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Tutorial

Support Vector Machines

Thorsten Joachims
GMD - Institut fiir Autonome intelligente Systeme
Knowledge Discovery Team

Wie, wann und warum kann man in einem Raum mit 100.000 Merkmalen aus nur 1.000 Beipielen
eine gute Klassifikationsregel lernen? Diese Fragen beantwortet dieses Tutorium fiir Support
Vector Machines (SVMs), eine neuartige Lernmethode aus der statistischen Lerntheorie. SVMs
vereinen lernttheoretisches Verstaendnis mit flexibler Ausdruckskraft und effizienten
Trainingsalgorithmen. Sie zeichnen sich dadurch aus, dass sowohl die Trainingszeit als auch die
Generalisierungsgenauigkeit nicht notwendigerweise von der Dimension des Merkmalsraumes
abhéngen. Zudem sind SVMs sehr flexibel und kénnen auch nicht-lineare Klassifikationsregeln wie
RBF-Netze, Polynomklassifikatoren und neuronale Netze lernen. Diese Eigenschaften machen
SVMs zu einer Lernmethode speziell fuer hochdimensionale Daten (z. B. Bilderkennung,
Textklassifikation).

Dieses Tutorium verfolgt zwei Ziele. Zum einen bietet es eine Einfuehrung in die lerntheoretischen
und algorithmischen Grundlagen von SVMs. Zum anderen demonstiert es deren praktische
Relevanz und erldutert am Beispiel der Textklassifikation, welche Eigenschaften der Anwendung
zu einem erfolgreichen Einsatz von SVMs fiihren.

Tutorial

Entwicklung und Anwendungen von Ontologien
(Development and Applications of Ontologies)

Alexander Maedche
Institut AIFB, Universitidt Karlsruhe
http://www.aifb.uni-karlsruhe.de/WBS/ama

Ontologie ist urspriinglich eine philosophische Disziplin zur Untersuchung und Beschreibung der
Realitdt, die Wissenschaft vom Seienden. In der Informatik dienen Ontologien der
Konzeptualisierung von Doménen, sie beschreiben eine "explizite Spezifikation einer geteilten
Konzeptualisierung". Ontologien haben sich erfolgreich in verschiedenen Anwendungsgebieten wie
z.B. dem Wissensmanagement, WWW Suchmaschinen und der Informationsintegration gezeigt.

Das Tutorial gliedert sich in zwei Teile: im ersten Teil werden nach einer kurzen Definition des
Terms Ontologie, Mechanismen zur Entwicklung von Ontologien vorgestellt. Dies beinhaltet
Fragen zur RReprésentation von Ontologien zum Engineering und zum Maintenance von
Ontologien. Im zweiten Teil wird dann auf aktuelle, ontologiebasierte Anwendungen eingegangen.
Dies umfasst das "Semantic Web", die Sprachverarbeitung (NLP) und E-Commerce. Darauffolgend
werden noch Anwendungsgebiete und Forschungsfragestellungen in Bezug auf Ontologien im
Bereich des Maschinellen Lernens skizziert.



Gelog - Ein genetischlogischesProgrammiersystem

Ralf Haselmanrt, Gabriella K 6kai* und Knut Sander*

*Friedrich-AlxandefUniverstét Erlangen-Nirnbeg,

Lehrstuhlfir Programmierund Dialogsprachesawie ihre Compiler
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Abstract. GelLog ist ein automatische®rogrammiersystengasdie Ansatzeder induktiv logischenund der ge-
netischerProgrammierungniteinandeikkombiniert. DiesesVerfahrenhat schonin andererProjektengezeigt,dass
klassisché’roblemeausderinduktiv logischenProgrammierunguchbei wachsendeProblemgdRemit Hilfe von
genetischerlgorithmeneffizient geldstwerdenkdnnen.

Bei der Konzeptiondes Systemswurde vor allem Wert auf weitreichendeParametrisierbasit und einfacheEr-
weiterbarleit gelegt, um ein moglichstbreitesSpektrumvon Problemerbearbeiterzu kdnnen wasbei bereitsexis-
tierenderSystemeroft nurschwemaglichist. DurchentsprechendeormulierungdesGrundwissengombination
und Konfigurationder zur VerfugungstehendemenetischeOperatorerkdnnenverschieden®roblemklasseauf

GelLog modelliertwerden.

Keywords. GeneticProgrammingGeneticAlgorithm, Inducitve Logic Programming

1 Einleitung

Bei der automatischerProgrammerzeugungerden
zwei unterschiedlicheLdsungsarttze, induktiv lo-
gische Programmierung(ILP) [8] und genetisches
ProgrammierenGP) [3], verfolgt. Beide habenih-
re Eignungbei verschiedeneRroblemklassebereits
bewiesen[6]. Zur Kombination der Starken dieser
AnsatzeschlagerWhighamund McKay [10] vor, bei
der Entwicklung der Rekombinations-und Mutati-
onsoperatoremles genetischerAlgorithmus, die aus
der induktiv logischenProgrammierungtammenden
Technilen der Generalisierungund Spezialisierung
zu bericksichtigenum eine‘gerichteteBreitensuche’
realisiererzu kdnnen Gleichzeitigsoll durchdie Ver-
wendungvon positiven und negativen Beispielenzur
Losungdes Problemsdie Fitnessbeertung der er-
zeugterindividuenverbessenverden.

Zur Zeit entstehim RahmendesGel og Projektesein
genetiscHogischesProgrammiersystenwelchesun-
ter anderendie bereitserwahntenMechanismerum-
setzt.

Zu Beginn eines Evolutionslaufes wird eine in-
itiale Population erzeugt, welche dann durch
Relombinations-und Mutationsoperatoremerandert
wird. Die IndividuendieserPopulationreprasentieren
jeweils ein eigenshndiges PRoOLOG-Programm,
welches eine potentielle Losung des gegebenen
Problemsdarstellt. Individuen der erstenGeneration

werden hierbei aus dem gegebenenGrundwissen
generier{7]. Durcheinegeschicktd-ormulierungdes
Grundwissenaund des Algorithmus zur Individuen-

erzeugundasstsich eine gunstigeAnfangswerteilung
erreichen.Hierdurchkann der Verlauf der Evolution

bereits in dieser Phase beeinflusst werden. Zur

evolutionaren Veranderungeiner Population stehen
unterschiedlicheparametrisierbar&ekombinations-
und Mutationsoperatorezur Verfigung, welche an

denProblemtypangepassterdenkdnnen Die entste-
hendenindividuenwerdenanhandder positiven und

negativen Beispieleausdem ILP Problembewertet.

Die besterVertreterderneuerzeugtenndividuenund

eventuell der Elterngeneratiorbilden die Basis des
daraufolgendenEvolutionsschritte$5].

2 DasGelLog System

Im Verlauf dieses Kapitels gebenwir eine kurze
Einfuhrungzum Aufbau desSystemswobeiwir uns
zu Beginn mit der Struktur der Individuen besclafti-
gen.

FolgendesBeispiel soll zur Veranschaulichunglie-
nen.Fur dasPradikat

Tocht er (X0, X1)

milssen entsprechendd®RoL 0G-Programmegefun-
denwerden.



Als Grundwisserdiegenkonkretelnformationentiber
PersonemindderenVerwandtschaftserhaltnissevor:

Wi blich(’ Christine’).
Wei blich(’ Gabi’).

Wi blich(’Gesela').
Wi bl i ch(’ Johanna’) .

Maennl i ch(’ Hans').
Maennlich(’ Hel mut’).
Maennl i ch(’ Peter’).

Mutter (' Gabi’, ’Johanna’).
Mutter(’ Gabi’, 'Peter’).
Mitter (' Gesela, 'Christine').

Vater (' Hans’, ’'Johanna’).
Vater (' Hans', 'Peter’).

Vater (' Helmut’, "Christine').

Eltern(’ Gabi’, 'Hans’, 'Johanna’).
Eltern(’ Gabi’, 'Hans’, 'Peter’).
Eltern(’Gsela’, "Helmut’, "Christine’).

DurchGeneralisierungrhalt mandasvon GelLog ver-
wendeteHintergrundwissen:

Wi bl i ch(X0)
Maennl i ch( X0)

Mut t er (X0, X1)

Vat er ( X0, X1)

El tern(X0, X1, X2)

Mogliche (korrekte)LosungerdesProblemssind un-
teranderem:

Tocht er (X0, X1)

:- Weiblich(X0), Mitter(X1, X0).
Tocht er (X0, X1)

;- Weiblich(X0), Vater (X1, XO0).

Zur Bewertunggefundenet. 6sungernwerdendie fol-
genderpositiven

Tochter (' Johanna’', ’'Hans').
Tochter (' Johanna’, 'Gabi’').
Tochter(’ Christine’, "Gesela).
Tochter (' Christine’, "Helnmut’).

undnegativenBeispieleverwendet:

Tochter (' Peter’, 'Hans').
Tochter (' Peter’, 'Gabi’).
Tochter (' Christine’, 'Hans').
Tochter (' Christine', 'Gabi').

Angelehntan die genetischeProgrammierungwver-

den Individuenin einer genotypischerRepisentati-
on (C++-Objektgraph)gespeichertaus der sich der
Phanotyp (PRoLOG-Programmcode)erzeugenlasst
(Abb.??).

Initialization .
Backgroundknowledge Generationp

‘
‘
|
|

Mutation

Generanonml

A
B
& e
& e

- Phenotyp -l Genotyp -

Abbildungl Evolutionsablaubei Gel.og

2.1 Evolutionsalgorithmus

Der folgendeEvolutionsalgorithmug5] fand bei der
Implementierung/on GeLog Verwendung:

A1 (NO/PO ol Qo)%

Jededer \; Populationerenthalt o Individuen. Fur
den Reproduktionszyklusverdenjeweils po mal Ag
Elternindviduenausgavahltundje p, miteinandere-
kombiniert. Die hierausresultierendern\, Nachlom-
menwerdendurchMutationsoperatoremerandertund
genal der gewahltenPlus- oder Kommastratgie in
die nachsteGeneratioriibernommen.

Bei der Kommastratgie setztsich die neueGenera-
tion ausschlieRlictausden g NachkommendesRe-
produktionszyklussesusammenlm Gegensatzier-

zu werdendurch die Plusstratgie savohl die Nach-
kommenals auch Teile der Elternindviduenin die

nachsteGenerationaufgenommenDa die Populati-
onsgblein der Regel iberdengesamterkvolutions-
verlaufkonstantbleibensoll, ergibt sich die Zahl der
Uberlebendeilternindividuenausder Differenzzwi-

schenuy und ;.

JedePopulationdurchBuftbis zu vy Generationen.

Der Parameter)y beschreibtdie Wirkungsweiseder
Operatorerund kannwahrenddesEvolutionsablaufs
verandertwerden.

2.2 Phanotyp

Im Verlauf der Evolution stellt der Phanotyp die
Grundlagefir die Bewertungeinesindividuumsdar.
Das Programmiersystermussin der Lage sein, die
einzelnenindividuen einer Generationin ihrer ‘rea-
len Umwelt’ auf ihre Tauglichkeit hin zu bewerten.



Hierzu werdendie PROLOG-Programmaenterpretiert
unddie berechnetelErgebnissanit denvorhandenen
positvenund negativenBeispielerverglichen.Erzielt
ein Individuum einenhohenAnteil an positiven Bei-
spielenund einenniedrigenan negativen, erhdht sich
dadurchdie Wahrscheinlichkit, beim folgendenSe-
lektionslaufin die nachsteGeneratioraufgenommen
zu werdenund seine Erbinformationenweiterzuge-
ben.EsfindenauRerdenKriterienwie die Grof3e(Pro-
grammhBnge)und die Komplexitat (Anzahlder unter
schiedlicheriterale)desindividuumsbeiderBesten-
ausvahl Beachtung.

2.3 Genotyp

Der Genotypstellt die eigentlicheRepasentatiordes
Individuums dar und wird als Objektgraphgespei-
chert. Aus diesemkann der Phanotypabgeleitetund
bewertetwerden.

Ein Individuum bestehtauseinemPradikat, welches
wiederummehrererechteSeitenbesitzenkann. Die-
sesetzersichauslogischverknipftenBasispadikaten
desHintergrundwissengusammertAbb. ?7?).

Tocht er (X0, X1)

- Wi blich(X0), Mitter(Xl, XO).

:- Miutter(X0), Vater (X1, XO0),
Maennl i ch( X1).
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Abbildung2 Objektgrapheinesindividuums

Bei der initialen Erzeugungeinesindividuumswer-
den Teile des Grundwissengzu rechtenSeiteneines
Pradikatszusammengéigt, wobei die Auswahl die-
ser Basisp#adikate durch anzugebend&Vahrschein-
lichkeitengeschiehtAuf diesemWegeist esmoglich,
die Haufigkeit und Verteilungder einzelnenKompo-
nenterdesGrundwissengnerhalbderIndividuender
erstenGeneratior(Seedingku beeinflussen.

2.4 Generationenund Populationen

Individuen werden zu einer Generationzusammen-
gefasst, die wiederum einer Populationangeldren.
Durch Bewertung einer Generation,Selektion, Re-
kombinationund Mutationentstehemeuelndividuen,
die wiederumdie Nachfolgegeneratiorinnerhalbder
Populationbilden.

Populatlonx

Populati
opulation,,

Abbildung3 Metaevolution

MehrerePopulationerkdnnendabeiunabl&ngig ne-
beneinandeim selbenSuchraumexistieren. Mittels

Metaevolution (Abb. ??) [5] ist einregelmaRigeWis-

sensaustausawischerdiesenPopulationemoglich.

Die restlicheZeit entwickeln siesichgetrenntvonein-
ander(Niching). Auf dieseWeisekdnnensichdie Po-
pulationen(besondergiegenEndeder Evolution) auf
unterschiedlicheBereicheim Suchraumkonzentrie-
renundsomitunterschiedliché 6sungsniglichkeiten
verfolgen.

2.5 Operatoren

Unterschiedliche Rekombinationsoperatoren
(Abb. ??) erlaubenes, sovohl gesamteals auch
nur Teile von rechten Seiten zwischen Individuen
auszutauschefCrosseer). Auf dieseWeiselasstsich
der Transfervon ‘Wissen’(Programmcodejwischen
zwei Individuen mit verschiedener Granularit
realisieren.

Im GegensatzdazuarbeitenMutationsoperatorefe-
weils nur aufeinemindividuum (Abb. ?7?).



Partielles Crossover zweier rechter Seiten:
Tochter1(X0, X1) :- Vater (X0, X1), Weiblich(XO0).
Tochter2(X0, X1) :-

i

Tochter1(X0, X1) :-

Mitter (X1, XO0).

Mitter (X1, X0), Veiblich(X0).

Tochter2(X0, X1) :- Vater(X0, X1).

Crossover zweier rechter Seiten:

Tochter1(X0, X1) :- Vater (X0, X1), Weiblich(X0);
Maennl i ch(X0) .

Tochter2(X0, X1) :- Weiblich(X0), Mitter (X1, X0);
Vat er (X0, X1).

Tochter1(X0, X1) :- Vater (X0, X1), Weiblich(X0);
Vi bl i ch(X0), Mitter (X1, XO0).
Tochter2(X0, X1) :- Maennlich(X0);

Vater (X0, X1).

Abbildung4 Rekombinationsoperatoren

PrinzipielllassersichMutationsoperatoreim drei Ka-
tegorien einteilen, jenachdemob sie neuesWissen
(neuenProgrammcodeiinzufugen Wissenentfernen
oderbestehende®vissenmodifizieren.Konkretwer-
den Basispadikate hinzugefigt, entferntoder deren
Variablenverandert.

Entfernen von Wissen:

Tochter (X0, X1) :- Maennlich(X0), Weiblich(XO0).

Tochter (X0, X1) :- Weiblich(X0).
Neues Wissen einbringen:
Tochter (X0, X1) :- Weiblich(X0).

Tochter (X0, X1) :- Vater (X0, X1), Weiblich(X0).
Wissen mutieren:
Tochter (X0, X1) :-

'

Tochter (X0, X1) :-

Vat er (X0, X1), Weiblich(X0).

Vater (X1, X0), Wéiblich(X0).

Abbildung5 Mutationsoperatoren

Hierzu wurdenauchspezielleOperatorerzur Gene-
ralisierung bzw. Spezialisierungdes erlernten Wis-
sensimplementiert.Eine generelleZugelorigkeit ei-
nesOperatorszu einerder beidenKlassenlasstsich
aberim Allgemeinemichtvorhersagerdaessichbei-
spielsweiséei derUmbennenunginerVariablenso-
wohl um eine Generalisierungils auchum eine Spe-
zialisierunghandelrkann.

Die Anwendungswahrscheinlichkit und Intensiéit ei-

nesOperatorsawvie derenVeranderungerm Verlauf
der Evolution werdenzu Beginn festgelgt. So kann
die Sprungweitebeim Abtastendes Suchraumese-
guliert und problemspezifisclangepassiverden.Da-
mit kannverhindertwerden,dassdie Populationam
Anfangdurch zu kleine Mutationsspiingeauf einem
Nebenmaximahangen’bleibt und am Ende bereits
erreichteMaximasdurcheinenzu grof3enMutations-
sprungwiederverlassemwerden.

2.6 Selektionund Fitness

DasZiel derSelektionist die Auswahlderbesterindi-

vidueneinerGenerationumderenerlerntedVissenin

die nachsteGenerationweiterzugebenEine Fitness-
funktion wird verwendetum die Uberlebensihigkeit
dereinzelnenPhanotypermiteinandevergleichenzu

kénnen.

Zur Bewertung werden die als Objektgraphenre-
prasentierten Genotypen in den entsprechenden
Phanotyp umgesetzt und durch den PROLOG-
Interpreterausg&vertet.Ein Kriterium fur die Fitness
einesindividuumsstellt hierbeidie Anzahldererziel-
ten positiven Losungendar. Ein Individuum gilt far
diesesKriterium als ‘ideal’, wenn alle positven und
kein negativesBeispielmit diesemberechnetverden
kénnen.

DesweitererilieRensavohl die LangedesProgramm-
codesalsauchdie Ausfuhrungsdauerur Berechnung
der Losungendes Pradikatsin den Selektionsalgo-
rithmus ein. Bei GeLog wurde zudem das aus [5]
bekannteverfahrenimplementiert welcheszwischen
der SelektionausdenKinderindividuen,bzw. ausden
Eltern-undKinderindividuenunterscheideomma-,
Plus-strateyien).

Fur die Auswahl der Individuenzum Reproduktions-
zyklus stehenverschiedeneSelektionsmechanismen
zur Verfugung:

rangbasiertéuswahl
fitnessproportional&uswahl
Eliteausvahl

Bestenausahl

Wobei essich bei denerstendrei um, fur genetische
Algorithmen tiblich, probabilistischeAuswahlverfah-
ren handelt.Die Bestenauseahl dageenfindetvoral-
lem Verwendungzur Auswahl der Giberlebendertl-
ternindviduenbei Plusstratgien.

2.7 Konfigurierbark eit desSystems

Da Gelog nicht fur eine bestimmteProblemstellung
entwickelt werdensollte, wurde bereitsbei der Kon-



zeptiondesSystemsauf weitgehendd&onfigurierbasr
keit geachtet.Hierdurch wird eine Anpassungder
Evolution ermbglicht ohne das System selbst neu
Ubersetzerzu missen.

In derKonfigurationsdatdassersichneberdenPara-
meternderEvolutionsstratgie (A1, to, po, * Ao, Qo,

o) fernerdie Gewichte der Bewertungskriterierfiir
die Fitnessfuktionund die Selektionsmethodselbst
festleggen.Neueentwickelte Operatorerkdonnendurch
Angabein dem Kofigurationsfilein dasSysteminte-

griert, bzw. nicht berbtigte entferntwerden.

Zur initialen Erzeugungder Individuenkannmit Hil-
fe von Konfigurationsparametedie FormderPhano-
typenbestimmiwerden(maximaleAnzahlderrechten
Seitenje Individuum und maximaleAnzahlvon Lite-
ralenje rechterSeitedesIndividuums).

3 Beispiel

Im Folgendensollennochfir ein konkretesBeispiel
die von GelLog dazu geliefertenErgebnissegezeigt
werden.Dabeihandeltes sich um dasProblem,Pil-

ze anhandvon Merkmaleneindeutigals giftig zu er-

kennen DasBeispielstammtausder Mushrooms Da-

tabase aus dem UCI Machine Learning Repository

[12]. DiesesProblemwurde von uns als Arbeitsbei-
spielgewahlt, daeseinensehrgrol3enSuchraumauf-

spanntdasHintergrundwisserauchnachder Genera-
lisierungrelatv umfangreichist und einegroReMen-

gepositiver savie negativer Beispielegegebersind.

Gegebensind eindeutigals essbaroder giftig klas-
sifizierte Beschreilnngenvon Pilzen. Ein Pilz wird

durch einenVektor von nominalenWertenfur seine
22 Merkmale beschriebenZudemist seineKlassifi-

zierungessbaodergiftig, bekanntinsgesambesteht
dasBeispielaus8124 verschiedeneRilzbeschreibn-

gen.Davonsind48, 2% alsgiftig klassifiziert.

Es gibt mehrereeinfache Losungenfir diesesPro-
blem,die nahezwalle Beispielerichtig erkennen.

Als Hintergrundwissererhalt GeLog 126 verschiede-
neBasispadikate die einenPilz aufgenaweinenWert
fur einbestimmtedMerkmaltesterundentwederich-
tig oderfalschliefern.

Aus diesensoll dasPradikatpoi sonous/ 1 entwi-
ckelt werden,wobei der Parameterfir einen Vektor
mit derBeschreibingeinesPilzessteht.

Der Evolutions-Algorithmuswvurdemit fithesspropor
tionaler Auswahl und folgendenParameterrverwen-
det:

10(30/2 + 20| Q20)*

Das bedeutet,es werdenzehn unabtangigePopula-

tionen mit jeweils 80 GenerationerberechnetEine
Generationbestehtaus 30 Individuen, wobei immer
die zehnbestenindividuenin die nachsteGenerati-
on Ubernommerwerdenund 20 neuelndividuenals
Nachlommenaus je zwei Elternindviduen erzeugt
werden.

Auf Abbildung??ist die Entwicklungderprozentua-
len FitnessiiberdenEvolutionsablaufezeigt.Darge-
stellt sind die Gesamtfitnessler Generationund die
desaktuell bestenindividuums,jeweils fur die beste
Populatiorsowie fur dasMittel auszehnDurchlaufen.

100
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Abbildung6 FitnesswertéberdenEvolutionsablauf

Dasbestdndividuumin diesemEvolutionslaufwurde
in der 56. GenerationseinerPopulationerzeugtund
Uberlebtebis zumEnde:

poi sonous1149( X0)

1- gill_size_n(X0),

stal k_surface_above_ring_y(X0).

:- gill_size_n(X0), stal k_shape_e(X0).

1 - odor _f (X0).

1- ring_type_n(X0).

i- gill_size_n(X0), gill_spacing_c(X0).
Eserreichteine Gesamtfitnesson 92.50%, wobeies
93.16% Beispielerichtig erkennt.

Fur dasBerechnerder80 GenerationerinerPopula-
tion wurdenduchschnittlicketwa 5 Minutenaufeinem
PentiumllIB00 unterLiNuX berbtigt.

4 Schlussbemerkung

Mit GelLog stehtein universellesWerkzeugzur Be-
arbeitungvon Problemstellungeraus dem ILP Be-
reichzurVerfugung Zu diesenZweckwurdeeineun-
abhangige Wissensrepsentationmplementiert,auf
der mit allgemeinformuliertengenetischerOperato-
renund Selektionsfunktionegearbeitetverdenkann.



WeiterfuhrendeArbeitenmiissersich mit einerstatis-
tischenAnalysevon GelLog befassenVemleichezu
bestehendeB®ystemerausdem Bereichder induktiv
logischenund der genetischerProgrammierungso-
wie zu anderendie wie Gel.og diesebeidenAnsatze
miteinandekombinieren solltenangestelliverden.

Zudemist die Moglichkeit der Einbindunganderer

Phanotyp&umezumBeispielL 1sp oderJava anStel-
le von PROL OG, undderenAuswirkungaufdie Effizi-
enzdesSystemaindderentstehendeRrogrammezu
betrachten.

10.
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Abstract

User modeling systems infer user models from user
interaction, store user models and induce new as-
sumptions by reasoning about the models. In course
of the OySTER project! our goal is to induce lucid
conceptual user models by means of inductive logic
programming methods. With growing knowledge
about a single user we need to refine induced user
models. With a growing set of users we will also
have to refine the underlying ontology in order to
learn a suitable representation formalism. In this
paper we give an outline of how both user models
and representation language can be learned simul-
taneously.

Keywords. Inductive Logic Programming, Ma-
chine Learning for User Modeling, Conceptual User
Models, Web Search.

1 Introduction

In this paper we describe the formal framework of a
strongly biased ILP approach within the restricted
domain of user modeling for web search. Currently,
we are working on an implementation of the ap-
proach presented in this paper.

User models within OySTER are used to describe a
user’s interest in web documents. Instead of repre-
senting a document d as a word vector (c.f. [Bal98,
BP97, JFM97, PMB96]), we use two classifying al-
gorithms in order to determine a document type
and a document category. The former describes a
text type t € T while the latter describes a content
based text class ¢ € C.

2 Concepts, Clauses and User Mod-
els

(T,U7) is a semi-lattice of document types t with
an ordering relation Cy. Similarly, C is a semi-

lsee http://mir.cl-ki.uni-osnabrueck.de/oyster/

lattice of document categories ¢ with an ordering
relation Ce. We extend C by an artificial bottom
element | ¢ and define cM¢c¢’ = L for any ¢, ¢’ with
cnd ¢ {c,c'} to yield a lattice (C,U¢,MN¢). For a
document d, A¢(d) and A7 (d) deliver the category
c and the type t of d.

Now, we interpret 7 as sorts over expressions in
terms of C. In other words, the sorted term #::c with
sort (i.e. type) t € U and category ¢ € C denotes a
concept that “contains” any document for which
Ar(d) =t with t Ct' and A¢(d) = ¢ with ¢ E (.
Thus, a user model containing information about
the user’s interest can be represented by a set of
sorted expressions over 7 x C; or—more informal—
as shaded parts of a directed acyclic graph which
initially is a tree. A user model M, consists of
two parts representing what the user is interested in
(M;F) and what the user is not interested in (M,,).
Each of those sets again consists of sets of sorted
expressions called aspects. Aspects are used to
formalize different and independent facets of a
user’s interest. One could as well introduce a set
of user models M, M, , ... for a single user, but
aspects still allow for more compact representa-
tion which is more lucid. Now, given a predi-
cate a_TxC(d,t::c) which for a document d deliv-
ers Arxc(d) = Ar(d)::Ac(d) we define M, by two
3—-ary predicates pinterest and ninterest as fol-
lows:

pinterest(u, 01, D) :-

a_TxC( D, 13:’machine learning’), (1.1)

a_TxC( D, 12:’user modeling’), (1.2)

a_TxC( D, 19:’cognitive science’). (1.3)
pinterest(u, 01, D) :-

a_TxC( D, 13:’user modeling’), (2.1)

a_TxC( D, 19:’tutoring systems’), (2.2)

a_TxC( D, 12:’machine learning’). (2.3)
pinterest(u, 02, D) :-

a_TxC( D, 11:’diving’), (3.1)

a_TxC( D, 15:’submarine robotics?’). (3.2)

ninterest(u, 01, D) :-
a_TxC(D, 13:’language acquisition’), (4.1)

a_TxC(D, 12:’student modeling’), (4.2)

a_TxC(D, 19:’cognitive science’). (4.3)
ninterest(u, 01, D) :-

a_TxC(D, 13:’student modeling’), (5.1)

a_TxC(D, 19:’tutoring systems’), (5.2)



(5.3)

a_TxC(D, 12:’human_comp interact’).

For an explanation of the sorts, see [Miil00b]. Using
a sorted variant of SLD resolution [Hed89], we can
define several levels of “interestingness”:

1. u is interested in a document d, if Ja : M;}F +
pinterest(u,a,d). We denote this case by
writing M, Ik, A7xc(d).

2. d could be interesting for u, if VYa : M} t/
ninterest(u,a,d). We denote this case by
writing M, Ik Arxc(d).

3. u is indifferent about d, if Va : M} U M, ¥/
pinterest(u,a,d) V ninterest(u,a,d). We
denote this case by writing M, ¥ Aryc(d).

My ¥ Arxe(d) and My o Arxe(d) can be con-
structed as the dual case to 1. and 2.

3 Inducing User Models

By relevance feedback the system receives a labeled
sample which is used to induce a user model. An
example is a 3—tuple (d, Arxc(d),[(as,l;, m;i)]ier)
where [(a;,l;, m;)]icr is a list of triples of aspects a; ,
labels I; € {®, ©} and model references m; € {p,n}.
This way, one document can be associated with dif-
ferent classifications. Furthermore, each document—
classification pair can simultaneously be labeled
as negative or positive with respect to several as-
pects. For example, (4, t::c,[(a, ®, p)]) means, that
d (if classified as t:c) is a positive (®) exam-
ple for the user interest (p) aspect a. Similarly,
(@', t':c, [(b,©,n)]) means, that d’ (if classified as
t'::c’) is a negative (6) example for the user’s non-
interest (n) aspect b. In consequence, we would like
to learn M, = (M, M, ) such that:

u

M} Ik, tuc , that is:

M} ‘gp pinterest(u,a,d)
and

M, W, t'uc’ , that is:

M, ‘s ninterest(u,b,d’)

for some aspects a, b. Using conceptual user models
poses a well defined learning task for inductive logic
programming techniques.

3.1 Learning initial User Models

A standard bootstrapping method for obtaining
initial feedback data is to collect the user’s “hot
links” from his homepage or link list, c.f. [CSB00].

All those documents d build a sample S =
{{d,Arxc(d),[(a,®,p)]) |i € I}. Note, that all ex-
amples refer to the same aspect a. On this sample,
we can simply construct a complete consistent hy-
pothesis:

M;:{

Since at this point M, = ), M,, most likely is not
correct.

V{d, t::c,[(a, ®,p)])
es

pinterest(u,a,d):-
a_TxC(d, t::c).

3.2 Learning User Models

In [Miil95] we presented a calculus for order sorted
inverse resolution that was based upon order sorted
resolution as, e.g., described in [Hed89]. The ini-
tial user model as described in the last section can
be taken as input for a truncation operator. As
an example, imagine C with ¢ = | |.{c1,¢2,¢3,c4}.
Furthermore, let (d;,t;::c;,[(a,®,p)]) € S for i =
1,2,3 and neither (dy,ts::cq,[(a,5,p)]) € S mnor
(da,ts::cq,[(a,®,n)]) € S.2 Then,

(1)

H, = pinterest(u,i,d):-a_TxC(d, t::c).
would be a consistent hypothesis with t = | |}, #;,
i.e. t is the lub of all types of documents in the sam-
ple under consideration and Th(M.") C Th(M; U
{H:}). Inducing M, is a dual case with respect to
labels and model references. The interesting part is
to induce new predicates describing a user’s inter-
est: Intra—Construction leads to new concept def-
initions. Sticking to (simple) generalizations, one
would derive
(2) H, =pinterest(u,01,D):-
a_TxC(D, (t; Ut t2)::c1),
a_TxC(D, (t; Ut t2)::c2),
(%) a_TxC(D, (t3 Uy t4)::(c3 U ca)).
given a constellation like clauses 1 and 2 in the
program listed above. But since U would lead to
over-generalizations, one would rather try fanning
operators like intra—construction thus replacing ()

p(u,01, D).

p(u,01,D):-a_TxC(D,t3::c3).
p(u,01,D):-a_TxC(D,t4::cq).

2This means: v has not labeled t4::¢4 as a counterexample
for his interest nor has he labeled this evidence as an example
for his non—interest.



A simple Igg on the clauses in (3) would lead to a
user model that is equivalent to adding H from (1).
Thus, we need to find a definition H for p(u, 01, D),
such that (1) entails H and H entails (3). In
other words, we need to invent a new class. Us-
ing a folding like operator which is similar to inter-
construction one would derive a hypothesis that is
symmetric to (2) in some sense:

(4)

H; =pinterest(u,01,D):-

p(u7 017 D)7
(4a) a_TxC(D, t3::c3).
and
pinterest(u,01,D):-
p(u7 017 D)7
(4b) a TxC(D, ta::cq).
and
() p(u,01,D):~
a_TxC( Ut t2):er),

D, (t:
a TxC(D, (t; Ut t2)::c2).

This operation is just a natural way of expressing
different aspects of an interest: Changing the rule
heads in H3 to new aspect identifiers 0la and 01b,
lines 4a and 4b define the aspects of the code in
5. Note, that due to the strong language bias on
predicate names and the use of atomic terms only
application of an absorption operator becomes is a
tractable task; though it does not seem to be very
helpful.

3.3 Learning Ontologies

Given the last example of the preceeding section, we
also learned new categories. The concept defined
by rule 5 corresponds to the body literal conjunc-
tions (1.1),(1.2) and (2.1),(2.3) of the exam-
ple clauses in the sample program. Actually, this
conjunction thus represents an intersection of the
both concepts. Satisfiability of such a clause would
force A7«c to be non—deterministic: A document
d must be belong to both ¢; and ¢;. This leads to
two different conclusions: First, one demands A ¢
to deliver an ordered sequence of classifications
Aryc(d) = [(te,p), ({t'd,p')y, ({t" 2" p") , .. .] to-
gether with a probability score—or, say, a distance
measure—of successively decreasing quality. In con-
sequence, we would need to extend the unification
and subsumption such that:

1. (t::c,p) subsumes (t'::c,p'y if t Ty ¢’ and ¢ C¢
¢ and p’ —p <99, where 9 is a threshold which
determines a lower confidence boundary for p’
relative to p.

2. (T::C, P) unifies (t::c,p) if T Cy tor T is a
variable, and C' C¢ ¢ or C is a variable, and
p— P <4 with 9 as above.

Probabilistic derivation then also gives rise to defin-
ing an according inverse operation with a further
bias ¥~!. Second, one would actually invent a new
class ¢; Me ¢o. This would require to define a new
A which only makes sense if this process could be
automated by means of learning new classifiers as
well. At this point, discrimination of classification
and user modeling tasks turns out to be a severe
drawback of this approach (see conclusion). Con-
cerning disjunctive new classes as in the clauses in
program 3, a new class can be canonically defined
by c3 U ¢4, but certainly not by c3 U cy. The lat-
ter method for defining can be justified only by a
generalization threshold which determines a maxi-
mum allowed distance in C which can be defined as
the maximum number n of intermediate concepts:
max,(cC c¢) C---C ¢}, T ¢,;). We consider defin-
ing ¥,, in relation to an information gain measure
with respect to the existing user model and the la-
beled data set. In both cases, user feedback for
class or aspect definitions should be requested for a
better guidance, i.e. bias, in the induction process.

4 Acquiring Labeled Data

The Www as application domain has a crucial
drawback: Labeled training data is very hard to
obtain from a user. Only few users will be provide
at least partial feedback about delivered search re-
sults. On the other hand [Bal98] presented Slider,
an interface which helps in interpreting user interac-
tions as feedback. Within the Slider, search results
can be ordered and grouped such that the different
actions can be interpreted as feedback on the re-
sults. In context of web search with respect to user
models and interest aspects, the Slider idea can be
carried over to this application. Search results are
presented together with their classifications t::c, as
well as an explanation why they have passed the
filtering process. This enables the user to “drag” a
“misplaced” document d somewhere else or even to
delete it—thus performing a labeling of d as pos-
itive for some other aspect or as an instance of
ninterest. When learning user models, we focus
on aspects a;. This helps in increasing the amount
of labeled data: By mutual exclusive sets, positive
examples for aspects a; can be used as negative ex-
amples for a; and vice versa. The same applies even
for the dual case. Furthermore we can make use of
user communities, i.e. by use of collaborative filter-
ing. The set of positive examples can be expanded
by examples that were labeled by other users with



“similar” interests. Similarity can be defined in a
completely discrete manner using our notion of in-
terestingness. Since semantic entailment of differ-
ent user models like M,, ke M, is hard to show, we
make use of our relations I and IF. Here, the choice
of a set of documents d for which the following holds
determines the notion of similarity:

1. If My Ik Ayyc(d) implies M, IF Aryc(d), u’s
interest is similar to v’s interest: v ~ v. Note,
that ~ is not symmetric!

2. Similarity is weaker, if we replace Il by IF. Ac-
cordingly, we denote this case by u ~ v.

More labeling information can be extracted from
other users where E; coincides with E;f. This way,
we can define a sequence of labeled data sets:

1. Initially, we use the set of documents u labeled
as interesting with respect to aspect a;: Ear =
Ej(a:) (By = E,).

2. Positive feedback concerning different aspects
a; can be regarded as negative feedback for a;:
E; =E; UE;(j)

3. Similar users v contribute to both sample sets:
Ef=EfUEf, E; =EJ UE;.

4. Different users v contribute to both dual sam-
ple sets: Ef =Ef UE,, E; =E; UE}.

Introducing new concepts into C can be triggered
by several events. C obviously is too coarse, if for
two users u and v their respective models are sim-
ilar (according to the notion above) although their
labeled samples are heterogeneous (which can be
determined extensionally or by explicit requests for
label data). Another key for coarseness is the size
of peak concept extensions: If classifiers do not dis-
tribute documents widely over the classification tree
we need to split ’crowded’ concepts. Now, imagine
some clauses mf, = mJ; i.e. equivalent user model

v
aspects for different users.

1. If for a sufficiently number of users their re-
spective labeled data sets form a significantly
large intersection, the union of all data can be
used to derive a group model, while the disjoint
unions can be used for collaborative labeling.

2. If the labeled data sets are nearly completely
disjoint, it is quite reasonable, that m! and mJ
should not be equal and we need to learn a new
concept class.

In the latter case, we can use the example sets for
mutual exclusive learning tasks in order to learn
new concepts.

5 Conclusion and Prospects

5.1 Conclusion

In this paper, we have formally described a machine
learning based approach for user modeling which
makes use of the rather exotic methods of induc-
tive logic programming. Due to its application do-
main, we can define a strong bias which shall help
in implementing efficient variants of order sorted in-
verse resolution. The choice of an ILP approach was
motivated by working on user model representa-
tions that are transparent to the user (namely Horn
clauses where predicates are “tagged” to concepts
in a concept hierarchy) and by providing means for
a lucid information filtering process (which we can
define through different levels of interestingness).
The disadvantage of this approach is that perfor-
mance depends on both classification and user mod-
eling. Thus, we presuppose perfect classifiers. Even
worse, induction of new concepts presupposes per-
fect learning of new perfect classifiers each time a
new concept has been invented. In the recent past
it has been argued a lot that many approaches for
machine learning based user modeling violate the-
oretical preconditions in application of the theory
as well. Nevertheless, domain restriction ensures
a pretty good performance. In this tradition, our
future evaluation work will show if deliberate vi-
olation of our assumptions causes worse results in
practice.

5.2 Current work and prospects

The approach presented so far also gives rise to sev-
eral interesting open research questions. Especially,
section 3 poses interesting questions about defining
biases that determine when to introduce new classes
in terms of intersecting label data. More theoret-
ically, it is an interesting question how many ex-
amples are needed in relation to the coarseness of
an initial concept hierarchy in order to be able to
induce sufficiently precise user models.

Among implementational issues, these questions are
in focus of current work.

A recent detailed description of the system can be
found in [Miil0Oc].
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Abstract. Complex classification models like neural networks usually have lower errors than simple models. They
often have very many interdependent parameters, whose effect no longer can be understood by the user. For many
applications, especidly inthefinancial industry, it isvital to understand the reasons why aclassification model arrives
at a specific decision. We propose to use the full model for the classification and explain its results by an explanation
model capturing its main functionality. For a real world credit scoring application we investigate a spectrum of
explanation models of different type and complexity. We assess them in terms of transparency and difference to the
full model. It turns out that decision trees, scorecards and newly developed scorecards within decision trees show
the best compromise in this respect and perform better than nonlinear variants.

Keywords. credit scoring, decision trees, scorecards, explanation of complex models

1 Introduction

During the last years the availability of business pro-
cess data allowed the utilization of sophisticated pre-
diction and classification models in enterprises. A
prominent exampleis credit scoring, where a customer
is classified as solvent or insolvent based on a vec-
tor x of features. The unknown model parameters are
trained using data on credit histories of customers.

Thereis aplethoraof models starting from simplelin-
ear modelsto complex neural networks, support vector
machines and multivariate adaptive regression splines
(MARS) to name afew. Experimental eval uationsdur-
ing the last years showed that more complex proce-
duresin general yield better resultsin terms of classifi-
cation errorsthan traditional approaches. These meth-
ods usualy have many — sometimes thousands — in-
timately interdependent parameters, and the meaning
and effects of single parameters no longer can be un-
derstood by the user.

There is a tradeoff between the classification reliabil-
ity and transparency of approaches. The necessity to
understand the result often is more important than a
gain in precision. In addition the banking industry in
the U.S. has to explain a credit decision to the cus-
tomer: " If you are denied credit, the Equal Credit Op-
portunity Act requiresthat the creditor givesyou ano-
tice that tells you the specific reasons your application
was rejected . . . . Indefinite and vague reasons for de-
nial areillega . ... Acceptable reasonsinclude: ' Your

incomewas low’ or ' You haven’t been employed long
enough’ " [Cen0(Q].

However, it seems possible to use a complex full
model optimized with respect to predictive power if
we develop asimplified explanation model, which ap-
proximates the predictions of the full model as well
aspossible. If the difference between both predictions
is small we can explain the results of the full model
by evaluating the simple structure of the explanation
model. A user may directly see under which condi-
tions a different recommendation would occur.

There was some research on the explanation of mod-
elsin the neural network literature. Here the task was
to represent the black-box model by a nearly equiva-
lent rule system. A good overview is contained in the
proceedings of a workshop [AD96]. Craven [Cra96]
proposed to use tree models for the same task.

In 1997 we developed a new credit scoring proce-
dure for the DSGV, a large group of German banks.
We employed complex Bayesian decision treeq PK 98]
and bootstrap approaches to estimate the probability
that an enterprise would repay a credit. These pro-
cedures generated several 100 different models with
many thousand parameters whose average gives a
mean probability of insolvency. This paper describes
the results of a follow-on project funded by DSGV
wherewe analyzed which type of explanationmodel is
best suited to explain the predictions of the full model.

In section 2 we discuss criteriafor selecting an expla



nation model, both in terms of comprehensibility as
well as prediction quality. ??? etc

2 Criteria for Selecting an Explanation
M odel

2.1 Notation

As full model for our credit scoring task we used dif-
ferent variants of Bayesian models

ply = 1|x,0) = f(x,0) N

which predict the credit risk for x, i.e. the probability
that a customer with feature vector x will not repay a
credit (y = 1). The parameter vector § completely de-
termines the result. Instead of estimating an ’optimal’
parameter we use the posterior distribution of param-
eters given some data y, X and the prior distribution

p(0)

p(y|X,0)p(0)
p(y1X, 0)p(0)do

p(fly, X) =7 )

The posterior distribution describes the plausibility of
different parameters. It is approximated by the empiri-
cal distribution of asample©® = {61, ... ,6p}, which
is generated by Markov Chain Monte Carlo or related
methods [PK98].

For a new input xo we may calculate the prediction
values p(y = 1|xo,6s) with respect to al 6, € ©.
These values follow the predictive distribution de-
scribing the uncertainty of the credit risk. If we state
the consequences of decisionsin terms of aloss func-
tion we should classify the case x, such that the aver-
age expected loss is minimal. This implies that xg is
classified as insolvent if the mean prediction is larger
than some threshold 7 4

1
E(y = 1x0) 7 D _p(y = 1x0,60) > Taec
b
©)

A change in the loss function (i.e. interest rates)
merely leadsto ashift in mge..

Inthisframework an explanation model can be consid-
ered as asimplified model p(y = 1|x,¢) = g(x, ),
which on the one hand should be easy to understand,
and on the other hand should approximate the predic-
tions of the full model as good as possible. To keep the
situation simple only an optimal model ¢ is derived,
e.g. by maximizing the posterior density (2) with re-
spect to . Criteria for comprehensibility and predic-
tion quality are developed in the following sections.

2.2 Comprehensibility

The explanation of aclassification or prediction model
is based on the following lines of reasoning:

e The agreement of the results with common fac-
tual rationalizations. This is mainly based on a
more or less elaborate intuitive knowledge about
effects. For example a higher debt usually causes
higher credit risk.

e Insight into the internal mechanics” of the
model. In this case the user can determine which
mathematical operationsin the model generate a
specific prediction or classification. In addition
the mathematical operations causing differences
between two results may be identified.

e The empirical validation of results by simple
statistics like counts and means. By counting,
for exampl e, the number of solvent and insolvent
firms in a subpopulation the credit risk can be
estimated in a transparent way, immediately ev-
ident to the user. This argumentation is familiar
from opinion polls and sampling surveys.

Undoubtedly an explanation by factual rationaliza-
tions is most convincing. However intuitive knowl-
edge about effects usually is of qualitative nature, and
it is difficult to summarize contradicting trends to an
overall result. Inthis case the other two aspects offer a
good explanation of the results.

The internal mechanics of a model is comprehensible
only for modelswith simple structural features:

Analysis of Subpopulations. Here a population is
partitioned into digoint subsets according to the
feature values using simple decision criteria.
Each of these subsets is characterized by a sin-
gle prediction or a simple "sub-model”. From
the view of psychological research subsets are
advantageous, as they divide complex decision
problems into small, easy subproblems [Hog87,
p.185].

If-Then Rules. A specia type of loca models are
rules which make a statement concerning a sub-
set of the feature space. These subsets, however,
usualy are not digoint. Rules are especialy ev-
ident, if the conclusions correspond to the com-
mon lines of reasoning in the application.

Linear Relations. The predictive behavior of linear
models is especially simple to understand, as
all changes are proportional. If the direction of
changes corresponds to factual rationalizations,
they are highly convincing.



Independent Variables. Even nonlinear models are
easier to understand, if each feature adds an inde-
pendent termto theresult, i.e. interactionsmay be
ignored.

Subsets of Variables. If we generate a prediction
model using only a subset of variables, we may
attribute the difference to the "full” prediction
with all variables to the specific subset. If, for in-
stance, the credit risk with respect to debt figures
is higher than the credit risk with respect profit
features then the debt figures somehow ‘cause’
the higher risk which would result with ‘ normal’
adepts. Comparison of the results for different
subsets gives a picture of the perhaps contradic-
tory effects of the subsetsin the specific case.

A prominent aspect for understanding aproblemisthe
sheer number of factors. ” Asarule of thumb, eight di-
mensions is plenty, and fifteen is too many [Hog87,
p.185]. Therefore Explanation models should be as
small as possible.

To compare the comprehensibility of different expla-
nation models, we use mainly use the number of pa-
rameters of the explanation model. This criterion sub-
sequently is increased or decreased according to the
transparency (complexity of the internal mechanics of
themodel) aswell asthe empirical validity. Obviously
thelatter quantitiesare highly subjective and give only
arough indication of the relative performance of pro-
cedures.

In this paper we will consider the following types of
explanation models for the credit scoring task:

e Linear models like linear discriminant analysis,
linear regression and logit models.

e Scorecards which assign numeric scores to fea-
ture categoriesor to intervals of feature values. If
the sum of these scores is above a threshold, the
case is classified as insolvent. Generalized ad-
ditive models [CH92, p.249ff] are a generalized
version which automatically determine an opti-
mal transformation of the feature values.

e Decision trees, which successively partition the
input space according to the values of single fea-
tures. Within the leaves the result is constant.

e If-Then rules of general shape, which are more
flexible than decision trees but often more diffi-
cult to interpret.

e Clustering algorithms grouping the input feature
values.

e Subset-of-variables models which indicate the ef -
fect of different feature groups on the credit risk.

e Combinations of different approaches.

2.3 Classification Similarity and Quality

It is the task of the explanation model to approxi-
mate the predicted credit risk p(y = 1|x,6) of the
full model (1). As the loss functions vary only to a
small extent, the threshold 74, is restricted to a small
range. Only in this range the value of the decision risk
p(y = 1]x, 0) affects the decision (c.f. (3)).

OIP: Asmain criterion for classification dissimilar-
ity of the full model and the explanation model
we use the percentage OIP of cases, where the
credit risk predicted by the explanation model
is not between the 5%-quantile and the 95%-
quantile of the predictive distribution (section
2.1). Predictions within this interval are fairly
well in accordance with the full model predic-
tions. A low OIP value indicates a satisfactory
correspondence between the full model and the
explanation model.

DPWR: As an additiona criterion we assess the
classification error of the explanation model as
a classification model of its own. We determine
the percentage of rejected ‘good’ loans when
bad loans are accepted with a fixed probabil-
ity value. Because of disclosure regulations we
only were alowed to publish the scaled differ-
ence DWPR of these numbersfor the full and ex-
planation model. A low DPWR-number indicates
good quality.

3 Comparing Explanation Models in a
Real World Credit Scoring Task

3.1 Credit Scoring Data and Baseline Classifica-
tions

Explanation models should imitate the behavior of the
full model as good as possible. This should also hold
in areas where only few training data observations are
located. To improve this fit we created synthetic data
by calculating the credit risk for 11000 unclassified
genuine input vectors. In addition we derived mini-
mal spanning treeswith respect to Euclidean distances
between input vectors and formed convex combina-
tions between close neighbors. Together with the pre-
dicted credit risk this produced 50000 new plausible
data points. Together with the 6000 original training
instances this was used as training input for the expla-
nation models. Each case was used twice for training
with output 1 and 0 and weights equal to the credit risk
and its complement.



Table 1 Results for Stepwise Linear Logistic Re-
gression.

var no. of significant . . . error dissim.
set vars | interactions | param. | DWPR% | OIP%
Me 4 5 25.6 13.7
3 6 of 15 10 24.6 12.9
Mir | 10 11 22.8 132
4 11 of 136 16 19.8 131
M3g 25 26 17.2 121
9 16 of 741 26 18.8 125

We investigated three different sets of input features
selected by domain experts: The set Mg of six most
relevant variables, the set M7 containing additional
medium important variables and a comprehensive
set M3q. These and similar figures are discussed in
[Uth97, p. 135ff]. We must not publish the variable
names because of non-disclosure reasons.

3.2 Linear Logistic Modes

For agivenfeaturevectorx = (x4, ... , zy) thesepro-
cedures approximate the credit risk by [Bis95, p.82f]

exp(1)

g(x,0) = ﬁ){p(n)

k
n==0y+ Z 0;x;
=1
4

Thisisaclassical credit scoring model used in many
analyses [Cam96]. It is closely related to linear dis-
criminant analysis [Lus96] which currently is used by
every second German bank for credit scoring [GG97].

Transparency: The coefficients8; indicate the quan-
titative and qualitative influence of attribute ; on the
credit risk. If it is positive the risk grows as z; is in-
creased. Psychological experiments show that linear
relations are far simpler to comprehend than nonlin-
ear relations [Hog87, p.129]. Often, however, the fea-
turesx; are strongly correlated and a negative parame-
ter value §; is offset by some positive §;. Thisreduces
the interpretability of parameters. In addition the pa
rametersare determined by complex optimization pro-
cedures and their empirical validation, the relation to
the datais not evident.

Classification Similarity: We used stepwise regres-
sion in an exploratory way to identify the most impor-
tant parameters. Even for the large synthetic training
set only four of the six most important variables get
significant (see table 1). In comparison with later re-
sults the dissimilarity and the classification error are
rather high. This is only marginally improved by us-
ing additional variables or interactions. In summary
this indicates the presence of non-linearity in the data
and in the full model. Therefore linear models are not
useful for explaining credit risk.

Figure 1 Graphical representation of a scorecard
for six variables with up to three categories: low
(L), medium (baseline) and high (H). Thescoresare
the positive or negative differences to the basdline
representing ag. Only significant scores are shown.
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3.3 Scorecards

The starting point of the approach is that each feature
has an additive effect on the output, which is indepen-
dent of the level of the remaining features. We may
then divide the domain of each feature into subsets,
each of which gets a specific point score. The sum of
these scoresfor a specific caseisthe overall score. For
each of the k features in x = (x,,... ,z;) Suppose
that m different subsets are defined. Then we need
m — 1 indicators such that z;; = 1 in the j-th sub-
set and 0 elsewhere. The scorecard correspondsto

k m—1

y=ao+ Z Z Qi Tij )

i=1 j=1

with scores ay and a;;. The scores can be estimated
by linear regression or similar methods from training
data. The cut-off pointis calibrated by somevalidation
data, such that the loss function gets optimal. Often
two cutoff points are identified with an intermediary
class of ‘questionable’ cases. Scorecards are widely
used in the financial industry [Asc95, Fos96, ZF96].

An example with six features is shown in figure
1. Each feature is divided into three intervals (low,
medium, and high). To identify significant scores a
stepwise regression [VR97, p.220] was performed.
For the medium category no indicator was defined as
its effects are subsumed by aq and depicted by the
bold line. The scores for high (less than 33% per-
centile) and low (more than 67% percentile) values
are denoted by characters ‘L’ and ‘H’ with the dif-
ference to the baseline indicating the score value a;;.
All scores add up to arrive at the final result. The pro-
cedures can be extended to define categories in an
automated way and to maintain monotony relations
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Table 2 Results for Scorecard estimated by Step-
wise Regression. The features are divided into 3 or 5
categorieswith equal proportions of cases.

var no.of ... error | dissim.
set | categ. | signif. param. | DWPR | OIP
Mg 3 10 174 12.9
5 20 155 12.4
Mz 3 21 115 11.0
5 40 9.9 10.2
Mg 3 31 6.9 94
5 53 5.9 8.2
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Figure 2 Scores for M7 features using 5 categories
denoted by very low (<), low (=), high (+) and very high
(>)-
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Figure 3 Scores for M3g features using 5 categories
denoted by very low (<), low (=), high (+) and very high
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between categories [Thi88, p.221f]. Figures 2 and 3
show scorecards with the variablesin M7 and M y.
Again the scores were defined by percentiles of the
features. Note that usually not all categories are sig-
nificant and in afew cases the effects of categoriesare
non-monotonic.

