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Abstract. The work presentghe resultsof inconsisteng detec-
tion experimentson the datarecordsof an atheroscleroticoronary
heartdiseas@atabaseollectedn theregularmedicalpractice Med-

ical expertevaluationof somepreliminaryinductive learningresults
have demonstratethatexplicit detectiorof outlierscanbeusefulfor

maintainingthedataquality of medicalrecordsandthatit mightbea
key for theimprovementof medicaldecisionsandtheir reliability in

the regular medicalpractice With the intentionof on-line detection
of possibledatainconsistencesetsof confirmationruleshave been
developedfor the databasendtheir testresultsarereportedin this

work.

1 Intr oduction

The motivation for the researctpresentedn this work stemsfrom
thefactthatmodernmedicaldecisionprocessearegenerallybased
on patientdatafrom mary differentsourceswhich aretypically col-
lectedandarchived by a multiterminalor distributed computersys-
tems.Suchorganizationenablegpromptand high quality decisions
of medicaldoctorssupportedy abundanceof availabledata[2] but
it alsoenableghaterrorsof differentsourcescausedy thework of
mary differentpeopleand/orinstrumentatiorcandirectly enterpa-
tientrecords Detectionof datainconsistencieat the globallevel of
every patientrecordcanhelpin tracingsystemati@aswell asspurious
errorsin thedataacquisitionprocessandin thisway it canbeanim-
portantpartfor insuringhigh quality andreliability of datausedfor
medicaldecisionmaking[5]. Ontheotherside,the existenceof data
inconsistenciedo not needto be the sign of dataerrorsbut may be
the consequencef someatypicalmedicalcase Attractingattention
of medicaldoctorsto suchpatientrecordsmay be interestingboth
from the point of view of medicalscienceaswell asfor avoiding
everydaymedicalpracticeroutineerrors.

Our interestin inconsisteny testingis the resultof mary induc-
tive learning experimentsperformedon a databaseof atheroscle-
rotic coronaryheartdiseas¢ ACHD) patientpreparedtthelnstitute
for Preventionof CardiovasculaDiseaseandRehabilitation Zagreb
Croatia.In the datapreparatiorphase the saturatiorfilter [4] was
usedto detectandeliminateoutliersfrom thedatabaseThisis anec-
essarystepin the knowledgediscovery processwhich enableshe
induction of globally relevant rules. Medical expert evaluationhas

1 Rudjer BoSkovit Institute, Bijenitka 54, 10000 Zagreb,Croatia, E-mail
Dragan.Gambeer@irbhr

2 Jazef Stedn Institute, Jamaa 39, 1000 Ljubljana, Slovenia,
Nada.Larac@ijs.si

3 Institute for Prevention of Cardiovascular Diseaseand Rehabilitation,
DraSkoviceva 13,10000Zagreb Croatia

4 Rudjer Boskovi¢ Institute, Bijenicka 54, 10000 Zagreb, Croatia, E-mail
Tomislav.Smuc@irkhr

demonstratethatthe detectionof outliersis averyinterestingesult
by itself, which suggestedhe idea of using noise detectionalgo-

rithmsdevelopedfor datapreprocessing inductve machindearn-
ing asa tool for datacleaningof patientrecords.In this work two

differentapproacheto the problemof inconsisteng testingarepre-

sentedn Section2. Thisis followedby the presentationf the med-
ical domainusedin experimentsandthe resultsof the experiments
in Sections3 and4, respectiely. Thealgorithmsusedfor outlier de-

tectionandrule constructiorare out of the scopeof this work since
their descriptioncanbefoundin [3, 4].

