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ABSTRA CT

BA TCH LEARNING OF DISJOINT FEA TURE INTER V ALS

Ayn ur Akku � s

M.S. in Computer Engineering and Information Science

Sup ervisor: Asso c. Prof. Halil Alta y G • uv enir

Septem b er, 1996

This thesis presen ts sev eral learning algorithms for m ulti-concept descriptions

in the form of disjoin t feature in terv als, called F e atur e Interval L e arning algo-

rithms (FIL). These algorithms are batc h sup ervised inductiv e learning algo-

rithms, and use feature pro jections of the training instances for the represen ta-

tion of the classi�cation kno wledge induced. These pro jections can b e general-

ized in to disjoin t feature in terv als. Therefore, the concept description learned

is a set of disjoin t in terv als separately for eac h feature. The classi�cation of

an unseen instance is based on the w eigh ted ma jorit y v oting among the lo cal

predictions of features. In order to handle noisy instances, sev eral extensions

are dev elop ed b y placing w eigh ts to in terv als rather than features. Empirical

ev aluation of the FIL algorithms is presen ted and compared with some other

similar classi�cation algorithms. Although the FIL algorithms ac hiev e compa-

rable accuracies with other algorithms, their a v erage running times are m uc h

more less than the others.

This thesis also presen ts a new adaptation of the w ell-kno wn k -NN clas-

si�cation algorithm to the feature pro jections approac h, called k -NNFP for

k -Ne ar est Neighb or on F e atur e Pr oje ctions , based on a ma jorit y v oting on in-

dividual classi�cations made b y the pro jections of the training set on eac h

feature and compares with the k -NN algorithm on some real-w orld and arti�-

cial datasets.

Keyw ords: mac hine learning, sup ervised learning, inductiv e learning, batc h

learning, feature pro jections, v oting.
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Ayn ur Akku � s

Bilgisa y ar v e Enformatik M • uhendisli� gi, Y • uksek Lisans

T ez Y• oneticisi: Do� c. Dr. Halil Alta y G • uv enir

Eyl • ul, 1996

Bu tezde • oznitelik izd • u � s • umlerine da y al� y eni • o� grenme algoritmalar� sun ulm u � s-

tur.

•

Oznitelik B• ol • un t • ulerini

•

O� grenme (FIL) olarak isimlendiri len bu algorit-

malar toplu, denetimli v e t • umev ar�msal •o� grenme y• on temlerini kullan�rlar v e

•o� grenme •orneklerinin •oznitelik izd • u � s • umlerini s�n�
ama bilgisini �c�k armak i� cin

kullan�rlar. Bu izd • u � s • umler a yr�k •oznitelik b• ol • un t • ulerine genellenir. B• oylece,

•o� grenilen k a vram tan�mlar� her • oznitelik i� cin a yr�k • oznitelik b• ol • un t • uleri � seklinde

g• osterilir. Daha •once g• or • ulmemi � s bir •orne� gin s�n�
and�rmas� i� cin her • oznitelik

taraf�ndan bir • on s�n�
and�rma y ap�l�r v e son s�n�
ama bu • on s�n�
and�rmalar�n

a� g�rl�kl� � co� gunluk o ylamas�yla b elirlenir. Hatal� • ornekleri tespit edebilmek i� cin

b• ol • un t • ulere a� g�rl�k v erilerek baz� de� gi � siklikler • onerilmi � stir. FIL algoritmalar�n�n

b enzer sistemlerle uygulama son u� clar� do� gal v e y apa y v eri k • umeleri •uzerinde

k ar � s�la � st�r�lm � � st�r. Bu algoritmalar�n do� gruluk oranlar� daha •oncekilere y ak�n

olmas�na ra� gmen ortalama � cal� � sma s • ureleri � cok daha azd�r.

Bu tezde literat • urde y a yg�n olarak bilinen k en y ak�n k om � su s�n�
and�rma

algoritmas� ( k -NN) y eniden tan�mlanm� � st�r v e k -NNFP , •oznitelik izd • u � s • umleri

•uzerinde k en y ak�n k om � su s�n�
and�rmas�, olarak isimlendiril m i � stir. k-NNFP

algoritmas�nda s�n�
and�rma her • oznitelikten gelecek olan tahminler aras�ndan

�co� gunluk o ylamas� y ap�larak b elirlenir. k -NNFP v e k -NN algoritmalar�n�n

k ar � s�la � st�r�lm as� do� gal v e y apa y v eri k • umeleri • uzerinde y ap�lm� � st� r.

Anah tar S• ozc • ukler: •o� grenme, t • umev ar�msal • o� grenme, toplu • o� grenme, dene-

timli • o� grenme, • oznitelik izd • u � s • umleri, o ylama.
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Chapter 1

In tro duction

Mac hine learning has pla y ed a cen tral role in arti�cial in telligence since 1980's,

esp ecially in mo deling b eha vior of h uman cognition and h uman though t pro-

cesses for problem solving strategies. The studies in mac hine learning suggest

computational algorithms and analyses of suc h algorithms that suggest expla-

nations for capabilities and limitations of h uman cognition. Learning can b e

describ ed as increasing the kno wledge or skills in accomplishing certain tasks

[13]. The learner applies inferences in order to construct an appropriate repre-

sen tation of some relev an t realit y .

One of the fundamen tal researc h problems in mac hine learning is ho w to

learn from examples since it it usually p ossible to obtain a set of examples to

learn from. F rom a set of training examples, eac h lab eled with its correct class

name, a mac hine learns b y forming or selecting a generalization of the training

examples. This pro cess, also kno wn as sup ervised learning, is useful for real-

w orld classi�cation tasks, e.g. disease diagnosis, and problem solving tasks in

whic h con trol decisions dep end on classi�cation. Inductiv e learning refers to

learning from examples in whic h kno wledge is acquired b y dra wing inductiv e

inference from the examples giv en. Acquiring kno wledge in v olv es op erations

of generalizing, sp ecializing, transforming, correcting and re�ning kno wledge

represen tations [42, 43 ].

Man y of the tasks to whic h mac hine learning tec hniques are applied are

tasks that h umans can p erform quite w ell. Ho w ev er, h umans often cannot tell

1
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ho w they solv e these tasks. Inductiv e sup ervised learning is able to exploit the

h uman abilit y to assign lab els to giv en instances without requiring h umans to

explicitly form ulate rules that do the same. These training instances are then

analyzed b y inductiv e sup ervised algorithms to learn sp eci�c tasks.

There are sev eral di�eren t metho ds b y whic h a h uman (or a mac hine) can

acquire kno wledge [43]:

� rote learning (learning b y b eing programmed)

� learning from instruction (learning b y b eing told)

� learning from teac her pro vided examples (concept acquisition)

� learning b y observing the en vironmen t and making disco v eries (learning

from observ ation and disco v ery)

In this thesis, w e will concern with concept acquisition. Concept acquisition

can b e de�ned as the task of learning a description of a giv en concept from a

set of examples and coun terexamples of that concept [13 , 43 ]. Examples are

represen ted usually b y input v ectors of feature v alues and their corresp onding

class lab els. Concept descriptions are then learned as relations among the giv en

set of feature v alues and the class lab els.

The abilit y to classify is another imp ortan t facet of in telligence. The task of

a classi�cation algorithm is to predict correctly the class of an unseen test exam-

ple from a set of lab eled training examples or classi�cation kno wledge learned

b y a concept acquisition algorithm. Man y sup ervised learning algorithms ha v e

b een dev elop ed to p erform classi�cation [5, 10, 28 , 52 , 58 ]. Classi�cation sys-

tems require only a minim al domain theory and are based on training instances

to learn an appropriate classi�cation function.

One of the cen tral problems in classifying ob jects is distinguishing features

that are relev an t to the target concept from that are irrelev an t. Man y re-

searc hers ha v e addressed the issue of feature w eigh ting in order to reduce the

impact of irrelev an t features and to increase the impact of more relev an t fea-

tures in classi�cation tasks, b y in v estigating feature w eigh ting [2], and feature
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subset selection [38 , 61]. Some classi�cation systems giv e equal imp ortance

to all features. Ho w ev er, in real life, the relev ance of features ma y not all b e

the same. The algorithms whic h assign equal w eigh ts to all features are more

sensitiv e to the presence of irrelev an t features. In order to prev en t the in trusiv e

e�ect of irrelev an t features, feature subset selection approac hes are utilized in

whic h the space of subsets of feature sets are considered to determine the rele-

v an t and irrelev an t features. As a simple example, the learning algorithm is run

on the training data with di�eren t subsets of features, using cross-v alidation to

estimate its accuracy with eac h subset. These estimates are used as an ev alua-

tion metric for directing searc h through the space of feature sets [6, 29 , 38 , 61].

On the other hand, the disadv an tage of using feature selection metho d is that

it treats features as completely relev an t or irrelev an t. In realit y , the degree of

relev ance ma y not b e just 0 or 1, but an y v alue b et w een them.

Kno wledge represen tation in exemplar-based learning mo dels are either rep-

resen tativ e instances [2, 5 ], or h yp errectangles [58, 59 ]. F or example, instance-

based learning mo del retains examples in memory as p oin ts, and nev er c hanges

them. The only decisions that are made are what p oin ts to store and ho w

to measure similarit y . Sev eral v arian ts of this mo del ha v e b een dev elop ed

[2, 3, 4, 5]. Nested generalized-exempl ars mo del represen ts the learned kno wl-

edge as h yp errectangles [58, 59 ]. This mo del c hanges the p oin t storage mo del

of the instance-based learning and retains examples in the memory as axis-

parallel h yp errectangles.

The Classi�cation b y F eature P artitioning [27 , 28, 65], and Classi�cation

with Ov erlapping F eature In terv als [67] algorithms are also exemplar-based

learning algorithms based on generalized feature v alues. They are incremen tal

inductiv e sup ervised learning algorithms. Their basic kno wledge represen tation

is based on feature pro jections. Classi�cation kno wledge in these algorithms is

represen ted as sets of disjoin t and o v erlapping feature in terv als, resp ectiv ely .

The classi�cation of an unseen test example is determined through a w eigh ted

v oting sc heme on classi�cations based on the individual feature predictions.

F eature pro jections for kno wledge represen tation allo ws faster classi�cation
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than other exemplar-based learning mo dels since these pro jections can b e or-

ganized for faster classi�cation. Another imp ortan t adv an tage of this repre-

sen tation is that it allo ws easy handling of missing feature v alues b y simply

ignoring them. The ma jor dra wbac k of this kno wledge represen tation is that

descriptions in v olving a conjunction b et w een t w o or more features cannot b e

represen ted. Ho w ev er, the rep orted results sho w that b oth tec hniques are suc-

cessful b y pro cessing eac h feature separately [27, 28 , 65 , 67 ]. This thesis will

in v estigate that whether it is p ossible to obtain more accurate concept descrip-

tions in the form of disjoin t feature in terv als when they are learned in the batc h

(non-incremen tal) mo de.

As a preliminary w ork to this thesis, w e ha v e studied classi�cation of ob-

jects on feature pro jections in a batc h mo de [7]. Classi�cation in this metho d

is based on a ma jorit y v oting on individual classi�cations made b y the pro-

jections of the training set on eac h feature. W e ha v e applied the k -nearest

neigh b or algorithm to determine the classi�cations made on individual feature

pro jections. W e called the resulting algorithm k -NNFP , for k -Ne ar est Neigh-

b or on F e atur e Pr oje ctions . The nearest neigh b or (NN) algorithm stores all

training instances in memory as p oin ts and classi�es an unseen instance as the

class of the nearest neigh b or in the n -dimensional Euclidean space where n is

the n um b er of features. The extended form of the NN algorithm to reduce the

e�ect of the noisy instances is the k -NN algorithm in whic h classi�cation is

based on a ma jorit y v oting among k nearest neigh b ors. The most imp ortan t

c haracteristic of the k -NNFP algorithm is that the training instances are stored

as their pro jections on eac h feature dimension. This allo ws the classi�cation of

a new instance to b e made m uc h faster than the k -NN algorithm. The v oting

mec hanism reduces the in trusiv e e�ect of p ossible irrelev an t features in clas-

si�cation. F urthermore, the classi�cation accuracy of the k -NNFP algorithm

increases when the v alue of k is increased, whic h indicates that the pro cess of

classi�cation can incorp orate the learned classi�cation kno wledge b etter when

k increases.

First, w e treated all features as equiv alen t in the k -NNFP algorithm. Ho w-

ev er, all features need not ha v e equal relev ance. In order to determine the

relev ances of features, the b est metho d is to assign them w eigh ts. In this
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thesis, w e prop ose t w o metho ds for learning feature w eigh ts for the learning

algorithms whose kno wledge represen tation is feature pro jections. The �rst

metho d is based on homogeneities of feature pro jections, called homogeneous

feature pro jections, for whic h the n um b er of consequen t v alues of feature pro-

jections of a same class supp orts an evidence for increasing the probabilit y of

correct classi�cation in the learning algorithm that uses feature pro jections as

the basis of learning. The second metho d is based on the accuracies of indi-

vidual features, called single feature accuracy . In this approac h, the learning

algorithm is run on the basis of a single feature, once for eac h feature. The

resulting accuracy is tak en as the w eigh t of that feature since it is a measure

of con tribution to classi�cation for that feature. The �rst empirical ev aluation

of these feature w eigh ting metho ds on real w orld datasets will b e in v estigated

in the k-NNFP algorithm in Section 3.4. These metho ds can b e also applied

to other learning algorithms whic h use feature w eigh ts.

In this thesis, w e fo cused on the problem of learning m ulti-concept descrip-

tions in the form of disjoin t feature in terv als follo wing a batc h learning strategy .

W e designed and impleme n ted sev eral batc h algorithms for learning of disjoin t

feature in terv als. The resulting algorithms are called F e atur e Intervals L e arn-

ing algorithms (FIL). These algorithms are batc h inductiv e sup ervised learning

algorithms. Sev eral mo di�cations are made to the initial FIL algorithm, FI1, to

in v estigate whether impro v em en t for this metho d is p ossible or not. Although

the FIL algorithms ac hiev e comparable accuracies with the earlier classi�ca-

tion algorithms, the a v erage running times of the FIL algorithms are m uc h less

than those.

The FIL algorithms learn the pro jections of the concept descriptions o v er

eac h feature dimension from a set of training examples. The kno wledge repre-

sen tation of the FIL algorithms is based on feature pro jections. The pro jections

of training instances are stored in memory , separately in eac h feature dimen-

sion. Concepts are represen ted as disjoin t in terv als for eac h feature. In the ba-

sic FIL algorithm, an in terv al is represen ted b y four parameters: lo w er b ound,

upp er b ound, represen tativ eness coun t and asso ciated class lab el. Lo w er and

upp er b ounds of an in terv al are the minim um and maxim um feature v alues

that fall in to the in terv al resp ectiv ely . Represen tativ eness coun t is the n um b er
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of the instances that the in terv al represen ts, and �nally the class lab el is the

asso ciated class of the in terv al.

In the FIL algorithms, eac h feature mak es its lo cal prediction b y simply

searc hing through the feature in terv als con taining that feature v alue of the test

instance. The �nal prediction is based on the w eigh ted ma jorit y v oting among

lo cal predictions of features. The v oting mec hanism reduces the negativ e e�ect

of p ossible irrelev an t features in classi�cation. Since FIL algorithms treat eac h

feature separately , they do not use an y similarit y metric among instances for

prediction unlik e other exemplar-based mo dels that are similarit y-based algo-

rithms. This allo ws the classi�cation of a new instance to b e made m uc h faster

than similarit y-based classi�cation algorithms.

Since induction of m ulti-concept descriptions from classi�ed examples ha v e

large n um b er of applications to real-w orld problems, w e will ev aluate FIL al-

gorithms on some real-w orld datasets from the UCI-Rep ository [47]. F or this

purp ose, w e ha v e also compiled t w o medical datasets, one for the description of

arrh ythmia c haracteristics from ECG signals, and the other for the histopatho-

logical description of a set of dermatological illnesses.

In summary , the primary con tributions of this thesis can b e listed as follo ws:

� W e formalized the concept of feature pro jections for kno wledge represen-

tation in inductiv e sup ervised learning algorithms.

� W e applied this represen tation to classical NN algorithm, compared k -

NN and k -NNFP (the k -NN that uses feature pro jections). W e should

note that the disadv an tage of this represen tation do es not a�ect the clas-

si�cation of real-w orld datasets.

� W e presen ted sev eral batc h learning metho ds of disjoin t feature in terv als

for assigning w eigh ts to features and in terv als. W e also presen ted t w o

feature w eigh t learning metho ds.

� W e started the construction of t w o new medical datasets as an application

area, and a test b ed for ML algorithms.
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This thesis presen ts and ev aluates sev eral batc h learning metho ds in the

form of disjoin t feature in terv als that use feature pro jections for kno wledge

represen tation. In the next c hapter, a summary of the previous concept learn-

ing mo dels are presen ted. In Chapter 3, feature pro jections for kno wledge rep-

resen tation are discussed and some prior researc h is explained in detail. The

details of the FIL algorithms are describ ed in Chapter 4. The construction of

feature in terv als on a feature dimension and classi�cation pro cess is illustrated

through examples, and sev eral extensions of basic FIL algorithm are describ ed.

Complexit y analysis and empirical ev aluation of FIL algorithms are studied in

Chapter 5. P erformance of the FIL algorithms on arti�cially generated data

sets and comparisons with other similar tec hniques on real-w orld data sets are

also presen ted. The �nal c hapter presen ts a summary of the results obtained

from the exp erimen ts in this thesis. Also an o v erview of p ossible extensions to

the w ork presen ted here is giv en as future w ork.



Chapter 2

Concept Learning Mo dels

The sym b olic empirical learning has b een the most activ e researc h area in

mac hine learning for dev eloping concept descriptions from concept examples.

These metho ds use empirical induction whic h is falsit y-preserving rather than

truth-preserving inference. Therefore the results of these metho ds are generally

h yp otheses whic h need to b e v alidated b y further exp erimen ts.

Inductiv e leaning is the pro cess of acquiring kno wledge b y dra wing induc-

tiv e inferences from teac her or en vironmen t-pro vi ded facts b y generalizing, sp e-

cializing, transforming, correcting and re�ning kno wledge represen tations [43].

There are t w o ma jor t yp es of inductiv e learning: le arning fr om examples (con-

cept acquisition) and le arning fr om observation (descriptiv e learning). In the-

sis, w e will concern ourselv es with concept acquisition rather than descriptiv e

generalization, whic h is the pro cess of determining a general concept descrip-

tion (a la w, a theory) c haracterizing a collection of observ ations. In concept

acquisition, observ ational statemen ts are c haracterizations of some ob jects pre-

classi�ed b y a teac her in to one or more classes (concepts). Induced concept

description can b e view ed as a concept recognition rule, in that, if an ob ject

satis�es this rule, then it b elongs to the giv en concept [43].

A char acteristic description of a class of ob jects (conjunctiv e generalization)

is t ypically a conjunction of some simple prop erties common to all ob jects in

the class. Suc h descriptions are in tended to discriminate the giv en class from all

other p ossible classes. On the other hand, a discriminant description sp eci�es

8
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one or more w a ys to distinguish the giv en class from a �xed n um b er of other

classes.

Giv en a set of instances whic h are describ ed in terms of feature v alues

from a prede�ned range, the task of concept acquisition is to induce general

concept descriptions from those instances. Concept descriptions are learned

as a relation among the giv en set of feature v alues and the class lab els. The

t w o t yp es of concept learning are single c onc ept le arning and multiple-c onc ept

le arning .

In single concept learning one can distinguish t w o cases:

1. Learning from \p ositiv e" instances only .

2. Learning from \p ositiv e" and \negativ e" examples (examples and coun-

terexamples of the concept).

In multiple-c onc ept le arning one can also distinguish t w o cases:

1. Instances do not b elong to more than one class, that is, classi�cations of

instances are m utually disjoin t.

2. Instances ma y b elong to more than one class, that is, classi�cations of

instances are p ossibly o v erlapping.

F or concept learning tasks, one of the widely used represen tation tec h-

nique is the exemplar-b ase d represen tation. Either represen tativ e instances or

generalizations of instances form concept descriptions [5, 58 ]. Another useful

kno wledge represen tation tec hnique for concept learning is decision trees [52].

Statistical concept learning algorithms also use training instances to induce

concept descriptions based on certain probabilistic approac hes [21]. In the

follo wing sections, these concept learning mo dels are presen ted.
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Exemplar-Based Learning

Instance-Based Learning Exemplar-Based Generalization

Nested Generalized 
    Exemplars

Generalized Feature
     Values

Feature Partitioning Overlapping Feature
     Intervals

Figure 2.1. Classi�cation of exemplar-based learning mo dels.

2.1 Exemplar-Based Learning

Exemplar-based learning w as originally prop osed as a mo del of h uman learning

b y Medin and Sc ha�er [41 ]. In the simplest form of exemplar-based learning,

ev ery example is stored in memory v erbatim, with no c hange of represen tation.

An example is de�ned as a v ector of feature v alues along with a lab el whic h

represen ts the category (class) of the example.

Kno wledge represen tation of exemplar-based mo dels can b e main tained as

represen tativ e instances [2, 5 ], h yp errectangles [58, 59 ], or generalized v alues

[27, 28 , 67]. Unlik e explanation-based generalization (EBG) [18, 45 ], little or

no domain sp eci�c kno wledge is required in exemplar-based learning.

Figure 2.1 presen ts a hierarc hical classi�cation of exemplar-based learning

mo dels. Instance-based learning (IBL) and exemplar-based generalization are

t w o t yp es of exemplar-based learning. F or example, instance-based learning

metho ds [5] retain examples in memory as p oin ts, and nev er c hanges them.
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On the other hand, exemplar-based generalization metho ds mak e certain gen-

eralizations on the training instances. One category of the exemplar-based gen-

eralization is the nested-generalized exemplars (NGE) mo del [58]. This mo del

c hanges the p oin t storage mo del of the instance-based learning and retains

examples in the memory as axis-parallel h yp errectangles. Generalized F ea-

ture V alues learning mo dels can b e classi�ed as exemplar-based generalization,

suc h as NGE. The examples of GFV learning mo dels are the Classi�cation b y

F eature P artitioning (CFP), and the Classi�cation b y Ov erlapping F eature In-

terv als (COFI). In the CFP algorithm, examples are stored as disjoin t in terv als

on eac h feature dimension. In the COFI algorithm, concept descriptions are

represen ted in the form of o v erlapping feature in terv als. In this thesis, w e will

study sev eral batc h learning metho ds whose kno wledge represen tation is in the

form of disjoin t feature in terv als that can b e also categorized as GFV metho d.

