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Abstract

In this paper we position rough set data
analysis(RSDA)in the KDD process,and
emphasiseits difference to other KDD
methods,especiallywith respectto model
assumptionsAs an examplewe describea
methodof non-invasiveimputation.

1 Intr oduction

Accordingto the widely accepteddescriptionof [5],
the (iterative) processof knowledge discovery in
databasefKDD) consistsf thefollowing steps:

KDD 1. Developing an understandingof the
applicationdomain, the relevant prior
knowledge,andthe goal(s)of the end-
user

KDD 2. Creatingor selectingatargetdataset.

KDD 3. Datacleaningand preprocessingthis
stepincludes,amongother tasks, re-
moving noiseor accountingfor noise,
andimputationof missingvalues.

KDD 4. Data reduction: Finding useful fea-
tures to representthe data depend-
ing on the goal of the task. This
may include dimensionalityreduction
or transformation.

KDD 5. Matchingthegoalsto a particulardata
mining methodsuchas classification,
regressionglusteringetc.
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KDD 6. Model and hypothesis selection,
choosingthe datamining algorithm(s)
and methods to be used for for
searchindor datapatterns.

KDD 7. Datamining.

KDD 8. Interpretingminedpatterns.

KDD 9. Acting ondiscoveredknowledge.

Roughsetdataanalysis(RSDA) was introducedby
[14] asa methodof rule-baseddataanalysis. Since
then, it hasbecomeincreasinglypopularwith over
1100 publicationsuntil 1998[15]. In this paper we
positionRSDA in the variousstepsof the KDD pro-
cessandemphasisds differenceto otherK DD meth-
ods.

2 Data modelsand model assumptions

As the basisfor our presentatiorwe choosethe data
modelof [7]: The centreof the modelling processs
theresearchewho chooses

1. A domain® of interest.

2. A system¢&, which consistsof a body of data
andrelationsamongthe data, called an empiri-
cal systemanda mappinge : D — &, called
opertionalisaion. The operationalisatiomap-
ping is often calledrepresentationin KDD, and
theempiricalmodeladomainmodel

3. A numerical systemh M, and a mappingm :
& — M, calledscalingwhich mapsthedataand
the relationsamongthe datato a numericalor
graphicalscale.

1Theterm“numericalsystem’is historicaland,besidegradi-

tional numericalsystemsjt comprisesother systemsin modern
scalingtheory suchasnetworksor knowledgespaces
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The choice of eachof the partsof the modelis a
pragmaticdecisionby researcherdhow they wantto
model the propertiesand dependenciesf real life
criteria in the bestpossibleway, accordingto their
presenbbjectivesandtheir stateof knowledgeabout
the world. As a simpleexample, considerthe situa-
tion that the knowledgestateof individualsin a cer
tain areais to be assessedyhich is our domain of
interestD. The empiricalsystemconsistof the indi-
vidualsand problemswhich they are askedto solve.
Theseproblemsare given by an expertwho assumes
thatthey constituteatrueoperationalisationf thereal
knowledgestatesof theindividuals.A numericalsys-
temfor thisdomainarethetestscoresachiesedby the
students.

Theoperationalisatiors to alargepartsubjectie,and
thusthe first sourceof uncertainty(“model selection
bias”): Onequestionis whetherthe elementsandre-

lationsof theempiricalmodel& arerepresentatie for

the objectsof the domainD andthe relationsamong
them,anothemwhetherthe choiceof attributescovers
the relevantaspectf D. Operationalisatiomndan
empiricalmodel— alongwith theassumptionshatgo

with them— are necessaryn ary type of dataanaly-
sis, while anumericalsystemis not, aswe shall show

below.

All statisticalandmostKDD methodsmnakeexternal
modelassumptionsandthusresideonthelevel of the
numericalmodel;atypical exampleis

“We will consider rectangular datasets
whose rows can be modelled as inde-
pendent,dentically distributed (iid) dravs
from somemultivariateprobabilitydistribu-

tion. ...We will considerthree classesof
distributions f:

1. themultivariatenormaldistribution;

2. the multinomial model for cross-
classified catgyorical data, including
loglinearmodels;and

3. aclassof modelsfor mixedmodeland
catgyoricaldata...” [16].

