

pothesis) f based on the training dataE that will correctly classify as many

unseen examples (x; y) as possible, which are drawn from the same distri-

bution P(x; y), such that f (x) = y1. This is called generalization. We are

trying to infer f from our training samples such that the hypothesis learned

from these samples can be generalized to any unseen sample drawn from the

same distribution. For this purpose one needs to make use of an induction

principle. The problem is that f could be chosen from any class of func-

tions, and we have only our dataE which is given. We could easily choose

f such that it �ts perfectly all training points (e.g. in a 1D classi�cation

problem by means of a polynomial function of degreen � 1 | provided

that x i 6= x j for yi 6= yj for all i; j 2 f 1; :::; ng). That means f (x i ) = yi for

i = 1; :::; n. But that doesn't guarantee that for some unseen example (x; y)

f (x) = y (�gure 2.1).

Figure 2.1: A 1D classi�cation problem with a set of three training point s (marked
by circles) and test points (marked as lines on thex-axis): disriminate class -1 from
class +1. Classi�cation is performed by thresholding a realvalued function g such
that f (x) = sgn( g(x)). Both functions (dotted line, solid line) perfectly explain
the training data, but they give opposite predictions on the test inputs. Lacking
further information, there is no way to decide, which function to take (source:
[SchSmo02]).

1i.e. f (x) = arg max y P(x; y)
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To put it more formally, let us consider we have some nonnegative loss

function ` : X � Y � Y ! [0; 1 [ with the property `(x; y; y) = 0 for all x 2

X ; y 2 Y which gives us some measure for the error we make by predict-

ing some sample (x; y) (drawn from P(x; y)) by means of our classi�er f

[SchSmo02, pp. 62 and following]. The simplest choice for a loss function

would be

`(x; y; f (x)) =

(
0 if y = f (x)

1 otherwise
(2.1)

A crucial insight of Statistical Learning Theory is that minimizing the average

training error (or empirical risk, see e.g. [Vapnik98])

Remp[f ] =
1
n

nX

i =1

` (x i ; yi ; f (x i )) (2.2)

does not imply a small expectedgeneralization error (or risk ) over all possible

patterns drawn from the underlying distribution P(x; y)

R[f ] =
Z

X �Y
` (x; y; f (x)) dP(x; y) (2.3)

Note that expression (2.3) is actually not computable, since we don't know

P. The term over�tting refers to the situation whereRemp is very low or

maybe 0, butR is very high. That means that the learned hypothesis covers

very well all special cases provided by our training examples E, but is some-

how not general enough to cover other data. On the other hand we have to

avoid a hypothesis which is so vague that it can explain neither our training

examples nor unseen test data su�ciently, i.e. we get a high empirical risk

(under�tting ). To avoid this Vapnik [Vapnik95, Vapnik98] suggested to re-

strict the set of functions (or concepts) C from which f is chosen to one that

has a suitablecapacity for the amount of data available. One of the best

known capacity concepts is the so calledVC (Vapnik-Chervonenkis) dimen-

sion (e.g. [Vapnik98, SchSmo02, Vapnik95]). The VC dimension is de�ned

as the largest numberl, such that there exists a set ofl training points which
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a given class of concepts canshatter, and 1 if no such l exists. Here a set

of l points is said to be shattered by a class of functionsC, if one can real-

ize all possible separations of the points, which are induced by any possible

combinations of labeling the patterns, by means of a function from C. For

example if there are two classes +1 and -1, there are 23 = 8 possible ways

to label 3 training patterns. Suppose all training patternsare in R2 and are

non-collinear, each possibility can be realized using a separating hyperplane.

That means the class of hyperplanes is able to shatter 3 points. This would

not work for 4 points, no matter how we placed them. Thereforethe VC di-

mension of the class of hyperplanes inR2 is 3. A class of concepts islearnable

only, if its VC dimension is �nite.

Let h < n be the VC dimension of the class of functions that the learning

machine can implement, then for all functions of that class,independent of

the underlying distribution P(x; y), with a probability of at least 1 � � over

the drawing of the training sample the following bound holds[Vapnik98,

Vapnik95]:

R[f ] � Remp[f ] + � (h; n; � ) (2.4)

where � is a con�dence (or capacity) term which is de�ned as

� (h; n; � ) =

s
1
n

�
h

�
ln

2n
h

+ 1
�

+ ln
4
�

�
(2.5)

Now for each �nite set of examplesE we can always come up with a func-

tion f such that we have zero training error (provided we have no examples

contradicting each other), i.e. Remp[f ] = 0. This will even be the case

if all training patterns x and all labelsy are statistically independent, i.e.

P(x; y) = P(x)P(y), and the labels are equally likely. In this situation there

is no way of making a good guess about a label of a test pattern.However,

to achieve zero training error we will necessarily require alarge VC dimen-

sion h. As the con�dence term (2.5) increases monotonically with the VC

dimension this will lead to a high riskR, i.e. over�tting. That means the

class of functionsC, from which f is taken, has to be restricted such that its
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capacity (e.g. VC dimension) is on one hand as small as possible (in relation

to the available amount of data) to provide a good generalization perfor-

mance (i.e. avoid over�tting) and on the other hand large enough to model

the dependencies hidden inP(x; y) (i.e. to avoid under�tting). Hence Vap-

nik and Chervonenkis [Vapnik79, VapChe74] proposed minimizing the right

hand side of (2.4), rather than just minimizing the empirical risk. This leads

to the Structural Risk Minimization principle. The main idea is to build a

nested sequence of function classes (orstructures) S1 � S2 � ::: � Sh � :::

of increasing size (and thus, of increasing capacity) and minimize the right

hand side of (2.4) over the choice of the structure. This way afunction f � is

picked which has a small training error and is an element of a structure that

has a low capacityh� (�gure 2.2).

Figure 2.2: Structual Risk Minimization principle (source: [SchSmo02])

Note that (2.5) also depends on the amountn of data we have. The higher

the VC dimensionh of the class of conceptsC we are taking into account the

higher is the number of training examples we need to avoid over�tting. On

the other hand, if we have an unlimited supply of training examples, we can

avoid over�tting by just taking some class of functionsC with a �nite VC

dimension.

It should be mentioned that the approach of Statistical Learning Theory
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presented here is not the only one to the problem of pattern recognition. An-

other statistical approach would be e.g. Bayesian learning. In the Bayesian

view learning is nothing more than a subproblem of the more fundamen-

tal problem of making predictions [RusNor95, p. 588]. The idea is to use

hypotheses as intermediaries between data and prediction.First the proba-

bility of each hypothesis, given the data, is estimated. Then predictions are

made from the hypotheses using their posterior probabilities. That means

predictions are weighted by the probability of the underlying hypothesis.

A completely other approach came out of the �eld of Arti�cial Intelli-

gence. Here the goal is to �ndrules behind the data which can be represented

in a symbolic fashion, e.g. predicate logic. That means the learned hypothe-

sis can be seen as knowledge which can be communicated to human beings in

a symbolic way. An example of this approach would be learningby means of

decision trees [RusNor95, p. 531]. In contrast to this approach SVMs as well

as Arti�cial Neural Networks | which are motivated by biolog y | represent

our hypothesis in a \subsymbolic" way.

Additionally one could try not to infer a hypothesis from thewhole train-

ing data at once by means of an induction principle, but to start with some

simple hypothesis and re�ne it gradually whenever a new example arrives.

This approach is calledincremental learning [RusNor95, p. 529]. An exam-

ple of such an approach is the version-space learning algorithm as described

e.g. in [RusNor95, p. 549].

2.2 What are Support Vector Machines?

2.2.1 The Idea behind it | Optimal Margin Hyper-

planes

In the last section the importance of capacity control for any learning algo-

rithm was described. Therefore one needs to come up with a class of func-

tions whose capacity can be computed. Vapnik et al. [VapLer63, VapChe74,

VapChe79] considered the class of hyperplanes in some vector spaceH with

a de�ned dot product h�; �i :

11



f x 2 Hj hw; xi + b= 0g; w 2 H ; b2 R (2.6)

As any hyperplane divides the space into two half spaces (andthus induces

a classi�cation into a class -1 and a class +1) this corresponds to decision

functions

f (x) = sgn(hw; xi + b) (2.7)

The margin of a hyperplane is the distance between the hyperplane and

the point closest to it. The important point is that one can prove that the

capacity (e.g. the VC dimension) of the class of separating hyperplanes with

a given margin decreases with increasing margin (e.g. [SchSmo02, p. 142]).

Looking back at the last section that means the bigger the margin the lower

becomes the right hand side of (2.4). This is exactly what we want. By

making the margin as large as possible we are minimizing the structural risk.

Hence, Vapnik et al. proposed to �nd the so calledoptimal hyperplane which

induces the maximum margin by separating the two classes. This optimal

hyperplane is unique. It can be constructed in the followingway:

Let (x1; y1); :::; (xn ; yn ) 2 H � f� 1; +1g be a set of training examples.

Then any hyperplane of the form (2.6) can be scaled such that

min
i =1 ;:::;n

jhw; xi + bj = 1

which means that the point closest to the hyperplane has a distance of 1=kwk

(�gure 2.3).

By considering this normalization, the optimal hyperplanecan be con-

structed by solving the optimization problem (see e.g. [SchSmo02, pp. 196

and following])

minw 2H ;b2 R � (w) = 1
2 kwk2

subject to yi (hx i ; w i + b) � 1 for all i = 1; :::; n
(2.8)

This is called the so calledprimal optimization problem. Constrained

optimization problems like this are the subject of optimization theory and

can be solved by means of theKarush-Kuhn-Tucker (KKT) theorem (see e.g.

12



Figure 2.3: A binary classi�cation problem: separate balls from diamonds. The
optimal hyperplane is shown as a solid line. As the problem is linearly separa-
ble, there exists a weight vectorw and a threshold b such that yi (hw; x i i + b) >
0 (i = 1 ; :::; n). Rescalingw and b such that the point(s) closest to the hyperplane
satisfy jhw; x i i + bj = 1, we obtain a canonical form of the hyperplane satisfying
yi (hw; x i i + b) � 1. That means the margin in this case equals 1=kwk. This can
be seen by considering two pointsx1; x2 on opposite sides of the hyperplane, which
exactly satisfy jhw; x i i + bj = 1, and projecting them onto the hyperplane normal
vector w=kwk. (source: [SchSmo02])

[SchSmo02, pp. 165 and following]). Instead of solving (2.8) one deals with

the dual problem

max� W(� ) =
P n

i =1 � i � 1
2

P n
i;j =1 � i � j yi yj hx i ; x j i

subject to � i � 0 for all i = 1; :::; n; and
P n

i =1 � i yi = 0
(2.9)

where � = ( � 1; :::; � n ) is an n-tuple of Lagrangian multipliers. The KKT

theorem guarantees that the solution of (2.9) is exactly thesame as of (2.8)

and has the form

w =
nX

i =1

� i yi x i (2.10)

which is leading to a decision function of the form

f (x) = sgn

 
nX

i =1

� i yi hx; x i i + b

!

(2.11)

13



Obviously w only depends on those training vectorsx i , for which the cor-

responding � i is non-zero. These patterns are calledsupport vectors. All

remaining examples are irrelevant for the decision function. According to

the KKT theorem only the Lagrangian multipliers � i which are non-zero at

the saddle point of (2.9) correspond to an exact equality in the constraints.

That means that all support vectors are lying exactly on the margin, since

only they can ful�ll yi (hx i ; w i + b) = 1. This nicely captures our intuition

of the problem: As the hyperplane is completely determined by the training

points closest to it, the solution does not depend on other examples.

2.2.2 Support Vector Machines (SVMs)

Until now we have only focused on the case where the training data is

perfectly linearly separable by a hyperplane. However, onecan show that

there are problems which are not linearly separable (e.g. the XOR problem

[Rojas96, p. 62]). If we still want to use optimal margin hyperplanes, which

are attractive due to the available capacity bounds, we needa method to in-

crease the capacity of our set of decision functions anotherway. The idea is to

construct a mapping� : X ! H from the set of inputsX to our dot product

spaceH (also calledfeature space), such that the data lying in H is linearly

separable. To reach this goal, one uses a function k :X � X ! R such that

k(x; x0) = h� (x); � (x0)i . This function is called kernel function. The goal of

the \kernel trick" is to avoid the explicit computation of th e mapping� . In-

stead we de�ne a dot product in feature space by means of the kernel function.