In the follo wing sections, w e will describ e IBL, NGE, and GFV metho ds brie
y .

GFV metho ds that use feature pro jections for kno wledge represen tation will b e

discussed in detail in Chapter 3 since this kno wledge represen tation motiv ated

us to dev elop this thesis.

2.1.1 Instance-Based Learning (IBL)

Instance-based learning algorithms represen t concept descriptions as a set of

stored instances, called exemplars, and with some information concerning their

past p erformances during classi�cation [5, 8]. These algorithms extend the clas-

sical nearest neigh b or algorithm, whic h has large storage requiremen ts [16, 17].

All examples are represen ted as p oin ts on the n -dimensional Euclidean space,

where n is the n um b er of features. The concept descriptions can c hange after

eac h training instance is pro cessed. IBL algorithms do not construct exten-

sional concept descriptions. Instead, concept descriptions are determined b y

ho w the IBL algorithm's selected similarity and classi�c ation functions use the

curren t set of sa v ed instances. There are three comp onen ts in the framew ork

whic h describ e all IBL algorithms as de�ned b y Aha and Kibler [5]:

1. The similarity function computes the similarity b et w een t w o instances

(similarities are real-v alued).
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2. The classi�c ation function receiv es the output of the similarit y function

and the classi�cation p erformance records of the instances in the concept

description, and yields a classi�cation for instances.

3. The c onc ept description up dater main tains records on classi�cation p er-

formance and decides whic h instance are to b e included in the concept

description.

These similarit y and classi�cation functions determine ho w the set of in-

stances in the concept description are used for prediction. So, IBL concept

descriptions con tain not only a set of instances, but also these t w o functions.

Sev eral IBL algorithms ha v e b een dev elop ed: IB1, IB2, IB3, IB4 and IB5

[3, 5]. IB1 is the simplest one and it uses the similarit y function computed as

simil ar ity ( x; y ) = �
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where x and y are the instances.

IB1 is iden tical to the nearest neigh b or algorithm except that it pro cesses

training instances incremen tally and simply ignores instances with missing fea-

ture v alue(s). Since IB1 stores all the training instances, its storage requiremen t

is quite large. IB2 is an extension of IB1, it sa v es only misclassi�ed instances

reducing storage requiremen t . On the other hand, its classi�cation accuracy

decreases in the presence of noisy instances. IB3 aims to cop e with noisy in-

stances. IB3 emplo ys a signi�c anc e test to determine whic h instances are go o d

classi�ers and whic h ones are b eliev ed to b e noisy . Once an example is deter-

mined to b e noisy , it is remo v ed from the description set. IB2 and IB3 are also

incremen tal algorithms. IB1, IB2, and IB3 algorithms assume that all features

ha v e equal relev ance for describing concepts.
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Extensions of these three algorithms [1, 3] are dev elop ed to remo v e some

limitations whic h o ccur b ecause of certain assumptions. F or example, concepts

are often assumed to

� b e de�ned with resp ect to the same set of relev an t features,

� b e disjoin t in instance space, and

� ha v e uniform instance distributions.

T o study the e�ect of relev ances of features in IBL algorithms, IB4 has

b een prop osed b y Aha [3]. In this study , feature w eigh ts are learned b eing

dep enden t on concepts; a feature ma y b e highly relev an t to one concept and

completely irrelev an t to another. So, IB4 has b een dev elop ed as an extension of

IB3 that learns a separate set of feature w eigh ts for eac h concept. W eigh ts are

adjusted using a simple feedbac k algorithm to re
ect the relativ e relev ances

of the features to describ e instances. These w eigh ts are then used in IB4's

similarit y function whic h is a Euclidean w eigh ted-distance measure of the sim-

ilarit y of t w o instances. Multiple sets of w eigh ts are used b ecause similarit y

is concept-dep enden t, the similarit y of t w o instances v aries dep ending on the

target concept. IB4 decreases the e�ect of irrelev an t features on classi�cation

decisions. Therefore, it is quite successful in the presence of irrelev an t features.

The problem of no v elt y is de�ned as the problem of learning when no v el

features are used to help describ e instances. IB4, similar to its predecessors,

assumes that all the features used to describ e training instances are kno wn

b efore training b egins. Ho w ev er, in sev eral learning tasks, the set of describing

features is not kno wn b eforehand. IB5 [3], is an extension of IB4 that tolerates

the in tro duction of no v el features during training. T o sim ulate this capabilit y

during training, IB4 simply assumes that the v alues for the (as y et) un used

feature are missing. During training, IB4 �xes the exp ected relev ance of the

feature for classifying instances. IB5 instead up dates the w eigh t of a feature

only when its v alue is kno wn for b oth of the instances in v olv ed in a classi�cation

attempt. IB5 can therefore learn the relev ance of no v el features more quic kly

than IB4.
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Also noise-toleran t v ersions of instance-based algorithms ha v e b een dev el-

op ed b y Aha and Kibler [4]. These learning algorithms are based on a form of

signi�cance testing, that iden ti�es and eliminates noisy concept descriptions.

2.1.2 Nested-Generalize d Exemplars (NGE)

Nested-generalized exemplar (NGE) theory is a v ariation of exemplar-based

learning [58 ]. In NGE, an exemplar is a single training example, and a general-

ized exemplar is an axis-parallel h yp errectangle that ma y co v er sev eral training

examples. These h yp errectangles ma y o v erlap or nest. Hyp errectangles are

gro wn during training in an incremen tal manner.

Salzb erg impleme n ts NGE in a program called EA CH (Exemplar-Aided

Constructor of Hyp errectangles) [59]. In EA CH, the learner compares new

examples to those it has seen b efore and �nds the most similar generalized

exemplar in memory .

NGE theory mak es sev eral signi�can t mo di�cations to the exemplar-based

mo del. It retains the notion that examples should b e stored v erbatim in mem-

ory , but once it stores them, it allo ws examples to b e gener alize d . In NGE

theory , generalizations tak e the form of h yp errectangles in n -dimensional Eu-

clidean space, where the space is de�ned b y the feature v alues measured for

eac h example. The h yp errectangles ma y b e nested one inside another to arbi-

trary depth, and inner rectangles serv e as exc eptions to surrounding rectangles

[58]. Eac h new training example is �rst classi�ed according to the existing

set of classi�ed h yp errectangles b y computing the distance from the example

to eac h h yp errectangle. If the training example falls in to the nearest h yp er-

rectangle, then the nearest h yp errectangle is extended to include the training

example. Otherwise, the second nearest h yp errectangle is tried. This is called

as se c ond match heuristic . If the training example falls in to neither the �rst

nor the second nearest h yp errectangle, then it is stored as a new (trivial) h y-

p errectangle.

A new example will b e classi�ed according to the class of the nearest h y-

p errectangle. Distances are computed as follo ws: If an example do es not fall
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in to an y existing h yp errectangle, a w eigh ted Euclidean distance is computed.

If the example falls in to a h yp errectangle, its distance to that h yp errectangle is

zero. If there are sev eral h yp errectangles ha ving equal distances, the smallest

of these is c hosen. The EA CH algorithm computes the distance b et w een E and

H , where E is a new data p oin t and H is the h yp errectangle, b y measuring

the Euclidean distance b et w een these t w o ob jects as follo ws:
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where w

H

is the w eigh t of the exemplar H , w

f

is the w eigh t of the feature f ,

E

f

is the v alue of the f th feature on example E , H

f ;upper

or H

f ;low er

are the

upp er end of the range and lo w er end, resp ectiv ely , on f th feature on exemplar

H , max

f

and min

f

are the minim um and maxim um v alues of that feature,

and n is the n um b er of features recognizable on E .

The EA CH algorithm �nds the distance from E to the nearest face of H .

There can b e sev eral alternativ es to this, suc h as using the cen ter of H . If

the h yp errectangle H is a p oin t h yp errectangle, represen ting an individual

example, then the upp er and lo w er v alues b ecomes equal.

If a training instance E and generalized exemplar H are of the same class,

that is, a correct prediction has b een made, the exemplar is generalized to in-

clude the new instance if it is not already con tained in the exemplar. Ho w ev er,

if the closest h yp errectangle has a di�eren t class then the algorithm mo di�es

the w eigh ts of features so that the w eigh ts of the features that caused the wrong

prediction is decreased.

The original NGE w as designed for con tin ues features only . Sym b olic fea-

tures require a mo di�cation of the distance and area computations for NGE.
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f

f

A

B

C

B

test C

2

1

Figure 2.2. An example concept description of the EA CH algorithm in a do-

main with t w o features.

In Figure 2.2, an example concept description of EA CH algorithm is pre-

sen ted for t w o features f

1

and f

2

. Here, there are three classes, A , B and

C , and their descriptions are rectangles (exemplars) as sho wn in Figure 2.2.

It is seen that rectangle A con tains t w o rectangles, B and C , in its region.

Therefore, B and C are exc eption s in the rectangle A . The NGE mo del allo ws

exceptions to b e stored quite easily inside h yp errectangles, and exceptions can

b e nested an y n um b er of lev els. The test instance, that is mark ed as test in

Figure 2.2, falls in to the rectangle C , since it has smaller, so the prediction will

b e the class v alue C for this test instance.

2.1.3 Generalized F eature V alues

The previously presen ted tec hniques categorized as generalized feature v alues

under exemplar-based generalization are the CFP [27, 28, 65 ], COFI [67 ], and

k -NNFP [7] algorithms. Brie
y , the CFP and COFI algorithms are incremen tal

algorithms based on feature partitioning and o v erlapping feature in terv als, re-

sp ectiv ely . They use feature pro jections as the basis of learning. Classi�cation

of unseen instances are based on v oting among the individually predictions of

features. The discussion of the CFP and COFI algorithms are presen ted in

Chapter 3 in more detail (Section 3.1 and 3.2).
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2.2 Decision T rees

Decision trees are one of the most w ell kno wn and widely used approac hes for

learning from examples. This metho d w as dev elop ed initially b y Hun t, Marin

and Stone [31], and later mo di�ed b y Quinlan [49, 50]. Quinlan's ID3 [52] and

C4.5 [55 ] are the most p opular algorithms in decision tree induction. Initially ,

ID3 algorithm has applied to deterministic domains suc h as c hess and games

[49, 50 ]. Later, ID3 algorithm has extended to cop e with noisy and uncertain

instances rather than b eing deterministic [52].

Decision tree algorithms represen ts concept descriptions in the form of tree

structure. Decision tree algorithms b egin with a set of instances and create a

tree data structure that can b e used to classify new instances. Eac h instance

is describ ed b y a set of feature v alues, whic h can ha v e either con tin uous or

sym b olic (nominal) v alues, with the corresp onding classi�cation. Eac h in ternal

no de of a decision tree con tains a test whic h indicates whic h branc h to follo w

from that no de. The leaf no des con tain class lab els instead of tests. A new

test instance is classi�ed b y using the class lab el stored at the leaf no de.

Decision tree metho ds use divide and conquer approac h. Eac h in ternal

no de m ust con tain a test that will partition the training instances. The most

imp ortan t decision criteria in decision tree induction is ho w to decide the b est

test. ID3, and its successor C4.5 use information-theoretic metrics to ev aluate

the go o dness of a test; in particular they c ho ose the test that extracts the

maxim um amoun t of information from a set of instances, giv en the constrain t

that only one feature will b e tested.

The recursiv e partitioning metho d of constructing decision trees con tin ues

to sub divide the set of training instances un til eac h subset in the partition con-

tains instances of a single class, or un til no tests o�er an y further impro v em e n t.

The result is often a v ery complex tree that \o v er�ts the data" b y inferring

more structure than is justi�ed b y the training instances. A decision tree is

not usually simpli�ed b y deleting the whole subtree in fa v or of a leaf. Instead,

the idea is to remo v e parts of the tree that do not con tribute to classi�ca-

tion accuracy on unseen instances, pro ducing something less complex and th us
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more comprehensible. This pro cess is kno wn as the pruning . There are basi-

cally t w o w a ys in whic h the recursiv e partitioning metho d can b e mo di�ed to

pro duce simpler trees: deciding not to divide a set of training instances an y

further, or remo ving retrosp ectiv ely some of the structure built up b y recursiv e

partitioning [55 ].

The former approac h, sometimes called stopping or pr epruning , has the

adv an tage that time is not w asted in assem bling structures that are not used

in the �nal simpli�ed tree. The t ypical approac h is to lo ok at the b est w a y of

splitting a subset and to assess the split from the p oin t of view of statistical

signi�cance, information gain, error reduction. If this assessmen t falls b elo w

some threshold then the division is rejected.

Later, a simple decision tree approac h, called 1R system, is prop osed b y

Holte [30 ]. It is based on the rules that classify an ob ject on the basis of a

single feature that is, they are 1-lev el decision trees, called 1-rules [30].

The input of the 1R algorithm is a set of training instances. The output is

concept descriptions in the form of 1-rule. The 1R system can b e treated as

a sp ecial case of generalized feature v alues metho ds. These metho ds consider

all features information whereas the 1R system uses only one feature. 1R tries

to partition feature v alues in to sev eral disjoin t feature in terv als. Since eac h

feature is considered separately in 1R system, missing feature v alues can b e

simply ignored instead of ignoring the instance con taining missing v alue. The

FIL algorithms presen ted in this thesis also partition feature dimensions in to

disjoin t in terv als. Ho w ev er, the FIL algorithms mak e �nal predictions based

on ma jorit y v oting on individual classi�cations of all features rather than one

feature as in 1R system. During the training phase of the 1R system, disjoin t

feature in terv als are constructed on eac h feature dimension. Then, one of the

concept descriptions on a feature is c hosen as �nal concept descriptions, 1-rules,

b y selecting the one that mak es the smallest error on the training dataset.

Holte used sixteen datasets to compare 1R and C4 [52 ], and fourteen of

the datasets w ere selected from the collection of UCI-Rep ository [47] [30]. The

main result of comparing 1R and C4 w as an insigh t in to the tradeo� b et w een
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simplicit y and accuracy . 1R rules are only a little less accurate (ab out 3 p er-

cen tage p oin ts) than C4's pruned decision trees on almost all of the datasets.

Decision trees formed b y C4 are considerably larger in size than 1-rules. Holte

sho ws that simple rules suc h as 1R are as accurate as more complex rules suc h

as C4.

Another decision tree algorithm is T2 (decision trees of at most 2-lev els)

[12]. Its computation time is almost linear in the size of training set. The T2

algorithm is ev aluated on 15 common real-w orld dataset. It is sho wn that the

most of these datasets, T2 pro vides simple decision trees with little or no loss

in accuracy compared to C4.5.

2.3 Statistical Concept Learning

Statistical concept learning has b een extensiv ely studied for induction problems

[21, 25 , 69 ]. The main goal is to determine the classi�cation of a giv en instance

based on parametric or nonparametric tec hniques. The decision-making pro-

cesses of h umans are somewhat related to the recognition of patterns. F or

example the next mo v e in c hess game is based up on the presen t pattern on

the b oard, and buying or selling sto c ks is decided b y a complex pattern of

information [25 ]. The goal of the pattern recognition is to clarify these com-

plicated mec hanisms of decision-making pro cesses and to automate these func-

tions using computers. Sev eral pattern recognition metho ds, either parametric

or nonparametric, ha v e b een presen ted in the literature [20 , 21 , 25 , 69].

Ba y esian classi�er originating from w ork in pattern recognition is a proba-

bilistic approac h to inductiv e learning. This metho d estimates the (p osterior)

probabilit y that an instance b elongs to a class, giv en the observ ed feature v al-

ues for the instance. The classi�cation is determined b y the highest estimated

p osterior probabilit y [21, 25 ]. Ba y esian classi�ers assume that features are sta-

tistically dep enden t. On the other hand, Naiv e Ba y esian classi�er is one of the

most common parametric classi�ers assuming indep endence of features.

When no parametric structure can b e assumed for the densit y functions,

nonparametric tec hniques, for instance nearest neigh b or metho d, m ust b e used
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for classi�cations [21, 25 ]. The nearest neigh b or metho d is one of the simplest

metho ds conceptually , and is commonly cited as a basis of comparison with

other metho ds. It is often used in case-based reasoning [62].

This section is dev oted to statistical concept learning metho ds b ecause

they ha v e similaritie s to the FIL algorithms dev elop ed in this thesis First,

Ba y es Decision Theory and Naiv e Ba y esian Classi�ers will b e explained. Then,

nearest neigh b or metho ds with some v arian ts will b e discussed. Finally , a new

v ersion of k nearest neigh b or algorithm, k -NNFP , based on feature pro jections

will b e brie
y men tioned, and discussed in detail in Chapter 3 b y comparing

k nearest nearest neigh b or tec hniques. In Chapter 5, the FIL algorithms will

b e compared with these statistical metho ds.

2.3.1 Ba y es Decision Theory - Naiv e Ba y esian Classi-

�er (NBC)

The goal of the Ba y esian classi�cation is to determine the a p osteriori proba-

bilities P ( C

j

j x ) where C

j

is the class and x is the instance to b e classi�ed. An

instance x = < x

1

; x

2

; :::x

n

> is a v ector of feature v alues where n is the n um-

b er of features. The a priori probabilit y P ( C

j

) and the conditional densities

P ( x j C

j

) allo ws the use of Ba y es rule to compute P ( C

j

j x ).

Let 
 = f C

1

; C

2

; ::; C

k

g b e the �nite set of k states of nature. Here eac h C

j

corresp onds to a class in our terminology . Let the feature v ector x b e a v ector-

v alued random v ariable, and let p ( x j C

j

) b e the state-conditional probabilit y

densit y function for x , that is, the probabilit y densit y function for x conditioned

on C

j

b eing the state of nature. Finally , let P ( C

j

) b e the a priori probabilit y

that nature is in the state C

j

. That is, P ( C

j

) is the prop ortion of all instances

of class j in the training set. Then the a p osteriori probabilit y P ( C

j

j x ) can b e

computed from p ( x j C

j

) b y Ba y es rule [21]:

P ( C

j

j x ) =

p ( x j C

j

) P ( C

j

)

p ( x )

(2.5)

where
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p ( x ) =

k

X

j =1

p ( x j C

j

) P ( C

j

) : (2.6)

Let A = f �

1

; �

2

; ::; �

a

g b e the �nite set of a p ossible actions. Let � ( �

i

; C

j

)

b e the loss incurred for taking action �

i

when the state of nature is C

j

. Since

P ( C

j

j x ) is the probabilit y that the true state of nature is C

j

, the exp ected loss

asso ciated with taking action �

i

is

R ( �

i

j x ) =

k

X

j =1

� ( �

i

j C

j

) P ( C

j

j x ) : (2.7)

In decision theoretic terminology , an exp ected loss is called risk , and R ( �

i

j x )

is kno wn as the c onditional risk . Whenev er w e encoun ter a particular observ a-

tion x , w e can minim iz e our exp ected loss b y selecting the action that minim ize s

the conditional risk. No w, the problem is to �nd a Ba y es decision rule against

P ( C

j

) that minimi zes the o v erall risk. A decision rule is a function � ( x ) that

tells us whic h action to tak e for ev ery p ossible observ ation. That is, for ev ery

x , the decision function � ( x ) assumes one of the a v alues �

1

; �

2

; ::; �

a

. The

o v erall risk R is the exp ected loss asso ciated with a giv en decision rule. T o

minim ize the o v erall risk, w e compute the conditional risk for i = 1 ; ::; a and

select the action �

i

for whic h R ( �

i

j x ) is minim um . The resulting minim um

o v erall risk is called the Bayes risk and is the b est p erformance that can b e

ac hiev ed.

R ( �

i

j x ) =

k

X

j =1

� ( �

i

j C

j

) P ( C

j

j x ) (2.8)

The probabilit y of error is the k ey parameter in pattern recognition. There

are man y w a ys to estimate error for Ba y esian classi�ers. One of them is mini-

mizing it. F or example, if action �

i

is tak en and the true state of nature is C

j

,

then decision is correct if i = j , and in error if i 6= j . A loss function for this

case, called zer o-one loss function is:
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� ( i; j ) =

8

<

:

0 if i = j

1 if i 6= j

(2.9)

The conditional risk b ecomes

R ( �

i

j x ) =

X

j 6= i

P ( C

j

j x ) (2.10)

R ( �

i

j x ) = 1 � P ( C

i

j x ) (2.11)

Note that P ( C

i

j x ) is the conditional probabilit y that action �

i

is correct. T o

minim ize the a v erage probabilit y of error, one should maximi ze the a p osteriori

probabilit y P ( C

j

j x ). F or minim um error rate:

Decide C

i

if P ( C

i

j x ) > P ( C

j

j x ) for all j 6= i:

In summary , a Ba y esian classi�er classi�es a new instance b y applying

Ba y es' rule to determine the probabilit y of eac h class giv en the instance,

P ( C

j

j x ) =

p ( x j C

j

) P ( C

j

)

P

i

p ( x j C

i

) P ( C

i

)

(2.12)

The denominator sums o v er all classes and where P ( x j C

j

) is the probabilit y

of the instance x giv en the class C

j

. After calculating these quan tities for eac h

class, the algorithm assigns the instance to the class with the highest proba-

bilit y . In order to mak e this expression op erational, one m ust sp ecify ho w to

compute P ( x j C

j

). The Naiv e Ba y esian Classi�er (NBC) assumes indep endence

of features within eac h class, allo wing the follo wing equalit y

P ( x j C

j

) =

n

Y

f =1

P ( x

f

j C

j

) : (2.13)

An analysis of Ba y esian classi�er has b een presen ted [36]. Also a metho d,

called Selectiv e Ba y esian Classi�er, has b een prop osed [37] to o v ercome the
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limitation of the Ba y esian classi�er for sensitivit y to correlated features. Since

NBC considers eac h feature indep enden tly , this will form a basis for comparison

with the FIL algorithms. The exp erimen tal results of these comparisons will

b e presen ted in Chapter 5.