It may be aguedthatthis is particularto the “hard”
statisticalmethods,and that a “soft” approachdoes
not usenumericalsystemsHowever,

Theprincipal componentsf softcomputing
are fuzzylogic, neural networktheory, and
probabilistic reasoning18],

andall of these'soft” methodgequire“hard” param-
etersoutsidethe obsened phenomena membership
degreesprior probabilities parameterfor differential

eqguations.

Model assumptionsare not always spelled out “in

toto”, andthus,it is not clearto an obserer on what
basisandwith which justificationa particularmethod
is applied. The assumptiorof representatienessfor

example,is aproblemof ary analysisn mostreallife

databases.Thereasorfor thisis the hugestatecom-
plexity of thespaceof possiblerules,evenwhenthere
areonly a few numberof features.Furthermorethe
influenceof the model assumption®n the resultsis
not alwaystakeninto accountwhentheseare inter-

preted.

The first stepof the KDD processaims at minimis-
ing uncertaintyarising from operationalisationand



KDD 2 coincideswith the choiceby the researcher
of adomainof interest.

The next step, KDD 3, is concernedwith making
the datasuitablefor furtheranalysise.gby removing
noiseandimputing missingdata.In orderto perform
this task, we have to know what we meanby noise,
andtherefore,we musthave decidedalreadyat this
stageon somekind of numericalsystemwhich im-
plies the choice of model assumptionsand suitable
hypotheses.Similarly, the dimensionalityreduction
of KDD 4 presupposethe choiceof modelfor a nu-
mericalsystem.It follows thatat leastthe hypothesis
andmodelselectionof KDD 6 musttake placeright
after KDD 2 in orderto avoid implicit and unstated
modelassumptionsandnotfall into thetrapof circu-
lar reasoning.

Not clearlyseparatinghe operationalisatioandscal-
ing processesnay resultin unstatedor overlooked)
modelassumptiongvhichmaycompromisehevalid-
ity of the resultof the analysis. We invite the reader
to consuli10] for anindicationof whatcangowrong
when statisticalmodelsare appliedwhich are not in
concordancewith the objectves of the research(if
theseare known). In particular all we canhopefor
is anapproximatiorof thereality thatmodelsaresup-
posedo representandthatthereis no panacedor all
situations.

3 Roughsetdata analysis

An instanceof KDD, which is basedon minimal

model assumptions,and which admits ignorance
when no conclusioncan be dravn from the dataat
handis rough set dataanalysis(RSDA) [14] which

draws all its informationfrom the givendata.In other
words, RSDA remainsat the level of the empirical
system;moreformally, the numericalandthe empir

ical systemcoincide,and the scalingis the identity
function.

Operationalisatiom RSDA is basedntheviewpoint
that objectsare known (only) up to their description
by attributevectors:An informationsysten¥ consists
of asetlU of objectsandaset(? of attributes;thelatter
arefunctionse : U — V, which assignto eachobject
z avaluea(z) in thesetV, of valueswhich z cantake
undera. If § # @Q C €, we denotethe featurevector
of z with respecto theattributesin @ by z<.

This operationalisatioby Object— Attributedatata-
bles assumeghe “nominal scalerestriction” which
postulateghat eachobject has exactly one value of
eachattributeat agiventime, andthatthe obsenation
of this valueis withouterror.

KDD 1 andKDD 2 arenot partof RSDA, which as-
sumesghatenoughcarehasbeentakenin thesesteps
sothatthe operationalisationf datais sufficiently ac-
curateto be a soundbasisfor analysis. Traditional
RSDA takessubjectvity atthis stagefor grantedasa
factof life, andstartswith an empiricalsystemgiven
by suchanoperationalisationAn extendedapproach
whichincludespartsof the operationalisatioimto the
RSDA processs presentedn [4].