2 Inconsistencytests

Machine learning approachedo inconsisteng testing in patient
recordscan be either basedon outlier (noise)detectionalgorithms
or onasetof rulesthataresupposedo betruefor thedatain patient
recordsThelaterapproacttanbeusedalsofor on-lineinconsisteng

testingbut it requiresthe constructiorof ruleswith specificproper

ties. In both casestestingis basedon supervisednachinelearning
algorithmswhich requirethat patientrecordsare groupedin two or

moreclassesTheclasseganbe definedeitherby domainexpertsor

by valuesof oneor moredescriptorsavailablein the patientrecord.
Correlationbetweendefinedclassesand data containedin patient
recordsis the mainmechanismusedin inconsisteng detection Ap-

propriateclassassignments oneof the main problemsof machine
learningapproacheso inconsisteng testingandit is speciallyana-
lyzedin Sectiord.

2.1 Explicit outlier detection

Thefirst approachin the work calledexplicit outlier detectioncan
bewithout changesisedon very differentpatientrecordslt is actu-
ally anoisedetectionalgorithmfor dataof two classesgescribedn
detailin [4], usedin the datapreprocessinghase(datacleaning)of
inductive learningalgorithmslt worksonthesetof recordstrying to
identify significantdifferencesamongpositively andnegatively clas-
sified records.Compleity of the leastcomplex hypothesiscorrect
for all availableexampleg(true for all positive andfalsefor all neg-
ative examples)is estimatedwithout constructingary concretehy-
pothesisThoserecordswhich aredifficult for correctclassification
andwhich, by their eliminationenabledirect reductionof the com-
plexity of theleastcomplex hypothesisaredetectedasoutliers.The
approachs appropriatdor off-line dataanalysislts maindravback
is its time complity aswell asthe fact that for multiclassprob-
lemsthe algorithmmustbe repeatedor every reasonablelefinition
of classpositive andclassnegative records.



Descriptor | Abbreviation | Characteristics
Anamnestidata

S&X SEX 1-man2-woman

age AGE continuougyears)

height H continuougm)

weight W continuougkg)

bodymassindex BMI continuougkg m™?)

family anamnesis FA. 1-negative 2-positve

presensmoking PS. 1-negative 2-positve
3-very positive

diabetegnellitus D.M. 1-negatve
2-pos.medicamentheragy
3-pos.insulintheragy

hypertension HYP 1-neyative 2-positve
3-very positive

stress STR 1-negative 2-positve
3-very positive

Laboratory tests

total cholesterol T.CH. continuougmmol L™1)

trygliceride TR continuougmmol L™1)

high density

lipoprotein HDL/CH continuougmmol L")

low density

lipoprotein LDL/CH continuougmmol L")

uric acid U.A. continuouggmol L™1)

fibrinogen FIB continuougg L™ 1)

Tablel. Thenamesandthecharacteristicef 16 anamnestiand
laboratorytestingdescriptors.

2.2 Rule-basedoutlier detection

Thesecondapproachcalledrule-basedutlier detectioris moreap-
propriatefor on-lineinconsisteng testing.lt workswith dataof one
patientrecordonly and the consequences its simplicity and high
executionspeed.The approachs actuallya setof logical teststhat
mustbesatisfiedby every patientrecord.If oneor moreof thetestss
notsatisfiedtherecordis detectecasanoutlier. Thelogicaltestsare
definedby the setof rulesthathold for the patientrecordsin the do-
main.Themaindravbackof theapproachs thatthesetof rulesmust
be developedspeciallyfor the testedtype of records Moreover, the
usedrulesmustbe highly reliableruleswith a very smallnumberof
mispredictionsleadingto falseoutlieralarms Suchrulescanbecon-
structedby domainexpertsbut alsoby inductive learningalgorithms.
Becausef the requiredrule reliability, the conceptof confirmation
rules seemsappropriatefor this task[3]. In this concept,separate
rulesare constructedor the positive and negative classcasesThe
confirmationrulesfor the positive classmustbe true for mary posi-
tive casesindfor no negative caself anegative cases detectedrue
for ary confirmationrule developedfor the positive classiit is are-
liable signthatthe caseis anoutlier. In the sameway, confirmation
rulesconstructedor the negative classcanbe usedfor outlier detec-
tion of positive patientrecords.An additionaladwantageof the ap-
proachis thattheusercanhave theinformationabouttherule which
causedhealarmwhatcanbe usefulin theerrordetectionprocess.

