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Abstract

One method for modelling uncertain or inaccu-
rate information is rough setanalysiswhich was
intr oducedand studied by Pawlak (1982)and his
co—workers. Unlik e other methodssuchasfuzzy
settheory, Dempster— Shafer theory or statisti-
cal methods, rough set analysisrequiresno ex-
ternal parametersand usesonly the information
presentedn the givendata. In the presentstudy
we apply roughsetanalysisto an investigationof
the indicators of repeatedheart attacks.

1 Introduction

In mary casest is not possibleto obtaincomplete
— or certain— information.This maybe dueto sub-
jective causesuchasvaguenessr may be dueto
objective onessuchasmeasuringerrorsor insuffi-
cientknowledge.Facedwith vagueinformation,a
researcheis limited by

¢ insufficientdistinctionof items,

e objectsetswhich canonly beapproximated,

¢ insuflicientgranularityof theknowledgerep-
resentation,

e decisionruleswhich arenotdeterministic.

Thesecauseamongothersthefollowing problems:

e Explanation:

— Whichcircumstancesausehesituation
underreview?
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— To which degreeare which factorsre-
sponsibldor the situation?

— Is therea dependencamongthesefac-
tors,and,if so,to whatdegree?

e Decision: How we shouldactin a particular
setof circumstances.

Several approachesire possiblesuchas fuzzy set
methodsKwakernak(1978a) Kwakernak(1978b),
Dempster- Shaferevidencetheory Shafer(1976)
or statisticalanalysis,Pearl(1988).All of thesere-
quire parametersutsidethe obsered phenomena,
or presuppos¢hatthe propertiesare of a quantita-
tive characteandaresubjectto randominfluences,
in order that statisticalmethodssuch as variance
analysisregressionpr correlationmaybeapplied.

One methodwhich avoids external parameterss
roughsetanalysisasintroducedby Pawlak (1982).
It is a first (and sometimessufficient) stepin ana-
lyzing incompleteor uncertaininformation. It uses
only internalinformationand doesnot rely on ad-
ditionalmodelassumptionsuchasfuzzy setmeth-
odsor probabilisticmodels.In otherwords,instead
of using numbersor other additional parameters,
roughsetanalysiautilizessolelythestructureof the
givendata.

Examplesof applicationof roughsettheoryto me-
dicine,psychologyconflictanalysisandotherfields
canbefoundin Pawlak (1991)andStowinski (1992).

In the presentpaper we investigatewhetherand
how roughsetanalysiscanbe appliedto aninvesti-
gationinto the cause®f repeatedheartattackscon-
ductedby Rogner& Bartram(1989),Rogner& Bart-
ram (1991),and Rogneret al. (1994). It turnsout
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that there are substantialdifferencesbetweenthe
rough setmethodand moretraditional methodsof
dataanalysis Of coursethis doesnotreflectonthe
quality of eitherapproachln someinstanceshow-
ever, therearesimilarresults We try to explainboth
differencesandsimilarities.

2 Themodel

Let U be a setand @ an equivalencerelation on
U. Thepair (U, #) will be calledanapproximation
space In this contet, therelationd is often called
an indiscernibility relation. Our knowledgeof the
objectsin U extendsonly up to membershipn the
classesf §. The ideanow is to approximateour
knowledgeabouta subsetX of U modulothe in-
discernibilityrelationd:

ForX C U,
X = U{H:v creX}
is theupperapproximationof X, and
l:U{H:L‘:BmQX}

its lower approximation A roughsubsetof U is a
pair (X, X), whereX C U.

Figure 1: Roughapproximation

3. z € U\ X meanghatz definitely doesnot
havepropertyP.

Thus,theareaof uncertaint;extendsoverf\ X.In

away, we aredealingwith athree—aluedlogic hav-

ing thevaluesyes perhaps no. Indeed the collec-
tion of all roughsetson U canbe madeinto areg-

ular double Stonealgebra;thesealgebrasjn turn,

arethealgebraidorm of three—aluedtukasievicz

logic (seeDiintsch(1995) for an overview of the
algebraicpropertiesof roughsetstructures)Alter-

natively, onecanconsiderthe lower approximation
asa modal O operator(necessity),and the upper
approximatiorasa ¢ operator(possibility).