StepKDD 3 consistsf several mechanismso solve
problemswith thedatastructureathand:Missingdata
treatments oneof theissuesvhichwasnotpartof the
classicaRSDA; we will shav below how this canbe
done, at leastinitially, on the level of the empirical
model.

Noise reductionin the senseof a statistical KDD-

proceduredoesnot apply to RSDA, becauseRSDA

hasno concepwf noise.Neverthelessteducingcom-
plexity by remaving dependengwithin the datasetis

aproceduravhichreducesnoise” aswell. Therefore,
it is sometimeausedasa KDD 3-procedurewithin a
statisticalKDD-process. Indeed, RSDA can be re-
gardedasapre-processingevice to recognisehe po-
tentially importantvariablesfor the constructiorof a
neuralnetwork or multiple regressionin orderto re-
ducethe problemof multi-co-linearity

Datareduction(KDD 4) is amajorfeatureof RSDA.
Each@ C Q determinesan equivalencerelation
onU by setting

v =0, y <= (Va € Qa(z) = a(y).

The finestequivalenceobtainedin this way is 6. If
@ C Qand

(3.0) bg = ba,

thenthe attributesin ) are sufficient to describethe
classificatiorinducedby €2, andthus,onecanproject
Q to Q. Notethatonly informationby thedatais used
for attributereduction. A set() of attributeswhichis
minimal with respecto (3.1)is calledareductof 7.

Becauseof its model assumptionsRSDA can only
use classificationin KDD 5: The datatable is en-
hancedby a decisionattribute d with corresponding



equialenceelationd;, andtherelationshipdetween
the variousfy andé, areconsidered.If 65 C 4,

thentheattributesin () completelydeterminghedeci-
sionattribute. Having saidthis, we may mentionthat
onecanalsouseprocedurebasednthenon-irvasive
RSDA reasonindor unsupervisedearning[1].

As mentionedn the previous Section at leastthe hy-
pothesisandmodelselectionin the statisticalsenseof
KDD 6 shouldhave beentakencareof after KDD 2.
In RSDA thereis no numericalsystemdifferentfrom
the operationalisatiomf the obsereddata,andthere
are no outsideparameterd¢o be chosen,nor is there
a statisticalmodelto befitted. Within the practiceof
RSDA, however, therearenumerousattemptsto find
anoptimalRSDA model. In principle,therearethree
strands:

1. The classical main approachconcentrateson
finding (near)reductsandshortrulesvia Boolean
reasonindo explainthedecisionvariable,abrief
introductionto which canbefoundin [12]. Eval-
uation is done by simple probability measures
such as approximationquality, rough member
ship and rough inclusion which are obtained
from within thedatato estimateandoptimisethe
explanationandpredictionquality of variousat-
tribute sets. Thesemeasuresre conditionalon
the choiceof attribute sets.

2. A secondstrand integratesthe compleity of
rulesandthe estimationof predictionerrorinto
a commonunconditionaimeasureoy employing
various entropy functions [3]. Thesemethods
are substantiallydifferentfrom the reduct-based
ones,and the fine structureof their relation to
the traditional methodsand their consequences
still needgo befully understoodIn thisrespect,
RSDA hasthe sameproblemsasothermethods
of dataanalysis.

3. Finally, hybrid approachesuchas the integra-
tion of RSDA and fuzzy techniques(which,
strictly speakinglie outsidethe RSDA philos-
ophy)arebeingusedmorewidely [13].