2.3.2 Nearest Neigh b or Classi�ers (NN)

One of the most common classi�cation tec hniques is the nearest neigh b or (NN)

algorithm. In the literature, nearest neigh b or algorithms for learning from

examples ha v e b een studied extensiv ely [17, 21 ]. Aha et al. ha v e demonstrated

that instance-based learning and nearest neigh b or metho ds often w ork as w ell

as other sophisticated mac hine learning tec hniques [5].

The NN classi�cation algorithm is based on the assumption that examples

whic h are closer in the instance space are of the same class. An example is

represen ted as a v ector of feature v alues plus class lab el. That is, unclassi�ed

ones should b elong to the same class as their nearest neigh b or in the training

dataset. After all the training set is stored in memory , a new example is classi-

�ed as of the class of the nearest neigh b or among all stored training instances.

Although sev eral distance metrics ha v e b een prop osed for NN algorithms [60],

the most common metric is the Euclidean distance metric. Instances are rep-

resen ted as a v ector of feature v alues plus class lab el. The Euclidean distance

b et w een t w o instances x = < x

1

; x

2

; :::; x

n

; C

x

> and y = < y

1

; y

2

; :::y

n

; C

y

> on

an n dimensional space is computed as:

dist ( x; y ) =

q

P

n

f =1

dif f ( f ; x; y )

2

(2.14)

dif f ( f ; x; y ) =

8

>

>

>

<

>

>

>

:

j x

f

� y

f

j if f is linear

0 if f is nominal and x

f

= y

f

1 if f is nominal and x

f

6= y

f

(2.15)

Here dif f ( f ; x; y ) denotes the di�erence b et w een the v alues of instances x , and

y on feature f . Note that this metric requires the normalization of all feature

v alues in to a same range.
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Although sev eral tec hniques ha v e b een dev elop ed for handling unkno wn

(missing) feature v alues [54, 55 ], the most common approac h is to set them to

the mean v alue of the v alues on corresp onding feature.

Stan�ll and W altz in tro duced the V alue Di�erence Metric (VDM) to de�ne

the similarit y for sym b olic-v alued (nominal) features and empirically demon-

strated its b ene�ts [62]. The VDM computes a distance for eac h pair of the

di�eren t v alues a sym b olic feature can assume. It essen tially compares the

relativ e frequencies of eac h pair of sym b olic v alues across all classes. Tw o fea-

ture v alues ha v e a small distance if their relativ e frequencies are appro ximately

equal for all output classes. Cost and Salzb erg presen t a nearest neigh b or

algorithm that uses a mo di�cation of VDM, called MVDM (Mo di�ed V alue

Di�erence Metric) [15]. The main di�erence b et w een MVDM and VDM is

that their metho d's feature v alue di�erences are symmetri c. This is not the

case for VDM. A comparison of MVDM and Ba y esian classi�er is presen ted in

[56].

A generalization of the nearest neigh b or algorithm, k -NN, classi�es a new

instance b y a ma jorit y v oting among its k ( � 1) nearest neigh b ors using some

distance metrics in order to prev en t the in trusiv e e�ect of noisy training in-

stances. This algorithm can b e quite e�ectiv e when the features of the domain

are equally imp ortan t. Ho w ev er, it can b e less e�ectiv e when man y of the

features are misleading or irrelev an t to classi�cation. Kelly and Da vis in tro-

duced WKNN, the weighte d k -NN algorithm, and GA-WKNN, a genetic algo-

rithm that learns feature w eigh ts for WKNN algorithm [33]. Assigning v ariable

w eigh ts to the features of the instances b efore applying the k -NN algorithm

distorts the feature space, mo difying the imp ortance of eac h feature to re
ect

its relev ance to classi�cation. In this w a y , similarit y with resp ect to imp or-

tan t features b ecomes more critical than similarit y with resp ect to irrelev an t

features. The study for w eigh ting features in k -NN algorithm has sho wn that

for the b est p erformance the v otes of the k nearest neigh b ors of a test exam-

ple should b e w eigh ted in in v erse prop ortion to their distances from the test

example [70].

An exp erimen tal comparison of the NN and NGE ( Neste d Gener alize d Ex-

emplars , a Nearest-Hyp errectangle algorithm) has b een presen ted b y W ettsc herec k



CHAPTER 2. CONCEPT LEARNING MODELS 25

and Dietteric h [71 ]. NGE and sev eral extensions of it are found to giv e pre-

dictions that are substan tially inferior to those giv en b y k -NN in a v ariet y of

domains. An a v erage-case analysis of k -NN classi�ers for Bo olean threshold

functions on domains with noise-free Bo olean features and a uniform instance

distance distribution is giv en b y Ok amoto and Satoh [48 ]. They observ ed that

the p erformance of the k -NN classi�er impro v es as k increases, then reac hes a

maxim um b efore starting to deteriorate, and the optim um v alue of k increases

gradually as the n um b er of training instances increases.

2.3.3 NN Classi�er on F eature Pro jections (NNFP)

Another statistical approac h is a new v ersion of the k -NN classi�cation al-

gorithm prop osed in this thesis, whic h uses feature pro jections of training

instances for classi�cation kno wledge [7]. The classi�cation of an unseen in-

stance is based on a ma jorit y v oting on individual classi�cations made b y the

pro jections of the training set on eac h feature. W e ha v e applied the k -nearest

neigh b or algorithm to determine the classi�cations made on individual feature

pro jections. W e called the resulting algorithm k -NNFP , for k -Nearest Neigh b or

on F eature Pro jections. The classi�cation kno wledge is represen ted in the form

of pro jections of the training data on eac h feature dimension. This allo ws the

classi�cation of a new instance to b e made m uc h faster than k -NN algorithm.

The v oting mec hanism reduces the in trusiv e e�ect of p ossible irrelev an t fea-

tures in classi�cation. The k -NNFP algorithm is discussed in detail in Section

3.3.



Chapter 3

F eature Pro jections for Kno wledge

Represen tatio n

In this c hapter, feature pro jections for kno wledge represen tation are discussed

in detail. Giv en a set of training instances with correct class lab els, kno wledge

for represen tation of a concept description (or classi�cation) is main tained as

the pro jections of the training set on eac h feature dimension separately . The

most imp ortan t adv an tage of this represen tation is that the pro jections of the

feature v alues can b e sorted for eac h feature, and this reduces the time for

the computation of similarit y to all training instances for nearest neigh b or

lik e tec hniques. An additional adv an tage is the easy and natural handling of

missing feature v alues. The rationale b ehind this kno wledge represen tation is

that h umans main tain kno wledge in this form, esp ecially in medical domains.

An example for this approac h is presen ted, called CRiteria Learning System

[66]. It aims to learn decision rules in the form of criteria tables as h umans do.

One of the shortcomings of feature pro jections is that descriptions in v olving a

conjunction b et w een t w o or more features can not b e represen ted.

This c hapter discusses the CFP , COFI, and k -NNFP algorithms that use

feature pro jections for kno wledge represen tation. Brie
y , the CFP and COFI

algorithms are based on feature partitioning and o v erlapping feature in terv als,

resp ectiv ely . The most imp ortan t prop ert y of these algorithms is that they

b oth consider eac h feature separately in an incremen tal manner. The rep orted

results sho w that b oth tec hniques are successful b y pro cessing eac h feature

26
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separately [27, 28 , 65 , 67]. The encouraging results of the CFP and COFI

algorithms motiv ated us for further in v estigation of feature pro jections as a

form of kno wledge represen tation from a di�eren t p oin t of view. W e think that

more accurate results can b e obtained from these tec hniques if a batc h learning

strategy is follo w ed. After the discussion of the CFP and COFI algorithms, a

new v ersion of the classical k -NN algorithm whic h treats instances as feature

pro jections rather than p oin ts, called k -NNFP ( k Nearest Neigh b or on F eature

Pro jections) is presen ted. Next, an extension to it b y w eigh ting features for

w eigh ted-v oting is presen ted.

3.1 Classi�cation b y F eature P artitioning (CFP)

The CFP algorithm is a metho d for learning from examples that uses feature

pro jections for kno wledge represen tation [27 , 28 , 65 ]. It is an incremen tal

sup ervised inductiv e learning algorithm where instances are stored b y their

feature pro jections o v er eac h feature dimension. An instance is represen ted as a

v ector of feature v alues plus a lab el that enco des the class of the instance. In the

training phase, disjoin t feature in terv als of concept de�nitions are constructed

b y generalization and sp ecialization. An in terv al is a basic unit of kno wledge

represen tation in this algorithm. F or eac h in terv al, lo w er and upp er b ounds

of the feature v alues, the asso ciated class, and the n um b er of instances it

represen ts are main tained.

Initially , an in terv al is a p oin t on a feature dimension. It can b e extended

through generalization with other neigh b oring p oin ts in the same feature di-

mension. In order to a v oid o v ergeneralization, a parameter, called generaliza-

tion limit ( D

f

), is giv en. Before generalizing an in terv al on a feature dimension

f to co v er a new p oin t, the distance b et w een in terv al and the new p oin t m ust b e

less than D

f

. Otherwise, new v alue forms a new p oin t in terv al on that feature

dimension. During training, if the feature v alue of a training instance falls in to

an in terv al prop erly with the same class, the represen tativ eness v alue is incre-

men ted b y one. Ho w ev er, if it falls in to an in terv al with a di�eren t class than

that of the instance, sp ecialization of that in terv al is made b y dividing it in to

subin terv als and inserting a p oin t in terv al for the new v alue in b et w een them.
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Figure 3.1. Construction of in terv als in the CFP algorithm: (a) after i

1

is

pro cessed, (b) after i

2

is pro cessed, (c) after i

3

is pro cessed, (d) after all training

instances are pro cessed.

The represen tativ eness v alues of these new in terv als are up dated according to

their sizes.

Figure 3.1 sho ws the construction of in terv als in the CFP algorithm. Let

us consider a training dataset with only one feature. The �rst instance forms

a p oin t in terv al at the feature v alue x

1

on this feature dimension. After the

second instance, a range in terv al is constructed and its lo w er and upp er b ounds

are x

1

and x

2

, resp ectiv ely , since these t w o instances ha v e the same class,

as sho wn in Figure 3.1.b. Here, w e assume that the generalization distance

is greater than the di�erence b et w een x

1

and x

2

. The third instance with

di�eren t class, C

2

, sp ecializes the in terv al in to t w o subin terv als b y inserting

a new p oin t in terv al in b et w een them. In Figure 3.1.c, the fourth one with

class C

1

just increases the represen tativ eness coun t of the in terv al that co v ers

it. Let us assume the next three instances b elong to class C

2

, and their related

feature v alues are b et w een x

4

and x

2

. In this case, the in terv al [ x

3

; x

2

] in Figure

3.1.b is subpartitioned in to four in terv als for class C

1

and p oin t in terv als are

constructed for the second class C

2

as sho wn in Figure 3.1.d.

During the training pro cess in the CFP algorithm, feature w eigh ts and fea-

ture in terv als of eac h concept are learned in an incremen tal manner. Initially ,
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all feature w eigh ts are tak en as 1. Assume that a new training example is

misclassi�ed b y a feature f . Then the w eigh t of that feature ( w

f

) is decreased

b y m ultiply ing it b y (1 - 4 ). Otherwise, it is increased b y m ultiplyi ng it b y (1

+ 4 ). Here, 4 is the global feature adjustmen t rate, giv en as a parameter to

CFP .

Classi�cation of an unseen instance is based on a v ote tak en among the

predictions made b y eac h feature separately . The prediction of a feature is

determined b y the v alue of that instance on that feature. If it falls in to an

in terv al with a kno wn class, then the prediction is the class of that in terv al.

If it falls on a p oin t in terv al, the class with highest represen tativ eness v alue is

c hosen among all the in terv als at that p oin t. If it do esn't fall in an y in terv al,

then no prediction for that feature is made. The e�ect of the prediction of a

feature in the v oting is prop ortional to the w eigh t of that feature. The �nal

classi�cation is based on w eigh ted ma jorit y v oting among lo cal predictions of

features.

In the CFP algorithm, feature in terv als are constructed as disjoin t set of fea-

ture v alues. Ho w ev er, in terv als ma y ha v e common b oundaries. In suc h cases,

the represen tativ eness v alues of the in terv als are used to determine the predic-

tion: the class lab el of the in terv al whic h has the maxim um represen tativ eness

v alue is predicted.

Sev eral extensions to the CFP algorithm ha v e b een presen ted in order to

handle noisy v alues [64, 65] and determine the domain dep enden t parameters

( D

f

and 4 ) of the CFP algorithm [27].

In the noise-toleran t v ersion of the CFP algorithm, feature in terv als that

are b eliev ed to b e in tro duced b y noisy examples are remo v ed from the memory

[65]. A new parameter, called con�dence threshold (or lev el) is in tro duced to

con trol the pro cess of remo ving the in terv als from the concept description. The

con�dence threshold and observ ed frequency of the classes are used together

to decide whether an in terv al is noisy or not.

In order to learn feature w eigh ts and domain dep enden t parameters of the

CFP algorithm, a h ybrid system, called GA-CFP , whic h com bines a genetic
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Figure 3.2. Construction of in terv als in the CFP algorithm b y c hanging the

order of the training instances. Note that here the same set of instances in

Figure 3.1., but in a di�eren t order, is used as the training set: (a) after i

3

, i

7

,

i

5

and i

6

are pro cessed, (b) after all instances are pro cessed.

algorithm with the CFP algorithm has b een dev elop ed [27]. The genetic algo-

rithm is used to determine a v ery go o d set of domain dep enden t parameters

( 4 and D

f

for eac h feature) of the CFP , ev en when trained with a small set

of the data set. An algorithm that h ybridizes the classi�cation p o w er of the

feature partitioning CFP algorithm with the searc h and optimization p o w er of

the genetic algorithm, called GA-CFP , requires more computations than the

CFP algorithm, but ac hiev es impro v ed classi�cation p erformance.

Figure 3.2 illustrates a limitation for the CFP algorithm. In order to see

the e�ect of the order of presen tations of training instances, let us construct

in terv als b y the CFP algorithm b y c hanging the order of training instances.

In this case, all instances with class C

2

w ere pro cessed b efore other instances

with class C

1

in the previous example, then the in terv als w ould ha v e b een

constructed as sho wn in Figure 3.2. Firstly , a range in terv al is constructed for

the class C

2

from the �rst four instances as sho wn in Figure 3.2a, and then

three p oin t in terv als are constructed for the last three instances of class C

1

as in

Figure 3.2b. The concept descriptions (in terv als) in Figure 3.1 and Figure 3.2

are v ery di�eren t from eac h other although the same training instances w ere

pro cessed. This indicates that the order of the instances is v ery imp ortan t and
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Figure 3.3. Construction of the in terv als in the FIL algorithms with using the

same dataset as used in Figure 3.1 and Figure 3.2.

it a�ects the resulting concept descriptions considerably . The di�eren t concept

descriptions can classify a test instance as di�eren t classes. F or example, the

test instance < x

8

; C

1

> where x

5

< x

8

< x

6

will b e classi�ed as C

1

b y the

in terv als constructed in Figure 3.1 and as C

2

according to feature in terv als in

Figure 3.2.

The FIL algorithms o�er a solution to this problem, b y constructing in ter-

v als in a batc h mo de, that is, seeing all the training instances at once, and

then pro cessing them. Therefore, they construct in terv als as indep enden t of

the order of training instances. Since all training instances are kno wn initially ,

all feature v alues are sorted on eac h feature dimension in the form of p oin t

in terv als. Then, neigh b oring same class p oin ts are generalized to form range

in terv als. F eature v alues at whic h there exist more than one class remain as

p oin t in terv als. The concept description learned b y the FIL algorithms from

the same set of training instances is sho wn in Figure 3.3, indep enden t of the

order of the training instances. In addition to sensitivit y to the order of train-

ing instances, the CFP algorithm o v ergeneralizes in terv als as in 3.1c. In this

case, in terv als of concept C

1

are formed b et w een p oin t in terv als of concept C

2

.

Ho w ev er, one migh t exp ect that the range [ x

5

; x

7

] should b elong to class C

2

.

3.2 Classi�cation with Ov erlapping F eature In terv als

(COFI)

The COFI algorithm is another exemplar-based concept learning algorithm

that uses feature pro jections to generalize kno wledge. It is an inductiv e su-

p ervised learning algorithm. Classi�cation kno wledge learned is main tained
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in the form of o v erlapping feature in terv als. The COFI algorithm mak es gen-

eralizations to construct the concept descriptions from a set of preclassi�ed

training instances. Concept descriptions learned b y the COFI algorithm are

represen ted as in terv als on the class dimensions for eac h feature.

In the training pro cess, examples are pro cessed one b y one and the corre-

sp onding in terv als on eac h class dimension for eac h feature are constructed.

The COFI algorithm p erforms the learning task b y constructing the pro jection

of the concepts o v er eac h class dimension for eac h feature, that is, the COFI

algorithm learns the o v erlapping feature in terv als for eac h feature. Learning

o v erlapping feature in terv als is done b y storing the ob jects separately in eac h

class dimension for eac h feature as class in terv als of v alues. Basic unit of the

represen tation is interval as in the CFP algorithm. An in terv al consists of four

parameters: lo w er and upp er b ounds, represen tativ eness coun t and a class la-

b el. Lo w er and upp er b ounds of the in terv al are the minim um and maxim um

feature v alues that fall in to the in terv al resp ectiv ely . Represen tativ eness coun t

is the n um b er of the instances that the in terv al represen ts, and �nally the class

lab el is the asso ciated class of the in terv al.

The �rst task of the training pro cess is the estimation of the curren t gen-

eralization distances, D

f

, for eac h feature f . They are found as follo ws:
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D

f

= ( cur r ent max

f

� cur r ent min

f

) � g : (3.1)

Here the curren t maxim um and curren t minim um feature v alues are the

maxim um and minim um v alues of the related feature seen up to the curren t

example and g is the generalization ration in the range [0 ; 1]. They are up dated

b y eac h new training example. Since curren t maxim um and minim um of fea-

tures c hange through out the training pro cess, the COFI algorithm is a�ected

also b y the order of the training instances. In the �rst training instance, the

maxim um and the minim um v alues are equal to eac h other and they are the

�rst feature v alues of the related feature of the training instance. Therefore,

initially all the generalization distances are 0 for eac h feature. If the feature

v alues of the next training instance are di�eren t from the previous example's

feature v alues, then one of the maxim um and minim um v alue of the related

feature is up dated so the generalization distance will also b e up dated.

After deciding the generalization distance D

f

, the in terv als should b e up-

dated according to D

f

. If the distance b et w een the feature v alue of the new

example and the previously constructed in terv als is greater than the D

f

, then

the new example constructs a new p oin t in terv al. Otherwise, represen tativ eness

coun t of the in terv al con taining it is incremen ted b y 1. The COFI algorithm

handles b oth the linear and nominal feature v alues. Ho w ev er, the generaliza-

tion pro cess is applied only to linear t yp e features. Nominal feature v alues are

not generalized, taking D

f

as 0 for nominal features.

Figure 3.4 illustrates the construction of o v erlapping feature in terv als in the

COFI algorithm. This sample training set with one feature and t w o classes.

The incremen tal computation of D

f ;c

for eac h class dimension is also sho wn

in the Figure 3.4. F or this example, on the C

1

class dimension only p oin t

in terv als are constructed since the di�erence b et w een feature v alues do not

exceed D

f ; 1

. On the other hand, on the second class dimension, the last training

instances' v alue forms a range in terv al since the di�erence b et w een feature

v alues is greater than D

f ; 2

.

The classi�cation of an unseen test instance is based on a ma jorit y v oting

tak en among the individual predictions based on the v otes of the features. The



CHAPTER 3. FEA TURE PR OJECTIONS F OR KNO WLEDGE REPRESENT A TION 34

Order of Training Instances

5

a)
1

5

b)
1

11

10

4 10

C1

C1

C2

1

D
f

=4.5

D
f

=4.5

1

C2 Df =3.0
2

Df =3.0
2

generalization ratio g=0.5

11

9

i
1

i
5

i
3

i
i

2

i
4

6

2 

=
=

=

=
=

=

< 1, C >

<10, C >

< 4, C >

< 5, C >

<11, C >

< 9, C >

1 

1 

1 

2 

2 

Figure 3.5. An example of construction of in terv als in the COFI algorithm

using the same set of training instances as in Figure 3.6, but in a di�eren t

order: a) after i

1

, i

5

, i

3

, and i

6

are pro cessed, b) after i

2

and i

4

are pro cessed.

v ote of a feature is based solely on the v alue of the test instance for that feature.

The v ote of a feature is not for a single class but rather a v ector of v otes, called

vote ve ctor . The size of the v ector is equal to the n um b er of classes. An elemen t

of the v ote v ector represen ts the v ote giv en b y the feature to the corresp onding

class. The v ote that a feature giv es to a class is the relativ e represen tativ eness

coun t of the class in terv al. The relativ e represen tativ eness coun t is the ratio of

the represen tativ eness coun t to the n um b er of examples of the corresp onding

class lab el. Since for most of the datasets, the instances are not distributed

normally in terms of their class v alues, this kind of normalization is required.

The v ote v ectors of eac h feature are added to determine the predicted class.

The class whic h receiv es the maxim um v ote is the �nal class prediction for the

test instance.

Generalization in the COFI algorithm is sensitiv e to the order of the train-

ing instances as sho wn in Figure 3.5, as in the CFP algorithm. Here, the order

of training instances are c hanged among same classes. W e get a di�eren t con-

struction of o v erlapping in terv als from this ordering of training instances, as

sho wn in Figure 3.5 since the initial generalization distances c hange.

The FIL algorithms construct disjoin t feature in terv als from the same train-

ing instances as indep enden t of the order of the training instances, as seen

from the Figure 3.6. Since all feature v alues are kno wn initially , the in terv als
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Figure 3.6. An example of construction of in terv als in the FIL Algorithms

using the same set of training instances as in Figure 3.4 and Figure 3.5.

constructed during the training pro cess are unique whatev er the order of the

training instances is.