Knowledgerepresentatiorin the rough setmodel
is donevia information systemsin the following
senseAn informationsystens = (U, Q, V,, f)qen
consistof

1. A setU of objects,
2. Afinite setQ of attributes,
3. Foreachg € (2 asetV, of attributevalues,

4. An informationfunctionf : U x Q - V =
Ugeo Vo With f(z,q) € Vyforallz € U,q €

pscriptorf (z, ¢) asthevaluewhich
ttribute g. Informationsystemsn
om tablesin arelationaldatabase
otrequirethattuplesbe unique.

weassociat@anequialencerela-

f(z,q) = f(y,q) forallq € Q.

If X C U isgivenby a predicateP andz € U,
then

1. z € X meansthatz certainly hasproperty
P!

2. z € X meanghatz possiblyhaspropertyP,
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(0g) if the objectsx andy are
|nd|scern|bIeW|th respecto the valuesof their at-
tributesfrom Q. We denotethe upperapproxima-
tionof X C U by YGQ, andits lower approxima-
tionby X, @

The finestapproximationwve canobtainis 6q: The
classef this relationcollectall objectswhich do
notdifferin ary attributevalue dg, isanaturalbound
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for roughsetanalysis;within the classef 6o we
cannotmake ary distinctionswith this approach.

SupposghatP, ) C Q. We saythatP is dependent
onQ—writtenas@) — P —if g C0p.If Q = P,
thenevery classof 6p is a union of classef 6.
In otherwords, the classificationof U inducedby
P canbeexpressedy the classificatiorinducedby
Q. If P = {p}, weusuallyjustwrite Q — p.

As ameasuref the quality of an approximationof
a partitionP by a set(@ of attributeswe definethe
functionyg : Part(U) — [0,1] by

Sxer X,
19(P) = ==

Thus, yo(P) is the ratio of the numberof all el-
ementsof U classifiedwith certaintyto the total
numberof elementof U. Notethat P — @ if and
onlyif yp(6g) = 1.

(2.1)

If two setsP, ) C Q aremutually dependentywe
denotethis fact by dep(P, Q); clearly, dep is an
equivalencerelationon 2. If dep(P,Q), andP C
@, thenP and(@) generate¢hesameclassificatioron
U, andtheattributesin @ \ P areredundanfor this
classificationThisleadsto thefollowing definition:

Let@ C Q. A setP C (Q is calledareductof Q, if

1. dep(P,Q) (i.e.6p = 6y),

2. ForeachP’ C P wehavefp # 6.

In otherwords, P C @ is areductof @, if P is
minimalamongall subset®f ) whichgeneratehe
sameclassificationas @. It is not hardto see,that
each@ C Q hasareduct,thoughthis neednot be
unique.Theintersectiorof all reductsof @ will be
calledthecore of Q.

3 A strategyfor modelling

We have now assembledhe necessaryoolsto de-
scribea stratgy on how to useroughsetmethods
in investigatinguncertairinformation.Theproblem
whichwe wantto solwve is thefollowing:

Supposehat(U, 2, V,, f)4eq is aninformationsys-
temand?P is apartitionof U.
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1. CanP berepresentethy a subset) of 2 in
suchawaythatfg = 6p?

2. Whichattributesaremostsignificantfor such
arepresentationif it exists?

The first stepis to enlage the given information
systemby addinga new attribute p to representhe
partitionP. The new attribute setis denotecby ',
andtheinformationfunctionis extendecdby

f(x7p) = 0’[)1‘.

Theattributesin Q canbeconsideredo beindepen-
dentvariablesandp adependentlustervariable.

The next stepis to decidewhetherQ? — p. If this
is not the case,then we cannotexpressP by the
attributesin 2, andwe have to be contentwith an
approximation.

Otherwise supposghatQ — p which indicatesa
first connectionbetweerP andthe attributesin (.
To investigatethis further, we could try to find all
Q C O for which @ — p. This "local” search
is usually ratherdemandingon computationalre-
sourcesThereforethe searchs limited in thefirst
instanceto "global” dependenciems the sensehat
onelooks at the reductsof 2 on which p is depen-
dent.If @ is suchareduct,thenits approximation
quality with respecto p is equalto 1 by Equation
(2.1),andevery classof 8, is a union of classesf

0.

Severalcasesanarise:

1. Thereis exactly onereduct:in this case we
have found the smallestcombinationof at-
tributesof 2 which describe$?, andwe con-
tinue with an analysisof this reductas de-
scribedbelow.