Given a decisionsystem(Z, d), the datamining step
(KDD 7) in all RSDA variationsconsistsof search-
ing for deterministicandindeterministicrulesoffered
by the data: Supposehat() # @ C ©, andthatd is
a decisionattribute. Eachclass.X of §g givesusa

rule in the following way: First, notethat X is asso-
ciatedwith a uniquefeaturevector(t,),cq. Suppose

that X intersectsxactly the classes;,: < k, of 84;
eachclassY; correspondso a uniquevaluem; of the
decisionattribute. We now have therule

d

Ve e U) i=t, =z =moV...Vz?=ms|.
. q

qER

If in theimplicationaborewe havek = 0,i.e.if X is
containedn aclassof 6, we call X (andtherule)d —
deterministiqwith respecto Q). Wewrite () — d for

the collectionof all theserules,and,with someahuse
of languagecall () — d itself arule. If eachclassof
f is deterministic,thenthe classificationaccording
to d is completelydeterminedby @; in this casewe
call d dependendn (). Obserethat) — d maycon-
tain indeterministicrules (expressedy a disjunction
ontheright handside),contraryto theassertiorin [5]

that“a logical modelis alwaysdeterministic”.

KDD 8 is of specialimportancefor RSDA. Even
though,asasymbolicmethod RSDA usesaonly few
parametersvhich needsimple statistical estimation
proceduresits resultsmustbe controlled using sta-
tistical testing proceduresjn particular when they
areusedfor modellingandpredictionof events. The
problem here, of course,is not to allow subjectie
modelassumption$o creepin throughthe backdoor,
when testing proceduresare applied. In earlier pa-
pers,two of ushave describechow RSDA canbesup-
plementedy non-invasive proceduregor testingrule
significanceby randomisatioormethodq1], datacom-
pressionby classificatonfiltering [2], andmodelse-
lection using a suitableentropyand the principle of
minimumdescriptionength[3].

As for KDD 9, experiencehasshown, that the non-
invasive approactcanbe successfullyusedfor KDD,
atleastasanindicator, beforehardermethodsareap-
plied, and we invite the readerto consult[15] for a
recentoverview of applicationsof RSDA.

4 Non-invasiveimputation

Most KDD applicationscontain a large amountof
missingdatawhich have to betakencareof in KDD 3.
As an examplefor a non-invasive procedurein the
spirit of RSDA, we presenta methodof dataimpu-
tation,which is describednorefully in [6]. Otherre-
centworkin theRSDA contect included9, 17, 8, 11],
andfor the statisticaimethodsve recommendhe ex-
cellentbook[16].



In contrasto statisticaimputationproceduresRSDA
analysisoffers no straightforwardway to defineloss
functionsor a likelihood function; thesearebasedon
statisticalpre-assumptionsyhicharenotgivenin rule
basedlataanalysis.Therefore ptheroptimisationcri-
teriamustbe used. A simplecriterionis the demand
thattherulesof thesystenshouldhave amaximumin
termsof consisteng, which meansf wefill amissing
entrywith avalue,we shouldresultin arule whichis
consistentvith the otherrulesof the system.Our al-
gorithmimputesmissingvaluesin anattribute vector
7 by presentinga list of possiblevaluesdravn from
the setof all vectorsij which do not contradictz, i.e.
they have the sameentrieswherever botharedefined.

Foreachz € U andeach) # @ C Q welet
relg(z) = {a € Q : a(z) isdefined

bethesetof ()-relevantattributesfor z. Let ¥ bethe
featurevectorof z with respecto theattributesin @),
ie.

Tg =(a(z) 1a € Q).

Here, we assumethat the attributesin €2, and thus
in @, aresuitably indexed. EachZ, is calleda -

granule if @ = Q or () is understoodye just speak
of granules Obsene that

—

f@ = Trelg(x)-
Foreach() # @ C Q wedefinearelation@z onU by

rQry <> a(z) = a(y) forall a € relg(z) N relg y.

If zQzy, we saythatz andy are consistent This
terminologyis justified by the fact that Q)7 y justin
casethat whenever « is definedon both z andy, it
doesnot distinguih betweenthem. For example, z
andy with

g =(1,7,3), o =(1,4,7)
areconsistentyhile in case
fQ = <13?73>7 gQ = <17?72>

they arenot. Consisteng is a generalisatiorof in-
discernabilityusedin RSDA: Two objectsz, y areQ-
indiscernible,if relg(z) = @ = relg(y), andtheir
inducedgranulesareequal. The granulesof two con-
sistentobjectscanbe madeequalon theunionof their

relevantattributesby filling in missingvaluesin one
granuleby valueswhich aredefinedin theothergran-
ule.