3 DataSet

For this work, a databaseepresentingypical medicalpracticein

atheroscleroticoronaryheartdiseas@ CHD diagnosisasbeenpre-
pared.The datadescribepatientswho enteredthe Institutefor Pre-
ventionCardiovascularDiseaseand Rehabilitation ZagrebCroatia,

in a few monthsperiod. The setof descriptorgepresentsll poten-
tially interestingandtypically availableinformationaboutpatients.
The descriptorsetincludesanamnestiaata (10 items), laboratory
testresults(6), the restingECG data(5), the exercisetestdata(5),

echocardiogramesults(2), vectorcardiograntesults(2), andlong

termcontinuousECGrecordingdata(3). It makesaltogethei33 de-
scriptors.Only patientswith completedatahave beenincludedinto

the dataset, resultingin the datasetwith 238 patientsin total. The
descriptorsaarecitedin Tablesl and?2.

Descriptor | Abbreviation | Characteristics
ECGatrest

heartrate HR continuous
(beatsmin™1)

STsegment 1-ngyative

depression ECGst 2-positive Imm
3-positve > 2mm

seriousarrhythmias ECGrhyt 1-negative 2-positve

conductiordisorders ECGcd 1-negative 2-positve

left ventricular

hypertrophy ECGhlv 1-negative 2-positve

ExerciseECG

ST segmentdepression| EXECGst continuougmm,)

seriousarrhythmias EXECGrhyt | 1-negatve 2-positve

conductiordisorders ExXECGcd 1-negative 2-positve

hypertensie reaction EXECGhyp | 1-negative 2-positve

New York HeartAss.

functionalclass EXECGNYHA | classl - IV

Echocadiography

left ventr

internaldiameter EcholVID 4 continuougmm,)

left ventr

ejectionfraction

accordingo Simpson EcholVEF continuoug%)

Vectorcardiography Q

transmuraMI VCGQ 1-negative 2-positve

left ventricular

hypertrophy VCGhlv 1-negative 2-positve

LongtermcontinuouECG

seriousarrhythmias HOLrhyt 1-negative 2-positve

conductiondisorders HOLcd 1-negative 2-positve

ST segmentdepression| HOLst continuougmm,)

Table2. Thenamesandthecharacteristicef 17 non-irvasie diagnostic
descriptors.

Theclassificatiorof all patientsvasperformedy thecardiologist
andit reflectsgenerallyacceptednedicalknowvledge.Theclassifica-
tion is mostlybasedn theresultsof the mostimportanttests.These
are: exercisetesting,long term ECG recordingand echocardiogra-
phy. In exercisetestingST segmentdepressioror elevation, serious
cardiacarrhythmiasand conductingdisturbancesre the important
parametersAdditionally, the NYHA classificatior[6] andclinically
significantmetabolicequivalents(METSs) are used[1]. Similar pa-
rametercanbefoundin longtermECGrecordingexceptMET and
NYHA classificationDyastolicinternaldiameterof left ventricular
with parasternashortaxisview andleft ventricularejectionfraction
(accordingo Simpson)redeterminedrom theechocardiogram.

For this researchhe cardiologistclassifiedpatientsinto 5 groups
whosemainfeaturesaresummarizedelow:

Group | Healthypatientswithout verified ACHD but with possible



presentardiozascularisk factors.

Group lI-V Thesearepatientsvith previousmyocardiainfarction.
They wereclassifiedby theresultsof non-irnvasive cardiosascular
testsandtheir conditionafter somecoronaryangioplasticor car
diosugerytreatmentThey areall undermedicamentreatment.

Group |l Patientswith normalresultsof exercisetesting,long
termrecordingandechocardiogram.

Grouplll Patientswith ST sggmentdepressiori.00mmin ex-
ercisetestingandduringlongtermECGrecording)eft ventric-
ular ejectionfractionhigherthan55%,METs 10.