2. Thereis morethanonereduct:in this case,
we considerthecore:

(a) Thecoreis notempty:eventhoughthere
arecombination®f attributeswhichcan
bereplacedy othersandstill retainP,
thereis a setof attributeswhichis com-
monto all thesecombinations.
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(b) The coreis empty: every attribute can
bereplacedy others.

In orderto find out which attributesin @) are sig-
nificantfor the representationf p by () we deter
minetheapproximatiormuality of @ \ {¢} for each
g € Q. Thelowertheresultingvalueis, the higher
the contrikution of q.

4 An application: a study of repeatedheart at-
tacks

In the investigationRogner& Bartram(1989),80
malepatientswereexaminedwho took partin are-
habilitation programmefrom March to June1987
following a heartattack.The criterion wasthe ab-
sencerespectiely presenceof certainmedicalin-
dicatorssuchasmyocardiagroblemsanginapec-
toris etc. four yearslater The psychologicalindi-
catorswere closelyrelatedto the theoreticalback-
ground:

e A questionnaireon the primary appraisalof
theeventitself, theheartattack.

e A questionnair®nthedepressie emotions.

e Becauseof the central position of the cop-
ing mechanismtherewere two operational-
izationsof coping:

— A questionnairen the depressie cop-
ing (HIKB) whichwasdividedinto eight
subscalesThe subscales- as well as
thetotal—show asubstantiatorrelation
with thecriterion.

— A guestionnairenconcretecopingmech-
anismgHICOP)in specificcircumstances

which wastakenretrospectiely for the
intensive, acute andrehabilitationstate
(Tablel).

Besidethesepsychologicalindicators,medicalin-
dicatorswhich are part of the standarddiagnostics
in rehabilitationtreatmentwere consideredhs data
sourcesln all casesergometryandechocardiome-
try testswereconducted.
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Table 1: HICOP Questionnaire

1. I was doubtful whether | would survive.
2. | blamed myself for not having cared until it was too late.
3. | reflected in detail how life would go on.
4. | Iblamed others.
5. | reacted more calmly than others in this situation.
6. | Ihave tried to learn as much as possible about my illness.
7. | have considered what | would do differently in the future.
8. | decided that | had survived worse things.
9. | could not understand why of all people | should be affected.
10. I was worried about my family.
11. | trusted the doctor to treat me successfully.
12. | I suffered great pain.
13. | tried to forget that | was ill.
14. I could not believe that | had had a heart attack.
15. | was worried about keeping my job.
16. | took my bad mood out on others.
17. | felt badly about troubling others.
18. | did not want to see anyone.
19. | Itried to speak to others about my illness.
20. | found comfort in faith.
21. | felt that things were getting better.

4.1 Analysisof the HICOP questionnaire

HICOP interviews usingthe questionnairgivenin
Table1 wereconductedn the rehabilitationclinic.
For eachof thethreeinstancescute intensive and
rehabilitation the questionnaireresultswere sub-
jectedto a Ward clusteranalysiswhich resultedin
five groups.The problemaroseif, and how, these
groupscould be recoveredby a rough setanalysis
of the variablesnvolved.

For eachof thethreeinstancesve have

¢ Aninformationsystem(U, Q, V,, f),eq, where
U isthesetof patients{2 thesetof questions,
andV, = {0,1} for all ¢ € Q. Theinforma-
tion function f is definedcanonically

e A partitionP of U eachclassof which is a
groupof patientobtainedy theclusteranal-
ysis.

Thus,we have thefollowing situation(s):

Patient | Group | 1 |2 | 3
William 1 0|01
George 1 0|1]|0
Paul 3 110
Peter 5 0|0]|1
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The aim now is to find some@ C Q suchthat
vo(P) is maximal (see Equation(2.1)). In other
words,we wantto find out whetherthe five groups
obtainedby theclusteranalysiscouldbedetermined
by suitableconfigurationf attributes.