The kernel can be interpreted as a similarity measure between the vectors

� (x) and � (x0) in spaceH. This becomes more clear, if we consider the canon-

ical dot product between two vectorsx = ( x1; :::; xd)T ; y = ( y1; :::; yd)T 2 Rd

hx; y i =
P d

i =1 x i yi . Then hx; y i is proportional to the cosine of the angle

betweenx and y and thus an indicator for the similarity between both vec-

tors. The idea of kernels is to generalize this concept by �rst mapping our

training data into a higher dimensional feature space and then de�ning some

dot product (and thus similarity measure) in that space.

The question is how this can be done in practice. We somehow need

14



Figure 2.4: The idea of kernels: map the training data into a higher dimensional
feature space, such that the mapped data is linearily separable with a maximum
margin hyperplane in this space. This induces a nonlinear decision boundary in
the original input space. By the use of a kernel function, it is possible to compute
the separating hyperplane without explicitly computing th e mapping � (source:
[SchSmo02, p. 15])

to check whether some function we chose de�nes in fact a kernel and hence

implicitly a feature space or not. Because of the propertiesof the dot product

any function k which is a kernel has to be symmetric. Thus theGram-matrix

or kernel matrix K = ( k(x i ; x j )) ij has to be symmetric as well. Furthermore

it can be shown [CrisSha00, p. 35] that k is a kernel function (i.e. it ful�lls

k(x; x0) = h� (x); � (x0)i ) if and only if K is positive de�nite (i.e. has non-

negative eigenvalues).

Popular kernel functions are e.g. the polynomial kernels ofdegreeg > 0

k(x; x0) = ( hx; x0i + c)g; c 2 R, or the radial basis functions (RBF) of width

� > 0 k(x; x0) = exp
�

� kx� x0k2

2� 2

�
. These kernel functions requireX to be

a dot product vector space, but there exist also kernels for non-vectorial

spaces, e.g. for strings (see e.g. [LesEskNob02]). It is also possible to build

new kernels from existing ones. If for examplek1 and k2 are kernels overRn ,

then alsok = k1 + k2 is a kernel. This can be seen easily by considering the

corresponding Gram matricesK 1; K 2 and some vectorv 2 Rn . Then the

matrix K 1 + K 2 has to be positive semi-de�nite, becausevT (K 1 + K 2)v =

vT K 1v + vT K 2v � 0. There is also some on going work in estimating the

kernel directly from the training data (e.g. [CriShaEliKan02]). This is done

by optimizing the alignment
hK ;yy T i

Fp
hK ;K i F hyy T ;yy T i F

of the unknown kernel matrix
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K with the matrix yy T , wherey � Y n is the vector of the class labels of the

training data.2

Let's go back to our Optimal Margin Hyperplanes from the lastsection

now. The idea is to replace the dot product in (2.9) by a kernelfunction

which allows us to induce a nonlinear decision boundary in the original input

space. This is leading to the following formulation of the dual optimization

problem (see e.g. [SchSmo02, pp. 202 and following])

max� W(� ) =
P n

i =1 � i � 1
2

P n
i;j =1 � i � j yi yj k(x i ; x j )

subject to � i � 0 for all i = 1; :::; n; and
P n

i =1 � i yi = 0
(2.12)

which induces a decision function

f (x) = sgn

 
nX

i =1

� i yi k(x; x i ) + b

!

(2.13)

This is the so called hard margin Support Vector Machine (see�gure 2.5).

Note that our optimization problem is now formulated in the original input

spaceX , which is not necessarily a vector space.

One open point is what happens, if the two classes are not perfectly

separable, because of outliers or noise in the data. In this case a separating

hyperplane in feature space doesn't exist. Cortes and Vapnik ([CorVap95])

solve this problem by introducing so called slack variables� i � 0; i = 1; :::; n

and relaxing the separation constraints in (2.8) by just requiring

yi (hx i ; w i + b) � 1 � � i ; i = 1; :::; n (2.14)

This is commonly referred to as asoft margin hyperplane. Obviously these

constraints could always be met by just making all� i large enough. To

compensate this, the objective function (2.8) is modi�ed as

min
w 2H ;b2 R

� (w; � ) =
1
2

kwk2 + C
nX

i =1

� i (2.15)

2hK 1; K 2i F is the Frobenius dot product which is de�ned as hK 1; K 2i F =P
i;j (K 1) ij

�
K T

2

�
ij .
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Figure 2.5: Example of a hard margin SVM using a RBF kernel. Circles an disks
are two classes of training examples. The lines show the decision boundary within
the margin. The SVs (marked with extra circles) are lying exactly on the margin.
(source: [SchSmo02, p. 16])

where the constantC > 0 determines the trade-o� between margin maxi-

mization and error minimization. Incorporating a kernel and the dual prob-

lem formulation, one has to maximize (2.12) subject to the constraints

0 � � i � C for all i = 1; :::; n; and
nX

i =1

� i yi = 0 (2.16)

The only di�erence from the separable case is the upper boundC on the

Lagrangian multipliers � i . This way the in
uence of the individual patterns

(which could be outliers) is limited. The solution takes thesame form as

(2.13). This is the so called C-SVM, which is the most commonly used SVM.

Note that for C ! 1 the solution converges against the solution of the hard

margin SVM.

Another formulation is the so called� -SVM (e.g. [SchSmo02, pp. 206 and

following]). Instead of using the parameterC, one uses a parameter� 2 [0; 1]

which can be shown [SchSmo02] to provide a lower bound on the fraction of
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examples that will be support vectors and upper bounds for the fraction

of points with � i > 0 (margin errors). Patterns which are margin errors

are either misclassi�ed or lie within the margin. The primaloptimization

problem for the � -SVM is formulated as

maxw 2 R;� 2 Rn ;�;b 2 R � (w; �; � ) = 1
2 kwk2 � �� + 1

n

P n
i =1 � i

subject to yi (hx i ; w i + b) � � � � i ; and � i � 0 for all i = 1; :::; n, � � 0
(2.17)

where� is a parameter that controls the size of the margin. The dual problem

in this case can be derived as

max� W(� ) = � 1
2

P n
i;j =1 � i � j yi yj k(x i ; x j )

subject to 0� � i � 1
n ,

P n
i =1 � i yi = 0,

P n
i =1 � i � �

(2.18)

The resulting decision function has the same form as in the C-SVM case. It

can be shown [SchSmo02] that, if the� -SVM leads to � > 0, the decision

function is in fact identical to the one which can be obtainedby a C-SVM

with C = 1=� .

The last open question is, what happens, if we have more than just two

classes to separate, lets sayM . Common strategies in this case are the

following [SchSmo02, pp. 211 - 213]

� Construct a set of binary classi�ersf (1) ; :::; f (M ) , each trained to sep-

arate one class from the rest (one-against-rest approach). The i th

classi�er computes a decision boundary between classc and the other

M � 1 classes. An unseen test patternx is assigned to the class for

which the distance of the image� (x) from the margin in the positive

direction (i.e. in the direction of classc) is maximal.

� Construct a set of binary classi�ersf (1) ; :::; f (( M � 1)M=2), each trained

to separate one pair of classes (one-versus-oneapproach). A classi�er

f (i ) separating classc from class ~c returns +1 if the image � (x) of an

unseen test patternx has a positive distance from the hyperplane and

-1 otherwise. A return of +1 can be interpreted as a vote for class

c while a return of -1 can be interpreted as a vote for class ~c. The
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pattern x is assigned to the class which gets the maximum number of

votes of all classi�ers. At the �rst glance this seems to be less e�ective

than the one-against-rest approach, since there are (M � 1)M=2 binary

classi�ers to train. On the other hand, the advantage of thismethod

is that the problems to be learned are usually easier (because only the

patterns belonging to two classes have to be taken into account), and

they are not as unbalanced as in the other approach. Especially with a

high number of classes one usually would get a high number of negative

versus a small number of positive examples, which can cause problems

for the SVM to obtain a good generalization performance.

� Formulate a multi-class version of the SVM (e.g. [WesWat99]). This is

more elegant, but it takes longer to train a multi-class SVM,since it

has to deal with all support vectors at the same time. Binary classi�ers,

on the other hand, usually have much smaller support vector sets to

take into account.

Especially when RBF kernels are used, one can compare SVMs with classical

RBF networks (see e.g. [UltschVLNN99]). In both approachesthe decision

function is computed as a linear combination of kernel functions (in this case

RBF kernels). What is di�erent, is the choice of the RBF centers. In SVMs

this is done automatically, and one doesn't have to take careabout it. In

RBF networks, the RBF centers are chosen usually as the centers of the

clusters which are e.g. detected by thek-means clustering algorithm (e.g.

[JaiMurFly99]). Thus in RBF networks the decision functiondepends on the

identi�ed cluster centers, while in SVMs the decision function depends on the

identi�ed support vectors. This can be interpreted as classi�cation based on

prototypes (RBF networks) versus classi�cation based on extreme examples

(SVMs). However, experimental results (e.g. [SchSunBurGirNiyPogVap97])

seem to show, that SVMs are superior to RBF networks.

At last it should be mentioned that SVMs are not only used for pattern

recognition, but also for complete function estimation, that means what is

commonly referred to asregressionin classical statistics. I will not go into

any detail here, since in this thesis I will only focus on classi�cation, but
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a description on how to generalize the SVM algorithm for thiscase can be

found e.g. in [SmoSch98].

2.2.3 Estimating the Generalization Capability

In 2.1 it was explained that the principle of structural risk minimization

leads to a hypothesis that allows us to generalize well, and in 2.2.1 it was

pointed out that the idea behind SVM is to minimize a bound on the risk.

The question is, how one can actually \measure\ the generalization perfor-

mance of an already trained classi�er. As it was already saidin 2.1, an exact

measure is not possible, since this would require the computation of (2.3) on

page 8. Thus we can only use statistical tools to estimate thegeneralization

capability. Again the problem is that we have a �nite number n of train-

ing examples from which we want to predict the error made on any unseen

set of data. Measuring the error obtained on the training data would sys-

tematically underestimate the true error, because the classi�er has adapted

the learned hypothesis to exactly this data set and is biasedin favor of its

elements (see 2.1). If we have a very large number of data, we can simply

separate the data into one set which is used for training and one independent

set, which should be as large as possible, and is used for testing. The clas-

si�er is constructed on the training data only and then askedto predict the

output values for the data in the testing set.3 The right answers are accu-

mulated and averaged by the number of points in the test set. This is the so

called accuracy [UltschVL00]. Similarly one can accumulate the proportion

of errors on all testing data. This is theclassi�cation error . Additionally

3The following terms are commonly used to describe the properties of the classi�cation
of an example (x; y) with regard to a class c:

� (x; y) is true positive (T+): pattern x was correctly put into the considered classc.

� (x; y) is true negative (T-): pattern x doesn't belong to classc and the classi�er
correctly didn't put it there.

� (x; y) is false positive (F+): pattern x doesn't belong c, but the classi�er put it
there.

� (x; y) is false negative (F-): pattern x in fact belongs to c, but the classi�er didn't
put it there.
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we can compute for each class the number of right answers withregard to a

certain class in relationship to all data belonging in that class (sensitivity)4

or, complementary, the number of data which was correctly not put in a

certain class in relationship to all data which doesn't belong to that class

(speci�city )5. Sensitivity and speci�city are a measure for how well a certain

class is separated from the rest. At last for each class one can calculate the

proportion of right answers with regard to a certain class onall data which

was in fact put in that class (positive predictive value)6.

The main problem with holding out an extra test set is that in order to get

reliable results one needs a very high number (e.g. 10,000 points) of data in

the test set, because otherwise the evaluation may depend heavily on which

data points end up in the training set end which end up in the test set. Thus

one improvement in the case where not so many data are available is to usek-

fold cross-validationinstead (e.g. [Rojas96]). The data setE is divided into k

subsets, and the hold-out method is repeatedk times. Each time, one of the

k subsets is used for testing and thek � 1 other subsets are put together and

used for training. Then the accuracy/classi�cation error is averaged across

all k trials. The obvious advantage of this method is that it worksalso, if

E is small, because it matters less how the data gets divided. Especially

for very small data sets one can take the logical extreme and choosek = n.

That means every data point is viewed as one subset. In every trial n � 1

data points are used for training and 1 for testing. This is called leave-one-

out cross-validation. This is the least biased estimate of the generalization

capability one can get with cross-validation. On the other hand it is clear

that this is very computationally expensive, because it requires n training

runs of the classi�er.