Group IV Patientswith ST segmentdepressiorequalor higher
than 2.00 mm in exercisetestingand during long term ECG
recordingleft ventricularejectionfraction lessthan55% (40-
54%), left ventricular internal diametermore than 6.0 cm,
NYHA II-lll, METs5-10.

GroupV Patientshaving ST segmentelevation or depressiorn>
3.00mm, left ventricularejectionfractionlessor equalto 30%,
left ventricularinnerdiametergreaterthan6.5cm, NYHA 1l1-
IV, METs<5.

In experimentswith expert definedclasseghe groupslil-V repre-
sentedhepositive classwhile groupsl-1l werein the negative class.

4 Experimental resultsand medical evaluation

Thedomainof 238patientrecordsconsistof two setsithedataseof
150 patientscollectedearlier hasbeenusedfor preliminaryexperi-
mentsandrule developmentwhile the setof remaining88 records
collectedater, hasbeenusedfor testpurpose®nly. Thefirst setwill
bein therestof the papercalledthe mainsetandthe secondonethe
testset.

4.1 Explicit outlier detectionresults

The setof experimentsstartedwith explicit outlier detectionfor the
mainsetandfor the positive andnegative classesasdefinedin Sec-
tion 3 by medicaldoctors Therehave beenonly two detecteautliers
(patientrecordsnumber28 and52) andboth of themarevery inter
estingcasesThefirst oneis actuallyan olderpatientaftera serious
cardiosugical treatmeniwho wasin spiteof non-optimallaboratory
testsintentionallyputinto Groupll (patientswith normalresultsof
exercisetesting,long termrecordingandechocardiogram)he sec-
ond patientwasalsoin Groupll but afterits detectionasanoutlier,
medicaldoctoragreedhatGrouplll would be muchmoreappropri-
atefor thepatient.In theanalysist wasdetectedhatthemainreason
for its inclusionin Groupll weregoodexercisetestingresults.But
the resultsweremisleadingbecausehe patientwassoweakthathe
could sustainonly 2 minutes(insteadof 7 - 9 minutes)of exercise.
It meanghatanactuallyimportantoutlier hadbeendetectedthatits
detectiorhelpedn findingmoreappropriataliagnostiagroupfor the
patient,andthatthe medicaldoctorhasfound out thatexercisetest-
ing resultsarereliabledataonly if the testscould be andhave been
performedcompletelyandcorrectly

The sameexplicit approachto outlier detectionwasalsoapplied
onthetestsetwhich resultedn thedetectionof patientrecordsl74,
214,227,and 230. More reliable resultsshouldbe expectedif the
outlier detectioralgorithmis appliedon thetamgetdatasetonsisting
of bothmainandtestset. Theresultof this experimentwasthe de-
tectionof thesamefour detectedecorddrom thetestsetandin total
fiverecord€fromthemainset.Besidesxample28and52, thatwere

detectedilsoin thefirst experimentthe setof detectedecordsfrom
the mainsetincludedalsocasesiumberl, 43, and98. Table3 sum-
marizesheresultsof thefirst threeexperimentswith explicit outlier
detection.The resultsshav a weaknes®f the explicit approacho
noisedetectiondemonstratetby the factthatdifferentoutliershave
beendetectedor themainsetdependingnthetargetset.

Targetset Detectedoutliers
In main set In testset
main 2852 ---
test --- 174214227230
main+ test | 128435298 | 174214227230

Table3. Resultsof explicit outlier detectiorfor differentsetsof target
patientrecords.