3.3 K Nearest Neigh b or Classi�cation on F eature Pro-

jections ( k -NNFP)

In this section, a new approac h to classi�cation is presen ted, whic h is based on

a ma jorit y v oting on individual classi�cations made b y the pro jections of the

training set on eac h feature [7]. W e ha v e applied the k -nearest neigh b or algo-

rithm to determine the classi�cations made on individual feature pro jections.

W e called the resulting algorithm k -NNFP , for k -Nearest Neigh b or on F eature

Pro jections.

The classi�cation kno wledge is represen ted in the form of pro jections of the

training data on eac h feature dimension. The classi�cation of an instance is

based on a v oting tak en on the classi�cations made on the basis of individual

feature pro jections.

In Chapter 2, a brief in tro duction to k -NN algorithm and its sev eral exten-

sions w ere giv en. In the next subsection, the k -NNFP algorithm is describ ed.

Section 3.3.2 presen ts the complexit y analysis and empirical ev aluation of the

k -NNFP and k -NN algorithms. Finally , Section 3.2.3 presen ts a summary of

the k -NNFP algorithm and its applicabilit y .
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3.3.1 The k -NNFP Algorithm

This section presen ts the k -NNFP algorithm, a new classi�cation based on

feature pro jections using k nearest neigh b or algorithm. First, the description

of the algorithm is giv en. Then the algorithm is explained through an exam-

ple dataset. Later, the b eha vior of the algorithm on datasets with irrelev an t

features will b e giv en.

3.3.1.1 Description of the k -NNFP Algorithm

The implem e n tation of the algorithm giv en here is non-incremen tal, namely , all

training instances are tak en and pro cessed at once. An instance x is represen ted

as x = < x

1

; x

2

; ::x

n

; C

x

> where x

i

s (1 � in ) are the feature v alues and C

x

is

the corresp onding class lab el. An imp ortan t c haracteristic of this algorithm

is that instances are stored as their pro jections on eac h feature dimension. In

the training phase, eac h training instance is stored simply as its pro jections

on eac h feature dimension. If the v alue of a training instance is missing for a

feature, that instance is not stored on that feature.

In order to classify an instance, a preclassi�cation separately on eac h fea-

ture dimension is p erformed. During this preclassi�cation, w e use the k -NN

algorithm on that single dimension. That is, for a giv en test instance t and

feature f , the preclassi�cation for k = 1 will b e the class of the training in-

stance whose v alue on feature f is the closest to that of the t . F or a larger

v alue of k , the preclassi�cation is a bag (m ultiset) of classes of the nearest k

training instances. In other w ords, eac h feature has exactly k v otes, and giv es

these v otes for the classes of the nearest training instances. In some cases, es-

p ecially for nominal features, there ma y b e ties to determine the �rst k nearest

neigh b ors. In suc h cases ties are brok en randomly . F or the �nal classi�cation

of the test instance t , the preclassi�cation bags of eac h feature are collected

using bag union. Finally , the class that o ccurs most frequen tly in the collec-

tion bag is predicted to b e the class of the test instance. In other w ords, eac h

feature has exactly k v otes, and giv es these v otes for the classes of the nearest

training instances. Also note that, since eac h feature is pro cessed separately ,
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classify( t , k )

/* t : test instance, k : n um b er of neigh b ors */

b egin

for eac h class c

v ote[ c ] = 0

for eac h feature f

/* put k nearest neigh b ors of test instance t

on feature f in to B ag */

B ag = kBag( f ; t; k )

for eac h class c

v ote[ c ] = v ote[ c ] + coun t( c; B ag );

pr ediction = UNDETERMINED

for eac h class c

if v ote[ c ] > v ote[ pr ediction ] then

pr ediction = c

return pr ediction

end.

Figure 3.7. Classi�cation in the k -NNFP algorithm.

no normalization of feature v alues is needed.

The k -NNFP algorithm is outlined in Figure 3.7. All the pro jections of

training instances on linear features are stored in memory as sorted v alues. In

Figure 3.7, the v otes of a feature is computed b y the function k B ag ( f ; t; k ),

whic h returns a bag of size k con taining the classes of the k nearest training

instances to the instance t on feature f . The distance b et w een the v alues on a

feature dimension is computed using dif f ( f ; x; y ) metric as follo ws:

dif f ( f ; x; y ) =

8

>

>

>

<

>

>

>

:

j x

f

� y

f

j if f is linear

0 if f is nominal and x

f

= y

f

1 if f is nominal and x

f

6= y

f

(3.2)

Note that the bag returned b y k B ag ( f ; t; k ) do es not con tain an y UNDETER-

MINED class as long as there are at least k training instances whose f v alues

are kno wn. Then, the n um b er of v otes for eac h class is incremen ted b y the

n um b er of v otes that a feature giv es to that class, whic h is determined b y the



CHAPTER 3. FEA TURE PR OJECTIONS F OR KNO WLEDGE REPRESENT A TION 38

count function. The v alue of the function count ( c; B ag ) is the n um b er of

o ccurrences of class c in bag B ag .

The k -NNFP algorithm handles unkno wn feature v alues in a straigh t for-

w ard manner. If the v alue of a test instance for a feature f is missing, then

feature f do es not participate in the v oting for that instance. The �nal v oting

is done b et w een the features for whic h the test instance has a kno wn v alue.

That is, unkno wn feature v alues are simply ignored.

3.3.1.2 An Example

In order to describ e the classi�cation in the k -NNFP algorithm, consider the

sample training dataset in Figure 3.8. In this dataset, the feature f

0

is the only

relev an t feature, and f

1

is an irrelev an t feature. There are three instances of

eac h class A, B, and C in the training set. Let the test instance ( < 5 ; 5 > ) b e

of class B.

F or the test instance in Figure 3.8, the k -NN classi�cation, k B ag v alues

and �nal prediction for the k -NNFP algorithm are giv en in T able 3.1. As seen

in T able 3.1, the k -NN algorithm will classify the test instance as C if k = 1,

as C or A if k = 2, as C, A or B if k = 3, and as C if k = 4. On the other hand,

the k -NNFP algorithm will classify the test instance correctly if k > 1. This

example sho ws that the k -NNFP algorithm will b e una�ected in the presence

of irrelev an t features.

3.3.1.3 Handling Irrelev an t F eatures

The conclusion ab out the irrelev an t features from the previous example can

b e generalized. F or an irrelev an t feature f , the n um b er of o ccurrences of a

class C in a bag returned b y k B ag ( f ; t; k ) is prop ortional to the n um b er of

instances of class C in the training set. If there are equal n um b er of instances

of eac h class in the training set, than the v otes of an irrelev an t feature will b e

equal for eac h class, and the �nal prediction will b e determined b y the v otes

of the relev an t features. If the training instances are not equally distributed
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Figure 3.8. A sample training dataset and a test instance.

among the classes, then the v otes of an irrelev an t feature will b e for the most

frequen tly o ccurring class.

T able 3.1. F or the test instance ( < 5 ; 5 > ) in Figure 2 the k -NN classi�cation,

kBag v alues and �nal prediction of the k -NNFP algorithm.

k -NNFP

k k -NN f

0

f

1

Sum of V otes Prediction

1 [C] [B] [C] [B,C] B or C

2 [C,A] [B,B] [C,A] [A,B,B, C] B

3 [C,A,B] [B,B,B] [C,A,C] [A,B,B,B, C,C] B

4 [C,A,B,C] [B,B,B, A] [C,A,C,B] [A,A,B,B ,B, B, C,C] B

3.3.1.4 Handling Missing F eature V alues

The k -NNFP algorithm handles unkno wn (missing) feature v alues b y simply

not taking them in to accoun t. During batc h training and classi�cation, the
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features con taining missing v alues are simply ignored. This is a natural ap-

proac h b ecause in real life if nothing is kno wn ab out a feature, it is usually

ignored. If all class dimensions giv e no prediction, then no prediction can b e

made and the resulting prediction for the class is UNDETERMINED. This is

an unexp ected case since at least one feature v alue should b e kno wn.

3.3.2 Ev aluation of the k -NNFP Algorithm

Sev eral measures of p erformance are p ossible. One p erformance measure of a

classi�cation algorithm is its classi�cation accuracy . F or sup ervised concept

learning tasks, the most commonly used classi�cation accuracy metric is the

p ercen tage of correctly classi�ed instances o v er all test instances for a giv en

dataset. The other p erformance measures are time and space complexitie s. In

this section, the training and classi�cation complexities of the k -NNFP and

the k -NN algorithms are giv en. Next, an empirical ev aluation of the algorithm

is presen ted along with its comparison with the k -NN algorithm in terms of

classi�cation accuracy for increasing v alues of k and running time.

3.3.2.1 Complexit y Analyses

Since all the training instances are stored in the memory in b oth k -NN and k -

NNFP algorithms, the space required for training with m instances on a domain

with n features is prop ortional to m � n . That is, the space complexitie s of these

algorithms are O ( m � n ).

In the training, all instances are stored on eac h feature dimension as their

feature pro jections. And then they are sorted once at the end. Since the

sorting of m feature v alues has the time complexit y of O ( m log m ) F or a dataset

con taining m instances and n features the training time complexit y of the k -

NNFP is O ( n � m � log m ). On the other hand, the k -NN algorithm has the time

complexit y of O ( m � n ) for storing all instances in memory .

The k B ag ( f ; t; k ) function, to determine the v otes of a feature, �rst �nds the

nearest neigh b or of t on f and then next k � 1 neigh b ors around the nearest
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neigh b or. The time complexit y of this pro cess is O (log m + k ). The �nal

classi�cation requires the v otes of eac h of n features. Therefore, the a v erage

classi�cation time complexit y of the k -NNFP algorithm is O ( n � ( k + log m )).

On the other hand, in the k -NN algorithm, the classi�cation of a test in-

stance requires the computation of its distance to m training instance on n di-

mensions. Time complexit y of computing the distance b et w een t w o instances

is O ( n ). So, computing the distance to m training instances is O ( m � n ) .

Sorting m instances according to their distances is O ( m log m ). Therefore, the

classi�cation time complexit y of a single instance in the k -NN algorithm is

O ( m ( n + log m )), assuming m >> k .

3.3.2.2 Empirical Ev aluation

Here, an empirical ev aluation of the k -NNFP algorithm on b oth real-w orld

data sets and arti�cially generated datasets is presen ted in order to sho w the

e�ect of irrelev an t features on the classi�cation accuracy . The results will b e

compared with that of the k -NN algorithm.

Exp erimen ts with Real-W orld Datasets

The k -NNFP and k -NN algorithms are ev aluated on some real-w orld datasets

whic h are widely used in the mac hine learning �eld, therefore comparisons will

b e p ossible with other similar metho ds in future. The real-w orld datasets are

selected from the UCI-Rep ository [47]. An o v erview of the datasets is giv en in

App endix A, and they are brie
y explained.

Accuracy of an algorithm is a measure of correct classi�cations on a test

set of unseen instances. There are sev eral w a ys of measuring the accuracy of

an algorithm. In this study , w e c hose the 5-fold cross-v alidation tec hnique.

That is, the whole dataset is partitioned in to 5 subsets. The four of the sub-

sets is used as the training set, and the �fth is used as the test set, and this

pro cess is rep eated 5 times once for eac h subset b eing the test set. Therefore,

eac h instance app ears once in the test set, and four times in the training set.

Classi�cation accuracy is the a v erage of these 5 runs.
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T able 3.2. Accuracy (%) and a v erage running time (msec) of the k -NNFP

algorithm on real-w orld datasets.

Data Set: b cancerw clev eland glass h ungarian ionosphere iris liv er m usk wine

k=1 94.00 67.62 57.00 70.04 88.04 90.00 50.44 69.54 79.7

k=2 94.56 72.28 62.14 70.70 88.02 92.00 53.92 71.40 90.4

k=3 94.88 72.94 61.18 75.84 88.02 91.34 55.68 70.76 90.96

k=4 95.72 77.56 60.74 73.80 87.46 92.64 58.84 71.40 93.24

k=5 96.16 78.88 60.72 76.16 87.46 91.30 58.26 71.22 93.24

k=6 96.00 77.86 63.54 72.76 87.78 91.88 61.16 69.96 95.48

k=7 96.00 79.52 62.58 74.80 87.74 92.00 61.46 70.36 95.48

k=8 96.14 79.18 63.98 73.76 86.90 92.66 61.76 69.96 96.04

k=9 96.14 78.52 63.04 75.80 87.44 92.00 62.04 69.52 96.62

k=10 96.14 78.86 64.90 72.76 87.46 94.02 62.90 69.10 96.62

Avg. Time 340 740 94 266 477 40 1022 2654 282

T able 3.3. Accuracy (%) and a v erage running time (msec) of the k -NN algo-

rithm on real-w orld datasets.

Data Set: b cancerw clev eland glass h ungarian ionosphere iris liv er m usk wine

k=1 95.00 80.52 68.66 75.50 84.62 93.98 63.48 73.10 94.40

k=2 93.84 80.20 67.70 79.54 88.06 94.00 60.58 77.54 94.42

k=3 96.28 82.50 66.76 81.58 83.78 94.68 66.66 70.18 96.60

k=4 95.72 82.84 68.14 80.92 85.20 94.00 62.60 74.16 94.38

k=5 96.58 83.80 66.30 82.26 83.20 94.66 64.92 67.88 96.04

k=6 96.56 82.82 67.24 83.64 83.76 95.32 61.46 69.14 96.08

k=7 96.26 82.50 65.36 83.28 82.34 94.66 64.64 65.58 96.04

k=8 95.86 82.16 65.36 83.62 84.06 94.66 64.36 67.86 95.48

k=9 95.56 82.82 65.34 82.94 82.62 94.66 67.54 65.16 96.04

k=10 95.70 81.48 63.96 83.96 84.06 94.66 63.20 67.86 96.06

Avg. Time 3216 7786 318 695 2335 105 2060 18520 615

T able 3.4. The a v erage time (in msec) required to train with 80% and test

with the 20% of the arti�cial datasets for increasing n um b er of features.

Num b er of features

4 6 8 10 12 14

k -NNFP 85 212 285 367 517 556

k -NN 365 937 1257 1335 1472 1720
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The accuracy of the k -NNFP in T able 3.2 and k -NN in T able 3.3 w ere

obtained for the sp eci�ed datasets for k = 1, 2, ... 10. These exp erimen ts sho w

that the classi�cation accuracy of the k -NNFP algorithm usually increases

when the v alue of k increases. This suggests that the k -NNFP algorithm can

exploit the kno wledge represen ted in the form of feature pro jections for higher

v alues of k . On the other hand, increase in the v alue of k do es not result

in a parallel increase in the accuracy of the k -NN algorithm. Langley and

Sage's w orks on NN classi�ers suggest that man y of the UCI datasets ha v e few

irrelev an t features, if an y . Our exp erimen tal results also supp ort this claim.

Exp erimen ts on Arti�cial Data

As illustrated through an example in subsection 3.3.1, the k -NNFP algo-

rithm is, in general, una�ected from the presence of irrelev an t features in the

dataset. Exp erimen ts with arti�cial datasets ha v e imp ortan t roles to pla y in

the study of irrelev an t features. Hence, in order to empiricall y pro v e this claim,

w e ha v e generated six datasets with increasing n um b er of irrelev an t features

from zero to ten. Eac h of the datasets con tain four relev an t features, three

classes with 100 instances eac h. A class is represen ted b y a h yp errectangle in

four (relev an t) dimensional space, the v alues for irrelev an t features are ran-

domly generated. W e ha v e conducted 5-fold cross-v alidation exp erimen ts on

these six datasets, and compared the results of k -NNFP and k -NN algorithms.

The accuracy results are plotted in Figure 3.9.

As seen from these results, the decrease in the accuracy of the k -NNFP

algorithm when the n um b er of irrelev an t features increase is m uc h less than

that of the k -NN algorithm. Also w e observ ed that the accuracy of the k -

NNFP algorithm increases parallel to the increase in the v alue of k , whereas

the accuracy of the k -NN algorithm is not correlated with increase in the v alue

of k .

The time required to train the k -NNFP and the k -NN algorithms with the

80% of the data and test with the remaining 20% for these datasets are giv en

in T able 3.4. The comparison of the running times in this table agrees with

the time complexit y analysis of these algorithms giv en in Section 3.3.2.1.
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Figure 3.9. Comparison of k -NN and k -NNFP on arti�cial datasets for in-

creasing v alue of k. In all datasets there are 4 relev an t features, 3 classes

and 100 instances for eac h class. The accuracy results are obtained b y 5 w a y

cross-v alidation.
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3.3.3 Discussion

A new form of classi�cation metho d, called k -NNFP , has b een presen ted. This

algorithm has b een compared with the k -NN algorithm in terms of classi�cation

accuracy and time complexit y on b oth real-w orld and arti�cially generated

datasets.

In the k -NNFP algorithm, the classi�cation kno wledge is represen ted in

the form of sets of pro jections of the training data separately on eac h feature

dimension. The classi�cation of an instance is based on a ma jorit y v oting

tak en on the classi�cations made on the basis of individual feature pro jections.

Since eac h feature is pro cessed separately , there is no need for normalization of

feature v alues. Also, for the same reason, the algorithm can simply ignore an y

missing feature v alues that ma y app ear b oth in training and test instances. The

e�ect of the missing and noisy feature v alues on the prediction accuracy of the

k -NNFP algorithm will b e in v estigated as a future w ork. As another direction

for future w ork, w e plan to in tegrate a feature w eigh t learning algorithm to

k -NNFP .

The k -NNFP algorithm is based on the assumption that eac h feature can

con tribute the classi�cation pro cess and the ma jorit y v oting pro vides a correct

classi�cation when data con tain man y irrelev an t features. The k -NNFP algo-

rithm can pro vide b etter classi�cation accuracy than k -NN algorithm when

a dataset con tains man y irrelev an t features with resp ect to relev an t ones.

This claim has b een justi�ed on arti�cially generated datasets. On real-w orld

datasets, the k -NNFP algorithm ac hiev es comparable accuracy with the k -

NN algorithm. On the other hand, the a v erage running time of the k -NNFP

algorithm is m uc h less than that of the k -NN algorithm.

The k -NNFP algorithm treats feature v alues indep enden tly , whereas the k -

NN algorithm treats all instances as p oin ts in n -dimensional Euclidean space.

The k -NNFP algorithm stores the feature pro jection of the training instances

in a sorted order. Therefore, the classi�cation of a new instance requires a

simple searc h of the nearest training instance v alue. On the other hand, in the

k -NN algorithm, a new searc h m ust b e done for eac h test instance in the whole

Euclidean space.
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3.4 W eigh ting F eatures in k Nearest Neigh b or Classi-

�cation on F eature Pro jections ( k -NNFP)

W e prop ose t w o metho ds for learning feature w eigh ts to impro v e the classi�ca-

tion accuracy of the k -NNFP algorithm. The classi�cation of unseen examples

are made on the basis of feature pro jections b y a ma jorit y v oting among the

k ( � 1) predictions of eac h feature separately . W e ha v e treated all features as

equiv alen t in this algorithm (Section 3.3). Ho w ev er, all features ma y not ha v e

equal relev ance, ev en some features ma y b e completely irrelev an t. In order to

determine features' relev ances, the b est metho d is to assign them w eigh ts. The

�rst metho d is based on the homogeneit y of feature pro jections for whic h the

n um b er of consequen t v alues of feature pro jections of a same class supp orts an

evidence for increasing the probabilit y of correct classi�cation in the k -NNFP

algorithm. W e called this metho d HFP (Homogeneous F eature Pro jections).

The second metho d is based on the individual accuracies of features. W e called

this metho d SF A (Single F eature Accuracy). In this approac h, the k-NNFP

algorithm is run on the basis of a single feature, once for eac h feature. The

resulting accuracy is tak en as the w eigh t of that feature since it is a measure

of con tribution to classi�cation for that feature. Empirical ev aluation of these

feature w eigh ting metho ds in the k-NNFP algorithm on real w orld datasets is

giv en.

These feature w eigh ting metho ds aim to in v estigate the e�ect of w eigh t

assigning to features in k -NNFP algorithm. In these metho ds, no domain-

sp eci�c kno wledge is used. These metho ds can b e categorized according to

W ettsherec k and Aha's �v e-dimensional framew ork's �rst dimension [72] as

ignoran t and feedbac k, resp ectiv ely , since homogeneit y of feature pro jections

w eigh t setting do es not use an y feedbac k from the k -NNFP algorithm whereas

the second one uses feedbac k from k -NNFP algorithm. These metho ds mo dify

the v oting mec hanism of k -NNFP algorithm b y incremen ti ng the v ote of the

predicted class b y using the feature w eigh t. These feature w eigh ting metho ds

can b e easily incorp orated in to other classi�cation algorithms that use feature

w eigh ts.

In this study , w e aim to in v estigate the imp ortance of features' con tribution
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to �nal classi�cation since to assign higher w eigh ts to more relev an t features in-

crease the reliabilit y of v oting. This study fo cused on the empirical ev aluations

of feature w eigh ting metho ds prop osed on real-w orld datasets.

Comparison of similar algorithms highligh ts dissimilaritie s that can explain

observ ed p erformance di�erences. Our exp erimen tal results sho w that w eigh t-

ing features in the k -NNFP algorithm impro v es the accuracy e�ectiv ely in some

real-w orld datasets, esp ecially for smaller k v alues. An explanation of observ ed

p erformance di�erences is presen ted in the third subsection.

In the next subsection, the k -NNFP algorithm is giv en with its w eigh ted

v ersion, brie
y . In the subsequen t subsection, a detailed descriptions of fea-

ture w eigh ting metho ds studied are giv en. The third subsection presen ts the

empirical comparison of these metho ds on real-w orld datasets tak en from the

UCI-Rep ository [47]. The last subsection presen ts a summary of these feature

w eigh ting metho ds.

