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Abstract. The work presentsthe resultsof inconsistency detec-
tion experimentson the datarecordsof an atheroscleroticcoronary
heartdiseasedatabasecollectedin theregularmedicalpractice.Med-
ical expertevaluationof somepreliminaryinductive learningresults
havedemonstratedthatexplicit detectionof outlierscanbeusefulfor
maintainingthedataqualityof medicalrecordsandthatit mightbea
key for theimprovementof medicaldecisionsandtheir reliability in
theregularmedicalpractice.With the intentionof on-linedetection
of possibledatainconsistences,setsof confirmationruleshave been
developedfor thedatabaseandtheir testresultsarereportedin this
work.

1 Intr oduction

The motivation for the researchpresentedin this work stemsfrom
thefact thatmodernmedicaldecisionprocessesaregenerallybased
on patientdatafrom many differentsourceswhich aretypically col-
lectedandarchived by a multiterminalor distributedcomputersys-
tems.Suchorganizationenablespromptandhigh quality decisions
of medicaldoctorssupportedby abundanceof availabledata[2] but
it alsoenablesthaterrorsof differentsources,causedby thework of
many differentpeopleand/orinstrumentationcandirectly enterpa-
tient records.Detectionof datainconsistenciesat theglobal level of
everypatientrecordcanhelpin tracingsystematicaswell asspurious
errorsin thedataacquisitionprocessandin thisway it canbeanim-
portantpart for insuringhigh quality andreliability of datausedfor
medicaldecisionmaking[5]. Ontheotherside,theexistenceof data
inconsistenciesdo not needto be thesignof dataerrorsbut maybe
theconsequenceof someatypicalmedicalcase.Attractingattention
of medicaldoctorsto suchpatientrecordsmay be interestingboth
from the point of view of medicalscienceaswell as for avoiding
everydaymedicalpracticeroutineerrors.

Our interestin inconsistency testingis the resultof many induc-
tive learningexperimentsperformedon a databaseof atheroscle-
rotic coronaryheartdisease(ACHD) patientspreparedattheInstitute
for Preventionof CardiovascularDiseaseandRehabilitation,Zagreb
Croatia.In the datapreparationphase,the saturationfilter [4] was
usedto detectandeliminateoutliersfrom thedatabase.This is anec-
essarystepin the knowledgediscovery processwhich enablesthe
inductionof globally relevant rules.Medical expert evaluationhas
�
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demonstratedthatthedetectionof outliersis avery interestingresult
by itself, which suggestedthe idea of using noisedetectionalgo-
rithmsdevelopedfor datapreprocessingin inductive machinelearn-
ing asa tool for datacleaningof patientrecords.In this work two
differentapproachesto theproblemof inconsistency testingarepre-
sentedin Section2. This is followedby thepresentationof themed-
ical domainusedin experimentsandthe resultsof the experiments
in Sections3 and4, respectively. Thealgorithmsusedfor outlierde-
tectionandrule constructionareout of thescopeof this work since
theirdescriptioncanbefoundin [3, 4].

2 Inconsistencytests

Machine learning approachesto inconsistency testing in patient
recordscanbe eitherbasedon outlier (noise)detectionalgorithms
or onasetof rulesthataresupposedto betruefor thedatain patient
records.Thelaterapproachcanbeusedalsofor on-lineinconsistency
testingbut it requirestheconstructionof ruleswith specificproper-
ties. In bothcases,testingis basedon supervisedmachinelearning
algorithmswhich requirethatpatientrecordsaregroupedin two or
moreclasses.Theclassescanbedefinedeitherby domainexpertsor
by valuesof oneor moredescriptorsavailablein thepatientrecord.
Correlationbetweendefinedclassesand datacontainedin patient
recordsis themainmechanismusedin inconsistency detection.Ap-
propriateclassassignmentis oneof the main problemsof machine
learningapproachesto inconsistency testingandit is speciallyana-
lyzedin Section4.

2.1 Explicit outlier detection

The first approach,in the work calledexplicit outlier detectioncan
bewithout changesusedon very differentpatientrecords.It is actu-
ally a noisedetectionalgorithmfor dataof two classes,describedin
detail in [4], usedin thedatapreprocessingphase(datacleaning)of
inductivelearningalgorithms.It worksonthesetof records,trying to
identify significantdifferencesamongpositively andnegatively clas-
sified records.Complexity of the leastcomplex hypothesiscorrect
for all availableexamples(truefor all positive andfalsefor all neg-
ative examples)is estimatedwithout constructingany concretehy-
pothesis.Thoserecordswhich aredifficult for correctclassification
andwhich, by their eliminationenabledirect reductionof thecom-
plexity of theleastcomplex hypothesis,aredetectedasoutliers.The
approachis appropriatefor off-line dataanalysis.Its maindrawback
is its time complexity as well as the fact that for multiclassprob-
lemsthealgorithmmustberepeatedfor every reasonabledefinition
of classpositiveandclassnegative records.