Medical evaluation shaved that casesl and 43, patientsfrom
Grouplll, arenotexpertrecognizedutliers.Thesecasesanbeac-
ceptedasfalsealarmsof the explicit outlier detectionapproachA
completelydifferentsituationis the patientnumber98 from Group
I1l, classifiedasa seriouscasebut with practicallynormalresultsof
laboratorytests.A medicaldoctoracceptedhe patientasa special
caseandwas satisfiedthat machinelearningmethodsrecognizedt
asanoutlier. Dueto thepatients medicalhistory, the caseclassifica-
tion remainedunchangedTwo out of four casedetectedn thetest
setareborderline casegcasesiumberl74and227)andtheremain-
ing two arereal medicaloutliers:oneis a difficult coronarypatient
from GroupV with diagnosedtardiopathiadilatativa therefore not
an ACHD patient(number214), while the otheroneis an atypical
ACHD patientwhosediseaseouldbe detectednly by echocardio-
graphy(number230).

4.2 Rule-basedoutlier detectionresults

With theintentionto shav theapplicationof arule-basedutlier de-
tectionapproachthemainsetwasusedto induceconfirmatiorrules,
explainedin Section2.2,for both classesTherulesfor the positive
classwere ExECGst > 0.45mm andHOLst > 0.65mm. Each
of thesetwo rulesis true for about95% of the positive classcases
in the mainsetandfalse(exceptfor explicitly detectedutliers)for
all nggative classcasesdn this set. Thesetwo rules canbe usedas
constraintghat shouldnot be satisfiedby negative classcasesThe
rulesdetectedhefollowing negative classoutliersin thetestset: 165,
174,185,and227.Therewasonly oneconfirmationrule for theneg-
ative classconsistingof two conditionsEx ECGst < 0.45mm A
HOLst < 0.65mm. Theruleis truefor about98%of negative class
casesndfalsefor all positive classcasesn themainset.Therulede-
tectedpositive patientrecord214and230asoutlierswithin thetest
set.Theresultsarepresentedn thefirst row of Table4. Comparing
resultsobtainedby explicit andrule-basedutlier detectionit canbe
notedthatthelaterapproactselectedhe samerecordsastheformer
approaclbut thatit alsodetectedwo morerecords165and185.The
resultdemonstratethe applicabilityof the rule-basednethodfor in-
consistenyg testing. Themethodis interestingoecauséts application
is muchsimplerfor all otherfuture patientrecords Medical evalua-
tion of the casesl65and185shavedthatthey areactuallynotfalse
alarms.Oneof themis a borderline casewho wasintentionallyput
in Groupll becausef its medicalhistory (casenumber185) while
in the othercasethe medicaldoctoracceptedhe suggestiorandhe
haschangedhe patientgroupclassificatior(casel65).



Classedefined Outlier detection
by Explicit Rule-based
medicaldoctors 174214227 | 165174185
230 214227230
ExECGst > 0.45mm | 165174185 | 165174185
195197199 | 195197199
202227232 | 202227232
237 237
HOLst > 0.65mm 165185195 | 165185195
197199202 197232
214230232
237

Table4. Comparisorof theoutliersdetectedy explicit andrule-based
detectionapproachefor differentlydefinedpatientrecordclasses.