3.4.1 The W eigh ted k-NNFP Algorithm

In Section 3.3, the k -NNFP algorithm w as in tro duced for classi�cation based

on feature pro jections using k nearest neigh b or algorithm. Since all feature

v alues are treated separately , there is no need for normalization of feature

v alues. In the learning phase, eac h training instance is stored as its pro jections

on eac h feature dimension. If the v alue of a training instance is missing for a

feature, that instance is not stored on that feature. The k -NNFP algorithm

stores the feature pro jections of training instances in a sorted order. Therefore,

the classi�cation of a new instance requires a simple searc h of the nearest

training instance v alues on eac h feature. The classi�cation of an instance is

based on a ma jorit y v oting tak en on the classi�cations made on the basis of

individual feature pro jections. In general, with the ma jorit y v oting for �nal

classi�cation, the e�ect of irrelev an t features ma y b e reduced. On the other

hand, eac h feature can con tribute to the classi�cation b y its relev ance. So,

if w e place w eigh ts on features b efore v oting, this can pro vide more accurate

result for �nal class b y re
ecting eac h feature's relev ance in the classi�cation.

The w eigh ted k -NNFP algorithm is outlined in Figure 3.7. This algorithm
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classify( t; k )

/* t : test instance, k : n um b er of neigh b ors */

b egin

for eac h class c

v ote[ c ] = 0

for eac h feature f

/* put k nearest neigh b ors of test instance t

on feature f in to B ag */

B ag = kBag( f ; t; k )

/* eac h feature con tributes prop ortional ot its w eigh t */

for eac h class c

v ote[ c ] = v ote[ c ] + w eigh t[ f ] * coun t( c; B ag );

pr ediction = UNDETERMINED

for eac h class c

if v ote[ c ] > v ote[ pr ediction ] then

pr ediction = c

return pr ediction

end.

Figure 3.10. Classi�cation in the w eigh ted k -NNFP algorithm.

w as explained in Section 3.2.1.1. Here, the n um b er of v otes for eac h class is

incremen ted b y m ultiplying the w eigh t of that feature b y n um b er of v otes that

a feature giv es to that class, whic h is determined b y the count function. The

v alue of count ( c; B ag ) is the n um b er of o ccurrences of class c in bag B ag .

3.4.2 Some Metho ds for Learning F eature W eigh ts

Tw o feature w eigh ting metho ds are prop osed for k -NNFP algorithm to see

the e�ect of irrelev an t, and relev an t features with relativ e relev ancies. Firstly ,

the homogenit y of feature pro jections metho d is discussed. Next, the second

metho d whic h is based on the single feature accuracy is presen ted.
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Figure 3.11. Homogeneous distribution on a feature dimension
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Figure 3.12. Heterogeneous distribution on a feature dimension

3.4.2.1 W eigh t Learning Based on Homogenit y of Pro jections

The basic motiv ation for this metho d comes from the k -NNFP algorithm itself.

The assumption of the k -NNFP algorithm is that closer v alues on a feature di-

mension are of the same class, distribution of trainig instances on a feature

dimension is homogenious. That is, the pro jections of all training instances of

the same class are group ed together. Figure 3.11 and Figure 3.12 illustrates

homogeneous and heterogeneous feature pro jections, resp ectiv ely . In homo-

geneous feature pro jections, the total n um b er of consequen t v alues of a same

class can giv e a measure for its relev ancy for classi�cation prediction. In k -

NNFP algorithm, all seen feature v alues are stored in mem ory as sorted. W e

can determine the w eigh t of a feature as follo ws: Initially , a coun t is set to 0,

then for all sorted feature v alues, if the consequen t feature v alue's class is same

as the previous one, then coun t is incremen ted. Therefore, feature w eigh t can

b e found b y dividing that coun t b y the total n um b er of distinct feature v alues

on that feature. This can b e summarize d as follo ws:

w

f

=

P

V

f

v =1

� ( f ;v )

V

f

(3.3)

� ( f ; v ) =

8

<

:

1 if C

v ;f

= C

v +1 ;f

0 otherwise

(3.4)

All feature w eigh ts are computed using this form ula. Here C

v ;f

denotes the
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class lab el of v

th

v alue on feature dimension f , and V

f

denotes the n um b er of

distinct v alues on feature dimension f . This equation alw a ys giv es a v alue for

a feature b et w een 0 and 1, so it can b e the probabilit y of correct classi�cation

for that feature. These are incorp orated with feature w eigh ts to allo w that

more imp ortan t features con tribute to classi�cation pro cess more e�ectiv ely .

3.4.2.2 W eigh t Learning Based on Single F eature Accuracy

The second metho d is motiv ated from the w ork of Holte since eac h feature is

pro cessed individually in k -NNFP algorithm [30]. W e called this metho d SF A

(Single F eature Accuracy) since feature w eigh ts are learned from the accuracy

of the k -NNFP algorithm of eac h feature individually . Holte rep orts the results

of exp erimen ts measuring the p erformance of v ery simple rules on the datasets

commonly used in mac hine learning researc h. The sp eci�c kind of rules stud-

ied is called 1-rules , whic h classify an ob ject on the basis of a single feature.

This study motiv ated us to examine the classi�cation accuracy of the k -NNFP

algorithm on the basis of a single feature. Therefore, those accuracies can b e

used as the w eigh t of that feature since those accuracies re
ect ho w m uc h eac h

feature can con tribute to the �nal classi�cation. Ho w ev er, a totally irrelev an t

feature will ha v e ab out 1 = N o of C l asses accuracy , called r andom ac cur acy . In

order to a v oid random correct classi�cation, w e subtract the random accuracy

of a feature from the individual accuracies.

3.4.3 Exp erimen ts on Real-W orld Datasets

An empirical ev aluation of t w o feature w eigh ting metho ds, HFP and SF A, is

presen ted here along with their comparisons with un w eigh ted v ersion of the

k -NNFP algorithm b y 5-fold cross-v alidation.. The w eigh ted v ersions of the k -

NNFP algorithm are ev aluated on some real-w orld datasets selected from the

collection of datasets pro vided in the UCI-Rep ository [47]. The c haracteristics

of these datasets are sho wn in App endix A.

The accuracy results of k -NNFP and its t w o w eigh ted v ersions are giv en

in T able 3.5. In this table, the �rst ro w of eac h k v alue presen ts the k -NNFP
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T able 3.5. Accuracies (%) of the k -NNFP (N) and its w eigh ted v ersions using

homogeneneous feature pro jections (HFP) and single feature accuracy (SF A)

feature w eigh ting metho ds.

Data Set: b cancerw clev eland glass h ungarian ionosphere iris liv er wine

N k=1 94.00 67.62 57.00 70.04 88.04 90.00 50.44 79.70

HFP 94.28 67.62 57.92 68.70 88.32 89.98 50.42 87.58

SF A 94.28 79.60 57.00 61.52 88.60 89.98 58.26 87.00

N k=3 94.88 72.94 61.18 75.84 88.02 91.34 55.68 90.96

HFP 95.02 72.92 62.14 77.88 88.02 94.02 56.52 94.36

SF A 95.02 77.24 62.58 77.18 88.02 94.68 60.58 94.9

N k=5 96.16 78.88 60.72 76.16 87.46 91.30 58.26 93.24

HFP 96.02 80.18 59.78 77.86 87.18 93.32 57.96 94.38

SF A 96.16 80.50 65.84 74.78 87.74 94.00 63.50 94.90

N k=7 96.00 79.52 62.58 74.80 87.74 92.00 61.46 95.48

HFP 94.96 79.20 63.06 76.86 87.80 93.34 61.44 95.52

SF A 95.86 81.50 66.76 74.78 86.90 94.00 64.64 95.50

N k=9 96.14 78.52 63.04 75.80 87.44 92.00 62.04 96.62

HFP 96.28 79.18 63.06 78.20 87.74 94.02 62.32 96.62

SF A 96.28 81.52 66.30 72.74 87.74 94.68 64.94 97.20

algorithm results, the second ro w is the results of the HFP w eigh t learning,

and �nally the third ro w presen ts the results of SF A feature w eigh ting metho d.

These exp erimen ts sho w ed that none of the w eigh t learning algorithms im-

pro v ed the k -NNFP algorithm on the b cancerw and ionosphere datasets signif-

ican tly . This should b e b ecause all the features on these datasets are equally

relev an t. On the clev eland, liv er, iris and glass (except k = 1) datasets, the

w eigh ts learned b y the individual accuracies alw a ys p erformed signi�can tly b et-

ter than the others. The HFP w eigh t learning metho d p erformed b etter than

the other on the h ungarian dataset, except k = 1. There w ere no signi�can t

di�erence b et w een the t w o w eigh t learning algorithms on the wine dataset.

Our �ndings emphasize that w eigh ted v ersions do not impro v e the k -NNFP

algorithm e�ectiv ely in most of the real-w orld datasets. Langley & Sage con-

cluded from their exp erimen ts with feature selection that a n um b er of data

sets in the UCI rep ository con tain few or no irrelev an t features [38].

3.4.4 Discussion

A v ersion of the w ell-kno wn k -NN algorithm, that stores the classi�cation

kno wledge as the pro jections of the training instances on the features, called

k -NNFP algorithm, had b een sho wn to b e successful (Section 3.3). W e ha v e
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presen ted t w o metho ds for determining the relativ e w eigh ts of features for use

in the k -NNFP algorithm. The HFP metho d assigns a higher w eigh t to features

on whic h the pro jections of instances of the same class are lo cated close to eac h

other, resulting in a homogeneous distribution. The SF A metho d, on the other

hand, assigns a w eigh t as the classi�cation accuracy that w ould ha v e b een

obtained if only that feature w ere used in the classi�cation.

Our exp erimen ts rev ealed that these w eigh ting metho ds assign lo w w eigh ts

to completely irrelev an t features, and high w eigh ts to relev an t ones. F urther,

among these t w o w eigh t learning algorithms, the one that is based on the

individual accuracies learned w eigh ts that help ed k -NNFP ac hiev e higher ac-

curacies. The reason for this success is due to the feedbac k receiv ed from the

classi�cation algorithm. W e conclude that this w eigh t learning metho d could

b e successful for other classi�cation algorithms that use feature w eigh ts. As a

further w ork w e plan to in v estigate these w eigh t learning metho ds on arti�cial

datasets.

3.5 Summary

In this c hapter, feature pro jections for kno wledge represen tation ha v e b een

presen ted. The most imp ortan t adv an tage of this represen tation is that sorted

feature v alues reduces the time for computation of similarit y to all training

instances for NN lik e tec hniques. In addition, since eac h feature is consid-

ered separately , handling of missing feature v alues b y simply ignoring them is

natural. F urthermore, this represen tation is plausible. The ma jor dra wbac k of

feature pro jections kno wledge sc heme is that descriptions in v olving conjunction

b et w een t w o or more features cannot b e represen ted. Ho w ev er, prior researc h

on this represen tation, b y the CFP and COFI algorithms, has sho wn that they

are successful in classi�cation of real-w orld tasks.

The next c hapter will in tro duce sev eral batc h learning metho ds for classi�-

cation where kno wledge is represen ted in the form of disjoin t feature in terv als.

This is one of the primary con tributions of this thesis.



Chapter 4

Batc h Learning of Disjoin t F eature

In terv als

This c hapter is dev oted to batc h F eature In terv als Learning (FIL) algorithms.

W e ha v e seen in the previous c hapter that feature pro jections for kno wledge

represen tation ha v e b ecome successful with the adv an tage of lo w er time re-

quiremen t of classi�cation task and natural handling of missing feature v alues;

despite its limite d represen tation p o w er. The CFP and COFI algorithms pre-

sen ted in Chapter 3 are incremen tal sup ervised inductiv e learning algorithms

(Section 3.1 and Section 3.2). Hence, the classi�cation kno wledge learned b y

these algorithms is sensitiv e to presen tation order of training instances. In

Section 3.3, w e ha v e presen ted a new classi�cation algorithm k -NNFP that

classi�es unseen instances on the basis of feature pro jections in a batc h mo de.

That is a v ariation of classical k -NN algorithm. This c hapter is, therefore,

dev oted to dev eloping batc h learning of feature in terv als and sev eral mo di�-

cations that can impro v e their p erformance. Basic c haracteristics of the FIL

algorithms are that they are batc h sup ervised inductiv e learning algorithms,

based on feature in terv als for kno wledge represen tation. Although classi�ca-

tion is m uc h faster in the k -NNFP algorithm, its storage requiremen ts are quite

high. The algorithms discussed in this c hapter attempt to �nd more compact

represen tations of the training data b y constructing feature in terv als that repre-

sen t a collection of feature v alues that b elong to the same class. More compact

represen tations lead to faster classi�cations and ma y increase the abilit y of the

user to understand decisions made b y the classi�er.

53
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c
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f: x l
<

x u

Figure 4.1. An example for an in terv al.

The FIL algorithms describ ed here are the FI1, FI2, FI3, and FI4 algorithms

with sligh t di�erences. First, w e will explain the training and classi�cation

pro cess in the basic FIL algorithm, FI1, through examples and then presen t the

details of the algorithms. This is follo w ed b y discussion of mo di�ed algorithms

(FI2, FI3, FI4). Finally , general c haracteristics of the FIL algorithms are

discussed classifying them according to some imp ortan t dimensions in mac hine

learning.

4.1 Basic De�nitions

First, w e will giv e some necessary de�nitions b efore explaining the FIL algo-

rithms.

De�nition. An in terv al is a range of v alues of a feature dimension, suc h

that all the training instances whose v alues for that feature fall in to that range

ha v e the same class lab el.

Figure 4.1 sho ws an example for a feature in terv al. This in terv al represen ted

as < [ x

l

; x

u

], r , C

1

> on feature f indicates that, in the training set there are

r instances whose f v alues lie in the range [ x

l

; x

u

] and their class lab el is C

1

.

De�nition. A p oin t in terv al is an in terv al whose lo w er and upp er b ounds

are the same.

An example for a p oin t in terv al is giv en in Figure 4.2. Here, there are

training instances whose f v alues are x and their class lab el is C

1

. Other

neigh b oring feature v alues b elong to di�eren t classes from C

1

. There ma y b e

more than one p oin t in terv al at a same feature v alue.

De�nition. A range in terv al is an in terv al whose lo w er and upp er b ounds
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Figure 4.2. An example for a p oin t in terv al.
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f:

Figure 4.3. An example for a m ulti-class p oin t.

are not equal ( x

l

6= x

u

).

Figure 4.1 also illustrates a range in terv al. Range in terv als con tain sev eral

feature v alues b elonging to a same class lab el.

De�nition. A single-class p oin t is a v alue on a feature dimension that

b elongs to the single class lab el.

F or example, x in Figure 4.2 is a single-class p oin t on feature f . Neigh b oring

same single-class p oin ts are extended in to in terv als. But, p oin t in terv als ma y

b e constructed at single-class p oin ts if the neigh b oring feature v alues b elong

to di�eren t class lab els.

De�nition. A m ulti-class p oin t is a v alue on a feature that b elongs to

more than one class lab els.

Figure 4.3 illustrates an example for a m ulti-class p oin t. That is, there

are r

1

training instances of class C

1

, r

2

training instances of class C

2

, and r

3

training instances of class C

3

whose f v alues are x

1

. These can b e represen ted

in three p oin t in terv als:

< [ x

1

; x

1

] ; r

1

; C

1

> ,

< [ x

1

; x

1

] ; r

2

; C

2

> ,

< [ x

1

; x

1

] ; r

3

; C

3

> .
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4.2 Description of the FIL Algorithms

In this section, the training and classi�cation pro cesses of the FIL algorithms

will b e explained through examples. Then, the details of these algorithms

will b e presen ted. Also v oting-based classi�cation pro cess will b e illustrated

through examples.

4.2.1 The FI1 Algorithm

In the training phase of the FI1 algorithm (basic FIL), learning task is p er-

formed b y constructing disjoin t feature in terv als in a batc h mo de. All training

instances are tak en and pro cessed at once. F eature in terv als on eac h feature di-

mension are constructed through generalization. Concept descriptions learned

are represen ted in the form of sets of disjoin t feature in terv als. F or the classi�-

cation task, eac h feature determines its o wn prediction (preclassi�cation) using

only its lo cal kno wledge b y searc hing the in terv al co v ering test example's v alue

for that feature. The classi�cation of an instance is based on a ma jorit y v oting

tak en among the preclassi�cations made b y eac h feature. The FIL algorithms

can handle b oth con tin uous (linear) and nominal v alued features.

4.2.1.1 T raining in the FI1 Algorithm

The input to the FI1 algorithm is a training set that con tains examples rep-

resen ted as v ectors of feature v alues plus the corresp onding class lab el. An

example is represen ted as x = < x

1

; x

2

; ::; x

n

; C

x

> where x

1

; x

2

; ::; x

n

are the

corresp onding feature v alues of features f

1

; f

2

; ::; f

n

, and C

x

is the asso ciated

class lab el of the example x where 1 � C � k , here k is the total n um b er of

the classes. Therefore, the dimension of the example v ector i is n + 1 where n

is the n um b er of features.

Since the FI1 algorithm learns in a batc h mo de, it tak es all training exam-

ples and pro cesses them at once. In the FI1 algorithm, the basic unit of the

kno wledge represen tation is an in terv al with four parameters:



CHAPTER 4. BA TCH LEARNING OF DISJOINT FEA TURE INTER V ALS 57

< [ l ow er bound; upper bound ] ; r epr esentativ eness count; cl ass l abel >

Lo w er and upp er b ounds of an in terv al are the minim um and maxim um fea-

ture v alues that fall in to the in terv al, resp ectiv ely . Represen tativ eness coun t

is the n um b er of the instances that the in terv al represen ts. Finally , the class

lab el is the asso ciated class of the in terv al. In other w ords, learned classi�-

cation kno wledge is represen ted as the set of feature in terv als b y generalizing

neigh b oring same single-class p oin ts in to in terv als. F eature in terv als are dis-

join t. Ho w ev er, m ulti-class p oin ts remain as p oin t in terv als as in Figure 4.3.

In that case, a set of p oin t in terv als (upp er and lo w er b ounds are equal) are

constructed for m ulti-class p oin ts. Otherwise, disjoin t feature in terv als are

single-class in terv als.

Let us giv e an example to illustrate the training pro cess of the FI1 algo-

rithm. Here, training instances are represen ted also as v ectors of feature v alues

and the asso ciated class as sho wn in Figure 4.4. T raining set has 18 examples

describ ed with three linear features. There are there di�eren t classes in this

sample training set ( C

1

, C

2

and C

3

). First, feature pro jections on eac h feature

dimension are displa y ed in Figure 4.4 for this sample training set. This corre-

sp onds to the pro cess of presen ting all training instances initially and storing

them in memory as sorted (if they are linear features) on eac h feature dimen-

sion. That is the only information k ept in the memory to construct feature

in terv als.

Then, from this kno wledge, initial p oin t in terv als are constructed with equal

lo w er and upp er v alues. This is the same as feature pro jections sho wn in

Figure 4.4, except additional information suc h as lo w er, upp er b ound v alues,

represen tativ eness coun t and asso ciated class lab el. Since all features are linear,

their in terv als are generalized. Generalization pro cess com bines neigh b oring

p oin t in terv als in to a single in terv al if they are of the same class. The resulting

concept descriptions in the form of feature in terv als is giv en in Figure 4.5.

F or example, the feature pro jections on the �rst feature dimension forms the

follo wing set of feature in terv als on f

1

dimension:
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Figure 4.4. A Sample T raining Set and F eature Pro jections on Eac h F eature

Dimension
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Figure 4.5. Construction of feature in terv als in the FI1 algorithm.

f < [1 ; 3] ; 2 ; C

1

> < [4 ; 4] ; 3 ; C

1

> < [4 ; 4] ; 1 ; C

2

>

< [4 ; 4] ; 4 ; C

3

> < [6 ; 6] ; 2 ; C

2

> < [6 ; 6] ; 3 ; C

3

>

< [8 ; 8] ; 1 ; C

2

> < [9 ; 9] ; 1 ; C

3

> < [10 ; 10] ; 2 ; C

2

> g

The only range in terv al constructed on f

1

is the �rst in terv al since only

it con tains neigh b oring single-class p oin ts that b elong to the same class lab el

whereas the other ones are either m ulti-class p oin ts or neigh b oring single-class

p oin ts that do not b elong to the same class. Multi-class p oin ts remain as p oin t

in terv als allo wing more than one in terv al at the same feature v alue as sho wn in

Figure 4.5. Nominal features ha v e only p oin t (p ossibly m ulti-class) in terv als.

This is b ecause nominal v alues cannot b e generalized. Figure 4.6 summarizes

the training pro cess of the FI1 algorithm.

4.2.1.2 Classi�cation in the FI1 Algorithm

The output of the training pro cess of the FI1 algorithm is the concept de-

scriptions learned in the form of feature in terv als. In the FI1 algorithm, the
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train( T r aining S et )

b egin

sortT rainingData( T r aining S et ) /* on eac h feature dimension */

construct-in terv als( T r aining S et )

end.

construct-in terv als( T r aining S et )

b egin

for eac h feature f

for eac h training instance i

initialize-p oin t-in terv als( f ; i )

if f is linear then

generalize-p oin t-in terv als( f )

/* if f is a nominal feature, no generalization is done */

end.

generalize-p oin t-in terv als( f )

b egin

for eac h consecutiv e in terv al pair

if their classes are same and they are single-class in terv als then

join them in to a range in terv al

/* up date lo w er, upp er and represen tativ eness v alues */

end.

Figure 4.6. T raining pro cess in the FI1 algorithm.
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Figure 4.7. An example for classi�cation in the FI1 algorithm.

classi�cation is based on a ma jorit y v oting tak en among the individual pre-

dictions of features. The classi�cation of a feature is based not only on the

v alue of the test instance on that feature dimension but also on the feature

in terv als constructed during the training phase. Eac h feature predicts only a

single class. FIL algorithms assume that features ha v e di�eren t lev els of rele-

v ances. Assuming equal relev ance is a sp ecial case of w eigh ted-v oting, i.e., eac h

feature con tributes to v oting pro cess with equal w eigh ts. The feature w eigh ts

are giv en to the FIL algorithms externally b y the user. If they are not giv en,

then all features assume equal w eigh ts (=1). So, eac h feature has the same

v oting p o w er in the determination of the �nal class prediction.