Transparency Thetransparency of decisionsand the
simplicity of the ‘mechanics’ of scorecards is very
high. The user can determine immediately under
which condition the decision would be different. Psy-
chological research shows that the use of scores corre-

sponds to our intuitions [Hog87, S.189]. In summary
scorecards are good explanation models. In the case
of many features, however, these are often highly cor-
related and the relative score values have high vari-
ance. Therefore the significance of a score must not
be overestimated. It would help alot if the correlation
of scores could be graphically shown in a satisfactory
way.

We may split theinput featuresinto groupsthe accord-
ing to their meaning. Then for anew case we may add
up the scores of al features in a group to the score
corresponding to that group. This on the one hand ex-
plains the result in terms of broader concepts. On the
other hand the scores of usually highly correlated fea-
tures are aggregated yielding summary scores which
have lower variance. An example of such a scorecard
with aggregated scoresis shown in figure 9.

Classification Similarity: In spite of the simple
model structure scorecards have a surprisingly good
classification similarity and quality, as shown in table
2. With 39 features in M3q only 8.2% of the expla-
nations are outside of the full model prediction in-
terval, compared to an OIP-value of 12.1% for the
linear model. This shows a marked improvement in
terms of classification similarity. The classification er-
ror DWPR decreased even more from 17.2% to 5.9%.
Note that there is a additional drop if we either in-
crease the number of features considered as well as
the number of categories within features. One reason
for the better performance seemsto be that scorecards
can capture nonlinearitiesin thesingle variablesby as-
signing arbitrary scoresto the subsets. Another reason
is probably that outliers have no effect in scorecards.

We investigated several generalizations of scorecards.
First we analyzed scorecards with interactions by
adding new features z;; = x;z; for each pair of fea-
tures z; and x;. Subsequently the domain of z;; was
divided into three subsets of equal probability yield-
ing two new indicator variables, which were added to
the explanation model. Using stepwise regression as



before the large number of parameters in the result-
ing model were reduced. In no case these models had
a better performance than scorecards without interac-
tions. This is another indication that interactions are
not very important for this domain.

Instead of assigning scores to subsets, which induces
a step-function for each feature we used generalized
additive models, which determine an optimal smooth
transformation for each feature. The resulting model
of thefollowing form

k
ply = 1x) = ao + Y_ ai hi(z:) (6)
i=1

may be determined by the back-fitting algorithm
[CH92, S.249ff]. With variable set M, the classifi-
cation dissimilarity was 11%, which was no improve-
ment compared to the simple score card. The same
holds for the classification error which had a value of
11.5%. Therefore these models offer no improvement
compared to the simple scorecard and in addition are
less transparent.

V35 < 0.118
yes 210 no

V36 <0.259 V36 <0.197
yes 29.0 no yes 1.0 no

V35 <|-0.0156 V36 <|0.0199

320 VYes| 210 |no VYes| 20.0 no 6.9
reject accept

29.0 14.0 28.0 17.0
reject accept reject reject

Figure 4 Simple decision tree for credit scoring. The
numbers are the scaled credit risk for the subsets. The
decisionsresult from mgec = 16.8.

3.4 Decision Trees

Decision trees are an established model in data min-
ing. By successively dividing the input space accord-
ing to the values of selected single features a partition
of the input space into dioint sets is generated. On
each set the predicted value gets afixed value. An ex-
ampleis show in figure 4. We used the tree algorithm
of SPLUS [CH92, p.377ff] which has a complexity
parameter mindev, which usually is determined by
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Figure 5 Dissimilarity OIP in relation to the number
nv of features and the complexity parameter mindev.
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Figure 6 The depth of resulting tree in relation to the

number nv of features and the complexity parameter
mindev.
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Figure7 Number of decision nodes(rules) in relation to
thenumber nv of featuresand the complexity parameter
mindev.

cross-validation from the data. We changed it in small
steps to get decision trees with desired complexity.

In spite of their simplicity decision trees have a valu-
able property: if they are large enough they can rep-
resent any functional relation arbitrary well. This is
a marked difference to linear models or score cards,
which have the inherent assumption of independent
features. Nevertheless decision trees have an inher-
ent representation bias, asthey can reproducerelations
especialy well if they have a grid-like structure. A
problem, however, are continuously growing relations
which have to be approximated by a large number of
steps. In the US decision trees are used frequently for
credit scoring [RG94].

Transparency Decision trees have a double advan-
tage in terms of transparency. First the internal me-
chanics of the method is ssimple as the credit risk
within subsets defined by afew splitsis constant. Sec-
ond the credit risk itself is determined as the empirical
frequency of ‘bad’ cases in this subset. If in addition
thelevel of this credit risk correspondsto the intuitive
knowledgeof effectsof thesplit variables, thenthereis
also afactual rationalization of the model. This, how-
ever, has to be checked in detail.

As shown in figure 7 the number of rules (decision
nodes) in the tree can be controlled by the complex-
ity parameter mindev. Setting its value to zero gener-
ates rules which separate each different input vector.
Of cause such large trees no longer give any explana-
tion, as the user can only cope with alimited number,
say 20 rules. An additional problem arisesif there are
repeated splits with respect to a single feature, as can

Table 3 Resultsfor Decision Trees of Varying Size
for Different Sets of Features.

variable | no.of ... | classif. error | dissimilarity
set rules DWPR OolP
Me 27 20.8 114
146 135 10.4
Mir 23 19.2 10.8
116 8.3 8.8
Mg 26 10.1 9.5
115 5.6 7.2

be seen in figure 4 asit is more difficult to understand
the interlocking definition of subsets in this case. An
important aspect is the depth of the tree, which de-
termines the number of conditions defining a subset.
Figure 7 shows how it grows with falling complexity
parameter. Obviously a user can understand only the
joint effect of a small number of up to 5-8 conditions.

Classification Similarity The prediction dissimilar-
ity ranges from 11.4% for six features and 26 rules
to 7.2% for 39 inputs and 115 rules. This is roughly
the range of figures for scorecards, especialy if we
take into account the number of free parameters. For
instance a score card with 31 free parameters yields
9.4% while atree with 26 rulesreaches 9.5%. In terms
of classification errors this tree is with 10.1% infe-
rior to the scorecard with 6.9%. The figures 5 and 7
show the dissimilarity which is attainable with a spe-
cific number of rules. In summary the scorecards have
slight advantages compared to decision trees.

3.5 RuleBased Models

We considered inference systems which use logic
based rules of the form IF A A B A C THEN D.
Here A, B,C, D are logical propositions about the
features, e.g x; € [a,b]. Many of these rules may be
combined forming a rule system. A number of solu-
tion systems have been developed which derive the
conclusions for a given set of facts (e.g. a new input
case). American express uses a rule-based system for
consumer credit scoring which has been devel oped by
hand [Did95].

Logical rule systems are difficult to create and main-
tain as the rules have to be consistent. Therefore sys-
tems are required which automatically generate arule
system from data. We analyzed the performance of
two such systems as generators for explanation mod-
els.

RULEX [AG96] triesto represent afeed-forward neu-
ral network by logical rules. The underlying network
has bell-shaped activation functions and inputs with
active links are used as antecedents. We applied the



procedureto our credit data. It turned out that the gen-
erated model had nearly twice as much classification
errorsthan the full model. Thereforeit was not accept-
able for our purposes.

FOIL [Qui93] is another system which generates new
logical relationsfor acollection of facts (i.e. examples
and counterexamples of a class), which imply these
facts and have a lower overall complexity. The pro-
cedure generated a large number of rules which were
able to describe the insolvent cases quite well. If no
rule applies a case can be considered as solvent. Be-
cause of the large number of rulesthis offers no expla-
nation about ‘why’ the caseis solvent. Because of this
asymmetry we did not further consider this approach.

3.6 Dimension Reduction Approaches

SA

Figure 8 Two-dimensional Kohonen-map using
variables V35,36, V39, V46 and V47. The shades
indicate the predicted credit risk from low (lower |eft)
to intermediate (bright) and high (upper right).

The procedures project the input space into two or
three dimensions such that the functional relation be-
tween inputs and outputs get clear. After experiment-
ing with a number of methods we got the best re-
sults with two-dimensional Kohonen maps [Koh95].
The input vectors of our training sets are placed in a
two-dimensional area such that vectors with a small
Euclidean distance of the input vectors are close to
each other inthe area. Infigure 8 suchamapis shown
where the credit risk of the cases predicted by the full
model is indicated by shades. It turn out that the map
is remarkably smooth showing the strong relation be-
tween credit risk and input features. A new caseis cor-
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Figure 9 Scorecard in a subset for the Me-features
with five categories of equal mass. The symbols indicate
the scores of the very low (<), low (-), high(+) and very
high (>) category. Linesindicate the scores of an actual
case.

respondsto some point in the map corresponding to its
distance to neighboring cases. It can be judged in re-
lation to known cases of German enterprises added to
the map. An ‘explanation’ then states that the case in
guestion is similar to, say SAP. This sort of explana-
tion is heuristic, but nevertheless max be valuable.

3.7 Explanation Models in Leaves of Decision
Trees

A natural extension of the proceduresis the combina-
tion of approaches. Decision trees are especially suit-
able as they do not assume that the features are in-
dependent but are able to approximate arbitrary rela-
tions. In addition they partition the input space into
subsets where arbitrary alternative explanation mod-
els may be used. In this section we combine decision
trees with the following ‘leaf ' -models:

e Scorecards

e One- and two-dimensional nonlinear loess mod-
els.

With respect to the combination of decision trees with
scorecards we first developed an integrated approach
which simultaneously determined the trees as well as
the scorecards with the aim to reduce the overall er-
ror. It turned out that this algorithm didn’t offer any
advantages. Therefore we simply generated a tree of
the desired size and subsequently estimated scorecards
within the leaves using stepwise regression.



In figure 9 a scorecard within a subset is shown. Each
feature was divided into 5 intervals covering 20% of
the mass. The medium category is depicted by thebold
line.The symbols indicate the scores of the very low
(<), low (-), high(+) and very high (>) category, al-
ways as difference to the bold line. For a specific new
case al scores add up to arrive at the final result. The
horizontal lines if the figure indicate the scores of an
actual case. We grouped the variables, e.g. V34-V36
form the group 'Finance’ The score of agroup is just
the sum of the individual scores and is denoted by a
line. The overall score for that case is the line close
to 'SUM’ yielding a scaled credit risk of about 0.03.
The two circles indicate the actua prediction of the
full model.

Transparency Inour opinion a scorecard is easier to
understand than a decision tree with the same number
of parameters. As scorecard merely isthe sum of inde-
pendent feature scores. A decision tree usually devel-
opshighly interlocked subset definitions, whose multi-
dimension relation is difficult to comprehend. On the
other hand small decision trees are easy to understand.
The combination of small trees and scorecards also is
relatively transparent and on the other hand may be
able to capture some interactions present in the data.
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Figure 10 Classification dissimilarity of score-

cards, decision trees and scorecards in the leaves
of decision trees in relation to the number of pa-
rameters.

Classification Similarity The results for classifica-
tion similarity and error of scorecards within leaves
are collected in table 4. For some of the scorecards
interactions were used. With respect to classification
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Figure 11 Classification error of scorecards, decision
trees and scorecards within decision treesin relation to
the number of parameters.

Table 4 Results for Scorecards with 5 categories of
equal mass within the leaves of a decision tree for dif-
ferent sets of inputs.

var number of error dissim.
set | leaves | param. | DWPR % | OIP%
Ms 1 210%) 15.0 12.4
6 114 14.4 11.4

6 137() 14.4 11.4

27 351 138 11.2

Mz 1 69 8.8 10.1
1 41() 9.2 10.2

2 113 8.6 95

4 184 9.8 9.0

6 224 8.4 85

15 | 531 77 8.2

23 740 4.6 7.8

Msg 6 343 30 5.9

(*) : with 2-factor interactions




error the combination of scorecards within trees per-
forms similar to score cards aone. This indicates that
there are no marked interactions which can only bere-
covered by trees.

In figure 10 the dissimilarities of scorecards, trees and
scorecards within trees are compared, always in rela
tion of the number of parameters of the model. It turns
out that for the six variables in Mg trees work bet-
ter than scorecards and scorecards in leaves. For the
17 variables in M, al tree approaches have similar
performance up to about 40 parameters. For a larger
number of parametersthe trees have some advantages.
Finally for thelarge set M4 of variablesall three pro-
cedures are nearly identical. Taking into account that
scorecards are easier to understand than pure treesthis
gives scorecards and scorecards within trees an advan-

tage.

As a second model we used loess model within the
leaves of trees. Loess is a nonparametric approxima-
tion approach which is generated by the superposition
of many simple local models defined in asmall subset
[Cle93, p.93ff]. For each leaf subset we determined
a number of loess models with respect to one or two
variables and selected the best two or three. In case of
a prediction these are shown to the user. Each aterna-
tive shows the prediction with respect to that variable.
The form of the curve gives a good idea of the result-
ing changes in credit risk if the feature is modified.
However, in terms of classification error and similar-
ity this approach performed worse than decision trees
or scorecards.

3.8 Subset-of-variablesmodels

The credit risk may be predicted by a model which
includes only the variables of a specific group, e.g.
profit. Then the corresponding prediction entirely de-
pends on the variables in this group. By comparing
the prediction based on different variable groups we
get apicture on the perhaps antagonistic effects of the
groups. The model for this explanation is used as a
black box. Therefore we may use the best model at
hand, in our case the Bayesian procedure.

Figure 12 shows in its upper part the predicted den-
sity of the full model for a specific case. The classi-
fication is determined by the mean value of the credit
risk (vertical line), which is below the decision thresh-
old (dotted ling), indicating that the case is classi-
fied as ‘solvent’. Below are the mean predictions of
four subset-of-variables models corresponding to the
groups called finance, capital, profit and liquidity. Itis
evident that the finance as well as the liquidity vari-
ables indicate a higher credit risk, whereas the capital
variables and the profit variables tend to a lower risk.
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Figure 12 Density of the scaled credit risk and mean predic-
tions of the subset-of variables models for a new case.
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sponding mean predictions of the subset-of variable models for
the same case.



In that sense the height of the risk is ‘caused’ by fi-
nance and liquidity. The fact that the predictionis per-
formed by an optimized model adapted to the training
datagivesagood empirical validation of the approach.

4 Summary

We judged the transparency of explanation models by
the following factors: The number of parameters, the
insight in the internal ‘mechanics’ of the model, and
the empirical validation. The second main aspect was
the similarity to the full model judged by the dissimi-
larity and the classification error.

As a mayor result there was always some dissimilar-
ity between the full Bayesian model and the smple
explanation models for our data. Obviously the inter-
action of many 100 different models can be captured
only with difficulty. Beside of this fact decision trees,
scorecards and scorecards within trees had roughly the
same similarity to the full model.

Linear modelsin our opinion have atransparency sim-
ilar to decision trees. For our data, it turned out that
linear models have only limited modeling capacities.
If the number of parameters exceeds a certain level
scorecards seem to be easier to understand than deci-
sion trees, asthe scores are added independently. They
have, however, alower empirical validity, asthe scores
aretheresult of complex matrix operationswhiletrees
are based on counts in subsets. Scorecards within the
leaves of atree are easier to understand than trees, as
the latter require afar more detailed structure.

Especially valuable are subset-of-variables models.
They ignore detailed insight into the mechanics take
explanatory power only from the variables used as in-
puts. They are a very valuable explanatory approach
and are applicable to complex situations. A prerequi-
siteis, however, that the user forms sensible groups of
input variables.

The relative ranking of procedures may be different
for a new domain, exhibiting other nonlinearity pat-
tern. It is therefore best to experiment with some of
these models and use the best ones simultaneoudly.
This can be achieved in a flexible way with the inter-
active graphical interfaces.

In the next phase of the project wewill adapt thelearn-
ing procedures for the explanation models in such a
way that they directly approximate the predictive dis-
tribution of the full model, e.g. by using the variance
of full-model predictionsin generalized regression ap-
proaches. This should lead to a marked increase of
similarity.
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Abstract

The explicit management of project experience (lessons
learned on project planning and execution) has become of
strategic importance to many organizations. This paper
describes how to set-up and run a repository, implemented
with case-based reasoning technology, for sharing project
experience using an industrial-strength case study. The case
study shows that it is both effective and efficient for the
information seeker to have an experience repository at his or
her disposal. In addition, lessons learned regarding the
organization and population of such an experience repository
are reported. An outlook describes the potential of
additionally planned exploitations of experiences learned
from projects.

I ntroduction

Organization-wide sharing of qualitative experiences (i.e.,
lessons learned) has been recognized as a means to
optimize business performance (Gresse von Wangenheim,
von Wangenheim, and Barcia 1998). However, the
successful set up of a lessons learned program is still a
challenge. At our institute, we have started such a program.
It is part of a more ambitious project called COIN
(Corporate Information Network) which has the main
objective of capturing, distributing, and exploiting the
business knowledge of the institute. This paper describes
how we proceeded in setting up the lessons learned
program and reports on the experiences we gained thereby.

The paper is structured as follows. In the following
section, principles and benefits of sharing project
experience are discussed. The principles are interpreted as
requirements for the structure, which is described in the
next section. As the name “COIN” suggests, there are two
sides to sharing experience: Utilizing and populating a
repository. Hence, a separate section is devoted to the topic
of populating. Based on the thus captured experiences, a
vision for future exploitation possibilities is sketched. The
paper ends with a summary and conclusion section.

Fraunhofer IESE"s Corporate I nformation
Network (COIN)

To understand why the project “COIN” was launched, one
has to take alook at the business goals and the situation of
our ingtitute: The ingtitute was created to transfer
innovative software engineering technologies into practice
through  applied research.  Software  engineering
technologies are tailored to company-specific needs and are
constantly evolving. During the transfer, different people in
several departments and groups of the ingtitute gain project
experience. People learn what Fraunhofer IESE's
customers need, how the people can transfer and tailor
software technologies more effectively and efficiently as
well as how to improve the institute’ s business processes.

Expectations are that, with time, Fraunhofer IESE will
transfer more technologies that are increasingly better
tailored to companies needs (using the same effort). To do
s0, the ingtitute must find better ways to search for, reuse,
and tailor technology effectively. Therefore, the sharing of
experience is a very immediate and obvious problem. This
fact led to the launch of “COIN”.

Sharing of Project Experience

The effort required for setting up and running an
experience transfer program (especially on the side of the
project members for providing experience) forced us to
start with alimited scope. In our situation, we basically had
the choice between two types of experience to share: (a)
experience on the applicability and limitations of software
engineering technologies (product experience) or (b)
experience on the planning and execution of projects
(project experience). We decided to start with the latter,
because the former was already covered partly by project
reports and scientific publications.

Project experience is aways related to a particular
business process of an organization (in our case, the
planning or execution of a project). In addition, it may be
related to a particular situation in a particular project
(situation-specific  experience), a project in general
(project-specific  experience), a customer (customer-
specific experience), or a topic (technology/competence-



specific experience). Alternatively, it may be related to a
combination of projects, customers, and/or topics. We refer
to anything an experience is related to as the context of the
experience. Two types of contexts can be distinguished:
The context in which the experience was gained (root
context) and the context in which the experience is
applicable (application context).

Consequently, it is insufficient to store experience
without its context. Without its root context, the application
context of the experience cannot be deduced systematically
(see below). Without the application context, it is not clear
under which circumstances the experience can be taken
advantage of .

Over time, the application context can be deduced from
the root context(s). A conservative approach is to use the
root context as the application context. If the same
experience is gained in several different root contexts, a
single abstract application context can be constructed.

Experience can also be applied in contexts that are not
explicitly documented. However, this decision usually
requires a human expert. Since it is not possible to
document all aspects of the root context (neither effort-wise
nor intellectually since much of it is tacit knowledge), it is
important to know a contact person that can provide further
information. Hence, experience should never be stored
anonymously.

Personalized experience also leads to an increased
motivation of utilizing the stored experience. An
experiment comparing the effectiveness and efficiency of
the traditional human-based experience transfer (“ask your
colleagues’) and the repository-based experience transfer
(“query the repository with personalized experience
without asking the originators’) clearly demonstrated this
(Tautz et al. 2000). The experiential results showed that
both approaches complement each other in terms of the
project experience found. For example, the effectiveness of
the repository-based approach is improved by the human-
based approach by at least 50% on average with an error
probability of less than 0.1%. Here, the improvement is
measured in the number of experience items found by the
human-based approach but not by the repository-based
approach divided by the number of useful experience items
found by the repository-based approach. In addition, the
participants of the experiment were asked which of the two
approaches they would apply in “real” projects. 28 out of
29 participants answered “both”. Many participants added
they would use the repository-based approach first to
identify interview partners for the human-based approach.

Benefits of Sharing Explicitly Stored Experience

So far we assumed that experience should be stored
explicitly (at least partly) to make it available to others.
However, we have not discussed the alternative: Set up and
use an expert network. For this purpose, we originally
conducted the experiment (Tautz et al. 2000).

The results show that the repository-based approach is
more efficient than the human-based approach for the
seeker of project experience on a statistically significant

level of well below 1%. In the experiment, the repository-
based approach took 12.5 minutes or less to retrieve one
useful experience item in 90% of the cases. In 50% of the
cases, it took 3.8 minutes or less. In contrast, the human-
based approach took 18.5 and 10 minutes for 90% and 50%
of the cases respectively. These numbers are based on the
effort needed by the information seeker to get the
experience items.

If the availability of the expertsis taken into account, the
repository-based approach is far more efficient. In the
experiment, it took 29.3 hours or less in 90% of the cases
and 4.6 hours or less in 50% of the cases to get a useful
experience item using the human-based approach. Using
the repository-based approach, it took only 12.5 minutes
and 3.9 minutes respectively.

In addition, the repository-based approach improves the
effectiveness of the human-based approach by at least 50%
on average with an error probability of less than 0.5%.

Organizing a Best Practice Repository

Project experience (lessons learned) can take on different
forms (Birk and Tautz 1998). The two most important
forms are observations and guidelines. Observations are
facts that are of interest to future projects, often expressing
some baseline (e.g., “it took 10% of the total effort to
manage the project”) or some positive effect (e.g., “the
customer was happy because we provided him a ready-to-
use tutorial”). Guidelines are recommendations how a
particular business process should be performed. For
example, a guideline could be the following: “Interact with
the customer frequently, at least twice a month.” In contrast
to observations, a guideline is aways based on some
problem that has occurred in the past (eg., “the
expectations of the customer were not met.”). In this way,
relevant guidelines are restricted: Only guidelines that are
really needed (to avoid the recurrence of a problem) are
stored.

Ancther form of a lesson learned is the sequence of
immediate countermeasures taken by a project team in
response to a recognized problem. We will refer to such a
sequence of countermeasures as a correction. While a
guideline aims at preventing a problem from occurring in
the first place, a correction is applied after a problem has
aready occurred.

To store and retrieve the various kinds of gexperience,
we use INTERESTS (intelligent retrieval and storage
system; Althoff, Tautz, and Bomarius 2000). INTERESTS
consists of three major parts (Tautz 2000): Application
tools for recording and updating experience over the web,
an Experience Base Server for synchronizing access to the
experience base, and CBR-Works from tec:inno GmbH,
Germany. The latter is a case-based reasoning tool allowing
similarity-based, context-sensitive retrieval. Case-based
reasoning has been recognized as a suitable technology for
implementing knowledge management applications (Gresse
von Wangenheim and Tautz 1999, Goker and Roth-
Berghofer 1999). The various experience forms are



represented as different case concepts. We defined the
following concepts: Observation, guideline, problem,
correction, business process, and project. The latter two
concepts are used to store the root and application context
of the experience. Semantic rel ationships between cases are
represented by references. For example, an observation
references the business process for which it is relevant and
the project in which it was gained (root context). All cases
are represented by attribute value pairs. Values can take on
the specia value “don't care” This allows us to store
abstract contexts. For example, a project case with all
attribute values set to “don’t care” except for the attribute
“customer” represents a customer context. Experiences
referencing this project case are thus customer-specific.
Similarly, topic/competence-specific experience can be
represented.

Using this dtructure, the state-of-the-practice is
represented by the descriptions of the business processes,
which are complemented by context-specific observations,
guidelines, and corrections. The similarity-based querying
facility of INTERESTS/CBR-Works alows finding
experience that was captured in contexts similar to a
context at hand. Thus, potentialy applicable experiences
are identified (even if the application context has not been
generalized from the root context yet). The personalized
experience enables a project member to ask the original
experience provider for more detailed information if
necessary.

Figure 1 shows a (simplified) exemplary guideline with
its context. The example indicates that not all experience is
stored explicitly. For instance, the fact that Spearmint™ is
an innovative process modeling tool developed in-house is
not stored because it is known to everybody at the intitute.
The guideline is applicable whenever a project is set up for
projects similar to “CAP” (application context). The root
context is given by the problem underlying the guideline. If
a project manager (responsible for setting up a project) isin

doubt whether to apply the guideline, he or she can look at
the underlying problem and decide whether the problem
might also occur in the project at hand. Even if the
guideline is not applied and the problem recurs (later in the
project), the stored correction will probably lead to a quick
solution. The project depicted in Figure 1 acts as the root
context for the problem. It aso further restricts the
application context of the guideline (see dotted ling). A
more abstract project description may be used as the
application context for the shown guideline (only
“Spearmint™ is relevant for the applicability of the
guideline). In fact, for the customer X the guideline needs
not to be applied, because the answer is aready known.
The description of a guideline for customer X should state
“do not use Spearmint™ for X”.

Populating the Case Base

Experience needs to be explicated and stored before the
repository-based approach can be applied. To do so
requires the performance of the following steps (Althoff et
al. 1999):

e Collect: In afirst step, the experience must be collected.
In our case, this was done using project anaysis
interviews (Figure 2). At our institute, such interviews
are conducted either at the end of a project (Callier,
DeMarco, and Fearey 1996) or — in case the project has
aduration of more than nine months — periodically, that
is, every six months. The interview results are
documented as project analysis reports (PARS) (Figure
2). A PAR contains an updated characterization of the
project, things to watch out for in similar projects, things
that went well, and things that the interviewed project
team would do differently if it had to do the same project
again.

« Store: In the next step, the collected experience is stored

Guideline:
Title: Process modeling notation
Description: |f you want to use
Spearmint™, check whether the
customer will accept its modeling
notation.
Originator: DP

Business Process:
Title: Set up Project
Owner: FB
Responsible role: project mgr.
Involved roles: { project
member}
Description: http:/fintra...

Problem: Project:
Issue/Title: Suitability of Title: CAP
Correction: Spearmint™ notation Project mgr: DP

Title: Switch notation Situation: The project members Project members:
Description: Discontin- wanted to represent their {DP, MO}

ue using Spearmint process mode! for purpose Y. Goals: ...

and draw process Description: The notation of Industrial

model by hand using Spearmint™ was critized by X. partners: {X}

X’ s notation Cause: X uses adifferent process IESE products:
Result: X accepted modeling notation. { Spearmint™}
Originator: DP Problem reporter: DP .

Figure 1: Excerpt of the case base for an exemplary guideline



by copying it into the repository, splitting the experience
into reusable parts (see Figure 3), and initialy
characterizing each reusable part. In our case, the PARs
are gplit into individual cases. The project
characterization in the case base is updated; problems,
corrections, guidelines, and observations are extracted
out of the PARs and entered into the case base (Figures 2
and 3).

Project team

0022082 8o,
H‘I! m htf Project

Project team Project

‘ —>| Analysis| | iaifedi — | Analysis
g Report \t, Report
Review

Experience l
engineer (EE)

Project a
Analysis (PA)

Interview / EE
(Collect) ot
& Qualify
Figure 2: Collecting cases through project

analysis

» Qualify: Each case is qualified by analyzing its quality
(e.g., its comprehensibility) and checking whether a
similar case is aready stored in the case base. If a
similar case is aready stored, the new case may be
rejected, be merged with the aready stored case —
possibly generalizing its context —, or replace the stored
case.

» Publish: After the new experience has been qualified, it
is made available for retrieval, thus enabling the sharing
of the new experience.

 Inform: Finaly, everybody who may be interested in the
new experience isinformed.

At our ingtitute, the COIN team is responsible for

populating the case base. This includes making the

appointment for the interview, conducting the interview,

PAR

’ Observation E

writing the PAR, and all follow-up activities from storing
to informing. Such a dedicated team for populating is
necessary, because providing experience to future projects
is not one of the (prime) objectives of a project (Basili,
Caldiera, and Rombach 1994). Therefore, it cannot be
expected that project teams provide experience on a
voluntary basis. In fact, many of the interviewees said they
arewilling to participate in future interviews, but would not
organize such a meeting on their own.

Although the population seems quite effort-intensive at
firgt, it is important to recognize that only a systematic
process guarantees high quality experience. In return, high
quality experience encourages its usage, because it is
perceived as useful. Thus, experience returned as the result
of aquery should exhibit aminimal quality.

At Fraunhofer IESE, interviews take at most two hours.
83% of the interviews are one hour long or shorter. The
total effort involved on side of the COIN team is
approximately four person hours per interview, whereas a
project member spends only about 1.7 hours per project and
interview including preparation for the interview and
proofreading the PAR. This effort is negligible for projects
running several months.

The particular process of capturing experience (as
described above) also has the positive side effect that most
project members view the collection step aready as being
beneficial (without the utilization of the repository!).
During the interviews, the project members learn how their
colleagues view(ed) the project and thus have a chance to
reflect on the project — something that is rarely done
during everyday business. Consequently, they get feedback
they would not have gotten otherwise. In addition, they
learn what to look out for in future projects. This is
reflected by the results of the survey we conducted. In this
survey, 34 project members were asked to rate the
importance of project analysis interviews. 60% responded
with “very important”, while 31% responded with
“important”. Only 2% answered with “unimportant”.

Guideline

IESE project members have to learn

/

/
A-LL: Company A likes to doés much as possible on
their own, even if available resources are insyfficient.
A-GQM:
eCompany A wants to change as little as pbssible.
elt is important to agree to a customer’s wishes.
A-LL and A-GQM:
efven if those Company A employees involved in a
Froject react very positive within meetings, it can
appen that [ESE suggestions are not seized because
of the unavailability of the required resources/money
to be provided by the responsible manager.
e|ESE project members have to learn to differentiat
between customer employees being present durin
meetings and the responsible managers who have to
provide the required resources/money.
[ESE project members have to learn to talk to their

customers »close to a possible offer« and in such a
way that it is realistic for the customer.

to differentiate between customer
employees being present during
meetings and the responsible
managers who have to provide the
required resources/money.

: Even if those Company A employees
¢ involved in a project react very :
- positive within meetings, it can

: happen that IESE suggestions are

: not seized because of the

: unavailability of the required

? resources/money to be provided

+ by the responsible manager.

............................................

IESE project members have to learn
to talk to their customers »close to
a possible offer« and in such a way
that it is realistic for the customer.

Guideline

Figure 3: Splitting the project analysis report into cases



Envisioned Usage of L essons L earned

Up to now, the sharing of project experience has been the
focus of COIN. However, the potential of the captured
project experiences goes far beyond that. This section
outlines future usage scenarios of the captured
observations, guidelines, and problems.

Organizational Problem Solving

During the population of the case base, critical or
suboptimal project situations are stored as problems in the
case base. A project-independent improvement squad meets
periodically (e.g., once a month), scans the problem list,
and assigns so-called creativity teams to solve clusters of
similar problems. In this way, solutions that are optimal
across the institute can be developed as opposed to the
locally optimized corrections developed within the projects.
Recurring problems can be avoided by providing guidelines
or by changing the description of business processes.

In the context of COIN, we developed an improvement
process with the following outstanding characteristics:

 ldentification of small problems. Due to the active
capturing of problems during the project analyses, a
constant supply of problems is guaranteed. Without such
an active “problem collection procedure’, only serious
problems that deeply move project members would be
reported. In the past, problems that make project
members feel uneasy (but are not serious with respect to
project results) were typically not reported.

» Effective problem solving: Due to the systematic
problem-solving process, problems are not forgotten (or
ignored). Problem reporters are kept informed at every
stage of the problem-solving process. This shows
employees that their problems are taken seriously and
thus encourages problem reporting.

 Efficient problem-solving: The effort to solve a problem
depends on the complexity of the problem. A typing
error is corrected by a single person, more complex
problems are discussed by the improvement squad and
solved by an individual person, whereas real complex
problems are solved by an assigned creativity team.

Thisimprovement process will be put into place mid 2000.

Consolidation of Project Experience

As dready outlined in the beginning of this paper, the
context of project experience can and should be
generalized. Here further machine learning techniques
maybe a very helpful support, especialy from the
perspective of looking at all observations, guidelines, and
problems related to a particular business process.
Interesting questions to be answered here are, for instance,
what percentage of projects were completed on time within
budget? Or, what parts of the process description are hard
to comprehend?

Context-specific guidelines for problems, which have
occurred often in various contexts, may be “upgraded” to
general guidelines and thus become part of the process
description.

The performance of such anayses requires a
considerable number of stored lessons learned. For our
institute, such a cross-project analysis is planned in the
second half of the year. In addition, the kind of mentioned
analysistasks are related to the issues of evaluating the case
base according to the underlying goals and maintaining it
(Nick et al. 1999, Nick & Althoff 2000, Althoff & Nick
2000).

Roll-Out - The Need for More Technological
Support

The management of project experience is of prime
importance to our ingtitute (project planning and execution
are knowledge-intensive  processes). However, the
experience management processes described in this paper
can (and will) also be applied for business processes other
than project planning and execution.

The dealing with these various kinds of experiences in the
processes of capturing and extracting as well as analyzing
and evolving will require further technological support.
CBR technology could, for instance, play the role of an
intelligent platform for (other) machine learning
procedures. Such techniques should support the learning of
case structure/contents from databases and/or textual
descriptions (e.g., textual CBR, text mining) or the learning
of user-adapted access structures (n-step CBR: Weibelzahl
& Weber 1999, Bartimae 1999, Richter 2000).

Conclusion

This paper describes how project experience (lessons
learned about project planning and execution) can be
shared across projects using a case-based reasoning
approach. One of the fundamental underlying principles of
our approach is that project experience is never stored
without its context. Case-based reasoning enables us to
retrieve experiences that were captured in a context similar
to the one at hand. Experiences on implementing such a
lessons learned program at Fraunhofer |ESE are reported.
On this basis, scenarios for future exploitations of the
captured experiences are presented and discussed.

The case study described in this paper must be seen as a
first step towards a comprehensive experience management
program. Such a comprehensive experience management
should not only include the management of process
experience (a generalization of project experience to all
business processes). Instead, the management (i.e,
systematic  definition and capturing) of products,
competencies, and skills available at the institute should be
an integral part of comprehensive experience management.
Currently, we are developing an infrastructure to support
thiskind of experience management.
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tigate these issues.

8 Conclusions

In this paper, we presented Bayesian logic programs
as an intuitive and simple extension of Bayesian
nets to first-order logic. Given Prolog as a basis,
Bayesian logic programs can easily be interpreted
using a variant of a standard meta-interpreter.
We also indicated parallels to existing algorithms
for learning the numeric entries in the CPTs and
gave some promising suggestions for the computer-
supported specification of the logical component.
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Abstract

Various proposals for combining first order logic
with Bayesian nets exist. We introduce the for-
malism of Bayesian logic programs, which is basi-
cally a simplification and reformulation of Ngo and
Haddawys probabilistic logic programs. However,
Bayesian logic programs are sufficiently powerful to
represent essentially the same knowledge in a more
elegant manner. The elegance is illustrated by the
fact that they can represent both Bayesian nets and
definite clause programs (as in “pure” Prolog) and
that their kernel in Prolog is actually an adaptation
of an usual Prolog meta-interpreter.

1 Introduction

A Bayesian net [17] specifies a probability distri-
bution over a fixed set of random variables. As
such, Bayesian nets essentially provide an elegant
probabilistic extension of propositional logic. How-
ever, the limitations of propositional logic, which
Bayesian nets inherit, are well-known. These lim-
itations motivated the development of knowledge
representation mechanisms employing first order
logic, such as e.g. in logic programming and Pro-
log. In this context, it is no surprise that various
researchers have proposed various first order exten-
sions of Bayesian nets: e.g. probabilistic logic pro-
grams [16], relational Bayesian nets [7] and prob-
abilistic relational models [12]. Many of these
techniques employ the notion of Knowledge-Based
Model Construction [5] (KBMC), where first-order
rules with associated uncertainty parameters are
used as a basis for generating Bayesian nets for par-
ticular queries.

* Slightly different versions of the paper appear as tech-
nical report [11] of the AAAI-2000 workshop on Learning
Statistical Models from Relational Data (SRL), as work-
in-progress report of the Tenth International Conference
on Inductive Logic Programming (ILP-2000) [9] and in the
Proceedings of the Seventeenth Machine Intelligence Work-
shop2000 (MI-17) [10].

We tried to identify a formalism that is as simple
as possible. While introducing Bayesian logic pro-
gramming we employed one key design principle.
The principle states that the resulting formalism
should be as close as possible to both Bayesian nets
and to some well-founded first order logic knowl-
edge representation mechanism, in our case, “pure”
Prolog programs. Any formalism designed accord-
ing to this principle should be easily accessible and
usable by researchers in both communities.

This paper does not explicitly cover how to learn
Bayesian logic programs, but effective representa-
tion and inference is the first step toward effective
learning and is still a major issue in this research
area.

The paper is laid out as follows. The next three
sections present the authors’ solution: Bayesian
logic programs. Section 4 reveals their relations to
Bayesian nets and “pure” Prolog programs. Sec-
tion 5 shows a kernel implementation of Bayesian
logic programs in Prolog. Before concluding this
paper we give in Section 7 suggestions for learning
Bayesian logic programs.

We assume some familiarity with Prolog or logic
programming (see e.g. [19]) as well as with Bayesian
nets (see e.g. [18]).

2 Bayesian logic programs

Bayesian logic programs consist of two components.
The first component is the logical one. It consists
of a set of Bayesian clauses (cf. below) which cap-
tures the qualitative structure of the domain and
is based on“pure” Prolog. The second component
is the quantitative one. It encodes the quantita-
tive information about the domain and employs —
as in Bayesian nets — the notions of a conditional
probability table (CPT) and a combining rule.

A Bayesian predicate is a predicate r to which a fi-
nite domain D, is associated. We define a Bayesian
definite clause as an expression of the form A |
Ay,..., A, where the A, Ay,..., A, are atoms and



all variables are (implicitly) universally quantified.
When writing down Bayesian definite clauses, we
will closely follow Prolog notation (with the ex-
ception that Prolog’s :- is replaced by |). So,
variables start with a capital, constant and functor
symbols start with a lowercase character. The main
difference between Bayesian and classical clauses is
that Bayesian atoms represent classes of similar ran-
dom variables. More precisely, each ground atom in
a Bayesian logic program represents a random vari-
able. Each random variable can take on various
possible values from the (finite) domain D, of the
corresponding Bayesian predicate r. In any state
of the world, a random variable takes exactly one
value. E.g., we paraphrase that James’ house is not
burglarized with burglary(james) = false. There-
fore, a logical predicate r is a special case of a
Bayesian one with D, = {true, false}. An exam-
ple of a Bayesian definite clause inspired on [16] is
burglary(X) | neighborhood(X). where the do-
mains are D, .., = {true, false} and D, pmournors =
{bad, average, good}. Roughly speaking, a Bayesian
definite clause specifies that for each substitution 6
that grounds the clause the random variable A6 de-
pends on A6, ..., A,0. For instance, let § = {X «+
james}, then the random variable burglary(james)
depends on neighbourhood(james).

As for Bayesian nets there is a table of condi-
tional probabilities associated to each Bayesian def-
inite clause®.

neighbourhood(X) || burglary(X) | burglary(X)
true false
bad 0.6 0.4
average 0.4 0.6
good 0.3 0.7

The CPT specifies our knowledge about the
conditional probability distribution? P(A6 |
A4, ..., A,0) for every ground instance 6 of the
clause. We assume total CPTs, i.e. for each tu-
ple of values u € Dy, x ... x Dy, the CPT spec-
ifies a distribution P(D4 | u). For this reason we
write P(A | Ay, ..., A,) to denote the CPT associ-
ated to the Bayesian clause A | Ay,...,A,. For
instance, the above Bayesian definite clause and
CPT together imply that P(burglary(james) =
true | neighbourhood(james) = bad) = 0.6. Each
Bayesian predicate is defined by a set of definite
Bayesian clauses, e.g.

alarm(X)
alarm(X)

| burglary(X).
| tornado(X).

n the examples, we use a naive representation as a table,
because it is the simplest representation. We stress, however,
that other representations are possible and known [2].

2We denote a single probability with P and a distribution
with P.

If a ground atom A is influenced directly (see
below) only by the ground atoms of the body of
one ground instance of one clause, then the as-
sociated CPT specified a conditional probability
distribution over A given the atoms of the body.
But, if there are more than one different ground
instances of rules which all have A as head, we
have multiple conditional probability distribution
over A — in particular this is the normal situ-
ation if a Bayesian atom is defined by several
clauses. E.g., given the clauses for alarm, the
random variable alarm(james) depends on both
burglary(james) and tornado(james). However, the
CPT for alarm do not specify P(alarm(james) |
burglary(james), tornado(james). The standard so-
lution to obtain the desired probability distribution
from the given CPTs is to use a so called com-
bining rule. Theoretically speaking, a combining
rule is any algorithm which maps every finite set of
over ground atoms onto one CPT, called combined
CPT, P(A | By,...,B,) with {By,...,B,} C
U, Ait,..., Ain,. The output is empty iff the in-
put is empty. Our definition of a combining rule
is basically a reformulation of the definition given
n [16]3. As an example we consider the combining
rule maz. The functional formulation is

P(A | U?:1Ai17 s :Azm) =
mi}ilx{P(A | Ait, -5 Aing) }

It is remarkable that a combining rule has full
knowledge about the input, i.e., it knows all the
appearing ground atoms or rather random variables
and the associated domains of the random variables.

We assume that for each Bayesian predicate there
is a corresponding combining rule and that the com-
bined CPT still specifies a conditional probability
distribution. From a practical perspective, the com-
bining rules used in Bayesian logic programs will be
those commonly employed in Bayesian nets, such as
e.g. noisy-or, max.

3 Semantics

Following the principles of KBMC, each Bayesian
logic program essentially specifies a propositional
Bayesian net that can be queried using usual
Bayesian net inference engines. This view implic-
itly assumes that all knowledge about the domain
of discourse is encoded in the Bayesian logic pro-
gram (e.g. the persons belonging to a family). If

31t differs mainly in the restriction of the input set to
be finite. We make this assumption in order to keep things
simple.



the domain of discourse changes (e.g. the family un-
der consideration), then part of the Bayesian logic
program has to be changed. Usually, these mod-
ifications will only concern ground facts (e.g. the
Bayesian predicates “person”, “parent” and “sex”).

The structure of the corresponding Bayesian net
follows from the semantics of the logic program,
whereas the quantitative aspects are encoded in the
CPTs and combining rules.

The set of random variables specified by a
Bayesian logic program is the least Herbrand model
of the program?. The least Herbrand model LH(L)
of a definite clause program L contains the set of
all ground atoms that are logically entailed by the
program?®, it represents the intended meaning of the
program. By varying the evidence (some of the
ground facts) one also modifies the set of random
variables. Inference for logic programs has been
well-studied (see e.g. [14]) and various methods ex-
ist to answer queries or to compute the least Her-
brand model. All of these methods can essentially
be adapted to our context. Here, we assume that
the computation of LH(L) relies on the use of the
well-known T, (cf. [14]) operatorS. Let L be a
Bayesian logic program.

TL(Z) = {A0 |there is a substitution 6 and a
clause A | Ay,..., A, in L such that
A6 | A0, ..., A0 is ground and
all A;0 € T}

The least Herbrand model LH(L) of L is
then the least fixed point of Tp(P). It speci-
fies the set of relevant random variables. For
instance, if one takes as Bayesian logic program
the union of all Bayesian clauses written above
together with mneighbourhood(james) then LH (L)
consists of neighbourhood(james), burglary(james)
and alarm(james). Notice that the least Herbrand

4Formally it is the least Herbrand model of the logical
program L', which one gets from L by omitting the associ-
ated CPTs and combining rules as well as interpreting all
predicates as classical, logical predicates. For the benefit of
greater readability, in the sequel we do not distinguish be-
tween L and L'.

5If we ignore termination issues, these atoms can — in
principle — be computed by a theorem prover, such as e.g.
Prolog.

SFor simplicity, we will assume that all clauses in a
Bayesian logic program are range-restricted. This means
that all variables appearing in the conclusion part of a
clause also appear in the condition part. This is a com-
mon restriction in computational logic. When working with
range-restricted clauses, all facts entailed by the program are
ground. Also, the pruned and-or trees and graphs (cf. be-
low) will only contain ground facts. This in turn guarantees
that the constructed Bayesian net for any query contains
only proper random variables.

model can be infinite when the logic program con-
tains structured terms. This is not necessarily prob-
lematic as we will see later.

Given two ground atoms A and B € LH(L), we
write that A is directly influenced by B if and only
if there is a clause A’ | By, ..., B, in L and a substi-
tution # that grounds the clause such that A = A’9
and B = B;# for some i and all B;# € LH(L).
The relation influences is then the recursive closure
of the relation directly influences. Roughly speak-
ing, a ground atom A influences B whenever there
exists a proof for B that employs A. For instance,
alarm(james) is influenced by neighbourhood(james)
and directly influenced by burglary(james). Using
the influenced by relation we can now state a con-
ditional independency assumptions: let Ay,..., A,
be the set of all random variables that directly influ-
ence a variable A. Then each other random variable
B not influenced by A, is conditionally independent
of A given A;y,..., Ay, ie. P(A| 44,...,4,,B) =
P(A | Ay,...,A,). E.g. given the propositional
Bayesian logic program (the famous example due
to Pearl)

earthquake.

burglary.

alarm | earthquake, burglary.
johncalls | alarm.

marycalls | alarm.

the random variable johncalls is conditionally in-
dependent of marycalls given alarm.

Obviously, the relation influenced by should be
acyclic in order to obtain a well-defined Bayesian
net. The network can only be cyclic when there ex-
ists an atom A that influences itself. In this case
executing the query ?- A (using e.g. Prolog) is also
problematic — the SLD-tree (see below) of the query
will be infinite and the query may not terminate.
Thus the logical component of the Bayesian logic
program is itself problematic. Additional simple
considerations lead to the following proposition:

Proposition 1. Let B be a Bayesian logic program
and LH(B) the least Herbrand model of B. If B
fulfills the following conditions:

1. the influenced by relation over LH(B) is acyclic
and

2. each random variable in LH(B) is only influ-
enced by a finite set of random variables,

then it specifies a distribution P over LH(B) which
is unique in the sense that for each finite subset
S C LH(B) the induced distribution P(S) is unique.

A proof can be found in [8]. The conditions still
allow infinite least Herbrand models but account



for Bayesian nets: they are acyclic graphs and each
node has a finite set of predecessors. Let us have a
look at a program which violates the conditions,
more exactly said, the properties of the random
variable r(a) together with the directly influenced
by relation violates them:

r(a). s(a,b).

r(X) | r(X).

r(X) | s(X,f(Y)).
s(X,£(Y)) | s(X,Y).

random variable
itself and by

Given this Program the
r(a) is directly influenced by

s(a, f(0)), s(a, F(f((D))),.- -

s(a).
r(X)
r(£(X))
s(£(X))

| £(£(X)).
| s(£(X)).
| s(X).

Given this Program the random variable r(a) is
influenced (not directly) by r(f(a)),r(f(f((a))),-..
though it has a finite proof. In this paper, we
assume that the Bayesian logic program is unprob-
lematic in this respect”.

To summarize, the least Herbrand model of a
Bayesian logic program specifies the random vari-
ables in the domain of discourse. These random
variables can then in principle® be represented in a
Bayesian net where the parents of a random variable
v are all facts directly influencing v. Any algorithm
solving the inference problem for Bayesian nets can
now be applied. At this point it should be clear how
Bayesian nets are represented as Bayesian logic pro-
grams. We only encode the dependency structure
as a propositional Bayesian logic program. Every-
thing else remains the same.

4 Query-answering procedure

In this section, we show how to answer queries with
Bayesian logic programs. A probabilistic query or
shortly a query is an expression of the form

7- Q | E1=1,...,EN=eN

and asks for the conditional probability distribution
P(Q | Ey =e1,...,E, =e,). We first consider the
case where no evidence is given, and then show how
to extend this in the presence of evidence.

"This is a reasonable assumption if the Bayesian logic
program has been written by anyone familiar with Prolog.

g Yy a1y g

8We neglect the finiteness of Bayesian nets for the mo-
ment.

4.1 Querying without evidence

First, we show how to compute the probability of
the different possible values for a ground atom (a
random variable) Q. Given a Bayesian logic pro-
gram,

lives_in(james,yorkshire).

burglary (james) .
lives_in(stefan,freiburg).

tornado (yorkshire) .

alarm(X) | burglary(X).

alarm(X) | lives_in(X,Y), tornado(Y).

the query ?7- alarm(james) asks for the probabil-
ities of alarm(james) = true and alarm(james) =
false. To answer a query ?7-  we do not have to
compute the complete least Herbrand model of the
Bayesian logic program. Indeed, the probability of
@ only depends on the random variables that in-
fluence @), which will be called relevant w.r.t. @
and the given Bayesian logic program. The rele-
vant random variables are themselves the ground
atoms needed to prove that @ is true (in the logical
sense).

The usual execution model of logic programs re-
lies on the notion of SLD-trees (see e.g. [14, 19]).
For our purposes it is only important to realize
that the succeeding branches in this tree contain all
the relevant random variables. Furthermore, due
to the range-restriction requirement all succeeding
branches contain only ground facts. Instead of us-
ing the SLD-tree to answer the query in the prob-
abilistic sense, we will use a pruned and-or tree,
which can be obtained from the SLD-tree. The ad-
vantage of the pruned and-or tree is that it allows us
to combine the probabilistic and logical computa-
tions. An and-or tree represents all possible partial
proofs of the query. The nodes of an and-or tree are
partitioned into and (black) and or (white) nodes.
An and node for a query 7- Q1,...,Q, is proven
if all of its successors nodes 7- (); are proven. An
or node ?7- @) is proven if at least one of its suc-
cessors nodes is proven. There is a successor node
?7- A40,...,A,0 for an or node 7- A if there ex-
ists a substitution # and a Bayesian definite clause
A'|Ay,..., A, such that A’ = Af. Since we are
only interested in those random variables used in
successful proofs of the original query, we prune all
subtrees which do not evaluate to true. A pruned
and-or tree thus represents all proofs of the query.
One such tree is shown in Figure 1. It is easy to
see that each ground atom (random variable) has a
unique pruned and-or tree. On the other hand, for
some queries and Bayesian logic programs it might
occur that a ground fact A occurs more than once
in the pruned and-or tree. Given the uniqueness of



alarm(james)

P (alarm(james) |
tornado(yorkshire),
lives_in(james, yorkshire))

P(alarm(james
( burgla(ry(jum)e.ls))

[ J
burglary?james) tornado(yorkshire)
lives_in(james, yorkshire)

Q
burglary(7ames)
P (burglary(james) | i

netghbourhood(james)) tornado OTkShiTE)

P(tornado(yorkshire
neighbourhood(james) ( Y )

neighbourh(%d(james)
P (neighbourhood(james))

lives_in(james, yorkshire)
P (lives_in(james, yorkshire))

Figure 1: The pruned and-or tree (with associated
CPTs) of the query ?- alarm(james).

alarm(james)

e

O tornado(yorkshire)
burglary(james)
lives_in(james, yorkshire)
neighbourhood(james)

Figure 2: The dependency structure of the resulting
Bayesian net of the query 7- alarm(james).

pruned and-or trees for ground facts, it is necessary
to turn the pruned and-or tree into an and-or graph
by merging any nodes for A. This can actually be
achieved by storing all ground atoms proven so-far
in a look-up table, and using this table to avoid re-
dundant computations.

The resulting pruned and-or graph compactly rep-
resents the dependencies between the random vari-
ables entailed by the Bayesian logic program. E.g.
the tree in Figure 1 says that burglary(james) is
influenced by neighbourhood(james). Furthermore,
the and-or graph reflects the structure of the quan-
titative computations required to answer the query.
To perform this computation, we store at each
branch from an or node to an and node the corre-
sponding CPT (cf. Figure 1). The combined CPT
for the random variable v in the or node is then ob-
tained by combining the CPTs on v’s sub-branches
using the combining rule for the predicate in v. It
is always possible to turn the and-or graph into a
Bayesian net. This is realized by (1) deleting each
and node n and redirecting each successor of n to
the parent of n (as shown in Figure 2), and (2) by
using the combined CPT at each or node.

4.2 Querying with evidence

So far, we have neglected the evidence. It
takes the form of a set of ground random vari-

ables {E1,...,E,} and their corresponding values
{e1,...,en}. The Bayesian net needed to compute
the probability of a random variable @ given the
evidence consists of the union of all pruned and-
or graphs for the facts in {Q, E:,...,E,}. This
Bayesian net can be computed incrementally, start-
ing by computing the graph (and the look-up table
as described above) for () and then using this graph
and look-up table when answering the logical query
for E; in order to guarantee that each random vari-
able occurs only once in the resulting graph. The
resulting graph is then the starting point for Fs and
so on. Given the corresponding Bayesian net of the
final and-or graph, one can then answer the origi-
nal query using any Bayesian net inference engine
to compute
P(Q | E1 261,...,En :en).

The qualitative dependency structure of the result-
ing Bayesian net for the query 7- alarm(james) is
shown in Figure 1. Normally the resulting Bayesian
net is not optimal and can be pruned.

Retrospectively we can say that a probabilis-
tic query 7- Q | El=el,..., EN=eN is legal if the
union of all and-or graphs of Q, E1,..., EN is fi-
nite. In other words, the SLD trees of Q, E1,...,
EN must be finite.

5 Special cases

In this section, we illustrate the representational
power and elegance of Bayesian logic programs by
demonstrating that both Bayesian nets and defi-
nite clause programs (as in “pure” Prolog) can di-
rectly and straightforwardly be encoded as Bayesian
logic programs. Furthermore, we also give examples
of the use of Bayesian logic programs that involve
structured terms (and have an infinite least Her-
brand model).

5.1 Bayesian nets

Any Bayesian net (over finite domains) directly
translates to a Bayesian logic program in the fol-
lowing manner. Any node n in the Bayesian net
will be defined by a single Bayesian clause of the
form n | p1,...,pn, where {p1,...,pp} is the set of
all parents of n. The CPT associated to the node in
the net becomes the CPT of the predicate n. As an
illustration, consider the famous standard example
of [17] about burglary alarms at home. It translates
to the following program:

burglary.