Another approach is bootstrapping. The idea behind bootstrapping is

the following (e.g. [Rojas96]): Ourn training points are drawn from an

unknown probability distribution P. The bootstrap assumption is that we

can approximate this distribution by randomly drawing subsamples from

4i.e. sensitivity = # f T + g
# f T + g+# f F �g

5i.e. speci�city = # f T �g
# f T �g +# f F �g

6i.e. positive predictive value = # f T + g
# f T + g+# f F + g
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the set E with replacement. In k trials n data points are selected fromE

with replacement. That means each training point can be selected more

than once! Each time the classi�er is trained on thesebootstrap samplesand

tested on the training points that were not in the bootstrap sample. Then the

accuracy/classi�cation error is averaged across allk trials. The higher k the

better is the approximation of the unknown distributionP, which means the

better is the estimation of the generalization performance. The advantage

of bootstrapping is that one doesn't need much data to obtainquite reliable

results. The disadvantage is that it is rather computationally expensive.

Apart from these general approaches there exist especiallyfor SVMs theo-

retical bounds on the leave-one-out error ([Vapnik98, VapCha00, ChaVap00]).

Three of them are cited here:

Let � be the size of the maximal margin and� (x1); :::; � (xn ) the images

of the training patterns in features space which are lying within a sphere of

radius R. Let � � be the tuple of Langragian multipliers which are obtained

by maximizing functional (2.12) on page 16. Then the following holds true:

Theorem 1 (Vapnik [Vapnik98]): If the images of training data of

sizen belonging to a sphere of radiusR are separable with the corresponding

margin � , then the expectation of the test error probability has the bound

EPerr �
1
n

E
�

R2

� 2

�
=

1
n

E
�

R2W 2(� � )
	

(2.19)

where the expectation is taken over sets of training data of size n.

That means that the generalization performance depends on the ratio

Ef R2=� 2g and not simply on the large margin� . Following [SchBurVap95]

one can calculateR2 by maximizing:

R2 = max �
P

i � i k(x i ; x i ) �
P

i;j � i � j k(x i ; x j )

subject to
P

i � i = 1; � i � 0; i = 1; :::n
(2.20)

where � = ( � 1; :::; � n ).

Another bound was derived by Vapnik and Chapelle. It uses theconcept

of the span of the support vectors ([VapCha00, ChaVap00]):
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Theorem 2 (Vapnik, Chapelle [VapCha00, ChaVap00]): Supposed

we have a SVM without threshold (that means we have a decisionfunction

with b = 0). Under the assumption that the set of support vectors does not

change when removing example p, we have

EP n� 1
err �

1
n

E

(
nX

p=1

 

 
� �

p�
K � 1

SV

�
pp

� 1

!)

(2.21)

where  : R ! f 0; 1g is the step function (v) =

(
0; v � 0

1; v > 0
, K SV is the

matrix of dot products between support vectors in feature space, Pn� 1
err is the

probability of test error for the machine trained on a sampleof sizen � 1 and

the expectations are taken over the random choice of the sample.

As the computation of the inverse of the matrixK SV is rather expensive,

one might ask, if there was an appropriate approximation. Infact one can

upper bound
�
K � 1

SV

�
pp

by 1
k(xp ;xp )

[ChaVapBouMuk98]. Thus one recovers

the Jaakkola-Haussler bound [JakHau99]:

EP n� 1
err �

1
n

E

(
nX

p=1

 
�
� �

pk(xp; xp) � 1
�
)

(2.22)

Other bounds also exist, but they will not be taken into consideration here.

In general all these bounds o�er a less accurate estimate of the generalization

error than k-fold cross-validation, but they are computationally attractive,

because the SVM has to be trained just once. Additionally thewhole training

set can be used rather than leaving outn=k examples for each step ofk-fold

cross-validation.

2.3 The Problem of Feature Selection

So far the setX from which the training patterns are drawn was considered

to be any nonempty set. In practical situations, however,X often will be a

vector space (e.g.Rd). Thus for the rest of the thesis there will be made the
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following assumptions:

Let D = f (x i ; yi )j x i 2 V ; yi 2 Y ; i = 1; :::; ng be a set of labeled training

data where the training patternsx1; :::; xn are drawn from a vector spaceV

of dimensiond with a scalar product h�; �i and the labelsy1; ::; yn are taken

from a set of labelsY (in the two class caseY = f� 1; +1g). Each vector

xT
i = ( x i; 1; :::; xi;d ) consists ofd feature or attribute values. Thus a feature

X t is a vector X t = ( x1;t ; ; :::; xn;t )T ; t = 1; :::; d. This notation will be used

during the rest of this thesis.

In the introduction there was already given a motivation forthe problem

of feature selection: We want to �nd out the most important features of our

data to avoid over�tting. Besides there might be other interests. Especially in

biology one might not be interested so much in maximizing thegeneralization

performance of a machine, but in �nding out the mostmeaningful features

(e.g. gene expressions) which give us the most knowledge about the domain

to study. This is a more problem oriented point of view, whichrequires a

de�nition of what the term \meaningful" stands for in that co ntext. Since

this thesis doesn't deal with some special problem in biology or another

domain, we will stick to the Machine Learning point of view here. Let's

clarify what feature subset selection from this point of view actually means.

Formally the problem of feature subset selection in MachineLearning can be

addressed in the following two ways [WesMukChaPogVap01]:

1. Given a �xed m � d, �nd the m features that give the smallest ex-

pected generalization error; or

2. Given a maximum allowable generalization error
 , �nd the smallest

number m of features.

This should not be confused withfeature extraction as it is done e.g. in

Principal Component Analysis (e.g. [Duda73]) or Independent Component

Analysis (e.g. [KwaChoCho01]). In both methods new features are con-

structed from existing ones. The principal components obtained by PCA are

a linear combination of the existing features and form an orthogonal system.

In ICA, instead of the latter property, features are required to be statistically
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independent. In contrast to feature extraction, in featureselection one wants

to �nd \a subset of the original features of a data set such that an induc-

tion algorithm that is run on data containing only these features generates a

classi�er with highest possible accuracy" [Kohavi97, p. 3].

Supposed we already knew the probability distributionP from which the

data setP was drawn, then the problem of feature selection would not beof

much interest: The Bayes classi�er is a classi�er that predicts the most prob-

able class for a given training pattern by means of the classical Bayes rule7

(e.g. [RusNor95, p. 426, p. 588]). This requires the probability distribu-

tion P to be known. The accuracy of the Bayes classi�er is the theoretically

highest possible accuracy. The optimal Bayes rule is monotonic, which means

that adding features cannot decrease accuracy, and hence restricting the rule

to a subset of features is never advised [Kohavi97]. In practical situations,

however, the probability distribution P is not accessible, and thus the com-

putation of the optimal Bayes rule not possible.

Feature selection can be seen as a combinatorial problem: Given a set

of all features, �nd out the combination of features that maximizes the ex-

pected generalization capability (minimizes the expectedgeneralization er-

ror). Especially if one wants to �nd the smallest numberm of features which

minimizes the generalization error at the same time (special case of problem

2) one can show that this is a NP-complete problem [DavRus94].

In the literature there are two main approaches to solve thisproblem: the

so called wrapper approach and the so called �lter approach [Kohavi97]. In

the �lter approach feature selection is done as a preprocessing step to the

actual learning algorithm. That means �rst the feature selection algorithm

tries to select them most relevant features and after that the classi�er is

trained with the input data of dimensionality m: The term "relevant" here

refers to some de�ned relevance measure. There exist a number of di�erent

de�nitions in the literature for what that actually means (see e.g. de�nitions

in [Kohavi97, pp. 4 - 5], [BluLan97, pp. 2 - 4]). The reason forthis variety

is that it depends on the question \relevant to what?". E.g. Blum and

7The Bayes rule or Bayes theorem is the following simple rule:Let X; Y be random
variables. Then Pr(Y jX ) = Pr( X jY ) Pr( Y )

Pr( X ) .
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Langley [BluLan97, pp. 2 - 4] distinguish between \relevance to a target"

and \relevance to a sample/distribution": A feature X is said to be relevant

to a target classi�er f , if there exists a pair of training examplesr and s such

that r and s di�er only in their value of X and f (r ) 6= f (s). This means

that X is relevant if there exists some example in the training datafor which

changing the value ofX would a�ect the classi�cation given by f . For the

concept of \relevance to a sample" Blum and Langley make a di�erence

between \strong relevance" and \weak relevance". A featureX is said to be

strongly relevant to a sampleD if there exist examplesr and s that di�er

only in their value of X and have di�erent labels. Similarly X is strongly

relevant to target classi�er f and the unknown distribution P from which D

was drawn, if there exist examplesr and s having non-zero probability over

P that di�er only in their values of X and satisfy f (r ) 6= f (s). This is just

like the de�nition of \relevance to a target" except r and s are now required

to be in D (or having non-zero probability). A featureX is said to be weakly

relevant to sampleD (or target f and distribution P) if it is possible to

remove a subset of the features so thatX becomes strongly relevant.

The removal of features which are strongly relevant generally deteriorates

the performance of the classi�er, while features that are weakly relevant may

or may not have an in
uence on the generalization performance.

A known problem of the �lter approach [BluLan97, p. 8], [Kohavi97, p.

10] is that the selection of relevant features is done independently from the

actual performance of the classi�er system. There is no interaction between

the feature selection algorithm and the learning algorithm, because the (esti-

mated) generalization capability with regard to a selectedsubset of features

is not used to determine the quality of the feature subset. This can lead to

the problem shown in [Kohavi97, p. 8], that the �lter algorithm selects fea-

tures which are detected as important due to the used relevance measure in

the algorithm, but in fact decrease the performance of the learning algorithm.

This may especially happen, if there is a relatively high correlation between

an irrelevant feature and a class label. The Corral dataset [JohKohP
94] is

an example for a possible scenario where this happens: Givenis a Boolean
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domain with 6 features A0, A1, B0, B1, I and C. The target concept is simply

(A0 ^ A1) _ (B0 ^ B1)

The feature I is uniformly random, and the feature C matches the class

label 75% of the time. Thus a �lter algorithm might select C asa rele-

vant feature, although it doesn't contribute to the target concept and hurts

performance.

In the wrapper approach on the other hand this probably won'thappen,

because each feature subset taken into account is evaluatedby the estimated

generalization performance of the classi�er system with those selected fea-

tures taken as an input. That means that for every potential solution there

is a direct answer from the learning algorithm, but it also means that the

classi�er has to be retrained every time, which can be rathercomputation-

ally expensive. What one wins, is a more reliable measure forthe importance

of a feature subset than with a separate relevance measure that may have

an entirely di�erent inductive bias. But that doesn't mean that a wrapper

method is always superior to a �lter approach. As for each considered feature

subset there has to be one retraining of the classi�er on the training data,

minimizing a generalization error estimate, which is basedon the training

data as well, might lead to over�tting! This might especially happen, if the

same feature subset is considered multiple times. Unfortunately this problem

is unsolved so far.

A wrapper algorithm performs a search in the space of all possible feature

subsets. Hence every allowed feature subset is a state in this search space.

Several strategies are imaginable to sample the search space. Especially if

problem 2 is given, a general strategy for a heuristic searchwould be either

to begin the search with an empty feature subset and successively add fea-

tures or with the full set of features and successively eliminate features. The

�rst case is calledforward selectionand the latter casebackward elimination

[Kohavi97, p. 9].

A completely di�erent method to sample large search spaces is given by

Genetic Algorithms which will be described in the next section.
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Figure 2.6: The wrapper approach to feature selection. The classi�er isused to
determine the performance of each feature subset (source: [Kohavi97, p. 2])

2.4 Genetic Algorithms

2.4.1 What are Genetic Algorithms?

Genetic Algorithms (e.g. [Whitley93, Goldberg98]) belongto a family of

search algorithms which are inspired by natural evolution.These algorithms

encode a potential solution to a speci�c problem on achromosome-like struc-

ture and apply recombination (crossover) and mutation operators to these

structures. An essential idea is the principle of \survivalof the �ttest", which

means that potential solutions compete with each other in a way that those

chromosomes which represent better solutions to the targetproblem are given

more chances to \reproduce". Genetic Algorithms have been developed by

John Holland [Holland75] and his students (e.g. De Jong [DeJong75]), and

most theoretical work on Genetic Algorithms is referring tothis original

(canonical) Genetic Algorithm. Nevertheless there have been a plenty of

variations by other researchers which adapted the originalconcept to their

problems. Usually Genetic Algorithms are used in optimization. That means

one wants to �nd the optimum of some function' . Traditional optimization

techniques like gradient descent are local in scope. The optima they seek are

the best in a neighborhood of the current point. This causes problems, if the
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function has many local optima or, even worse, if the gradient is not com-

putable. Enumerative search methods (e.g. the A*-algorithm [RusNor95])

on the other hand are only applicable, if the search space is discrete and not

too large. The advantage of Genetic Algorithms is that on onehand one

doesn't need to know much information about the function to optimize and

on the other hand they are applicable even if the search spaceis very large.