Following the proceduredescribedn Section3, we
computecdthe reductsandthe core of the informa-
tion system.In orderto determinethe influenceof
a singlecoreattribute on the quality of approxima-
tion, we removed eachattribute from the coreand
computedthe approximationquality of the result-
ing set by Equation(2.1). This value is given in
column3 of Table2. The smallerthe number the
greaterthe influenceof the attribute. In Gediga&

Table 2: Resultof aroughanalysisof theHICOP—cluster
resultsatthelastinstance

Item Type Approx.-quality (worst case)
1 Core 0.750
6 Core 0.833
8 Core 0.800
9 Core 0.767
11 Core 0.850
12 Core 0.833
17 Core 0.867
10,15,18,21  Reduct 0.967

Duntsch(1994) theseresultswere comparedwith

statisticalstandardmethods(analysisof variance,
discriminantanalysisandotherlinearmodellingap-
proaches)lt couldbe obsenedthat

¢ Notall variableswithin thecoreshav asimi-
lar effect within alinearmodellingapproach,

e Linearmodellingconsistentlyshovsmore”sig-
nificant” results.

Thedifferencedbetweertheresultscanbeexplained
in termsof non-linearity suppressioninteraction,
andthevalueof achosenbut necessary probabil-

ity. It shouldbenotedthatnoneof thepointscreates
a problemfor the roughdataanalysis On the other
hand roughsetanalysisoffersaconfigurationatie-

scription of the databasedon the core (or reduct)
variables.Becausea configurationaldescriptionis

far too complex in mostof the casesa further step
of statisticaldataanalysiswill usuallybenecessary
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We concludethatroughsetanalysisshouldbe used
asafirst stepfor dataanalysisIf the resultsof the
roughsetanalysiscanbe expressedn a smallnum-
berof differentconfigurationsgataanalysids com-
plete.If resultsof the rough setanalysiscontains
moreinformation,the reducedcore canbe usedas
the databasefor other more restrictve (e.g. lin-
ear)modellingapproachedJsing suchtechniques,
spurioussignificantresultsare obviated,and non—
significantresultswithin core variablescanbe ex-
plainedeitherasdueto asmalleffectof thevariable
or to a misfit of the statisticalmodel.

Becauseof thesedifferencesbetweenlinear mod-
elling andrough setanalysissomeadditionalindi-
cationto the quality of the characterisationvould
be helpful. For this, we obtainedadditionalinfor-
mationfrom Rogner& Bartram(1989): Sincethe
‘'coping’ questionnairevasgivenretrospectiely for
thethreeinstancescutephasegintensivephaseand
rehabilitation phase and sinceit canbe assumed
thatthe copingquestionnairas relatively homoge-
neousduring the acutephase,it is reasonabldo
assumehat the characterisatiomf the groupscan
be describedby the variation of the answersover
thethreeinstancesTable3 comparegheresultsof
Rogner& Bartram (1989) with the resultsof the
roughanalysistakenatthefinal instance.

Table 3: Characterisatioof HICOP—items

ltem  Var. inf. Rough inf. ltem Var.inf.  Rough inf.
1 yes yes/Core 11 yes yes/Core
2 yes no 12 yes yes/Core
3 no no 13 no no
4 no no 14 no no
5 (p<10%) no 15 no yes/Reduct
6 yes yes/Core 16 no no
7 (p<10%) no 17 yes yes/Core
8 yes yes/Core 18 yes yes/Reduct
9 yes yes/Core 19 no no
10 yes yes/Reduct 20 no no
21 no yes/Reduct

Theanalysisshowvsthatall coreitemscanbeclassi-
fied asvariation—sensitie; hence the characterisa-
tion into five groupsby theitemsin the corecanbe
interpretedasthe characterisationf changeat the
lastinstance Summingup, we concludethat

¢ thereductionof attributesvia roughsetanal-
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ysisis similarto thatin linearmodelling, sincethey canbe replacedby by the symptomsof
depressie coping.Furthermoreijt is not unimpor
tantfor the validity of the resultsthat after scaling
theimportanceof the medicalcriteria,the heartrate
¢ thereare plausibility reasonghat — at least and the shorteningcoeficient were recognizedas
for the chosenexample— roughsetanalysis importantdiagnostideatures.
is themoresuitableinstrument.

¢ the modelassumption®f roughsetanalysis
aremuchlessstringent,

A possibleexplanationfor the empty coreis that
the reliability of mary indicatorsis low; therefore,
randomordersmay leadto a classificationaswell.