Al oA, A A
true  false

true true 1.0 0.0
e e 0.0 1.0
false false 0.0 1.0

Table 1: CPT which is associated to a “logical”
clause.

earthquake.

alarm | burglary, earthquake.
johncalls | alarm.

marycalls | alarm.

where the associated CPTs are identical to the
CPTs of the Bayesian net. It is easy to see that any
program which get using is the described translation
fullfils the conditions of proposition 1.

5.2 “Pure” Prolog programs and

structured terms

Another interesting subclass of Bayesian logic pro-
grams are “pure” Prolog programs. The Bayesian
logic program

father(jef,paul).
mother (an,paul) .
parent (X,Y)
parent (X,Y)

| father(X,Y).
| mother(X,Y).

defines the parent predicate in terms of father and
mother. Let us now define the domains of all pred-
icates as {true, false} and associate to each clause
A | Ay,..., A, the CPT of Table 1 which assigns
a probability 1.0 to A = true only when all of the
A; are true, otherwise A = false with probability
1.0. If one then uses a combining rule like max or
noisy-or one obtains the same semantics and be-
haviour as for “pure” Prolog. This also motivates
us to use Prolog’s notation :- instead of | (and
the CPTs) as a short hand for these assumptions.
Consider the following Bayesian logic program:

even(0) .
even(s(X)) | odd(X).
odd(s(X)) | even(X).

It is easy to see that we can compute the proba-
bility distribution of any ground atom for the predi-
cates even and odd with or without evidence. First,
consider the case where there is no evidence. Then
the SLD tree for the query will be finite and as a
consequence also the and-or graph will be. This
should allows us to compute the desired answer.
Second, consider the case where there is evidence,
e.g. even(s(s(0))) = true and we want to com-
pute the probability of odd(s(0)). Then we need
to compute the Bayesian net, which is even(0) —

odd(s(0)) — even(s(s(0))), feed it into a proposi-
tional Bayesian net engine and compute the result.
One can easily see that despite the presence of struc-
tured terms and an (countable) infinite number of
random variables, the required computations are fi-
nite. This will - of course - only be the case when the
corresponding Prolog program behaves well w.r.t.
the query and evidence. In other words it should
fullfil proposition 1.

6 Implementation

The following Prolog code enables one to com-
pute the structure of the pruned and-or graph of
a random variable as a set of ground facts of the
predicate imply, assuming that the logical struc-
ture of a Bayesian logic program is given as a Pro-
log program. The and-or graph is represented as
a set of ground atoms of imply(or:X,and:Y) and
imply (and:X,or:Y). The use of the Prolog’s own
query procedure proves for two reasons as efficient:
(1) it implements the desired search and (2) it is
efficient and uses an efficient hash table. We do not
present the entire source code, because the remain-
ing program parts follow directly from the previous
discussion.

build_A0G(Goal) :-
clause(Goal, Body) ,imply(or:Goal,and:Body),!.
build_AOG(Goal) :-
clause(Goal, Body), build_AO0G_Body(Goal,Body),
assert (imply (or:Goal,and:Body)) .
build_AOG_Body(_,true):- !.
build_AOG_Body(_, (Body,Bodies)) :- !,
build_AOG(Body) ,
build_AOG_Conj((Body,Bodies) ,Bodies),
assert (imply (and: (Body,Bodies) ,or:Body)) .
build_AOG_Body(_, (Body)) :-

build_AOG(Body), assert(imply(and:Body,or:Body)).

build_AO0G_Conj((Goal,Goals), (Body,Bodies))
build_AOG(Body) ,
build_AOG_Conj((Goal,Goals) ,Bodies),
assert (imply (and: (Goal,Goals) ,or:Body)) .
build_AOG_Conj ((Goal,Goals) ,Body)
build_ADG(Body) ,
assert (imply (and: (Goal,Goals) ,or:Body)) .

=1
: LI

1
=,

The pruned and-or graph is the component con-
taining the root node as the following example clar-
ifies. On the query 7- alarm(stefan). the code
asserts

imply (or:lives_in(stefan,freiburg), and:true).

The reason for that is that the and-or graph of
a ground atom g, which comes in a body of a rule
before a ground atom ¢’, is asserted without proving
the truth of ¢'. To extract the right component one
can use the following code:



extract_pruned_A0G([]).
extract_pruned_AOQG([_:true|Rest]) :-
extract_pruned_AOG(Rest) .
extract_pruned_A0G([Goal|Rest]) :-
findall (Body, (imply(Goal,Body) ,
not marked(Goal,Body),
assert (marked (Goal,Body))),
Successors),
append (Successors,Rest ,NewRest) ,
extract_pruned_AOG(NewRest) .

Calling
alarm(stefan)])
component containing the root node.
marking we can use

extract_pruned A0G([or:
it marks all nodes of the
After

findall((X,Y), (imply (X,Y),
not marked(X,Y),
retract (imply(X,Y))),_).

to delete all irrelevant nodes and arcs. Furthermore,
the code typifies the reason why “pure” Prolog pro-
grams as well as structured terms can be elegantly
handled with Bayesian logic programs: it describes
essentially an usual Prolog meta-interpreter. More-
over it should make the definitions of legal queries
clearer.

7 Learning?

So far we have merely introduced a framework that
combines Bayesian nets with first order logic. In
this section, we provide some initial ideas on how
Bayesian logic programs might be learned.

The inputs to a system learning Bayesian logic
programs should consist of a set of cases, where
each case describes a set of random variables as
well as their states. One complication that often
arises while learning Bayesian nets and that is also
relevant here is that some random variables or the
corresponding states may not be fully observable.

In the literature on learning Bayesian nets [6, 3]
one typically distinguishes between: (1) learning
the structure of a net (model selection) and/or (2)
learning the associated CPTs. This distinction also
applies to Bayesian logic programs, where one can
separate the clausal structure from the CPTs. In
addition, the combining rules could be learned®.
Let us address each of these in turn.

For what concerns learning the underlying logic
program of a Bayesian logic program, it is clear that
techniques from the field of inductive logic program-
ming [15] could be helpful.

To give an idea of how this might work, we merely
outline one possibility for learning the structure of

9For our suggestions we assume that the rules are de-
termined by a user because learning the rules results in an
explosion of complexity.

the Bayesian logic program from a set of cases in
which the relevant random variables are specified
(though their values need not be known). This
means that for each case we know the least Her-
brand model. One technique for inducing clauses
from models (or interpretations) is the clausal dis-
covery technique by De Raedt and Dehaspe [4]. Ba-
sically, this technique starts from a set of inter-
pretations (which in our case corresponds to the
Herbrand models of the cases) and will induce all
clauses (within a given language bias) for which the
interpretations are models. E.g. given the single
interpretation { femnale(soetkin), male(maarten),
human(maarten), human(soetkin)} and an appro-
priate language bias the clausal discovery en-
gine would induce human(X) < male(X) and
human(X) < female(X). The Claudien algo-
rithm essentially performs an exhaustive search
through the space of clauses which is defined by
a language £. Roughly speaking, Claudien keeps
track of a list of candidate clauses ¢, which is
initialized to the maximally general clause in L.
It repeatedly deletes a clause ¢ from @, and test
whether all given interpretations are a model for
c. If they are, ¢ is added to the final hypothesis,
otherwise all maximally general specializations of
¢ in £ are computed (using a so-called refinement
operator [15]) and added back to Q. This process
continues until ) is empty and all relevant parts of
the search-space have been considered. A declara-
tive bias hand-written by the user determines the
type of regularity searched for and reduces the size
of the space in this way. The pure clausal discovery
process as described by De Raedt and Dehaspe may
induce cyclic logic programs. However, extensions
as described in [1] can avoid these problems.

If we assume that the logic program and the com-
bining rules are given, we may learn the associated
CPTs. Upon a first investigation, it seems that the
work of [13] can be adapted towards Bayesian logic
programs. They describe an EM based algorithm
for learning the entries of CPTs of a probabilis-
tic logic program in the framework of [16] which
is strongly related to our framework as is shown
in [8]. The approach makes two reasonable assump-
tions: (1) different data cases are independent and
(2) the combining rules are decomposable, i.e., they
can be expressed using a set of separate nodes corre-
sponding to the different influences, which are then
combined in another node. As Koller and Pfeffer
note, all commonly used combining rules meet this
condition.

To summarize, it seems that ideas from induc-
tive logic programming can be combined with those
from Bayesian learning in order to induce Bayesian
logic programs. Our further work intends to inves-



tigate these issues.

8 Conclusions

In this paper, we presented Bayesian logic programs
as an intuitive and simple extension of Bayesian
nets to first-order logic. Given Prolog as a basis,
Bayesian logic programs can easily be interpreted
using a variant of a standard meta-interpreter.
We also indicated parallels to existing algorithms
for learning the numeric entries in the CPTs and
gave some promising suggestions for the computer-
supported specification of the logical component.
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Abstract. This paper describes a multi-resolution approach for support vector classification. A first machine is
doing a standard classification, whereas a second (regression) machine corrects false classifications by correcting
the margin of the first machine. Both machines are trained simultaniously within one optimization problem.
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1 Introduction

Support vector machines have proven to be well per-
forming classification and regression learning ma-
chines. Nevertheless there are some draw-backs. E.g.
there is no possibility to model local and global prop-
erties of a data set in the standard Support Vector Ma-
chine. Thisis desirable to get a more condensed rep-
resentation and improve the performance for regions
with higher data density. To start the support vector
machine and it’s learning algorithm will be sketched.
Than a multi-resolution approach is described which
over-comes the disadvantages described above.

2 Support Vector Machines - A short
overview

Let usfirst define atraining data set, which is given by

S ={(xz1,11),--.,(xN,yn)} CRM x {+1,-1}.
1)

Furthermore we define that a kernel matrix K used in
this context should be symmetric and positive definite.
The matrix K consists of elements k(x1,x2) (Where
x; and x5 are some data vectors) which can be e.g.,
of theform

(2] zq + 1)P 2

k(xy,z2) = e~ zoz @1 —2|? 3)

k(a:l, 1132)

Using the first kernel one can construct polynomial
classifiers of order p and the second one gives aradial-
basi s-function machine with variance o. Now akernel

classifier isgiven by [3, 4] as

h(z) = €sign(f(x)) = sign <Z Bik(z;, ) + b>

BeRN. (4

Thisisalinear classifier in a high dimensional kernel
space (Hilbert space), using a bias b. Further on we
will use 8; = «; x y;. Thefunction f can be expressed
as an inner product between the mapped point = and a
vector w € F (where F is afeature space)

f(@) = (w, ¢(z)). ©)

Where the weight vector w can be expressed in
terms of ¢(x) (The kernel function is k(xzy,z2) =

p(x1)d(x2))
N
w= Zaiyi¢(mi)- (6)

For recall the support vector approach is sketched here
(for a more detailed introduction see e.g. [1] or [4]).
In the SVM approach one wants to maximize the deci-
sionmargin (whichisgivenby 1/||wsy ar||2). Thiscan
be done by solving the following optimization prob-
lem (primal problem)

o1
mm§||1USVM||2, @)
subject to
Yi - (wSVM (f)(a:.,,) —b) >1,i=1,...,N. (8)

This leads to a quadratic optimization problem using
the Lagrange parameters a. To optimize asupport vec-
tor machine with non-linear decision function in the



non separable case one has to minimize (dual prob-
lem)

N N

N
1
- Z aitg Z Z a;o5y:yk (i, ),
i=1 i=1 j=1
)
subject to
N
Zaiyi = 0’ (10)
=1
0<o; <C fori=1,2,...,N. (11

Where the parameter C' controls the trade off between
errors of the SYM on training data and margin maxi-
mization (C = oo leads to hard margin SVM).

3 A Multi-scale Approach

A draw-back of the support vector machine described
above is that there is no possibility to describe lo-
cal properties of the data. The kernel function for the
SVM is choosen once and for the whole data set. In
this context the multi-resolution analysis, first intro-
duced in signal processing, is very attractive. For ex-
ample a Wavelet-based multi-resolution analysis of a
signal provides a very powerful tool to identify local
and at the same time global properties of the signal.
Such arepresentation can model local or transient fea-
tures (e.g. edges) better and simultaniously leads to a
more compact representation. Both is also very desir-
able for the support vector machine for classification.
Shao and Cherkassky [2] developed an approach with
thesefeatures, but only for regression. Here we present
a method for constructing a support vector classifier
using amethod similar to the one described in this ap-
proach.

The decision function for which we would like to con-
struct the parameters has the form:

N

h(z) = Sign(Z(Oéiyikl (zi, )

i=1
+é;yike (i, ) + b)

(12)

Asit can be seen the decision consists of a superposi-
tion of two kernel decision functions: Thefirst one us-
ing a(wider) kernel function &, and the second one us-
ing a (narrow) kernel function k-. Thefirst part isbuilt
up using a normal classification SVM as described
above. In the second part the residuum of the first ma-
chine to the training data set is learned. This is done
by learning the margin deviation of thefirst machineto
the training labels y;. To do this a regression machine

islearned which corrects only the negative margin de-
viations (if (y; - f(z;)) < 0). The primal optimization
problem for a regression machine which approximates
only negative valuesis

N
1
J(w,&) =CY &+ §wT'w
=1
subject to

wip(w) —y; <e+&, fori=1,2... N

& >0 fori=1,2,... ,N

This can be transformed into the dual optimization
problem

=1 =1
NN (13)
+ EZZdZ&]kQ(m,,m]),
i=1 j=1
subject to
0<a;<C fori=1,2,...,N. (14)

Where & denotes the parameter vector of the regres-
sion problem. Using the margin of the classification
machine

Ui = yi - fxs) (15)

equation 13 can be extended to

N
:EE OAll

i=

1
N N
+Zza a]yzy]kl 1131,33]) (16)

2 (i, ),

Since a closed optimization procedure is searched for
both machines, we have to minimize:

Qla, &) = Qi(a) + Q2(a, &) (17)

So finally the following optimization problem has to



be solved:

N

N
Q(a,d) :GZdZ — Zai
i=1 =1

(NN
t3 >3 aioguiyika (i, x;)

i=1 j=1
N N (18)
+ Zzaidjyiyjkl(wiawj)
i=1j=1
L NN
+ 3 Z G;6ko (i, ),
i=1 j=1
subject to
N N
Zaiyz =0, and Z&zyz =0, (19)
i=1 i=1
0<q; <C fori =1,2,...,N,
R (20)
0<a; <C fori =1,2,...,N.

In figure 1 a sample plot for a binary classification
problem (a subset of theiris data set) can be seen.

4 Conclusion and outlook

We presented an agorithm for finding a muilti-
resolution support vector machine for classification.
Currently extensive studies are going to determine the
performance of thisapproach. The method hasthe nice
property that in one closed optimization problem a
coarse approximation of the decision boundary and
a finer approximation of the local residuum are per-
formed. A possible extension of the presented struc-
ture isto introduce more levels of approximation.
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Figure 1  Iris data set classification using a stan-
dard SVM (top) with a RBF kernel (o = 0.5) and a
multi-resolution SVM using two RBF kernels (o; =
0.5, 00 = 0.03).
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Abstract

This paper proposes and analyzes an efficient
and effective approach for estimating the gen-
eralization performance of a support vector
machine (SVM) for text classification. With-
out any computation-intensive resampling,
the new estimators are computationally
much more efficient than cross-validation or
bootstrapping. They can be computed at
essentially no extra cost immediately after
training a single SVM. Moreover, the estima-
tors developed here address the special per-
formance measures needed for evaluating text
classifiers. They can be used not only to es-
timate the error rate, but also to estimate re-
call, precision, and Fy. A theoretical analysis
and experiments show that the new method
can effectively estimate the performance of
SVM text classifiers in an efficient way.

1. Introduction

From a practical perspective, learning theory should
provide accurate and efficient methods for predict-
ing how well a learner can handle the task at hand.
Given a set of training examples, a practitioner will
ask how well a particular learner will generalize using
this data. With this information it is possible to ad-
dress the question of selecting between different repre-
sentation, different models, and different learning pa-
rameters. Similarly, it provides the basis for deciding
when to apply the learned rule, since real-world tasks
usually require a certain minimum performance.

The following presents an approach to answering these
questions in the context of text classification with Sup-
port Vector Machines (SVMs) (Joachims, 1998; Du-
mais et al., 1998). The aim is to develop operational
performance estimators that are of actual use when
applying SVMs. This requires that the estimators
are both effective and computationally efficient. De-
vroye et al. (1996) give an overview of error estima-
tion. While some estimators (e.g., uniform conver-

gence bounds) are powerful theoretical tools, they are
of little use in practical applications, since they are
too loose. Others (e.g., cross-validation, bootstrap-
ping) give good estimates, but are computationally
inefficient. This paper describes new estimators that
overcome these problems, extending results of Vapnik
(1998) and Jaakkola and Haussler (1999) to general
SVMs. The new estimators are both accurate and ef-
ficient to compute.

While the results presented here are general enough
to apply to arbitrary classification tasks, special em-
phasis is put on evaluation measures commonly used
in text classification. In particular, the approach is
not limited to estimating the error rate. It also covers
precision and recall, as well as combined measures like
Fy. A theoretical analysis as well as experiments show
that the new estimators accurately reflect the actual
behavior of SVMs on text classification tasks.

2. Text Classification

Text classification is the primary application domain
for the methods developed here. The goal of text clas-
sification is the automatic assignment of documents to
a fixed number of semantic categories. Using a binary
classifier for each such category, this leads to the fol-
lowing type of supervised learning problem. Given is
an i.1.d. training sample Sy,

(flayl)a(fz,yz),~~~,(fn,yn) (1)

of size n from a fixed but unknown distribution
Pr(Z,y) describing the learning task. #; represents
the document content and y; € {—1,+1} indicates
the class. The learner £ aims to find a decision rule
he : & — {=1,+41} based on S,, that classifies new
documents as accurately as possible.

Documents, which typically are strings of characters,
have to be transformed into a representation suitable
for the learning algorithm and the classification task.
Here the so called “bag-of-words” representations fol-
lowing the setup of Joachims (1998) is used. FEach
distinct word corresponds to a feature with its TFIDF



score (Salton & Buckley, 1988) as the value. Neither
stemming nor stopword-removal are used. To abstract
from different document lengths, each document fea-
ture vector &; is normalized to unit length.

Unlike for other applications of machine learning, er-
ror rate Err(h) alone is not necessarily a good perfor-
mance measure in text classification, since very often
the examples from one class vastly outnumber those
from the other class. Instead, scores based on pre-
cision and recall are used widely. I define the recall
Rec(h) of a decision rule k as the probability that a
document with label y = 1 1s classified correctly. The
precision Prec(h) of a decision rule h is the probabil-
ity that a document classified as h(Z) = 1 is indeed
classified correctly. Between high precision and high
recall exists a trade-off. A popular method to combine
both into a single performance measure is the Fy. It is
defined as the geometric mean of precision and recall.

3. Support Vector Machines

The new estimators exploit a particular property of
Support Vector Machines that is identified in section
4. SVMs (e.g., Vapnik, 1998) were developed based
on the structural risk minimization principle from sta-
tistical learning theory. In their basic form, SVMs
learn linear decision rules h(Z) = sign{@ - £+ b} de-
scribed by a weight vector @ and a threshold b. For
a given training sample S,, the SVM finds the hy-
perplane with maximum soft-margin. Computing this
hyperplane is equivalent to solving the following opti-
mization problem (Vapnik, 1998), (OP1):

L N S -
minimize: V(w,b,€&) = §w W+ C ;52 (2)
subj. to: VO iyl 40 > 1 =& (3)

?:1 €Z > 0 (4)

The constraints (3) require that all training examples
are classified correctly up to someslack &;. If a training
example lies on the “wrong” side of the hyperplane, the
corresponding &; is greater or equal to 1. Therefore,
2?21 & 1s an upper bound on the number of training
errors. The factor C' in (2) is a parameter that allows
one to trade off training error vs. model complexity.
Instead of soving OP1 directly, it is easier to solve the

following Wolfe dual of OP1 (Vapnik, 1998), (OP2):
o B n 1 n n .
minimize: W (&) :—Z}ai—l—izg E 13/iyjaiaj(xi~xj) (5)
1= 1= ]:

subj. to: Zyiai =0 A VL, :0<; <C (6)

i=1

In this paper, SV ML (Joachims, 1999b) is used
for computing the solution of OP2%. All training ex-
amples with a; > 0 at the solution are called sup-
port vectors. To differentiate between those with
0 < a; < C and those with a; = C', the former will be
called unbounded support vectors while the latter will
be called bounded support vectors. From the solution
& of OP2 the decision rule h(Z) and the solution of
OP1 can be computed using - Z = ., iy (& F),
the threshold b = y, 5 —0-&y sy, and the training losses
& = max(l — y; [ - &; + b],0). The training example
(Zusv, Yusv) for calculating b must be an unbounded
support vector. While it is highly unlikely in practice
that one gets a solution of OP2 with only bounded sup-
port vectors, it is theoretically possible (see Burges &
Crisp, 1999; Rifkin et al., 1999, for a thorough dis-
cussion). In this case the solution of the SVM will be
called unstable, since the hyperplane is not uniquely
determined. If there is at least one unbounded support
vector, the solution is called stable. While SVMs are
an essentially linear method, they can easily be gen-
eralized to non-linear decision rules by replacing the
inner-products (Z;-Z;) with a kernel function K (#;, 7;)
(Vapnik, 1998) in the formulas above.

4. Efficient Performance Estimators for
SVMs

The estimators developed in the following are based
on the idea of leave-one-out estimation (Lunts &
Brailovskiy, 1967). The leave-one-out estimator of
the error rate proceeds as follows. From the train-
ing sample S, = ((Z1,y1), -, (Zn,yn)) the first ex-
ample (Z1,y1) is removed. The resulting sample S\! =
((F2,92), -, (Fn,yn)) is used for training, leading to
a classification rule hﬁl. This classification rule is
tested on the held out example (Z1,y1). If the ex-
ample is classified incorrectly it is said to produce a
leave-one-out error. This process is repeated for all
training examples. The number of leave-one-out er-
rors y i, L(h\ﬁl(i"i), y;) divided by n is the leave-one-
out estimate Errl (hg) of the generalization error.

A shortcoming of the leave-one-out estimator is its
computational inefficiency. The learner needs to be
invoked n times for a training set of size n. For
most practical problems, this is prohibitively expen-
sive. The estimators proposed in the following are
based on the leave-one-out method, but require an or-
der of magnitude less computation time due to partic-
ular properties of the SVM. In particular, they do not
require actually performing resampling and retraining,

Lwww-ai.informatik.uni-dortmund.de/svm _light



but can be applied directly after training the learner
on S,. The inputs to the estimators are the vector &
solving the dual SVM training problem OP2 and the
vector gfrom the solution of the primal SVM training
problem OP1. Due to this dependence, they will be
called £a-estimators in the following. Both & and é'
are available at no extra cost after training the SVM.

4.1 Error Rate

Based on the solution & of the dual SVM training
problem and the vector of training losses &, the a-
estimator of the error rate Err?a(hg) is defined as fol-
lows.

Definition 1 For stable soft-margin SVMs, the £a-
estimator of the error rate is

d .
Brrgg(he)=— with d=|{i: (pa; R} +&)>1}| (7)

with p equals 2. & and é' are the solution of optimiza-
tion problems OP1 and OP2 on the training set S, .
R% s an upper bound on K (%, 2y K (%, &) for all 7, 7.

R% =1 for the linear kernel K(&;, #;) = #; - £; on nor-
malized document vectors. The definition introduces
the parameter p. While the theoretical results that are
derived below assume p = 2, we will see that p =1 is
a good choice for text classification. The key quantity
in definition 1 is d. d counts the number of training
examples for which the inequality (pa; R* + &) > 1
holds. But how does one come to this definition of d
and what exactly does d count?

The key idea to the £a-estimator is a connection be-
tween the training examples for which the inequality
(pai R* 4+ &;) > 1 holds and those training examples
that can produce an error in leave-one-out testing. In
particular, if an example (Z;, y;) is classified incorrectly

by a SVM trained on the subsample ST\LZ, then example
(Z;, y;) must fulfill the inequality (pa; R? 4+ &;) > 1 for
a SVM trained on the full sample S,,. This implies
that d is an upper bound on the number of leave-one-
out errors. The following lemma establish this result
formally.

Lemma 1 The number of leave-one-out errors
S L(h\ﬁl(fi),yi) of stable soft-margin SVMs on a
training set S, is bounded by

ZL(h\Z(fi)ayi) < Hi:(2aR*+ &) > 1} (8)

a and gare the solution of optimization problems OP1
and OP2 on the training set S,. R? is an upper bound
on K(%,Z) and K(Z,Z') > 0.

Proof (sketch, more details in (Joachims, 1999a)) An
error on a left-out example (%, y;) occurs when at the
solution of

Wi (@) =maz;

1. - -
OsatsélTat—iatTHto//\gjtTothO (9)

where @, i, and H' have the t-th example removed,
> 0 is
What follows in this proof are conditions for
when this expression must be true based on the soft-
margin SVM solution

the expression Zi# by K(zp, ) + b

false.

that involves all n training examples. Three cases can
occur based on the optimal value of a;:

Case ay = 0: Example (4%, 1) is not a support vector.
Then Wi(a') = W(d) and y Zi# YK (2t, 73) =
Yo i YK (2, 75) = 1> 0.

Case 0 < ay < C': Example (#3, y¢) is a support vector.
From the solution &* of W;(.), the following construc-
tion produces a feasible point 5 for W (.).

at if al=0val=C
Bi=< of —yiyr; if i€ SV? (11)
(07 if 1=t

v; has to fulfill the following constraints. Let SV be
the set of indices corresponding to support vectors of
the solution W;(a") that are not at the upper bound
C (that is 0 < of < C). Then v; = 0 for all i ¢ SV*.
For i € SV the v; are chosen to be non-negative and
so that Zz’esvt v; = a¢ and 0 < §; < . Finding such
v; 1s always possible, if there are at least two support
vectors not at the upper bound C'. The existence of
such two vectors follows from the assumption that the
SVMs solution is stable. From the construction of the
v; 1t follows that ngz 0and 0 < g; <. So 5is a
feasible point of W (.). Tt is now possible to transform

(10) into
auye | Y abyK(#, &) +b'| =
IESV'E

_W(g) + Wi (a') —

—%Z D VK (&) + oy vik(#, 7))

TESVEjESV PESV

1 Lo
§O[tzlc(l‘t,l‘t) —+ oy (12)

A similar construction produces a feasible point 4 of

W:(.) based on the solution & of W (.).

if a=0Va;=C

&%
= { o+ yiyeps if 1€ SV {t} (13)



SV is the set of indices corresponding to support vec-
tors not at the upper bound for the solution & (that
is 0 < oy < ). SV\{t} excludes the index ¢ cor-
responding to the left-out example. p; is chosen non-
negative for all i € SV\{t} such that ;¢ gy i =
and 0 < #; < C. From the construction of the p; it
follows that y75 = 0 and so 7 is a feasible point of
Wi(.). Exploiting that W (&) > W(g) by definition,
and W;(a") > W'(¥), substitution into (12) leads to

atyt[ Y iy K@D > o] D iy KET)+0
iESV? i€SV\{t}
1 . o o
_522 > i K@) + oy uK@F)  (14)
PESV\{t} jeSV\{t} i€ SV\{t}

_% Yo D viviK@EE) + oy vik@:E)  (15)

iESVTjESV FESVE

The term «; ) i gy ViK (&, £¢) is non-negative, since
all v; and K(#;,Z;) are non-negative. The same
holds for ay ZieSV\{t} Wik (%5, Z4). Furthermore,
3 2 iesn Sjeswin MK (Fi, ;) < §af R* and
%ZieSV’ Zjesvt viviK(%;, %;) < %QERZ, since the
K(&;,#;) form a positive semi-definite matrix with
the diagonal elements bounded from above by RZ.
Using these inequalities and dividing by ay, it is
possible to write [Zz’esvt by K(&y, &) + b >
Yt {ZieSV\{t} sy K(Ze, %) + b} — o R?. After adding
yragy K (23, #1) and exploiting that
Yt [ZieSV sy K (a3, #7) + b] = 1 for support vectors
one can see that a leave-one-out error can occur only
when 2a,R? > 1. Note that & = 0 for support vectors.

Case ay = C': Example (&3, y:) is a bounded support
vector. The argumentation follows that in the case
of unbounded support vectors. The only difference 1s
that y; [Ziesv sy K (a3, #7) + b] = 1-¢; for bounded
support vectors, leading to the condition 2a; R? + &, >
1.1

The idea of connecting the leave-one-out error with
properties of the solution vector & goes back to Vap-
nik (1998, pages 418-421). Unlike the work presented
here, Vapnik’s result is limited to the case where (a)
the training data is separable, (b) the special case of
hyperplanes passing through the origin, and (c) it is
used to derive bounds on the expected error, not esti-
mators. Jaakkola and Haussler (1999) present a gen-
eralized bound for inseparable data that 1s similar to
that of Lemma 1. Nevertheless, like Vapnik’s bound it
is restricted to hyperplanes passing through the origin
and does not apply to regular SVMs. Approximations
to the leave-one-out error of SVMs without guarantee-

ing an upper bound were recently proposed by Wahba
(1999) and Opper and Winther (in press). An addi-
tional difference is that their approach requires com-
puting the inverse for part of the Hessian making it
computationally more expensive.

While Lemma 1 is valid for all kernel functions that
return positive values; it is tightest when the minimum
value is zero. The following lemmashows that this can
always be achieved.

Lemma 2 The soft-margin SVM s wnvariant under
addition of a real value ¢ to the kernel function.

The proof is given in (Joachims, 1999a). The previous
two lemmas complete the tools needed to characterize
the bias of the £a-estimator of the error rate.

Theorem 1 The £a-estimator of the error rate is pes-
simistically biased in the following sense

S(Err?a(hg)) ZS(Err"_l(hg)) (16)

The expectation on the left hand side is over training
sets of size n, the one on the right hand side is over
training sets of size n — 1.

Proof A theorem of Lunts and Brailovskiy (1967)
shows that the leave-one-out estimator Evr} (he) of
the error rate on training sets of size n gives an un-
biased estimate of the error rate after training on
n — 1 examples. After adding a constant ¢ to the
kernel function so that minK(Z;, #) = 0, the theo-
rem follows directly from the bound in Lemma 1 using
Lemma 2. Lemma 1 establishes that Erry, (he) >
Err? (he) with R? = ¢+ maxK(Z,Z) and therefore
S(Err?a(hg)) > E(Errm~(he)). 1

In other words, the theorem states that the &a-
estimator tends to overestimate the true error rate.
This means that “on average” the estimate is higher
than the true error. Given a low variance of the es-
timate 1t is now possible to guarantee with a certain
probability that the true error is lower than the esti-
mate. Nevertheless, known bounds on the variance de-
pend on further assumptions about the learner and/or
the learning task. Bounds in (Devroye & Wagner,
1976) require that the probability Pr(h7 (%) # h\ﬁl(f))
1s small. For SVMs this quantity depends on the learn-
ing task. Bounds on the variability of the leave-one-
out estimator presented by Kearns and Ron (1997) are
independent of the learning task. Nevertheless, their
bounds would be too loose to be of practical impor-
tance. Therefore, the variability of the £a-estimator
will be assessed empirically in section 5.



4.2 Recall, Precision, and F;

With similar arguments as for the error rate, one can
derive £a-estimators of the recall, the precision, and
the F'1.

Definition 2 For stable soft-margin SVMs, the £a-
estimators of the recall, the precision, and the F'1 are

n d+
Recga(hg) = — E (17)
Prec? (he) = oy —dy (18)
recga(he) = ny —dy +d_
2 n_|_ — 2 d_|_
F12 (h = - 1
Lihe) = gt g
using dy = [{i:yi =1A(paiRA +&) > 13 (20)
d- = [{i:yi=—1A(paiRA +&) > 1}] (21)
ne = Wiiw=1)] (22)

with p equals 2. & and gare the solution of OP1 and
OP2 on the training set S,. R% is an upper bound on
K(Z,%) — K(Z,&") for ol Z,7".

d; (d_) is the number of positive (negative) training
examples for which the inequality (po; R% + &) > 1
holds. ny is the number of positive examples in the
training sample. Using the same arguments as in
Lemma 1, d4 (d_) is an upper bound on the number
of positive (negative) examples that produce a leave-
one-out error.

Using the common definition of bias to characterize the
Ea-estimator of the recall is difficult. The recall esti-
mate depends on the number of positive training ex-
amplesin a non-linear way. The situation 1s even worse
for the precision. Given a decision rule that classifies
all examples into the negative class with probability
one, the precision 1s not defined at all. Researchers in
information retrieval have worked around this problem
by differentiating between micro-averaging and macro-
averaging. Macro-expectation, the analog of macro-
averaging, corresponds to the conventional expected
value. In micro-averaging the arguments (i.e. the el-
ements of the contingency tables) are averaged before
the function is applied. This removes the artifacts dis-
cussed above. The micro-expected value Emicro (F(X))
of a function f(z) is defined as Enicro(f(X)) =
F(E(X)). The random variable X can be a vector.
The bias of the £a-estimators in terms of a micro-
expectation is characterized by the following theorem.

Theorem 2 The £a-estimators of the recall, the pre-
ciston, and the F'1 are pessimistically biased in the fol-
lowing sense:

Emicro(Recgy (he)) < Emicro(Rec" " (he))  (23)

Emicro(Preciy(he)) < Emicro(Prec" ™ (he))  (24)
gmicro(Flga(hﬁ)) S gmicro(Fln_l(hﬁ)) (25)

The proof is given in (Joachims, 1999a). The theorem
shows that the {a-estimates are “on average” lower
than the true recall, precision, and F'1 in terms of a
micro-average. A similar result for the strong (macro)
definition of bias requires further assumptions.

5. Experiments

The following experiments explore how well the £a-
estimators work in practice. The evaluation is done
on the three text classification tasks Reuters, WebKB,
and Ohsumed. Due to space constraints, here only the
results for Reuters are discussed in detail. The results
for WebKB and Ohsumed can be found in (Joachims,
1999a).

The Reuters-21578 dataset? was collected from the
Reuters newswire in 1987. The “ModApte” subset is
used, leading to a corpus of 12,902 documents. Of the
135 potential topic categories only the most frequent
10 are used, while keeping all documents.

Two values for the parameter p are evaluated in the
following, namely p = 2 and p = 1. The setting p = 2
is a direct consequence of Lemma 1, while the setting
p = 1 is suggested as a better choice for text classifi-
cation by the following argument. The factor p = 2
in the £a-estimates was introduced to upper bound
the expressions (14) and (15) in the proof of Lemma
1. In the worst case, each expression can be %QERZ
as argued above. For this worst case to happen, it is
necessary that all support vectors have identical fea-
ture vectors Z;. For text classification problems the
opposite is true. Many support vectors are almost or-
thogonal. Consequently the expressions in (14) and
(15) can be kept close to zero for the linear kernel and
suitable 7, ji, leading to a £a-estimate with p &~ 1 in-
stead of p = 2.

Unless noted otherwise, the following results are av-
erages over 10 random test/training splits. Training
and test set are designed to be of equal size to be able
to compare variance estimates. The test set is used
to get a holdout estimate as an approximation to the
true parameter. For simplicity reasons, all results in
this section are for linear SVMs with C' = 0.5. This
value of C' is chosen since it was selected by the £a-
estimates in model selection experiments (Joachims,
2000). Note that Ra = 1, since document vectors are
normalized to unit length.

2www.research.att.com/~lewis/reuters21578.html
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Figure 1. Diagrams comparing average {a-estimate (p = 1)
of the error, the recall, the precision, and the F'1-measure
with the average true error, true recall, true precision, and
true F'1 measured on a holdout set for the ten most fre-
quent Reuters categories.

5.1 How Large are Bias and Variance of the
(a-Estimators?

Figure 1 illustrates the results for the Reuters dataset
with p = 1. The findings are as expected. The £a-
estimators slightly overestimate the true error and un-
derestimate precision, recall, and F'1. Nevertheless,
they accurately reflect the relative performance be-
tween categories. Table 1 gives additional details on
the results. The top half of the table contains the £a-
estimates with p = 1, the lower half with p = 2. For

p = 2 the £a-estimates are substantially more biased
than for p = 1. After each average the table includes
an estimate of the standard deviation. The standard
deviation of the £a-estimates is very similar to that of
the holdout estimates, especially for p = 1. This shows
that in terms of variance the £a-estimates are as good
as holdout testing without requiring an additional test
set of the same size as the training data.

5.2 What is the Influence of the Training Set
Size?

The results presented so far were for a large training
set. Do the estimators work for smaller training sets as
well? Figure 2 shows learning curves for the Reuters
categories “earn”, “acq”, and “money-fx”. To save
space, only error rate and F'l are plotted, since pre-
cision and recall behave similar to F'1. The top two
curves of each graph show the average £a-estimate and
the average holdout-estimate. The averages are over
20 random training/test splits. Except for very small
training sets, the graphs show no strong systematic
connection between bias (i.e. the difference between
the top two curves of each graph) and the training set
size. For “acq” and “money-fx” with small training
sets, the SVM behaves almost like the default classi-
fier that assigns all test examples to the more populous
class. In this situation the average £ a-estimate and the
holdout-estimate are almost equal. In terms of vari-
ance, the training set size has a strong influence on
both the holdout-estimate and the £a-estimate. The
bottom two curves of each graph show the empirical
standard deviation of each estimator. As expected,
the variance increases with decreasing training set size.
Nevertheless, when moving to very small training sets,
the variance decreases again. This is a consequence
of the SVM behaving more and more like the default
classifier. Interestingly, the variance curves of the £a-
estimator are very similar to those of the holdout-
estimator. This confirms that the &a-estimators have
approximately the same variance as holdout testing.

5.3 Do the Findings Transfer to Other Text
Classification Tasks?

To make sure that the £a-estimator are not tailored
to the properties of the Reuters dataset, but apply to
a wide range of text classification tasks, similar ex-
periments were also conducted for the WebKB and
the Ohsumed data (reported in (Joachims, 1999a)).
For both collections, the results are qualitatively the
same as for Reuters. The {a-estimates with p =1 are
preferable over those with p = 2. The £a-estimates
with p = 1 exhibit a moderate pessimistic bias and a
relatively low variance.



Table 1. Table comparing average {a-estimates with the average true performance for the ten most frequent Reuters
categories. The upper half shows the estimates for p = 1, the lower half for p = 2. The “true” values are estimated
from a holdout set of the same size as the training set (6451 examples each). All values are averaged over 10 random
test/training splits exhibiting the standard deviation printed after each average.

[ p=1 [ Errea(he) [ Err(he) [ Recealhc) | Rec(he) [[ Preceal(he) | Prec(hs) [[ Flea(he) | Fi(he) |
earn 2.68 £ 0.08 1.87 £ 0.15 923+ 0.3 948 £ 0.5 98.8 £ 0.1 99.1 £ 0.1 95.4 £+ 0.1 96.9 £ 0.2
acq 3.54 + 0.16 2.53 £+ 0.20 88.1 +£ 0.8 925+ 0.5 92.1 £ 0.4 93.6 £ 0.7 90.0 £ 0.5 93.1 £ 0.4
money-fx 2.67 £ 0.12 1.92 £ 0.14 64.9 &£ 2.0 73.6 £ 2.4 834+ 1.4 89.8 £ 1.9 73.0+ 1.4 80.9 £ 1.4
grain 1.23 £ 0.09 0.82 £ 0.11 744 £ 1.7 827+ 2.1 98.2 £ 0.8 985 + 0.5 847+ 1.2 89.9 £ 1.2
crude 1.58 £ 0.08 1.30 £ 0.10 725+ 1.7 76.6 £ 2.6 909 £ 1.0 927+ 1.2 80.6 £ 1.0 839+ 1.3
trade 1.99 £ 0.11 1.42 £ 0.10 60.4 £+ 2.1 70.0 £ 2.4 835+ 1.3 89.0+£ 1.5 70.0 £ 1.7 783+ 1.6
interest 2.20 £ 0.18 1.67 £ 0.20 54.0 £ 5.2 63.8 £ 4.3 80.2 £ 2.9 87.2 £ 2.8 64.5 + 4.4 73.6 £ 3.4
ship 1.23 £ 0.10 0.96 £+ 0.13 475 £ 5.6 61.2 £ 3.9 933+ 1.9 938+ 25 62.7 £ 5.0 74.0 £ 2.9
wheat 0.91 £ 0.07 0.65 £+ 0.08 628+ 1.8 71.1 £ 2.3 95.0+£ 1.5 97.8 £ 1.0 75.6 £ 1.2 823+ 1.4
corn 0.90 £ 0.05 0.71 £+ 0.06 524 4+ 4.1 61.8+ 1.7 973+ 1.8 99.1 £ 0.6 68.1 + 3.6 76.1 £ 1.3

[p=2 [ Errealhe) [ Err(he) | Recea(he) | Rec(hg) [ Preceal(he) | Preclhe) [[ Flea(he) [ Fi(he) |
earn 6.79 £ 0.21 1.87 £ 0.15 8444+ 0.4 948 £ 0.5 92.7 4+ 0.5 99.1 £ 0.1 88.3+ 0.4 96.9 £ 0.2
acq 12.99 £ 0.28 2.53 £+ 0.20 593+ 1.4 925+ 0.5 66.0 £ 1.2 93.6 £ 0.7 625 + 1.2 93.1 £ 0.4
money-fx 5.38 &£ 0.22 1.92 £ 0.14 384+ 2.0 73.6 £ 2.4 52.1 £ 1.8 89.8 £ 1.9 442 £ 1.8 80.9 £ 1.4
grain 3.20 £ 0.19 0.82 £+ 0.11 48.1 +£ 2.0 827+ 2.1 728+ 1.8 985 + 0.5 579+ 2.0 89.9 £ 1.2
crude 3.69 £+ 0.20 1.30 £ 0.10 453 +£ 2.1 76.6 £ 2.6 62.8 + 2.4 927+ 1.2 52.6 £ 2.1 839+ 1.3
trade 3.80 £+ 0.15 1.42 £ 0.10 347+ 1.8 70.0 £ 2.4 51.2 £ 2.2 89.0+£ 1.5 4144+ 1.9 783+ 1.6
interest 4.19 £+ 0.26 1.67 £ 0.20 275 £ 4.2 63.8 £ 4.3 40.8 £ 5.0 87.2 £ 2.8 328 + 4.6 73.6 £ 3.4
ship 2.21 £ 0.08 0.96 £+ 0.13 182 £+ 2.6 61.2 £ 3.9 494 £ 5.2 938+ 25 26.6 £ 3.5 74.0 £ 2.9
wheat 1.79 £ 0.14 0.65 £+ 0.08 432+ 1.8 71.1 £ 2.3 65.8 £ 2.7 97.8 £ 1.0 522+ 1.9 823+ 1.4
corn 1.72 £ 0.12 0.71 £ 0.06 281 £+ 2.1 61.8+ 1.7 57.1 £ 3.2 99.1 £ 0.6 376 £ 2.2 76.1 £ 1.3

6. Summary and Conclusions

This paper proposed an approach to estimating the
generalization performance of a SVM without any
computation-intensive resampling. The new estima-
tors are much more efficient than cross-validation or
bootstrapping, since they can be computed immedi-
ately after training a single SVM. Moreover, the es-
timators developed here address the special measures
used to evaluate text classification performance.

The theoretical analysis of the estimators shows that
they tend to be conservative. This is a desirable prop-
erty for practical applications, since they are less likely
to falsely predict a high generalization performance. In
addition to the theoretical analysis, the bias and the
variance of the estimates are evaluated experimentally.
As predicted by the theory, the empirical results show
a conservative bias for all £a-estimators. Typically,
the bias is acceptably low and the variance of the £a-
estimates is essentially as low as that of a holdout esti-
mator which has access to twice as much labeled data.
The £a-estimators are therefore a suitable method for
estimating the performance of SVMs on text classifi-
cation tasks. They make efficient use of the data and
they are computationally efficient.

Currently, the {a-estimators are applied to model se-
lection for text classification (Joachims, 2000). They
can effectively select between different preprocessing
steps (e.g. stemming or no stemming), kernel param-
eters, and good values for C'. Similarly, they can be

used to detect concept drift (Klinkenberg & Joachims,
2000). An open questions is whether the bias can
be removed with only a modest increase of compu-
tational expense. One approach could be to inte-
grate actual leave-one-out testing into the optimiza-
tion process considering only those examples for which
paRi + &> 1.
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Multi-class Classification with Error Correcting Codes
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Abstract. Automatic text categorization has become a vital topic in many applications. Imagine for example the
automatic classification of Internet pages for a search engine database. The traditional 1-of-n output coding for clas-
sification scheme needs resources increasing linearly with the number of classes. A different solution uses an error
correcting code, increasing in length with O(log(n)) only. In this paper we investigate the potential of error cor-
recting codes for text categorization with many categories. The main result isthat multi-class codes have advantages

for classes which comprise only asmall fraction of the data.
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1 Introduction
With the advent of the Internet, automatic text catego-

rization has becomeavital topic in many applications.
Imaginefor examplethe automatic classification of In-
ternet pages for a search engine database. There exist
promising approaches to this task, among them, sup-
port vector machines (SVM) [Joa98] are one of the
most successful solutions. One remaining problem is
however that SVM can only separate two classes at a
time. Thusthetraditional 1-of-n output coding scheme
applied in this case needs resources increasing lin-
early: n classeswill need n classifiersto betrainedin-
dependently. Alternative solutions were published by
Vapnik [Vap98, p438], Guermeur et a. [GEPMOQ],
Nakajima et al. [NPPOO], and Dietterich and Bakiri
[DB95].

Dietterich and Bakiri use a distributed output code.
Because the output code has more bits than needed to
represent each class as unique pattern, the additional
bits may be used to correct classification errors. In
this paper weinvestigate the potential of error correct-
ing codesfor text categorization with many categories.
As a benchmark data set we use the Reuters-21578
dataset. We took Reuters texts from 31 different topics
and classified them, using anumber of error correcting
codes of various lengths. The results are compared to
the standard 1-of-31 approach to classification.

2 Methods
2.1 Error correcting codes

Classification with error correcting codes can be seen
“as a kind of communications problem in which the

identity of the correct output class for a new exam-
ple is being transmitted over a channel which con-
sists of the input features, the training examples, and
the learning algorithm” ([DB95, p266]). The classi-
fication of a new set of input features can no longer
be determined from the output of one classifier. It is
coded in adistributed representation of [ outputs from
all classifiers. Table 2.1 shows an example of an error
correcting code for n = 8 classes with [ = 5 code
words. The code words are the columns of the table.
Each classifier hasto learn one of the codewords. This
means, that the classifier should output a1 for all input
data belonging to one of the classeswhich are assigned
1intheclassifier's codeword, and 0 in al other cases.
The code for a specific classis to be found in the row
of the table which is assigned to the class. The code
length in bits is the number of code words, 5 in our
example.

Table1l Error correcting code for n = 8 classes
with | = 5 codewords.

code word
class| 1|2 (3|4]|5
1 ojo0o|0f1]1
2 o(o0|1|0]1
3 o(1/0|0]1
4 o(1/1(0]0
5 110(0|1|0
6 1(1/0|1]1
7 1111|001
8 1|11(1|1|0




Noise is introduced by the learning set, choice of
features, and flaws of the learning algorithm. Noise
may induce classification errors. But if there are more
code words than needed to distinguish n classes, i.e.
[ > loga(n), we can use the additional bits to correct
errors: If the output code does not match exactly one
of the classes, take the class with minimal Hamming
distance. If the minimum Hamming distance between
class codes is d, we can in this way correct at least
4-1 single bit errors (see [DB95, p.266]). It is there-
foreimportant to use codes with maximized Hamming
distance for the classes.

There are severa potential advantages in this ap-
proach: The number of classifiers needed increases
with O(logs(n)) only, and additional bits can be used
for error correction.

Dietterich and Bakiri used codes with I >> n.
The codes therefore were much longer than actually
needed to produce n different bit strings. Because
we wanted to investigate the properties of codes with
loga(n) < I < n, we did not use the optimization
criteriagiven by Dietterich and Bakiri to find optimal
codes. We used simulated annealing instead to opti-
mize a mix of Hamming distances of class codes, and
of code words. We wanted to distinguish each of n
classes against the other classes plus other data not be-
longing to any of the classes. Therefore we also opti-
mized the codeswith respect to all-zero outputs, repre-
senting the latter data. Thisis the reason why we used
31 = 2° — 1 classesin our experiments.

Table2 Minimal inter-row and inter-column Ham-
ming distances for our codes.

# code min. distance btw.

words | classcodes | codewords
8 2 14
10 3 16
12 4 14
16 6 14
24 10 14

1-of-n 1 1

See table 2.1 for the Hamming distances of a set of
codeswe used. In acode matrix of size2!, i.e. amatrix
with 2! code words, there are always 31 class codes
plusthe 0-code. For larger numbersof codewords, i.e.
increasing , the hamming distances grow. The reason
is that the number of class codes to be generated re-
mains constant (= 32) and therefore we have more
degrees of freedom to place the bitsin the class codes.
The Hamming distances of code words decrease with
increasing [. Here, we have constant length of code
words (= 32), but increasing numbers of them. There-

fore we have decreasing degrees of freedom to design
the code words.

2.2 Support vector machines

Support Vector Machines (SVM) recently gained pop-
ularity in the learning community [Vap98]. In its sm-
plest linear form, an SVM is a hyperplane that sepa-
rates a set of positive examples from a set of negative
examples with maximum interclass distance, the mar-
gin. Figure 1 shows such a hyperplane with the asso-
ciated margin.

Figurel Hyperplanewith maximal margin gener-
ated by alinear SVM

Class 1
(w-x)+b>0
Class 2 .
(w-x)+b<0
. » *
*
W *
.
® o \WX)+b=0
hyperplane

The formulafor the output of alinear SVM is
u=w-x+b (@D}

where w isthe normal vector to the hyperplane, and «
is the input vector. The margin is defined by the dis-
tance of the hyperplane to the nearest of the positive
and negative examples. M aximizing the margin can be
expressed as an optimization problem:

o1 .
minimize |lw||” subject toy;(w - z; + b) > 1,V;
@)

wherez; isthei-thtrainingexampleandy; € {—1,1}
is the correct output of the SYM for the i-th training
example. Note that the hyperplaneis only determined
by the training instances x; on the margin, the support
vectors. Of course, not all problems are linearly sep-
arable. Cortes and Vapnik [CV95] proposed a modifi-
cation to the optimization formulation that allows, but
penalizes, examples that fall on the wrong side of the
decision boundary.

The SVM can be extended to nonlinear models by
mapping the input space into a very high-dimensional
feature space chosen a priori. In this space the op-
timal separating hyperplane is constructed [BGV92]
[Vap98, p.421].



The distinctive advantage of the SVM for text catego-
rization is its ability to process many thousand differ-
ent inputs. This opensthe opportunity to use all words
in a text directly as features. For each word w; the
number of times of occurrence is recorded. Joachims
[Joa98] used the SVM for the classification of textinto
different topic categories. Dumaiset a. [DPHS98] use
linear SVM for text categorization because they are
both accurate and fast. They are 35 times faster to
train than the next most accurate (a decision tree) of
the tested classifiers. They apply SVM to the Reuters-
21578 collection, e-mails and web pages. Drucker at
al. [DWV99] classify e-mails as spam and non spam.
They find that boosting trees and SVM have similar
performancein terms of accuracy and speed, but SVM
train significantly faster.

Table3 Table of tested combinations of frequency
transformationsand SVM kernels

# | abbreviation coding; kernel

1 | relFreq0 rf & Ly; linear

2 | relFreql-d 2 rf & Ly ; quadr. poly.

3 | relFregl-d 3 rf & Lj; cubic poly.

4 | relFreqz-g 1 rf & Ly; rbf

5 | relFregimpO rf & Ly & imp; linear

6 | relFregimpl-d2 rf & L; & imp; quadr. poly.
7 | relFregimpl-d 3 rf & L1 & imp; cubic poly.
8 | relFregimp2-g 1 rf & Ly & imp; rbf

9 | relFregL20 rf & Lo; linear

10 | relFregL21-d2
11 | relFregL21-d 3
12 | relFregL22-g1

rf & Lg; quadr. poly.
rf & Ls; cubic poly.
rf & Lo; rbf

13 | relFregL2Imp0

14 | relFregL2lmpl-d 2

15 | relFregL2Impl-d 3

16 | relFregL2imp2-g 1

17 | logRelFreq0

18 | logRelFreql-d 2

19 | logRelFregl-d 3

20 | logRelFreg2-g 1

21 | logRelFreqimpO

22 | logRelFregimpl-d 2
23 | logRelFregimpl-d 3
24 | logRelFregimp2-g 1
25 | logRelFregL20

26 | logRelFregL21-d 2

27 | logRelFregL21-d 3

28 | logRelFregL22-g 1

29 | logRelFregL2Imp0

30 | logRelFreqL2Impl-d 2
31 | logRelFregL2Impl-d 3
32 | logRelFregL2Imp2-g 1
33 | tfidf0

34 | thidfl-d2
35 | thidfl-d 3
36 | tfidi2-g1
37 | tfidfL20

38 | tfidfL21-d 2
39 | tfidfL21-d 3
40 | tfidfL22-g1

rf & Lo & imp; linear

rf & Ly & imp; quadr. poly.
rf & Lo & imp; cubic poly.
rf & Lo & imp; rbf

logrf & Ly; linear

log rf & Ly; quadr. poly.
logrf & Ly; cubic poly.
log rf & Lj; rbf

logrf & L; & imp; linear

log rf & I; & imp; quadr. poly.

logrf & L; & imp; cubic poly.
logrf & Ly & imp; rbf

log rf & Ls; linear

log rf & Ls; quadr. poly.

log rf & Ls; cubic poly.

logrf & Lo; rbf

logrf & Ly & imp; linear

logrf & Ly & imp; quadr. poly.

log rf & I & imp; cubic poly.
log rf & Lo & imp; rbf

tfidf & L1; linear

tfidf & Ly; quadr. poly.

tfidf & L;; cubic paly.

tfidf & Ly; rbf

tfidf & Lo; linear

tfidf & Lo; quadr. poly.

tfidf & Lo; cubic poly.

tfidf & Lo; rbf

2.3 Transformationsof frequency vectors

As lexical units scale to different order of magnitude
in larger documents, it is interesting to examine how
term frequency information can be mapped to quanti-
ties which can efficiently be processed by SVM. For
our empirical tests we use different transformations of
type frequencies: relative frequencies and logarithmic
frequencies.