Genetic Algorithms are using random choice as a tool to guidea highly ex-

ploitative search through a discrete coding of the search space. That means

the transition from one state in search space to another is probabilistic, not

deterministic. Another characteristic of Genetic Algorithms is, that they

don't search from a single point, but from apopulation of points at the same

time. That means Genetic Algorithms are a global search procedure, because

they parallelly explore the search space from many points. This way they

can avoid local optima. However, it should be mentioned thatGenetic Algo-

rithms are not always the best choice. Depending on the problem at hand,

a traditional gradient descent may actually be much faster than a rather

computationally expensive Genetic Algorithm.

The �rst problem when using Genetic Algorithms is how to encode po-

tential solutions of our optimization problem into a genomeof an individual.

The easiest and most common way to do this is by means of a binary code,

but other codings are also possible. Let's e.g. consider onewants to �nd the

maximum of the objective function' : f 0; :::; 255g ! N; x 7! x2. Each point

x 2 f 0; :::; 255g can be coded as a 8 bit binary number. Puttingp points to-

gether we get a population of individuals with chromosomes (b1; :::; b8); bi 2

f 0; 1g. Each chromosome corresponds to a certain value of theevaluation

function ' . As we want to maximize' , an individual is so much better the

higher the value of' with regard to its genome is. This is expressed by means

of the �tness value which is unique to each individual. The�tness function

maps the outputs of the evaluation function for the di�erent individuals in

the population to the �tness value of one single individual.That means the

�tness is de�ned with respect to other members of the population. In the

canonical Genetic Algorithm the �tness is de�ned as' i =�' , where ' i is the

evaluation associated with individuali and �' is the average evaluation of all
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individuals of the population [Whitley93, p. 4]. The �tness value can also

be assigned based on a ranking of the individuals ([Goldberg98, p. 124]).

The execution of the Genetic Algorithm can be seen as a two stage process

[Whitley93, pp. 5 and following]: It starts with the current population. Pairs

of individuals are selected with regard to their �tness value to create anin-

termediate population. There exist di�erent selection methods [Goldberg98,

p. 121]. The easiest one is to map the entire population onto aroulette

wheel, where each individual is represented on the wheel by aspace that is

proportional to its �tness. The roulette wheel is rotated and an individual

is chosen until the intermediate population is �lled up. Then the genomes of

each pair of the intermediate population perform acrossoverand mutation.

That means they are exchanging parts of their genetic information, i.e. bits

of the number which represents the genome, and afterwards each bit is 
ipped

with a small probability (e.g. 1%). The simplest way to perform a crossover

is to randomly choose a crossover point, cut both chromosomes at this point,

and swap the fragments between the two parents. Thus by recombining e.g.

(11110000) and (00001111) with crossover point 4 one would get (11111111)

and (00000000). All the children which are obtained by crossover and mu-

tation are inserted into the next population. Then the algorithm restarts

with using the next population as the current population. The process of

evaluation, selection, recombination and mutation forms one generation in

the execution of the Genetic Algorithm. Goldberg [Goldberg98] refers to this

basic implementation as the Simple Genetic Algorithm (SGA).

2.4.2 Why do they Work?

The question is, why an algorithm like the one described above should do

any useful. The answer which is most widely given came out of Holland's

[Holland75] work. Holland argues that a Genetic Algorithm implicitly sam-

ples hyperplane partitions of the search space (see e.g. [Whitley93, pp. 7 and

following]): Suppose we have a problem which can be encoded in just 2 bits.

Thus the search space consists of the bit strings (00), (01),(10) and (11). We

can view each bit string as the coordinates of a rectangle in a2 dimensional
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space. The left line of the rectangle contains all points that begin with 0.

Figure 2.7: A 2-D search space

If \*" is used as a \don't care" or wild card symbol, then this line (or hy-

perplane of dimension 1) can also be represented by the string (0*). Strings

that contain \*" are referred to as schemata. Each schema corresponds to a

hyperplane in search space. Theorder of a hyperplane refers to the number

of actual bit values that appear in its schema. Thus (1*) is oforder 1, while

e.g. (1**1***0***) would be of order 3. The de�ning length of a schema is

distance between the position of the �rst and the last actualbit value. E.g.

(1**1***0***) has a de�ning length of 7, while (**0**1**) ha s a de�ning

length of 3. All bit strings that match a particular schema are contained in

the hyperplane partition represented by that particular schema. If l is the

length of the binary genome, there are 3l di�erent hyperplane partitions, be-

cause each position can be either 0, 1 or *. Each single genomeis a member of

2l hyperplane partitions, because each position may take on its actual value

or *. That means a particular bit string is contained in 2l schemata8. If we

8Although this argumentation is made only for the case of a binary encoding, it should
be mentioned again that other encodings are possible, too. However, since a non-binary
alphabet can be translated into a binary one, without loss ofuniversality the theory of
Genetic Algorithms usually only considers binary encodings. Additionally several authors
have argued in favor for binary alphabets [Whitley93, Goldberg98], because they maximize
the number of hyperplane partitions: Suppose we want to represent just the numbers 0,
1, ..., 9. With a decimal encoding of length 1 we can represent11, while with a binary
encoding of length 4 we can represent 34 = 81 schemata. That means each particular
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have a population of sizen then the whole population is contained in 2l to n�2l

schemata, depending upon the diversity of the population. I.e. usually there

are many more schemata than individuals in the population. That means

many di�erent hyperplanes are sampled each time a single chromosome is

evaluated. This fact is calledimplicit parallelism and veri�es the idea of

using a population of sample points rather than just examining one isolated

point in search space at once. A population of strings provides information

about numerous hyperplanes. Especially low order hyperplanes are sampled

very often. In his fundamentalSchema TheoremHolland [Holland75] proved

that over time the number of low order schemata with short de�ning length

and above average �tness will exponentially increase whilethe number of

below average �tness schemata will exponentially decrease. That means Ge-

netic Algorithms achieve their goal by successively sampling, recombining

and resampling low order, highly �t schemata with a short de�ning length

to form strings of potentially higher �tness. Due to their importance these

low order, highly �t schemata with a short de�ning length arecalledbuilding

blocks. Just as a construction worker creates a complex house from simple

pieces of stone, a Genetic Algorithm searches for the optimum of a func-

tion by compiling building blocks. Since the number of belowaverage �tness

schemata exponentially decreases in time, the average �tness of a population

will increase in time and thus the algorithm will slowly converge against a

local optimum.

decimal string contains just 10 schemata, while each particular bit string is contained in
24 = 16 schemata. Nevertheless, depending on the problem at hand, a non-binary alphabet
can be sometimes useful. As a rule of thumb Goldberg [Goldberg98, p. 80] suggests to
\select the smallest alphabet that permits a natural expression of the problem".
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Chapter 3

Some Existing Algorithms for

Feature Selection

3.1 Algorithms for Feature Selection

In the last chapter we have seen that the problem of feature selection is

an important issue for pattern recognition. It was said thatthere are two

main approaches to solve this problem: the �lter approach and the wrapper

approach. Both approaches di�er in the way they evaluate a given feature

subset. The wrapper method for every feature subset taken into consideration

trains the classi�er system and evaluates the feature subset by estimating the

generalization performance (i.e. the expected risk, if we want to use the vo-

cabulary of Statistical Learning Theory) of the learning machine trained with

this feature subset of the original data. The �lter method onthe other hand

uses some relevance measure which is independent of the performance of the

learning algorithm. In the following there will be described two popular �lter

methods and one wrapper method, whereas Recursive Feature Elimination

was especially designed for SVMs.

33



3.2 Filter Approaches

3.2.1 Fisher Criterion Score

The Fisher Criterion Score (e.g. [Duda73, WesEliSchTip02]) is one of the

simplest �lter algorithms for feature selection. In the 2-class case for each

feature t one computes the value

Ft =
(� 1 � � 2)2

� 2
1 + � 2

2

where� 1 is the mean of the values oft belonging to class 1 and� 2 the mean of

the values oft belonging to class 2, and� 1 and � 2 are the standard deviations

of class 1 and class 2. The idea behind this is, that the more a feature can

separate the distributions of class 1 and class 2, the betterit is.

If one has more than two classes, one can easily generalize this to1

Ft =

�
� 1 �

P M
i =2 � i

� 2
+ : : : +

�
� j �

P M
i =1
i 6= j

� i

� 2
+ : : : +

�
� M �

P M � 1
i =1 � i

� 2

P M
i =1 � 2

i

where M is the number of classes. By means of the Fisher Criterion Score

a ranking for all features is computed. The more relevant thefeature the

higher is the ranking. What characterizes the method is the implicit in-

dependence assumption between features that is made [GuyWesBarVap02].

Each coe�cient Ft is computed with information about a single feature and

does not take into account mutual information between features. The Fisher

Criterion Score can be used for linear problems only.

3.2.2 Relief-F algorithm

The Relief-F algorithm as described e.g. in [KonHon97] is a more advanced

�lter approach than the Fisher Criterion Score. It is an extension of the

1This is of course not the only way to generalize Fisher Criterion Score for more than
two classes. Similar to the multi-class approaches for SVMsone could also think about a
one-versus-one or a one-against-rest strategy.

34



RELIEF algorithm introduced by Kira and Rendell [KirRen92] which origi-

nally couldn't handle multi class problems. The idea is, that a good feature

should be able to discriminate close pairs (with regard to some given metric)

of training patterns belonging to di�erent classes and, furthermore, it is de-

sirable to have the same value for close pairs of training patterns of the same

class. To achieve this goal, for a given training pattern Relief-F searches for

the k closest training instances of the same class and for thek � (M � 1)

nearest neighbors of the other classes (whereM is the number of classes).

The metric used to measure distances between training instances is usually

the Manhattan distance. Then for a given featureX i = ( x1;i ; :::; xn;i )T the

score

q(X i ) =
X

r 2f 1;:::;n g

X

class(s)6= class(r )

�
Pr(class(s)) � drs;i

1 � Pr(class(r )) � k

�
�

X

r 2f 1;:::;n g

X

class(s)= class(r )

drs;i

k

is computed, wherer is the index of the r th pattern which is chosen ran-

domly from the set of all training patterns, s runs over the neighbors ofr

and drs;i is de�ned as drs;i = min
�

jx r;i � xs;i j
0:5�range(X i )

; 1
�

2. As Kononenko and

Hong show ([KonHon97]) the Relief-F measure approximates the di�erence

of probabilities

eq(X i ) = Pr( xr;i 6= xs;i j class(s) 6= class(r )) � Pr(xr;i 6= xs;i jclass(s) = class(r )) :

Like Fisher Criterion Score Relief-F computes a ranking forall features, but

in contrast to this simple method it is able to deal with nonlinear problems

as well.
2range(X i ) shall be the range of the values in featureX i , i.e. maxf x ji j j = 1 ; :::; ng �

min f x ji j j = 1 ; :::; ng

35



3.3 Wrapper Approaches

3.3.1 Recursive Feature Elimination

Recursive Feature Elimination (RFE) [GuyWesBarVap02] is awrapper me-

thod which performs a backward feature elimination (compare 2.3): The

idea is to �nd the m features which lead to the largest margin of class sep-

aration. This combinatorial problem is solved in a greedy fashion. In the

2-class case the algorithm begins with the set of all features and successively

eliminates the feature which induces the smallest change inthe cost func-

tion W 2(� � ) =
P n

i =1 � �
i � 1

2

P n
i;j =1 � �

i � �
j yi yj k(x i ; x j ), where � � is the tuple

of the Lagrangian multipliers which are obtained by maximizing functional

(2.12) on page 16. As for SVMsW 2 is a measure of predictive ability (and is

inversely proportionate to the margin | compare (2.19) on page 16), the al-

gorithm at each step eliminates the feature which keeps thisquantity small.

Assuming that the change of the set of support vectors (and hence of the

tuple � � ) when removing only one feature is neglectable, this is doneby

performing the following iterative procedure [WesEliSchTip02]:

� Given a tuple � � of Lagrangian multipliers as a solution of the SVM

learning algorithm, calculate for each featuret:

w2
(� t )(�

� ) =
nX

i;j =1

� �
i � �

j yi yj k(x (� t ) i ; x (� t ) j )

wherex (� t ) i means that thetth feature from training vector x i has been

removed.