The classi�cation on a feature is simply a searc h pro cess on that feature

dimension. If the feature v alue of the test instance on that feature is con tained

b y an in terv al, then the prediction will b ecome the class of that in terv al. If

it falls in a m ulti-class p oin t, the class of the in terv al with the maxim um

represen tativ eness coun t will b e predicted. Otherwise, if it is not con tained

b y an y in terv al, then no prediction is made b y that feature, hence no v ote is

tak en from that feature. If all feature dimensions giv e no predictions, then
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no classi�cation can b e made and the resulting decision for the class will b e

UNDETERMIN ED . Nev ertheless, this case is quite unlik ely to o ccur in real-w orld

datasets.

In order to determine the �nal classi�cation, the lo cal v ote of eac h fea-

ture are summed up. The class whic h receiv es the the maxim um v ote is the

classi�cation for the test instance. This can b e summarized as follo ws.

cl assif ication ( test ) = c such that v

c

> v

i

for eac h i 6= c .

Let us illustrate the classi�cation pro cess of the FI1 algorithm b y classifying

the test instance < 2 ; 14 ; 9 ; C

1

> according to the concept descriptions

learned b y the FI1 algorithm in the training phase as sho wn in Figure 4.5.

Eac h feature v alue of this test instance is indicated in Figure 4.7 b y arro ws

on eac h feature dimension. Eac h feature mak es a preclassi�cation for this

instance. In the �rst dimension, the �rst feature v alue, 2, falls in to the �rst

in terv al with class C

1

, < [1 ; 3] ; 2 ; C

1

> . Therefore, it predicts that the class of

the test instance should b elong to the class C

1

. The result of preclassi�cation

of the second feature is again class C

1

since the second feature v alue, 14, falls

in to the in terv al < 10 ; 15 ; 6 ; C

1

> . The third feature mak es no prediction since

the third feature v alue, 9, is not con tained b y an y in terv al. The v ote v ector

for this test instance b ecomes < 2 ; 0 ; 0 > . Here, 2 v otes for class C

1

and no

v otes for classes C

2

, C

3

. The class whic h receiv es the maxim um v ote, C

1

in this

case, is determined as the �nal class prediction. Since the actual class v alue

of the test instance is also C

1

, the �nal prediction is a correct classi�cation.

It should b e noted that, for this example, equal feature w eigh ts are assumed.

The classi�cation pro cess of the FI1 algorithm is outlined in Figure 4.8. Some

exp erimen ts will b e p erformed to in v estigate the e�ect of w eigh ting features in

v oting mec hanism in Chapter 5.
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classify( test )

b egin

for eac h class c

v ote[ c ] = 0

for eac h feature f

inter v al = searc h-in terv al( f , test

f

)

/* eac h feature con tributes prop ortional to its w eigh t */

if class of inter v al 6= UNDETERMINED then

v ote[class of inter v al ] = v ote[class of inter v al ] + w eigh t[ f ];

pr ediction = �rst class

for eac h class c

if v ote[ c ] > v ote[ pr ediction ] then

pr ediction = c

if v ote[ pr ediction ] = 0 then

pr ediction = UNDETERMINED /* all features mak e no prediction */

return pr ediction

end.

searc h-in terv al( f ; v al ue )

b egin

if v al ue on f is a single-class p oin t then

return inter v al on that p oin t

else if v al ue on f is m ulti-class p oin t then

return inter v al with the highest represen tativ eness coun t

else if v al ue on f is con tained in a range in terv al then

return inter v al on that v al ue

else /* no in terv al exists for that v alue */

return UNDETERMINED

end.

Figure 4.8. Classi�cation pro cess in the FI1 algorithm.
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Figure 4.9. An Example for an incorrect classi�cation in the FI1 algorithm

that leads to the FI2 Algorithm.

4.2.2 The FI2 Algorithm

Figure 4.9 illustrates classi�cation of another test example < 4 ; 16 ; 8 ; C

1

> .

In this case, features f

2

and f

3

mak e no predictions since pro jections on these

features are not con tained b y an y in terv al. The �rst feature v alue falls in to a

m ulti-class p oin t of class C

3

. The FI1 algorithm determines the lo cal prediction

of the �rst feature according to the class that has the maxim um represen tativ e-

ness coun t. Hence, C

3

will b e predicted without considering the distribution

of classes. This leads to a sligh t mo di�cation in the FI1 algorithm, called FI2.

Basic unit of kno wledge represen tation in the FI2 algorithm is also in terv al

with a sligh t di�erence: it uses r elative r epr esentativeness c ount whic h is the

ratio of the represen tativ eness coun t to the total n um b er of training instances

of the corresp onding class rather than absolute represen tativ eness coun t.

In this sample training set, there are three training instances of C

1

class

at this feature v alue, 4, whereas there are four instances of C

3

class. So, the

relativ e represen tativ eness coun ts of in terv als with class C

1

and C

2

are 3/5 and
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4/7, resp ectiv ely . The relativ e represen tativ eness coun t of C

1

is greater than

that of C

2

. If preclassi�cation on a feature dimension is made according to the

relativ e represen tativ eness coun t of m ulti-class p oin ts, this ma y b e more fair,

without alw a ys giving a c hance to the classes that app ear more frequen tly in

the training set. Therefore, the concept of relativ e represen tativ eness coun t

in tro duces a mo di�cation to classi�cation pro cess of the FI1 algorithm. After

training, only represen tativ eness coun ts are divided b y total n um b er of cor-

resp onding classes. This is a kind of normalization of class distributions and

required for datasets with unequally distributed classes.

The training pro cess of the FI2 algorithm is iden tical to FI1 except that af-

ter construction of in terv als, eac h feature main tains relativ e represen tativ eness

coun t rather than represen tativ eness coun t, as outlined in Figure 4.10. The

di�erence in the classi�cation pro cess app ears in the preclassi�cation of test

v alues at m ulti-class p oin ts. The class of the in terv al whic h has the maxim um

relativ e represen tativ eness coun t is c hosen as the prediction. This di�erence in

the classi�cation pro cess is summarized in Figure 4.11.

4.2.3 The FI3 Algorithm

Since learning is ac hiev ed in the batc h manner, all training instances are kno wn

b efore the construction of feature in terv als in b oth FI1 and FI2 algorithms.

Once they are constructed, the in terv als ha ving less represen tativ eness coun t

than the one with maxim um in the FI1 and relativ e represen tativ eness in the

FI2 algorithms are not used in the classi�cation pro cess. This raises the fol-

lo wing question: Why do we stor e them? This motiv ated us to in v estigate a

metho d to store a single p oin t in terv al in m ulti-class p oin ts.

F or this purp ose, w e tried to eliminate less lik ely con tributing in terv als to

classi�cation. The in terv al ha ving the maxim um represen tativ eness coun t is

c hosen as the class of the in terv al on that m ulti-class p oin t. The elimination

of the in terv als with lo w er represen tativ eness coun ts leads to the pruning of

presumably noisy in terv als. Ho w ev er, one should b e careful in this pruning.

F or example, consider a m ulti-class p oin t at v alue v with in terv als
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generalize-p oin t-in terv als( f )

b egin

for eac h consecutiv e in terv al pair

/* up date lo w er, upp er and represen tativ eness v alues */

if their classes are the same and they are p oin t in terv als then

join them in to a range in terv al

/* normalization of class distributions among in terv als */

for eac h in terv al

relativ e represen t v alue =

r epr esent v al ue of inter v al

total no of cl ass of inter v al

end.

Figure 4.10. Generalization of in terv als in the FI2 algorithm.

searc h-in terv al( f ; v al ue )

b egin

if v al ue on f is a single-class p oin t then

return inter v al on that p oin t

else if v al ue on f is m ulti-class p oin t then

return inter v al with the highest relativ e represen tativ eness coun t

else if v al ue on f is con tained in a range in terv al then

return inter v al on that v al ue

else /* no in terv al exists for that v alue */

return UNDETERMINED

end.

Figure 4.11. Preclassi�cation pro cess in the FI2 algorithm.
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Figure 4.12. Construction of feature in terv als in the FI3 algorithm.

< [ v ; v ] ; 50 ; C

1

> ,

< [ v ; v ] ; 49 ; C

2

> ,

< [ v ; v ] ; 2 ; C

3

> .

If w e simply remo v e the last t w o in terv als, w e lo ose the information that

at this v alue v , C

1

and C

2

classes are equally p ossible. In order to establish a

balance b et w een in terv als with high represen tativ eness coun ts, w e designed a

new metho d for placing w eigh ts to in terv als rather than features. T o determine

the w eigh t of a new p oin t in terv al, t w o p oin t in terv als ha ving maxim um rep-

resen tativ eness coun ts are found. Then, the w eigh t of the in terv al is set to b e

the di�erence b et w een t w o maxim um represen tativ eness coun ts divided b y the

total n um b er of represen tativ eness coun ts of m ulti-class p oin ts at that feature

v alue. W e called this algorithm as FI3. An in terv al in the FI3 algorithm is

represen ted as follo ws:

< [ l ow er bound; upper bound ] ; w eig ht of inter v al ; cl ass l abel >

Here, w eigh t of the in terv al represen ts the v ote of the in terv al when it con-

tributes to classi�cation. All other information is the same as in the FI1
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algorithm.

The concept descriptions of the sample training set giv en in Figure 4.4

learned b y the FI3 algorithm is presen ted in Figure 4.12. Note that the storage

requiremen t of the FI3 algorithm is smaller than the FI1 and FI2 algorithms

if there are man y m ulti-class p oin ts.

In the preclassi�cation of feature f , its v ote is for the class of in terv al as

the w eigh t of in terv al con taining the feature v alue of the test instance on the

feature dimension f . The classi�cation example in Figure 4.13 illustrates the

b eha vior of the FI3 algorithm. In this example, the class C

3

will tak e 1 v ote

from feature f

3

since f

3

th v alue falls in to a range in terv al and range in terv al

v otes are set to b e 1. The �rst feature v otes 1 = 8 v ote for C

3

since �rst feature

v alue falls in to a m ulti-class in terv al. The class C

2

will tak e 1 v ote from the

range in terv al on feature f

2

. The v ote v ector b ecomes < 0 ; 1 ; 9 = 8 > . Final

classi�cation is the class C

3

. Since the actual class of the test example is C

3

,

the test instance will b e correctly classi�ed b y the constructed in terv als as

sho wn in Figure 4.13.

The di�erences in the training and classi�cation algorithms are listed in

Figure 4.14 and Figure 4.15. In the training, the w eigh ts of feature in terv als are

learned in addition to their constructions. In the classi�cation, these w eigh ts

are used for feature v otes.

4.2.4 The FI4 Algorithm

In the FI3 algorithm, initial single-class p oin t in terv als will ha v e the maxim um

w eigh t (=1). Ho w ev er, these can b e noisy in terv als as w ell. T o decrease the

e�ect of suc h in terv als, normalization of these in terv al w eigh ts are required.

This is done b y dividing these w eigh ts to the total n um b er of their classes in the

training dataset. Figure 4.17 illustrates this b y an example. The test instance

< 8 ; 18 ; 3 ; C

3

> will b e tested according to the kno wledge learned b y the FI3

algorithm. The v alue for f

1

falls in to the in terv al < [8 ; 8] ; 1 = 6 ; C

2

> . The

w eigh t of this in terv al b ecomes 1 = 6 since there is only one training instance

whose f

1

th v alue is 8, but totally there are 6 training instances of class C

2
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Figure 4.13. An example for classi�cation in the FI3 algorithm.

in the whole dataset. So, the �rst feature predicts C

2

with w eigh t 1 = 6, the

second feature mak es no prediction and the third one predicts C

3

with w eigh t

1, b ecause all feature v alues that b elong to the class C

3

on feature f

3

fall in to

the same in terv al.

The training pro cess of the FI4 algorithm is iden tical to the FI3 algorithm

except normalization of feature in terv al w eigh ts according to class distributions

in the training set. The normalization pro cess is outlined in Figure 4.16. The

classi�cation task is p erformed as in the FI3 algorithm using more reliable

feature in terv al w eigh ts.

4.3 Characteristics of FIL Algorithms

In this section, general prop erties of learning metho ds are presen ted to c har-

acterize the FIL algorithms.
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construct-in terv als( T r aining S et )

b egin

for eac h feature f

for eac h training instance i

initialize-p oin t-in terv als( f ; i )

if f is linear then

generalize-p oin t-in terv als( f )

/* if f is a nominal feature, no generalization is done */

compute-in terv al-w eigh ts( f )

end.

compute-in terv al-w eigh ts( f )

b egin

for eac h in terv al

if range in terv al or single-class p oin t then

w eig ht of inter v al = 1

else

�nd the in terv al ha ving maxim um repr. coun t

w eig htof inter v al =

dif f er ence betw een tw o max: r epr esentativ eness counts

total r epr : count

end.

Figure 4.14. T raining pro cess in the FI3 algorithm.
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classify( test )

b egin

for eac h class c

v ote[ c ] = 0

for eac h feature f

inter v al = searc h-in terv al(f, test

f

)

/* eac h in terv al con tributes prop ortional to its w eigh t */

if class of in terv al 6= UNDETERMINED then

v ote[class of inter v al ] =

v ote[class of inter v al ] + w eigh t of inter v al

pr ediction = �rst class

for eac h class c

if v ote[ c ] > v ote[ pr ediction ] then

pr ediction = c

if v ote[ pr ediction ] = 0 then

pr ediction = UNDETERMINED /* no �nal prediction */

return pr ediction

end.

Figure 4.15. Classi�cation pro cess in the FI3 algorithm.

compute-in terv al-w eigh ts( f )

b egin

for eac h inter v al

if range in terv al or single-class p oin t then

w eigh t of inter v al = 1

else

�nd the inter v al ha ving maxim um repr. coun t

w eigh t of inter v al =

dif f er ence betw een tw o max: r epr esentativ eness counts

total r epr : count

/* in terv al w eigh ts are normalized according to class distributions */

for eac h inter v al

divide w eigh t of inter v al b y

total no of class of inter v al in training set

end.

Figure 4.16. Normalization of in terv al w eigh ts in the FI4 algorithm.
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Figure 4.17. An example of classi�cation in the FI4 algorithm.

4.3.1 Kno wledge Represen tation

Kno wledge represen tation is one of the most imp ortan t dimensions in classify-

ing mac hine learning tec hniques. Man y learning systems acquire kno wledge in

the form of rules . Another w a y to represen t what is learned is with decision

trees as in the ID3 and C4.5 algorithms [55 ]. On the other hand, kno wledge

represen tation in exemplar-based learning mo dels is sets of represen tativ e in-

stances [1 , 2 , 5 ] or h yp errectangles whic h represen t generalizations [58 , 59].

In Chapter 3, w e presen ted a new kno wledge represen tation in the form of

feature pro jections. Generalization and sp ecialization are made on the basis

of feature pro jections. This in tro duces faster classi�cation of test instances b y

prev en ting the similarit y computation to eac h training instance b ecause feature

pro jections can b e sorted for con tin uous v alued features. One shortcoming of

this represen tation is that descriptions in v olving a conjunction b et w een t w o or

more features cannot b e represen ted. Ho w ev er, the prior researc h has sho wn

that this kno wledge represen tation is quite p o w erful in the classi�cation of real-

w orld tasks [65 , 67]. The CFP and COFI algorithms use this represen tation to
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learn concept descriptions in the form of disjoin t feature in terv als and o v erlap-

ping feature in terv als in an incremen tal manner [27 , 28 , 65 , 67 ]. The k -NNFP

algorithm also uses this represen tation in order to classify test instances on the

basis of feature pro jections [7].

The FIL algorithms also acquire concept descriptions b y using feature pro-

jections for kno wledge represen tation. Learned concept descriptions are stored

in memory in the form of disjoint fe atur e intervals . These in terv als are dis-

join t (single-class) co v ering only single-class neigh b oring p oin t. The m ulti-class

p oin ts are represen ted a set of p oin t in terv als. Eac h in terv al con tains upp er

and lo w er b ounds, represen tativ eness coun t that is the n um b er of examples

that in terv al represen ts, and the asso ciated class lab el of the in terv al. The

n um b er of in terv als on a feature dimension dep ends on the training set, and

they are unique for the same training set b eing indep enden t of presen tation

order of training instances. A t the w orst case, if all examples ha v e di�eren t

feature v alues, the feature ma y b e either nominal or linear, then the n um b er

of in terv als is equal to m � n where m is the n um b er of instances, and n is the

n um b er of features.

4.3.2 Inductiv e Learning

Inductiv e learning can b e describ ed as learning from facts that are pro vided b y

a teac her or an en vironmen t b y dra wing inductiv e inference. Acquiring kno wl-

edge in v olv es op erations of generalizing, sp ecializing, transforming, correcting

and re�ning kno wledge represen tations [43]. Learning a concept usually means

to learn its description, i.e., a relation b et w een the name of the concept and a

giv en set of features b y making some inferences.

The FIL algorithms p erform the learning task from a set of training ex-

amples and mak e generalizations on the feature pro jections to construct the

concept descriptions in the form of disjoin t feature in terv als.
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4.3.3 Sup ervised Learning

Sup ervise d le arning has b een the most widely studied learning paradigm in in-

ductiv e learning systems, pattern classi�cation and system iden ti�cation [13].

In this learning paradigm, the learner is ask ed to asso ciate pairs of items. F or

example, in pattern classi�cation or concept acquisition, the �rst item is an

instance of some pattern or concept and the second item is the name of the

concept. In system iden ti�cation, the learner m ust repro duce the input-output

b eha vior of some unkno wn system. Here, the �rst item of eac h pair is an in-

put and the second item is the corresp onding output. In mac hine learning,

from a set of training examples, eac h lab eled with its correct class name, a

mac hine learns b y forming or selecting a generalization of the training exam-

ples. Unsup ervise d le arning tec hniques try to estimate the class distributions

successiv ely from unlab eled training instances.

The FIL algorithms learn from examples pro vided, that is, the sup ervised

learning paradigm is follo w ed. Here, the �rst item is the feature v alues of an

instance and the second item is the class of that instance.

4.3.4 Batc h Learning

Quinlan has p oin ted out t w o alternativ e learning strategies as incr emental and

b atch (non-incr emental) [52]. Incremen tal learning aims to impro v e an in ternal

mo del with eac h example it pro cesses. Researc hers who explore the incremen tal

approac h are t ypically concerned with dev eloping plausible mo dels of h uman

learning, with agen ts that m ust in teract with a dynamic en vironmen t, or with

the e�ciency of the learning mec hanisms. On the other hand, batc h learning

attempts to construct concept descriptions after seeing all training instances to

maximiz e the p erformance of the learning system. In con trast to incremen tal

learning, researc hers who emplo y batc h learning strategy are concerned with

automating the pro cess of kno wledge acquisition for higher p erformance.

A batc h learning strategy usually assumes random access to the examples

in the training set. A learning system whic h follo ws this strategy searc hes

for patterns and regularities in the training set in order to induce concept
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descriptions. They ma y examine and re-examine the training set man y times

b efore settling on a successful mo del. The most imp ortan t adv an tage of this

approac h is that it is not sensitiv e to the order of the training examples.

Despite the di�erences in motiv ation, researc hers in b oth paradigms ha v e

m uc h to learn from eac h other. Incremen tal and batc h systems often use the

same basic learning op erators and pro duce similar results. In man y cases, one

can create incremen tal v ariations of non-incremen tal algorithms. Presumably ,

man y incremen tal learning metho ds also ha v e non-incremen tal coun terparts.

Batc h learning strategy is emplo y ed in the FIL algorithms. Before training,

all instances are presen ted as input to the algorithms. In the FIL algorithms,

concept descriptions are represen ted in the form of disjoin t feature in terv als.

The construction of in terv als is unique for that training set, that is, they are

indep enden t of presen tation order of training instances.

4.3.5 Domain Indep endence in Learning

In some learning metho ds, suc h as Explanation-Based Generalization (EBG),

considerable amoun t of domain sp eci�c kno wledge is required to construct ex-

planations [18]. In EBG, domain sp eci�c kno wledge is applied to form ulate

v alid generalizations from a single training example. The c haracteristic com-

mon to these metho ds is their abilit y to explain wh y the training instance is a

mem b er of the concept b eing learned.

In con trast, exemplar-based learning do es not construct explanations. In-

stead, it incorp orates new examples in to its exp erience b y mo difying its existing

concept represen tation in the memory . Because it do es not con v ert examples

in to another represen tation form, it do es not need a domain theory to explain

what con v ersions are legal. A consequence of domain indep endence is that

systems can b e adapted to new domains quic kly without an y extra domain

kno wledge.

The CFP and COFI algorithms use domain sp eci�c parameters. These

parameters in the CFP algorithm are 4 (feature w eigh t-adjustmen t rate) and
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D

f

(generalization distances of features). In the COFI algorithm, the only

domain dep enden t parameter is g (generalization ratio).

The FIL algorithms are also exemplar-based learning algorithms, based on

gener alize d fe atur e values . Although they do not use parameters used as in the

CFP and COFI algorithms, w eigh ts of features in the FI1 and FI2 algorithms

are giv en externally . In the FI3 and FI4 algorithms, there is no need for feature

w eigh ts. Therefore, the FI3 and FI4 algorithms do not require an y parameter

to b e pro vided externally .

4.3.6 Multi-concept Learning

Man y early concept learning algorithms ha v e b een dev elop ed for exactly one

concept. Later, man y learning algorithms ha v e b een dev elop ed that induce

m ulti-concept descriptions from examples. The FIL algorithms ha v e b een de-

signed for learning m ulti-concept descriptions as w ell.

4.3.7 Prop erties of F eature V alues

The features in a dataset ma y ha v e nominal (categorical), or con tin uous (n u-

merical) v alues. The term c ontinuous is used in literature to refer to features

taking on n umerical v alues (in teger or real), in general a feature with a linearly

ordered set of attribute v alues. The FIL algorithms can handle b oth linear and

nominal features. Linear features ma y tak e on v alues from �1 to 1 and they

are con tin uous. Nominal features tak e on discrete feature v alues, for example,

color attribute of an ob ject is a nominal feature, or binary v alues suc h as an-

sw ers to y es/no questions are also nominal feature v alues. The only di�erence

in handling linear features and nominal features is the generalization pro cess.

Generalization is applied only to linear features.
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; Information about the IRIS dataset
Features l l l l 
Classes  0 1 2

Figure 4.18. An example for the information pro vided to the FIL algorithms.