As the simplest “frequency-transformation” we use
the term-frequencies f(wy,d;) themselves. The fre-
guencies are multiplied by one of the importance
weights described below and normalized to unit
length. Relative frequencies f(wy,d;) with impor-
tance weight idf normalized with respect to Ly-norm
have been used by Joachims [Joa98] and others. We
also tested other combinations as for example rela
tive frequencies with no importance weight normal-
ized with respect to L;-norm, which is defined by

Frel1 (U)k;,dl) — %

The second transformation is the logarithm. We con-
sider this transform because it is a common approach
in quantitative linguistics to consider logarithms of
linguistic quantities rather than the quantities them-
selves. Here we also normalize to unit length with
respect to L, and L. We define Fioy(wi,d;) =
log(1+ f(w, d;)), combine Fj,,, differentimportance
weights, and normalize the resulting vector with re-
spectto L; and L.

2.4 Importanceweights

Importance weights are often used in order to reduce
dimensionality of a learning task. Common impor-
tance weights like inverse document frequency (idf)
originaly have been designed for identifying index
words.

However, since SVM are capable to manage a large
number of dimensions ([KLOO] used more than
400000 input features), reduction of dimensionality
is not necessary and importance weights can be used
to quantify how a specific given type is to the docu-
ments of atext collection. A typewhichisevenly dis-
tributed across the document collection will be given
a low importance weight because it is judged to be
less specific for the documents it occurs in, than a
type which is used in a only a few documents. The
importance weight of atype is multiplied by its trans-
formed frequency of occurrence. So each of the im-
portance weights described below can be combined
with each of the frequency transformations described
in section (2.3). We examined the performance of the
following settings no importanceweight, inverse doc-
ument frequency (idf), and redundancy. Inverse docu-
ment frequency (idf) is commonly used when SVM is



applied to text classification. Idf is defined by log -,
wheredf;, isthe number of those documentsinthe col-
lection, which contain theterm w;, and n isthe number
of all documentsin the collection.

Redundancy quantifies the skewness of a probability
distribution. We consider the empirical distribution of
each type over the different documents and define an
importance weight by

R = Hma.z: - H = (3)
- f(wkvdl) f(wkadi)
logn + ; Flwon) log Fwon) 4

where f(ws,d;) is the frequency of occurrence of
term wy, in document d; and n is the number of docu-
ments in the collection. R is a measure of how much
the distribution of aterm w;, in the various documents
deviates from the uniform distribution.

2.5 Kernel functions

It is well known that the choice of the kernel func-
tion is crucial to the efficiency of support vector ma-
chines. Therefore the data transformations described
abovewere combined with three different kernel func-
tions:

In our experiments we tested 40 combinations of ker-
nel functions, frequency-transformations, importance-
weights, and text-length-normalization. Table 3 sum-
marizes the combinations of kernels. Its numbering
and abbreviations are used throughout the rest of the

paper.
In the following list we show the frequency transfor-
mations which were used.

(1)—(4) relative frequency normalized with respect to
Ly
F(U)k, dl)

>k Fwg, di)

(5)«(8) relative frequency with redundancy normal-
ized with respect to L,

F’r’el,Ll

Frel,red(wk7 dl)R(wk)
Zk Frel,'r’ed(wka dz)R(wk)

Frelﬂ‘ed,Ll

(9)—«12) relative frequency normalized with respect to
L.
F(wk, dl)

>k Flwy, di)?

Frel7L2

o linear K@% = Z-&
e 2ndord.poly. K(%,&') = (¥ )2
e 3rdord.poly. K(Z,&) = (Z-&)°
e Gaussian K& #) = e li-#l/20"

(13)—(16) relative frequency with redundancy normal-
ized with respect to L-

F(wy,d;)R(wg,)
Ve (Pl o)

Frel,'r’ed,Lg

(17)—(20) logarithmic frequencies normalized with re-
spect to L.

log(1 + F(wy,d;))

21+ F(wy, di))

Eog,Ll

(21)—(24)logarithmic frequencies with redundancy
normalized with respect to L .

log(1+ F(wg,d;))R(ws)
5 (1081 + Flwe, i) R(we) )

-Flog,red7L1 —

(25)—(28) logarithmic frequencies normalized with re-
spect to L.

log(1 + F(wy,d;))

\/zk (1og(1 + F(wy, di)))2

Eog,LZ =

(39—~32) logarithmic frequencies with redundancy
normalized with respect to Lo

log(1 + F(wy, d;))R(wy)

Ve (0 Pl dya)’

-Flog7L1 =

(33)—(36) tfidf normalized with respectto L,

F(wy, d;) log 77
> F(wy, di) log 7

(37)—(40) tfidf normalized with respect to L,

Fiar, 11

F(wy, d;) log 77

Ve (Pl dtos )

Fiaf 12

3 Theexperiments
3.1 Thecorpus

We use the Reuters-21578 dataset
http://www.research.att.com/~ lewis/reuters21578.html
compiled by David Lewis and originally collected
by the Carnegie group from the Reuters newswire in
1987.

We selected texts from the reuters collection aong the
following criteria: (i) The text length is 50 or more



running words. (ii) The text category is indicated and
there is exactly one category.

In total, we selected 6242 Texts which were catego-
rized into 64 different topics. We furthermore selected
31 most frequent topics, summing up to 6024 texts.
The remaining 218 texts were categorized as “NN”,
regardless of their true category (which of course was
different from our 31 selected categories). The names
of the categories and number of textsin each category
is displayed in table 4. Frequent categories such as
“corn”, or “wheat” do not show up in our data set be-
cause they only appear in multi-category texts, which
were excluded.

To exploit thetraining set Sy of 6242 texts in a better
way, we used the following cross-testing procedure.
So wasrandomly divided into 3 subsets S, ... , Ss of
nearly equal size. Thenfive different SVM were deter-
mined using Sy \ S; astraining set of size ~ 4161 and
S; was used as test set of size ~ 2081. The numbers
of correctly and wrongly classified documents were
added up yielding an effectivetest set of all 6242 doc-
uments.

Table4 Names of text categories and numbers of
textsfor each category.

category data | category | data | category | data
earn 1820 | gnp 72 | rubber 38
acq 1807 | cpi 65 | veg-ail 37
crude 349 | cocoa 52 | tin 28
trade 330 | iron-stedl 45 | cotton 23
money-fx 230 | grain 43 | bop 22
interest 164 | jobs 42 | gas 22
ship 151 | aum 41 | wpi 22
sugar 127 | nat-gas 41 | livestock 20
coffee 107 | reserves 40 | pet-chem 20
gold 97 | copper 39 | NN 218
mon.-supp. 91 | ipi 39

3.2 Dfinition of loss functions

We consider the task to decideif atext previously un-
known belongsto a given category or not. The specific
setupisreflectedin thelossfunction L(3), which spec-
ifies the loss that incurs for the classification of o test
set where i is the true class. The loss for the misclas-
sification of a text was set to 1. We cannot decide a
priori whether it isworse to categorize awrong text to
the topic in question than not to recognize atext which
actualy isin the category.

Let ciar (i) and e (i) respectively denote the number
of correctly and incorrectly classified documents of
the target category i and let eqn(i) and let com(i) be
the same figures for the other categoriesin the alterna-

tiveclass. p;, iStheprior probability that an unknown
text belongs to a given class. Hence the loss for athe
classification of atest setis

etar(i)
etar () + crar(7)

eoth(i)
€oth(i) + Coth(i)

()
(6)

We assume that new texts to be classified arrive at the
same ratio as in our Corpus, i.e. py,, is computed as
the fraction of texts in our corpus which belong to
a given class. The mean number of texts in the 31
classesisas 194, andthereare 6242 texts, i.e. themean
prior probability would be p;,,. = 194/6242 ~ 0.031.
But the fractions of textsin the 31 classes range from
pear = 0.302 for thelargest classto py.,, = 0.0033 for
the smallest class. Therefore we compute the losses
for two different groups of classes. Thefirst group in-
cludes the four large classes “earn”, “acq’, “crude”’,
and “trade” with more than 5% of all texts. The mean
prior is piar = 0.17. The second group includes al
other classes with mean p;,,, = 0.01. To alow com-
parisons we always report the loss for 1000 new clas-
sifications.

In addition we used the precision pyc(¢) and the recall
Drec(i) to describe the result of an experiment.

N Ctar (1)
Pprc(l) = m; (7)
Pprc(?) = 0if cr(i) =0 (8)
precti) = —=)__ ©

Ctar(i) + etar(i)

Precision is the probability that a document predicted
to be in a class truly belongs to this class. Recdl is
the probability that a document having a certain topic
is classified into this class. A tradeoff exists between
largerecall and large precision.

4 Reaults

4.1 Performance of frequency codings and ker-
nels

As dready stated in ([KLOQ]), which examined the
performance of SVM on Reuters and two German
newspaper corpora, there are only small differences
in performance for different SVM kernels. Figures 2
and 3 show the mean performances for 10-bit and
24-bit multi-class codes as compared to the 1-of-n-
coding. Each of the 40 frequency-kernel combinations



listed in section 2.5 is displayed. Figure 2 shows the
mean performance of all classes in group 1 (see sec-
tion 3.2). Figure 2 shows the mean performance of
group 2 classes.

Figure 2 Mean loss of classes of group 1 for all
frequency codings.
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Importance weights improve the performance signif-
icantly. Redundancy defined in equation (3) is a bet-
ter importance weight than the common inverse docu-
ment frequency. We see that the transformations (log-
arithmic) relative frequency with redundancy normal-
ized with respect to L, combined with the linear ker-
nel (i.e. combinations number 12 and 28) perform

best. In figures 2 and 3 these combinations are marked
by arrows.

Figure3 Mean loss of classes of group 2.
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4.2 Small classes

Table 5 shows the mean performance over al fre-
guency codes and SVM kernels in terms of the loss
function defined in equation 5. This time we show re-
sults for the 10-hit, 16-bit, and 24-bit multi-class cod-
ings. The classes of group 1 with p;,,. = 0.17 are sep-
arated from those of group 2 with p;,,. = 0.01. The
percentages of classes with better loss for the multi-



class codes than for the 1-of-n codeisindicated below
both groupsin the table.

For group 1 (i.e. large) classes, 1-of-n coding and
multi-class codings perform equally well. But for
small classes, with less than 5% of texts, the picture
changes. Here, theloss of 16-bit and 24-bit multi-class
codesisin many cases smaller than that of 1-of-n cod-

ing.

Table5 mean loss over all frequency codings for

each code length and each category

category num. loss of classcode length . . .
texts 10 16 24 | 1-of-n
earn 1820 | 22.18 | 2391 | 20.769 | 16.32
acq 1807 | 35.21 | 39.37 | 35.182 | 23.30
crude 349 | 20.60 | 17.33 | 15296 | 28.94
trade 330 | 2360 | 17.80 | 16,536 | 34.19
% better
than 1-of-n 50.0 | 50.0 50.0 -
money-fx 230 | 1273 | 9.18 | 11.978 7.26
interest 164 | 1343 | 6.05| 6.667 5.33
ship 151 | 1011 | 6.07 | 3.439 4.26
sugar 127 | 456 | 218 | 1.242 133
coffee 107 | 310 | 141 | 1.056 1.08
gold 97 | 541 | 152 | 1.849 248
money-supply 91| 449 | 322 2.644 2.66
gnp 72| 628| 6.04| 3826 4.48
cpi 65| 368 | 387 | 2353 3.09
cocoa 52 1.76 3.48 0.923 2.32
iron-steel 45| 6.00| 374 | 3.652 5.94
gran 43 | 969 | 6.71| 4.455 6.89
jobs 42| 372 | 241 | 1479 2.89
alum 41| 516 | 416 | 3.085 6.86
nat-gas 41| 635 390 | 3597 5.90
reserves 40| 535 | 339 | 2577 4.15
copper 39| 389 | 392 | 2376 4,19
ipi 39| 542 | 408 | 3436 5.37
rubber 38| 58| 260 | 1425 4,01
veg-oil 37| 850 | 458 | 3973 5.15
tin 28| 222 | 170 | 0.933 5.05
cotton 23| 426 | 324 | 2833 4.82
bop 22 | 1068 | 6.75| 6.170 7.27
gas 22 | 1393 | 440 | 5.008 5.64
wpi 22 | 1018 | 3.78 | 3811 4.92
livestock 20| 712 | 7.04| 5.298 6.58
pet-chem 20 | 1120 | 925 | 9.149 9.68
% better
than 1-of-n 185 | 63.0 92.6 -

An explanation for the better results of multi-class
codesfor small classes can be seen the over-fitting ten-
dency of the learning algorithm. Classifiers like SYM
tend to ignore a few cases of class “1”, when every-
thing else is class “0". Figures 4 and 5 support the
claim: 1-of-n coding is especially strong at precision
(egn 7) on the cost of relatively weak recall (egn 9).

But if we combine several small classes so that the
union has to be recognized, the overall fraction of the
training set becomes larger, thus avoiding the adverse
effects of very small classes. Another possibility to
avoid over-fitting on small classes would be to change
the cost function of the SVM training agorithm. We
are also planning to investigate this option.

Figure4 Mean recall of classes of group 2.
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5 Conclusion

We performed experiments for text categorization on
asubset of the Reuters corpus. We investigated the in-
fluences of multi-class error correcting codes on the
performance over a wide variety of frequency code
and SVM kernel combinations. The main result is that
multi-class codes have advantages over 1-of-n coding
for classes which comprise only a small percentage
of the data. Advantages were seen most clearly in the
range of codes with 50% ... 75% size of the number
of classes to distinguish.

In our further work we will investigate the influence of
different multi-class codes of the same length on error
rates and test different optimization schematafor code
generation. One option here is to introduce optimiza-
tion weightsinto the code generation algorithm, which
depend on statistical class properties. Thiscould yield
codes which help to classify small as well as large
classes with the same accuracy.

We aso will investigate a categorization task with a
much larger number of classes (> 200), because a
larger number of classesimpliesthat most of them will
be small.
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Abstract

For many learning tasks where data is col-
lected over an extended period of time, its
underlying distribution is likely to change. A
typical example is information filtering, i.e.
the adaptive classification of documents with
respect to a particular user interest. Both
the interest of the user and the document
content change over time. A filtering sys-
tem should be able to adapt to such concept
changes. This paper proposes a new method
to recognize and handle concept changes with
support vector machines. The method main-
tains a window on the training data. The
key 1dea 1s to automatically adjust the win-
dow size so that the estimated generalization
error is minimized. The new approach is both
theoretically well-founded as well as effective
and efficient in practice. Since it does not re-
quire complicated parameterization, it is sim-
pler to use and more robust than comparable
heuristics. Experiments with simulated con-
cept drift scenarios based on real-world text
data compare the new method with other
window management approaches. We show
that it can effectively select an appropriate
window size in a robust way.

1. Introduction

Machine learning methods are often applied to prob-
lems, where data is collected over an extended period
of time. In many real-world applications this intro-
duces the problem that the distribution underlying
the data is likely to change over time. For exam-
ple, companies collect an increasing amount of data
like sales figures and customer data to find patterns
in the customer behaviour and to predict future sales.
As the customer behaviour tends to change over time,
the model underlying successful predictions should be
adapted accordingly.

The same problem occurs in information filtering, i.e.
the adaptive classification of documents with respect
to a particular user interest. Information filtering tech-
niques are used, for example, to build personalized
news filters, which learn about the news-reading pref-
erences of a user or to filter e-mail. Both the interest of
the user and the document content change over time.
A filtering system should be able to adapt to such con-
cept changes.

This paper proposes a new method for detecting and
handling concept changes with support vector ma-
chines. The approach has a clear theoretical moti-
vation and does not require complicated parameter
tuning. After reviewing other work on adaptation to
changing concepts and shortly describing support vec-
tor machines, this paper explains the new window ad-
justment approach and evaluates it in three simulated
concept drift scenarios on real-world text data. The
experiments show that the approach effectively selects
an appropriate window size and results in a low pre-
dictive error rate.

2. Concept Drift

Throughout this paper, we study the problem of con-
cept drift for the pattern recognition problem in the
following framework. Each example 7 = (¥, y) consists
of a feature vector # € RY and a label y € {—1,+1}
indicating its classification. Data arrives over time in
batches. Without loss of generality these batches are
assumed to be of equal size, each containing m exam-
ples.

E(’l,l)a sy E(’lm)a E(’Z,l)a sy E(’Z;rn)a ) z_(’t,l)a sy z_(’tm)a z_(’t-l—l,l)a sy z_(’t-l—lm)

%) denotes the j-th example of batch . For each batch
¢ the data is independently identically distributed with
respect to a distribution Pr;(#,y). Depending on the
amount and type of concept drift, the example distri-
bution Pr;(#,y) and Pr;;1(Z, y) between batches will
differ. The goal of the learner £ is to sequentially pre-
dict the labels of the next batch. For example, after



batch ¢ the learner can use any subset of the training
examples from batches 1 to ¢ to predict the labels of
batch ¢ + 1. The learner aims to minimize the cumu-
lated number of prediction errors.

In machine learning, changing concepts are often han-
dled by time windows of fixed or adaptive size on the
training data (Mitchell et al., 1994; Widmer & Kubat,
1996; Lanquillon, 1997; Klinkenberg & Renz, 1998) or
by weighting data or parts of the hypothesis according
to their age and/or utility for the classification task
(Kunisch, 1996; Taylor et al., 1997). The latter ap-
proach of weighting examples has already been used
for information filtering in the incremental relevance
feedback approaches of Allan (1996) and Balabanovic
(1997). In this paper, the earlier approach maintaining
a window of adaptive size is explored. More detailed
descriptions of the methods described above and fur-
ther approaches can be found in Klinkenberg (1998).

For windows of fixed size, the choice of a “good”
window size 18 a compromise between fast adaptiv-
ity (small window) and good generalization in phases
without concept change (large window). The basic
idea of adaptive window management is to adjust the

window size to the current extent of concept drift.

The task of learning drifting or time-varying concepts
has also been studied in computational learning the-
ory. Learning a changing concept is infeasible, if no
restrictions are imposed on the type of admissible con-
cept changes,' but drifting concepts are provably effi-
ciently learnable (at least for certain concept classes),
if the rate or the extent of drift is limited in particular
ways.

Helmbold, & Long (1994) assume a possibly perma-
nent but slow concept drift and define the extent of
drift as the probability that two subsequent concepts
disagree on a randomly drawn example. Their results
include an upper bound for the extend of drift maxi-
mally tolerable by any learner and algorithms that can
learn concepts that do not drift more than a certain
constant extent of drift. Furthermore they show that it
1s sufficient for a learner to see a fixed number of the
most recent examples. Hence a window of a certain
minimal fixed size allows to learn concepts for which
the extent of drift is appropriately limited.

'E.g. a function randomly jumping between the values
one and zero cannot be predicted by any learner with more
than 50% accuracy.

While Helmbold and Long restrict the extend of drift,
Kuh et al. (1991) determine a maximal rate of drift
that is acceptable by any learner, i. e. a maximally
acceptable frequency of concept changes, which implies
a lower bound for the size of a fixed window for a time-
varying concept to be learnable; which is similar to the
lower bound of Helmbold and Long.

In practice, however, it usually cannot be guaran-
teed that the application at hand obeys these restric-
tions, e.g. a reader of electronic news may change
his interests (almost) arbitrarily often and radically.
Furthermore the large time window sizes, for which
the theoretical results hold, would be impractical.
Hence more application oriented approaches rely on
far smaller windows of fixed size or on window adjust-
ment heuristics that allow far smaller window sizes
and usually perform better than fixed and/or larger
windows (Widmer & Kubat, 1996; Lanquillon, 1997;
Klinkenberg & Renz, 1998). While these heuristics are
intuitive and work well in their particular application
domain, they usually require tuning their parameters,
are often not transferable to other domains, and lack
a proper theoretical foundation.

Syed et al. (1999) describe an approach to incremen-
tally learning support vector machines that handles
vertual concept drift implied by incrementally learning
from several subsamples of a large training set, but
they do not address the problem of (real) concept drift
addressed here.

3. Support Vector Machines

The window adjustment approach described in this
paper uses support vector machines (Vapnik, 1998)
as their core learning algorithm. Support vector ma-
chines are based on the structural risk minimization
principle (Vapnik, 1998) from statistical learning the-
ory. In their basic form, SVMs learn linear decision
rules

+1, if@-T4+b>0

h(Z) = sign{w - ¥+ b} = {_1 else (1)

bl

described by a weight vector @ and a threshold b. The
idea of structural risk minimization is to find a hypoth-
esis h for which one can guarantee the lowest proba-
bility of error. For SVMs, Vapnik (1998) shows that
this goal can be translated into finding the hyperplane
with maximum soft-margin.? Computing this hyper-
plane is equivalent to solving the following optimiza-
tion problem.

2See Burges (1998) for an introduction to SVMs.



Optimization Problem 1 (SVM (primal))

- 1
minimize: V(i b,§) = i@+ C Z_;g (2)
subject to: Vi iyld- @40 >1-¢& (3)
?:1 : gl > 0 (4)

In this optimization problem, the Euclidean length
||D]] of the weight vector is inversely proportional to
the soft-margin of the decision rule. The constraints
(3) require that all training examples are classified cor-
rectly up to some slack &;. If a training example lies on
the “wrong” side of the hyperplane, the corresponding
& is greater or equal to 1. Therefore Y " | & is an
upper bound on the number of training errors. The
factor C' in (2) is a parameter that allows trading-off
training error vs. model complexity.

For computational reasons it i1s useful to solve the
Wolfe dual (Fletcher, 1987) of optimization problem 1
instead of solving optimization problem 1 directly

(Vapnik, 1998).

Optimization Problem 2 (SVM (dual))

n 1 n n
minimize: W(&)= —Zai + 522%3/3’ oo (EiE;) (5)
i=1

i=1j=1

subject to: Z yio; =0 (6)
i=1

?zl:ogaigc (7)

In this paper, SV M9 (Joachims, 1999) is used for
computing the solution of this optimization problem.3
Support vectors are those training examples #; with
a; > 0 at the solution. From the solution of optimiza-
tion problem 2 the decision rule can be computed as

n
GF =Y oy (Fi-F) and b= yusy —-Fusy (8)
i=1

The training example (Zysv, Yusv) for calculating b
must be a support vector with ays, < C. Finally, the
training losses & can be computed as & = maz(l —

For both solving optimization problem 2 as well as ap-
plying the learned decision rule; it is sufficient to be
able to calculate inner products between feature vec-
tors. Exploiting this property, Boser et al. introduced
the use of kernels K (%1, #2) for learning non-linear de-
cision rules. Depending on the type of kernel func-
tion, SVMs learn polynomial classifiers, radial basis

38V ML9M s available at http://www-ai.informatik.
uni-dortmund.de/svm _light

function (RBF) classifiers, or two layer sigmoid neu-
ral nets. Such kernels calculate an inner-product in
some feature space and replace the inner-product in
the formulas above.

4. Window Adjustment by Optimizing
Performance

Our approach to handling drift in the distribution of
examples uses a window on the training data. This
window should include only those example which are
sufficiently “close” to the current target concept. As-
suming the amount of drift increases with time, the
Pre-
vious approaches used similar windowing strategies.
Their shortcomings are that they either fix the win-
dow size (Mitchell et al., 1994) or involve compli-
cated heuristics (Widmer & Kubat, 1996; Lanquillon,
1997; Klinkenberg & Renz, 1998). A fixed window size
malkes strong assumptions about how quickly the con-
cept changes. While heuristics can adapt to different
speed and amount of drift, they involve many param-

window includes the last n training examples.

eters that are difficult to tune. Here, we present an
approach to selecting an appropriate window size that
does not involve complicated parameterization. They
key idea 1s to select the window size so that the es-
timated generalization error on new examples is min-
imized. To get an estimate of the generalization er-
ror we use a special form of {a-estimates (Joachims,
2000). a-estimates are a particularly efficient method
for estimating the performance of a SVM.

4.1 {a-Estimators

Ea-estimators are based on the idea of leave-one-out
estimation (Lunts & Brailovskiy, 1967). The leave-
one-out estimator of the error rate proceeds as follows.
From the training sample S = ((Z1,41), -, (Zn, ¥n))
the first example (#1,y1) is removed. The resulting
sample S\ = ((Zo,42), - -, (£n, yn)) is used for train-
ing, leading to a classification rule h\ﬁl. This classifi-
cation rule is tested on the held out example (%1, y1).
If the example is classified incorrectly it is said to pro-
duce a leave-one-out error. This process is repeated
for all training examples. The number of leave-one-
out errors divided by n is the leave-one-out estimate
of the generalization error.

While the leave-one-out estimate is usually very accu-
rate, it is very expensive to compute. With a training
sample of size n, one must run the learner n times.
Ea-estimators overcome this problem using an upper
bound on the number of leave-one-out errors instead
of calculating them brute force. They owe their name



to the two arguments they are computed from. é' 18
the vector of training losses at the solution of the pri-
mal SVM training problem. & is the solution of the
dual SVM training problem. Based on these two vec-
tors — both are available after training the SVM at
no extra cost — the &a-estimators are defined using
the following two counts. With R% being the max-
imum difference of any two elements of the Hessian
(i.e. R > maxz #(K(Z, %) — K(Z,7"))),

d=|{i:(aiRA +&) > 1}] (9)

counts the number of training examples, for which the
quantity o; R4 + & exceeds one. Since the document
vectors are normalized to unit length in the experi-
ments described in this paper, here RY = 1. It is
proven in Joachims (2000) that d is an approximate
upper bound on the number of leave-one-out errors in
the training set. With n as the total number of train-
ing examples, the £a-estimators of the error rate is
;. . P2 .
Err?a(hg) — |{Z . (aZRA +€2) Z 1}| (10)

n

The theoretical properties of this £ a-estimator are dis-
cussed in Joachims (2000). Tt can be shown that the
estimator is pessimistically biased, overestimating the
true error rate on average. Experiments show that the
bias is acceptably small for text classification problems
and that the variance of the £a-estimator is essentially
as low as that of a holdout estimate using twice as
much data. It is also possible to design similar esti-
mators for precision and recall, as well as combined
measures like F'1 (Joachims, 2000).

4.2 Window Adjustment Algorithm

A window adjustment algorithm has to solve the fol-
lowing trade-off. A large window provides the learner
with much training data, allowing it to generalize well
given that the concept did not change. On the other
hand, a large window can contain old data that is no
longer relevant (or even confusing) for the current tar-
get concept. Finding the right size means trading-off
the quality against the number of training examples.

To answer this question the window adjustment algo-
rithm proposed in the following uses £a-estimates in
a particular way. At batch ¢, it essentially tries var-
ious window sizes, training a SVM for each resulting
training set.

z_(’t,l)a ...,E(’tm) (11)
z_(’t—l,l)a ceey E(’t—l;rn)a z_(’t,l)a ceey E(’tm)
z_(’t—Z,l)a ceey _’t—Z;rn)a z_(’t—l,l)a ceey E(’t—l;rn)a z_(’t,l)a ceey E(’tm) ( 1 3)

—_
—_
[\]
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For each window size it computes a a-estimate based
on the result of training. In contrast to the previous
section, the £a-estimator used here considers only the
last batch, that is the m most recent training examples

z_(’t,l)a sy E(’tm)
[{i: 1<i<mA (agyRA+Eg) > 11

m

Errge(he)= (14)

This reflects the assumption that the most recent ex-
amples are most similar to the new examples in batch
t + 1. The window size minimizing the £ a-estimate of
the error rate is selected by the algorithm.

The algorithm can be summarized as follows:

e input: S training sample consisting of
t batches containing m examples each

e for he{0,...,t—1}
— train SVM on examples Zp), .-, )
— compute {a-estimate on examples
ety s Fem)

e output:
fa-estimate

window size which minimizes

5. Experiments
5.1 Experimental Setup

Each of the following data management approaches is
evaluated in combination with the SVM:

e “Pull Memory”: The learner generates its classi-
fication model from all previously seen examples,
i.e. it cannot “forget” old examples.

e “No Memory”: The learner always induces its hy-
pothesis only from the most recent batch. This
corresponds to using a window of the fixed size of
one batch.

e Window of “Fized Size”: A window of the fixed
size of three batches 1s used.

e Window of “Adaptive Size”: The window adjust-
ment algorithm proposed in the previous section
adapts the window size to the current concept
drift situation.

The experiments are performed in an information fil-
tering domain, a typical application area for learning
drifting concept. Text documents are represented as
attribute-value vectors (bag of words model), where
each distinct word corresponds to a feature whose



Table 1. Relevance of the categories in the concept change scenarios A, B, and C.

Sce- || Cate- || Probability of being relevant for a document of the specified category at the specified time step (batch)
nario | gory | O | 1 [ 2 |3 |4 |5 |6 |7 |89 |10]11|12]13]|14][15]16 |17 18|19
A 1 10(10}10}{10|10|10|10}10|10]10|00(00]|0.0]|00|0.0(0.0]0.0|0.0|0.0]0.0

3 0.0(00 (000000 |00]|00|00f0O0|00]|10]|10(10(10]|1.0]|1.0|1.0]1.0]1.0]1.0

B 1 1.0(10{10{10|10|10|1.0|1.0|08|06 |0.4]0.2]|0.0|00(0.0/]0.0]0.00.00.0]0.0

3 0.0(00(0.0|0000|00|00|00]02]04]|06]|08|10(1.0]|1.0]|1.0|1.0]1.0]1.0]1.0

C 1 t0(10{10{10}|10|10}10{10|10|00(00|1.0|10|10(1.0|1.0]|1.0 (1.0 |1.0]1.0

3 0.0(00(0.0|0000|00]|00|00f0O0|1.0]10]|00(|00]0.0]0.0]0.0(00]0.0]0.0]0.0

value is the “ltc”-TF/IDF-weight (Salton & Buckley,
1988) of that word in that document. Words occurring
less than three times in the training data or occurring
in a given list of stop words are not considered. Each
document feature vector is normalized to unit length
to abstract from different document lengths.

The performance of a classifier 1s measured by the
three metrics prediction error, recall, and precision.
Recall 1s the probability, that the classifier recognizes
a relevant document as relevant. Precision is the prob-
ability, that a document classified as relevant actually
is relevant. All reported results are estimates averaged
over ten runs.

The experiments use a subset of 2608 documents of
the data set of the Text REtrieval Conference (TREC)
consisting of English business news texts. Each text is
assigned to one or several categories. The categories
considered here are 1 (Antitrust Cases Pending), 3
(Joint Ventures), 4 (Debt Rescheduling), 5 (Dumping
Charges), and 6 (Third World Debt Relief). For the
experiments, three concept change scenarios are simu-
lated. The texts are randomly split into 20 batches of
equal size containing 130 documents each.* The texts
of each category are distributed as equally as possible
over the 20 batches.

Table 1 describes the relevance of the categories in
the three concept change scenarios A, B, and C. For
each time step (batch), the probability of being rele-
vant (interesting to the user) is specified for documents
of categories 1 and 3, respectively. Documents of the
classes 4, 5, and 6 are never relevant in any of these
scenarios. In the first scenario (scenario A), first doc-
uments of category 1 are considered relevant for the
user interest and all other documents irrelevant. This
changes abruptly (concept shift) in batch 10, where
documents of category 3 are relevant and all others ir-
relevant. In the second scenario (scenario B), again

*Hence, in each trial, out of the 2608 documents, eight
randomly selected texts are not considered.

first documents of category 1 are considered relevant
for the user interest and all other documents irrele-
vant. This changes slowly (concept drift) from batch
8 to batch 12, where documents of category 3 are rele-
vant and all others irrelevant. The third scenario (sce-
nario C') simulates an abrupt concept shift in the user
interest from category 1 to category 3 in batch 9 and
back to category 1 in batch 11.

5.2 Results

Figure 1 compares the prediction error rates of the
adaptive window size algorithm with the non-adaptive
methods. The graphs show the prediction error on the
following batch. In all three scenarios, the full mem-
ory strategy and the adaptive window size algorithm
essentially coincide as long as there is no concept drift.
During this stable phase, both show lower prediction
error than the fixed size and the no memory approach.
At the point of concept drift, the performance of all
methods deteriorates. While the performance of no
memory and adaptive size recovers quickly after the
concept drift, the error rate full memory approach re-
mains high especially in scenarios A and B. Like before
the concept drift, the no memory and the fixed size
strategies exhibit higher error rates than the adaptive
window algorithm in the stable phase after the concept
drift. This shows that the no memory, the fixed size,
and the full memory approaches all perform subopti-
mally in some situation. Only the adaptive window
size algorithm can achieve a relatively low error rate
over all phases in all scenarios. This is also reflected
in the average error rates over all batches given in Ta-
ble 2. The adaptive window size algorithm achieves a
low average error rate on all three scenarios. Similarly,
precision and recall are consistently high.

The behavior of the adaptive window algorithm is best
explained by looking at the window sizes it selects.
Figure 2 shows the average training window ranges.
The bottom of each graph depicts the time and extent
of concept drift in the corresponding scenario. For
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Figure 1. Comparison of the prediction error rates for sce-
nario A (top), B (middle), and C (bottom). The x-axis

denotes the batch number and the y-axis the average pre-

diction error.

18 |

17 —
16 —
15 | 2

14 |+ e

13 —

12 |+ —>2

11 | o—0

10 |

Batch

PNWAOON®O

! ! I I
1040 1300 1560 1820 2080

I
2340

0 260 520 780
Window Range
T T T T T
19 | — 4
18 | 1
17 |+ — -
16 | — -
15 —> E
14 |+ — -
13 | —> -
12 o—0 E
11 | — -
10 | E
= or ]
28 1
&7} g
66— e
50— B
4 p——---"-—7772 E
I p———2 4
2¢— i
14— m
o
-t
i
I I I I 1 1 1 1 1
0 260 520 780 1040 1300 1560 1820 2080 2340
Window Range
T T
19 |
18 | 1
17 | E
16 | — -
15 D —— E
14 |+ — -
13 | o -
12 E
11 | — -
10 | — -
= 9 ]
28 1
&7} g
6fFpo———————2 e
5p———m 4
44— -
Ip— E
24— -
14— —
I I I I 1 I I I I
0 260 520 780 1040 1300 1560 1820 2080 2340

Window Range

Figure 2. Window size and range for scenario A (top), B
(middle), and C (bottom). The y-axis denotes the batch
number. Each horizontal line marks the average training
window range selected at that batch number. The bottom
part of each graph depicts the location and type of the

concept shift.



Table 2. Error, accuracy, recall, and precision of all window
management approaches for all scenarios averaged over 10
trials with 20 batches each (standard sample error in paren-
theses).

Full No Fixed Adaptive
Memory | Memory Size Size

Scenario A:
Error || 20.36% 7.30% 7.96% 5.32%
(4.21%) | (1.97%) | (2.80%) || (2.29%)
Recall || 51.69% 74.42% 77.64% 85.35%
(8.37%) | (4.61%) | (6.07%) || (4.93%)
Precision || 64.67% | 91.29% | 87.73% 91.61%
(8.38%) | (5.10%) | (5.93%) || (5.11%)

Scenario B:
Error || 20.25% 9.08% 8.44% 7.56%
(3.56%) | (1.57%) | (2.00%) || (1.89%)
Recall || 49.35% 67.22% 73.85% 76.70%
(7.01%) | (5.04%) | (5.51%) || (5.42%)
Precision || 65.09% | 88.86% | 87.19% 88.48%
(6.80%) | (3.67%) | (4.18%) | (3.89%)

Scenario C:
Error 7.74% 8.97% 10.17% 7.07%
(3.05%) | (2.84%) | (3.30%) || (3.16%)
Recall || 76.54% 63.68% 68.18% 78.17%
(6.26%) | (5.27%) | (7.05%) || (6.34%)
Precision || 83.15% | 87.67% | 79.00% 87.38%
(6.69%) | (7.06%) | (8.09%) || (6.99%)

scenario A the training window increases up to the
abrupt concept change after batch 10, covering almost
all examples available for the current concept. Only in
batches 5 to 10 the average training set size is slightly
smaller than maximally possible. Our explanation is
that for large training sets a relatively small number of
additional examples does not always make a “notice-
able” difference. After the concept change in batch 10
the adaptive window size algorithm now picks train-
ing windows covering only those examples from after
the drift as desired. A similar behavior is found for
scenario B (Figure 2, middle). Since the drift is less
abrupt, the adaptive window size algorithm interme-
diately selects training examples from both concepts
in batch 11. After sufficiently many training examples
from the new distribution are available, those earlier
examples are discarded. The behavior of the adaptive
window size algorithm in scenario C is reasonable as
well (Figure 2, bottom). A particular situation occurs
in batch 12. Here the window size exhibits a large
variance. For 8 of the 10 runs the algorithm selects
a small training set size of one batch, while for the
remaining 2 runs it selects all available training exam-
ples starting with batch 1. Here there appears to be
a borderline decision between accepting 2 (out of 12)
batches of “bad” examples or just training on a single

batch.
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Figure 3. Average {a-estimates at different batches and for
varying training window sizes for scenario A. The dashed
curve marks the beginning of the window with the lowest
error estimate.

Further insight on how the algorithm selects the win-
dow size is gained from figure 3. It plots the average
Ea-estimate in scenario A over all batches and for vary-
ing window size. The zj-axis denotes the number of
the current batch (increasing from right to left) and
the zs-axis the batch of the window start. The dashed
line indicates the beginning of the window with the
lowest estimate in the batch. The graph shows that
the error estimate decreases with growing window size
in batches 1 to 10. After batch 10, the estimate accu-
rately reflects the concept change. The error estimate
decreases with training windows growing towards the
abrupt concept change. If the window is enlarged be-
yond this change, the estimated error increases steeply
as expected.

6. Summary and Conclusions

In this paper, we proposed a new method for han-
dling concept drift with support vector machines. The
method directly implements the goal of discarding ir-
relevant data with the aim of minimizing generaliza-
tion error. Exploiting the special properties of SVMs,
we adapted Ea-estimates to the window size selec-
tion problem. Unlike for the conventional heuristic
approaches, this gives the new method a clear and
simple theoretical motivation. Furthermore, the new
method is easier to use in practical applications, since
it involves less parameters than complicated heuris-
tics. Experiments in an information filtering domain
show that the new algorithm achieves a low error rate
and selects appropriate window sizes over very differ-
ent concept drift scenarios.

An open questions is how sensitive the algorithm is
to the size of individual batches. Since in the current
version of the algorithm the batch size determines the
estimation window, the variance of the window size 1s



likely to increase with smaller batches. It might be
necessary to select the estimation window size inde-
pendent of the batch size. A shortcoming of most ex-
isting algorithms handling concept drift (an exception
is Lanquillon (1999)) is that they can detect concept
drift only after labeled data is available. That is, after
the learning algorithm starts making mistakes. While
this appears unavoidable for concept drift with respect
to Pr(y|Z), it might be possible to detect concept drift
in Pr(Z) earlier by using transductive support vector
machines.
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Abstract

One of the most time consuming steps for the process
of knowledge discovery in databases (KDD) consists in
preparing the source data. On the one hand, problems
are raised by the large amounts of heterogeneous data
of doubtful quality to be processed. On the other hand,
since no universal tool is nowadays available to deal with
all the various analysis tasks required by a real appli-
cation, many different types of data mining algorithms
and tools have to be employed. Typically, they have very
strict and specialized input requirements. In this paper,
we propose a case-based-reasoning (CBR) framework for
the pre-processing step of the KDD-process. The aim is
less to entirely automatize pre-processing and mining tool
selection, but mainly to support the reusing of work done
for one KDD-task to similar ones. As a side effect, the in-
tegration of pre-processing operations supported by mul-
tiple machine learning (or data minig) will make the case
adaption at least partially automatic.

1 Introduction

The entire (information) society is in a somewhat paradox
situation: we are starving for knowledge while drowning in
data. Traditional approaches fail to release the knowledge
from the masses of available data. Two technologies are
emerging to reduce the gap:

1. data warehousing and on-line analytical processing
(OLAP) of data for the verification of hypotheses and

*A version of this paper appeared in the Proceedings of the 5th
Int. Conference on Multi-Strategy Learning, Porto, May 2000.

Regina Ziickert

Anca Vaduvat

t University of Zurich
Department of Information Technology
CH-8057 Zurich, Switzerland
vaduva@ifi.unizh.ch

2. knowledge discovery in databases (KDD) for discov-
ering new hypotheses.

Practical experience with these techniques have proven
their value. However, it is also apparent that using a
data warehouse for decision support or applying tools
for knowledge discovery are difficult and time-consuming
tasks. Therefore, it is currently still quite difficult to get
a high return of investment from using them. Definitely,
their main drawback is the pre-processing of data. If we
inspect real-world applications of knowledge discovery, we
realize that 50 - 80% of the efforts are spent on finding an
appropriate transformation of the given data, finding ap-
propriate sampling of the data, and specifying the proper
target of data mining, etc. Furthermore, pre-processing
is not only time-consuming, but also requires profound
data mining and database know-how. As a result, pre-
processing cannot be done by the common business peo-
ple, but only by a few highly skilled power users.

A further problem is the mass of data to be pre-processed.
Even if existing KDD-tools offer facilities to pre-process
data so far, they fail in achieving this task for real ap-
plications because they cannot deal with large amounts
of data. The reason is that data has to be first loaded
from databases into the KDD-environment and then in-
ternally processed by making use of extensive temporary
storage which becomes costly or even impossible for large
amounts of data.

To overcome the shortcomings of the currently existing
support for KDD, this paper addresses the following ob-
jectives:

1. Create a user-friendly KDD support environment
(KDDSE) for the non-expert user. In particular, the



focus lies on extending the already existing tools for
data mining with a user-friendly environment for data
pre-processing.

2. Provide reusable components for the expert-user
within the pre-processing environment. These com-
ponents may be either easily configured or effortlessly
extended for implementing new data mining applica-
tions.

3. Avoid the limitations imposed by todays tools where
the whole amount of data that has to be loaded, kept
and internally handled within the pre-processing en-
vironment.

4. Speed up the discovery process by reducing the
number and the complexity of trial and error pre-
processing and analysis cycles.

In order to reach these objectives, we propose an applica-
tion development framework called Mining Mart integrat-
ing techniques of CBR and multistrategy learning. The
framework provides a collection of cases which may be
either directly used and executed or reused for develop-
ing new ones. A case consists of the specification of a
business problem, the data to be analyzed and a chain
of pre-processing operators that are based on clever mul-
tistrategy learning. This framework may be used both,
by experts and non-experts: the end-user retrieves one
of the prepared cases, makes some simple adaption if re-
quired (e.g., the selection of another target segment) and
initiates the case execution.

In contrast, the highly skilled data mining power-user
uses the framework for creating new cases. The cases
already available provide useful building blocks and anal-
ysis chains for reusing, which should speed-up the cre-
ation of new business cases. One of the particularities of
our approach is the realization of the framework: unlike
in other KDDSE, we let the data to be stored further
on in databases and implement the pre-processing frame-
work beyond the database management system(DBMS).
In this way, we can make use of the inherent mechanisms
provided by DBMS in handling large amounts of data.
That means, the specification of the business problem and
the pre-processing operators belonging to a case are (in-
tensionally) stored in the form of metadata [Staudt et
al., 1999b; Staudt et al., 1999a). In particular, transfor-
mation specifications, database structures, configuration
parameters and statistical information are stored with an
appropriate granularity and in accordance with a suit-
able metadata schema in a repository. At runtime, the
specifications are read, interpreted, merged into an op-
eration chain and finally executed. The advantages are

Time | Imp.
Business understanding 20% | 80%
a) Exploring the problem 10% | 15%
b) Exploring the solution 9% | 14%
¢) Implementation specification | 1% | 51%
Data preparation & mining 80% | 20%
a) Data preparation 60% | 15%
b) Data surveying 15% | 3%
¢) Modeling (data mining) 5% 2%

Table 1: Steps of a KDD-project with time to complete
and importance to success

the reusability of metadata and the handling of large
amounts of data: cases may be either directly used or
easily edited and re-applied and - most importantly to
tackle objective 3 - they may make use of the facilities of-
fered by DBMS to execute the data transformations at
runtime. In this case, the system is called metadata-
driven and is based on a similar principle as the mod-
ern Extract/Transform /Load-tools like PowerMart (Infor-
matica, http://www.informatica.com) or Datastage (Ar-
dent, http://www.ardentsoftware.com).

The remainder of the paper is structured as follows: Sec-
tion 2 generally discusses aspects related to business cases,
KDD-processes and their relation to data warehousing. In
Section 3 we present our approach for data pre-processing.
Section 4 presents related work while Section 5 concludes
the paper.

2 Business Cases, KDD-projects
and Data Warehousing

Ideally, a KDD-project starts with a business case, which
could be solved or optimized by analyzing available data.
The typical steps of such a project are given in table 1
from [Pyle, 1999]. First of all, it should be noted that
the specification of how to use the expected mining results
plays a decisive role for the success of a project and should
be established in accordance with the company manage-
ment at the very beginning; the best mining results are
worth nothing, if they are not used. Furthermore, con-
sidering that the most time-consuming step is the prepa-
ration of data for mining (see table 1), both problems
could be solved in a related manner. The management
support for the use of the mining results as well as the
justification of the high data preparation costs are both
most easily reached if the KDD-project is integrated into
a strategic and repeatedly occurring business case which
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may then reuse the pre-processing efforts each time it is
executed.

For Swiss Life, a leading life insurance company of
Switzerland, there are several application areas where cen-
tral business cases could be supported by data mining
[Staudt et al., 1998], especially:

e Marketing
e Product development and controlling

o Business reporting

In this paper we will use the optimization of responses
to mailing actions in direct marketing as an illustrating
and well known example of such a problem. The aim is
to perform mailing actions to those addresses with the
highest probable rate of return. This business case® is
illustrated in Figure 1. On a more technical level it may
be described by the following steps:

0. Use an existing data warehouse (DWH) as base for
extracting the needed data.

1. Construct a household view on this DWH, which pro-
vides all relevant information in a form, that allows
the next step to be done by an end-user.

!Ling and Li [1998] describe another problem and solution anal-
ysis of this business case. However their analysis is based on the
assumption that existing customers have been acquired by mailings,
(i.e., they all are persons answering to mailings), which is not the
case in our setting, where most contracts are still sold by insurance-
agents and not by mailing-actions.

2.

10.

11.

12.

13.

Select the target segment, e.g. households,

(a) which have a child with an age below 2 and
which are not mailed since the birthday of this
child, or

(b) which have already bought a single-premium in-
surance, but this is more than two years ago, or

(€) ...

Select a random-sample from the target segment for
training and test, let’s say with size proportional to
20% of the budget. That means, if the budget is
X and a single letter cost Y a total of X/Y letters
may be sent. Spending 20% of the budget to get the
training/test data means selecting X/Y*0.2 house-
hold records from the target segment.

Export the addresses of this sample, do the first mail-
ing, and store the responses, i.e. label the sample.

Split the sample into training and test set.

Select/construct the relevant attributes for the cur-
rent response prediction task.

Train the selected mining-tool, which output could
be used to order (not just classify) the data.

Apply the data transformations done in step 6 to the
test data (as the mined pattern relies on these data
transformations)

Test the mined pattern on the test set, i.e get an
estimated response rate for the mined pattern.

Apply the pre-processing done in step 6 to the tar-
get segment; the mined pattern relies on this pre-
processing.

Select the best records (i.e., ordered by the mined re-
ponse pattern) from the target segment of step 2. In
accordance with the assumption in step 3, the selec-
tion set should be proportional to 80% of the budget.

Export the addresses of this selection and do the real
mailing.

Compute a final evaluation, and store all the mailing-
information (date, (non-) responses, segment, prod-
uct, mined pattern, data-transformations, evalua-
tion, ...) in the metadata repository, such that it
could be used as background knowledge for further
actions.
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Figure 2: The KDD Process

Considering the standard KDD-process [Brachman and
Anand, 1996] in Figure 2 consisting of five phases, step
0 corresponds to the end of second phase. The building
of a data warehouse (DWH) covers the first two phases
(selection & collection and integration & cleaning). Our
approach relies on an already built DWH, which is, in
fact, an ideal first step in setting up a KDD-process [In-
mon, 1996]. The interplay between data warehousing and
KDD is depicted in Figure 3. The data warehouse is
build by extracting, transforming, integrating, cleaning,
and finally loading the data from the operative systems.
In the figure, these data sources are labeled as OLTP
(on-line transaction processing) systems. While DWH is
still a relational, normalized and a mostly general-purpose
database, a data mart? contains application-specific and
aggregated data for an OLAP(on-line analytical process-
ing) application. Thus, data marts are not very useful for
data mining, since they usually do not contain the data
at the necessary level of detail needed for mining. For
example, the typical data mart for the monthly product
sales (number, value, ...) stored by region, product and
time, could not be used to analyze customer behaviour
with mining methods, as it does not contain any refer-
ence to specific customers, even if it is an aggregation of
customers buying behaviour®. As a consequence, a data
mining workspace has to be built on top of the data ware-
house, independently of the other data marts. Note in
Figure 3 that metadata of both data warehouse system
and data mining environment have to be integrated into
a (logically) central enterprise repository in order to man-
age the whole meta-information in a unified and consistent

2Note that no agreement exists regarding the distinction between
DWH and data mart in the DWH-literature.

3However, the hierarchical dimensions, e.g. for product, time and
region, of the data mart could be very useful background knowledge
for mining.
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Figure 3: Architecture of a Data Warehousing and KDD
Environment

way. The repository stores the connections between the
data warehouse and the data mining environment through
corresponding links between metadata elements.

As far as relevant for this business case, the basic structure
of our data warehouse is shown in Figure 4.

When we start the pre-processing phase on top of such a
DWH, we are faced with

e a normalized, multi-relational database as data
source, whereas most existing data mining algorithms
are single-table based,

e many features and tables which are only partially rel-
evant for the current business case,

¢ a data representation optimized for maintenance and
not for optimal use within a specific data mining tool
for a specific task (e.g., the DWH stores the birthdate
but for data mining the age is required).

For our mailing-case, this means that the mapping be-
tween DWH data representation and the specification of a
customer segment (step 2) is far from being trivial. So the
first step (1) has to generate a more application-oriented
view on top of the DWH schema. Inherently, it strongly
depends on the business case to solve. Since we are inter-
ested in households in our business case, the correspond-
ing view will reflect this. In contrast, the base-level for
product development would not be households, but insur-
ance contracts.

4Further information on this data warehouse, in particular a data
extract, are available on our Web for further experiments. It can be
obtained from http://research.swisslife.ch/kdd-sisyphus/.
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Figure 4: Schema excerpt from our DWH

The construction of the view already specifies the first
group of pre-processing steps to be handled (i.e., stored,
retrieved and adapted) by our case-based-reasoning sys-
tem. The other group is the one described in step 6. For
the same business case, step 1 does not need much adap-
tion for reuse since the same schema may be applied to
another target segment (i.e. to 2.b instead of 2.a). How-
ever, this is not true for step 6 as different target segments
may have very different properties, resulting in different
attributes relevant for predicting behaviour: as a general
rule it could be stated, e.g., that most households ad-
dressed by 2.a are not ensured so far, whereas for seg-
ment 2.b., the past insurance behaviour is very likely to
be important for predicting future behaviour.

3 A Case-Based-Reasoning Sys-
tem for Pre-Processing

This section discusses our approach 3 for supporting pre-
processing and implicitly data mining. As already men-
tioned, our aim is to build a system that supports the
design, storage and management of business cases that
may be directly used by end-users when solving a spe-
cific mining task. In addition, support for power-users is
needed to describe and store new mining tasks.

Figure 5 illustrates the use of the CBR-system. An end-
user comes up with a specific business task he wants to
solve with data mining (e.g., doing the mailing action as
described in the last section) and asks the system, if there
exists a case for this task. If one of the cases fits user’s
intention, he can apply it, otherwise he has to contact a
power-user to set up a new case.

5The work is embedded in the Mining Mart project. Information
may be found at http://www-ai.cs.uni-dortmund.de/
FORSCHUNG/PROJEKTE/MININGMART /index.eng.html
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Figure 5: The CBR Approach

To meet these requirements, a case must have two associ-
ated parts:

a) a business-case description for retrieval

b) a re-usable technical specification/implementation of
the KDD-process for this business case (e.g., the
machine-processable representation of the steps 1-12
of the mailing-case)

Since case-retrieval is not an issue of this paper, we assume
that a case is manually picked from a given list®, presented
to the user by name or by a graphic like the one in Figure
1. In the following, we will limit our focus on the repre-
sentation and re-use of the preprocessing operations for
data transformations, i.e. the pre-processing steps 1, 2, 3,
5 and 6, and the related data transformation operations
8 and 10 of the mailing-case. We will neither cover the
data mining (modeling) step itself (step 7 in the mailing-
case) nor post-processing (testing/evaluation/use, steps
9 and 11) in this paper. However, at least clustering,

SAs long as we are limited to the mining business cases for the
DWH of a single company or business unit this will probably be
sufficient. For the whole Mining Mart project there will be a work-
package concerned with business case description for retrieval.



e no ‘unknown’ (NULL) values are allowed for specific at-
tributes

e scalar and ordinal attributes have to be numeric

e nominal attributes must have character values or be rep-
resented as sets of boolean values

e no numeric or no non-numeric attributes are admissible

e not more than N different values are allowed for nominal
attributes

e always the same scale for numeric attributes is required
e no key attributes are respected

e input data must consist of a single flat table

Figure 6: Input restrictions of data mining tools

classification learning and regression could be formalized
as pre-processing operations constructing new attributes,
i.e., the new class, the predicted class and the predicted
value (see sec. 3.1.2) within our framework.

To start with, the goals of pre-processing are:

1. to provide the most relevant data for a certain task,

2. to provide the data in a form most suitable for min-
ing,

3. to fulfill the input restrictions of data mining tools
(Figure 6 lists some typical restrictions), and

4. to generate useful and necessary background knowl-
edge to be used for future tasks

Inherently, pre-processing is embedded in a certain case.
Important is, however, that the selection of the data min-
ing tool is part of the case as well. This frees the end-
user from the difficult task of selecting a data mining tool
(see Section 4.2) and ensures at the same time that pre-
processing exactly matches the input restrictions imposed
by the tool (see Figure 6). That means, the tool is selected
and integrated into a case when the case is designed. The
use of the tool during case execution is transparent for the
end-user.