� Remove the feature with the smallest valueDw(t) =
�
�
�w2(� � ) � w2

(� t )(�
� )

�
�
�

and retrain the SVM with the reduced set of features.

As one can see, this procedure requiresd runs3 of the SVM. If we are in

the hard margin case and the kernel function is linear (k(x i ; x j ) = hx i ; x j i )

3A possible speed up would be e.g. to remove half of the remaining features one at a
time
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the algorithm removes the feature with the smallest value! i at each itera-

tion (where ! i is the i th component of the weight vectorw =
P n

i � �
i yi x i ).

RFE originally was designed to solve 2-class problems only,but a multi-class

version can be derived easily, if the SVM is trained by discriminating one

class against the others [WesEliSchTip02] or by building pair wise classi�ers.

For the latter case the idea is then to compute the valueDw(t) for each

pair of classesc and ec and remove the feature which leads to the smallest

value
P M (M � 1)=2

c=1 Dwc(t), whereM is the number of classes andDwc(t) is the

change in the cost function for the SVM that computes decision boundary c.

RFE like Fisher Criterion Score and Relief-F computes a feature ranking.
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Chapter 4

Genetic Algorithms for Feature

Selection

4.1 Feature Selection by Means of Genetic

Algorithms

If one wants to use the wrapper approach explained in 2.3 to �nd an optimal

subset of features with regard to criterion 2 on page 24, one has to deal with

the problem that the search space is of size 2d, because every feature can be

either selected (\1") or not (\0") and thus every subset off 0; 1gd is a potential

solution. A simple combinatorial search in this case for large numbers ofd

(e.g. DNA micro array data with d � 2; 000) is infeasible. Thus Genetic

Algorithms have been applied to this problem a number of times before

(e.g. [FerKadKit93, BriBroMar92, RicLan96, RayPunGooKuhJai00]). The

standard approach is to view each subset of the spacef 0; 1gd of all possible

feature combinations as the binary genome of an individual and to evaluate

its �tness by means of measuring the accuracy of the classi�er, trained on

the selected features of the input space, either on an independent validation

set or viak-fold cross-validation. This can be rather slow, especially if k-fold

cross-validation is used to obtain a less biased estimation. Additionally in

the latter case we get a higher potential risk to over�t, because the same

feature subset has to be evaluated more often on the trainingdata .
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4.2 Genetic Algorithms for Feature Selection

using SVMs

If one uses SVMs as the classi�er system then one can use one ofthe bounds

(2.19), (2.22) on page on page 22 to estimate the generalization performance.

Thus instead of usingk-fold cross-validation to evaluate the �tness of an

individual one can compute either the Jaakkola-Haussler bound or the R2W 2

bound, which is much faster, because it requires to retrain the classi�er not

k times, but just once. This also reduces the potential dangerof over�tting

(see 2.3) which evolves from multiple evaluations of the same feature subset

of the training data. Additionally the whole training set can be used rather

than leaving out n=k examples for each step ofk-fold cross-validation. In

the multi class case SVM learning can be done by separating classes pairwise

(see 2.2.2). Thus in this case one can compute the bound for each pair of

classesc and ec and sum it up. The term R2 in bound (2.19) is estimated by

the expression1
n

P n
i =1 k(x i ; x i ) � 1

n2

P n
i;j =1 k(x i ; x j ), which means that every

� i = 1
n in (2.20). However, there is one problem with using the generalization

bounds (2.19) respectively (2.22): They are only valid in the hard margin

case, i.e. if the classes are perfectly separable. Nevertheless, using a quadratic

penalty function1 C
P

i � 2
i in (2.15) it can be shown [CorVap95], that the

soft margin SVM can be just considered as a special case of thehard margin

version with the modi�ed kernel

K 0 = K +
1
C

I (4.1)

where I is the identity matrix and C a constant penalizing the training er-

rors. Thus each feature subset represented by one individual is evaluated

by training a C-SVM with quadratic penalty function and computing the

bounds (2.19) respectively (2.22) using the modi�ed kernelmatrix (4.1).

This way for problem 2 on page 24 one can set up an evaluation function


 of the following form: ' (g)= 
( g) � � (# f features selectedg), where 


1This is the so called 2-norm C-SVM in contrast to the 1-norm C-SVM explained in
section 2.2.2.
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is a measure for the generalization capability of the SVM trained on the

feature subset represented by genomeg, and � is a function which penalizes

the number of selected features. 
 can be measured either using one of the

bounds (2.19), (2.22) or in the traditional way by performing k-fold cross-

validation.

The Genetic Algorithm which was used here, is the so called CHC algo-

rithm [Eshelman91]. This is a non standard Genetic Algorithm which uses a

much more aggressive and faster search strategy than the Simple Genetic Al-

gorithm described earlier. The algorithm explicitly borrows from the (� + � )

strategy of Evolutionary Strategies2 [Rechenberg73, Schwefel81]: After re-

combination the best unique members of the o�spring generation replace

the worst members of the parent generation. This is calledpopulation elitist

strategy. It implies that the mapping of the evaluation value to a �tness value

is just the identity. In contrast to the SGA the �tness is thus not dependent

on the �tness of the other individuals in the current population. The pop-

ulation elitist replacement method already guarantees considerable selective

pressure, so that there is no need for traditional selectionmechanisms. Thus

CHC uses random selection, but restrictions are imposed on which individu-

als are allowed to mate. In binary encoding genomes have to have a certain

Hamming distance, before they are allowed to reproduce. This form of incest

prevention is used to assure diversity. Instead of the usualcrossover oper-

ator Eshelman uses a special uniform crossover, called HUX (Half Uniform

Crossover). Exactly half of the di�ering genes are exchanged between two

mates. No mutation operator is applied during crossover. CHC is typically

run on small populations. Eshelman proposes a population size of 50. With

such small populations, however, the algorithm fastly begins to reproduce

individuals of a similar form, which sooner or later leads tothe fact that no

individuals are allowed to mate any more. At this point a special mutation

operator, called Cataclysmic Mutation, is used. The best individual is left

untouched, but all others undergo heavy mutation (e.g. Eshelman proposes

a mutation probability of 35% per gene) by using the best individual as a

2In the ( � + � ) strategy � parents produce� o�spring. The population is then reduced
again to � individuals by selecting the best solutions from both parents and o�spring.
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template. After Cataclysmic Mutation the search is restarted using only

HUX.

Sometimes one is not interested in �nding the smallest number m of fea-

tures which maximizes the generalization capability at thesame time (special

case of problem 2 on page 24), but one has a given numberm of features

and just wants to �nd the optimal combination of m features (problem 1 on

page 24). In this case of course the search space is much smaller, because

only the m-subsets of features have to be taken into account. These areonly 
d

m

!

which is much less than 2d. Using a Genetic Algorithm like above

in this case would be ine�cient. Restricting the binary codeto just m \1"

would make trouble using the HUX-operator on the other hand.Therefore

in this case it is reasonable to switch from binary to a decimal encoding

(c1; :::; cm ) where ci 2 f 1; :::; dg (i = 1; :::; m) indicates the number of the

feature which is selected. Of course one has to make sure thateachci just

appears once in the code. Like in the binary case one can formulate the

HUX for decimal codes as well. Because the genomes are much shorter with

decimal index encoding than with binary encoding the probability to mutate

was set from 35% to 50% for each gene.

Now it is interesting to see, how di�erent �tness functions in
uence fea-

ture selection. Therefore 6 di�erent Genetic Algorithms were formulated:

three for the case wherem is �xed and three for the case wherem is not

�xed:

1. m is not �xed, and the evaluation function is given by

' (g) = accuracy(g) �
�

1 � 0.001�
# f features selectedg

d

�

Let's call this algorithm GAAcc. The accuracy can be measured either

on an independent validation set or viak-fold cross-validation. This

refers to the traditional approach presented in the last section. The

goal of the term 0:001� # f features selected g
d is to break a tie for smaller

feature subsets. The constant 0.001 aims to be lower than thestan-

dard deviation of the estimate of the generalization performance for
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the feature subset represented by genomeg.

2. m is not �xed, and the evaluation function is given by

' (g) = � R2W 2(g) �
�

1 + 0:001�
# f features selectedg

d

�

Let's call this algorithm GAR2W2.

3. m is not �xed, and the evaluation function is given by

' (g) =

 

�
nX

p=1

� �
p � k(x (g)

p ; x (g)
p )

!

�
�

1 + 0:001�
# f features selectedg

d

�

The notation x (g) indicates, that the features encoded in genomeg are

selected from training vectorx. The step function in the bound (2.22)

on page 23 has been removed to smoothen the �tness function, which

helps the Genetic Algorithm to converge. Let's call this algorithm

GAJH.

4. m is �xed, and the evaluation function is given by

' (g) = accuracy(g)

Let's call this algorithm m-GAAcc. A penalty function of course in

this case is due to the �xedm not necessary.

5. m is �xed, and the evaluation function is given by

' (g) = � R2W 2(g)

Let's call this algorithm m-GAR2W2.

6. m is �xed, and the evaluation function is given by

' (g) = �
nX

p=1

� �
p � k(x (g)

p ; x (g)
p )
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Let's call this algorithm m-GAJH.

GAAcc, GAR2W2 and GAJH were stopped, if the best solution didn't change

for the last 200 generations and at least 10,000 generationshad been com-

puted. For the m-GAAcc, m-GAR2W2 and m-GAJH at least 1,000 genera-

tions were necessary.

4.3 Optimizing Kernel Parameters with Ge-

netic Algorithms

The Genetic Algorithms described above can also be used for the optimiza-

tion of the regularization parameterC in equation (4.1). If we have a binary

genome (b1; :::; bd); bi 2 f 0; 1g; we can simply concatenate a binary repre-

sentation of the parameterC (see also [Goldberg98, pp. 82 - 84]) and run

the algorithm GAAcc, GAR2W2 respectively GAJH on the new genome.

That means we are trying to select an optimal feature subset and an op-

timal C at the same time. This is reasonable, because the choice of the

parameterC is in
uenced by the feature subset taken in to account and vice

versa. Usually it isn't necessary to consider any arbitraryvalue of C, but

only certain discrete values, e.g. 0:001; 0:01; 0:1; 1; 10; 100; 1000 respectively

10� 3; 10� 2; 10� 1; 100; 101; 102; 103. With just 3 bits we can code the numbers

0; :::; 7, or, if we shift this representation by� 3, the numbers� 3; :::; 4. If

we interpret these numbers as powers of 10, then we get a coding for the

possibleC values 0:001; 0:01; 0:1; 1; 10; 100; 1000; 10000. In a similar manner

one could use Genetic Algorithms to optimize e.g. the parameter � for the

RBF kernel.
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Chapter 5

Experiments

5.1 What and how to Compare

If we want to compare the algorithms described in this thesis, there are

arising the following interesting questions:

1. How do Genetic Algorithms in general behave in comparisonwith

Fisher Criterion Score, Relief-F and RFE?

2. Does the choice of the �tness function for the Genetic Algorithm have

any in
uence on the generalization performance?

3. Is the performance of the Genetic Algorithm improved by optimizing

the regularization parameterC within the algorihm?

4. Do wrapper algorithms win over �lter methods?

Of course it should be clear beforehand that the answers to these questions

depend on the data sets which are investigated. Here two arti�cial data sets

as well as two real life data sets (DNA micro array data) are taken into

account.

Before we go on to the experiments, we have to think about the �rst and

the last question a little more: Fisher Criterion Score, Relief-F and RFE

return a ranking of all features. Thus one always has to say how many

features one actually wants to select. This corresponds to problem 1 on

44



page 24 and hence is easily comparable to them-GA algorithms. However,

if we don't know the appropriate number of features beforehand, what are

we doing then? With Genetic Algorithms this is no problem, but with the

other methods there is no other way than trying out di�erent values ofm and

choosing the one which induces the least estimated generalization error. This

error can then be compared to the one achieved by the GAAcc, GAR2W2

respectively GAJH algorithm with binary encoding. Additionally we can look

at the number of features selected by these Genetic Algorithm in comparison

with each other and to the bestm of the other methods.

Another important question is, what observed di�erences between test

errors are reallysigni�cant , i.e. are that high that they cannot be interpreted

as just statistical artifacts. To decide this question one needs a statistical

test. The corrected resampledt-test by C. Nadeau and Y. Bengio [NadBen00]

is such a statistical test, which has been recently proposedto compare the

performance of di�erent learning algorithms. Letn1 be the size of the training

set, n2 be the size of the test set andJ the number of (dependent) trials

over which the obtained test errors" j ; j = 1; :::; J are averaged. Let� 1
" J

be this average for algorithm 1 and� 2
" J

be this average for algorithm 2.