If thegranulez’y hasa missingvalueat, say a € @,
we will try to imputeit from the a-valuesof the ob-
jectsin the similarity classof z.Thiswill notalways
be possible,and, if it is, theremay not be a unique
value. Thus,theresultof theimputationprocesswill
in some(or mary) casedealist of valuesfrom which
a value may be picked, possibly by other methods,
withoutviolating the consisteng.

Let us definea mappingm : U x Q — [J,cq2"

which will give us the possibleimputablevaluesby

collecting for eachz € U andeacha € @ those
entrieswhich appearas entriesa(y) in the granules
inducedby ay € U whichis consistento x.

a(z),
{a(y) 1y € Qz(2)},

if a(z) is defined
if a is notdefinedatz,
but a is definedfor

somey € Qz(z),
? otherwise

)

m(z,a) =

We seethat m leaves uniquevaluesalone;further
more, if a is not definedatary y € Qz(z), i.e. if
is a — casualthenwe will notbeableto fill theentry
(z, a); in this casethereis no “collateralknowledge”
for (z,a).

We now give a non-invasiveimputationalgorithm.
Algorithm 1. Definea sequencef informationsystems

asfollows:
1. 7, =171.

2. SupposehatZ, = (U, Q, {V,«
finedfor somek > 0.

:a* € Q}) is de-

(a) Findthesimilarity classes)z, (z).
(b) Foreacha® € Q, z € U, let

kY if kY| —
ak+1(m) _ m(z,a”), i |m(:1:.,a ) =1,
‘ ?, otherwise

(©) SetQui1 & {a"*! k€ Q) and Vs X

V.

With this procedure we successiely extend the at-
tribute mappings;in other words, we increase(or
leave constant)relg (z). At somestage thereis a k
suchthat Qz, (z) = Qg,,,(z) forall z € U, see
[6] for a proof. At this stepwe reportthe matrix



(m(z,a))acq,. If m(z,a) hasmorethan one ele-
ment, this setwill give us the possibilitiesfor value
a(z), basedon previousexperience.

As an example,considerthe Table 1. After the first
stepwe notethatwe cannotmakethetablecomplete,
sincethereis noa;-valuefor z, . Thereis someambi-
guity for the obsenationsz4 andxs which cannotbe
resohedin thefirst step. Thereasoris thatthereare
— at this step— consistentreplacement®f the miss-
ing valuesin z3, z5, and zg respectiely, which al-
low usto build a suitablegranulefor the predictionof
the missingvaluesof x4 andzs. Sincethe similarity
classesarereducedn step2, therearelesspossibili-
tiesfor replacementand,indeed,all ambiguitiescan
beresohed.

Tablel: Imputationl

a1 az a4z Qs
z1 | 5.0 4.0 3.0 2.0
z2 | 7 3.0 20 1.0
zs | 2.0 ? 4.0 5.0
T4 ? 2.0 ? 3.0
zs | 2.0

20 7 7
ze | 5.0 4.0 3.0 2.0
7 [3.0 20 1.0 1.0
z5 3.0 2.0 50 7?
Table2: Imputationll
ay az az aq
71 5.0 40 3.0 2.0
T2 ? 3.0 20 1.0
T3 2.0 {2.0} 4.0 5.0
z4 | {a1(zs)} 2.0 {5.0} 3.0
e 5.0 40 3.0 2.0
z7 3.0 20 1.0 1.0
Ty 3.0 2.0 5.0 {3.0}
Table3: Imputationlll
a az az aq
1| 5.0 40 3.0 2.0
T2 | 7 30 20 1.0

#s | 20 {20} 40 5.0
zs | {30} 2.0 {50} 3.0
zs | 20 2.0 {40} {5.0}
ze | 5.0 40 3.0 20
| 30 20 1.0 1.0
zg | 3.0 2.0 50 {3.0}

A simulationstudywhich shaws the scopeof the ap-
plicability of this methodhasbeenperformedin [6].
The intensionof the proposedprocedures to inform
the userof what might happenif missingvaluesare

imputed, which is a different goal to than to find
a (statistical)procedureto estimatea model among
variables. This interplay of non-irnvasive computing
andmoredemandingstatisticaimodellingis intended:
Non-invasive computingshovswhich resultsarepos-
siblefrom the obtaineddata— statisticaimodellingof-
fersthemostprobablesolutionof the problem.