In the following, we discuss how to adapt a case to reuse it
successfully on the new data. As we already showed, even
just the selection of another target segment from the same
DWH possibly requires different relevant attributes to be
considered. In our framework design, we integrate the ap-
proach of multistrategy learning (MSL) [Michalski, 1991;
Michalski and Kaufman, 1998] to solve this problem of
case-adaption to new data. In particular, we will com-
bine constructive induction [Mehra et al., 1989], with fea-
ture selection [Liu and Motoda, 1998b; Liu and Motoda,

1998a). Additionally, several base feature construction op-
erations are based on learning methods, e.g. discovering
optimal discretizations and groupings.

At a first sight, MSL seems to be a very promising ap-
proach to total automation, as it does not need large
amounts of currently unknown knowledge, but relies on
systematic or heuristic exploration on the space of pos-
sible data transformations. However, pre-processing and
mining real-world data using solely this approach is not
practicable; even heuristic MSL approaches will possibly
get lost in the huge search space of possible data transfor-
mations, and the advantage of not needing domain knowl-
edge becomes the disadvantage of not being able to use
such domain knowledge to restrict the search space to
a manageable size. Our case-based approach to integrate
pre-processing and data mining can be seen as an attempt
to set up an environment where available knowledge can
be used to specify some transformations and especially the
structure of the case manually, and where multistrategy
learning can be successfully used:

e to automatically solve manageable sub-problems
where corresponding knowledge is not available, and

e to locally optimize the adaptation of the case to new
data.

3.1 Atomic Operations of Pre-Processing

The base-operations of pre-processing investigated in this
paper are sampling and segmentation, feature construc-
tion within a table and over related tables, and feature se-
lection”. In our approach, feature construction and drop-
ping of base-features are separated, as features may be
needed for more than one feature construction operation
(e.g. the date of birth of a person is needed to construct
the age of the person, the entry-age into a contract, and
the end-age of a contract).

3.1.1 Sampling & Segmentation

Sampling and segmentation are used to reduce the number
of data records within the training data. The underlying
goals of these operations are the following:

e Improve speed and reduce memory requirements of
the mining tool

e Focus on rare or special cases

"In [Morik, 2000] the pre-processing of time data is investigated,
which will be part of the future Mining Mart, too.



e Rebalance the class distribution
e Specify a target group

e Use only clean data

These operations leave the number of attributes and the
data records unchanged, however the statistical properties
of the population may change dramatically. Sampling can
only be applied to one data table.

Examples

o Random sampling or splitting
Extracts data records out of the set of training data
by random generation.
Parameters: number of records to extract.

e Sampling based on typical cases / atypical cases
Extracts data records which fulfill the (a)typical case
within the training data.

Parameters: Condition of the (a)typical case.

e Segmentation
Extracts data records
segmentation-pattern.
Parameters: Segmentation condition (e.g. 2.a and
2.b).

which fulfill a special

e Data quality-motivated sampling
Extracts only data records with values having a cer-
tain degree of quality.
Parameters: Quality-condition (e.g. all records which
have less than 2 unknown values).

e Rebalancing
Noise-tolerant mining tools cannot be used to build a
classification for very unbalanced class distributions
(e.g. 95% — 5%, with 5% being an optimistic estimate
for responses of a mailing.), a sampling favoring the
members of the minority class has to be applied first.
Parameters: class distribution (e.g. 55% — 45%) after
rebalancing.

3.1.2 Attribute Construction within a Relation

Simple attribute construction creates a new attribute
within one data table or view. The new attribute is based
on one or more base attributes and groups their values into
a more general form. The total number of data records
is the same as before the operation. However, if base at-
tributes are replaced with newly created ones, the number
of distinguishable data records is possibly reduced (excep-
tion make relativation and rescaling).

Goals

e Improve data-coding relative to the capabilities of the
mining tool

e Create a new attribute which can be better used for
the mining task

Examples

e Discretization
Is applied to attribute(s) of the type ordinal or scalar
and creates a new attribute of the type nominal or-
dered
(ordinal/scalar — nominal ordered).
Parameters: base attribute(s), output attribute,
number of created intervals for the output attribute
(e.g. values of the income-attribute(s) are grouped
into i0, il..., i10).

¢ Grouping
Is applied to attribute(s) of the type nominal which
has/have no hierarchy and creates a new nominal un-
ordered attribute.
(nominal unordered — nominal unordered).
Parameters: base attribute(s), output attribute,
number of created groups, number of data records in
one group (e.g. profession descriptions are grouped
into groups of professions).

e Abstraction
Is applied to attribute(s) of the type nominal or scalar
and creates a new attribute of the type nominal or-
dered.(nominal, scalar — nominal ordered).
Parameters: base attribute(s), output attribute, hi-
erarchy, output of hierarchy level (e.g. looking at the
household level instead of person level).

o Relativation

Puts one attribute in relation to another attribute.
This works only on numeric or date attributes
and doesn’t change the number of different data
records.(numeric, date — numeric ordered).
Parameters: base attributes, output attribute, oper-
ation between the base attributes (e.g. calculating
the age from Sysdate and birthdate, calculating the
quotient of income and premium sum).

e Cleaning
Eliminates rare values of data records by creating a
new attribute.(any type — any type).
Parameters: base attributes, output attribute, which
value of the base attribute shall be replaced by which
new value (e.g. replacing the entry age of a person
smaller than one by one).



e Unknown elimination
Replaces unknown values with a specified new
value.(any type — any type).
Parameters: base attributes, output attribute, speci-
fied replacing value (e.g. replacing the unknown val-
ues of attribute age by the mean value or most fre-
quent value).

e Scaling

For all distance-based mining tools (e.g. clustering
and instance based learning) the scale of the numeric
attributes is very important, i.e. attributes with
larger values are more influential on the result. To
avoid this usually unintended weighting of attributes,
all attributes have to be rescaled, e.g. to a fixed stan-
dard deviation or interval. (scalar— scalar).
Parameters: standard deviation or interval

3.1.3 Multi-Relational Attribute Construction

Joins and aggregations are used to put information from
several related tables into one base table. To avoid un-
wanted changes of the target population distribution, the
object identity within the base table has to remain un-
changed (the number of different data records is still the
same after the operations). To avoid the loss of base-table
record-joins, outer-joins should generally be used, and to
avoid the duplication of base-table records, simple joins
must not be used for 1:N or N:M related tables (as this
would duplicate records in the base table; e.g., it is not
a good idea, to send duplicated mail to a household, for
every person and contract involved). Instead the aggre-
gation operations of this section have to be used®.

Goals
o Fit the single table requirement of most DM-tools
e Reduce the complexity for ILP-DM-tools

e Avoid unwanted changes of the population distribu-
tion.

8The design of these operations is in a way inspired by theo-
retical results in Inductive Logic Programming (ILP) on how to
translate determinate hornclauses into propositional logic [Dzeroski
et al., 1992; Kietz and Dzeroski, 1994], which are also used in the
ILP-system DINUS [Lavra& and Dzeroski, 1994] for propositionali-
sation. Newer and more general propositionalisation approaches like
[Alphonse and Rouveirol, 1999] are not used, as they are based on
duplications of records in the base-table, which does not seem to
be adequate in this context. Instead, we use operations inspired by
Description Logics (DL) [Brachman and Schmolze, 1985] and the
constructive induction operations of the DL-learning system KLUS-
TER [Kietz and Morik, 1994] to generate determinate features from
indeterminate relations. These relations will also be further investi-
gated in a future Mining Mart workpackage.

Examples

e Sum
Creates a scalar attribute, e.g. premium sum of a
product, income of a household.

e Min, Max
Creates a scalar ordered attribute, e.g. smallest,
highest premium sum of a product, smallest age of
a member of the household.

e Count different
Creates a numeric attribute, e.g. how many persons

a household has, how many insurance contracts a
household has.

e Count X =V
Creates a numeric attribute, e.g. how many children
has a household, how many different values has an
attribute.

e Exist X =Y
Creates a binary attribute, e.g. exists an insurance
contract of type 3a for one household.

e AIX=Y
Creates a binary attribute, e.g. are all insurance con-
tracts of a household of type 3a, are all persons of a
household adults.

3.1.4 Attribute Selection

Attribute selection drops attributes which should not be
in the mining input and/or result, since they are, e.g.,
clearly uninteresting, not usable or difficult or expensive
to measure for new data. The number of different data
records and also the number of the total data records re-
mains the same.

Goals

e Drop attributes which do not fit the input require-
ments of a data mining tool

e Drop attributes which are strongly dependent on or
the base of attribute construction for other attributes

e Improve processing speed

e Guide the build-in attribute selection process of the
data mining tool

Examples



e Feature / attribute selection
Only the important attributes are chosen as input for
the data mining tool. Selecting the attributes can be
done manually, through input-restrictions associated
with the mining tool or by feature selection methods
[Liu and Motoda, 1998b; Liu and Motoda, 1998a).

3.2 Construction of Pre-Processing Cases

The development process of pre-processing cases is per-
formed on training data. Each case has to be represented
by a chain of several pre-processing operations having spe-
cific parameters and a defined order of their execution. An
operation is either user-defined (so-called manual opera-
tion) or supported by an existing MSL tool. In order to
develop an optimal pre-processing chain, the power-user
has to execute several iterations to find the best fitting
(global optimized) chain of pre-processing operations and
MSL tools; the integrated MSL tools help him to auto-
matically find a locally optimized solution. After all iter-
ations are completed, several pre-processing chains with
mining results exist. The chain with the best result has
to be chosen as the best fitting one?. Then, this chain
is executed on the test and application data as well (e.g.,
steps 8 and 10 of the mailing case).

A single iteration on the training data consists of the fol-
lowing steps:

1. Chain specification. MSL tools are selected and man-
ual operations are either newly defined!? or existing
ones are reused. Operations have to be linked to build
the chain: each takes as input the result of the pre-
vious operation and passes the output to the next
operation.

2. SQL generation. Manual pre-processing operations
are generated as SQL statements.

3. Chain execution. The execution of SQL statements is
interwoven with calls of MSL tools which are stand-
alone executables. The whole chain performs the re-
quired data transformations; at the end of execution,
the data is ready to be loaded by the mining tool.
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Figure 7: Development and execution of manual opera-
tions

3.2.1 Handling Manual Operations

In Figure 7, the three steps are depicted for manual opera-
tions. During specification (1), the operation descriptions
(PP) are read, decomposed and mapped into reusable
SQL code parts (i.e., metadata elements) which are stored
in a repository according to a suitable metadata schema.
SQL statements are generated through the execution of
a Java program which takes as input the metadata el-
ements and brings them together in the required order,
with the required syntax. For example, when creating a
view, the metadata to be used includes the view name,
view attributes, transformation functions applied to orig-
inal attributes, constraints, the original tables with their
description elements (name, attributes, primary and for-
eign keys), etc. The SQL generation, also called compila-
tion (2), has as output an SQL statement which is stored
into the repository as well. The execution (3) of the state-
ment creates a view and either writes the definition of the
view into the data dictionary of the training database or
lets the view definition in the repository and only builds
the (net) connection to the database to get the required
data when the view is used (remote access).

Inherently, the repository also contains informations
needed to run the MSL tools (paths, configuration files,
etc). In this way, whole chains are stored into the reposi-
tory; parts of them may be reused. Besides reusability, the

9For future versions the other ones could be stored as variants
in the case base which help the adaption of a case to a new target
segment.

10For supporting operator specification, a visual programming en-
vironment is planed in the Mining Mart project. At present, SQL
is used.
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use of the metadata repository for development and execu-
tion provides a better documentation. Operations, chains
and tools may be accompanied by extensive descriptions
of their tasks, executions, required parameters, etc. The
fact that operations and their descriptions are managed
together in an uniform way increases the software qual-
ity and implicitly its maintenance. Additional statisti-
cal information regarding the used data is also available
in the repository, e.g., nominal and cardinal attributes,
response-rate, etc. Furthermore, the repository stores de-
scriptions of the business cases and the links to the op-
eration chains implementing them. This information is
needed by the end-user to choose the right business case
for execution.

3.2.2 Integrating MSL Tools into the Chain

Figure 8 shows a complete chain of pre-processing oper-
ations and MSL tools and also how SQL-statements are
generated from that. The chain contains different manual
pre-processing operations (PP) and MSL tool supported
pre-processing operations (MM) in a specific order. The
MSL tools are used to discover the parameters of the asso-
ciated manual pre-processor operations (i.e., of their suc-
cessors in the chain). Manual pre-processing operations
are translated into SQL-code. MSL tools are stand-alone
executables. The result of a SQL-statement is a view in
the database which acts as an intermediate result, i.e. the
view is needed as the input for a following MSL tool. In
turn, the result of a MSL tool is used as input parameters
of the associated SQL-code.

As an example consider the discovery of discretiza-
tion parameters as the task of a MSL tool. For a
given data set (i.e., the training data) and a num-

CREATE VIEW New_View (name,...
SELECT name, ...
FROM Partner;

, age_category) AS
, Discretization(age,18,’ADULT’,’CHILD’)

FUNCTION Discretization(age IN NUMBER, bound IN
NUMBER, valuel IN VARCHAR, value 2 IN VARCHAR2)
RETURN VARCHAR2 AS decoded VARCHAR2(50) :=NULL;
BEGIN

decoded:= DECODE(SIGN(age - bound), 1, valuel,
-1, value2, valuel);

RETURN (decoded);

END;

Figure 9: View with an attribute on which discretization
has been applied

ber of discrete values (e.g., 2) the MSL tool finds the
best mapping of intervals of the base-attribute (e.g.,
AGE) to nominal values of the new attribute (e.g.,
AGE_CATEGORY). The meaning of the mapping may
be {if AGE < 18 then AGE_CATEGORY = CHILD’,
else AGE_.CATEGORY = 'ADULT’}. That means, the
next operation takes as input the old attribute, AGE, the
automatically found parameter value, in our case 18, and
the two discrete values, ’"CHILD’ and ’ADULT"’ (see Fig-
ure 9) and generates an (intermediate or final) view that
has a new attribute AGE_CATEGORY taking only the
two discrete values.

After the whole chain is executed on the training data,
the final view and several SQL-statements exist. Since
the results of the MSL tools are now available, they may
be embedded into the SQL statements. These may be
merged and optimized to one statement (see Figure 8).
This statement or the single generated SQL statements
are executed on the test data (step 8 of the mailing case)
or the application data (step 10 of the mailing case).

4 Related Work

Precondition for the success of the Mining Mart frame-
work is the existence of a user-friendly and efficient KDD
environment. We intend to achieve this precondition
through a KDD support environment (KDDSE, [Brach-
man and Anand, 1996]) that advances the state of the
art of current KDDSEs (Section 4.1). Such an advanced
KDDSE will utilize research results for semi-automatic
process planning support as discussed in Section 4.2.

4.1 KDD Support Environments

The KDD-process itself is nicely defined in the CRISP-
DM process model [Reinartz et al, 1998]. The pre-



processing phase is the most time consuming task for
practical applications. Therefore we discuss the support
given by KDDSEs in this process. Data mining environ-
ments that support pre-processing generally only support
internal pre-processing of data already loaded into the
KDDSE. It is problematic, if not impossible, to force the
content of a data warehouse into the KDDSE before ap-
plying the first pre-processing operator. However, with
the announcement of the SPSS Clementine-Server and the
better integration of DB2 and IBM’s Intelligent Miner this
situation is currently changing. Another problem is, that
the result of a pre-processing operation is often stored ex-
tensionally. This makes the reuse of operations difficult
and furthermore, if a problem compounded of a series of
pre-processing operations is executed, several nearly iden-
tical copies of the original data set must be stored to pre-
vent the loss of the intermediate steps required for further
documentation and re-application purposes.

As an alternative, most KDDSEs allow the use of man-
ually specified SQL expressions. However, specifying
pre-processing operations in SQL is difficult, and the
user is forced to select a sample of the database (via
SQL) to be able to conduct the necessary pre-processing
inside the KDDSE. The pre-processing environment to
be developed in this project introduces support for in-
database pre-processing operations. Particular research
issues address the introduction of operations suited for
multi-relational databases. The importance of support
for multi-relational pre-processing is increasing with the
introduction of commercial KDDSEs supporting multi-
relational analysis (Kepler and Clementine after comple-
tion of the Aladin project). Multi-relational analysis is
the next step in the evolution of KDDSEs towards al-
lowing analysis of complex, large, and most importantly,
relational company data warehouses.

4.2 Semi-automatic
support

process planning

Beginning with the MLT-Consultant [Sleeman et al.,
1989] there was the idea of having a knowledge based
system supporting the selection of a machine learning
method for an application. The MLT-Consultant suc-
ceeded in differentiating the nine MLT learning methods
with respect to specific syntactic properties of the input
and output languages of the methods. However, there was
little success in describing and differentiating the methods
on an application level that went beyond the well known
classification of machine learning systems into classifica-
tion learning, rule learning, clustering, and sloppy model-
ing. Also, the STATLOG ESPRIT-Project [Michie et al.,

1994], which systematically applied classification learning
systems to various domains, did not succeed in establish-
ing criteria for the selection of the best classification learn-
ing system. It was concluded that some systems have gen-
erally acceptable performance; and in order to select the
best system for a certain purpose, they must each be ap-
plied to the task and the best be selected through a test
method such as cross-validation. Theusinger and Lind-
ner [1998] are in the process of re-applying this old idea
of searching for statistical dataset characteristics neces-
sary for the successful applications of DM-tools. An even
more demanding approach was started by Engels [1997].
This approach not only attempted to support the selection
of DM-tools, but built a knowledge-based process plan-
ning support for the entire KDD-process. Until today
this work has not led to an usable system [Engels et al.,
1997]. The European project MetaL now aims at learn-
ing how to combine learning algorithms and datasets. We
do not believe that this top-down knowledge-based ap-
proach will lead to an usable environment in the short
run, as it requires a large amount of very application-
specific knowledge. Furthermore, it is widely agreed upon
that even the manual KDD-process cannot be planned
ahead of time in detail. The utility of an operation can
often only be determined after a large number of further
operations is executed. It is apparent that not enough
knowledge is available to propose the correct combina-
tion of pre-processing operations. However, it is possible
to collect knowledge to exclude illegal, meaningless and
unsuccessful combinations of operations. Therefore, we
propose to use case-based semi-automatic process plan-
ning. Our goal is a system which supports a group of
experienced data mining and domain experts in creating
initial cases of the KDD-process for a specific application
(e.g. the mailing action) and a specific type of data (e.g. a
company’s data warehouse). The system then offers these
cases to domain experts, and supports them in repeat-
ing the KDD-process on new data of the same type (e.g.
the same data warehouse, updated with new data, the re-
sult of the last mailing, etc.) for a similar application (the
next mailing action). Hence, only the first use/creation of
a case will require substantial effort and DM-experience,
whereas all further uses of this case will be much quicker
and more inexpensive. Additionally, a larger number of
data mining applications can be executed with a limited
number of available DM-experts. This case-base may even
be useful to acquire knowledge about the KDD-process it-
self, e.g. by the Meta-Level Learning Methods developed
in MetaL. This information could be utilized for more so-
phisticated process-planning support of initial cases for
new applications.



5 Conclusion

The Mining Mart framework described in this paper
builds on the insight that current approaches for achieving
the objectives described above tend to ignore theoretical
results, which have been proven that no algorithm can
claim to be systematically better than any other on every
problem [Wolpert and Macready, 1995], and that nobody
has yet been able to identify reliable rules for predicting,
that one algorithm should be superior to others, i.e. a
total automation of the KDD-process is not possible.

A constraint based graphical user interface based on the
KDDSE Kepler [Wrobel et al., 1996] utilizing metadata,
shall guide users through the knowledge discovery task.
The highest possible degree of automation for this pro-
cess will be the aim of this project. However, as reasoned
above, it cannot be expected that the user simply asks a
high level question and selects a data set to be analyzed
and everything else is done automatically. In particular,
the task of proper transformation of the given data into a
format that can be successfully analyzed by the available
algorithms is difficult. As discussed above, testing of all
possible approaches through pure multistrategy learning
is currently not practical because the required computa-
tional power is not accessible for any single user. However,
user that have access to the Mining Mart can search the
case-base for suitable solutions to their task at hand. If
no proper solution is found, the task will be posted as a
new challenge to the knowledge discovery experts.

The main innovation of this project will be the deep inte-
gration of the different research directions currently acces-
sible only to experts into an uniform environment usable
also by data mining non-experts.
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Abstract

The overall objective of the European IST SPIN!-project is to develop a web-based spatial
data mining system by integrating state of the art Geographic Information System (GIS) and
data mining functionality in a closely coupled open and extensible system architecture. The
state of the art in data mining will be advanced by adapting methods from machine learning,
esp. inductive logic programming, and Bayesian statistics, esp. Markov Chain Monte Carlo, to
spatial data analysis. The state of the art in GIS will be advanced by developing new methods
for the visualization of spatial and temporal information.

Spatial Knowledge Discovery

The GIS revolution in the early 1980s has brought about an explosion of geographically
referenced information, wherein much of the data is also temporally referenced. This poses
great challenges to commercial enterprises and government organizations that have been left
with few tools to extract and to disseminate useful information from these huge amounts of
data.

Internet enabled GIS

In the last few years a new generation of Geographic Information Dystems has been emerging
that enable interactive, dynamic maps to be disseminated via the Internet (Andrienko and
Andrienko 1999b, Dykes 1997, Gitis et al. 1998, Openshaw et al. 1998). While being an
exciting development for automating cartography, most of these systems are confined to
projecting descriptive statistical displays, such as histograms or pie charts, onto geographical
space (maps). Using these projected map displays, more advanced decision making and
inference is not always straight-forward. Although the human visual system is highly
effective in identifying patterns, this process is subjective and can be influenced by systematic
errors (cf. e.g. Diaconis 1985). Secondly, it is very hard to visualize attribute interaction on a
map having more than a few dimensions. Hence, complex multi-variate dependencies are
easily overlooked.

Data Mining

Searching for multi-variate dependencies is where data mining promises great benefits. Data
mining is the partially automated search for hidden patterns in typically large and multi-
dimensional databases. Data mining techniques have been developed in areas such as machine
learning, statistics and database theory (Fayyad et al. 1996; Klosgen & Zytkow 2000). Some
of these techniques, such as k-nearest neighbor, are extensions of statistical techniques known
for a long time. Others, especially from the area of machine learning and inductive logic
programming (ILP), are essentially new (ctf. Mitchell 1997 for a good introduction).

These techniques have been packaged in so-called data mining platforms. A data-mining
platform is a software environment providing support for the application of one or more data-
mining algorithms. Some platforms provide user friendly interfaces and visual programming
environments that a non-expert can also use. Interest in data mining has boomed in recent
years, fuelled by advances in data warehousing.




The process of finding patterns and extracting useful knowledge ftgm data is known as the
knowledge discovery cycle. Data mining is a part of this larger cycle. The cycle comprises the
steps of data access and selection; data-cleaning and transformation; data mining (the analysis
step); and visualization and interpretation (fig. 1).

Comprehensive data mining systems aim to support all stages of this cycle. Knowledge
discovery has been applied to many kinds of problems, including stock market prediction,
credit scoring, astronomical classification, and molecular biology (for a comprehensive
overview, see Klosgen and Zytkow, 2000).

Data Access &
Selection

=T -
———r— i

Visualization &
Interpretation

Transformation

Data Mining

Figure 1: Knowledge discovery cycle, comprising the steps of data access and selection,
transformation, data mining (analysis), interpretation and visualization.

Combining data mining and GIS

What benefits does data mining offer for the GIS user? Data mining and geographical
information systems are best seen as complementary tools for describing and analyzing data.
Whereas in GIS the user guides the search and generates hypotheses, data mining partially
delegates this task to the computer, preselecting and presenting to the analyst only those
patterns deemed most interesting (according to some measure of quality). Whereas GIS relies
on visualization in geographical space, data-mining is hunting for patterns in multi-
dimensional abstract space. Whereas a GIS query lets the user view what is inside the
database, data mining typically performs inductive generalizations, generating patterns whose

' Note that terminology is not consistent here; the terms data mining and knowledge discovery are
sometimes used synonymously.



logical content exceeds the content of the database, producing new and sometimes surprising
knowledge.

Both techniques are essentially exploratory, leaving the final decision of whether a hypothesis
is an important new finding (a “nugget” in data mining language) or just an artifact to the
analyst.

How are spatial data handled within the knowledge discovery cycle? Although many data-
mining applications deal at least implicitly with spatial data they essentially ignore the spatial
dimension of the data, treating them as non-spatial (exceptions in the data mining community
are Koperski & Han 1997, Ester et al. 1999, Klosgen 1998).

This has ramifications both for the analysis of data and for their visualization. First, one of the
basic tasks of exploratory data analysis is to present the salient features of a data set in a
format understandable to humans, and visualization in geographical space is known to be
much easier to understand than visualization in abstract space. Secondly, results of a data
mining analysis may be sub-optimal or even be distorted if unique features of spatial data,
such as spatial autocorrelation (cf. Haining 1991), are ignored.

In sum, convergence of GIS and data mining in an internet enabled spatial data mining system
is a logical progression for spatial data analysis technology. Related work in this direction has
been done by Koperski and Han (1997) and Ester et al. (1999); an integration has also been
proposed by MacEachren and Wachowitz (1999). The range of application areas is huge and
there are many different types of applications in statistical analysis, urban planning,
environmental decision making, and geomarketing.

The SPIN!-project

This paper describes the most comprehensive and ambitious attempt to bring together some of
the best results in Data Mining and interactive thematic mapping to date, carried out under the
European Commission Fifth Framework IST programme (IST-1999-10536 SPIN!). Partners
come from five different European countries: Germany, Italy, Netherlands, UK, Russia. The
project started in January 2000, its duration is 3 years. It is co-ordinated by GMD.

Building a spatial mining system is a demanding interdisciplinary task, requiring expertise in
many fields including Geographic Information Systems, cartography, statistics, machine
learning, and databases, as well as software engineering skills. The consortium has been
chosen to reflect these skills. It includes

e a university and a national research center for computer science active in the areas
of Data Mining, Statistics, Machine Learning, and GIS: University of Bari, Italy;
German National Research Center for Information Technology (GMD), Bonn,

e an institute for geography active in exploratory spatial data analysis: School of
Geography, University of Leeds, UK,

e two industrial partners active in data mining and Geographic Information Systems:
Dialogis Software & Services GmbH, Bonn, Germany; Professional GeoSystems
(PGS), Amsterdam, Netherlands; and, on the application side,

e two universities having a leading role in the dissemination of statistical data in the
UK: Metropolitan and Victoria University, Manchester, MIMAS project; and

e two institutes active in seismic data research: IITP, Russian Academy of Sciences,
Moscow; GeoForschungszentrum Potsdam, Germany.



The overall objective of SPIN! is to develop a state of the art, extendable and internet-enabled
GIS-Data-Mining platform. Data mining and GIS are quite complex tools with wide ranging
functionality, so the SPIN! Consortium does not propose to start from scratch, but to build on
existing tools. In recent years, a number of project partners have developed the technological
components and scientific tools that are needed to develop the kernel of this type of spatial
data mining system. During the project these individual efforts and the associated expertise
and experience will be united in a joint effort to develop and integrate the missing pieces.

Specific application areas chosen for the project are volcano and earthquake research and
decision support for urban development plans. Applications outside the SPIN!-project will
include environmental issues, especially biodiversity (May 1999).

Method: c45  Crestion Date: 1212:51 PH 3-Dec-38 MSingl; [Wdcs  [Coaion[)
PROD_PERS (@isk: M <4_000 M 4_000-10_500)  10_500-19_000 M >15_000 3elected value for target atribute CONTINENT:
horizontal =] [¥fr [ verviewwindow | Expand all Africa
rﬁ’/\\“‘\ B6 45 B02% 0151
ey e
_‘Lgnm%wmw% TZO(E3%) 140 (11%) B6 45 B82% 0141
pon =74

70 46 657% 0141
70 46 B57% 0141

=
Z] 1954 1854 (44%) » 110 (56%)
INF_MORT > 7.4

[+[RELIGION |

70 456 B57% 0141

gl
gl
£l
gl
I] 76 47T B618% 0141
£l
-l
]

71 46 B48% 0141

-

77 47 B10% 0141

784% 0141

nou

B48% 0141

97 B4

GAM cluster

INFLATION =< 2.1 | |INFLATION = 2.1

Kepler decision tree

DTH_RATE (@1=ki)=(8.75-+Inf, LFE_5(P_F (dIsk=( NFBE6]
51 objets (30.9% of the total); Aica: 40 (78.4%); quality=01428

Kepler subgroup discovery

Figure 2: Elements of SPIN!. From left to right: Lava map viewer, interactive classification
produced by Descartes, topography relief in Geoprocessor spatial clusters found by GAM,
visualization of decision trees and subgroup mining in Kepler.

SPIN!: The Elements

This section describes the existing systems that will be extended and integrated during the
project (fig. 2). To describe the functionality of the SPIN!-system, it is useful to distinguish
five levels of functionality.

Level 1: Data access and management

The basis functionality will be provided by the data mining platform Kepler, jointly
developed by GMD and Dialogis (Wrobel et al. 1996). Besides its data mining methods,
discussed below, it already provides the following features:

® data access to heterogeneous data sources (JDBC-compliant databases, flat files,
spatial data interfaces etc.), also over the internet,



® data transformation capabilities for discretization, restriction, projection, union,
join, and calculated rows,

e exploratory non-spatial visualization using histogram, scatter-plots, or pie charts,

e facilities for organizing and documenting analysis tasks.

Special features of Kepler are: its plug-in architecture that allows to integrate third party
analysis tools; the capability to analyze multi-relational (multi-table) data without performing
explicit joins; and its support for inductive logic programming tools (Wrobel et al. 1996).

The current architecture will be redesigned to allow for a seamless integration with the other
components, including accessing and organizing geometry data, map objects etc. and handling
basic server-side tasks such as multi-user access and security.

Level 2: Internet-enabled Geographic Information System for displaying maps

As a basic map viewer we use the Lava/Magma system developed by PGS. It can display a
map consisting of several layers and supports basic operations such as zooming, panning,
querying features and changing visual properties such as colour, fill styles, drawing of labels.
The client is implemented in Java and is operable over the internet. An important reason for
using it is its advanced caching mechanism, leading to good scalability (van den Berg et al.
1999).

Level 3: Interactive thematic mapping for visualizing statistical data

For visual exploratory spatial analysis the Descartes module for interactive manipulation of
statistical maps is used (Andrienko & Andrienko 1999b). To provide automated visualization
of thematic maps, Descartes incorporates the knowledge of thematic cartography in the form
of generic, domain-independent rules. To choose the adequate presentation techniques for
given data, it takes into account data characteristics and relations among data components or
attributes. The automation of map generation releases the user from the necessity of thinking
about how to present the data and from the routine work of map building; it allows the user to
concentrate on the analysis of his data. Among its features are linked displays, interactive
cross-classification, box-plots and a module for temporal visualisation. The latter will be
greatly extended and improved during the project (cf. Andrienko et al., this volume).

Level 4: Spatial cluster detection

Descartes can be used for interactive, visual identification of spatial clusters. Yet the SPIN!-
system also contains modules for performing this search automatically. The objective of the
Geographical Analysis Machine GAM (Openshaw 1998, Openshaw et al. 1999) is to look for
local spatial clusters without knowing in advance where to look. GAM works by examining a
large number of overlapping circles of varying sizes that completely cover a region of interest.
E.g., to identify cancer clusters, it uses a population at risk count and an incidence rate,
comparing the relative frequency for instances within a circle with an expected value;
statistically significant circles are then retained. Then a kernel smoothing procedure is applied
to the circles to produce a smoothed density surface, giving results as displayed in fig. 2.

Whereas GAM looks for a single attribute, a second tool, the Geographic Exploration
Machine GEM (Openshaw 1998) can take also account attribute interaction. Since search in
large attribute spaces leads to a combinatorial explosion, a main task of SPIN! will be to find
more efficient search strategies; some initial tests using genetic algorithms have already been
performed.



Level 5: Explaining clusters and spatial phenomena

Assume we have found a spatial cluster or interesting classification, using either the
interactive approach of Descartes or the automated search of GAM. What attributes are
associated with a cluster that could potentially explain it? To answer this question, spatial and
aspatial analysis methods can be applied.

It is generally accepted that there currently exists no single best data mining method.
Available methods differ in terms of complexity, representational power, accuracy,
comprehensibility, and assumptions made about the data. It is therefore important that users
have access to a variety of spatial data mining methods. Kepler already contains a variety of
non-spatial data mining methods for k-nearest neighbor, decision and regression trees,
association rules, subgroup discovery, and rule-based methods from inductive logic
programming. It also provides visualizations for these methods in abstract space.

In developing SPIN! the state of the art in spatial data mining will be advanced along several
routes. Since all these methods can be launched within a single, coherent platform, the project
can also contribute to a comparison of the relative strengths and weaknesses of the methods
and develop guidelines for their use in spatial mining.

In a GIS spatial query module, a user can ask questions such as “show me all houses with
more than 5 rooms within 1 km distance to a kindergarten, and close to a shopping center”.
The database returns all instances satisfying this rule. In this case, the user already knows the
rule. But what if we do not know a rule but have some positive and negative examples? E.g.
we know several places where a rare plant species occurs and would like to know what
environmental site conditions are favorable for their occurrence. This may include topological
features such as being close to a river. While traditional attribute-value based learning
methods have difficulties in expressing topological features such as close to,
adjacent to etc. in a natural and general way, they can be easily expressed in first-order-
logic.

This makes inductive logic programming (ILP), which uses a first-order representation, a
natural and promising approach to many forms of spatial data mining. During the project we
will specifically investigate spatial association rules and subgroup discovery (Malerba et al.
1998, Klosgen 1998, Wrobel 1998). A further topic is the automated interpretation of
topographic maps (Esposito et al. 1998). In this case, symbolic first-order descriptions of cells
of a map are automatically extracted from a vector representation of maps stored in an object-
oriented database.

In a second line of research we approach Bayesian statistics. In the last years computationally
intensive Bayesian methods have been developed that compare favorably with classical
approaches. Instead of selecting an “optimal” model they generate a whole distribution of
models which characterize their uncertainty in the light of the available data. Paal and
Kindermann (1998) have developed Bayesian classification methods based on Markov Chain
Monte Carlo which use a Bayesian ensemble of decision trees or neural networks. These
methods have already been successfully applied to other areas and will now be adapted to
spatial data.

A third line of research is the work already mentioned that combines the GAM approach with
search along the temporal dimension and in larger attribute spaces (Openshaw et al. 2000).



The way data mining results are presented to the user is crucial for their appropriate
interpretation. The approach to be taken is a combination of cartographic and non-
cartographic displays linked together through simultaneous dynamic highlighting of the
corresponding parts (Andrienko et al. 1999).
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Figure 3: SPIN! architecture. Data are stored in spatial and non-spatial databases
or flat files. Analysis and visualization modules can be plugged into the system by

State of integration

In the ESPRIT project CommonGIS, Descartes and Lava/Magma have already been integrated
in a demonstrator (see contribution to this conference). There also exists a version of Kepler
that is integrated with Descartes (Andrienko et al. 1999a) and first experiments with GAM
running inside Kepler are underway. The challenge is now to combine this vast amount of
functionality in a coherent system (fig 3). This will lead to a redesign of significant parts of
the currently existing systems. Data are stored in spatial and non-spatial databases or flat files.
Analysis and visualization modules can be plugged into the system by implementing an
extension API. Clients can access the server over the internet. The technology used for
implementing the architecture will be Enterprise Java Beans.

Applications

Seismic Data

The system will be used in several applications. One application area is volcano research and
hazard management. The Merapi volcano in Central Java, Indonesia, is one of the most active
volcanoes in the world. It has been classified as a high-risk volcano and included in the list of
15 Decade Volcanoes. In co-operation with the Volcanological Survey of Indonesia and other



institutions in Indonesia and Germany, the GFZ initiated an interdisciplinary monitoring
program in 1994.

Continuous monitoring of the volcanic activities of Merapi (such as gas emanation,
seismicity, deformation) as well as repeated measurements (geomagnetism, geoelectricity and
gravity) are conducted within the MERAPI-project. Geological investigations are carried out
in situ and in laboratories. Additional information about the population, landuse,
infrastructure etc. will be collected and combined with the existing data about volcanic
activity. The analysis of all the different data will give a better understanding of the volcanic
activities and help the local authorities react in case of an eruption. Early warning and good
knowledge about the infrastructure and population in this region may save human life. It is
planned to utilize the SPIN!-system for the following tasks:

e Estimation of possible future eruption;

e Building interactive hazard maps and combining them with information about land
use/land cover, infrastructure and population in order to make a damage assessment;

e Dissemination of information for volcano risk mitigation over the internet.

Another objective is to adapt the generic SPIN!-system to the specialized application area of
earthquake and volcano research and hazard assessment by integrating methods for natural
hazard assessment that have been developed by IITP and implemented in the Geoprocessor
system (Gitis et al. 1995, Gitis 1998).

Census data

A second application area is the analysis and web-based dissemination of census data from
statistical offices. Test data will be taken from the UK 1991 census. Work will be done
collaboratively with the UK Office for National Statistics, which currently together with
MIMAS is planning the tools and services for public access to the forthcoming UK national
census in 2001.

To focus the application, we chose as our topic the public debate over Unitary Development
Plans (UDP) in the United Kingdom (Petch and Gibson, 2000). The district chosen for
investigation was Stockport, one of the ten Metropolitan Districts of Greater Manchester, UK.
The UDP has eight main areas of policy, Environment, Countryside and Open Space, Housing
and Population, Economy, Shopping, Transportation, Leisure and Community Facilities and
Minerals and Waste Disposal. We will focus on Housing. The main requirements for Housing
relate to the three main tasks in the development process, i.e.

e Forecasting numbers of houses needed

e Allocation of land

e Development control.

Under these headings we currently work on prioritising several of data processing issues
based on their importance in the whole process of housing development and on the nature of
the SPIN! objectives.

In a related application, the project aims to develop a detailed concept for a web-based
information brokering service with georeferenced data as a foundation for a cost-effective
dissemination of data. Web-based, interactive Spatial Mining can add a tremendous value to
the mere distribution of data. This added value can be the key for commercializing the
distribution of data for statistical offices, public agencies, and scientific institutions.



Conclusion and future work

The architecture of the SPIN! spatial data mining system was outlined. A first prototype of
this system is expected by the end of 2000. It will combine a suite of existing data mining,
spatial analysis and spatial visualization approaches in a coherent design. In the next stage,
novel spatial analysis methods from machine learning to Bayesian statistics will be integrated
and suitable visualization tools provided.
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1. Einleitung

MediBook ist ein Kooperationsprojekt der medizini-
schen Fakultét der Justus-Liebig-Universitéat Gief3en
(Erstellung der Inhalte) und des Lehrstuhls KOM der
Technischen Universitét Darmstadt (Entwicklung der
technischen Plattform). Es wird vom Hessischen Mini-
sterium fur Wissenschaft und Kunst gefordert, um die
traditionelle Lehre in den ersten Semestern des Medi-
zin-Studiums um ein flexibles, zeit- und ortsunabhéngi-
ges System zum Selbstlernen zu erweitern.

Esist ein Werkzeug zum Speichern, Verwalten und vor
allen Dingen Auffinden und Kombinieren von Lernres-
sourcen. Es bietet Hilfsmittel, um einerseits bestehende
Ressourcen zu beschreiben und in einen Zusammen-
hang zu stellen und andererseits einzelne Ressourcen zu
einer Einheit, einem Kurs zu verbinden.

MediBook ist somit eine medizinische Wissenshasis
mit einem effizienten Zugriff und Werkzeugen, um aus
einzelnen, unzusammenhéangenden | nformationseinhei-
ten einen kohérenten Kurs zu erzeugen.

Wissensbasis

Der Wissensbasis liegt eine formale Darstellung des
Gebietes der Medizin zu Grunde (siehe Abschnitt 4.).
Diese formale Darstellung enthélt die “ Grundwahrhei-
ten” der Medizin: Die wichtigen Begriffe (Concepts) -
z.B. Niere, Aspirin, Bakterie - sind durch semantische
Relationen miteinander verbunden - z.B. Dickdarm ist-
Teil Verdauungssystem. In MediBook heif3t diese for-
male Wissensreprasentation ConceptJpace.

Den Modulen - in MediBook M edienbausteine genannt
- sind Begriffen zugeordnet. Jeder einzelne ist durch

M etadaten beschrieben. Unter anderem werden hier die
physikalische GrofR3e der Ressource, die Rechte, das Er-
stellungsdatum, aber auch padagogische Eigenschaften
gespeichert. Wir verwenden als M etadaten-Schema LOM
(Learning Object Metadata). Dieser |IEEE-V orschlag ist
ein weitverbreiteter Entwurf zu einem internationaler
Standard, um Lernressourcen zu beschreiben (siehe Ab-
schnitt 3.). Auf diese Weise kénnen auch andere Systeme
auf die MediBook-Ressourcen zugreifen. Damit wird
eine Wiederverwendung maglich.

Zusatzlich werden die M edienbausteine miteinander
durch rhetorisch-didaktische Relationen verbunden, so
dass ein Zusammenhang zwischen ihnen (z.B. Medien-
baustein A erkléart Medienbaustein B) hergestellt werden
kann.

MediBook ist offen flr Ressourcen unterschiedlichsten
Formats. Die einzelnen Informationseinheiten kénnen
Text, Bilder, Video-Filme, Audio-Dateien oder Anima-
tionen sein. Sie kénnen Informationen, Fallbeispiele,
Thesen, Motivationen oder Aufgaben enthalten. Schon
bestehende Ressourcen sollen eingebunden werden, da-
mit eine effiziente Wiederverwendung der oft sehr auf-
wandig erstellten Multimedia-Elemente moglich wird.

Der Ansatz, die Medienbausteine auf den unterschiedli-
chen Ebenen (LOM, rhetorisch-didaktische Relationen
und die Zuordnung zu einer formalen Wissensreprasenta-
tion) zu beschreiben, ist nicht auf die Medizin be-
schrankt. FUr ein anderes Wissensgebiet missen die
Begriffe des ConceptSpace definiert und gegebenenfalls
die Menge der semantischen Relationen erweitert wer-
den.



Szenario

Es gibt drei Rollen, die von MediBook unterstiitzt wer-
den:

e Autor: Der Autor ist ein Mediziner, der in der zu leh-
renden Domaéne ein erfahrener Experte ist. Die Auf-
gabe des Autor ist es, die Wissensbasis zu erstellen.
Diese Aufgabe besteht aus drei Teilen: Generierung
des ConceptSpace, Einbinden der eigentlichen Inhalte
(Medienbausteine im MediaBrickSpace) und Verbin-
den der Medienbausteine mit den entsprechenden
Begriffen.

e Lehrende: Der Lehrende, auch ein Mediziner, trifft
eine Auswahl aus allen Medienbausteinen fir Studie-
rende und bestimmt deren Reihenfolge und die Glie-
derungsebenen. Damit er sich in der Wissensbasis
zurechtfindet, muss das System ihn in geeigneter
Weise unterstitzen. Durch die im Benutzerprofil
gespeicherten Daten Uber den Lehrenden kann das
System adaptiv den relevanten Ausschnitt der Wis-
senshasis anzeigen.

Er hat zusitzlich die Moglichkeit, Ubergangsseiten
zwischen den einzelnen Medienbausteinen zu gene-
rieren.

¢ Lernender: Der Lernende hat entweder die Moglich-
keit, einem Vorschlag eines der Lehrenden zu folgen
oder kann selbst auf der Wissensbasis navigieren,
wobei er die gleichen Hilfsmittel wie der Lehrende
benutzen kann. Bei individuellen Benutzerprofilen ist
eine adaptive Anpassung der Wissensbasis moglich.
Der Lernende hat aber nicht die Méglichkeit, einen
Kursfir andere zu erstellen.

Ausblick

Zur Zeit sind als Lernende M edizin-Studierende vorgese-
hen. Durch inhaltliche Erweiterungen der Wissensbasis
(eine Systemerweiterung ist nicht notwendig) kann Me-
diBook auch als Weiterbildungssystem fiir Arzte oder as
I nformationssystem beispielsweise fir Patienten und ihre
Angehorigen verwendet werden.

Die Mdglichkeiten fur die Lernenden, Annotationen vor-
zunehmen, Bookmarks zu definieren oder interaktive
Tests zu bearbeiten, kbnnen in weiteren Schritten gebo-
ten werden.

Esist erstrebenswert, insbesondere, wenn das MediBook
von einem heterogenen Lernerkreis benutzt wird, dass
das System selbst die Generierung der Lektionen und
Kurse vornimmt. Dazu ist ein erweitertes Benutzerprofil
und ein regelbasiertes Systemmodul notwendig, das die
Eintrége des Benutzerprofils mit den Beschreibungen der

M edienbausteine vergleicht, um die relevanten Bausteine
zu finden und als einen Kurs mit Inhaltsverzeichnis zu
prasentieren.

2. Architektur

Die Gesamtarchitektur von MediBook integriert den Zu-
griff auf Informationssysteme unterschiedlicher Auspré
gung, die zudem noch an verschiedenen Standorten
verwaltet werden. Dies erfordert eine Broker orientierte
Middleware, die eine Zusammenfihrung und I ntegration
der Metadatenbeschreibungen fir die Kursmodule zu-
sammen mit der formalen Wissensrepréasentation des
Fachgebiets ermdglicht. Zusétzlich wird dadurch die ver-
teilte Datenhaltung fur die Benutzer des Systems transpa-
rent, sodass ein virtuelles Gesamtsystem entsteht. Wie
man an Abbildung 1 sieht, erfolgen alle Zugriffe der Cli-
ent-Tools auf die in MediBook verwalteten Informatio-
nen Uber diese Komponente. Das schlief3t sowohl die
Zugangskontrolle und damit das Benutzerprofil, als auch
alle Retrieval-, Erfassungs- und Kompositions-Werk-
zeuge ein.

Technisch wird der transparente Zugriff auf eine verteilte
Wissensbasis durch eine query-basierte Vernetzung der
einzelnen Datenbanken realisiert. Im Gegensatz zu in-
dexbasierten Techniken, bei der die Datenbanken kom-
plette Indizes ihrer Inhalte austauschen und die dadurch
sehr performante Antwortzeiten liefern kénnen, ermog-
licht die query-basierte Vernetzung einen einfachen Auf-
bau und Erweiterung der kompletten Wissensbasis. Als
mogliche Protokolle zur Kommunikation zwischen den
Datenbanken kann ein auf XQL basierendes Anfragepro-
tokoll verwendet werden. Als Alternative hat die Open
Archives Group ein einfaches offenes Anfrageprotokoll
spezifiziert, mit dem beliebige Datenbanken abgefragt
werden koénnen. Dieses Protokoll verwendet allerdings
zur Suche nur einen sehr eingeschrankten Satz von Meta-
daten. In MediBook wird zur Beschreibung und Verwal-
tung der einzelnen Kursmodule und der vollstandigen
Kurse der leicht erweiterte Learning Object Metadata
(LOM) 4.1-Entwurf der |EEE verwendet. Entsprechend
wurde fur MediBook ein eigenes, auf LOM basierendes
Anfrageprotokoll entwickelt. Datenbanken, die LOM-
Daten speichern und verwalten und in die MediBook-
Wissensbasis integriert werden sollen, senden eine Be-
schreibung der von ihnen verwalteten Daten an einen
zentralen Content Location Service. Dieser Service wird
von alen Retrieval-Diensten vor der Anfrage an die Wis-
sensbasis kontaktiert. Der Content Location Service
wahlt anhand der Beschreibungen geeignete Datenban-
ken fir die Anfragen aus und fuhrt sie durch. Die einzel-
nen Anfragen werden von diesem Dienst gesammelt und



aufbereitet und dann an die aufrufende Komponente
Ubermittelt. Als Datenbanken werden bei MediBook so-
wohl relationale Datenbanken wie Oracle 8 und DB2 von
IBM, als auch die XML-basierte Datenbank Tamino der
Software AG verwendet. Entsprechend muss das Anfra-
geprotokoll auf alle Datenbanksprachen umsetzbar sein.
Zur Kodierung der Anfragen bzw. den Ergebnissen ver-

der Ontologie mit den Beschreibungen der M edienbau-
steine. Eine Integration mit dem |1 SO-Standard Topic
Maps st derzeit nicht vorgesehen.

Die Notwendigkeit, einzelne Ressourcen mit Metdaten
Zu beschreiben, um in der immer untiberschaubareren In-
formationsdichte effektiv und schnell gewlinschte Infor-

clients
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Abbildung 1: MediBook-Architektur

wendet MediBook eine LOM 4.1-konforme DTD. Den
Client-Tools, die in den folgenden Abschnitten beschrie-
ben sind, liegt hingegen ein objektbasiertes Modell der
LOM-Daten zugrunde. Das erfordert eine beliebige Um-
setzung der Metadaten von bzw. nach einer XML-Repr&
sentation, einem Objektmodell und einem relationalen
Datenschema, die von der Middleware realisiert wird und
in Abbildung 2 skizziert ist.

Zusétzlich zur Integration der verschiedenen Datenban-
ken mus die MediBook-Middleware auch die Verbin-
dung zwischen den Metadaten der M edienbausteine und
der formalen Représentation der Wissensbasis realisie-
ren. Auf dem Gebiet des netzbasierten Wissensaustausch
wird derzeit der Ontology Inference Layer (OIL) entwik-
kelt, der einen standardisierten Zugriff auf Ontologien er-
mdglichen soll. Da hier allerdings derzeit nur erste
Entwrfe existieren und noch keine Implementierung
verflgbar ist, verwenden wir bei MediBook ein proprie-
téres Verfahren zur Verbindung der einzelnen Concepts

mationen zu lokalisieren und zu nutzen, hat zu der
Entwicklung von Metdaten-Standards fir allgemeine
Ressourcen wie Dublin Core, fir Lernressourcen wie der
von uns verwendete L OM-Entwurf und zu M etadatenbe-
schreibungen fur multimediale Elemente wie MPEG?7,
gefuhrt. Auch die Idee der Integration von Metadaten-
Repositories mit formalen Beschreibungen einer Wis-
sensdomane findet zunehmend V erbreitung.

Ein kritischer Punkt, der die Akzeptanz der auf diesen
Standards aufbauenden Systemen mal3geblich beein-
flusst, ist, wie der Benutzer mit der Fille an Datenmate-
rial konfrontiert wird. Obwohl eine grof3e Zahl an
M etadaten automatisch berechnet und generiert werden
kann, ist die Erfassung der benétigten Beschreibungen
ein signifikanter Aufwand fir den Benutzer. Wéhrend
bei LOM das Problem in der nétigen Sorgfalt und im
Zeitaufwand des Benutzers liegt, stehen fur Ontologien
bisher praktisch keine Oberflachen zur Verfugung, die es
einem Wissensexperten ohne technisches Know How er-
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Abbildung 2: Offene Architektur: Mapping von den Geschéftsklassen auf die diversen Persistenzmechanismen

moglichen, eine Ontologie seines Wissensbereiches auf-
Zubauen.

Anhand von drei ausgewahlten Werkzeugen -
ConceptSpace-Editor, LOM-Editor und Kursgenerator -,
diein MediBook realisiert sind, wird im Folgenden ge-
zeigt wie Benutzern angepasste Sichten auf das Material
bereitgestellt werden, die es ermdglichen Informationen
Uber Ressourcen einfach und schnell zu erfassen, auf ih-
nen zu suchen, sie untereinander und mit Concepts aus
der Ontologie zu verbinden und sie zu adaptiven Prasen-
tationen zusammenzustellen, die dann online verfugbar
sind.

3. LOM-Editor

Um das gezielte Suchen und Finden von Informationen
(Lernressourcen) in einer einfachen Art und Weise zu er-
moglichen, wurde der LOM-Editor entwickelt. Dieser
M etadaten-Editor basiert auf dem IEEE-LOM-Schema
4.1. LOM schlagt neun Kategorien fur die Beschreibung
einer Lernressource vor, die im Folgenden beschrieben
werden:

General:

Die Kategorie General stellt die grundlegenden Infor-
mationen zur Verfligung, die dazu beitragen, eine
Ressource in ihrer Gesamtheit zu beschreiben. Zu
dieser Informationen gehdren unter anderem Titel,
Sprache, Struktur.

Life Cycle

LifeCycle beschreibt die Historie und den momenta-
nen Stand einer Ressource und nimmt Bezug auf Per-
sonen und Gruppen, die an der Entwicklung
teilgenommen haben. Beispiele sind Status, Version.
Meta MetaData

In der Kategorie MetaMetaData werden spezielle
Informationen Uber den Metadatensatz an sich aufge-
nommen. Die Datenelemente beziehen sich auf die
Vorgehensweise bei der Erstellung und auf die dabei
beteiligten Personen, beinhalten damit also keine
Informationen Uber die Ressource an sich.

Technical

Die Kategorie Technical fasst die technischen Anfor-
derungen und Eigenschaften der Ressource zusam-
men. Beispiele sind Format und Anforderungen an
das Betriebsystem oder an den Browser.



Educational

Diese Kategorie beschreibt die didaktischen und pad-
agogischen Eigenschaften einer Ressource. Die péad-
agogischen Eigenschaften einer Ressource dienen
Autoren, Lehrern und Lernenden bei der zielgerichte-
ten Zusammenstellung von Kursen. Beispiele sind
u.a. Interaktivitétsgrad, Schwierigkeitsgrad.

mehr als eine Zielressource existiert, wird jedes Ziel
durch eine eigene Instanz der Kategorie Relation
beschrieben. Beispiele sind partOf, basedOn.
Annotation

Die Kategorie Annotation stellt Informationen Uber
die Anwendung der Ressource sowie den Verfasser
des Kommentars und den Erstellungszeitpunkt zur
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Abbildung 3: Screenshot des LOM-Editor

Rights

Die Kategorie Rights beschreibt die Rechte beziiglich
des geistigen Eigentums einer Ressource und deren
Nutzungsbedingungen. Die momentan bereitgestell-
ten Datenfelder stellen allerdings nur eine Grund-
funktionalitdt zur Beschreibung der Eigentumsrechte
zur Verfugung.

Relation

Durch Relation werden die Beziehungen zwischen
einzelnen, miteinander in Verbindung stehenden Res-
sourcen definiert. Um mehrere Beziehungen zwi-
schen Ressourcen zu definieren, kdnnen mehrere
Instanzen dieser Kategorie genutzt werden. Falls

Verfugung. Falls mehrere Anmerkungen zu einer
Ressource benttigt werden, besteht die Moglichkeit,
verschiedene Instanzen dieser Kategorie zu verwen-
den.