Usually J is chosen greater than 1 to obtain more reliable results (e.g. in the

following experimentsJ = 8; 30; 50). Now we want to test the hypothesis

H0 : � 1
" J

� � 2
" J

= 0 at signi�cance level 1� � . According to the corrected

resampledt-test, H0 is rejected at signi�cance level 1� � , if

�
� � 1

" J
� � 2

" J

�
� > t 1� �= 2;J � 1 �

s �
1
J

+
n2

n1

�
S2

J (5.1)

where S2
J is the variance of

�
�"1

j � "2
j

�
� ; j = 1; :::; J for the error rates "1

j for

algorithm 1 respectively "2
j for algorithm 2, and t1� �= 2;J � 1 is the 1 � �= 2

quantile of the Student tJ � 1 distribution (i.e. the Student t distribution

with J � 1 degrees of freedom). The corrected resampledt-test assumes the

di�erences
�
�"1

j � "2
j

�
� to be approximately normally distributed. (This can be

veri�ed by using e.g. the � 2-test). The test behaves very conservatively,

which means the probability of rejectingH0 when H0 is actually true is

45



smaller than the prescribed� . Thus the test might state that a certain

observed di�erence of results is not signi�cant although itactually is, more

often than one might expect by the signi�cance level of� . For the following

experiments a signi�cance level of 95% was used.

5.2 Data Sets

5.2.1 Toy Data

5.2.1.1 Linear problem

The arti�cial data set is created as described in [WesMukChaPogVap01]: Six

dimensions of 202 were relevant. The probability of the two classesy = 1

and y = � 1 was equal. The �rst three featuresf X 1; X 2; X 3g were drawn

as X i = yN (0; 1) and the second three featuresf X 4; X 5; X 6g were drawn as

X i = N (0; 1) with a probability of 0.7, otherwise the �rst three were drawn

as X i = N (0; 1) and the second three asX i = yN (i � 3; 1). The remaining

features are noiseX i = N (0; 20), i = 7; :::; 202, and the �rst six features

still have redundancy. Figures 5.1 - 5.3 show how well the 2 classes can be

separated by just 2 features on a training set of 100 points. How one can see,

the quality of the separation depends heavily on which features are selected.

Features 3 and 6 induce a very good separation, while features 2 and 3 are

much worse and e.g. features 4 and 5 fail completely.

5.2.1.2 Nonlinear problem

2 dimensions of 50 were relevant. Each featureX i (i = 1; :::; 50) was drawn

uniform randomly from the interval (0, 1). Two classes were given, andy was

determined by the formulay = 2�(max(0; sgn(X 1� 0:5)) XOR max(0; sgn(X 2�

0:5))) � 1. Figure 5.4 shows the classi�cation induced by features 1 and 2 on

a training set of 100 points.
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Figure 5.1: Linear toy problem: separation of classes induced by combina-
tions of 2 features which are taken from the �rst six ones (blue = class +1,
red = class -1).
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Figure 5.2: Linear toy problem: separation of classes induced by combina-
tions of 2 features which are taken from the �rst six ones (blue = class +1,
red = class -1).
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Figure 5.3: Linear toy problem: separation of classes induced by combina-
tions of 2 features which are taken from the �rst six ones (blue = class +1,
red = class -1).
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Figure 5.4: Nonlinear toy problem: separation of classes induced by features
1 and 2 (blue = class +1, red = class -1).

5.2.2 Real life data

5.2.2.1 Colon cancer

The Colon cancer problem is described e.g. in [AloBarNotGisYbaMacLev99]:

62 tissue samples probed by DNA micro arrays contain 22 normal and 40

colon cancer examples. These two classes have to be discriminated by the

expression of 2,000 genes.

5.2.2.2 Yeast data set

The Yeast micro array data set (Brown Yeast data set, see e.g.[PavWes01])

consists of 208 genes that have to be discriminated into 5 classes based on 79

gene expression values corresponding to di�erent experimental conditions.
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5.3 Results

5.3.1 Toy Data

5.3.1.1 Linear problem

30 instances of 100 training points were created. The solution returned by

each algorithm was tested on 10,000 independent test points. All data was

scaled to the interval [-1, 1]. For the GAAcc algorithm the �tness of each

individual was determined by means of 4-fold cross-validation. In the exper-

iment where the number of features to be selected is �xed,m was set to 2; 4.

A 2-norm C-SVM with a linear kernel was used. The regularization parame-

ter C was determined by trying out the values 0:001; 0:01; 0:1; 1; 10; 100; 1000

and running a complete experiment with each value. Afterwards theC which

induces the best average test error was picked. The average results over 30

trials are shown in table 5.1.

For m = 2 there is a signi�cant di�erence between the �lter and the

wrapper methods. While Fisher Criterion Score and Relief-Fhave about

15% test error, the other methods obtain around 3%. All wrapper methods

�nd the important features 3 and 6 in most cases (2-GAR2W2, 2-GAJH,

RFE 29/30, 2-GAAcc 27/30 ), but Fisher Criterion Score and Relief-F select

features 2 and 3 in all respectively in 29/30 cases. 2-GAAcc performs worse

than 2-GAR2W2 and 2-GAJH, but not signi�cantly.

For m = 4 the situation is di�erent. Now RFE performs best by �nding

the relevant features 2, 3, 5, 6 in 27/30 cases. 4-GAR2W2 and 4-GAJH select

these features in 25/30 cases, and 4-GAAcc only in 5/30 cases! The �lter

algorithms use them in only 4/30 cases and select features 1,2, 3, 6 in 20

(Fisher Criterion Score) respectively 24 cases (Relief-F)instead. Although

directly from the test errors there can't be quoted a signi�cant di�erence

between any of these algorithms according to the corrected resampledt-test,

this suggests | as it was already suspected in 4.2 | that the pr oblem of

over�tting is more serious for 4-GAAcc than for 4-GAR2W2 respectively

4-GAJH, because the classi�er has to be retrained on the samedata more

often.
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If m is not �xed, GAAcc performs better than GAR2W2 and GAJH.

This is a somewhat astonishing, since with a �xedm it wasn't. Obviously

the over�tting problem of cross-validation in a much largersearch space is

less serious here. Nevertheless the di�erence to GAR2W2/GAJH is not sig-

ni�cant as well as the di�erences to the best Fisher Criterion Score, best

Relief-F and best RFE algorithm in the case whereC = 1. Table 5.2 shows

the number of features which are selected by the Genetic Algorithms. GAAcc

selects 4 features on average for bothC = 1 and C not �xed, which is the

same as for the best Fisher Criterion Score/Relief-F/RFE algorithm. In con-

trast to this GAR2W2 selects 13 respectively 16, and GAJH 12 respectively

18 features. The features selected by GAAcc where among the �rst 6 in

29/30 cases. Obviously the less accurate estimate of the generalization error

by GAR2W2 respectively GAJH leads to a substantially highernumber of

selected features.

5.3.1.2 Nonlinear problem

Like in the linear problem, 30 instances of 100 training points were created,

and the solution returned by each algorithm was tested on 10,000 independent

test points. All data was scaled to the interval [-1, 1]. For the GAAcc

algorithm the �tness of each individual was determined by means of 4-fold

cross-validation. As the Fisher Criterion Score cannot handle nonlinear data

this method was not taken into consideration. In the experiment where the

number of features to be selected is �xed,m was set to 2. A polynomial

kernel of the form k(x; y) = (0 :5 � hx; y i )2 was used. The parameterC in

the cost function for the 2-norm C-SVM was set to 1000 following the same

procedure as described above. The average results over 30 trials are shown

in table 5.3.

In contrast to the linear problem above there is no advantagefor the

wrapper methods, ifm = 2. All algorithms �nd out the relevant features 1

and 2.

For m not �xed the situation is completely di�erent: While GAAcc selects

on average 3 features and obtains a test error around 3% for both experi-
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ments, GAR2W2 and GAJH fail completely with C = 1000 and perform

still signi�cantly worse than GAAcc, if C is not �xed beforehand. The dif-

ference between GAR2W2 and GAJH is not signi�cant in both cases. As

one can see in table 5.4, GAR2W2 doesn't select essentially more features

than GAAcc and also �nds the important features 1 and 2. The �rst reason

why it performs much worse than GAAcc nevertheless with regard to the

test error is that in this problem each additionally selected unimportant fea-

ture extremely decreases the generalization capability. The second reason is,

that instead of selecting a highC value GAR2W2 and GAJH always choose a

small value of 1 or 0.1. Obviously for this problem theR2W 2 respectively the

Jaakkola-Haussler bound are not appropriate, because theydon't measure

the real generalization error precisely enough. Nevertheless one should not

infer from this result, that GAR2W2 respectively GAJH are not applicable

to nonlinear problems in general.

5.3.2 Real-life data

5.3.2.1 Colon cancer

The data was split into a training set of 50 and a test set of 12 for 50 times,

and results were averaged over these 50 trials. The data was normalized to

mean 0 and standard deviation 1 for each feature. For the GAAcc algorithm

the �tness of each individual was determined by means of 10-fold cross-

validation. In the experiment where the number of features to be selected is

�xed, m was set to 20; 50; 100; 250; 500; 1000. A linear kernel with a 2-norm

C-SVM was used. The parameterC in the cost function for the C-SVM was

set by the same procedure as described above. The results areshown in table

5.5.

Form m �xed m-GAAcc is the overall worst performing algorithm, es-

pecially if m is small. For m = 20 the di�erence to the other methods is

signi�cant (�gure 5.3.2.1). This can be interpreted as an over�tting problem

in the same way as mentioned above. As the number of subsets tobe evalu-

ated is higher the smallerm is, the over�tting problem becomes less serious

with increasingm. Other di�erences are not signi�cant for m �xed according
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to the corrected resampledt-test.

m-GAJH gives the best results with just 20 features, Fisher Criterion

Score with 50, Relief-F with 100, RFE with 250, andm-GAAcc and m-

GAR2W2 need 500 features. The result obtained by 500-GAR2W2is com-

parable to the RFE with 250 features and slightly worse than the Relief-F

with 100 features, while the result of 500-GAAcc is almost the same as 20-

GAJH.

If m is not �xed, GAR2W2 and GAJH are both better than GAAcc

again. For C = 0:01 GAAcc performs signi�cantly worse than the best

Relief-F algorithm. In the case whereC is not �xed, the di�erence between

GAAcc and GAR2W2/GAJH is signi�cant (�gure 5.3.2.1). Both G AR2W2

and GAJH seem to win something ifC is optimized by the Genetic Algorithm,

whereas GAAcc doesn't. GAR2W2 and GAJH reach approximatelythe same

test error as the best RFE in this case. They are only slightlyworse than

the best Relief-F algorithm.

GAR2W2 and GAJH select substantially more (around 200 respectively

400) features than GAAcc (around 40 respectively 50 | see table 5.6). This

essential di�erence corresponds to the results of the otherdata sets. It should

be compared to the 250 features selected be the best RFE, 100 features

selected by the best Relief-F and 50 features selected by thebest Fisher

Criterion Score algorithm (�gure 5.3.2.1).

5.3.2.2 Yeast data set

8-fold cross-validation was performed on this data for all methods. That

means that the data was split into 8 sets of 26 examples, and each time one

of these 8 sets was used for testing, and the remaining 7 sets (consisting

182 examples) for training. Afterwards results were averaged. The data was

normalized to mean 0 and standard deviation 1 for each feature. For the

GAAcc algorithm the �tness of each individual was determined by means of

7-fold cross-validation. In the experiment where the number of features to

be selected is �xed,m was set to 10; 20; 40. A linear kernel with a 2-norm C-

SVM was used which discriminates classes pairwise (one-versus-one method).
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The parameter C in the cost function for the C-SVM was set by the same

procedure as described above. The results are shown in table5.7.

For m = 10 Relief-F is signi�cantly worse than 10-GAR2W2. This again

shows the potential problems of a �lter method. Like in priorexperiments

m-GAR2W2 and m-GAJH are always better thanm-GAAcc, but this is not

signi�cantly here.

Interestingly m-GAAcc gives the best results with only 10 features, while

Relief-F needs 20 and the other algorithms 40 features (�gure 5.3.2.2).