References

[1] Ivo Dintsch and Gunther Gediga, Statistical
evaluationof roughsetdependencgnalysis In-
ternationallournalof Human—-ComputeBtudies
46(1997),589-604.

[2] , Simpledata filtering in rough setsys-
tems Internationallournalof ApproximateRea-

soning18(1998),no.1-2,93-106.

[3] , Uncertaintymeasuesof roughsetpre-
diction, Artificial Intelligence106(1998),no.1,

77-107.

[4] Ivo Dintsch, Gunther Gediga, and Ewa
Ortowska,RelationalattributesystemsSubmit-
tedfor publication,1999.

[5] U. Fayyad,G. Piatetsly-Shapiro,andP. Smyth,
From data mining to knowledgediscoveryin
databasesAtrtificial Intelligence Magazinel7
(1996),37-54.

[6] Gunther Gedigaand Ivo Dintsch, Maximum
consistencyf incompletedatavia non-irvasive
imputation Submittedfor publication,1999.

[7] G. Gigerenzer Messungund Modellbildungin
der Psydologie BirkhauseyBasel,1981.

[8] SalhatoreGreco,BenedettdvatarazzoandRo-
man Stowinski, Handling missing values in
rough setanalysisof multi-attribute and multi-
criteria decisionproblems In Zong et al. [19],
pp.146-157.

[9] JerzyW. Grzymala-Busseyitold J. Grzymala-
Busse,andLinda K. Goodwin, A closestfit ap-
proach to missingattribute valuesin preterm
birth data, In Zongetal. [19], pp.405-413.

[10] David J. Hand, Deconstructingstatisticalques-
tions, J. Roy. Statist. Soc. Ser A 157 (1994),
317-356.



[11] M. Kryszkiewicz, Propertiesof incompletein-
formation systemsn the framevork of rough
sets Roughsetsin knowledgediscovery, Vol.
1 (Lech Polkowski andAndrzejSkanron, eds.),
Physica—¥¢rlag,Heidelbeg, 1998,pp.422-450.

[12] H.S.NguyenandA. Skowron, Booleanreason-
ing for feature extraction problems Proc.of the
10th International Symposiumon Methodolo-
giesfor Intelligent SystemgISMIS’'97) (Berlin)
(Z.W. RasandA. Skowron,eds.) LectureNotes
in Artificial Intelligence,vol. 1325, Springe+
Verlag,1997,pp.117-126.

[13] S.K.PalandA. Skowron (eds.),Roughfuzzyhy-
bridization, Springe+Verlag,1999.

[14] Zdzistav Pawlak, Roughsets Internat.J. Com-
put. Inform. Sci. 11 (1982),341-356.

[15] Lech Polkowski and Andrzej Skonron (eds.),
Rough sets in knowledgediscovery vol. 2,
Physica—¥rlag,Heidelbeg, 1998.

[16] J.L. SchaferAnalysisof incompletanultivariate
data, Chapmar& Hall, 1997.

[17] J. Stefanavski and A. Tsoukias,On the exten-
sionof roughsetsunderincompleténformation,
In Zongetal. [19], pp.73-81.

[18] Lotfi A. Zadeh, What is BISC? http:
/1 http.cs. berkel ey. edu/ proj ects/
Bi sc/ bi sc. meno. ht ml, University of
California, 1994.

[19] N. Zong,A. Skonron,andS.Ohsuggeds.) New
directionsin roughsets,data mining,and gran-
ular softcomputing LectureNotesin Artificial
Intelligencevol. 1711,Berlin, Springe+Verlag,
1999.