Classification

In der Kategorie Classification findet eine Einord-
nung der Ressource in bestimmte Klassifizierungssy-
steme statt. Das Wissen, das zur Klassifizierung einer
Ressource notwendig ist, Ubersteigt den Informati-
onsgehalt des Datenmaterials um ein Vielfaches. Die
Eingliederung in eine hierarchische Struktur setzt
nicht nur Kenntnisse Uber das zu charakterisierende
Objekt voraus, sondern Uber ale Ressourcen eines



Klassifizierungsraums. Nur aus diesem Wissen |asst
sich eine Relation zwischen Objekten definieren und
eine Einordnung in ein bestimmtes System vorneh-
men:

Der entwickelte LOM-Editor (siehe Abbildung 3) kann
verwendet werden, um einen Metadaten-Satz einer Lern-
ressource zu generieren und an die Middleware zu Uber-
geben, die fur eine dauerhafte Speicherung zustandig ist.
Er kann auch verwendet werden, um die Beschreibung
vorhandenen Ressourcen zu &ndern.

Die Vorteile, die sich durch die Nutzung von Metadaten
bei der Suche und Wiederverwendung von Lernressour-
cen ergeben, hangen stark von der Qualitat und dem Um-
fang der Metainformationen ab. Ein vollstandig
bestimmter Metadatensatz liefert im Allgemeinen eine
bessere Grundlage fir die konsistente und eindeutige Be-
schreibung einer Lernressource. Geht man vom Einsatz
des LOM Base Scheme mit insgesamt 58 Datenelemen-
ten aus, so ist eine manuelle Beschreibung der Ressource
wenig effizient. Der Realisierungsaufwand fur einen pro-
grammgestitzten Generierungsmechanismus wird sich
nach kurzer Zeit amortisiert haben.

Wahrend des Einsatzes des LOM-Editors bei der Be-
schreibung verschiedenen Lernressourcen wurde festge-
stellt, dass im Allgemeinen einige Basis-Metadaten-
Elemente, wie z.B. author, rights of the lesson, oder tar-
geted user group unverandert bleiben. Aus dieser Beob-
achtung wurde festgestellt, dass der Einsatz von
Schablonen (Templates) das Generieren und Abspeichern
von Metadaten vereinfachen wird. Jedem Autor wird
hierbel die Mdglichkeit gegeben, sich eigenstandig Vor-
lagen zu definieren, die eine bestimmte Menge von Da-
tenelementen beschreiben. Eine Méglichkeit wére die
Vorgabe von fest definierten Schablonen, bei denen der
Autor die Moglichkeit hat, den einzelnen Datenelemen-
ten Werte zuzuweisen und die entsprechenden Eingaben
zur weiteren Verwendung zu speichern. Denkbar ist bei-
spielsweise die Zusammenfassung der gesamten Merk-
mal sgruppe " Contribute” zu einer Schablone, in der die
einzelnen Personen eines Projektes mit Namen und Té&-
tigkeit gemeinsam erfasst werden. Alle innerhalb dieses
Projektes erstellten Ressourcen lassen sich anschlief3end
Uber diese Schablone mit relativ geringem Zeitaufwand
eindeutig beschreiben.

4. Der ConceptSpace-Editor

Der folgende Abschnitt stellt dar, wie das Werkzeug zur
Wissensreprasentation im MediBook, der ConceptSpace-

Editor, aufgebaut ist. Dabei gehen wir hauptséchlich auf
die logischen Schichten des ConceptSpace-Editors ein,
die innerhalb des Smalltalk Frame Kit (SFK) implemen-
tiert wurden.

Das MediBook verwendet als formale Wissensreprasen-
tation eine Ontologie. Eine Ontologie ist eine formale
Konzeptualisierung eines Wissensbereiches.

Die Modellierung spezieller Wissensbereiche erfolgt
nach unserem Verstandnis zielgerichtet, was sich auf den
Aufbau und die zuléssigen Strukturen der Ontologie aus-
wirkt. Im MediBook erflllt die Ontologie die Funktion
einer netzférmigen Navigationsstruktur fir medizinische
Fachbegriffe und wird zur Anordnung von Medienbau-
steinen herangezogen.

Ein logischer und konsistenter Aufbau der Ontologie er-
fordert neben den Concepttypen, die das Wissensgebiet
charakterisieren, und den Relationstypen, die die Con-
cepts miteinander verbinden, die Definition von Axio-
men. Axiome dienen in unserem Fall zur stéandigen
logischen Uberwachung der Wissensmodel lierung. Zwei
Beispiele fir den Einsatz der Axiome sind das automati-
sche Erstellen von Umkehrrelationen zwischen Concepts
und die Einhaltung hierarchischer Beziehungen. Das be-
deutet, dass man Vorgaben formalisieren muss, die bei-
spielsweise fur eine Aussage wie “ Kolibakterien
verursachen Durchfall” gleichzeitig eine Aussage
“ Durchfall wird durch Kolibakterien erzeugt” generieren.
Im Falle der hierarchischen Anordnung von Concepts,
wie etwa bei der Aussage “ Muskeln sind ein funktionaler
Bestandteil des menschlichen Bewegungsapparates’ ist
hingegen zu verhindern, dass eine nachtragliche fehler-
hafte Aussage wie “der menschliche Bewegungsapparat
ist ein funktionaler Bestandteil der Muskeln” angelegt
werden kann.

Eine Programmiersprache, die die VVorgabe eines zweck-
dienlichen Schemas fir die Erstellung einer Ontologie er-
moglicht, ist das Smalltalk Frame Kit, abgekirzt SFK.
Ein solches Schema besteht aus Concepttypen, Relati-
onstypen und Axiomen und wird erst bei der eigentlichen
Erstellung des MediBook-ConceptSpace durch den Me-
diziner mit Fachbegriffen geflillt. Unser Ansatz sieht vor,
die Arbeit des Mediziners wesentlich zu erleichtern und
seinen Fokus auf die eigentliche Anordnung der Fachbe-
griffe zu lenken. Er soll lediglich die Inhalte der Klassifi-
kation und Verkniipfung medizinischer Fachbegriffe
durch Relationen liefern, ohne sich um formale Logik,
Axiomatik oder gar Implementierungstechniken kiim-
mern zu mussen.



Als Resultat dieser Anforderung nehmen wir eine Ar-
beitsteilung bei der Ontologie-Erstellung vor: einerseits
erfolgt eine Schemaerstellung im SFK durch einen Soft-
ware-Entwickler, andererseits wird dem Mediziner mit
dem ConceptSpace-Editor eine graphische und intuitive
Moglichkeit zur Schemaf Ul lung geboten. Das SFK unter-
stitzt und Uberwacht dabei die Schemafiillung geméafd der
Axiome, ohne dass der Mediziner sich mit der Imple-
mentierung des SFK-Schemas ausei nandersetzen muss.
Zwischen dem SFK -Software-Entwickler und dem Medi-
ziner muss naturgemali eine Absprache daruber herr-
schen, was in der Ontologie abgebildet werden soll. Im
MediBook wurden folgende Concepttypen im SFK-
Schema modelliert: KrankheitOderSymptom, Zelle,
Stoff, MediBook-Concept. Die Anzahl der Concepttypen
wurde fur die erste Version bewusst gering gehalten, da
aufgrund des stark objektorientierten Ansatzes des SFK
eine Erweiterung um weitere Concepttypen und die dies-
bezligliche Aktualisierung der Schema-Instanziierung
durch den Mediziner leichter von statten gehen kann.

Die gesamte Arbeitsweise des SFK basiert auf dem Prin-
Zip der Frame-Klassen. Das sind semantische Einheiten,
die mit festgelegten Attributen (Sots) ausgestattet sind
und instanziiert werden. Die Sots kénnen mit Restriktio-
nen an ihren Wertebereich und die Anzahl ihrer Werte
ausgestattet werden und fungieren gleichzeitig als Trager
der Axiome des Schemas. Fir unsere beiden Beispiele
der inversen Relationen und der hierachischen Anord-
nung stehen im SFK folgende Methoden zur Verfligung:
#inverseSot, die den Namen eines inversen Sots Uber-
gibt, und #relational Properties, die fur die obige Rela-
tion “ist funktionaler Bestandteil von” die Eigenschaften
azyklisch und transitiv Gbergibt. Gerade fir die automati-
sche Berechnung von Frame-Klassen und Sots existieren
im SFK reichhaltige I nferenzmechanismen, die Berech-
nungen transitiver Hillen beispielsweise sind bereits
vollstandig vorgegeben. Somit ist nutzt jeder Aufbau ei-
nes SFK-Schemas bereits vorhandenen Algorithmen, die
das zur Einhaltung der fir das Schema relevanten
Axiome notwendige Neuanlegen, Loschen und Veréan-
dern von Frame-Klassen vornehmen.

Ein ontologisches Schema im SFK ist somit eine Hierar-
chie von Frame-Klassen, deren Bezug zueinander festge-
legt werden kann, indem man gleichzeitig das SFK als
Programmiersprache benutzt. Die modellierte Hierarchie
wird vom SFK selbst erst dann fest installiert, wenn das
komplette Schema angelegt wurde. Inkonsistenzen wie
bei spiel sweise mehrfaches Anlegen von gleichnamigen
Sotsin einem Frame werden an diesem Punkt bereits ab-
gefangen. Jede Erweiterung des Schemas, die Frames
und Sots hinzufligt (vorausgesetzt, die Vererbungsstruk-

tur, die das Schema ausmacht, wird nicht verandert) ist
jederzeit durchfihrbar.

Das SFK exportiert fortlaufend den aktuellen Stand einer
Schema-Instanziierung per XML an ein Java-Werkzeug
zur Visualisierung von Graphen. Umgekehrt wird die
Schema-Instanziierung durch den Mediziner - das Anle-
gen von benannten Knoten (Concepts) und aus der
Menge der Kantentypen selektierten Kanten (Relationen)
im Graphen - per XML an das SFK zurtickgegeben. Ist
eine Erweiterung des ConceptSpace durch ein neues
Concept und/oder das Ziehen einer neuen Relation unzu-
lassig, wie etwa das Anlegen kreisformiger Beziehungen
in Hierarchien, so wird diese Erweiterung nicht zugelas-
sen.

Zuléssige Operationen des Mediziners werden visuali-
siert, wobei der Graph durch einen auf dem Prinzip der
Federkréfte basierenden Algorithmus so Ubersichtlich
wie moglich dargestellt wird. Das SFK, die XML-
Schicht und der Java-Client ergeben zusammengenom-
men den ConceptSpace-Editor.

Adaptive Navigationssteuer ung

Navigationssteuerungen fur allgemeine netzférmige Gra-
phen, mit denen der ConceptSpace dargestellt werden
kann, sind derzeit kaum verbreitet. Bisher sind nur spezi-
elle Anwendungen oder Systeme fiir spezielle Netztopo-
logien in kommerziellen Anwendungen zu finden.
Insbesondereist hier die Baumstruktur zu nennen. In die-
ser hat jedes Element eine Verkniipfung zu seinem Uber-
geordneten Element, ausgenommen das Wurzel -Element.
Beliebig viele Verknupfungen kénnen zu mdoglicher-
weise untergeordneten Elementen vorliegen. Benach-
barte Elemente kdnnen jedoch keine Beziehung
untereinander haben. Die Baumstruktur vereinfacht in
vielen Féllen die tatsachlich vorliegende relationale
Struktur der Objektbeziehungen, da eine Ontologiein der
Regel eine vernetzte Struktur aufweist und die Baum-
struktur diese als grobe Vereinfachung darstellt. Mit dem
Zwang einer Einordnung fur jedes Element wird der In-
formationsraum in disjunkte Klassen zerlegt. Mit dieser
Klassifikationsstruktur werden bestimmte Objektver-
knupfungen verdeckt oder redundante Zusatzinformatio-
nen in die Baumstruktur eingeftigt. Dazu kommt, dass
auch bei groRen Baumstrukturen der Uberblick verloren
gehen kann

Betrachtet man die existierenden Ansétze zur Visualisie-
rung von allgemeinen Netzen, so ist festzustellen, dass
eine interaktive Navigation i.d.R. nicht vorgesehen. ist.
Zudem &ndert sich bei geringen Veranderungen in der
Netzstruktur das komplette Layout des Graphen. Weiter-



hin ist bei der Visualisierung einer Ontologie zu beach-
ten, dass Uberschneidungen von Knoten und Kanten und
schematische Ausrichtungen nicht zu einer fehlerhaften
semantischen Interpretation fuhren. Fur den bei Medi-
Book entwickelten Ontologie-Editor sind daher die fol-
genden Randbedingungen von Bedeutung:

* Navigation in allgemeinen Netzen,

o Stabilitét bei geringen Verénderungen der Netzstruk-
tur,

¢ Visualisierung von inhaltlicher Nahe durch réaumliche
Néhe.

Aufgrund der beschrénkten Visualisierungsflache auf ei-

nem Monitor und der begrenzten Aufnahmeféhigkeit des

menschlichen Betrachters kdnnen grofe, komplexe Gra-
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Daneben existieren Kombinationen der Basisvarianten,
die weitere Mdglichkeiten erschlief3en, zum Beispiel eine
Navigation mit zwei Fenstern. In dem einen Fenster wird
ein Uberblick des gesamten Graphen dargestellt, mit der
Moglichkeit, auf einen einzelnen Bereich zu fokussieren.
Dessen Detailansicht wird in einem zweiten Fenster dar-
gestellt. Dieses Vorgehen entspricht einer Landkarte mit
einer Uberblicksdarstellung und einer zusétzlichen De-
tailansicht in einem Stadtplan. Eine weitere Mdglichkeit
ist die Fischaugen-Darstellung. Dabei wird die Aus-
schnittsvergrofRerung auf einen Bereich beschréankt, dhn-
lich wie bei einem Blick durch eine Lupe. Bei Ldsungen
mit Scrollbars bzw. beim Zoomen in einen Bereich hin-
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Abbildung 4: Screenshot der graphischen Oberfléche des ConceptSpace-Editors

phen nicht in ihrer Gesamtheit dargestellt bzw. erfasst
werden. Folgende drei unterschiedliche Basisvarianten
zur Navigation durch einen Graphen kdnnen unterschie-
den werden:

« Verschiebung des sichtbaren Bereichs,

e AusschnittvergrofRerung bzw. Verkleinerung (zoo-
men),

+ Offnen und Schlief}en von einzelnen Knoten.

ein, kann schnell der Kontext verlorengeht. Wie bereits
erwahnt, hat sich die Navigation in hierarchischen Baum-
strukturen, wie sie im Explorer praktiziert wird, bewahrt.
Bei dieser Navigation werden interaktiv einzelne Knoten
geoffnet bzw. geschlossen. Damit ist gleichzeitig eine
Ubersichts- und Detaildarstellungen des Graphen még-
lich. Diese ist quasi das Optimum zur Darstellung und
Navigation auf einem begrenzten Raum, und daher
wurde beim ConceptSpace-Editor dieses Verfahren auf



allgemeine Graphen Ubertragen. Einen Screenshot, des
Editors zeigt Abbildung 4.

Aus dieser Abbildung wird auch ersichtlich, wie die Ver-
bindung zwischen einzelnen Konzepten der Ontologie
und den Medienbausteinen erfolgt. Medienbausteine, die
mit dem LOM-Editor erfasst und in der Wissensbasis ge-
speichert wurden, kénnen auf der graphischen Oberfl&
che eingefiigt und mit den Konzepten aus der Ontologie
verbunden werden.

Das Vorgehen bei dieser Navigation entspricht einer In-
formationsreduktion des Graphen auf das Wesentliche.
Es werden nur die Informationen angezeigt, die zur Zeit
fUr den Benutzer zur Navigation wichtig sind. Dabei kon-
nen durch das Zusammenfassen von Teil-Graphen, weit-
entfernte Knoten gleichzeitig dargestellt werden. Der
visuelle Eindruck tber die Struktur der verbliebenen
Knoten und Kanten bleibt dabei im Wesentlichen erhal-
ten.

ZukUnftige Arbeiten bestehen in einer Evaluierung des
derzeitigen Schemas und einer entsprechenden Erweite-
rung. Ein weiteres Ziel, das Uber das Projekt MediBook
hinausgeht, ist die Vereinfachung der Schemaerstellung
im SFK durch einen ebenfalls graphisch unterstitzten
Editor.

5. Kursgenerator

Mit dem Modul, das den Namen Kursgenerator tragt,
konnen Présentationen der Kurse erzeugt werden, die mit
dem Kurseditor erstellt wurden (siehe Abbildung 1). Die
zu préasentierenden Kurse setzen sich aus Lektionen zu-
sammen, die eine Aufzéhlung mit festgelegter Reihen-
folge von Medienbausteinen sind. Die Referenzierung
der Medienbausteine einer Lektion wird tUber Relationen
des Typs HasPart und IsPartOf der Learning Object Me-
tadata der Kategorie Relation realisiert. Die baumfor-
mige Struktur der Kurse, deren Blatter stets
M edienbausteine enthalten, resultiert aus der Moglich-
keit der Referenzierung von Lektionen als Teil einer Lek-
tion, wodurch Unterlektionen definiert werden. Die auf
diese Weise in Zusammenhang gebrachten M edienbau-
steine kdnnen komplexe Lehrangebote wie beispiels-
weise Vorlesungen bilden. Abbildung 5 zeigt den Teil
einer leicht abstrahierten Struktur eines Kurses, aus der
die logischen Zusammenhénge von L ektionen und Medi-
enbausteinen zu entnehmen sind.
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Abbildung 5: Kursstruktur

Fir die automatische Erzeugung von Prasentationen die-
ser Kurse eignen sich in erster Linie die Dateiformate
HTML und PDF. Die beiden Ausgabeformate der Kurse
sind fur das Durcharbeiten der Kurse am Computer be-
ziehungsweise zum Ausdrucken der Kurse geeignet.
Hieraus ergeben sich zwei grundsétzlich verschiedene
Anforderungen an die Prasentationen, die bei der Erzeu-
gung von Prasentationen zu differierenden L 6sungsansat-
zen fhren.

Der Vorteil der Présentation in Form von HTML-Seiten
liegt darin, dass sie direkt von den Lernenden am Com-
puter betrachtet werden kdnnen, ohne dass dafurr weitere
Software aul3er einen Internet-Browser installiertwerden
muss. Der jedoch wichtigste Vorteil bei der Erzeugung
von HTML-Seiten liegt in der Verwendungsmoglichkeit
von kontinuierlichen Medien, wie Kléange und Bildse-
guenzen, um die Présentation der Lernressourcen multi-
medial zu gestalten. Es wird jedoch zusatzlich ein
M echanismus bendtigt, mit dessen Hilfe die Medienbau-
steine zu kleinen Einheiten zusammengefasst werden
koénnen. Dadurch soll erstens das Durcharbeiten des Kur-
ses am Computer vereinfacht werden und zweitens das
schnelle Auffinden der relevanten Lernressourcen er-
mdglicht werden. Abbildung 6 zeigt ein Beispiel fur die
Préasentation des Kurses nach Abbildung 5in HTML-Sei-
ten.

Die Préasentation der Medienbausteine eines Kurses in
Form einer PDF-Datel 1&sst sich zwar ebenfalls direkt am
Computer betrachten, ist jedoch hauptsachlich fir den
Ausdruck auf Papier der Kurse gedacht. Aus diesem
Grund wird die Prasentation der Kurse auf Medienbau-



Abbildung 6: HTML-Seiten

steine mit statischem Inhalt, wie beispielsweise Texte
und Bilder, beschrankt. Anders als bei der Erzeugung
von HTML-Seiten werden die Medienbausteine des Kur-
ses nicht zu kleinen Gruppen zusammengefasst, sondern
in Pre-Order Tiefensuche des baumférmigen Kursesin
der PDF-Datei hintereinander gehéngt, wodurch die von
Buchern gewohnte lineare Struktur der Lernressourcen
entsteht (siehe Abbildung 7).
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Abbildung 7: PDF-Datei

Bevor jedoch die eigentlichen Préasentationen erzeugt
werden kdnnen, wird eine Beschreibung des Kurses er-
zeugt, die als XML-Datei exportiert werden kann. Zu-
sammen mit dem Pfad innerhalb des Kurses zu der
Lektion, von der eine Prasentation erzeugt werden soll,
und dem XSL-Stylesheet, das fir die Erzeugung der Pr&-
sentation verwendet werden soll, kann die Présentation
erzeugt werden. Die Generierung von Présentationen ist

unabhangig davon, ob erzeugte Dateien auf Festplatte
oder CD-ROM gespeichert werden oder direkt tiber In-
ternet zu den Lernenden Ubertragen werden. Die gene-
rierten Prasentationen kénnen von den Lernenden mit
Standardsoftware betrachtet werden. Fir die PDF-Da-
teien kann der kostenfrei verflgbare Viewer der Firma
Adobe verwendet werden. Die Betrachtung der HTML-
Dateien erfolgt mit einem handelstiblichen Java-féhigen
Internet-Browser. Bei der Betrachtung der HTML-Da-
teien werden die Lernenden durch ein Java-Applet, das
im Internet-Browser eingebettet wird, bei der Navigation
durch den Kurs unterstiitzt. Damit hierbei die Orientie-
rung der Lernenden zu keinem Zeitpunkt verloren geht,
wird eine Ubersicht tiber die Struktur des Kurses ange-
zeigt, in der die aktuell angezeigte HTML-Seite markiert
ist.
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Einfiihrung und Problemstellung

In vielen Data Mining Anwendungen wird Clusteranalyse als eine wichtige Technik zur Wissen-
sentdeckung eingesetzt. Jedoch die Zielstellung und Anforderungen an eine solche Analyse sind
sehr vielfiltig und variieren in Abhingigkeit des Anwendungskontext. Demgegeniiber stehen eine
Vielzahl von automatischen Clusterungstechniken, die jedoch oft eine spezielle Cluster-Definition
benutzen. Die Auswahl der Technik hingt somit jeweils auch von der Anwendung ab. Um den
Anwender stérker in den Wissensentdeckungsprozefl mit einzubeziehen und dadurch die Ergebnis-
Qualitdt und das Versténdnis des Ergebnisses zu verbessern, erforschen wir in unserer Arbeitsgrup-
pe Moglichkeiten automatische Verfahren mit interaktiven, visuellen Techniken zu kombinieren.

Viele Daten, die in KDD Anwendungen vorkommen, enthalten hochdimensionale Eigenschafts-
vektoren, die numerische und kategorische Komponenten enthalten. Hier méchte ich mich auf Da-
tenmengen mit Vektoren fester Linge mit numerischen Attributen beschrinken (D = {zy,... ,zn}
C R?). Bei fast allen realen Datenmengen kann im allgemeinen nicht ausgeschlossen werden, daf
sie einen Anteil von Ausreifiern (Rauschen) enthalten. Ausreifier sind Objekte, die sich nicht in
einen Cluster einordnen lassen.

Viele Verfahren zeigen auf hochdimensionalen Daten (d > 16) ein quadratisches Laufzeitverhal-
ten, was fiir grole Datenmengen unakzeptabel ist, oder sie kénnen keine sinnvolle Clusterstruktur
in den Daten finden. Der Grund fiir die erste Beobachtung ist, daf§ viele Algorithmen [4, 10, 2, 14]
néchste Nachbar- oder Bereichsanfragen nutzen und eine Laufzeit von O(N - Tjyery) haben. Weber
et. al. [13] zeigten, daB alle bekannten Index-Methoden diese Anfragen nicht in sublinearer Laufzeit
fiir beliebig dimensionale Rdume und unbekannte Daten Verteilung beantworten kénnen. Zur zwei-
ten Beobachtung, dem Fehlen einer sinnvollen Clusterstruktur in hochdimensionalen Daten, wurden
in jiingster Zeit Arbeiten verdffentlicht, die untersuchen, ob der herkémmliche Ahnlichkeitsbegriff
(z.B. euklidischer Abstand), auf dem alle Clusterdefinitionen aufbauen, bei zunehmender Dimen-
sionalitdt sinnvoll bleibt [3, 6, 1]. Erste Resultate zeigten, dafl dies nicht der Fall ist, weil die
Datenpunkte in einem hochdimensionalen Raum sehr diinn verteilt sind. Beyer et. al zeigten,
daf} bei zunehmender Dimensionalitéit der Abstand der Datenpunkte zueinander schneller steigt
als die Differenz der Distanzen zum néchsten und weitesten Nachbarn. Daraus folgt, dafl ein auf
Abstandsmessungen basierendes Ahnlichkeitsma8 in hochdimensionalen Riumen an Selektivitit
und Unterscheidungsvermdogen einbiifit.

In [6] zeigten wir: hochdimensionale Feature-Vektoren beschreiben Objekte sehr genau und
konnen somit auch Informationen {iber nicht relevante Eigenschaften enthalten. Wir modifizierten
das Ahnlichkeitsmaf derart, daf nur die relevanten Attribute zum Messen des Abstands genutzt
wurden. Mathematisch entspricht dieses Vorgehen, dem Messen des Abstands in einem projizierten
Unterraum des hochdimensionalen Datenraumes. Ubertragen auf Clusteralgorithmen muf ein
Cluster nur einer bestimmten Projektion des Datenraumes, der Clusterdefinition geniigen.

Die Frage ist nun, wie man eine solche Projektion bestimmen kann. Das Problem hat im allge-
meinen einen exponentiellen Suchraum (bei der Beschrinkung auf achsenparallele Projektionen).
In unserer Arbeitsgruppe verfolgen wir den Ansatz eine grofie Anzahl von Projektionen automatisch
von einen Optimierungsalgorithmus (genetischer oder Greedy Algorithmus) generieren zu lassen,
diese automatisch auf Relevanz zu testen und zu filtern und dann manuell mit Hilfe von Visuali-
sierungen vom Anwender bewerten zu lassen. Im folgenden Teil méchte ich auf den automatischen
Relevanz-Test eingehen.



Ein Relevanz-Test fiir Projektionen

Die Projektionen die hier betrachtet werden sollen, haben die zusitzliche Eigenschaft, dal die
Abstinde der Punkte zueinander nach der Projektion nicht grofler werden. Da bei einer Pro-
jektion Information weggelassen wird, muf eine Clusterstruktur nicht vollsténdig erkennbar sein.
Die Projektion ist aber schon niitzlich, wenn sich Teile der Custerstruktur erkennen lassen. Um
eine Clusterstruktur zu finden, ist unser neues Paradigma, die Objektmenge in Untermengen zu
aufzuteilen, wobei diese beziiglich eines Abstandsmafles voneinander separiert sind. Basierend auf
dem Begriff der Punktdichte (siehe [12, 11]) definieren wir einen Separators, der eine Punktmenge
geometrisch (beziiglich einer Projektion) in zwei Untermengen teilt. Die Separations-Qualitéit ist
die maximale Punktdichte auf der Grenze der beiden Mengen und die Teilungs-Qualitit mifit wie
balanciert der Schnitt ist. Um einen mehrdimensionalen Schnitt effizient und effektiv bestimmen
zu koénnen, haben wir eine neue Methode entwickelt, bei der mehrdimensionale Histogramme zur
Ausreifilerbehandlung [7], die kMeans Variante LBG-U [5] und eine verbesserte Form des konkur-
rierenden Hebbian-Lernens [9] verarbeitet wurden.

Falls ein Schnitt mit hoher Separations- und Teilungsqualitéit gefunden wurde und er vom An-
wender als sinnvoll angesehen wird, kann man in den Untermengen rekursiv weiter nach geeigneten
Schnitten suchen. So entsteht als Ergebnis eine einem Entscheidungsbaum #hnliche Struktur, die
sich aber nicht an einer Trainingsmenge sondern an der Datenverteilung und der Aufgabe des
Anwenders orientiert. Erste Ergebnisse wurden in [8] vorgestellt.
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Abstract. In this paper, we present an in-depth evaluation of two ap-
proaches of extending k-means clustering to work on first-order repre-
sentations. The first-approach, k-medoids, selects its cluster center from
the given set of instances, and is thus limited in its choice of centers. The
second approach, k-prototypes, uses a heuristic prototype construction
algorithm that is capable of generating new centers. The two approaches
are empirically evaluated on a standard benchmark problem with respect
to clustering quality and convergence. Results show that in this case in-
deed the k-medoids approach is a viable and fast alternative to existing
agglomerative or top-down clustering approaches even for a small-scale
dataset, while k-prototypes exhibited a number of deficiencies.

1 Introduction

K-means clustering [16] has been a very popular technique for partitioning sets
of objects and still is an interesting subject for research as the number of pub-
lications indicate [7,11,8]. In recent years the original restriction to numerical
data has been relaxed by introduction of an extended k-means algorithm by [11]
which is able to handle symbolic data as well. Nevertheless the family of k-means
methods so far has been limited to propositional data only. This may turn out
as a great disadvantage in domains where a larger expressive power is needed
for adequate representation of the data.

In this paper, we therefore study two approaches that extend k-means clus-
tering to work on first-order representations. The first approach, k-medoids,
selects its cluster center from the given set of instances, and is therefore lim-
ited in its choice of possible centers. The second approach, k-prototypes, uses
a heuristic prototype construction algorithm that is capable of generating new
centers. The two approaches are empirically evaluated on a standard benchmark
problem with respect to clustering quality and convergence.

The paper is organized as follows. In section 2, we outline the k-means op-
timization task for numerical and symbolic propositional data. In section 3, we
present two approaches to extend k-means to work on first-order representations,
namely k-medoids and k-prototypes, including a heuristic prototype construc-
tion algorithm. Results from our empirical evaluation are reported in section 4.



In the related work section, we discuss the relation to other first-order clustering
systems. We conclude with a summary and some pointers to future work. The
appendix gives a detailed description of the prototype construction algorithm.

2 The k-means algorithm

The general algorithm was introduced by [4] ([16] and [1] first named it k-means)
and has become widely popular since. It is defined as follows: given a set of n
instances Z from an instance space X, a natural number 1 < k < n, and a
distance measure d(I;, Is) — IRZ°,I;, I, € X, find a clustering C = {C,...,Cx}
into k¥ non-empty disjunct clusters Cy,l € {1,...,k}, with C; N C; = § and
U, Ci = T such that the overall sum of squared distances between instances
and their clusters’ center (); is minimized. Following the lines of [11], we can
use indicator variables w;; which take the value 1 iff instance I; is in Cj, and 0
otherwise. Then the optimization task can be written as:

k n
Minimize ~ P(W,Q) =Y > wid(X;, Q1) (1)
=1 i=1
w1, 0 Wik k
with (W), = , Zw“ =1,1<i<n,and w;; € {0,1}.
Wn,1 * Wn,k =1

) )

To achieve the minimization, k-means iterates through a three-step process
until the P(W, @) converges to some (local) minimum:

1. Select or construct a set of k instances Q(© = {QEO)|Q§0) e D1<i¢<
k,Yi#j QEO) # Qg-o)} (the cluster centers), and set ¢t = 0.

2. Keep Q®) fixed and compute the W®) that minimizes P(W, Q")) — i.e. re-
garding Q® as the cluster centers, assign each instance to the cluster of its
nearest cluster center.

3. Keep W® fixed and generate Q(**1) such that P(W®, Q(*+1) is minimized
— i.e. construct new cluster centers according to the current distribution of
instances 7.

4. In case of convergence or if a given stopping criterion is fulfilled, print the
result and terminate, otherwise set ¢t =t + 1 and go to step 2.

As can be seen from equation (1) and step 3 in the above process, the two
crucial operations are the distance computation between elements of the instance
space X, and the computation of the new cluster centers Q*t1) from a given
distribution of the instances Z. Both operations depend strongly on the under-
lying representation formalism as well as on the elementary value types allowed
within.

For numerical domains represented in attribute-value logic the (weighted)
Euclidean distance is commonly chosen as the natural distance measure. With



this distance measure, computation of the mean of a cluster’s instances returns
the cluster’s center, fulfilling the minimization condition of step 3.

[11] (and also [8]) showed that on propositional domains the k-means method
can be extended to symbolic data by employing a simple matching distance mea-
sure together with a majority-vote strategy to compute the cluster “center” (i.e.
the @ that minimizes P(W,()). In more detail, the distance between two in-
stances I, I, € X, with I} = (a11,...,01,m) and Iy = (az,1, ..., a2 n) consisting
of symbolic arguments only, can be defined as:

d(I,I,) = d(ay,;,az,;), with d(a,b) =

i=1

0,ifa=0
1, otherwise

With this distance measure, a majority vote strategy that selects an ar-
gument’s most frequent value can be used to compute the cluster “center”.

So, given a cluster (respectively a set of instances) {Ii,...,[,}, with I, =
(@1,-.-,a1,m),1 <1< o,its center Q@ = (g1,...,¢m) is computed by assign-
ing gj,1 < j < m the value most frequently encountered in {a1 j,...,a.,;}-

This meets the minimization condition, as has been shown in [11]. Further-
more, by combining both the methods for numerical and categorical data, k-
means can be extended to handle domains with mixed value types. To distin-
guish the methods for different argument types, [11] uses “k-means” for strictly
numerical data, “k-modes” for categorical values, and “k-prototypes” for the
mixture of both.

Nevertheless, k-means methods have been limited to propositional domains.
In the following we will hence elaborate the components necessary to extend the
existing approaches to first-order domains.

3 K-Means for first-order representations

The task of k-means clustering on a first-order representation as used in this
paper can be defined as follows:
Given:

— a set of instances T C X

— a distance functiond : X x X - IR
— a center function center : 2%X — X
— background knowledge B

— the number of clusters k

— an initial set of k seeds Q° C X

Find:

— aset of clusters C = {Cy,...,C} C 2%
— that maximizes given quality criteria

While the set of seeds Q° can be initialized by randomly drawing k instances
from Z, which is the defacto standard according to [7], the crucial issues for
getting k-means to work with first-order representations are the choice of an
appropriate distance measure and the definition of the function finding a clusters’
center.



Distance measures For propositional numerical data, the (weighted) Eu-
clidean distance is a natural choice, as are simple matching similarities for cate-
gorical data. As a matter of fact, similarly natural choices for multirelational data
are not at hand. Nevertheless, several distance measures for first-order represen-
tations have been proposed [18,12,6,22,21,9]. Because the distance measure
employed in RIBL [9] has exhibited excellent results on several domains [6, 10],
we decided to use it as the basis for this work.

Computing cluster centers As reported in section 2, for propositional data
solutions exist that compute the exact cluster center (i.e. the point that min-
imizes the sum of squared distances }_; .. d(li,Q;)). However, until now, no
such approach is available for multirelational representations. Furthermore, the
phrase “cluster center” allows no geometric or intuitive notion in case of mul-
tirelational data. Nevertheless, one can think of several options what the center
of a set of multirelational instances could be:

One option is the LGG of the set of instances [19]. Unfortunately, for our
purposes, the LGG exhibits three shortcomings. Firstly, computing the LGG
of a set of instances and their background knowledge is computationally very
expensive, and the LGG can grow exponentially with the number of instances.
Secondly, the distance measure of RIBL is only defined between instances com-
prising sets of ground facts, i.e. no variables are allowed. And thirdly, it is very
likely that LGG’s would be very general (and often just the most general clause),
so two different sets of instances could yield the same LGG, thus spoiling the
further k-means process (e.g. assigning cluster-memberships).

Alternatively, the union of all instances in the set (respectively their ground
facts) could do as the center. But in fact, such a “monster-instance” would hardly
be suitable for further calculations, and the idea to achieve better computational
complexity by using a cluster center instead of a cluster’s set of instances would
be spoiled totally.

Third, the most central instance of the set, its medoid, could be used as an ap-
proximation for the center. The most central instance is the instance whose sum
of squared distances to all other instances in the set is minimal. This approach
is already known as the k-medoids method [13,14]. Depending on the domain,
the results may suffer from the restrictions on possible cluster centers. If the
(locally) optimal solution for a cluster center does not coincide with existing
instances, the optimal solution cannot be found. Furthermore, the convergence
process may fail when an oscillating state between either sides of an optimum is
reached.

Fourth, an averaged instance, constructed by copying the structure from
the instances of the set (or by overlapping several structures, if more than one
structure exists). The facts in the structure can be computed recursively, by
building averaged objects or values for each argument of a fact. On the downside
of this approach, it is not yet clear, if such a constructive approach can satisfy
the criterion for the cluster center, or if a good approximation can be constructed
anyhow.



Having detailed the different options, it becomes clear that only the latter
two are computationally reasonable alternatives.

3.1 K-medoids

Similar to the k-means methods, the k-medoids algorithm [14] follows the process
detailed in section 2. It differs in the computation of the cluster centers Q!
as the medoid approach restricts ) to be a subset of the existing instances 7
whereas k-means allows @) to be a subset of the whole instance space X. So,
k-medoid approximates the actual cluster center by taking an existing instance
that minimizes the given center criterion (e.g. the sum of squared distances)
within its cluster.

Obviously, the whole process relies on distance information only, and in con-
trast to k-means, is hence applicable to any representation for which an appro-
priate distance measure is available. On the downside, when making no prior
assumptions about the representation used, the computational complexity suf-
fers from the search for the best approximations which is proportional to the
squared number of instances in a cluster.

3.2 K-prototypes

The center finding function for the k-prototypes method should be able to find
better approximations to the actual cluster center, as it is not limited in the
choice of possible centers. In fact, an ideal center function constructs prototypes
that minimize the center criterion (e.g. sum of squared distances). For non-
propositional representations with structured and complex objects this is hard
to achieve, and depends strongly on the underlying distance measure.

To construct a prototype for a set of multirelationally represented instances
T = {hL,...,I,} our approach uses a recursive descent strategy in order to
take into account not only the arguments of the instances but also the available
background knowledge. Each instance I in our representation consists of one
target fact F; and the set of related facts from the background knowledge B.

For a start we consider the set of target facts F' = {Fy,..., F,} with a given
predicate symbol and arity gq. The prototype is then computed by generating a
new g-ary atom and iteratively calculating the values of its arguments. In case
an argument is of an atomic type like number or constant, this can be done by
falling back to the known prototype functions for propositional representations.
Otherwise, if an argument is a link to another object (respectively fact), all
objects referred to by the argument are gathered and a new (sub-)prototype is
built from these objects recursively.

Following this recursively descending process, the prototype’s structure should
eventually resemble the structure of the original instances. As the structure may
contain cycles, a depth bound is employed to avoid infinite recursion.

Figure 1 shows an examplary prototype for a set of three instances I, I, I3
(see appendix A for a detailed description).



Instances: Resulting prototype:

I, :={ package(setl,125,personal), Pr := { package(new_id1,156,personal),
cheese(set1,camembert, 150,france), cheese(new_id1,camembert,187,france),
wine(set1,mouton,1988,0.75), wine(new_id1,new_id2,1992,0.6667),
wine(set1,gallo,1995,0.5), vineyard(new_id2,famous,small,use)}

vineyard(gallo,famous,large,use),
vineyard(mouton,famous,small,france)}

I, :={ package(set25,195mail),
cheese(set25,roque fort,200,france),
cheese(set25,ricotta, 100, italy),
wine(set25,mouton,1995,0.75),
vineyard(mouton,famous,small,france)}

:={ package(set10,150,personal),
cheese(set10,camembert,300,france)}

Fig. 1. Example of generated prototype from a set of three instances.

In order to apply the prototype algorithm to data sets containing lists, one
needs to find the list with the minimal sum of distances between itself and all
other lists. This leads to two alternatives. First, to use the medoid from the set
of lists as an approximation. Second, to construct a new list that comes close to
the desired minimization property.

Unfortunately, the medoid approach is computationally too expensive as soon
as a more sophisticated distance measure like edit distance is employed, so this
option is not further considered here.

The constructive approach we employ is less costly but does not take the
neighborhoods of arguments into account as it is done by the edit distance. The
length of the prototype list is set to the averaged length of the set of lists. Then,
starting at the first position, each element of the prototype list is determined by
a majority vote over the elements of the lists at the specific position. This can
be done in O(nm) time, where m is the average number of elements in a list and
n is the number of lists.

4 Empirical Evaluation

In the preceding sections, we have presented two different adaptations of the k-
means clustering method to first-order data, the k-medoid and the k-prototype
algorithms. Similar to the original k-means, as pointed out above, both of these
have to be regarded as optimization methods that search for a clustering with
maximal quality with respect to the chosen distance measure. For k-means,
it is known that excellent cluster quality results with very fast convergence
in most domains. Consequently, the primary goal of the experiments reported
subsequently was to find out whether these positive properties of propositional
k-means as an optimization method carry over to first-order k-medoid and k-
prototype.
In particular, we have examined the following questions.



— Is clustering quality on a par with the results of RDBC [15], an agglomer-
ative clustering method based on the same distance measure!? Does proto-
type construction offer improved results by using better centers than those
available in the data?

— Do k-medoid and/or k-prototype converge fast, and can they thus improve on
agglomerative clustering where the entire hierarchy has to be built? Are the
convergence properties of k-prototypes better than k-medoid which might
oscillate due to lack of proper centers in the data?

4.1 Experimental setup

In order to allow detailed evaluation and easy comparison with other researchers’
results, we have selected the standard “mutagenicity” benchmark dataset [23]
for our experiments. In this application, the goal is to classify chemical com-
pounds into “non-mutagenic” and “mutagenic”. For the purposes of clustering,
we have removed this class information and just worked with the compound de-
scriptions, consisting of the usual set of twenty extensionally defined predicates
encoding structural and non-structural information about the compounds. For
most experiments reported here, the full background knowledge “BG4” was used;
however, in order to be able to separately test the effect of list construction on
the performance of k-prototypes, the list-free “BG3” background knowledge was
used in one experiment also. Except where explicitly marked, we have worked
with the larger (“regression-friendly”) dataset consisting of 188 compounds.

All results reported below were obtained by averaging, for each value of
k from 2 to 15, 10 different runs with independently chosen random starting
configurations (k-medoid), respectively 5 different runs (k-prototypes). If error
bars are shown in a figure, they are standard deviations across the different runs.
To examine convergence, we let each method run continue for 50 iterations, in
which period all runs had reached convergence or cycled around a local optimum.
The reported quality measure values in summary evaluations are the arithmetic
mean of the last 10 iterations (40 to 50).

In addition, the same data was applied to several versions of RDBC [15]
of which we report the results for the average link and the single link runs.
The RDBC algorithms normally construct cluster hierarchies and turn them
into flat partitions via a threshold algorithm that automatically tries to find
the optimal number of clusters. For sake of comparison, we forced the threshold
algorithm to produce a predefined number of clusters from a clustering hierarchy
and calculated the quality measures accordingly. Since RDBC is not iterative and
does not depend on starting conditions all figures reported refer to this single
run of the algorithm and its resulting single clustering.

! Note that in past work [15], we have already compared RDBC’s agglomerative clus-
tering to other non-distance-based clustering approaches, with favorable results.



4.2 Quality measures

Since k-means type algorithms optimize squared error with respect to their clus-
ter center instead of average intra-cluster distance (which is used by the average-
link variant of RDBC), both measures were considered and computed as follows?
(center(C;) denotes the selected medoid for k-medoid, respectively the computed
prototype for k-prototypes):

. . Ei:l le,lkeci,j;ék similarity (1, /%)
intra_sim(C) = z
2o GG 1)

k
_ Zi:l leeci d(I; center(C;))?
= 3
N

In addition, since the mutagenicity domain really is a classification problem,
it is possible to “abuse” the clustering (built without class information) for
classification by labeling (a posteriori) each cluster with its majority class, and
classifying a test instance according to the label of the closest cluster. These
figures thus can be compared to those found in literature for classificatory ILP
systems [23, 24].

avg_squared_dist(C')

4.3 Results on cluster quality

As shown in Figure 2, experimental results® confirmed our expectations regard-
ing the general quality of k-medoid clustering results to be on a par with the
quality of agglomerative clustering . However, for k-prototypes, Figure 2 shows
surprising results. While for small k, it performs comparably to k-medoid clus-
tering, its performance drops for larger k. Given that a larger number of clusters
each with a smaller number of elements should allow even more exact cluster
prototype construction and smaller distances, this result is surprising.

Upon inspection of the runs, it could be seen that part of the reason for
this outcome is the “loss” of clusters that happens during the process. This loss
occurs in step 3 of the clustering process (see section 2) where each instance
is assigned to the cluster of the prototype (or medoid) nearest to it. Some of
the prototypes end up with no instances assigned to them, thus forming empty
clusters which have to be removed to proceed with the process. As it turns
out, only 2 to 4 effective clusters remained after 50 iterations. When comparing
k-prototypes to k-medoid on effective number of clusters (Figure 3), the counter-
intuitive drop in performance disappears, but overall performance is still lower,
indicating that indeed the proposed method of prototype computation does not
accurately construct a cluster center.

? Note that intra-cluster similarity as reported here normalizes the sum of similarities
by the number of similarities, not by cluster size. The latter did not show any
qualitative change in the results.

% Results shown here are for average intra-cluster distance, but similar results were
obtained for square error.
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Fig. 3. Intra-cluster similarities of k-prototypes and k-medoids in regard to remaining
number of clusters.

Since k-medoids performed well on this dataset, apparently even in 188 in-
stances appropriate cluster centers were available. We therefore conducted ad-
ditional experiments with the 42-instance dataset to see if lack of appropriate
centers would force down performance there, and indeed (not shown graphically),
for k larger than 9, a drop in k-medoid performance was observed. To complete
the favorable results of k-medoid on this dataset, Figure 4 shows accuracy re-
sults compared to ProGoL [17], FOIL [20], and RIBL, where good accuracies
are obtained even with a small number of clusters *.

4.4 Results on convergence

Ideally, an iterative clustering method should reach a stable solution after a few
iterations, as is often the case for propositional k-means. This should be reflected

* The tree-based first-order clustering system TIC has also been applied to this domain
[3], however, no experiments using the complete background knowledge BG4 have
been reported.
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Fig. 4. Predictive accuracies on regression friendly data with BG4. Position of the
X-axis indicating the accuracy of the default rule.

in stable quality measures for upcoming iterations. To evaluate convergence, we
therefore computed (summed across all k) the 40 standard deviations of the intra-
cluster similarities within a window of 10 consecutive iterations, e.g. data point
1 shows the standard deviation of quality within iterations 1 to 10 (Figure 5).
As can be seen, the convergence of the k-medoids algorithm happens within
the first 20 iterations. K-prototypes, however, starts the convergence process
with slightly smaller changes than k-medoids and settles down at a significantly
higher level of deviation, i.e., could not reach convergence.
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Fig. 5. Convergence properties of k-prototypes and k-medoids on regression friendly
data with BG4, using the standard deviation of intra-cluster similarity on a window of
10 iterations, averaged over k € {2,...,15}, as an indicator.

A closer look at the single runs reveals the reason, which lies in k-prototypes’
strong tendency to go into cyclic states. Figure 6 shows an example of an 18-step



cycle reached after 9 iterations. As almost all runs end up in such cyclic states,
strategies to resolve this dilemma are necessary.

0,45 -

<) <)
B »
[y w
|
[ —

o
w
©

intra-cluster similarity

=]
w
S

0,35 T T T T T T T T T T T T T T T T T T T T T T T T T T T T

Iterations

Fig. 6. Example of k-prototypes running into an 18-step cycle.

Evaluating the convergence of accuracy and squared-distance scores results
in very similar figures, which are omitted here for sake of shortness.

4.5 Detailed study of k-prototype properties

Since the above results indicate that k-prototypes does not appropriately con-
struct cluster centers, we decided to further investigate why this is the case. To
investigate which parts of the construction are responsible for this deficiency,
we singled out the list-construction part which uses an extremely simplistic ap-
proach that quite obviously does not mirror the edit-distance criterion used in
the distance measure. However, as shown in Figure 7, experiments with the
list-free background knowledge “BG3” did not show any marked difference.

To test whether this was due to non-center positioning of prototypes, we
explicitly examined the average square distance to the cluster center. Figure 8
shows both intra- and inter-cluster distances of prototypes and medoids in com-
parison. Interestingly, k-prototypes does exhibit smaller intra-cluster distances
than k-medoid. However, its inter-cluster distances are also lower than for the
medoids approach, indicating that there exists a qualitative difference between
the generated prototypes and actual instances — otherwise intra and inter-
cluster distances would have to be more similar to those of the medoids.

5 Related Work

The presented k-prototypes and k-medoids approaches contrast with a number
of previous first-order clustering systems, namely KBG [2], CorA-2 [5], TIC[3],
and RDBC [15]. These systems cover different clustering strategies. RDBC and
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KBG follow a bottom-up clustering approach, and TIC builds its clustering trees
in top-down manner, while the k-prototypes and k-medoid methods iteratively
optimize an existing partitioning. Both the k-prototypes as well as the k-medoid
method rely on a first-order distance measure and k-medoids compares favorably
to the other methods in terms of cluster quality. Furthermore, in addition to the
purely distance based approach taken in RDBC, k-prototypes and k-medoids
return a prototype respectively the medoid of each cluster. Although less succinct
than the cluster descriptions generated by conceptual clustering systems like
KBG, CoLa-2, or TIC, the set of prototypes/medoids can nevertheless be useful
for subsequent (distance-based) processing.

In addition, this work is related to the extension of k-means to handle sym-
bolic arguments as proposed in [11]. There, a majority vote strategy is used to
build prototypes for propositional instances with symbolic arguments. The mul-



tirelational prototype construction within our k-prototypes algorithm adopts
this approach to determine the symbolic arguments of facts in a prototype.

6 Conclusion and future work

In this paper, we have presented an in-depth evaluation of two approaches of
extending k-means clustering to work on first-order representations. The first-
approach, k-medoids, selects its cluster center from the given set of instances,
and is thus limited in its choice of centers. The second approach, k-prototypes,
uses a heuristic prototype construction algorithm that is capable of generating
new centers.

The empirical evaluation of the two approaches on the mutagenicity domain
presents a very clearcut conclusion. In this domain, both in terms of cluster
quality and convergence, k-medoids is on a par with non-iterative state-of-the-
art agglomerative clustering as previously examined in RDBC [15], while k-
prototypes performed significantly worse and generated artefacts due to its way
of constructing clusters. If these findings generalize to further domains, they
show that indeed the k-medoids approach presented here is a viable alternative
to existing agglomerative or top-down clustering approaches even in small-scale
datasets. To this end, more experiments should be done in the future with other
domains.

As for prototype generation, improvements to the method presented here
appear possible that might improve its center computation. If prototype gener-
ation did not simply use the most frequent fact, but instead selected the z most
frequent facts to be part of the prototype, this might lead to better approxima-
tions of the cluster center (with respect to the goal of decreasing intra cluster
and increasing inter cluster distance).
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A Heuristic prototype generation

To construct a prototype for a set of first-order instances Z = {I1,...,I,} our
approach uses a recursive descent strategy in order to take into account not only
the arguments of the instances’ target fact but also the available background
knowledge. Each instance I; in our representation consists of one target fact Fj
and the set of related facts from the background knowledge B.

To illustrate the construction process, we give an example using a slightly
extended version of the “present package” example introduced in [9]. The data
comprises three instances of culinary packages together with the corresponding
background knowledge. It is assumed that about each package, its price and
its delivery mode is known (personal, mail, or pick-up). So, each instance is
represented by a (target) fact containing three arguments: identifier, price, and
delivery mode plus the related background knowledge. As the contents of each
package is known — it consists of different red wines and cheeses — and information
about the different vineyards is given, this information makes up the background
knowledge. The two packages are represented as follows:

F, := package(setl,125,personal)
F, := package(set25,195,mail)
F; := package(set10,150,personal)

In these target facts, the first argument is of type object and refers to further
information in the background knowledge 5:

wine(setl, mouton, 1988, 0.75) cheese(setl, camembert, 150, france)

wine(setl, gallo, 1995, 0.5) cheese(setl0, camembert, 300, france)

wine(set25, mouton, 1995, 0.75) cheese(set25, roque fort, 200, france)
cheese(set25, ricotta, 100, italy)

vineyard(gallo, famous, large, usa)
vineyard(mouton, famous, small, france)

To compute the prototype of a set of instances, in our example {I, I, I3},
a new but yet empty fact Pr is generated first.

Pr := package(argy,args,args)

The values for the arguments (arg;, args, and args) are computed sequentially.
In case an argument is of an atomic type like number or constant, its value can



be computed by falling back to the known prototype functions for propositional
representations.

In our example the second argument is of type integer and the third of
symbolic type. Hence, arg, can be computed by calculating the mean of the ar-
gument’s values and args is determined by majority vote on the third argument:

argy = | 1251954150 | — 156

args = majority_vote({personal,mail,personal}) = personal

If an argument is of type object, like the first argument of Fj in our example,
two cases have to be distinguished.

In the first case the argument points down to objects one level deeper in the
instances’ structure and one has to decide (e.g. via a depth bound) wether (sub-
)prototypes of the related objects should be generated or not. If (sub-)prototypes
should be generated, a new id for linking to them must be provided. Otherwise,
the argument’s value can be determined by majority vote analogous to symbolic
argument types.

In our example the first argument of F} is of type object and allows the wine
and cheese facts to refer to it. As we are still at the top-level, prototypes for
the underlying objects should be constructed. Hence, an ID for the new (sub-
)protoypes is generated.

arg; = generate_unique_id() = id;

Having decided to build prototypes for the underlying objects, all facts the argu-
ment values refer to are gathered and sorted into subsets (Gy, ..., G,) according
to their arity and predicate symbol. For each subset G; a new prototype is
constructed recursively.

Coming back to the example and gathering the background knowledge re-
ferring to I, Iz, and I3, the related facts are grouped into subsets according to
their predicate symbol and arity:

G = {cheese(setl, camembert, 150, france),
cheese(setl0, camembert, 300, france),
cheese(set25, roque fort, 200, france),
cheese(set25, ricotta, 100, italy)}

G, = {wine(setl, mouton, 1988, 0.75),
wine(setl, gallo, 1995, 0.5),
wine(set25, mouton, 1995, 0.75)}

For each subset a new (sub-)prototype is generated, in this case, one for wine
and another one for cheese. All numeric and symbolic arguments are generated
as described above, which results in the following prototypes:

Prgup1 = cheese(idy ,camembert, 187, france)
Prype = wine(idy, argyine,2, 1992, 0.666667)

In the second case, the argument points up to a fact one level above in the
instances’ structure. id; and ids from the (sub-)prototypes Prgup and Prgyupe



are good examples. The value for the argument has been generated in the level
above and allows the new prototypes to refer to their parent fact (Pr).