If m is not �xed and C = 100, GAAcc performs the same as GAR2W2

and a bit worse than the best RFE and the best Fisher CriterionScore

(�gure 5.3.2.2). But if C is determined by the Genetic Algorithm, GAR2W2

is better than GAAcc and GAJH. Like in prior experiments, theGenetic

Algorithms using bounds seem to win something, ifC is optimized during the

search process, while this is not the case for the GAAcc algorithm. However,

according to the corrected resampledt-test the di�erences between all the

algorithms are not signi�cant. Table 5.3.2.2 shows the number of features,

which are selected by the Genetic Algorithms. Like in prior experiments, the

GAAcc algorithm selects the fewest features (9� 1 for C = 100, 8 � 1 for C

not �xed). GAR2W2 and GAJH need about three times as many features

(GAR2W2 23� 3/23 � 2, GAJH 26� 3/23 � 2) which should be compared

to 40 features taken by the best Fisher Criterion Score and RFE respectively

20 taken by the best Relief-F (�gure 5.3.2.2).
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Experiment type Method (average % test error � standard deviation)
m C GAAcc GAR2W2 GAJH Fisher Relief-F RFE no feat. sel.

2 1 3:4 � 3 2.8� 1.6 2.8� 1.6 15� 0:4 15� 0:4 2:8 � 1:6 9:3 � 5
4 1 2:6 � 1:3 1:3 � 1:3 1:2 � 0:8 1:8 � 2 1:4 � 0:6 1:05 � 0:7 9:3 � 5
not �xed 1 1:6 � 1:2 2:5 � 1:5 3:4 � 3:8 9:3 � 5

not �xed 1:5 � 1 3:2 � 2 3:5 � 2:1

Table
5.1:

Linear
toy

problem
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number of selected features
(average number� standard deviation)

C GAAcc GAR2W2 GAJH
1 4 � 1 13� 3 12� 4

not �xed 4 � 1 16� 4 18� 4

Table 5.2: Linear toy problem: number of selected features
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Experiment type Method (average % test error � standard deviation)
m C GAAcc GAR2W2 GAJH Relief-F RFE no feat. sel.

2 1000 1:6 � 0:9 1:6 � 0:9 1:6 � 0:9 1:6 � 0:9 1:6 � 0:9 41:3 � 0:9
not �xed 1000 3 � 1:6 36:9 � 1:3 35:2 � 2 41:3 � 0:9

not �xed 2:5 � 1:3 13:5 � 4:3 16:7 � 4:3

Table
5.3:

N
onlinear

toy
problem
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number of selected features
(average number� standard deviation)

C GAAcc GAR2W2 GAJH
100 3 � 1 29� 3 25� 3

not �xed 3 � 1 4 � 1 6 � 2

Table 5.4: Nonlinear toy problem: number of selected features
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Experiment type Method (average % test error � standard deviation)
m C GAAcc GAR2W2 GAJH Fisher Relief-F RFE no feat. sel.

20 0.01 22:8 � 10:5 15:8 � 9:3 16:3 � 10:4 15� 9:4 14:7 � 8:8 16:3 � 9:5 16:2 � 9:4
50 0.01 20:3 � 10:3 16 � 9 16:7 � 9:4 14:8 � 9:1 14.3� 9.8 16:2 � 9:1 16:2 � 9:4
100 0.01 19:7 � 10:6 15.7� 9.5 17:2 � 9:1 15:2 � 9:7 14:3 � 9:5 16:3 � 8:7 16:2 � 9:4
250 0.01 17:2 � 11 16:2 � 8:8 16:7 � 8:9 15:7 � 9 16:5 � 10 15:8 � 8:3 16:2 � 9:4
500 0.01 16:3 � 8:7 15:3 � 9:1 16.5� 9 17:2 � 9 15:5 � 9:4 16 � 9:4 16:2 � 9:4
1000 0.01 17:2 � 8:5 16:7 � 9:7 16:7 � 9:4 17:8 � 8:1 16� 9:3 16:3 � 9:4 16:2 � 9:4
not �xed 0.01 21:3 � 12 16:2 � 9 17:5 � 8:5 16:2 � 9:4

not �xed 21:7 � 10:8 15:5 � 8:7 15:8 � 9:3

Table
5.5:

C
olon

data
set
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number of selected features
(average number� standard deviation)

C GAAcc GAR2W2 GAJH
100 42� 20 221� 14 236� 17

not �xed 49� 30 382� 35 388� 35

Table 5.6: Colon data set: number of selected features

61



Figure 5.5: Colon data set: select �xed number of features
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Figure 5.6: Colon data set: no �xed number of features
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Figure 5.7: Colon data set: number of selected features
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Experiment type Method (average % test error � standard deviation)
m C GAAcc GAR2W2 GAJH Fisher Relief-F RFE no feat. sel.

10 100 5:8 � 5 4:3 � 4:8 5:3 � 4:1 8:7 � 8:4 11:5 � 6:2 5:8 � 4:1 3:8 � 3:6
20 100 6:7 � 5:7 5:3 � 5 6:7 � 5:7 5:8 � 5:8 5:3 � 3:5 5:8 � 5:8 3:8 � 3:6
40 100 6:3 � 4:6 3:8 � 4:1 3:8 � 4:1 3:9 � 4:1 5.8� 4.6 3:4 � 3:8 3:8 � 3:6
not �xed 100 4:8 � 4 4:8 � 4:8 5:8 � 5 3:8 � 3:6

not �xed 5:3 � 5 3:4 � 3:2 4.3� 4.3

Table
5.7:

Y
east

data
set
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number of selected features
(average number� standard deviation)

C GAAcc GAR2W2 GAJH
100 9 � 1 23� 3 26� 3

not �xed 8 � 1 23� 2 23� 2

Table 5.8: Yeast data set: number of selected features
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Figure 5.8: Yeast data set: select �xed number of features
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Figure 5.9: Yeast data set: no �xed number of features

68



Figure 5.10: Yeast data set: number of selected features
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Chapter 6

Discussion of Results

In the last chapter di�erent Genetic Algorithms were compared with each

other and with Fisher Criterion Score, Relief-F and RFE on two toy data

problems as well as on two real life data sets. On real world data sets the

GAAcc/m -GAAcc algorithm shows in some cases a signi�cant over�tting

problem. Here is an advantage of the GAR2W2/m-GAR2W2 respectively

GAJH/ m-GAJH algorithm. Both algorithms have a comparable perfor-

mance, GAR2W2/m-GAR2W2 being slightly better in most experiments.

If m is not �xed beforehand they select about the same number of features,

which is substantially higher than the number obtained by GAAcc. Espe-

cially GAR2W2 and GAJH bene�t from the optimization of the parameter

C within the Genetic Algorithm. The average test error of GAR2W2 with

parameter optimization is on real life data comparable to a RFE for which

kernel parameters and the appropriate number of features isdetermined by

multiple trials. However, the number of selected features is, except on the

Yeast data set, higher. Comparing computation times, one needs for one run

(that means for one ofJ trials) of GAR2W2 with parameter optimization

on the Colon data set about 30 minutes on a Pentium IV with 2 GHz. One

run of a RFE takes about 2 minutes, but to determine the regularization

parameter (0:001; 0:01; 0:1; 1; 10; 100; 1000) and the appropriate number of

features (20; 50; 100; 250; 500; 1000) one would need all in all 7� 6 = 42 runs.

Thus in fact it takes 42� 2 = 84 minutes, which is almost 3 times more than
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with GAR2W2! Thus in fact one can save time using GAR2W2 instead of

multiple runs of RFE.

Fisher Criterion Score and Relief-F are in some cases signi�cantly worse

than e.g. m-GAR2W2 (see Yeast data set, linear toy data set). Especially

the linear toy data shows the drawback of �lter methods. While for m = 2

none of the wrapper methods had problems �nding the important feature

subset, the �lter algorithms signi�cantly failed. That shows that wrapper

algorithms o�er a more reliable measure of importance for feature subsets

than �lter approaches which induce a separate inductive bias by means of

the importance measure taken (compare 2.3).

As a general conclusion from the experiments shown above onecan state

the following:

� Genetic Algorithms using cross-validation to evaluate a given feature

subset show in some cases a signi�cant over�tting problem.

� Using leave-one-out error bounds instead is an alternative. It leads to

a better generalization performance in most cases, but if the number of

features to select is not �xed beforehand, a higher number offeatures

is selected than with cross-validation.

� Optimizing kernel parameters within the Genetic Algorithmis useful,

especially if leave-one-out error bounds are used.

� Genetic Algorithms using theR2W 2 bound show a comparable general-

ization performance to RFE. The number of selected featuresis in most

cases a bit higher. If the number of features is not �xed beforehand

and kernel parameters are optimized within the Genetic Algorithm,

one can in fact save time by using such an algorithm instead ofrunning

RFE multiple times to determine kernel parameters and an appropriate

number of features. If the number of features to select is known before-

hand, however, Genetic Algorithms don't o�er these advantages any

more. Thus in this case Genetic Algorithms are not recommendable.

� Filter methods are partially signi�cantly worse than wrapper algo-

rithms.
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It has to be mentioned that the signi�cances, which were found here, depend

on the used statistical test. Hence a more liberal statistical test might have

found more signi�cant di�erences. It is also important to understand, that

the termination conditions of Genetic Algorithms have an in
uence on the

obtained results. Finally the experimental results dependon the data sets

used.
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Chapter 7

Conclusion

This Diploma Thesis dealt with the problem of feature selection for Sup-

port Vector Machines by means of Genetic Algorithms. Feature selection is

an important issue in Machine Learning and of great practical importance,

e.g. in bioinformatics. Especially in this domain we have data with very

high dimensionality (> 1000), but only a few features are relevant to obtain

the best possible generalization performance of our learning machine, e.g.

Support Vector Machine. The two central problems of featureselection are

� What does the term \relevant" mean, i.e. what is an appropriate rele-

vance measure for features?

� How can relevant features be found?

Formally the problem of feature subset selection in MachineLearning can be

addressed in the following two ways:

1. Given a �xed m � d, �nd the m features that give the smallest ex-

pected generalization error; or

2. Given a maximum allowable generalization error
 , �nd the smallest

number m of features.

This should not be confused with feature extraction as it is done in PCA

or ICA. Two general approaches are known to solve the featureselection
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problem: the �lter approach and the wrapper approach. In a �lter method

feature selection is performed as a preprocessing step to the actual learning

algorithm, i.e. before applying the classi�er to the selected feature subset.

Features are selected with regard to some prede�ned relevance measure which

is independent of the actual generalization performance ofthe learning algo-

rithm. This can mislead the feature selection algorithm. Wrapper methods,

on the other hand, train the classi�er system with a given feature subset as

an input and return the estimated generalization performance of the learning

machine as an evaluation of the feature subset. This step is repeated for each

feature subset taken into consideration. Thus the wrapper approach requires

multiple training runs of the learning machine on the training data and hence

induces a potential danger of over�tting, especially, ifk-fold cross-validation

is used as an estimator of the generalization error, becausethe same feature

subset has to be evaluatedk times.

The problem of feature selection can be viewed as a combinatorial task:

Given the set of all features, �nd out the combination of features that min-

imizes the expected generalization error. Especially if wehave very high

dimensional data, e.g. DNA micro array data, the search space is too big to

perform an exhaustive search. Thus Genetic Algorithms as non-exhaustive,

stochastic search methods o�er a natural way to explore the search space.

This has been done before in combination with cross-validation and a binary

encoding of the search space.

In this thesis Support Vector Machines are used as the learning machine

and thus one can take existing theoretical bounds for the generalization error

instead if cross-validation to evaluate a given feature subset. On hand hand

these bounds give a less accurate estimate of the generalization error. But

on the other hand they reduce the potential danger of over�tting, if they

are used within a wrapper approach. Additionally they are computationally

attractive. If the number of features to be selected is �xed and hence the

search space is much smaller than with a variable number of selected features,

we can use a decimal encoding, which is much more e�ciently than a binary

encoding that representes all possible feature subsets of any size. If the

number of features to be selected is not �xed beforehand, theusual binary
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encoding was taken. Additionally to the selection of a feature subset, one

can optimize kernel parameters such as the regularization parameterC of the

SVM by means of Genetic Algorithms. This is reasonable, because the choice

of the feature subset has an in
uence on the appropriate kernel parameters

and vice versa.

Existing algorithms such as Fisher Criterion Score, Relief-F and Recur-

sive Feature Elimination were compared to Genetic Algorithms using cross-

validation and to Genetic Algorithms using two di�erent error bounds on two

toy problems and two DNA micro array data sets. Hereby Recursive Feature

Elimination is a heuristic wrapper algorithm which was especially designed

for SVMs, and Fisher Criterion Score and Relief-F are two �lter algorithms.