4.3 Resultsobtained by descriptor-basedclassifiers

In all previous experimentsinconsisteng testing was basedon
classeslefinedby medicaldoctors Althoughtheresultsareveryrea-
sonablefor both methodsandthey agreein mostdetectedrecords,
this way of inconsisteng testingis appropriateonly for domainsin
whichdoctorclassificatiorexists. Existenceof suchclassificatioras-
sumegthatthereexists a dependencbetweerthe determinectlass
andrecorddatawhat practicallyensureshe quality of theinconsis-
teng tests.In a generalcase whenthereis no expertclassification,
oneor more descriptorsrom the patientrecordshouldbe usedas
a classificationparameterin this situationit is essentiako select
classifiersfor which it can be assumedhat their dependenc with
otherdatain the recordexists. In the ACHD domainthe induced
rulesdemonstratedtrongdependenciebetweenexpert classesand
ST segmentdepressiorduring exerciseand long term continuous
ECG monitoring. This is the main reasonfor selectingthesedata
as appropriateclassifierswhen expert classificationdoesnot exist.
Thelimit valuesbetweerpositive andnegative classesrebasedon
inducedrulesin previousexperimentsTable4 in its secondandthird
row includesresultsobtainedfor positive classesdefinedby con-
ditions ExECGst > 0.45mm and HOLst > 0.65mm respec-
tively. In the left columnarerecordsdetectedasoutliersin the test
setby explicit approachwhile in the right one are detectedby the
rule-basednethod.In the explicit approachthetametsetsincluded
both the main andthe testsets.Rulesfor the rule-basedietection
have beenconstructedlwaysfrom the mainsetsothatits own out-
liers have beenpreviously excludedfrom it. The methodresultedin
successfubetectionof the mostoutliers detectedbasedon expert
classificationlt shouldbe notedthatamongoutliersoccuralsosome
completelynew caseslike numbers195,197,232,and 237. Their
medicalevaluationdemonstratedhatin threeout of four caseshe
problemwasthatthe patientexercisetestingwasincompleteandthe
obtainedesultswveremisleadingln thefourthcasgnumberl95)the
patienthadan asymptomatigsilent)ischaemicheartdiseaseknown
by its differencesbetweenexerciseandlong term continuousmea-
surementslt mustbe notedthatdetectionof thesefour outlierswas
medicallycompletelyjustified. Analysisof medicalclassificationsn
all four caseshavedthatmedicalexpertreasoninglsosuccessfully
detectedhe problemsandthatall caseswverein appropriategroups
in spiteof datainconsistencies.

4.4 Subconceptdiscovery usingoutlier detection

The rulesinducedin the previous experimentsshav that both ap-
proachedor outlier detectiorusedependenciesf asmallnumberof
datafromtherecord.This practicallymeanghatonly inconsistencies
in arelative smallpartof therecordcanbedetectedTheproblemcan
be solved by usingthe suggestednethodsteratively basedon same
patientclassifierdut with differentdescriptoisubsetsTheresultsof
experimentsin the ACHD domainwith differentdescriptorsubsets
werenot consistenaindtheir reasonablenedicalevaluationwasdif-
ficult. The causeof the problemcanbe the insuficient dependenc
amonglessimportantdatain therecords.

Someexperimentswith descriptorsubsetded to very interesting
results typically detectingsmall patientsubsetsvith specialproper
ties. In oneof themall potentialoutliersin the positive classwere
characterizetby positive reactionto drugtheragy (i.e.theirrisk fac-
tor parametersvereinsidenormallimits) ascomparedo a majority
of ill patientsthat did not reactpositively to the drug therapy. De-
tectionof this subsetis an exampleof subconceptiscovery which
might be interestingfor medicalresearctpurposesin this way, our
approachcould be usedin the sameway as a subgroupdiscovery
system.

5 Conclusions

This paperintroduceswo approacheso outlier (inconsisteny) de-
tectionin medicaldatasetsexplicit outlier detectionandrule-based
outlier detection.Explicit outlier detectionis applicablein off-line
analysissinceit operate®nthedatasetevel andinvolvesdataclean-
ing algorithmsusuallyusedn machindearningpreprocessindiule-
basedoutlier detectionrelieson rulesinduceduponpreviously col-
lecteddatain thesamedatasetit is applicableor on-linedetectiorof
inconsistencie future records.We have appliedboth approaches
onthe ACHD patientdatasetExperimentavereperformedwith ex-
pertclassifiedecordsaswell aswith differentdescriptothasectlas-
sifications.The resultsindicatedthe sensitvity of both approaches
for inconsisteng detection Althoughdetectedutliersdifferedfrom
oneexperimentto another mostoutlierswere confirmedas special
casedy subsequennedicalexpertevaluation.In orderto detecipos-
sibleinconsistencied lessimportantdescriptorsexperimentswith
differentdescriptorsubgroupsave beenperformed Medical evalu-
ationin someof theseexperimentsecognizedutlierswith similar
characteristicsepresentingnterestingdomainsubconceptsThere-
sultscouldbeimportantbothwith respecto everydaymedicalprac-
tice aswell asfor futuremedicalresearch.
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