Hence it maybeasled,if thereis onereliablepsy-

TheHIKB questionnairevasdividedinto threegroups: T - ]
chologicalindicatorwhosepredictioncapacitycould

5 Analysisof the HIKB questionnaire

1. Primaryappraisalspecificemotions betestedin relationto the medicalindicators.This

_ _ hasbeendonein partby Rogneretal. (1994),who
2. Depressie coping replacedthe eight psychologicalindicatorswith a
3. Medicalindicators sumof z—valuesper patient.This resultedin anex-

tremely high correlationto freedomof symptoms,
Regardingfreedomfrom symptomsafterfouryears whereasmedicalindicatorsshaved consistentlya
asthedependenvariable we first notethatthecore  low predictive power.
of theinformationsystemss empty Table4 shavs

. In orderto do a roughsetanalysiswith this aggre-
someselectedeductsThereductbelongingo Psychl g y .

gatedvariable we hadto cateyorisedepressie cop-
ing. It turnedout that a 3—classmixture with nor-

Table4: Reductsfor the prediction of freedom from mally distributed carrierwas adequatgAIC; Boz-

Ergometry: Heart rate
Echocard.: LV enddiast
Echocard.: LV endsyst — — — —
Echocard.: Shortening coeff. 0.897 0.897 0.966 0.931

symptoms .
ymp dogan(1987)).Figure2 shavs thatthebounds:z <
Item Psychl Psych2 Med1 Med2
Primary appraisal — 0.931 0.868 — —4:, —4: < z S - ]., - ]. < z are adequatéor the
Depressive emotions — 0.966 — — .
Reep 1o sel 0066 0me6  — — threegroups.The rough setanalysisof the aggre-
Social supp., fellow patients 0.897 — 0.931 —
Anger 0.914 — — 0.897
Self blame 0.966 — — 0.931 i . i i i
Optimism - 0931 0828 0931 Figure 2: Mixture analysisof depressie coping
Social support, partner 0.931 — — —
Positive reappraisal 0.966 — —_ — 10 T T T T Y T T
Upward comparison 0.966 0.897 — —
Ergometry: Wattage < 100 — — 0.931 0.931 Data ¢
Ergometry: RR syst — — — —
Ergometry: RR diast — — 0.931 0.897 1 group =
Ergometry: Rhythm disturb. — — — — RV
Ergometry: Full strain — — — — > A 2 grOUps ]
Ergometry: Angina Pectoris — — — — A\ 3 groups A -
0.931 0.966 0.914 0.931 B

containsessentiallythe items of depressie coping
and several necessarymedical indicators. Psych2
containghepre—processiniems,primaryappraisal
and specificemotions wherewe have chosenthe
smallesteductwith respecto cardinality Themed-
ical reductscontainmainly the medicalitems and
whateveris necessaryo obtaina reductof minimal
size.

A cautiousinterpretatiorof this resultcould bethat 8 6 -4 -2 0 2 4
. . . Sumof z-valuesof depressie coping

the pre—processingariablesinfluencethe depen-

dentvariablefreedonof symptomsatherindirectly,

University of Ulster - 30 - Informatics ResearchReports No. 10



|. Duntsh & G. Gediga

gatedpsychologicalariablewith the medicalvari-
ablesshavsthatnow thereis anonemptycore,see
Table5, wherethe smallestreductis displayed.

Table 5: Smallestreduct for the prediction of freedom of
symptomswith one aggregjated psychologicalvari-

able
Item Approximation ~ Core
Depressive coping 0.671 yes
Ergometry: RR diast. 0.899 no
Ergometry: Heart rate 0.873 yes
Ergometry: Rhythm disturbances 0.823 yes
Ergometry: Strain 0.873 no
Ergometry: Angina pectoris 0.949 no
Echocard.: LV enddiast. 0.810 yes
Echocard.: Shortening coeff. 0.747 yes

Fromthefactthattheapproximatiorgualityreduces
to v = 0.671 whenremoving the psychological
variable we seethatdepressie copinghasahigher

information value thanary of the medicalindica-

tors. Furthermorethe diagnosticallyimportantat-

tributesarealsopresenin thecore.

Comparingheresultsof theroughsetanalysiswith
thelinearmodellingapproactin Rogneretal. (1994),
we summarize:

e Thehigh predictive power of depressie cop-
ing remainsstablewithin the changecdanaly-
siscontet. Theeffectis independenof vari-
ationwithin the medicalindicators.

¢ Roughsetanalysisneverthelessshaws that
thereis alsoa substantiapredictive power of
someof the medicalindicators.This is are-
sultwhichwasnotobtainedwithin theframe-
work of alinearmodellingapproach.
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