Following our example, we find that the second argument of Prgype is of
type object and links down to vineyard. Assuming that a depth bound is not
yet reached and a new subprototype should be constructed, we generate an-
other id and proceed as above by constructing a new prototype for the referred
background knowledge (i.e. the vineyard facts):

arguwine,2 = generate_unique_id() = idy

Pryupe,,,, = vineyard(ids, famous, small, usa)

As the reader has possibly noticed, trying to compute the values for the last two
arguments of Prgyps,,,, using a simple majority vote results in a draw. Such a
draw can be resolved by a random selection from the most frequent argument
values or by using overall frequency in the dataset.



prototype (F,DepthBound,CurrentDepth,Link):

var
F : Set of g-tuples {fi,...,fn}
DepthBound : Depth bound for recursive prototype generation
CurrentDepth : Current depth level of the process
Link : Link to above level fact (possibly empty)
A : Vector of argument values {ai,...,an}
1. for!l:= 1toqdo
2. ai :=f[l,Vie {1,...,n} %% f;[l]: I-th argument of fact f;
3. case of type(a;) :
4. number:  arg; := (Z?:l ai) /n
5. constant: arg, := majority_vote(A)
6. list: arg, := list_prototype(A)
7. link: if (Link # {}) then
8. arg; := Link
9. else if (CurrentDepth > DepthBound) then
10. arg, := majority_vote(A)
11. else
12. arg; := generate_unique_id()
13. NewFacts := gather_related_facts(A, F)
14. (Gi,...,G,) := splitinto_q_atoms(NewFacts)
15. for j:= 1tor do
16. prototype(G;, DepthBound, CurrentDepth + 1, arg,)
17. end for
18. end if
19. end case
20. end for
21. return prototype_instance(arg,, .. .,arg,)

gather_related_facts (AF):
var A : Vector of values {ai,...,an}
F : Set of g-atoms {fi,...,f,}
1. return the set of all facts from the reduced background knowledge B \ F where
a value from A appears in the position of an object-typed argument, i.e.
return all facts referring to or referred by any of the values in A.

split_into_q_atoms (NewFacts):

var NewFacts : List of facts {nfy,...,nf,}

1. return the list of subsets (NewFacts®, ..., NewFacts") that results from sorting and
splitting the list of facts NewFacts according to their arity and predicate
symbol. Le. NewFacts’ contains only facts of the same arity and predicate
symbol.

Fig. 9. Prototype algorithm for set of facts.
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Abstract

Der Artikel beschiftigt sich mit der symbolischen, re-
gelbasierten Modellierung des Verhaltens dynamischer
Systeme. Neben der Erzeugung eines solchen Modells
aus Prozefldaten (Zeitreihen) besteht zuniichst das Pro-
blem, iiberhaupt eine geeignete Modellstruktur zu defi-
nieren. Eine solches Modell sollte sowohl unscharfe Da-
ten verarbeiten konnen als auch die explizite Repréisen-
tation zeitlicher Beziehungen ermoglichen. Als Losung
wird eine auf dem Fuzzy Control-Ansatz von Mamdani
basierende Modellstruktur vorgeschlagen und beschrie-
ben.

1 Einleitung

Steht fiir ein dynamisches System kein analytisches
Modell zur Verfiigung, weil eine mathematische Mo-
dellierung beispielsweise aufgrund der hohen An-
zahl von ProzeBgrofien, weil nicht alle Groen mef-
technisch erfaflbar sind oder weil viele Systemzu-
sammenhinge nicht bekannt sind, gescheitert ist,
so kann der Einsatz datengetriebener Verfahren ei-
ne Moglichkeit darstellen, dennoch ein brauchbares
Verhaltensmodell zu erhalten [KF98].

Zur Erzeugung von Verhaltensmodellen aus Pro-
zefldaten (Zeitreihen) werden beispielsweise kiinst-
liche Neuronale Netze erfolgreich eingestzt [MK96].
Ein solches Modell besitzt jedoch den Nachteil, eine
»,Black Box“ darzustellen, die vom Menschen nur
sehr schwer verstanden werden kann. Insbesonde-
re ist auch die Beurteilung des Modells schwierig,
was verstandlicherweise auch zu Akzeptanzproble-
men beim Anwender fiihrt, der einem Modell ver-
trauen soll, das keinerlei Begriindung fiir sein Ver-
halten liefert. Deshalb besteht das Ziel, verstandli-
che, regelbasierte Modelle zu verwenden.

Zur FErzeugung derartiger symbolischer Modelle
steht prinzipiell eine grofle Zahl maschineller Lern-
verfahren zur Verfiigung [Kel00], die jedoch nicht
direkt verwendet werden kénnen [Wei95].

Die Probleme beginnen bereits damit, dafl nicht
klar ist, welches die zu betrachtenden Basismerkma-
le sind, d.h. auf welcher Grundlage iiberhaupt nach
Zusammenh#ngen gesucht werden soll. Geht man
von einzelnen Meflwerten, von Mefintervallen, von
ganzen Mef3wertreihen oder geeigneten, aggregier-
ten Groflen als Attributen aus? Damit besteht die
erste Aufgabe eines automatischen Modellierungs-
systems in der Erzeugung einer geeigneten symbo-
lischen Représentationsbasis mefibarer Grofien (De-
finition der Merkmale), die dann die Grundlage
fiir die gewiinschte Analyse und Regelgenerierung
darstellt. Dieser Ubergangsschritt von der numeri-
schen zur symbolischen Form stellt einen wesent-
lichen Unterschied z.B. gegeniiber der Suche nach
implizitem Wissen in Datenbanken (data mining,
knowledge discovery in databases) dar.

Des weiteren ist bei der Modellierung eines dyna-
mischen Systems die Zeit als wichtiger Parameter
zu bertiicksichtigen. Dies bedeutet, dafl Beziehun-
gen zwischen verschiedenen Systemgréfien und da-
mit entsprechend auch zwischen den daraus abge-
leiteten Merkmalen nicht statisch sind, sondern ver-
schiedenartige, zustandsabhingige Beeinflussungen
mit gewissen Zeitverzogerungen anzunehmen sind.
Deshalb miissen Lernbeispiele neben der aktuellen
Situation auch alle relevanten Situationen der Ver-
gangenheit enthalten, was aufgrund der Grofle des
zu durchsuchenden Hypothesenraums (kombinato-
rische Explosion) zwangsldufig zum Scheitern di-
rekt angewandter etablierter maschinellen Lernver-
fahren wie z.B. ID3/CN2/C4.5 fiihrt.

Als weiterer Punkt soll die Forderung nach dem an-
gemessenen Umgang mit unpriziser, unscharfer In-



formation genannt werden. Dies betrifft insbeson-
dere auch die Ausgabe des Modells, bei der es nicht
geniigt, einen bestimmten Zustand aus einer Menge
vorgegebener Prozefzustéinde im Sinne einer Klas-
sifikation vorherzusagen, sondern bei der die Werte
moglichst aller Groflen zu prognostizieren sind.

2 Bezeichnungen

Gegeben seien die Systemgroflen X;. Wird eine ein-
deutige oder beliebige Systemgrofle betrachtet, so
wird im folgenden der Index weggelassen. Zur einfa-
cheren Unterscheidung von den Gréflen der Pramis-
se werden in den Konklusionen von Fuzzyregeln auf-
tretende Groflen mit Y beziehungsweise Y; bezeich-
net.

x;(t) bezeichnet den Wert der Systemgrofie X; zum
Zeitpunkt t. Schéitzwerte werden durch ein ,,”“ ge-
kennzeichnet, z.B. &;(t).
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Abbildung 1: Bezeichnungen auf der Zeitachse.

Die Folge {t,} dquidistanter, diskreter Zeitpunkte
mit dem Abstand AT, d.h. t,41 = t,, + AT bezeich-
net die Folge der Zeitpunkte, zu denen die Werte
des gegebenen Systems betrachtet werden, bei Mef3-
groflen also die Abtastzeitpunkte.

A und B sind Fuzzymengen mit Zugehorigkeits-
funktion pa(x) bzw. up(z). T bezeichnet eine Fuz-
zymenge fiir eine (relative) Zeitangabe und wird
analog definiert.

R = Ry,..., Ry bezeichnet die Menge der Regeln
eines Fuzzyreglers, die sich im folgenden zur Verein-
fachung der Schreibweise implizit alle auf dieselbe
linguistische Variable bzw. Grofle Y beziehen sollen.

Im Zusammenhang mit Fuzzyregeln wird im folgen-
den der Zeitpunkt des Zutreffens der Pramisse, bzw.
des betrachteten Fuzzy-Terms der Pramisse, mit ¢,
und der Zeitpunkt des Zutreffens der Konklusion
mit ¢ bezeichnet.

Die zeitliche Differenz zwischen beiden Zeitpunkten
ist At :=ty —t, =tgbzw. At = tymitd =s—r
bzw. At = d x AT.

Zur Erlduterung konkreter Berechnungen im Zu-
sammenhang mit Prognosen ist wichtig, welche
Daten zum Zeitpunkt der Prognoseerstellung be-
kannt sind. Hierzu werden im folgenden die be-
kannten Zeitpunkte, d.h. das (endliche) ,Gedicht-
nis“ der Lange t;, mit tx_;+1 ...tx bezeichnet, die

betrachtete ,,Zukunft® wird durch die Zeitpunkte
tk+1 .- - tk+m reprasentiert.

3 Ausgangspunkt

Die in der Einleitung angefiihrten Forderungen an
die Modellstruktur lassen sich mit den Stichwor-
ten ,regelbasiertes Modell“, | Verarbeitung unschar-
fer Daten“ und ,,Behandlung von Zeitabhingigkei-
ten“ zusammenfassen. Ausgangspunkt der folgen-
den Uberlegungen ist daher eine Fuzzy-Regelbasis
nach Mamdani [MA75], die zwar eigentlich zum
Zweck der Regelung (Fuzzy Control) konzipiert
worden ist, sich aber aufgrund der universellen
Struktur auch zur Modellierung des Verhaltens dy-
namischer Systeme anbietet. Sie basiert auf Regeln
der Art

Wenn [z ist A] Dann [y ist B].

Zu einer Menge solcher Regeln ist zum einen die
Pramissenauswertung (vgl Abbildung 2) nach den
Regeln der Fuzzylogik [Zad65] mit den bekannten
Wahlmoglichkeiten hinsichtlich der logischen Ver-
kniipfungen (t-Normen und t-Conormen) und zum
anderen das Inferenzprinzip (siehe Abbildung 3) de-
finiert.

niedrig mittel

07 \ ! ! \
0 2 30 40 Temperaur (°C)
Abbildung 2: Prémissenauswertung von ,, Wenn ¢ ist
niedrig Und ¢ ist mittel Dann v ist offen® fiir ¢y = 23
und Singleton-Fuzzifizierung.

geschlossen mittel offen

1 1

047 05 .05
0 I 0 I f I \
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Abbildung 3: Konklusionsberechnung von ,, Wenn ¢
ist niedrig Und ¢ ist mittel Dann v ist offen“ fiir
to = 23 mit Minimum-Inferenz.

Bei diesem wird im wesentlichen die Priamisse je-
der einzelnen Regel auf einen Wert reduziert und
anschlieend in verschiedenen Ausprigungen, z.B.



durch Minimum- oder Produktbildung, mit der je-
weiligen unscharfen Konklusionsmenge verkniipft.

0 % 50 733 0 866 100 Ventilselung (%)
Abbildung 4: Defuzzifizierung der Ergebnismenge
mit Maximum-, Mean-of-Max- und Schwerpunkt-
methode.

Anschlieflend folgt ein ,Komposition“ genannter
Schritt, der die zu einer Grofle gehorenden Kon-
klusionsmengen zu einer Menge zusammenfafit und
zum Schlufl die Defuzzifizierung (siehe Abbildung 4)
zur Reduktion der Ergebnismenge auf einen schar-
fen Wert.

Der im folgenden beschriebene Ansatz verfolgt das
Ziel, einen moglichst groflen Teil dieser etablier-
ten Methode beizubehalten. Dadurch kénnen ihre
Vorteile wie Bekanntheit, Transparenz oder Effizi-
enz genutzt werden, und es kann allgemein auf den
damit gemachten weitgehend positiven Erfahrun-
gen und den erzielten Forschungsergebnissen auf-
gebaut werden. Auflerdem ist so eine einfache Rea-
lisierung (Implementierung) auf Basis existierender
Software-Tools, wie z.B. Matlab, moglich.

4 Beobachtung

Im Gegensatz zu Differentialgleichungsmodellen, in
die zeitliche Beziige direkt eingehen, beschreibt eine
Regel einer Fuzzyregelbasis im wesentlichen einen
statischen Zusammenhang zwischen den Fuzzymen-
gen A und B. Dynamische Aspekte werden in Re-
gelbasen nach Mamdani lediglich implizit tiber den
Auswertezeitpunkt der Priamissen und den ,, Takt“
des Reglers, der zyklisch in bestimmten Abstinden
Werte erfafit, auswertet und anschliefend Stell-
groflen ausgibt, beriicksichtigt. Desweiteren kénnen
sie bei Regelbasen nach Sugeno-Takagi [Sug85],
die als Abwandlung des Mamdani-Ansatzes ange-
sehen werden konnen, prinzipiell in die Funktions-
ausdriicke der Konklusionen eingehen.

Trotz der Repréasentation ohne Zeitbezug muf bei
der Verwendung einer Regel im Rahmen von Fuzzy
Control natiirlich eine zeitliche Zuordnung zwischen
Pramisse bzw. Konklusion der Regel und Werten
der Systemgroflien X bzw. Y vorgenommen werden,
und der durch obige Regel festgelegte Zusammen-
hang 148t sich genauer beschreiben als Beziehung

zwischen pa(z(t,)) und pp(y(ts)) mit dem ,MefB-
zeitpunkt® ¢, und dem , Stellzeitpunkt® ¢,.

5 Regeln mit expliziter Zeit-
darstellung

Eine explizite Angabe der Zeitpunkte innerhalb
der Regel wiirde den zeitlichen Zusammenhang
zwischen Prémisse und Konklusion offensichtlich
machen. Dies entspriche einer am menschlichen
Denken in Ursache-Wirkungsbeziehungen orientier-
ten Beschreibung, die die Verstdndlichkeit solcher
Regelbasen fiir den Menschen erleichtern wiirde
[D576]. Aulerdem wiirde sie eine Behandlung un-
terschiedlicher Verzogerungszeiten auf der Ebene
des Fuzzy Control ermoglichen. Unterschiedliche
Totzeiten im betrachteten dynamischen System
konnten in der Regelbasis explizit angegeben wer-
den und miifiten nicht in unterlagerte Schichten,
z.B. in die Definition der Mefgréfen, ,eingebaut
werden.

Natiirlich wire eine absolute Angabe der Zeitpunk-
te, im obigen Beispiel also von ¢, und ¢4, nicht sinn-
voll. Vielmehr ist nur die Verzégerungszeit (Totzeit)
At zwischen Ursache und Wirkung als zeitliche Dif-
ferenz von t; und t, wesentlich.

Desweiteren sollte die Angabe ungefihrer Zeit-
verzogerungen durch die Verwendung unscharfer
Mengen fiir relative Zeitangaben moglich sein. Der
Grund hierftir liegt zum einen im Wunsch nach
Verstéandlichkeit des resultierenden Modells, die
durch Verwendung linguistischer Werte fiir Zeit-
angaben erreicht werden soll. Zum anderen er-
laubt die Zusammenfassung (Clusterung) zeitlich
dhnlicher, nicht aber unbedingt identischer Bezie-
hungen im Rahmen der maschinellen Modellerstel-
lung aus Zeitreihen lediglich ungefihre Zeitanga-
ben (vgl. [Wei95]). Auch das Einbringen unscharfen
(Experten-) Wissens wird so ermdglicht.

»ocharfe* Zeitangaben ergeben sich als Sonderfille

durch die Wahl geeigneter Zugehorigkeitsfunktio-
nen (Singletons).

At

I I I I
tr

XistA —— = yistB
und atist T

Abbildung 5: Regel Typ 1.

Unter diesen Voraussetzungen und Beibehaltung
der Struktur des Fuzzy Control-Ansatzes nach



Mamdani bieten sich zwei dquivalente Darstellungs-
formen an. Zum einen

Wenn [z ist A] Dann [y ist B und At ist T.
(1)

mit At als der Zeitverzdgerung, nach der ,y ist B“
gelten soll, angegeben relativ zum implizit ange-
nommenen Bezugszeitpunkt ¢, der Auswertung von
T ist A%,

y vy
atist T
e ceqees
B ————yiaB—————f——J‘-——
P TR
. |
N
" ap
T 1 T \ i T
1 (0] t, tg t
at
]
1
T

Abbildung 6: [y ist B und AT ist T1.

Hier wurde eine ,, Zeitverzogerung von T'“ in Fuzzy-
Schreibweise als ,, At ist T {ibersetzt und zur
Verdeutlichung der zeitlichen Zuordnung (vgl. Ab-
bildung 6) ,und“ geschrieben. Dieses ,und“, das
so etwas wie ,nach“ oder ,zum (relativen) Zeit-
punkt® ausdriickt, kann als tibliche Fuzzy-Und-
Verkniipfung (t-Norm) umgesetzt werden (siehe
Abschnitt 6), und die Entscheidung fiir dieselbe t-
Norm wie bei der Konjunktion kann gegebenenfalls
zu einem besonderes effizienten Verarbeitungssche-
ma fithren. Im Prinzip ist die Wahl der entsprechen-
den zweidimensionalen Fuzzyrelation jedoch un-
abhingig von den sonst gewé&hlten Verkniipfungs-
operatoren wie z.B. Minimumbildung oder Multi-
plikation. Selbstverstéindlich sollten dabei sinnvol-
le Nebenbedingungen, beispielsweise Monotonie in
den Zugehorigkeitsgeraden, beriicksichtigt werden.

Im folgenden wird ein mit einer unscharfen (rela-
tiven) Zeitangabe T versehener Fuzzy-Term, d.h.
z.B. die zweidimensionale Fuzzymenge (Fuzzyrela-
tion) BAT als ,zeitbehafteter Fuzzy-Term*, kurz
»t-Fuzzy-Term®, bezeichnet.

At

t, t,
XistA ———= yistB
und atist T

Abbildung 7: Regel Typ 2.

Abbildung 8: [z ist A und AT ist T].

Die zweite Moglichkeit besteht in der Angabe der
Zeitverzogerung von ,x ist A“ relativ zum Zeit-
punkt ¢; von ,y ist B“ (Abbildung 7):

Wenn [z ist A und At ist 7] Dann [y ist B].
(2)

Da im vorliegenden Fall keine allgemeine logische,
sondern eine kausale Beziehung, bei der ,x ist A“
immer vor ,,y ist B“ liegt, angegeben wird, genfigt
es, sich auf positive Zeitverzogerungen (Betrige)
zu beschrinken, und fiir beide Darstellungsformen
konnen dieselben Fuzzymengen verwendet werden.

Zu beiden Darstellungsmoglichkeiten ist zu be-
merken, dal bei diesen einfachen Regeln eindeu-
tig erkennbar ist, auf welche Zeitpunkte sich die
Zeitverzogerung bezieht. Bei Regeln mit mehreren
Fuzzy-Termen in der Pramisse und einem Term in
der Konklusion ist die jeweilige Zeitverzogerung fiir
jeden einzelnen Fuzzy-Term der primisse anzuge-
ben, falls nicht alle Fuzzy-Terme zum selben (rela-
tiven) Zeitpunkt ausgewertet werden sollen, etwa

Wenn [z; ist A; und Aty ist T7]
Und [z ist A2 und At, ist Th]
Dann [y ist BJ.

(3)

Im folgenden wird ausschliefilich der Ansatz nach
Regel 2 weiterverfolgt, da dieser, wie gerade ange-
deutet, eine naheliegende Erweiterung auf Primis-
sen mit mehreren Bedingungen und damit auch
mehreren Zeitverzogerungen, die sich auf dieselbe
Konklusionsgrofle auswirken, ermdéglicht, wihrend
z.B. mehrere verkniipfte Fuzzy-Terme in der Kon-
klusion nicht {iblich sind und eine Vermischung bei-
der Ansétze uniibersichtlich wiirde.

An dieser Stelle soll darauf hingewiesen werden, daf3
beide Arten von Regeln entgegen der intuitiven Vor-
stellung nur bei geeigneter Wahl des Inferenzsche-
mas logisch dquivalent sind (siehe Abschnitt 7).



6 Semantik und Inferenzsche-
ma

Im folgenden wird die Angabe der Gleichzeitigkeit
als Konjunktion ,A“ interpretiert (siche Erldute-
rungen oben) und als Verkniipfungsoperation das
Minimum gewahlt. Weiter wird von Singleton-
Fuzzifizierung ausgegangen. Als Aggregationsope-
rator fiir die ,normale“ Fuzzy-Konjunktion wird die
Multiplikation verwendet, fiir die Inferenz ebenfalls.
Auch hier ist jeweils die Auswahl unter den iiblichen
Methoden moglich.

Damit fiihrt die Analyse der linken Seite einer Regel
nach Art von 2 im Rahmen der Fuzzylogik zu

pazer (@, At) = minfpua(e), pr(Ab)}.

Die Konjunktionsrelation ,,AAT* beschreibt eine
zweidimensionale Fuzzymenge, was bedeutet, dafl
sie nicht nur eine Aussage fiir einen bestimm-
ten Zeitpunkt, sondern fiir eine Zeitspanne macht.
Zur Beibehaltung des prinzipiellen Vorgehens nach
Mamdani ist diese Menge fiir die Inferenz auf einen
Wert zu reduzieren.

Am einfachsten ist es, hierzu als Ergebnis der Aus-
wertung des zeitbehafteten Fuzzy-Terms den Wert
mit der maximalen Zugehorigkeit zu verwenden,
d.h. nach dem besten Kompromifl aus =z und At
zu suchen. Diese Definition des Zugehorigkeitsgra-
des basiert auf einer Interpretation eines t-Fuzzy-
Terms dahingegend, daf} er dann als gut erfiillt gilt,
wenn er dieses zu irgendeinem Zeitpunkt ist. In Ab-
bildung 8 wiirde also z.B. zwischen der Auswer-
tung des t-Fuzzy-terms AAT zum Zeitpunkt ¢, ;
mit pa(z(t,—1)) = 1, aber nicht passender Zeit, so-
wie zum perfekt passenden Zeitpunkt ¢, (urt, = 1),
aber zu groflen Wert von x(¢,), abgewogen werden.
Als Ergebnis zum Bezugszeitpunkt s ergibt sich

pp(ts) = max{pasr(e(ts — At), At)}. (4)

Man erhilt als Ergebnis die Zugehorigkeitsfunktion
der Konklusion zum Zeitpunkt ¢

po(ts,y) = parr—pY) = up(ts) * pp(y).

(5)

Bei mehreren t-Fuzzy-Termen in der Prémisse er-
gibt sich beispielsweise (vergleiche Regel 3):
M(Al/‘\Tl,AszQ)*}B(y) =

(6)
(e, (ts) * pp, (ts)) * B (Y).

7 Alternativen

Zur expliziten Reprisentation zeitlicher Zusam-
menhinge ist eine bisher nicht tiberschaubare Men-
ge verschiedener Ansiitze denkbar. Als Ergéinzung
zum oben erlduterten sollen kurz zwei weitere
Moglichkeiten erwdhnt werden.

7.1 Zeitangaben in der Konklusion

Geht man von Regeln der Art (1) aus, so erhilt man
zunidchst als zweidimensionale Zugehorigkeitsfunk-
tion der Konklusion

ppar(y, At) = min{up(y), pr(At)}.
Mit Produktinferenz ergibt sich
tasBAT) (Y At) = pa(z(tr)) * pprr(y, At).

Hierdurch werden ausgehend vom Wert von x zum
Bezugszeitpunkt t,. Aussagen iiber Zugehorigkeits-
funktionen der Konklusionsmengen fiir verschiede-
ne Zeitpunkte t; = t,. + At gemacht. Mochte man
alle Aussagen, die einen bestimmten Zeitpunkt &
betreffen, zu einer Fuzzymenge zusammenfassen,
um spiter sukzessive fiir jeden Zeitpunkt t¢s die
Konklusionsmengen verschiedener Regeln mittels
Komposition auf iibliche Weise weiterverarbeiten zu
konnen, so erhilt man, falls man analog zur Herlei-
tung von Gleichung 4 vorgeht,

per (ts,y) =
maxae{pa(z(ts — At)) x ppar(y, At)}.
(7)
Man erkennt in der ausgeschriebenen Version, dafl

sich dieses Ergebnis im allgemeinen von Gleichung
5 unterscheidet:

pcr (ts, y)
= ngxtx{/tA(x(ts - At)) * //'Bf\T(yv At)}

= HIAHZX{[LA(Z’(tS — At)) * min{up(y), pr(At)}}
= mAatX{min{uA (z(ts — At)) * up(y),

pa(x(ts — At)) * pr(At)}}
= max{min{pa(z(t; — At)), pa(z(t; — At))

pr (At)
1B(Y)

# mgs{minua (e (ts — A0), ur (M)} * s (0)
= max{min{pa(z(ts — At)), ur(At)}} * pp(y)

= max{pazr (a(ts = At), At)} + s (y)

*

}rup(y)}

= pp(ts) * up(y)
= pc(ts,y)

Die Gleichungen 5 und 7 wiren beispielsweise dann
fquivalent, wenn man statt des Minimums fiir ,A“
das Produkt wihlen wiirde, oder wenn in den Glei-
chungen statt des Produktes Minimumbildung ste-
hen wiirde, d.h. fiir die Inferenz statt der Dot-
Methode Minimumbildung gew#hlt worden wire.



7.2 Regeln als zusammenfassende

Regeln

Man kann eine Regel nach (2) auch dahingehend
interpretieren, daf} es sich um die Kurzschreibwei-
se fiir eine Menge von Regeln mit jeweils prizisen
Zeitangaben handelt, wobei jede Regel gemifl dem
Zutreffen der Zeitangabe gewichtet wiirde. Eine Re-
gel der Art von (2) entspréche z.B. den ,,normalen®
gewichteten Fuzzyregeln

Wenn [z(t, — AT) ist A] Dann [y ist B
Mit Gewicht up(AT).

Wenn [z(t, — 2% AT) ist A] Dann [y ist B|
Mit Gewicht pr(2 * AT).

Wenn [z(t, — 3% AT) ist A] Dann [y ist B]
Mit Gewicht pur(3 x AT).

Wenn [z(t, — k * AT) ist A] Dann [y ist B]
Mit Gewicht pur(k * AT).

Fiir jede dieser Regeln ergébe sich eine normale
Konklusionsberechnung, und die Konklusionen al-
ler dieser Regeln kénnte man beispielsweise wie bei
yhormalen®“ Einzelregeln mittels Komposition zu-
sammenfiigen.

7.3 Erginzung

Fiir jeden der beiden skizzierten Alternativansitze
ergeben sich durch die Wahlmoglichkeiten bei
den Fuzzy-Operatoren (Mengenoperatoren bzw.
t-Normen, Inferenzprinzip, Defuzzifizierungsstra-
tegie, Gewichtung usw.) wiederum verschiedene
Moglichkeiten. Je weniger man sich an vorhandenen
Ansitzen (z.B. Mamdani) orientiert, desto mehr
Freiheitsgrade kommen hinzu.

8 Komposition, Defuzzifizie-
rung und Erginzungen

Legt man Regeln der Struktur (2) zugrunde und
berechnet das Ergebnis jeder Regel nach Gleichung
5, so dndert sich nach der zeitbezogenen Auswer-
tung der Pramissenterme an Komposition und De-
fuzzifizierung durch die explizite Repréisentation der
Zeitbeziige gegeniiber dem Konzept von Mamdani
nichts.

Als Komposition der Ergebnisse der Regeln
R, ... Ry ergibt sich fiir jeden Zeitpunkt %

p (s, y) = max{,uch (ts,y) .- KCry (ts,y)}-

(8)

Die Defuzzifizierung geschieht anhand von pc (ts,y)
fiir den gew#hlten Zeitpunkt ¢s. Im folgenden steht
g(t) fir den Schétzwert der Grofle Y zur Zeit t,
der aus px (ts,y) durch Defuzzifizierung berechnet
wird. Entsprechend wird im folgenden die Schreib-
weise Z(t) fiir einen Schitzwert von x(t) verwendet.

8.1 Alternativansitze

Interessant im Zusammenhang mit dem ersten der
vorgestellten Alternativansitze ist die Moglichkeit,
auf Basis von Gleichung 7 nicht die Fuzzymengen
zu einem bestimmten Zeitpunkt ¢, fiir Komposition
und anschlieBende Defuzzifizierung nach y zu ver-
wenden, sondern direkt mit der durch die Gleichung
definierten zweidimensionalen Fuzzymenge zu ar-
beiten.

Nach einer zweidimensionalen Uberlagerung (Kom-
position) kénnte man z.B. einen Wert vorgeben und
nach der Zeit defuzzifizieren, was man als Schitzung
des Auftrittszeitpunktes eines erwarteten Wertes
deuten konnte. Beispielsweise konnte so der Au-
genblick des Uberschreitens eines Schwellwertes be-
stimmt werden.

Bei Definition eines geeigneten zweidimensionalen
Defuzzifizierungsverfahrens, das sowohl einen Zeit-
punkt als auch einen Wert liefern wiirde, wére es
auch denkbar, einen allgemein moglichst verlafli-
chen Schitzwert zu erhalten. D.h. zu dem gefunde-
nen Zeitpunkt wire die dafiir abgegebene Prognose
wahrscheinlich ziemlich gut.

Einen interessanten Ansatz zur Riickkopplung der
Ausgiéinge einer Fuzzyregelbasis ohne Defuzzifizie-
rung findet man in [SKS97]. Durch den Verzicht auf
eine Defuzzifizierung kann man gegeniiber unserem
Ansatz prinzipiell den bei der Reduktion der Fuzzy-
mengen auf Schitzwerte auftretenden Informations-
verlust vermeiden, jedoch ergeben sich daraus sehr
harte Anforderungen sowohl an das Inferenzverfah-
ren als auch an die verwendeten Fuzzymengen.

Der Ansatz sieht keine explizite Reprisentation
zeitlicher Beziige, insbesondere von Verzdgerungs-
zeiten, vor, sondern arbeitet streng taktweise, d.h.
in jedem Schritt werden die aktuellen Eingangs-
Fuzzymengen auf Fuzzymengen am Ausgang ab-
gebildet, die wiederum einen Teil der Eingangs-
Fuzzymengen fiir den nichsten Zeitschritt darstel-
len. Ein Rickgriff auf dltere Eingangs-Fuzzymengen
findet nicht statt.



9 Wohldefiniertheit
(Schitzung
Werte)

unbekannter

Die Verwendung einer Regelbasis mit Regeln der
oben angegebenen Struktur zur Berechnung der
Grofe Y zu einem Zeitpunkt ¢, ist, sofern die Wer-
te aller Groflen bis t5 bekannt sind, abgesehen von
Effizienzgesichtspunkten (siehe unten) unproblema-
tisch, da der Definitionsbereich von T auf den po-
sitiven Bereich beschrankt und damit die Pramisse
up(ts) in Gleichung 5 jeweils fiir jede Regel wohl-
definiert ist, so daf sich ux (ts,y) berechnen 1aft.

Anders sieht es aus, wenn die Regelbasis z.B. als
Prozemodell (Verhaltensmodell) verwendet wer-
den soll, um zu einem gegebenen Zeitpunkt ¢, Vor-
aussagen (Prognosen) tiber den Wert bestimmter
Groflen zu einem bestimmten Zeitpunkt ¢ in der
Zukunft zu treffen.

Problematisch ist in der Definition der Primissen-
zugehorigkeit in Gleichung 4 der Term

parr(@(ts — At), At) =
min{pa(z(ts — At)), pr(At)},

falls z(ts — At) nicht bekannt ist. Der Term kann
aber geschétzt werden, beispielsweise mit folgender
Definition:

farr(a(ts — At), At)) ==
win{pa(o(t, ~ A0), pr(A0),
falls z(ts — At;) bekannt,
0, falls pr(At) =0, (
win{ua(a(t, - A0 pr (A0},
falls Z(ts — At) bekannt,
(

undefiniert, sonst. d)
(9)
(b) ist sinnvoll, da unter der Voraussetzung
pr(At) = 0 gilt min{pa(x), ur(At)} = 0 un-

abhingig von z.

(c) beriicksichtigt die beste verfiighare Schiitzung
von z und ist deshalb sinnvoll, obwohl so nicht
unbedingt die beste Schitzung fiir pp(ts) bzw.
po(ts,y) sichergestellt werden kann. Dies liegt dar-
an, daf3 nur ein Schétzwert berticksichtigt wird und
auBlerdem keinerlei Information iiber die Giite die-
ser Schitzung eingeht.

(d) bedeutet, dafl keine Schitzung moglich ist. Auf
diesen Fall wird im nachfolgenden Abschnitt 10
niher eingegangen.

Gegebenenfalls ist auch folgender einfacher Ansatz
sinnvoll, der nicht auflésbare Beziehungen in Glei-
chung 4 einfach ausblendet, indem er nur bekannte
Werte verwendet, so dal Regeln mit nicht definier-

ten Pramissen gar nicht beriicksichtigt werden:

franr (x(ts — At), At)) =
min{pa (w(t, — Ab), pr(AD)},
falls z(ts — At;) bekannt
0, sonst.

Auch der Riickgriff auf Defaultwerte, z.B. den be-
obachteten Mittelwert einer Grofle wire denkbar.

Entsprechende Definitionen sind bei der Verwen-
dung anderer Operatoren als der Konjunktion fiir
A ebenfalls moglich.

10 Umsetzung unter Effizienz-
gesichtspunkten

Die folgenden Betrachtungen gehen davon aus, dafl
ausgehend von einem Zeitpunkt t; innerhalb eines
vorgegebenen Zeithorizontes t ...tg4+m eine Pro-
gnose fiir eine gegebene Gréfle Y zu erstellen ist. Als
Information stehen die zwischengespeicherten Wer-
te der Grolen aus dem Bereich von ;41 bis #y,
dem ,,Gedéchtnis“ des Systems, zur Verfiigung. Die
Préamissenberechnung soll auf Basis von Definition
9 erfolgen.

Zunichst ist festzustellen, daff effektive (nicht
nur effiziente!) Berechnungen tiberhaupt nur dann
moglich sind, wenn der bei jeder Pridmisse bzw.
Konklusion betrachtete Zeitbereich endlich ist, d.h.
wenn pr(t) nur zu endlich vielen Zeitpunkten von
Null abweicht. Eine Berechnung von Konklusion
bzw. Priamisse nach Gleichung 5 bzw 4 kann sich
dann auf diesen endlichen Zeitbereich beschrinken.

Auflerdem miissen alle direkt oder indirekt zur Be-
rechnung oder Schitzung von Werten notwendi-
gen Informationen innerhalb des , Ged&chtnisses®
des Systems vorhanden sein. Das bedeutet, dafl
fiir jeden in einer Regel auftretenden zeitbehafteten
Fuzzy-Term gelten muf}, daf§ fiir jedes At entweder
HT(At) = 0 oder tk,lJrl S tk — At S tk.
Desweiteren ist offensichtlich, daf sich eine , direk-
te“ Umsetzung mittels eines rekursiven Ansatzes,
der gemifl Gleichung 9 gegebenenfalls auf Schétz-
werte &(ts — At) zuriickgreift und diese bei Bedarf
berechnet, so da8 Fall (d) in Definition 9 nicht auf-
tritt, aus Griinden des Berechnungsaufwandes ver-
bietet. Ein Losungsansatz besteht in der Vermei-
dung von Mehrfachberechnungen von Schétzwerten,
beispielsweise indem diese Werte in der richtigen
zeitlichen Reihenfolge berechnet und im Sinne des
dynamischen Programmierens (zwischen-) gespei-
chert werden, so dafl bei Bedarf auf sie zuriickge-
griffen werden kann.

Ein weitergehender Weg zur Steigerung der Ef-
fizienz konnte in einer prinzipiell inkrementel-



len Berechnung von auf Schitzungen basieren-
den Werten bestehen. Im Vordergrund sténde die
Vermeidung einer kompletten Neuberechnung von
up(ts) bzw. pc(ts,y) nach Gleichung 4 bzw. 5
bei Eintreffen neuer Informationen, d.h. nach je-
dem Takt, durch Ausnutzung der Eigenschaften des
Maximum-Operators.

11 Zusammenfassung und

Ausblick

Die vorgeschlagene Modellstruktur erméglicht den
Umgang mit unscharfen Daten und die explizite Re-
présentation zeitlicher Beziehungen im Rahmen ei-
nes verstidndlichen, regelbasierten Modells. Damit
eignet sie sich zur Représentation von auf Basis ma-
schineller Lernverfahren anhand von Zeitreihen er-
kannten Systemabhiingigkeiten (vgl. etwa [Wei95]).

Die Art der Struktur ist dadurch motiviert, dafl
zwar eine Reihe von erfolgreichen oder zumindest
erfolgversprechenden Arbeiten zur Erzeugung von
Fuzzyregelbasen aus Daten und zu ihrer Anwen-
dung zur Vorhersage von Groflen dynamischer Sy-
steme (z.B. [Bet96] oder [Kra94]) existiert, jedoch
keiner der bekannten Ansitze (vgl. z.B. [Zim99])
eine wiinschenswerte explizite Repréisentation zeit-
licher Zusammenhénge ermdoglicht. Dies ist eigent-
lich um so erstaunlicher, als sich Fuzzymengen fiir
die Repréasentation unpréziser Zeitangaben gerade-
zu aufdriingen.

Bei der Analyse prinzipieller Eigenschaften des Mo-
dells liegt der Schwerpunkt der Arbeit insbesonde-
re auch auf einem Vergleich mit intuitiven Erwar-
tungen an das Verhalten des Modells, die aufgrund
der verbalen Formulierung der Regeln geweckt wer-
den. Gleichzeitig werden Alternativansétze betrach-
tet, die in Abschnitt 7 angedeutet werden.

Wichtigstes langfristiges Forschungsthema ist die
Entwicklung eines Systems zur maschinellen Gene-
rierung von Regelbasen aus Zeitreihen, das sich an
der menschlichen Informationsverarbeitung orien-
tiert [FK98] und auf dem in [KW92] beschriebenen
Ansatz zur Heuristischen Modellierung beruht.
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ABSTRACT

Many discovery problems, e.g., subgroup or association rule
discovery, can naturally be cast as n-best hypothesis prob-
lems where the goal is to find the n hypotheses from a given
hypothesis space that score best according to a given utility
function. We present a sampling algorithm that solves this
problem by issuing a small number of database queries while
guaranteeing precise bounds on confidence and quality of so-
lutions. Known sampling algorithms assume that the utility
be the average (over the examples) of some function, which
is not the case for many frequently used utility functions.
We show that our algorithm works for all utilities that can
be estimated with bounded error. We provide such error
bounds and resulting worst-case sample bounds for some of
the most frequently used utilities, and prove that there is no
sampling algorithm for another popular class of utility func-
tions. The algorithm is sequential in the sense that it starts
to return (or discard) hypotheses that already seem to be
particularly good (or bad) after a few examples. Thus, the
algorithm is often even faster than its worst-case bounds.

1. INTRODUCTION

Even with discovery algorithms optimized for very large data
sets, for many application problems it is infeasible to pro-
cess all of the given data. In this case, an obvious strategy is
to use only a randomly drawn sample of the data. Clearly,
if parts of the data are not looked at, it is impossible, in
general, to guarantee that the results produced by the dis-
covery algorithm will be identical to the results returned on
the complete dataset. If the use of sampling is to be more
than a practitioner’s “hack”, sampling must be combined
with discovery algorithms in a fashion that allows us to give
the user guarantees about how far the obtained results dif-
fer from the optimal (non-sampling based) results. The goal
of a sampling discovery algorithm then is to guarantee this
quality using the minimum amount of examples.

Existing research has concentrated primarily on discovery
problems where the goal is to select from a space of possible
hypotheses H one of the elements with maximal value of an
instance-averaging utility function f, or all elements with
an f-value above a user-given threshold (e.g., all association
rules with sufficient support) [5, 8]. With instance-averaging
utility functions, the quality of a hypothesis A is the average
across all instances in a dataset D of an instance utility
function finst.

Many discovery problems, however, cannot easily be cast in
this framework. Firstly, it is often more natural for a user
to ask for the n best solutions instead of the single best or
all hypotheses above a threshold (see e.g., [20]). Secondly,
many popular utility measures cannot be expressed as an
averaging utility function. This is the case, e.g., for all func-
tions that combine coverage and distributional properties of
a hypothesis, as popular in subgroup discovery. The task of
subgroup discovery [12] is to find maximally general subsets
of database transactions within which the distribution of a
focused feature differs maximally from the default probabil-
ity of that feature in the whole database. As an example,
consider the problem of finding groups of customers who are
particularly likely (or unlikely) to buy a certain product.

In this paper, we present a general sampling algorithm for
the n-best hypotheses problem that works for any utility
functions that can be estimated with bounded error. To
this end, in Section 2, we first define the n-best hypothe-
ses problem more precisely and identify appropriate quality
guarantees. Section 3 then presents the generic algorithm.
Our algorithm is a sequential sampling algorithm [19], in
the sense that it does not wait for a fixed number of ex-
amples that can be guaranteed to suffice even in the worst
case before starting the analysis. It starts to return (or dis-
card) hypotheses that already seem to be particularly good
(or bad) after a few examples. Thus, the algorithm is often
faster than its worst-case bounds. In Section 4, we prove
that many of the popular utility functions that have been
used in KDD indeed can be estimated with bounded error,
giving detailed bounds. For one popular class of functions
that cannot be used by our algorithm, we prove that there
cannot be a sampling algorithm at all. Our results thus
also give an indication as to which of the large numbers of
popular utility functions are preferable with respect to sam-
pling. In Section 5, we evaluate our results and discuss their
relation to previous work.



2. APPROXIMA TING ~-BEST HYPOTHE-
SESPROBLEMS

In many cases, it is more natural for a user to ask for the
n best solutions instead of the single best or all hypotheses
above a threshold. Such n-best hypotheses problems can be
stated more precisely as follows (adapted from [20], where
this formulation is used for subgroup discovery): Let D be
a database of instances, H a set of possible hypotheses, f
a quality or utility function on H mapping a hypothesis
and a database to a nonnegative number, and n, 1 < n <
|H| an integer, the number of desired solutions. The n-best
hypotheses problem is to find a set G C H of size n such
that there is no A’ € H: b’ ¢ G and f(h', D) > fmin, where
fmin == minhegf(h, D)

Whenever we use sampling, the above optimality property
cannot be guaranteed, so we must find appropriate alterna-
tive guarantees. Since for n-best problems, the exact quality
and rank of hypotheses is often not central to the user, it is
sufficient to guarantee that G indeed “approximately” con-
tains the n best hypotheses. We can operationalize this by
guaranteeing that there will never be a non-returned hypoth-
esis that is “significantly” better than the worst hypothesis
in our solution. More precisely, we will use the following
problem formulated along the lines of PAC (probably ap-
proximately correct) learning:

DEFINITION 1 (APPROXIMATE M-BEST HYPOTHESES).
Let D, H, f and n as in the preceding definition. Then let
3,0 <6 <1, be a user-specified confidence, and ¢ € R™
a user-specified mazimal error. The approximate n-best
hypotheses problem is to find a set G C H of size n such
that, with confidence 1 — &, there isnoh' € H: ' € G and
f(h',D) > fmin +¢€, where fmin := minpeaf(h, D).

In other words, we want to find a set of n hypotheses such
that, with high confidence, no other hypothesis outperforms
any one of them by more than e, where f is an arbitrary
performance measure. In order to design an algorithm for
this problem, we need to make certain assumptions about
the utility function f. Ideally, an algorithm should be capa-
ble of working (at least) with the kinds of utility functions
that have already proven themselves useful in practical ap-
plications. If the problem is to classify database items (i.e.,
to find a total function mapping database items to class la-
bels), accuracy is often used as utility criterion. For the
discovery of association rules, by contrast, one usually re-
lies on generality as primary utility criterion [1]. Finally,
for subgroup discovery, it is commonplace to combine both
generality and distributional unusualness, resulting in rel-
atively complex evaluation functions (see, e.g., [13] for an
overview).

In light of the large range of existing and possible future
utility functions, in order to avoid unduly restricting our al-
gorithm, we will not make syntactic assumptions about f.
In particular, unlike [5], we will not assume that f is a sin-
gle probability nor that it is based on averages of instance
properties. Instead, we only assume that it is possible to
determine a function A for a particular f that bounds the
probability of errors when computing f based on a sample,
and vanishes with increasing sample sizes. As we will show

in Section 4 below, finding such A is relatively straightfor-
ward for classification accuracy, and is also possible for all
but one of the popular utility functions from association rule
and subgroup discovery. More precisely, we define an error
probability bound function A for f as follows.

DEFINITION 2 (ERROR PROBABILITY BOUND). Let f be
a utility function, let h1 € H and ho € H be two hypotheses.
Let f1 := f(hi1, D) denote the true utility of h1 on the entire
dataset, fi := f(h1,S) its estimated utility computed based
on a sample S C D of size m (fa, fa defined analogously).
Then A : IN x R x R — [0, 1] is an error probability bound

for f iff for any €, ¢
Prs[fi— fo > élfi — f2 <&] < A(m, ¢, 8). (1)

Equation 1 says that A bounds the probability of drawing
a sample S (when drawing m transactions independently
and identically distibuted from D), such that the empirical
difference between two utility values appears overly large.
We will refer to f(h, S) as the measured, or empirical utility.
If, in addition, for any 6,0 < § < 1 and any ¢ there is a
number m such that A(m,e,0) < § we say that A vanishes.
Note that it can be meaningful for € to be negative; in this
case, A bounds the chance that hi appears better on the
sample (f1 — f2 positive) although h; really is better (fi — fo
negative).

3. SAMPLING ALGORITHM

The general approach to designing a sampling algorithm is
to use an appropriate error probability bound to determine
the required number of examples for a desired level of con-
fidence and accuracy. When estimating a single probability,
Chernoff bounds that are used in PAC theory [10, 18] and
many other areas of statistics and computer science can be
used to determine appropriate sample bounds [17]. When
such algorithms are implemented, the Chernoff bounds can
be replaced by tighter normal or Student’s ¢-distribution ta-
bles.

Unfortunately, the straightforward extension of such ap-
proaches to selection or comparison problems like the n-best
hypotheses problem leads to unreasonably large bounds: to
avoid errors in the worst case, we have to take very large
samples to recognize small differences in utility, even if the
actual differences between hypotheses to be compared are
very large. This problem is addressed by sequential sampling
methods [4, 19] (that have also been referred to as adaptive
sampling methods [5]). The idea of sequential sampling is
that when a difference between two frequencies is very large
after only a few examples, then we can conclude that one of
the probabilities is greater than the other with high confi-
dence; we need not wait for the sample size specified by the
Chernoff bound, which we have to when the frequencies are
similar. Sequential sampling methods have been reported to
reduce the required sample size by several orders of magni-
tude (e.g., [7]).

In our algorithm (Table 1), we combine sequential sampling
with the popular “loop reversal” technique found in many
KDD algorithms. Instead of processing hypotheses one after
another, and obtaining enough examples for each hypothesis



to evaluate it sufficiently precisely, we keep obtaining exam-
ples (step 2b) and apply these to all remaining hypotheses
simultaneously (step 2c). This strategy allows the algorithm
to be easily implemented on top of database systems (as-
suming they are capable of drawing samples), and enables
us to reach tighter bounds. After the statistics of each re-
maining hypothesis have been updated, the algorithm checks
whether it has seen enough examples to distinguish all the
remaining good hypotheses from the bad ones with sufficient
confidence, in which case it can exit (step 2f). Otherwise, in
step 2g it checks all remaining hypotheses and (i) outputs
those where it can be sufficiently certain that the number of
better hypotheses is no larger than the number of hypothe-
ses still to be found (so they can all become solutions), or (ii)
discards those hypotheses where it can be sufficiently certain
that the number of better other hypotheses is at least the
number of hypotheses still to be found (so it can be sure
the current hypothesis does not need to be in the solutions).
Indeed it can be shown that this strategy leads to a total
error probability less than ¢ as required.

THEOREM 1. The algorithm will output a group G of ex-
actly n hypotheses such that, with confidence 1 —4§, no other
hypothesis in H has a utility which is more than € higher
than the utility of any hypothesis that has been returned:

Pr3h € H\ G: f(h) > fmin +€] <4é (2)
where fmin = mingco{f(h')}; assuming that |H| > n.

The idea of the proof is that we have to sum up the probabil-
ities that either one of the n best hypotheses is discarded or
any significantly worse hypothesis is returned over all steps
1. This sum must be no more than §. Due to lack of space,
we leave the proof for the full paper.

4. INSTANTIATIONS

In order to implement the algorithm for a given interest-
ingness function we have to find a function A(m, ¢, €) that
satisfies Equation 1 for that specific f. We will in the fol-
lowing present a list of A functions for the most commonly
used interestingness functions. Table 2 summarizes our re-
sults and presents, for each studied utility function f, the
error bound A and a corresponding worst-case bound on
the required sample size. (Since the database is constant,
we abbreviate f(h, D) as f(h).)

4.1 Instance-Areraging Functions

This simplest form of a utility function is the average,
over all example queries, of some instance utility func-
tion finst(h,q;). The utility is then defined as f(h) =
ﬁ Zf): 1 finst(h, q;) (the average over the whole database)

and the estimated utility is f(h, Qm) = % 1 finst(h, gi)
(average over the example queries). An easy example of
an instance-averaging utility is the classifiation accuracy.
Besides being potentially useful, this class of utility func-
tions serves as an introducing example of how A func-
tions can be derived. We assume that there is a lower
bound lb = mingep hen finst(h,¢;) and an upper bound
ub = maxgep,her finst(h,q) for this function (e.g., classi-
fication accuracy is bounded between 0 and 1) and we de-
fine A = max(finst(h1,q) — finst(h2, @) —min(finst (b1, q") —

Table 1: Sequential sampling algorithm for the n-
best hypotheses problem

Input: num (number of desired hypotheses), € and § (ap-
proximation and confidence parameters). Output: num
approximately best hypotheses (with confidence 1 — §).

1. Let n = num (n counts the number of hypotheses
that we still need to find) and Let H; = H (the set
of hypotheses that have, so far, neither been discarded
nor accepted). Let Q1 = § (no sample drawn yet).

2. Fori=1...0

(a) Let HH—I = Hi.

(b) Query a random item of the database g;. Let
Qi = Qi-1 U {q:}

(c) Update the empirical utility f of the hypotheses
in Hi.

(d) Let hy be the hypothesis in H; that achieves the
nth highest empirical utility f.

(e) Let hp+1 be the hypothesis in H; tl}at achieves
the n + 1st highest empirical utility f.

(f) If A(i, —¢,0) < %g Then Exit (the for loop).

(g) For j =1...|H;|

i I f(hy, Q) > f(hn41,Qi) (B ap-
pears good) and n > 0 and

A (i: _E,f(hjv Qi) — f(hn+1: Qz)) Sm‘%m
Then Output hypothesis h; and then
Delete h; from H;;1 and decrement n.

i I f(hj Qi) < f(ha, Qi) (hj ap-
pears poor) and |[Hfj > mn and

A (Z,O,f(hn,Qz) _fA(hJ:Ql)) < ‘H”Lhz p
Then Delete h; from H;y1.
(h) If n = 0 Or |H;4+1| = n Then Exit (the For
loop).

3. Output the n hypotheses from H; which have the
highest empirical utility.

finst(R5,q")) as the range of possible values of measured per-
formance differences.

f(h1,Q:) — f(h2, Q) is a random variable with mean value
f(h1) — f(h2) and bounded range A. We can use the Ho-
effding inequality [9] to bound the chance that an arbitrary
(bounded) random variable takes a value which is far away
from its mean value. When X is a random variable with
expectation F(X) and range at most A and the sample
size is m, then the Hoeffding inequality guarantees that
PriX —E(X) >¢ < exp{—Zm%}. In our situation, this
implies Equation 3

Pr(f(h1) — f(h2) > &|f(h1) — f(h2) < €]
< exp {—ZmL X;) } . (3)



Table 2: Summary of Instantiations
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We can therefore define A as in Equation 4. default probability. The resulting utility functions are vari-

(E—e)? ations of g*(p — po).
A(m,e,é) = exp {—2mT} . (4)
The Binomial test heuristic [11] is based on elementary con-
siderations. Suppose that the probability p is really equal

The algorithm exits the for loop (at latest) when to po (i.e., the corresponding subgroup is really uninterest-

A(m, —e,0) < %ﬁ'. This is the case with certainty when

m > %; log % (the proof is left for the full paper). But
note that our algorithm will generally terminate much ear-
lier; firstly, because we use the t-distribution (for large m)
rather than the Hoeffding bound and, secondly, our sequen-
tial sampling approach will terminate much earlier when
the n best hypotheses differ considerably from many of the
“bad” hypotheses. The worst case occurs only when all hy-
potheses in the hypothesis space are equally good which
makes it much more difficult to identify the n best ones.

4.2 Other Utility Functions

Often the task of data mining problems is to identify sets of
transactions that are both frequent (i.e., general) and statis-
tically unusual. We define the generality g as the probabil-
ity that a transaction lies within the support of a hypothesis
(i.e., the hypothesis applies to the transaction). A number
of utility functions have been proposed that measure these
two properties of hypotheses. We refer the reader to [11] for
a discussion on the background of these utility functions.

One class of utility functions weights the generality g of a
subgroup and the deviation of the probability p of a certain
feature from the default probability po equally [16]. Hence,
these functions multiply generality and distributional un-
usualness of subgroups. Alternatively, we can use the ab-
solute distance |p — po| between probability p and default
probability po. The multi-class version of this function is
91>, Ipi —po;| where po, is the default probability for class
i. The appropriate definition of A as well as the resulting
worst-case sample bounds can be found in Table 2.

Squared terms [20] are introduced to put more emphasis on
either the generality or the difference between p and the

ing). How likely is it, that the subgroup with generality g
displays a frequency of p on the sample Q with a greater
difference |p — po|? For large |Q| % g, (p — po) is governed by
the normal distribution with mean 0 and variance at most
ﬁ. The probability density function of the normal distri-
bution is monotonic, and so the criterion \/m(p—po) (which
is \/g(p — po) times a constant factor) orders the hypothe-
ses according to the probability that they are uninteresting.
Several variants of this utility function have been used. See
Table 2 for the results.