4.3.8 Handling Missing (Unkno wn) F eature V alues

One of the most imp ortan t adv an tages of the FIL algorithms is the handling

of missing feature v alues. There is no need to �ll in missing v alues in the FIL

algorithms. This a�ects neither the construction of concept descriptions nor

the v oting mec hanism. In addition, this is a natural approac h b ecause in real

life if nothing is kno wn ab out a feature, it can b e ignored rather than assigning

an a v erage or exp ected v alue.

4.4 User In terface

W e ha v e designed and implem en ted user in terfaces for the FIL algorithms.

These implem en tations ha v e b een done b y using Motif user-in terface to olkit.

The FIL algorithms ha v e b een implem e n ted in C language in Unix en vironmen t.

The user can select a dataset from the 'Op en' men u item. Then, with an initial

training ratio training and testing sets are formed. User can en ter the training

ratio from the men u item 'T rain Ratio' as w ell. Figure 4.18 presen ts an example

for the information giv en to the FIL algorithms ab out the dataset, iris in this

example with n um b er and t yp es of features and n um b er and names of classes.

The feature in terv als constructed during training phase of the algorithms

are displa y ed on eac h feature dimension assigning a di�eren t color to eac h class

lab el on the screen. Usage of colors pro vides users to b etter understand pre-

dictions made b y individual features. User can see the classi�cation of a single

test instance b y p erforming classi�cation task step b y step with \NEXT" but-

ton. Also, all test instances can b e classi�ed at once with \ALL" button. It is

also p ossible to see the previous examples and their classi�cations with \PRE-

VIOUS" button. Classi�cation accuracy and no of correct classi�cations after
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f:1 s:1 l:4.3 u:4.8 c:0 r:13

f:1 s:2 l:4.9 u:4.9 c:0 r:2

f:1 s:3 l:4.9 u:4.9 c:1 r:1

f:1 s:4 l:4.9 u:4.9 c:2 r:1

f:1 s:5 l:5 u:5 c:0 r:8

f:1 s:6 l:5 u:5 c:1 r:2

f:1 s:7 l:5.1 u:5.1 c:0 r:7

f:1 s:8 l:5.2 u:5.2 c:0 r:3

f:1 s:9 l:5.2 u:5.2 c:1 r:1

f:1 s:10 l:5.4 u:5.4 c:0 r:5

f:1 s:11 l:5.4 u:5.4 c:1 r:1

f:1 s:12 l:5.5 u:5.5 c:1 r:3

f:1 s:13 l:5.6 u:5.6 c:1 r:3

f:1 s:14 l:5.6 u:5.6 c:2 r:1

f:1 s:15 l:5.7 u:5.7 c:0 r:1

f:1 s:16 l:5.7 u:5.7 c:1 r:3

f:1 s:17 l:5.8 u:5.8 c:0 r:1

f:1 s:18 l:5.8 u:5.8 c:1 r:3

f:1 s:19 l:5.8 u:5.8 c:2 r:3

f:1 s:20 l:5.9 u:5.9 c:1 r:1

f:1 s:21 l:6 u:6 c:1 r:3

f:1 s:22 l:6 u:6 c:2 r:1

f:1 s:23 l:6.1 u:6.1 c:1 r:3

f:1 s:24 l:6.1 u:6.1 c:2 r:1

f:1 s:25 l:6.2 u:6.2 c:1 r:2

f:1 s:26 l:6.2 u:6.2 c:2 r:2

f:1 s:27 l:6.3 u:6.3 c:1 r:3

f:1 s:28 l:6.3 u:6.3 c:2 r:6

f:1 s:29 l:6.4 u:6.4 c:1 r:1

f:1 s:30 l:6.4 u:6.4 c:2 r:4

f:1 s:31 l:6.5 u:6.5 c:1 r:1

f:1 s:32 l:6.5 u:6.5 c:2 r:4

f:1 s:33 l:6.6 u:6.6 c:1 r:2

f:1 s:34 l:6.7 u:6.7 c:1 r:3

f:1 s:35 l:6.7 u:6.7 c:2 r:3

f:1 s:36 l:6.8 u:6.8 c:1 r:1

f:1 s:37 l:6.8 u:6.8 c:2 r:2

f:1 s:38 l:6.9 u:6.9 c:1 r:1

f:1 s:39 l:6.9 u:6.9 c:2 r:3

f:1 s:40 l:7.1 u:7.9 c:2 r:11

Figure 4.19. In terv als of iris domain on the �rst feature.
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f:2 s:1 l:2 u:2 c:1 r:1

f:2 s:2 l:2.2 u:2.2 c:1 r:2

f:2 s:3 l:2.2 u:2.2 c:2 r:1

f:2 s:4 l:2.3 u:2.3 c:0 r:1

f:2 s:5 l:2.3 u:2.3 c:1 r:3

f:2 s:6 l:2.4 u:2.4 c:1 r:1

f:2 s:7 l:2.5 u:2.5 c:1 r:2

f:2 s:8 l:2.5 u:2.5 c:2 r:3

f:2 s:9 l:2.6 u:2.6 c:1 r:3

f:2 s:10 l:2.6 u:2.6 c:2 r:2

f:2 s:11 l:2.7 u:2.7 c:1 r:5

f:2 s:12 l:2.7 u:2.7 c:2 r:3

f:2 s:13 l:2.8 u:2.8 c:1 r:4

f:2 s:14 l:2.8 u:2.8 c:2 r:8

f:2 s:15 l:2.9 u:2.9 c:0 r:1

f:2 s:16 l:2.9 u:2.9 c:1 r:5

f:2 s:17 l:2.9 u:2.9 c:2 r:1

f:2 s:18 l:3 u:3 c:0 r:4

f:2 s:19 l:3 u:3 c:1 r:6

f:2 s:20 l:3 u:3 c:2 r:9

f:2 s:21 l:3.1 u:3.1 c:0 r:3

f:2 s:22 l:3.1 u:3.1 c:1 r:3

f:2 s:23 l:3.1 u:3.1 c:2 r:3

f:2 s:24 l:3.2 u:3.2 c:0 r:4

f:2 s:25 l:3.2 u:3.2 c:1 r:2

f:2 s:26 l:3.2 u:3.2 c:2 r:5

f:2 s:27 l:3.3 u:3.3 c:0 r:2

f:2 s:28 l:3.3 u:3.3 c:1 r:1

f:2 s:29 l:3.3 u:3.3 c:2 r:2

f:2 s:30 l:3.4 u:3.4 c:0 r:9

f:2 s:31 l:3.4 u:3.4 c:2 r:2

f:2 s:32 l:3.5 u:3.5 c:0 r:5

f:2 s:33 l:3.6 u:3.6 c:0 r:2

f:2 s:34 l:3.6 u:3.6 c:2 r:1

f:2 s:35 l:3.7 u:3.7 c:0 r:2

f:2 s:36 l:3.8 u:3.8 c:0 r:2

f:2 s:37 l:3.8 u:3.8 c:2 r:2

f:2 s:38 l:3.9 u:4.4 c:0 r:5

Figure 4.20. In terv als of iris domain on the second feature.
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f:3 s:1 l:1 u:1.9 c:0 r:40

f:3 s:2 l:3.3 u:4.4 c:1 r:21

f:3 s:3 l:4.5 u:4.5 c:1 r:5

f:3 s:4 l:4.5 u:4.5 c:2 r:1

f:3 s:5 l:4.6 u:4.7 c:1 r:6

f:3 s:6 l:4.8 u:4.8 c:1 r:2

f:3 s:7 l:4.8 u:4.8 c:2 r:1

f:3 s:8 l:4.9 u:4.9 c:1 r:2

f:3 s:9 l:4.9 u:4.9 c:2 r:2

f:3 s:10 l:5 u:5 c:1 r:1

f:3 s:11 l:5 u:5 c:2 r:2

f:3 s:12 l:5.1 u:5.1 c:1 r:1

f:3 s:13 l:5.1 u:5.1 c:2 r:6

f:3 s:14 l:5.2 u:6.9 c:2 r:30

Figure 4.21. In terv als of iris domain on the third feature.

f:4 s:1 l:0.1 u:0.6 c:0 r:40

f:4 s:2 l:1 u:1.3 c:1 r:20

f:4 s:3 l:1.4 u:1.4 c:1 r:6

f:4 s:4 l:1.4 u:1.4 c:2 r:1

f:4 s:5 l:1.5 u:1.5 c:1 r:8

f:4 s:6 l:1.5 u:1.5 c:2 r:2

f:4 s:7 l:1.6 u:1.6 c:1 r:2

f:4 s:8 l:1.6 u:1.6 c:2 r:1

f:4 s:9 l:1.7 u:1.7 c:1 r:1

f:4 s:10 l:1.7 u:1.7 c:2 r:1

f:4 s:11 l:1.8 u:1.8 c:1 r:1

f:4 s:12 l:1.8 u:1.8 c:2 r:7

f:4 s:13 l:1.9 u:2.5 c:2 r:30

Figure 4.22. In terv als of iris domain on the fourth feature.
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Figure 4.23. F eature in terv als constructed b y the FI1 algorithm for the iris

dataset.
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classifying eac h test instance are displa y ed along with the curren t test example

feature v alues and asso ciated class lab el. Prediction of eac h feature with its

asso ciated w eigh t: feature w eigh ts in the FI1 and FI2 algorithms and in terv al

w eigh ts in the FI3 and FI4 algorithms are also displa y ed. The constructed

in terv als can b e sa v ed in to a text �le from the men u with corresp onding lo w er

and upp er b ounds, asso ciated class and represen tativ eness and relativ e repre-

sen tativ eness coun ts (in FI1 and FI2, resp ectiv ely) or asso ciated w eigh ts (in

FI3 and FI4). The disjoin t in terv als of the iris dataset is as in the Figure 4.19,

4.20, 4.21, 4.22.

The concept descriptions for the iris dataset learned b y the FI3 algorithm

are presen ted in Figure 4.23.

4.5 Summary

In this c hapter, details of the FIL algorithms has b een presen ted. Their gen-

eral c haracteristics are discussed considering imp ortan t dimensions classifying

mac hine learning tec hniques. Also, the user in terface of all FIL algorithms are

describ ed.

In the FIL algorithms, a feature in terv al can b e de�ned as gener alize d values

that ma y co v er sev eral feature v alues. In terv als (single-class) are disjoin t, ho w-

ev er, at m ulti-class p oin ts, o v erlapping p oin t in terv als are constructed. Once

the feature in terv als are learned, a test example can b e classi�ed on eac h feature

dimension b y means of these in terv als b y a v oting sc heme.

The FIL algorithms assume that similar feature v alues ha v e similar clas-

si�cations. The v oting mec hanism in the FI1 and FI2 algorithms is based

on a w eigh ted-v oting sc heme, with prior kno wledge. Ho w ev er, without prior

w eigh ts, features will ha v e equal relev ances for classi�cation decisions. On the

other hand, although the FI3 and FI4 algorithms are based on w eigh ted-v oting

sc heme, these w eigh ts are set to in terv als in ternally . Hence, the FI3 and FI4

algorithms require no user tuning of parameters suc h as generalization ratio

or global feature w eigh t-adjustmen t rate. Their primary goal is to main tain

p erfect consistency with the initial training set.



Chapter 5

Ev aluation of the FIL Algorithms

In this c hapter, b oth complexit y analyses and empirical ev aluations of the FIL

algorithms are giv en. First, training and classi�cation of a single instance

time complexities are giv en. Next, the empirical ev aluations are presen ted on

some real-w orld datasets for comparison with some similar algorithms suc h as

NBC, CFP , k -NN, and k -NNFP . Later, the exp erimen ts on arti�cially gener-

ated datasets are discussed. The goal of these exp erimen ts is to demonstrate

p erformances of the FIL algorithms. Also, some exp erimen tal results are pre-

sen ted for the ev aluation of the feature w eigh ting metho ds prop osed in this

thesis. Exp erimen ts describ ed in this c hapter are designed to determine the

b eha vior of the FIL algorithms on irrelev an t features, noisy instances and miss-

ing feature v alues.

5.1 Complexit y Analysis

In this section, the FIL algorithms are analyzed in terms of space and time

complexities. Time complexit y analyses are presen ted for training pro cess and

classi�cation of single test instance.

Space Complexit y Analysis: In the training phase of the FIL algo-

rithms, disjoin t feature in terv als for concept descriptions are constructed on

eac h feature dimension. The space required for training with m instances on

a domain with n features is prop ortional to m � n at w orst case. Ho w ev er, on

83
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the a v erage, it should b e less than O ( m � n ) since feature in terv als ma y con-

tain sev eral feature v alues. If the a v erage n um b er of in terv als constructed on

a feature dimension is i , then the a v erage space complexit y of the FIL algo-

rithms will b e O ( i � n ). If feature in terv als con tain sev eral v alues, the storage

requiremen t of the FIL algorithms will b e less than the k -NN and k -NNFP al-

gorithms since k -NN stores all instances in memory as conjunctions of feature

v alues and k -NNFP stores them as feature pro jections. Although the learned

feature in terv als will not b e the same as the CFP algorithm since it learns in an

incremen tal w a y , the storage requiremen t ma y b e nearly the same. The NBC

also stores all training instances to �nd the class distributions.

Time Complexit y of T raining: As men tioned b efore, all instances are

stored on eac h feature dimension as their feature pro jections initially . F eature

pro jections on a feature dimension are sorted with time complexit y O ( m �

log m ). So, sorting all feature v alues has time complexit y O ( m � n � log m ) for

n features. Then disjoin t feature in terv als are constructed b y examining these

sorted feature pro jections on eac h feature dimension with time complexit y

O ( n � m ). Therefore, the training time complexit y of the FIL algorithms is

O ( n � m � log m + n � m ) = O ( n � m � log m ) for training a dataset with m

instances describ ed b y n features.

Time Complexit y of a Single Classi�cation: During the preclassi�-

cation, the sear ch - inter v al ( f ; v alue ) searc hes the in terv al con taining feature

v alue of the test instance on the feature dimension f . b y binary searc h to

determine the prediction of that feature. The n um b er of in terv als on a feature

dimension is at most equal to the n um b er of training instances, m . Hence,

the w orst case time complexit y of this searc h pro cess is O (log m ) for a feature.

Since the �nal classi�cation is based on the prediction of eac h feature, single

instance classi�cation time complexit y of the FIL algorithms is O ( n � log m ).

W e ha v e presen ted training and classi�cation time complexitie s of the k -

NNFP and k -NN algorithms in Section 3.3.2. The training complexit y of the k -

NNFP algorithm is nearly the same as the FIL algorithms whereas the training

time complexit y of the k -NN algorithm is O ( n � m ) for just storing instances in

memory . Complexit y analyses of FIL algorithms indicate that these algorithms

classify unseen instances m uc h more faster than the k -NN lik e algorithms.
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5.2 Empirical Ev aluation of the FIL Algorithms

In this section, empirical ev aluations of the FIL algorithms on real-w orld datasets

whic h are widely used in the �eld of mac hine learning from the UCI-Rep ository

[47] and t w o new datasets constructed in this thesis. W e will also ev aluate the

FIL algorithms on arti�cial datasets. The �rst section describ es the metho d-

ologies used in the exp erimen ts. Next, the p erformance of the FIL algorithms

on real-w orld datasets are presen ted. In the third section, some exp erimen ts

are describ ed on arti�cial datasets.

5.2.1 T esting Metho dology

This section brie
y describ es the metho dologies used in the mac hine learning

exp erimen ts. The goal of exp erimen ts is to b etter understand b eha viors of

learning algorithms, hence their causes, as in other sciences. This will lead

to empirical la ws that can aid the pro cess of theory formation and theory

ev aluation.

Impro v ed p erformance is the ma jor aim of learning algorithms [34]. These

v arious p erformance measures are the natural dep enden t v ariables for mac hine

learning exp erimen ts, just as they are for studies of h uman learning. The ac-

curacy and e�ciency of an algorithm can b e measured b y v arious p erformance

measures. There are three imp ortan t measures of ev aluation for a learning

algorithm: ac cur acy, time and sp ac e c omplexities .

F or sup ervised concept learning tasks, the most commonly used metric is

the p ercen tage of correctly classi�ed instances o v er all test instances. This met-

ric cannot b e used for unsup ervised learning tasks lik e conceptual clustering,

but this measure can b e generalized as the a v erage abilit y to predict attribute

v alues [23 ]. Accuracy of an algorithm is a measure of correct classi�cations on a

test set of unseen instances. There are sev eral w a ys of measuring the accuracy

of an algorithm, in the literature the common tec hniques are cr oss-validation,

le ave-one-out and aver age of r andomize d runs .

Cr oss-V alidation: In this tec hnique, dataset is partitioned in to k m utually
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disjoin t subsets with the same cardinalit y . The k � 1 of these sets are used

as the training set, the remaining one is used as the test set. This pro cess is

rep eated k times once for eac h subset b eing the test set. Classi�cation accuracy

is measured as the a v erage accuracy on all the test sets. The union of the all

test sets equals to the whole dataset. This is called as k -fold cross-v alidation.

L e ave-one-out: This tec hnique is a sp ecial case of k -fold cross-v alidation

taking k = m . That is, for a dataset con taining m instances, training set

con tains m � 1 instances whereas test set con tains only 1 instance. Then, this

is rep eated for all instances b eing test instance eac h time leading to m -fold

cross-v alidation. It is an elegan t and straigh tforw ard tec hnique for estimating

classi�er error rates. Evidence for the sup eriorit y of the lea v e-one-out approac h

is do cumen ted in the literature [22, 35]. While lea v e-one-out is a preferred

tec hnique, for large datasets it ma y b e computationally exp ensiv e [32 ].

A ver age of R andomize d R uns: In this metho d, the algorithm is tested o v er

randomly selected training and testing sets. The imp ortan t p oin t is that train-

ing and test sets m ust b e disjoin t. The test is rep eated for a �xed n um b er of

times. The classi�cation accuracy is determined as the a v erage accuracy across

all trials.

In the previous section, w e ha v e computed the time and space complexitie s

of the FIL algorithms. In the follo wing subsection, the p erformance of the FIL

algorithms will b e giv en in terms of classi�cation accuracy . In this thesis, 5-

fold cross-v alidation tec hnique is used to rep ort the classi�cation accuracies of

FIL algorithms and compare them with other metho ds. 5-fold cross-v alidation

enables the same disjoin t training and testing sets eac h time for eac h algorithm

in order to compare the results under same conditions. Disjoin t training and

testing sets mak e sure that unseen test instances are classi�ed to measure the

accuracy of algorithms.
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T able 5.1. Accuracy results (%) of the FIL algorithms on real-w orld datasets.

SF A-FIx and HFP-FIx sho w the w eigh ted v ersions of the FI1 and FI2 algo-

rithms.

Dataset FI1 SF A-FI1 HFP-FI1 FI2 SF A-FI2 HFP-FI2 FI3 FI4

arrh ythmia 55.08 55.08 55.08 55.00 55.08 55.08 55.08 55.68

b cancerw 95.72 95.72 95.72 96.44 96.30 95.72 95.86 97.00

clev eland 78.22 80.18 78.86 80.52 83.14 81.26 78.86 80.50

dermatology 36.90 41.40 35.00 44.60 43.34 36.72 73.33 79.02

diab ets 65.76 66.16 65.50 64.84 63.80 65.50 68.74 69.76

glass 49.88 49.92 43.86 49.50 53.22 48.96 56.98 45.36

horse 64.12 65.48 64.38 73.64 74.46 64.38 65.24 76.36

h ungarian 69.02 70.04 69.36 80.94 81.92 68.15 68.00 75.48

ionosphere 87.18 87.16 87.16 84.90 85.46 87.16 87.74 88.88

iris 86.66 90.66 89.30 88.00 91.32 89.60 90.66 90.66

liv er 54.78 57.40 54.22 53.92 56.52 54.92 57.98 59.72

m usk 61.96 62.16 61.56 71.04 72.50 61.76 71.02 73.34

wine 82.54 88.16 88.14 87.62 89.90 87.94 91.6 89.92

5.2.2 Exp erimen ts with Real-W orld Datasets

F or empirical ev aluations of the FIL algorithms, some real-w orld datasets from

the collection of UCI-Rep ository [47] and t w o new real-w orld datasets con-

structed in this thesis are used . These domains pro vide the FIL algorithms

with opp ortunit y of comparison with other similar learning algorithms. Also

they demonstrate the applicabilit y of the FIL algorithms to real-w orld prob-

lems. The real-w orld datasets are explained in App endix A. These datasets are

used for the comparison of the FIL algorithms to the NBC, CFP , k -NN and

k -NNFP algorithms. The FIL algorithms use feature w eigh ts learned b y the

HFP and SF A metho ds in the exp erimen ts describ ed here. The CFP algorithm

w as run for D

f

= 0 : 1 and 4 = 0.

T able 5.1 presen ts the results of exp erimen ts on these real-w orld datasets

whic h are conducted b y using 5-fold cross-v alidation ev aluation tec hnique for

the FIL algorithms and SF A and HFP feature w eigh ting metho ds. K is tak en

as 5 in these exp erimen ts since the k -NN and k -NNFP algorithms giv e almost

the b est accuracies for k = 5. The results of exp erimen ts of the NBC, CFP ,

k -NN and k -NNFP algorithms are summarized in T able 5.2. Both FI1 and FI2

algorithms ac hiev e almost same accuracies. The FI3 and FI4 algorithms are
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T able 5.2. Accuracy results (%) of the FI4, NBC, CFP , k -NNFP and k -NN

algorithms on real-w orld datasets.

Dataset FI4 NBC CFP k-NNFP k-NN Baseline (%)

arrh ythmia 55.68 3.12 55.09 55.08 58.20 55

b cancerw 97.00 97.28 95.71 96.16 96.58 66

clev eland 80.50 80.52 74.24 78.88 83.80 54

dermatology 79.02 43.98 35.64 59.42 91.64 27

diab ets 69.76 71.24 65.49 67.70 73.18 65

glass 45.36 52.34 52.28 60.72 66.30 36

horse 76.36 81.24 64.94 71.74 80.44 63

h ungarian 75.48 79.90 71.04 76.16 82.26 64

ionosphere 88.88 87.74 87.47 87.46 83.20 64

iris 90.66 92.00 86.66 91.30 94.66 33

liv er 59.72 60.30 56.23 58.26 64.92 58

m usk 73.34 2.10 60.28 71.22 67.88 57

wine 89.92 95.50 86.44 93.24 96.04 40

sup erior to the FI1 and FI2 algorithms. It is seen from the tables that FIL

algorithms ac hiev e high accuracies as m uc h as previous algorithms on man y

of these datasets. The k -NN algorithm giv es maxim um accuracy in almost all

datasets. The FI4 algorithm usually outp erforms the other FIL algorithms.