As a conclusion of the experiments one can state that GeneticAlgorithms

using the R2W 2 bound and optimizing various kernel parameters are a rec-

ommendable alternative, if the number of features to selectis not known

beforehand. It reduces over�tting in comparison withk-fold cross-validation

in most cases. Additionally, in comparison with running RFEmultiple times

to determine the kernel parameters and an appropriate feature subset, one

in fact saves time.

A further application of Genetic Algorithms in Machine Learning could

be e.g. to construct features as products from existing onesrather than

searching for feature subsets. The Genetic Algorithm couldbe used to �nd

the products which give the smallest expected generalization error. This way

maybe one could detect nonlinearities in the data. The search space in this

case is much bigger than for the problem of feature selection. Especially if

Support Vector Machines are used, one could try a similar setting as de-

scribed in this thesis and evaluate a given set of products bymeans of the

bounds for the generalization error which were described here. This should

be subject to further investigation.
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Appendix A

Implementation

A.1 Program Description

All feature selection algorithms which are presented in this work are im-

plemented in a program \Featuresel". The program has two di�erent user

interfaces: a graphical interface and a command line version. The graphi-

cal interface was developed especially for Microsoft Windows and is mainly

for demonstration purposes, while the command line versionis completely

platform independent and quicker to use. The command line version can be

either run as a binary or as a Java class under Windows:

featuresel [#features to select] [options] <training file>

<test file> <output file> [<validation file]

respectively

java featuresel.Featuresel [[#features to select] [optio ns]

<training file> <test file> <output file> [<validation file]]

is under Windows the same, if arguments are passed. If no arguments are

passed the command

java featuresel.Featuresel
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will invoke the graphical interface. The meaning ofoptions is the following:

-t kernel type: set type of kernel function (default 2):

0 -- linear (u*v')

1 -- polynomial ((gamma * u*v'+ coef0)^degree)

2 -- radial basis function (exp f -gamma * (u*v')^2 g)

3 -- sigmoid (tanh f gamma * u*v' + coef0g)

-d degree: degree in kernel function (default 3)

-g gamma: gamma in kernel function (default 1/# f input features g

-r coef0: coef0 in kernel function (default 0)

-c cost: parameter C of C-SVM (default 1)

-v n: n-fold cross-validation for testing

-x n: n-fold cross-validation for training

-o: optimize regularization parameter C (only usable with

genetic algorithms and binary encoding)

-M n: show messages yes/no (default 1)

0 -- no

1 -- yes

-F n: set feature selection algorithm (default 0)

0 -- no feature selection

1 -- Fisher Criterion Score

2 -- Relief-F

3 -- Recursive Feature Elimination

4 -- Genetic Algorithm (accuracy on validation set as

criterion or - if no validation set is given -

cross validation on

training set)

5 -- Genetic Algorithm (R^2W^2 criterion)

6 -- Genetic Algorithm (Jaakkola-Haussler criterion)

The format of the training and testing data �le is:
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<label> <index>:<value> f <index>:<value> g

.

.

.

<label> is an integer which represents the class label of the training

respectively testing example.<index> is an integer starting from 1 for each

example, and<value> is a real number. If no number of features to select

is passed and the algorithm chosen isnot a Genetic Algorithm, no feature

selection is performed. If a Genetic Algorithm is chosen, the algorithm tries

to �nd out the appropriate number of features by itself. In this case it is also

possible to optimize the regularization parameterC simultaneously.

The following picture shows the main dialog of the graphicalinterface:

The user can select the algorithm, the necessary �les, whether to perform

cross-validation or not and the kernel parameters interactively. If the check

box \show messages" is activated each algorithm prints out some information

during the run into an output window. Otherwise nothing is printed during

the run, but in the end \ready" is written to the standard I/O o utput stream.

If the message output window is open, the user can stop the computation

of an algorithm by clicking the \Finish" button. If the user chose a Genetic

Algorithm as the feature selection algorithm, common statistic evaluations

can be seen in a plot: The plot below shows the number of features of the best

individual of a certain generation. The plot above shows the�tness value of

the best individual, the average �tness per generation, theonline performance

(i.e. the running average over all �tness values up to the current generation)

and the o�ine performance (i.e. the running average of the �tness values

of the best individuals up to the current generation). The latter de�nitions

follow De Jong [DeJong75]. The user can use the mouse to zoom into the

plot by dragging a rectangle beginning with the upper left corner, or zoom

out of the plot by dragging a rectangle beginning with the lower right corner.

If the plot window is closed the computation continues untilit is ready or

stopped by clicking the \Finish" button in the message output window.
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Figure A.1: Main dialog of the graphical interface

A.2 Program Architecture

Basically it would be right not to talk about one but two programs: one

which o�ers a graphical interface and one which doesn't. Theprogram which

doesn't is completely written in C++ and therefore creates an executable bi-

nary. The one with the graphical interface is a combination of Java and

C++. The graphical interface itself is written in Java, while the core al-

gorithms are encapsulated in a Dynamic Link Library (DLL). The DLL is

loaded at the initialization of the program. Whenever a feature selection al-

gorithm shall be started, a new thread is created in which theDLL is entered

and the algorithm is invoked. The communication between Java and C++
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is done by means of the Java Native Interface (see e.g.http://java.sun.

com/docs/books/tutorial/native1.1/index.html ). From the C++ side

the only di�erence between the DLL and the executable binaryversion of the

program is the code for the invocation of the feature selection algorithms.

For the executable binary program this is done in the �lemain.cpp which

includes the main method of the program. The command line is parsed and

afterwards the correct algorithm with the right parametersis started. The

DLL has a �le invoke.cpp instead which o�ers two DLL methods, one to

start an arbitrary algorithm and one to stop it (which happens, if the \Fin-

ish" button is clicked). In this case a boolean variable is switched which is

regularly checked and which tells the algorithm to terminate. The invocation

of an algorithm is done in a similar manner like in themain.cpp �le.

A.3 Class Architectures

Figure A.3 shows a class diagram of the basic classes:

The classGeneticAlgorithm contains the Genetic Algorithms, the class

RecursiveFeatureElimination contains the RFE algorithm, and the �lter

methods are implemented in the classFilterRanking . The Wrapper algo-

rithms require the training of a Support Vector Machine repeatedly. The

SVM algorithm is a public available implementation, calledlibsvm , which

can be downloaded fromhttp://www.csie.ntu.edu.tw/~cjlin/libsvm . It

de�nes several interface methods in the �lesvm.h. The most important are

svmtrain and svmpredict which lead to a training of a SVM with a cer-

tain input respectively a prediction of a ready trained SVM on some pattern.

The static method k function of the classKernel inside libsvm are used

to compute the value of the kernel function on some training vectors. The

libsvm de�nes three important structures: svmmodel, svmproblem and

svmparameter. The structure svmmodel represents the hypothesis which a

ready trained SVM has learned. The structuresvmproblem stores a dataset

in memory, and the structure svmparameter describes all paramters, e.g.

kernel parameters, of a SVM. For more information aboutlibsvm see the

documentation which comes along with this package.
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The purpose of the classesTextWrapper and PlotWrapper is to make the

implementation of the classesGeneticAlgorithm , RecursiveFeatureElimi-

nation and FilterRanking independent of whether the graphical interface

is used, i.e. the output is printed into some window, or not. In the latter

case outputs are printed to some output stream. That means the overloaded

<< operators in classTextWrapper simply passes the argument to the output

stream which was given to the constructor before. On the other hand, if

the graphical interface is used, an other constructor is used which receives a

pointer to a Java object. The Java object has a methodprintString which

prints a certain string to the output window of the graphicaluser interface.

Whenever the second constructor is called the private variable java is set to

false which indicates the overloaded<< operators to invoke the java method

printString and pass the argument to this method. Similar the class

PlotWrapper has a constructor which receives the pointer to a Java object

that has a methodaddPoint . The purpose of this method is to add a given

point to a certain dataset within some plot. Whenever thePlotWrapper

method addPoint is called it simply invokes the Java methodaddPoint and

passes the given arguments. This way the classGeneticAlgorithm doesn't

need to know whether the graphical interface is used or not. It simply calls

the methods fromPlotWrapper and TextWrapper and they pass the argu-

ments in the right way. The PlotWrapper methods are called only, if the

PlotWrapper object wasn't NULL. That means if one doesn't want to use

the graphical interface, the constructor ofGeneticAlgorithm can be simply

called with NULLinstead of an existingPlotWrapper object.

The classPopulation stores a population of individuals for the Genetic

Algorithm in an array. Instead of the objects only pointers to objects of

classIndividual are stored. The classPopulation o�ers a method which

prints out the actual population to a TextWrapper object. For this purpose

it makes use of the overloaded<< operator of classIndividual . Population

also o�ers a equals method which returns true if to populations contain

the same individuals. For this it makes use of theequals method of class

Individual .

The class Individual represents an individual for the Genetic Algo-
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rithm. To make it more general in use, the constructor receives an object

of classGenomeIndwhich is an abstract superclass for all genomes of an in-

dividual. Additionally it receives a pointer to an object of classRandGen.

RandGeno�ers a general purpose random generator. The implementation

is taken from [Goldberg98] and more information can be foundthere as

well. Individual o�ers methods computeFitnessVal , computeFitnessCV

and computeFitnessBoundwhich compute the �tness of an individual with a

genome representing some feature subset by means of validation on an inde-

pendent validation set,k-fold cross-validation on the training set or by one of

the bounds (2.19), (2.22). For the necessary SVM training the functionality

of the libsvm is used. By means of the methodgetSelectedFeatures one

returns a feature subset of a given input set with respect to the genome of

the individual.

As mentioned before the classGenomeIndis an abstract superclass for

all genomes of an individual. Among others it o�ers the methods HUXand

mutate which perform a HUX between two genomes respectively a Cata-

clysmic Mutation on the actual genome. Two concrete subclasses areBitvec

and DecvecAll. Bitvec stores a binary genome as an array of bits, and

DecvecAll stores a decimal genome in an integer array. A subclass of

DecvecAll is the classDecvecwhich di�ers from DecvecAll in the way that

each decimal gene has to be unique. This is used for them-GA algorithm

family, which aims at �nding the best m best features.

FilterRanking o�ers the implementation of the Fisher Criterion Score

and the Relief-F algorithm. Both algorithms are put together in this class

because they both compute a ranking of features according tosome criterion.

The ranking and the value of the criterion are store in the structure Score.

Thus the methodsgetAllReliefF and getAllFisherScore return an array

of Score structures.

The RFE algorithm is implemented in theRecursiveFeatureElimination

class. Here the methodgetAll returns an integer list of the features in the

order they were eliminated.

Finally the class Algo o�ers some general purpose things like the cross-

validation algorithm or a method to read in �les. All methods are made
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static.

Figure A.4 shows a class diagram of the graphical interface classes which

are encapsulated in a packagefeaturesel :

The class Featuresel contains the main method of the graphical in-

terface. It �rst checks whether arguments are passed. If this is the case

they are parsed and the native methodinvoke algorithm is called. Oth-

erwise an instance of classGUI is created. If the user clicks \Filej New"

an object of classGUI Newis created. If the user clicks \Run" the method

prep algorithm passes the settings the user has made in the dialog to the

actual instance of Featuresel . Depending on whether the user has se-

lected \show messages" or \plot statistics" a reference to an object of class

GUI TextOutput respectivelyPlotter or null is handed over. Then a new

thread of classFeaturesel is started. The run method of this thread sim-

ply calls the native methodinvoke algorithm with the arguments formerly

given by prep algorithm . If the user clicks \Finish" in the output window,

the native method exit algo is called and the execution of the thread is

�nished.

The classGUI TextOutput is simply an extension of classjava.awt.Frame .

Each instance contains a reference to aTextArea object. WheneverprintStr-

ing is invoked the passed string is added to this text area.

The classPlotter is also an extension of classjava.awt.Frame . It con-

tains two attributes of classPlot . This class is part of the public available

packageptolemy which can be downloaded fromhttp://ptolemy.eecs.

berkeley.edu/java/ptplot5.2/ptolemy/plot/doc/index. htm. The Plot

class handles plotting, rescaling, zooming and adding legends automatically.

A more detailed documentation of all classes can be found in the API on

the program CD.
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Figure A.2: Plotter window
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Figure A.3: Class diagram of main classes
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Figure A.4: Class diagram of graphical interface classes
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