4.3 Negative Result

Several independent impurity criteria have led to utility
functions which are equivalent (up to a constant factor) to
f(h) = l—f;g(p —po)?; e.g., Gini diversity index, twoing cri-
terion [3], and the chi-square test [16]. The order which
this criterion imposes on hypotheses is also equal to the or-
der imposed by the criterion of Inferrule [2]. Unfortunately,
this utility function is not bounded and a few examples that
have not been included in the sample can impose dramatic
changes on the values of this function.

THEOREM 2. There is no algorithm that satisfies Theo-
rem 1 when f(h) = ﬁ(p—po)?

The idea of the proof is that (f(h1, Q) — f(h2, Q) — (f(h1) —
f(h2)) is unbounded for any finite m. This implies that,
even after an arbitrarily large sample has been observed
(that is smaller than the whole database), the utility of a
hypothesis with respect to the sample can be arbitrarily far
from the true utility. But one may argue that demanding
f(h,Q) to be within an additive constant ¢ is overly re-
stricted. However, the picture does not change when we



require f(h, Q) only to be within a multiplicative constant,

since (f(h1, Q) — f(ha, Q))/(f(h1)— f(h2)) is unbounded for

any finite m as well.

5. DISCUSSION

Learning algorithms which require a number of examples
that can be guaranteed to suffice for finding a nearly opti-
mal hypothesis even in the worst case have early on been
criticized as being impractical. Maron, Moore, & Lee [14,
15] have introduced sequential sampling techniques [4, 19]
into the machine learning context by proposing the “Ho-
effding Race” algorithm that combines loop-reversal with
adaptive Hoeffding bounds. A general scheme for sequential
local search has been proposed by Greiner [8]. Sequential
sampling can often reduce the required sample sizes in cases
by considerable factors [7].

Sampling techniques are particularly needed in the context
of knowledge discovery in databases where often much more
data are available than can be processed. A non-sequential
sampling algorithm for KDD has been presented by Toivo-
nen [17]; a sequential algorithm (that imposes further re-
strictions on f and possesses an additional parameter) by
Domingo et al. [5, 6].

So far, all sampling algorithms have been restricted to
instance-averaging utility functions (such as error probabili-
ties), and to finding a single approximately best hypothesis.
For the subgroup discovery problem, utility functions are
used that combine generality and a distributional property
of the hypothesis; this cannot be expressed as an instance-
averaging function. Also, users might often be interested
in the n best hypotheses. We presented an algorithm that
works for a wide range of utility functions. For the only
widely used function for which our algorithm does not work
(g/(1 —g)...) we proved that there exists no sampling al-
gorithm at all.

By giving worst-case bounds on the sample size (and prov-
ing that there is no sampling algorithm for some utility func-
tions) our results give an indication as to which of the many
utility functions appear preferable from a sampling point of
view.
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Programor algorithmschemeplay animportantrole
in deductve aswell asinductive programsynthesis.
For example,in the KIDS system[Smi9(, schemes
for divide-and-conquerocal, and global searchal-
gorithms are usedfor deriving Lisp programsfrom
specificationsFlener[Fle95 proposesnapproacho
inductive synthesisof Prolog programsrestrictedby
algorithm schemesTypically, suchschemesre pro-
vided by a humanexpert. We are interestedn auto-
maticacquisitionof scheme$rom exampleprograms.

A schemerepresentsthe abstractor conceptual
structureof an algorithm, i. e., a classof concrete
programs.It is definedover (higher order) variables
which are place-holdersfor concreteobjects (con-
stants), functions, and predicates.During scheme-
guidedprogramsynthesisthesevariablesareinstanti-
ated,thatis, theabstracschemds transformednto a
concreteprogram.We presentan approactto the ac-
quisitionof schemedasedn anti-unificationof pairs
of functions.

Recursive Program Schemes

Ourwork is in the context of inductive synthesif
functionalrecursve programgSW98. A programis
represented@s recursie programschemegRPS),de-
fined over somearbitraryterm algebraM(V, F U &)
with V' assetof variables,F' assetof function sym-
bols, and ® as set of function variables(namesfor
userdefinedfunctions). As usualin functional pro-
gramming predicategreconsiderecsbooleanfunc-
tions.

Definition 1 (RPS). AnRPSis a pair (X, t) with ¢ asinitial

functioncall (“main program”) andX assetof userdefined
functions(“sub-programs”) with ¥ = {G;(z1,...,%,) =

t;|1<i<m},withnmeN,G; € z,...2, €V,

andt; € M(V,F U ®).

The left-handsideof anequationin 3 corresponds$o
afunctionheadtheright-handsideto afunctionbody:.
If atermt¢; containsG; atleastonce,the functionis
recursve.

Sinceprogramtermsaredefinedoverfunctionsym-
bols in general,an RPS representsa classof pro-
grams.In thefollowing we assumea fixedinterpreter
function,associatingachfunctionsymbolin F' with a
primitive Lisp function—thatis, anRPSdefinedovera
setof functionsymbolscorrespond$o aconcrete.isp
program Abstractschemesreobtainedby generaliz-
ing oversuchconcreteRPSsyeplacingprimitive func-
tion symbolsby functionvariablesy. Pleasenote,that
thesefunction variablesdo not correspondo names
userdefinedfunctions®!

Currently our generalizatiorapproacthis restricted
to RPSswhereX. containsonly a singleequationand
wheret consistonly of the call of this equation.

Restricted 2nd Order Anti-Unification

To captureasmuchof thecommonstructureof two
programsas possiblein an abstractschemewe need
at leastsecondorder (function) mapping.In contrast
to first orderapproachedjigherorderanti-unification
(aswell asunification) in generalhasno uniqueso-
lution andcannotbe calculatedefficiently. Therefore,
wedevelopedaveryrestrictedsecondrderalgorithm.
Basedon theresultsobtainedwith this algorithm,we
plan careful extensions,maintaininguniquenessand
efficiengy. A morepowerful approacto secondrder
anti-unificatiorwasproposedor exampleby [Has93.

Our simple algorithmis presentedn table 1. De-
tails, proofsof uniquenesscorrectnessandtermina-
tion, aregivenin [Sin0Q.

Input aretwo programterms,outputis the gener
atedanti-instanceaogetherwith a setof uniqueterm-
substitutions First order term-substitutionsvere in-
troducedby [IA93] to allow re-constructionof the
original instancest;, t,. For our algorithm, term-
substitutionare constructecover first-ordervariables
y aswell asover secondrder(function)variablesy.

Thealgorithmpresupposethatall functionshave a
fixednumberof argumentsFor exampletheaddition
of numbergsrestrictedo twoargumentg( + x y)),
additionof moreelementsnustberealizedby nesting



Tablel A SimpleAU-Algorithm
Function Call: au(t1, t2) with termst, t, € M(V, F U
P)

Initialization : term-substitutiong =
Rules:

e Same-Erm: au(t,t) =t

e Var-Term: au(ti1,t2) = y with ¢ = ¢ o [t1,t2/y]
(whereeithert; € V andt, € M(V,FU®)ort, €
M(V,FU®)andt; € V

e Same-Functionau(f(v1,...,vn), f(v,..
f(au(’l)l, Ull)v b ,au(vn, /U;L))

e Same-Arity: au(f(vi,...,vn),g(v1,...,v})) =
x(au(vl, U’1)7 BN au(vn, ’U;L)) with p=go [fa g/X]

e Diff-Arity : au(f(vi,..., ), 9(v1,-.-, V) = ¥

with p = @O [f(vl,"'71}”)79(1)’17"'71);71)/y]
(wheren # m)

V) =

(e.9.,(+ x (+ y z))). Functionswith different
numbersof argumentsare currently not treated(rule
“Dif f-Arity” reducessuchtermsto a first ordervari-
able).

Examples

For RPSsconsistingonly of a function call in-
volving a single (recursve) equation,it is sufficient
to anti-unify the recursve equationsBecauseour al-
gorithm is definedfor prefix-notation,following the
syntactic corventions of Lisp, recursve equations
Gi(z1,...,z, = t;) arepresentedas(= (G x1

xn) ti).

Table2 givessomeabstracscheme®btainedwith
our algorithm. The resultsare editedfor betterread-
ability. In every example,we useda functionfor cal-
culatingthe factorialof a numberasfirst instance If
factorial is anti-unifiedwith sum theresultingscheme
preseresthe completestructureof both programsas
shouldbe expectedfor syntacticallyisomorphterms.
A similar resultis obtainedfor incrementingthe ele-
mentsof alist. If factorial is anti-unifiedwith a pro-
gramfor calculatingthe squareof a number the re-
sultingschemebstractsrom thefirst agumentof the
“else”-casewhich is a “constant”for factorialanda
morecomplex termfor thesqr. Anti-unificationof fac-
torial andfibonaccireturnsa very generakschemebe-
causeahe programshave very differentstructuresone
versugwo conditionalsandalinearrecursiorversusa
tree-recursionThesameis truefor functionswith dif-
ferentnumbersof parametersasfactorial andmult

Extensions

Anti-unification can be usednot only for general-
ization learning,but additionally as a methodfor re-
trieval of a suitablesourceproblemin the context of
programmindy analogy Thecurrentproblemis anti-
unifiedwith eachpotentialsourceproblem.The most
specificelementof the subsumptiorhierarchyof the
anti-instancess returnedasthe mostsuitablesource.

Table2 ExampleGeneralizations

t1: fac(x)= if(leq0(x), 1, *(x, fac(p(x))))

ta:  sum(z)= if(leq0(z), 0, +(z,sum(p(z))))
xi(y) = if(ed0@1), y2, x2(y1, x1(P(1))))

t1: fac(x)= if(leq0(x), 1, *(x, fac(p(x))))

ta: incl(l) = if(null(), nil, cons(s(car(l))incl(cdr(l))))
xi(y) = if(xe(y1), vz, xs(ys, x1(xa(y1))))

ti: fac(x)= if(leq0(x), 1, *(x, fac(p(x))))

tar  sqr(z)= if(eq0(z), 0, +(+(z,p(2)),sar(p(2))))
xi(y) = if(eq0@1), yz, x2(ys, x1(P(1))))

t1: fac(x)= if(leq0(x), 1, *(x, fac(p(x))))

ta:  fib(z) = if(eq0(z), 0, if(eq0(p(2)),1,

+(fib(p(2)). fib(p(P(2))))))

xi(y) = if(eq0@1), y2, ys)

ti: fac(x)= if(leqo(x), 1, *(x, fac(p(x))))

te: mult(uv) = if(eqO(u), O, +(v, mult(p(u),v)))
Y= if(ea0@z2), y3, x1(y4,ys))

Thatis, retrieval canbe basedon qualitatve informa-
tion insteadof a similarity measureastypically used
in case-baserkasonindgPla9g.

Ouralgorithmcandealwith concreteRPSqdefined
over primitive functions)andabstractRPSs(contain-
ing objectandfunction variables)in anuniform way.
Thatis, a hierarchyof scheme®n differentlevels of
abstractiorcanbe generatedresultingin a structured
andefficient memoryorganization.

Finally, thealgorithmcanbeextendedo includese-
manticinformationastypes[Sin0(] andfunctioneval-
uation[KW95].
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Adaptive hypermedia courseware benefits from being distributed over the Web: content can
always be kept up-to-date, discussions and interactions between instructors and learners
can be supported, new courses can easily be distributed to the students. Nevertheless,
adaptive hypermedia systems are - even in the web content - still stand-alone systems as
long as they lack the ability to integrate and adapt information from arbitrary places in the
web. Within our KBS Hyperbook project [1], we are working on concepts and techniques
for building adaptive hypermedia systems which are open, e.g. which are able to integrate
distributed information resources [2]. In this talk, we discuss advantages and problems of
creating an open, adaptive hypermedia system. We present our approach for building an
open courseware system and show how we used it to implement an undergraduate course
about Java programming. We discuss our experience with these courseware systems and
show research issues which need to be addressed in the area of open adaptive systems
which might benefit from applying machine learning methods.
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[2] N. Henze and W. Nejdl: ”Extendible Adaptive Hypermedia Courseware: Integrating
Different Courses and Web Material”. International Conference on Adaptive Hypermedia
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Zusammenfassung

Dieser als Arbeitspapier gedachte Artikel
beschreibt die Ansétze zur Modellierung
und Simulation des Lernverhaltens eines
Nutzers der Internet Grammar. Rele-
vante Begriffe, die sowohl bei sprachwis-
senschaftlichen Untersuchungen als auch
auf dem Gebiet des Maschinellen Ler-
nen (ML) vorkommen, werden vergli-
chen und entsprechend angepasst. Spe-
ziell wird die Modellierung mit Active
Learning-Methoden betrachtet. Nach-
folgend soll dieses Verfahren fiir die Si-
mulation aufbereitet werden. Mittels des
von uns entwickelten Modells werden im
spiteren Verlauf der Arbeiten die Er-
kenntnisse aus den sprachwissenschftli-
chen Arbeiten iiberpriift. Die Simulati-
on des Grammatiklernens in Fremdspra-
chen soll Bestandteil einer Art , Kiinstli-
cher Internetnutzer” werden.

1 Einfiihrung

An der Technischen Universitéit Chemnitz wurde
1998 eine von der Deutschen Forschungsgemein-
schaft (DFG) geforderte Forschergruppe ,Neue
Medien im Alltag: Von individueller Nutzung zu
soziokulturellem Wandel“ installiert. Insgesamt
sind daran derzeit neun Projekte aus der Philoso-
phischen Fakultét und der Fakultét fiir Informatik
beteiligt. Die Philosophische Fakultét ist durch
die Fachgebiete Allgemeine Sprachwissenschaft,
Amerikanistik, Anglistik, Germanistik, Musikwis-

senschaften, Psychologie, Sozialforschung und So-
ziologie reprisentiert.

Die Fakultét fiir Informatik wird durch zwei Pro-
jekte der Arbeitsgruppe Kiinstliche Intelligenz
vertreten. Im Projekt ,Modellierung und Simu-
lation der Rezeption textuell représentierter In-
halte im Internet“ (siehe [2] und [8]) geht es um
die Schaffung eines Modells fiir einen Internetnut-
zer, welches sich zur Simulation auf dem Com-
puter eignet. Die Idee ist, die Zusammenarbeit
mit den Projekten aus der Psychologie und der
Sprachwissenschaft zu nutzen, um ein Nutzermo-
dell auf der Basis der dort vorhandenen Ansétze
aufzubauen un dieses dann als ,,Kiinstlichen Inter-
netnutzer® zu simulieren. Unsere Simulation soll
im Wesentlichen ein Nutzermodell verwalten und
durch bekannte Lernmethoden das Modell stindig
an Verdnderungen anpassen konnen. In diesem
Arbeitspapier geht es speziell um die Modellierung
der sprachwissenschaftlichen Ansétze.

Kernstiick der Arbeiten in der englischen Sprach-
wissenschaft ist das Programm Internet Gram-
mar. Um die Grundlagen der Aneignung der eng-
lischen Grammatik, wie sie sich die Kollegen in der
Anglistik vorstellen, soll es im Abschnitt 2 gehen.
Abschnitt 3 beschreibt das Active Learning, wel-
ches nicht nur aus dem ML-Umfeld bekannt ist.
Das Prinzip des Active Learnings bildet dann die
Grundlage fiir ein neues Modells eines Gramma-
tiklerners bei Fremdsprachen (siehe Abschnitt 4).
Schliefflich wird in Abschnitt 5 ein Blick auf Pro-
bleme und weitere Arbeiten zur Umsetzung und
Erprobung des Modells geworfen.



2 Die Internetgrammatik

2.1 Allgemeines

Das Teilprojekt ,,Lernerverhalten in der Internet-
grammatik“! wird durch die englischen Sprach-
wissenschaftler so motiviert:

»,Die neuen Medien, vor allem das Inter-
net mit seinen vielfiltigen M6glichkeiten
zur Interaktion, erdffnen eine neue Di-
mension von Lerneruntersuchungen. In
jiingster Vergangenheit sind die Angebo-
te an WWW-basierten Lehrmaterialien
aller Arten sprunghaft angestiegen; ih-
re Wirkungen blieben bisher im Grofien
und Ganzen unerforscht. Nachdem die
durch die Kontrastive Analyse in den
sechziger Jahren aufgekommenen Hoff-
nungen auf bessere Lehrerfolge vor al-
lem bei grammatischen Strukturen des
Englischen ausblieben, wird nun eine
neue lernerzentrierte Betrachtungsweise
von Sprachwissenschaftlern, Fachdidak-
tikern und Lehrern, auch in sog. Selbst-
lernzentren, angestrebt. Ausgangspunkt
fiir Verdnderungen im Lehrangebot und
im Lehrprozess waren bisher vor allem
auftretende Fehler der Lerner; die Fra-
ge nach dem Wie des Lernens wurde nur
selten gestellt. Es ist nur sehr vereinzelt
gelungen, von reinen Lernerfolgsmessun-
gen abzugehen und das Verhalten der
Lerner zu untersuchen. Die Entwick-
lung einer Internetgrammatik soll uns
ermoglichen, sowohl dieses Wie zu erfor-
schen als auch die Wirkung eines inter-
aktiven Lehrwerks zu untersuchen.“

2.2 Die Untersuchungen

Die Sprachwissenschaftler stellen sich die Frage,
wie sich verschiedene Gruppen von Internetnut-
zern verhalten, die Teile der englischen Gramma-
tik mit Hilfe einer kontrastiven und interaktiven
Internetgrammatik erlernen wollen. Dafiir wurde
ein WWW-Lehrwerk entwickelt?, das mit einem
,» Tracking“-Mechanismus versehen ist. Der Lerner
wird beobachtet, wihrend er von einer Webseite

Lwww.tu-chemnitz.de/phil/NeueMedien/Schmied.html
2www.tu-chemnitz.de/phil/InternetGrammar/

zur anderen iiber Hypertextverbindungen wech-
selt, die einen beliebigen Pfad durch das Material
erlauben. Das (streng anonym gehaltene) Auf-
zeichnen von solchen Daten wird mit den Ergeb-
nissen von Befragungen verglichen, um verschie-
dene Lernstrategien und Lernertypen zu identifi-
zieren.

2.3 Die Vorgehensweise

Dazu fiihren die Kollegen aus dem Bereich Engli-
sche Sprachwissenschaft aus:

,Die Internetgrammatik wird so aufge-
baut, daB wir alle ,Bewegungen‘ inner-
halb dieser Lernumgebung genau nach-
vollziehen koénnen. Dies wird uns
ermoglichen, einer Verbindung zwischen
Lernstil und Lernerfolg nachzugehen.
Das Lehrwerk selbst wird in drei Versio-
nen angeboten — fiir Studierende, Lehre-
rInnen und SprachwissenschaftlerInnen
— wobei die Darstellungen sich sowohl im
Stil als auch in den inhaltlichen Schwer-
punkten unterscheiden. Jeder Teil be-
steht aus drei Komponenten, zwischen
denen der Lerner sich frei bewegen kann:
Die induktive Komponente bietet dem
Lerner die Moglichkeit, anhand einer
Datenbank von ausgewihlten authenti-
schen Sprachbeispielen zu einer mogli-
chen Regel zu gelangen. Die Beispiele
werden dem Chemnitzer Ubersetzungs-
corpus entnommen und stellen englische
Sitze und ihre deutschen Aquivalente
(und umgekehrt) dar. Die deduktive
Komponente besteht aus einer Anlei-
tung mit formulierten Grammatikregeln
und anschlieenden (typischen, authen-
tischen) Beispielen aus derselben Daten-
bank. Die dritte Komponente ist eine
Sammlung von Ubungen unterschiedli-
cher Art und Schwierigkeit. Alle Be-
wegungen zwischen den Komponenten
werden aufgezeichnet und lernertypspe-
zifisch analysiert.“

3 Active Learning

Wie sieht ein Modell des Nutzers der Internet-
grammatik aus? Um die Ansétze zu formu-
lieren, bietet das Maschinelle Lernen zunichst



einen Ankniipfungspunkt allein vom Begriff her.
Menschliches Sprachlernen und Maschinelles Ler-
nen sind natiirlich zwei betréchtlich vershiedene
Dinge. Aber eine Verbindung zwischen beiden
wird durch eine Begriff hergestellt, der in den
unterschiedlichsten Forschungsgebieten auftaucht,
aber gerade in letzter Zeit auch im Maschinellen
Lernen eine grofe Rolle spielt — Active Learning.

Bei den Sprachwissenschaftlern wird dieser Be-
griff eher als Synonym fiir induktives Lernen gese-
hen. Diese Betrachtung konnte sinnvoll sein, muss
aber noch mehr ausgearbeitet werden! Hier sol-
len hier zwei Ausprigungen des Active Learning
nidher behandelt werden, die die Verbindung zwi-
schen Sprachwissenschaft und Maschinellem Ler-
nen aufzeigen.

3.1 Active Learning in der Didaktik

In der Didaktik wird Active Learning als Gegen-
teil des passiven Lernens gesehen, was plausibel
erscheint. Dabei handelt es sich um keine neue
Idee. Bestimmte Ansétze gehen bis auf Sokrates
zuriick. In vielen Klassenzimmern und Horsédédlen
wurde vergessen, dass es sich beim Lernen um
einen aktiven Prozess handelt. Bonwell und Ei-
son (siehe [1]) definieren Active Learning so:

,Lernende miissen mehr tun als zuhotren.
Sie sollten lesen, schreiben, diskutie-
ren oder sich mit Problemlésungen
beschiiftigen. Am wichtigsten ist es — um
aktiv eingebunden zu sein —, dass sich
Lernende mit hohergeordneten Denkauf-
gaben, wie Analyse, Synthese und Eva-
luation beschéftigen. Strategien, die ak-
tives Lernen fordern, sind als anweisende
Aktivititen definiert, die Lernende dar-
in einbinden, Dinge zu tun und dariiber
nachzudenken, was sie tun.“

Dieser Prozess trifft natiirlich auch auf das Gram-
matiklernen bei Fremdsprachen zu.

3.2 Active Learning beim Indukti-
ven Lernen

Mooney und Kollegen [7] stellten ein Verfahren
vor, das in das induktive Lernen einzuordnen ist.
Als Anwendungen kamen das Lernen einer Nutze-
roberfliche fiir eine geografische Datenbank, wo

natiirlichsprachliche Fragen in Prolog-Anfragen
umgewandelt und somit Antworten gegeben wer-
den koénnen, sowie die Wissensgewinnung aus Po-
stings in Newsgroups zur Sprache.

Hauptmotiv des Einsatzes von Active Learning
ist die fehlende Verfiigbarkeit von ausreichend
kommentierten bzw. klassifizierten Beispielen.
Dariiber hinaus mangelt es an der im Maschinellen
Lernen bekannten Strukturierung durch Merkma-
le. Beispiele in allgemeiner Form gibt es reich-
lich. Methoden des Active Learnings versuchen
fiir die Kommentierung/Klassifikation nur die in-
formativsten Beispiele auszuwihlen. Darum sind
sie fiir Anwendungen der natiirlichen Sprache sehr
niitzlich. Wenn man dort nicht auf einen gedul-
digen Lehrer oder eine zufillige Sammlung von
Beispielen vertrauen will, kann eine Methode ge-
nutzt werden, die aktiv an der Sammlung von
Beispielen mitwirkt. Ziel ist die Reduzierung
der tiberwachten Trainingsbeispiele, die notwen-
dig sind, um einen gewissen Leistungsgrad zu er-
reichen. Gleichzeitig entsteht eine Datenbank mit
lernwirksamen Beispielen.

Das informativste unter den unkommentierten
Beispielen kann auf zwei verschiedene Arten aus-
gewidhlt werden. Mooney stellt das sicherheits-
basierte und das komitee-basierte Verfahren vor.

e sicherheits-basiert:

Zunichst wird aus wenigen kommentierten
Beispielen ein einfacher Klassifikator gelernt.
Das System priift einige unkommentierte Bei-
spiele und beschreibt sie durch Sicherheiten
der vorausgesagten Kommentierung. Die k
Beispiele mit der niedrigsten Sicherheit wer-
den dem Nutzer zum Kommentierung vorge-
legt.

e komitee-basiert:

Wieder wird aus wenigen Beispielen eine
Gruppe verschiedener Klassifikatoren gelernt.
Jedes Komiteemitglied kommentiert ein Bei-
spiel. Beispiele mit der kleinsten Uberein-
stimmung {iber alle Komiteemitglieder wer-
den dem Nutzer zur Kommentierung vorge-
legt.

Im Folgenden soll nur der komitee-basierte An-
satz betrachtet werden. Er eignet sich beson-
ders, weil er wie die parallele Anwendung meh-
rerer verschiedener Klassifikatoren (Menge von
Regeln, Entscheidungsbdume, Neuronale Netze



usw.)  beim induktiven Lernen funktioniert.
Ahnliche Ansitze sind bei schiefen Entschei-
dungsbdumen (siehe [5] und [3]) und bei sogenann-
ten Entscheidungswéldern (siehe [4]) anzutreffen.

4 Das Grammatiklernen in
Fremdsprachen
4.1 Grundsitzliches zum Modell

Wenn man das Fremdsprachenlernen als aktiven
Prozess betrachtet, konnen die Uberlegungen zum
Active Learning als Grundlage fiir ein Modell des
Grammatiklernens in Fremdsprachen dienen. Bei-
de Parts — Lehrer und Lerner — werden vom
Computer tibernommen, da der Lerner modell-
haft nachgebildet und der Lehrer von der Internet-
grammatik reprasentiert werden soll. Diese Form
wird von uns als Consultative Learning bezeich-
net. Die Tabellen 1 und 2 zeigt das vollstindige
wechselseitige Verhéltnis von Lehrer und Lerner
sowie Computer und Mensch im Prozess rund um
das Active Learning.

| || Lerner | Lehrer |
Mooneys Computer Mensch
Active Learning
Sprachlernen Mensch 1 Mensch 2
Schule

Internet-

Grammatik Mensch Computer

Tutorsysteme

Consultative Computer 1 | Computer 2
Learning

Tabelle 1: Einteilung der Lernformen

Lehrer || Mensch | Computer
Lerner
Mensch Schule Tudor-
Lehre systeme
Active Consul-
Computer tative
Learning | Learning

Tabelle 2: Lehrer und Lerner

Active Learning kann dann wie in Abbildung 1
interpretiert werden — egal, ob Computer oder

Mensch den Lehrer bzw. Lerner repréisentieren.
Das Prinzip, welches immer wieder wiederholt
wird, sieht so aus:

1. Erstelle/Modifiziere mit einer begrenzten
Menge von Beispielen einen odere mehrere
Klassifikatoren (Komitee).

2. Klassifiziere mit dem Komitee weitere Bei-
spiele.

3. Entscheide, welches Beispiel am informativ-
sten ist — also durch das Komitee am unter-
schiedlichsten und unsichersten klassifiziert
wurde.

4. Lege es dem Lehrer zur Bewertung vor und
flige es dann der Menge der kommentierten
Beispiele hinzu.

Zum moglicherweise notwendigen Modifizieren
des Modells wire ein inkrementelles Lernverfah-
ren von Vorteil, um nicht vollsténdig neu lernen
zu missen.

Kommen-
tierte
Lern-

beispiele
A

ein kommentiertes
Beispiel

Lerner Lehrer

A

Auswahl

nach der

Information ein Beispiel

Unkrom—
mentierte
Lern-
beispiele

Abbildung 1: Active Learning beim Sprachlernen

4.2 Agenten und Active Learning

Russell und Norvig stellen in [6] ein Agentenmo-
dell vor, dessen Funktionsweise in Abbildung 2



noch einmal aufgezeigt wird. Ein solcher Agent
kann auch den Lerner oder Lehrer modellieren.
Mittels Sensoren und Effektoren wird mit der Um-
welt interagiert. Der Performanzstandard kann
ebenfalls ,von auflen“ vorgegeben werden. Zen-
trale Komponenten sind das Lern- und das Per-
formanzelement.

Performanzstandard
Y
Kritik («———————— Sensoren
U
Riick- m
meldung g
Y . v
Lern- |, Wissen Perfor- e
element — > Mmanz-
Anderungen |_¢lement b
Lern- u
y ziele n
Y
Problem- g
generator Effektoren >

Abbildung 2: Agent nach Russell und Norvig

Mit dem Agentenmodell von Russell und Norvig
188t sich die Idee vom kiinstlichen Lerner und Ler-
ner weiter ausbauen. Lehrer und Lerner kommu-
nizieren iiber Sensoren und Effektoren. Dariiber
hinaus hat der Lehrer Einfluss auf den Perfor-
manzestandard des Lerners (sieche Abbildung 3).
Wir gehen davon aus, dass der maschinelle Leh-
rer iiber kein vollkommenes Sprachwissen verfligt
(vermutlich auch die meisten menschlichen Lehrer
nicht), und deshalb nicht alle Bitten des Lerners
um Kommentierung/Klassifikation von Beispielen
auf Grund seines aktuellen Wissens erfiillen kann.
Drei Moglichkeiten zur Losung sind in dieser Si-
tuation denkbar:

1. Der Lehrer stoft selbst eine Lernprozess an
und ermittelt auf der Basis seiner Beispie-
le und seines allgemeinen Sprachwissens eine
Kommentierung des vorgelegten Beispieles.

2. Es gelingt dem Lehrer nicht, eine hinreichend
sichere Kommentierung zu bestimmen — nur
mehrere mogliche Alternativen. Lehrer und
Lerner versuchen im Dialog sich auf eine Al-
ternative zu einigen.

3. Es wird ein besonders kompetenter menschli-
cher Supervisor eingeschaltet. Dieser erhht
gewissermaflen von auflen den Performanz-
standard von Lehrer und Lerner. Dieser Fall
ist in Abbildung 3 illustriert.

Supervisor

\ |
\ \

Performanz- Performanz-
standard -+ standard
Lerner Lehrer

. l

Lerner-Agent

Lehrer-Agent

>
>

Abbildung 3: Zwei Agenten und ein Supervisor

4.3 Ziel und Stand der Arbeit

In unserem fritheren Beitrag [2] wurde als Ziel der
Arbeit die Entwicklung eines , kiinstlichen Inter-
netnutzers“. Damals war die Absicht die Nut-
zermodelle aus anderen Disziplinen wie Psycho-
logie oder Sprachwissenschaft zu ibernehmen, zu
formalisieren und zu implementieren. Durch die
Simulation sollte die Tragfdhigkeit der Modelle
iiberpriift werden und die Simulationsergebnisse
sollten mit den Ergebnissen der empirischen Un-
tersuchungen verglichen werden.

Im Lauf der Arbeit stellte sich heraus, dass ein
wesentlicher Aspekt bei der Modellierung eines
Internetnutzers seine Lernfihigkeit ist. Beson-
ders in dem sprachwissenschaftlichen Teilprojekt
steht dieser Aspekt mit der Nutzung der Internet
Grammar im Vordergrund, aber auch im psycho-
logischen Teilprojekt spielt er insofern eine wich-
tige Rolle, als dort versucht wird den Nutzen ver-
schiedener Formen der Présentation durch das bei
der Informationsaufnahme Gelernte zu beschrei-
ben. Fiir das Sprachlernen bietet sich die Metho-
de des Active Learning als Mittel an um die T#tig-



keit eines Nutzers der Internet Grammar zu mo-
dellieren. Deshalb ist unser aktuelles Ziel die Ent-
wicklung eines kiinstlichen Nutzers der Internet
Grammar, dessen wesentliche Methode des Ler-
nens das in Abschnitt 4.1 erwihnte Consultative
Learning ist.

Die Implementierung des komitee-basierten Lern-
verfahrens ist im Wesentlichen abgeschlossen.
Die Klassifikatoren sind Entscheidungsbdume, die
nach dem Prinzip des Information Gain erzeugt
werden. In néchster Zeit sollen noch durch Neuro-
nale Netze erzeugte Klassifikatoren dazu genom-
men werden. Der sprachliche Untersuchungsbe-
reich wird zunéchst auf die Verwendung von Re-
lativpronomina beschrinkt, weil hier bereits Vor-
arbeiten im sprachwissenschaftlichen Teilprojekt
vorhanden sind. Zur Zeit laufen Arbeiten zur
Aufbereitung von Beispielsitzen mit Relativpro-
nomina in eine fiir das Lernverfahren verarbeit-
bare Form. Mit diesen Beispielen wird zunichst
das Training durchgefiihrt. Als Testbeispiele wer-
den die in der Internet Grammar verwendeten ein-
schligigen Ubungsaufgaben eingesetzt.

5 Ausblick

Nach den Beispielsitzen mit Relativpronomina
(siehe Abschnitt 4.3) wollen wir den Sprachum-
fang noch um andere grammatikalische Elemente
ergdnzen. Dazu sind aber weitere Untersuchun-
gen und Vorarbeiten im sprachwissenschaftlichen
Teilprojekt notwendig.

Ebenfalls sollen die Erkenntnisse und Ergebnisse
aus den Untersuchungen der Kollegen aus der All-
gemeine Psychologie und Arbeitspsychologie, die
sich unter anderem auch mit der Anwendung der
Internet Grammar beschéftigen, in den kiinstli-
chen Nutzer einflielen. In dem Projekt wird die
nutzerorientierte Prisentation von Informationen
im Internet untersucht. Die Bildschirminhalte der
Sitzungen der Versuchspersonen werden dort auf
Video aufgezeichnet. Auflerdem werden Logfiles
der Sitzungen erzeugt und die Daten der Blickbe-
wegung aufgezeichnet. Aus der Gesamtheit die-
ser Informationen wollen wir weitere Erkenntnisse
fiir die Gestaltung des kiinstlichen Internetnutzers
herausarbeiten.
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Extended Abstract
1. Einleitung

Das World-Wide Web wéchst so rasant, dald die Such-
maschinen nur einen relativ kleinen Tell aller Websei-
ten indizieren kénnen. Aus diesem Grund ist der Re-
call (der Anteil der fir eine Anfrage gelieferten
relevanten Webseiten an der Menge aler relevanten
Webseiten) der Suchmaschinenrelativ gering. Zusétz-
lich sind im allgemeinen viele Antworten veraltet
oder URLSs nicht mehr guiltig. Oft ist auRerdem die
Precision (Anteil der relevanten Webseiten an der
Menge aller gelieferten Antworten) der Suchmaschi-
nen schlecht, d.h. neben den relevanten Antworten
wird ein Vielfaches an irrelevanten Webseiten gelie-
fert. Fokussierte Crawler sind eine Alternative zu den
konventionellen Suchmaschinen, die diese Schwéa
chen vermeiden.

Ein fokussierter Crawler erhdlt eine Menge von
Webseiten (Trainingsseiten), die ein flr den Benutzer
interessantes Thema spezifizieren. Auf der Suche
nach weiteren relevanten Seiten geht der Crawler von
den Trainingsseiten aus und besucht eine geeignet
eingeschrankte Teilmenge der durch Hyperlinks di-
rekt oder indirekt verbundenen Webseiten. Dieser An-
satz basiert auf der Beobachtung, dal3 durch einen Hy-
perlink miteinander verbundene Seiten sehr viel
wahrscheinlicher das gleiche Thema behandeln as
zwei zufdlig gewahlte Seiten. Zentrale Aufgabe beim
fokussierten Crawling ist eine Anordnung der Hyper-
links nach absteigender “ Qualitét”, so daf3 die besten
Linksjewells zuerst verfolgt werden konnen.

In [2] wird gezeigt, dald bereits mit einer einfa-
chen Bewertung des Texts der Quellseite und des An-
kertexts des Hyperlinks wesentlich bessere Ergebnis-
se erzielt werden als bei zufélliger Wahl der Prioritét
der Links. In [1] wird zur Ordung der Links sowohl
die Relevanz der Quellseitealsauchihre” Zentralitat”
bestimmt. Die Zentralitét einer Webseite wird rekur-

siv durch die Zentralitét der benachbarten Seiten defi-
niert. Die Berechnung erfolgt mit Hilfe der Adjazenz-
matrix eines Teiles des Webgraphen, wobei die Links
initial mit der Relevanz ihrer Zielseite gewichtet wer-
den. Diese Methode hat sich experimentell bewahrt,
erfordert aber zur Bestimmung der Zentralitét dasLa
den zahlreicher Webseiten, die fur das benutzerdefi-
nierte Themairrelevant sind.

2. Der fokussierte Crawler Ariadne

Wir betrachten als mal3geblichen Kostenfaktor das
Laden der Webseiten und verfolgen daher ein alterna-
tives Konzept: die einzelnen Hyperlinks werden unter
Nutzung von Ankertext und Ziel-URL themenspezi-
fisch klassifiziert, ohne die jeweilige Zielseite schon
zu laden. Der Link mit der hochsten Bewertung wird
alsnéchster verfolgt. Dieser Link-Klassifikator ist ad-
aptiv, d.h. er wird im Lauf des Crawls aufgrund der
Erfahrung mit den tatséchlich geladenen Webseiten
verbessert. Das neue Konzept wird momentan im Sy-
stem Ariadne (Algorithm Regarding Interesting An-
chortext for Directed Neighborhood Expansion) pro-
totypisch implementiert und evaluiert.
Ariadne |83t sich in folgende Phasen gliedern:
 \orverarbeitung
Aus den Webseiten im HTML-Format werden die
reinen Texte extrahiert. Dann erfolgt ein Stem-
ming der Terme sowie eine Elimination von
Stoppwortern.
» Feature-Extraktion
Nach der Z&hlung der Haufigkeiten aller enthalte-
nen Terme werden seltene Terme eliminiert. Die
Auswahl der fir die Klassifikation der Texte und
der Hyperlinks wichtigsten Terme (Features) ge-
schieht in Kooperation mit dem Benutzer, der e-
nen Parameter eingibt und die vorgeschlagenen
Features modifizieren kann.
e Crawl
Der Crawler startet mit den Trainingsseiten und



durchsucht einen Teil des Webgraphen. Die dabei
gefundenen fir den Benutzer “relevanten” Web-
seiten werden ausgegeben.
Die zentrale Phase deseigentlichen Crawlswiederholt
for diejeweils aktuelle Webseite folgende Schritte:

* Klassifikation des Textes der Webseite
Aus der geladenen Webseite wird wie in der Vor-
verarbeitung der reine Text extrahiert und die Hau-
figkeiten der Features gezéhlt. Mit Hilfe einesein-
fachen  Textklassifikators wird nun die
Wahrscheinlichkeit bestimmt, daf3 die aktuelle
Seiterelevant ist.

 Klassifikation der enthaltenen Hyperlinks
Ein zweiter Klassifikator nutzt den Text der aktu-
ellen Webseite sowie die Ankertexte und die
URLs, um die in der aktuellen Seite enthaltenen
Hyperlinksfir die Zwecke des Crawl zu bewerten.
Allediese Hyperlinks werden mit ihrer Bewertung
in eine sortierte Liste der offenen Hyperlinks ein-
gefgt.

 \erfolgen des Links mit der besten Bewertung
Nach Abarbeiten der aktuellen Webseite wird als
néchstes der beste offene Hyperlink, d.h. der Hy-
perlink mit der global htchsten Bewertung ver-
folgt. Die Webseiten werden also nur nach Priori-
taten geordnet, eswerden keine Seiten explizit von
der Suche ausgeschl ossen.

3. Klassifikation der Hyperlinks

Der zentrale Schritt des fokussierten Crawlersist die
Klassifikation der Hyperlinks, die im folgenden ge-
nauer erldutert wird.

Jedem Link wird eine Zahl zwischen Ound 1 zu-
geordnet, die als Wahrscheinlichkeit dafir interpre-
tiert wird, dai3 die Zielseite fir das Anfragethema re-
levant ist. Diese Bewertung ergibt sich als gewichtete
Summe von Einzelkriterien wie Themenbezug der
Quellseite sowie Bewertung von Ankertext und Ziel-
URL.

Beim Start des Crawlers sind nur die Trainings-
seiten bekannt. Eswurden noch keine Hyperlinksver-
folgt, so dal3 der Link-Klassifikator noch nichtslernen
konnte. In der initialen Phase des Crawls wird daher
zur Bewertung der Ankertexte und URLS ein stati-
scher Klassifikator verwendet.

Im weiteren Verlauf des Crawls soll die Klassifi-
kation der Hyperlinks adaptiv aufgrund der Erfahrun-
gen mit den geladenen Webseiten verbessert werden.
Der Link-Klassifikator soll inshesondere von Féllen
lernen, in denen seine Vorhersage stark von der spéte-
ren Klassifikation des Textes der Zielseite abwich.
Waéhrend der initialen Phase sollen deshalb fir die
Zwecke des Lernens auch genigend viele as
“schlecht” bewertete Links verfolgt werden.

Am Ende der initialen Phase werden aus der
Menge aller bisher geladenen Webseiten zwei Typen
von Trainingsseiten ausgewahit:

1. einfache Seiten, d.h. Seiten, bei denen die Bewer-
tung durch den Link-Klassifikator und durch den
Text-Klassifikator gut Ubereinstimmte.

2. schwierige Seiten, d.h. Seiten, bei denen dieKlas-
sifikation desLinksstark von der spéteren Klassi-
fikation des Textes der Webseite abwich.

Beide Typen von Webseiten miissen angemessen be-
rucksichtigt werden. Mit Hilfe dieser Trainingsseiten
wird nun ein Naiver Bayes-Klassifikator fir Anker-
texte und URLstrainiert, der im Vergleich zum einfa-
chen statischen Klassifikator im allgemeinen einewe-
sentlich groRRere Anzahl von Features berticksichtigt.
Nach dem Trainieren des Link-Klassifikators missen
alle offenen Links mit Hilfe dieses Klassifikators neu
bewertet werden, womit im allgemeinen ihre Ordung
gedndert wird.

Die Adaption des Link-Klassifikators wird wah-
rend des Crawls zu geeigneten Zeitpunkten wieder-
holt. Der Text-Klassifikator ist dagegen statisch, d.h.
das fur den Benutzer relevante Thema wird wéhrend
des Crawls alsinvariant angenommen.

4. Ausblick

Wéhrend der Implementierung wurden erste Experi-
mente durchgefiihrt. Die Precision wird automatisch
mit Hilfe des Text-Klassifikators berechnet und ist er-
folgversprechend. Der Recall soll durch Vergleich mit
den Ergebnissen einer Suchmaschine ermittelt wer-
den, was sich erst nach Integration von Ariadne mit
einem Datenbanksystem effizient durchfiihren lassen
wird. Die Integration mit einem relationalen Daten-
banksystem, das sowohl die offenen Links als auch
die geladenen Webseiten effizient verwaltet, ist weit-
gehend abgeschlossen.

Ein experimenteller Vergleich von Ariadne mit
Verfahren aus der Literatur ist geplant. Ein wichtiges
Thema unserer weiteren Forschung soll die Integrati-
on des Benutzers in den Lernprozef3 des Crawlers
sein, damit sein Feedback méglichst frih zur Fokus-
sierung der Suche genutzt werden kann.
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Zusammenfassung. Bei dem IAK-Moddl handelt es sich um ein neuronales Netz. Das Modell
zdchnet sch dadurch aus, dass gleichzeitig sowohl eine sehr hohe Diskrimination (zwischen den Rei-
zen der Trainingsphase) als auch eine sehr gute Generaliserung (fir neue Reize) erzielt wird. Die
Anwendung des Modells auf das Lernen der Aussprache von geschriebenen Wortern wird dargestellt.
Fur neuronale Netze liegt die Schwierigkeit in diesem Anwendungsbereich darin, dass wenige recht
allgemeine Regeln und gleichzeitig eine Vielzahl von Ausnahmen gelernt werden miissen. Das IAK -
Modell eignet sich fir diese Lernanforderung recht gut. Hierzu werden erste Ergebnisse aus einem

noch laufenden Projekt berichtet.

Beim IAK-Modell handelt es sich um ein neu ent-
wickeltes neuronales Netz (IAK steht fiir Informa
tions-Auswertung von Konfigurationen). Gegen-
Uber dem wohl am weitesten verbreiteten Lernver-
fahren fir neuronale Netze, dem , Backpropagati-
on“ Verfahren, weist IAK eire Reihe von Unter-
schieden auf. Dazu gehdren die folgenden Eigen-
schaften:

Inputvariablen miissen nominaskaliert sein
(, Merkmal ist vorhanden* vs. ,, Merkmal ist
nicht vorhanden® ).

Ein grof®e Anzahl von Inputvarigblen kann
verarbeitet werden. Dabei dirfen fur den
einzelnen Lernreiz nur eine geringe Anzahl
von Varigblen den Wert , Merkmal ist
vorhanden® aufweisen.

Eine Verbesserung der Diskriminations-
leistung geht nicht auf Kosten der General i-
sierungsf ahigkeit.

Neue Daten koénnen hinzu gelernt werden,
ohne dass das bereits Gelernte wiederholt
werden muss.

Diese Eigenschaften des IAK-Modells lassen das
Modell fir bestimmte Anwendungsbereiche as
besonders geeignet erscheinen. Dazu gehtren An-
wendungen, bel denen Symbole (z.B. Worte oder
Buchstaben) verarbeitet werden.

Im Vortrag wird die Anwendung des 1AK -
Modellsin einem noch in der Anfangsphase befind-

lichen Projekt vorgestellt. Inhaltlich geht es dabei
um die Aussprache von geschriebenen Wortern,
also die Umsetzung einer Folge von Buchstaben in
eine Phonemsequenz. Menschen beherrschen hier-
bei sowohl die Besonderheiten der Aussprache fur
spezielle Worter, als auch allgemeine Regeln, die
beispielsweise angewendet werden missen, um
Nicht-Worter (unbekannte Buchstabenfolgen) zu
lesen und auszusprechen. Die Regeln, mit denen die
korrekte Aussprache von Nicht-Wdrtern méglich
ist, lassen sich analytisch bestimmen (siehe
Coltheart, 1978, 1987; Coltheart, Curtis, Atkins &
Haller, 1993).

Fur neuronale Netze besteht beim Lernen die
Schwierigkeit darin, gleichzeitig diese Regeln und
eine grof3e Zahl an Ausnahmen zu lernen. Wurden
bei spiel swei se die Ausnahmen korrekt gelernt, dann
gab es Schwierigkeiten bel der Vorhersage der
Aussprache von Nicht-Wértern (z.B. Seidenberg &
McClelland, 1989). Inzwischen ist esjedoch gelun-
gen, ein speziellesauf einer modifizierten Formvon
Backpropagation beruhendes neuronales Netz zu
konstruieren, das sowohl die Ausnahmewd rter
lernt, als auch bei Nicht-Wortern vergleichbar gute
Ergebnisse liefert wie die Anwendung der ana y-
tisch bestimmten Regeln (Seidenberg, Plaut, Peter-
sen, McClelland & McRae, 1994). Allerdings | &ésst
sich dieses Verfahren nur auf einsilbige Worter
anwenden, die zudem noch vorsegmentiert werden
missen.



Waéhrend die Konstruktion von neuronalen auf
Backpropagation beruhenden Netzen in diesem
Anwendungsbereich sehr schwierig igt, I&sst sich
erwarten, dass das IAK-Modell aufgrund seiner
Eigenschaften hier besonders gut geeignet ist. Das
IAK-Modell wurde urspriinglich als Modell firr das
Lernen von Kategorien beim Menschen konstruiert
(Heydemann, 1995, 1998a). Es lasst sich jedoch
auch erfolgreich in Bereichen des maschinellen
Lernens anwenden, wenn es um die Vorhersage von
Kategorien geht, z.B. bel der Prognose von Herzer-
krankungen (siehe Heydemann, 1998b).

Beim Lernen werden im IAK -Modell Uber ei-
nen Zufallsmechanismus Teilmengen der Reiz-
merkmal e ausgewahlt und a's Einheiten (sogenann-
te Gedachtniseinheiten) im neuronalen Netz ge-
speichert. Hierbei wird nur eine begrenzte Anzahl
aller moglichen Merkmal skombinationen gespei-
chert. Fir das Anwendungsbeispid "Wortausspra
che" umfassen die Gedachtniseinheiten einzelne
Buchstaben oder Kombinationen aus Buchstaben.
Die Gedachtniseinheiten werden durch das Lernen
mit Einheiten verknlipft, die Phoneme représentie-
ren. Sobald eine Gedéachtniseinheit im Netz ange-
legtist, registriert sie in allen nachfolgenden Lern-
durchgangen die fur den Lerndurchgang korrekten
Antworten oder Kategorien, z.B. bei der Wortaus-
sprache die richtigen Phoneme. Diese bei den Ge-
déchtniseinheiten gespeicherte Information wird
bendtigt um fir neue Reize (z.B. unbekannte Buch-
stabenfolgen) die korrekte Kategorie (z.B. dasrich-
tige Phonem) vorherzusagen. Fir diese "Informati-
onsauswertung" mit dem Ziel der Vorhersage der
richtigen Kategorie verwendet das IAK-Modell
einen speziellen Berechnungsalgorithmus, bel dem
fur jede Gedachtniseinheit die Zuverléssigkeit der
bei ihr gespeicherten Information berticksichtigt
wird.

Schwerpunkt des Beitrags bildet die Beschrei-
bung des IAK-Modells, die Darstellung der Beson-
derheiten fir die konkrete Modellanwendung, so-
wie erste Ergebnisse aus dem zur Zeit noch laufen-
den Projekt.
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Ontologies and taxonomies provide a powerful means for assigning semantic structure to a given information
space such as the World Wide Web. Current search strategies and their corresponding indexing techniques rely
heavily on simple keywords while human users think and communicate on a rather different scale: word usage
and meaning depend foremost on the particular context they are used in. Even additional search features like
introducing boolean operators such as AND, OR and NOT, grouping keywords together in order to denote
phrases, etc. cannot overcome this lack of context as searching algorithms are mainly based on simple pattern
matching. Consequently, query result sets are often diluted by irrelevant hits (caused e.g. by homonyms) whereas
a substantial number of documents satisfying the user’s actual information need cannot be found because they do
not contain the exact phrase or keywords (but synonymous terms or hypernymshyponyms,
meronyms/holonyms, etc.). What is needed is a technique that introduces semantic structure to these mere

syntactic, keyword-driven search capabilities.

A feasible approach is to replace keywords and terms (strings) by more complex, semantically enriched
constructs that are capable of giving an account of what they are representing, i.e. concepts. Concepts hold a
clear definition of the object they are referring to thus avoiding linguistic confusion about the respective term.
Accordingly, the concept CAT extends the English word ‘cat’ by providing an intrinsic description (in its simplest
form alist of equal or related terms). Moreover, concepts are interrelated (e.g. CAT — FUR, CAT — MAMMAL)
presenting the structure of a given domain characterized by a set of concepts. The overall structure as outlined by

the relations between these concepts then defines the domain’ s ontol ogy.

The basic idea of our approach is to use the semantics inherent in such an ontology for optimizing the system
response quality to user queries while maintaining efficiency (fast response times). We are currently developing
such an enhanced knowledge management and retrieval system at the Bavarian Research Center for Knowledge-
based Systems (FORWISS). The system’s architecture falls into three main components. (a) a domain ontology,

(b) aquery interface and (C) aretrieval system.

At the core of the overall system is the domain ontology. We assume that some community of interests (e.g. a
company or a scientific community) defines its field of expertise using concepts and their correlations that
ultimately form the ontology. Thus, a semantic network representing human understanding of a certain domainis
being modeled (representational faculty). But the domain ontology also has to serve a very different purpose,
namely providing an index structure to the associated corpus of information units, eg. XML documents

(retrieval faculty). In order to meet both of these requirements the internal organization of the domain ontology



has to follow certain guidelines: the interna structure must be kept simple (hierarchical) for indexing purposes
yet semantically expressive with regard to modeling a given domain. A suitable solution is to split the domain
into several subcategories (e.g. time, geographical region, etc.), each represented by a strictly hierarchical
(leveled) taxonomy of respective concepts. This practice aims at providing simple access structures while
maintaining adequate expressiveness. Since the same concept may be part of several taxonomies any

interdependency between concepts can still be modeled.

A query interface is used to trandate user requests into the conceptual space of the domain ontology. An
adequate query language will be designed that takes into account the structure and capabilities of ontologies.
According to its type the original query can then be refined or generalized in order to achieve a better result set
(semantic query rewriting). For example a query ‘find all sports clubs in Chicago’ might be restated with regard
to the concept SPORTS CLUB (provided that the domain ontology contains a corresponding taxonomy) to a set of
queries ‘find all baseball clubs in Chicago’, ‘find all football clubs in Chicago’, etc. Further refinement applied
to cHicAGo will follow asimilar pattern. Semantic query rewriting thus enlarges the set of documents relevant to
the original query while the transposition of user requests to match the concepts of the domain ontology within a

certain context (taxonomy) eliminates linguistic ambiguity.

The essential task of the retrieval system is to answer the semantically rewritten queries. Prerequisite to any
query processing a set of documents has to be classified according to the domain ontology, i.e. documents, or
parts thereof, are being linked to concepts of the ontology. Again, the information held within the documents
must be translated into the conceptual space of the respective taxonomies. This can be done e.g. by linguistic
analysis of their content or by taking advantage of their (known) internal structure. For reasons of simplicity we
assume that the documents in fact are accordingly structured as is the case e.g. with XML documents based on
DTDs that comply with the ontology’s own structure. The hierarchical makeup of XML documents then
typically contains substructures which can be mapped to subtrees of taxonomies. That way concepts can be

easily linked to elements of XML documents.

The system layout just characterized then has to be designed on the physical (storage) layer in such a way that
response times are minimized. Conceptually, a multidimensional (MD) view on the data models can be
established for indexing a data set (e.g. XML documents) by an ontology. Each dimension within that
multidimensional space is classified by a taxonomy of the domain ontology. Taxonomies can therefore be used
to define dimension hierarchies. Semantic query rewriting typically yields operations which retrieve and rank all
documents that match some hierarchy level in several taxonomies at the same time. Therefore, we are promoting
a physical clustering of the documents so that queries exhibiting these characteristics are performed efficiently.
In order to optimize access to these documents the index laid out by the taxonomies needs to be easy and fast to
process. For that reason we are considering a multidimensional hierarchical clustering (MHC) technique that
encodes hierarchies using compound surrogates (bit vectors prefixing each hierarchy level for direct access).
Further research will examine the applicability of this technique in the context of ontology based knowledge

management and retrieval.
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