The SF A-FI2 algorithm giv es high accuracy as m uc h as the k -NN algorithm

for clev eland dataset. Also, the empirical ev aluation of the CFP algorithm is

presen ted in [64 ] and the k -NN and k -NNFP algorithm in [7].

T able 5.3 sho ws the a v erage running times of the FIL algorithms across

the NBC, CFP , k -NNFP , and k -NN algorithms. Since all FIL algorithms giv e

almost equal a v erage running times, they are represen ted in the table under the

name FIL . It is seen that the running times of the FIL algorithms are relativ ely

smaller than the other algorithms. This v eri�es the training and classi�cation

time complexities presen ted in Section 5.1. Although the classi�cation accuracy

di�er ab out 5% p oin ts, the running time of the k -NN algorithm is m uc h higher

than the other algorithms.
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T able 5.3. The Av erage Time (msec) required for the FIL, NBC, CFP , k -NN

and k -NNFP algorithms on real-w orld datasets.

Dataset FIL NBC CFP k-NNFP k-NN

arrh ythmia 3,527 21,641 11,886 3,229 18,135

b cancerw 399 925 340 364 3,276

clev eland 221 214 292 217 772

dermatology 183 197 347 189 528

diab ets 375 1,145 610 297 3,294

glass 130 134 118 105 318

horse 494 641 479 465 1,400

h ungarian 287 146 348 255 631

ionosphere 596 882 1,232 522 2,339

iris 45 17 250 44 108

liv er 129 148 267 114 607

m usk 3,477 9,529 11,279 2,740 18,744

v ehicle 586 4,787 818 2,012 14,441

wine 113 79 73 299 600

5.2.3 Exp erimen ts with Arti�cial Datasets

T o cop e with noisy and incomplete data is an imp ortan t criteria for a learn-

ing system to b e used in real-w orld applications [40]. One imp ortan t p oin t

for a learning system is presence of irrelev an t features [9]. Therefore, arti�-

cial datasets are imp ortan t to study the e�ects of irrelev an t features, noise in

the domain, and missing feature v alues since arti�cial datasets allo ws to test

the system in a more con trolled w a y . In order to empirically demonstrate the

b eha viors of the FIL algorithms on arti�cial datasets, w e conduct some ex-

p erimen ts. Concept descriptions for these arti�cially generated datasets are

represen ted in the form of p ossibly o v erlapping h yp errectangles. W e will ex-

plain ho w w e generated these datasets in eac h section with the descriptions of

exp erimen ts. Section 5.2.3.1 describ es and presen ts the results of exp erimen ts

with increasing n um b er of irrelev an t features. Next, increasing noise lev el is

studied for the FIL algorithms. Then, increasing ratio of missing feature v alues

is tested. In these exp erimen ts, the CFP algorithm w as run for D

f

= 0 : 1 and

4 = 0.
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Figure 5.1. Accuracy results of the FIL, CFP , NBC, k -NN, k -NNFP algorithms

on domains with irrelev an t attributes.

5.2.3.1 Exp erime n ts with Increasing Num b er of Irrelev an t F eatures

Real-w orld datasets ma y con tain unequally relev an t features. F or example,

medical domains usually con tain more information than is actually required for

distinguishing one disease from others. Most probably some of these features

are not as relev an t as the others [39].

The v oting mec hanism used in the FIL algorithms allo ws correct classi�ca-

tions in the presence of irrelev an t features to a certain exten t.

T o in v estigate the b eha viors of the FIL algorithms in the presence of irrele-

v an t features, w e conducted a series of exp erimen ts. W e generated six datasets

with increasing n um b er of irrelev an t features from zero to ten. Eac h instance

is describ ed b y four relev an t features and a n um b er of irrelev an t ones. Concept

descriptions are represen ted b y h yp errectangles in four (relev an t) dimensional

space, the v alues for irrelev an t features are randomly generated. These arti�-

cial datasets are also used for the ev aluation of k -NNFP and k -NN algorithms

in Section 3.2.2.2. W e ran these algorithms 50 times on these six datasets

generated randomly eac h time. W e ha v e compared the a v erage results of the
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FIL algorithms on these arti�cial datasets with the a v erage results of the CFP ,

NBC, k -NNFP and k -NN.

The accuracy results of arti�cial datasets with increasing n um b er of irrele-

v an t features are plotted in Figure 5.1. The FI1 and FI2 algorithms giv e ab out

the same accuracy results for these exp erimen ts. Similarly , the FI3 and FI4's

b eha vior is almost the same in these exp erimen ts. Note that the feature v alues

range from 0 to 10 as con tin ues. Ho w ev er, in order to ha v e some m ulti-class

p oin ts, v alues are generated b et w een 0 and 100 as in tegers and divided b y 10

(i.e., 85 /10 = 8.5). As seen from the table, assigning w eigh ts to in terv als out-

p erforms the FI1 and FI2 algorithms in whic h features ha v e equal relev ance.

The NBC algorithm ac hiev es the greatest accuracy in the presence of irrelev an t

features. The p erformance of the CFP algorithm is w orse than the FI3 and FI4

algorithms. The k -NNFP and k -NN algorithms' b eha vior on these datasets is

almost the same.

5.2.3.2 Exp erime n ts with Increasing Noise Lev el

In this section, noise tolerance of the FIL algorithms are in v estigated. There

are t w o ma jor t yp es of noise that can b e found in real-w orld datasets: feature

(attribute) noise, and classi�cation noise [3, 11 , 14 , 24 , 63 ]. F eature noise can

b e de�ned as incorrect feature v alue information. Classi�cation noise in v olv es

corruption of the class lab el of an instance.

Quinlan demonstrated that feature noise, o ccurring sim ultaneously in all

features describing the instances, can result in faster degradation in classi�-

cation accuracy than migh t noise only in the class lab el [51]. Therefore, w e

studied the feature noise in our exp erimen ts with arti�cial domains, where fea-

ture v alues only in the training set are replaced with a randomly selected v alue

in the feature domain with a �xed probabilit y , called noise r atio .

The arti�cial dataset with four relev an t features and no irrelev an t features

used in the exp erimen ts with increasing irrelev an t features is used in this section

in order to study the e�ect of increasing noise lev el.

Figure 5.2 presen ts ac hiev ed accuracy of the FIL algorithms for comparison
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Figure 5.2. Accuracy results of the FIL, CFP , NBC, k -NN, k -NNFP algorithms

on domains with increasing noise lev el.

to the CFP , NBC, k -NNFP and k -NN algorithms. The results are the a v erages

of the 50 runs of arti�cial datasets in whic h noisy feature v alues are randomly

replaced with other p ossible v alues on that feature dimension. In this the-

sis, to handle noisy feature v alues, w e in tro duced the FI3 and FI4 algorithms

that construct disjoin t feature in terv als b y w eigh ting them for classi�cation.

The results of the exp erimen ts indicate that b oth FI3 and FI4 algorithms are

successful than the FI1 and FI2 algorithms. Actually , there is no signi�can t

di�erence among all the algorithms on noisy domains up to 60% noise lev el,

the accuracy of the k -NN algorithm sharply decreased after this p oin t. Other

algorithms are robust up to 80% noise lev el.

5.2.3.3 Exp erime n ts with Increasing Ratio of Missing V alues

Most of the real-w orld data sets con tain missing attribute v alues. In the lit-

erature, some metho ds are prop osed to handle instances con taining missing

feature v alues [26 , 52 , 53 , 54 , 55 ]. These metho ds can b e summarized as:
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Figure 5.3. Accuracy results of the FIL, CFP , NBC, k -NN and k -NNFP algo-

rithms on domains with increasing ratio of missing feature v alues.

� Ignoring examples whic h ha v e unkno wn feature v alue.

� Assuming an additional sp ecial v alue for unkno wn attribute v alues. This

can lead to an anomalous situation.

� Using probabilit y theory b y utilizing information pro vided b y con text.

� Generating additional instances for all p ossible v alues of the unkno wn

attribute.

� Exploring all branc hes (on decision trees) remem b eri ng that some branc hes

are more probable than others.

The metho d emplo y ed in the FIL algorithms for handling feature v alues is

similar to the �rst metho d men tioned ab o v e. Ho w ev er, it states that an incom-

plete instance is ignored whereas the FIL algorithms simply ignores missing

feature v alues since they pro cess eac h feature separately . Similarly , the CFP ,

NBC, and k -NNFP handles missing v alues. On the other hand, the k -NN

algorithm tries to determine the v alue of an unkno wn attribute v alue using
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probabilit y distribution of the kno wn v alues of a feature. One adv an tage of

simply ignoring missing feature v alues is that it allo ws reduction in training

and classi�cation time.

Figure 5.3 presen ts the accuracies obtained from the exp erimen ts with dif-

feren t amoun ts of unkno wn ( missing ) attribute v alues. The k -NNFP algorithm

ac hiev ed signi�can tly b etter accuracy than the others. The most a�ected al-

gorithm b y the presence of missing feature v alues is the k -NN algorithm, as

exp ected b ecause it tries to �ll in missing v alues. Up to 70% missing v alue,

FIL algorithms ac hiev e the same accuracy . Therefore, the FIL algorithms are

robust to the missing feature v alues.

5.3 Summary

The results from the exp erimen ts in this c hapter supp ort the follo wing conclu-

sions.

� faster classi�cation times with feature pro jections kno wledge represen ta-

tion

� w eigh ted-v oting in the FIL algorithms is more toleran t to the presence

of irrelev an t features

� feature pro jections kno wledge represen tation is quite successful in han-

dling missing feature v alues.

� k -NNFP and FIL algorithms are robust to the missing feature v alues (up

to 70%).



Chapter 6

Conclusions and F uture W ork

In this thesis, a new classi�cation algorithm, called k -NNFP has b een pre-

sen ted. In this algorithm, the classi�cation kno wledge is represen ted in the

form of sets of feature pro jections of the training data separately on eac h fea-

ture dimension. The classi�cation of an unseen instance is based on a ma jorit y

v oting tak en on the classi�cations made on the basis of individual feature pro-

jections.

W e ha v e compared the k -NNFP algorithm with the k -NN algorithm in

terms of classi�cation accuracy and running time on b oth real-w orld and arti-

�cial datasets. On real-w orld datasets, the k -NNFP algorithm ac hiev es com-

parable accuracy with the k -NN algorithm. On the other hand, the a v erage

running time is m uc h less than that of the k -NN algorithm. The ma jorit y

v oting in the classi�cation pro cess of the k -NNFP algorithm reduces the in tru-

siv e e�ect of the irrelev an t features. This claim has b een justi�ed on arti�cial

datasets.

W e treated all features as equiv alen t in the k -NNFP algorithm. Ho w ev er, all

features ma y not ha v e equal relev ance in real-w orld applications, ev en some fea-

tures ma y b e completely irrelev an t. In order to determine features' relev ances,

t w o feature w eigh t learning algorithm ha v e b een prop osed for the learning al-

gorithms that use feature w eigh ts. The �rst metho d, called HFP , assigns high

w eigh t v alues to features on whic h the pro jections of instances of the same

class are lo cated close to eac h other, resulting in homogeneous distribution.

95
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The SF A metho d assigns a w eigh t as the classi�cation accuracy that w ould

ha v e b een obtained if only that feature w ere used in the classi�cation. These

tec hniques ha v e b een ev aluated on the w eigh ted k -NNFP algorithm. The SF A

metho d learned w eigh ts that help ed the k -NNFP algorithm ac hiev e higher ac-

curacies. The reason for this success is due to the feedbac k receiv ed from the

k -NNFP algorithm.

In this thesis, w e ha v e also dev elop ed sev eral batc h learning algorithms

called FIL algorithms for F eature In terv al Learning. These algorithms use

feature pro jections of the training instances for the represen tation of the clas-

si�cation kno wledge induced. These are FI1, FI2, FI3, FI4 algorithms with

sligh t di�erences. Linear feature pro jections are generalized in to disjoin t in-

terv als during the training phase. The classi�cation of an unseen instance is

based on a ma jorit y v oting among individual predictions of features. F eature

pro jections kno wledge represen tation in these algorithms pro vide them with

m uc h faster classi�cation. In fact, ma jorit y v oting reduces the in trusiv e e�ect

of irrelev an t features or noisy feature v alues.

The FIL algorithms ha v e b een compared with the NBC, CFP , k -NN and

k -NNFP algorithms empirically . The FI3 and FI4 algorithms are found to

b e sup erior to the FI1 and FI2 algorithms. In addition, the FI1 and FI2

algorithms giv es b etter accuracies when the SF A feature w eigh ting metho d is

in tegrated. Although the FIL algorithms ac hiev e comparable accuracies with

other algorithms ab out 5% less than the k -NN algorithm, their a v erage running

times are m uc h more less than the k -NN algorithm.

F eature pro jections for kno wledge represen tation has the follo wing adv an-

tages for the learning algorithms:

� plausible

� no need for normalization of feature v alues

� simply ignoring missing feature v alues

� faster classi�cation times
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The ma jor disadv an tage of this represen tation is that concept descriptions

in v olving a conjunction b et w een t w o or more features cannot b e represen ted.

Actually , the whole is more than sum of its comp onen ts. Therefore, the FIL

algorithms are applicable to concepts where eac h feature, indep enden t of other

features, can con tribute to the classi�cation of the concept. In fact, this is the

nature of the most real-w orld datasets. They are not applicable to domains

where all of the concept descriptions o v erlap, or domains in whic h concept

descriptions are nested.

As a future w ork, w e plan to in v estigate the HFP and SF A feature w eigh t

learning algorithms on arti�cial datasets. F or o v erlapping concept descrip-

tions, batc h learning algorithms whose kno wledge represen tation is in the form

of o v erlapping feature in terv als can b e dev elop ed. Another researc h direction

is to in v estigate learning concept dep enden t feature w eigh ts for the learning al-

gorithms that use feature pro jections for kno wledge represen tation. Moreo v er,

feature w eigh ts are learned using genetic algorithms.
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App endix A

Real-W orld Datasets

T able A.1. Comparison on some real-w orld datasets.

# of # of Linear # of Unkno wn Baseline

Dataset Size F eatures F eatures Classes V alues Accuracy

(%) (%)

arrh ythmia 352 279 279 16 0.33 55

b cancerw 699 10 10 2 0.25 66

clev eland 303 13 6 2 0 54

dermatology 157 34 34 6 0.07 27

diab ets 768 8 8 2 0 65

glass 214 9 9 6 0 36

horse 368 22 7 2 24 63

h ungarian 294 13 6 2 0 64

ionosphere 351 34 34 2 0 64

iris 150 4 4 3 0 33

liv er 345 6 6 2 0 58

m usk 476 166 166 2 0 57

wine 178 13 13 2 0 40

T able A.1 summarizes some prop erties of the datasets to b e used in the

exp erimen ts. In this table, name of the real-w orld datasets are sho wn with the

size of the dataset, n um b er of features, n um b er of linear features, n um b er of

classes, p ercen tage of the unkno wn attribute v alues, and the baseline accuracy .

The baseline accuracy of a dataset is the accuracy that will b e obtained b y

predicting the class of an y test instance as the class of the most frequen tly

o ccurring class.
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Arrh ythmia: In this thesis, w e construct t w o real-w orld datasets. One of

them is arrh ythmia dataset. The aim is to distinguish b et w een the presence

and absence of cardiac arrh ythmia and to classify it in one of the 16 groups.

Class 01 refers to 'normal' ECG classes 02 to 15 refers to di�eren t classes of

arrh ythmia and class 16 refers to the rest of unclassi�ed ones. Curren tly , there

are 352 instances whic h are describ ed b y 279 feature v alues. There are sev eral

missing feature v alues. Class distribution of this datasets is v ery unfair as seen

from T able A.1. Class 01 (normal) is the most frequen t one. It is assumed that

no patien t has more than one cardiac arrh ythmia.

Breast Cancer: Breast Cancer data set con tains 273 patien t records. All

the patien ts underw en t a surgery to remo v e tumors, all of them w ere follo w ed

up �v e y ears later. The ob jectiv e here is to predict whether or not breast

cancer w ould recur during that �v e y ear p erio d. The recurrence rate is ab out

30 %, and hence suc h prognosis is imp ortan t for determining p ost-op erational

treatmen t. The data set con tains nine v ariables that w ere measured, including

b oth n umeric and binary v alues. The prediction is binary: either the patien t

did su�er a recurrence of cancer or not.

Clev eland and Hungarian Data: Both datasets are ab out the heart

disease diagnosis. Eac h dataset is describ ed with same features. Clev eland

data w as collected from the Clev eland Clinic F oundation and Hungarian data

w as collected from the Hungarian Institute of Cardiology .

These databases con tain 76 attributes originally , but in ML �eld 13 of them

is used. All attributes are n umeric v alued and 6 of them ha v e nominal v alues.

The class is determined according to the presence of heart disease, that is, this

is binary classi�cation problem. There are no missing v alues in these datasets

for the features that w e ha v e used.

Dermatology: The second dataset constructed in this thesis curren t con-

tains 157 instances describ ed b y 34 feature v alues to distinguish dermatologi-

cal illnesses from histopathological descriptions for 6 classes (illnesses). These

classes are 1-Psoriaris, 2-Dermatit, 3-L. Planus, 4-Pose a, 5-Kr.Dermatit, 6-

P.R ubr apilaris . One of the features (age) tak e v alues b et w een 0 and 100, while

other 35 features tak e v alues 0, 1, 2, 3.
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Diab ets: This data set con tains diab etes diseases collected from National

Institute of Diab etes and Digestiv e and Kidney Diseases. The diagnostic,

binary-v alued v ariable in v estigated is whether the patien t sho ws signs of di-

ab etes according to W orld Health Organization criteria (i.e., if the 2 hour

p ost-load plasma glucose w as at least 200 mg/dl at an y surv ey examination or

if found during routine medical care). The p opulation liv es near Pho enix, Ari-

zona, USA. Sev eral constrain ts w ere placed on the selection of these instances

from a larger database. In particular, all patien ts here are females at least

21 y ears old of Pima Indian heritage. The data set con tains records of 768

patien ts with 8 features.

Glass Data: This dataset consists of attributes of glass samples tak en

from the scan of an acciden t. The glass dataset con tains 214 instances of

whic h b elongs to one of six classes. In this dataset there are 9 features. All

feature v alues are con tin uous.

Horse Data: In this dataset there are 368 instances. Num b er of attributes

is 22 and the n um b er of classes is 2. Sev en of these features are linear and �fteen

of them are nominal. The 24% of the feature v alues is missing (unkno wn).

Ionosphere Data: The radar data w as collected b y a system in Go ose

Ba y , Labrador. This system consists of a phased arra y of 16 high-frequency

an tennas with a total transmitted p o w er on the order of 6.4 kilo w atts. The

targets w ere free electrons in the ionosphere. Go o d radar returns are those

sho wing evidence of some t yp e of structure in the ionosphere. Bad returns

are those that do not; their signals pass through the ionosphere. Receiv ed

signals w ere pro cessed using an auto correlation function whose argumen ts are

the time of a pulse and the pulse n um b er. There w ere 17 pulse n um b ers for the

Go ose Ba y system. Instances in this database are describ ed b y 2 attributes p er

pulse n um b er, corresp onding to the complex v alues returned b y the function

resulting from the complex electromagnetic signal.

Iris Flo w ers: Iris 
o w ers dataset from Fisher [23] consists of four in teger

v alued con tin uous features and a particular sp ecies of iris 
o w er. There are

three di�eren t classes: iris vir ginic a, iris setosa, iris versic olor . The four at-

tributes measured w ere sepal length, sepal width, p etal length and p etal width.
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The dataset con tains 150 instances, 50 instances of eac h three classes.

Liv er: This data set con tains 345 instances and collected b y BUP A Medical

Researc h Ltd. Eac h instance constitutes the record of a single male individ-

ual. There are 6 attributes and the �rst 5 v ariables are all blo o d tests whic h

are though t to b e sensitiv e to liv er disorders that migh t arise from excessiv e

alcohol consumption. The last attribute presen ts drinks n um b er of half-pin t

equiv alen ts of alcoholic b ev erages drunk p er da y . The purp ose of this data set

is to determine whether patien t has liv er disorders or not. 276 of the instances

are used in training the remaining 69 are used in testing.

Musk: This dataset describ es a set of 92 molecules of whic h 47 are judged

b y h uman exp erts to b e m usks and the remaining 45 molecules are judged to b e

non-m usks. The goal is to learn to predict whether new molecules will b e m usks

or non-m usks. Ho w ev er, the 166 features that describ e these molecules dep end

up on the exact shap e, or conformation, of the molecule. Because b onds can

rotate, a single molecule can adopt man y di�eren t shap es. T o generate this data

set, the lo w-energy conformations of the molecules w ere generated and then

�ltered to remo v e highly similar conformations. This left 476 conformations.

Then, a feature v ector w as extracted that describ es eac h conformation.

This man y-to-one relationship b et w een feature v ectors and molecules is

called the \m ultiple instance problem". When learning a classi�er for this data,

the classi�er should classify a molecule as m usk if ANY of its conformations is

classi�ed as a m usk. A molecule should b e classi�ed as non-m usk if NONE of

its conformations is classi�ed as a m usk.

Wine Data: This dataset is ab out recognizing wine t yp es. This data is

pro vided b y Pharmaceutical and F o o d analysis and tec hnologies. The classes

are separable. In a classi�cation con text, this is a w ell-p osed problem with

\w ell b eha v ed" class structures. This dataset is the result of the c hemical

analysis of wines gro wn in the same region in Italy but deriv ed from three

di�eren t cultures. The analysis determined the quan tities of 13 constituen ts

found in eac h of the three t yp es of wines. The dataset con tains 178 instances.

All features are linear.