Descriptor Abbreviation Characteristics
Anamnesticdata

sex SEX 1-man2-woman
age AGE continuous(years)
height H continuous( � )
weight W continuous( 	 
 )
bodymassindex BMI continuous( 	 
��
� � )
family anamnesis F.A. 1-negative2-positive
presentsmoking P.S. 1-negative2-positive

3-verypositive
diabetesmellitus D.M. 1-negative

2-pos.medicamenttherapy
3-pos.insulin therapy

hypertension HYP 1-negative2-positive
3-verypositive

stress STR 1-negative2-positive
3-verypositive

Laboratory tests
totalcholesterol T.CH. continuous( ����� � ����� )
trygliceride TR continuous( ����� � ����� )
highdensity
lipoprotein HDL/CH continuous( ����� � ����� )
low density
lipoprotein LDL/CH continuous( ����� � ����� )
uric acid U.A. continuous( � ��� � ����� )
fibrinogen FIB continuous( 
������ )

Table1. Thenamesandthecharacteristicsof 16anamnesticand
laboratorytestingdescriptors.

2.2 Rule-basedoutlier detection

Thesecondapproach,calledrule-basedoutlier detectionis moreap-
propriatefor on-lineinconsistency testing.It workswith dataof one
patientrecordonly and the consequenceis its simplicity andhigh
executionspeed.The approachis actuallya setof logical teststhat
mustbesatisfiedby everypatientrecord.If oneor moreof thetestsis
notsatisfied,therecordis detectedasanoutlier. Thelogical testsare
definedby thesetof rulesthathold for thepatientrecordsin thedo-
main.Themaindrawbackof theapproachis thatthesetof rulesmust
bedevelopedspeciallyfor thetestedtypeof records.Moreover, the
usedrulesmustbehighly reliableruleswith a very smallnumberof
mispredictions,leadingto falseoutlieralarms.Suchrulescanbecon-
structedby domainexpertsbut alsoby inductive learningalgorithms.
Becauseof the requiredrule reliability, theconceptof confirmation
rules seemsappropriatefor this task [3]. In this concept,separate
rulesareconstructedfor the positive andnegative classcases.The
confirmationrulesfor thepositive classmustbetruefor many posi-
tivecasesandfor nonegativecase.If anegativecaseis detectedtrue
for any confirmationrule developedfor thepositive class,it is a re-
liable signthat thecaseis anoutlier. In thesameway, confirmation
rulesconstructedfor thenegative classcanbeusedfor outlierdetec-
tion of positive patientrecords.An additionaladvantageof the ap-
proachis thattheusercanhave theinformationabouttherulewhich
causedthealarmwhatcanbeusefulin theerrordetectionprocess.

3 Data Set

For this work, a databaserepresentingtypical medicalpracticein
atheroscleroticcoronaryheartdiseaseACHD diagnosishasbeenpre-
pared.The datadescribepatientswho enteredthe Institutefor Pre-
ventionCardiovascularDiseaseandRehabilitation,ZagrebCroatia,

in a few monthsperiod.Thesetof descriptorsrepresentsall poten-
tially interestingandtypically availableinformationaboutpatients.
The descriptorset includesanamnesticdata(10 items), laboratory
testresults(6), the restingECG data(5), the exercisetestdata(5),
echocardiogramresults(2), vectorcardiogramresults(2), and long
termcontinuousECGrecordingdata(3). It makesaltogether33 de-
scriptors.Only patientswith completedatahave beenincludedinto
thedataset,resultingin the datasetwith 238 patientsin total. The
descriptorsarecitedin Tables1 and2.

Descriptor Abbreviation Characteristics
ECGat rest

heartrate HR continuous
(beats��� ����� )

STsegment 1-negative
depression ECGst 2-positive 1mm

3-positive ��� mm
seriousarrhythmias ECGrhyt 1-negative 2-positive
conductiondisorders ECGcd 1-negative 2-positive
left ventricular
hypertrophy ECGhlv 1-negative 2-positive

ExerciseECG
STsegmentdepression ExECGst continuous( ��� )
seriousarrhythmias ExECGrhyt 1-negative 2-positive
conductiondisorders ExECGcd 1-negative 2-positive
hypertensive reaction ExECGhyp 1-negative 2-positive
New York HeartAss.
functionalclass ExECGNYHA classI - IV

Echocardiography
left ventr.
internaldiameter EchoLVID � continuous( ��� )
left ventr.
ejectionfraction
accordingto Simpson EchoLVEF continuous(%)

VectorcardiographyQ
transmuralMI VCG Q 1-negative 2-positive
left ventricular
hypertrophy VCGhlv 1-negative 2-positive

LongtermcontinuousECG
seriousarrhythmias HOLrhyt 1-negative 2-positive
conductiondisorders HOLcd 1-negative 2-positive
STsegmentdepression HOLst continuous( ��� )

Table2. Thenamesandthecharacteristicsof 17 non-invasive diagnostic
descriptors.

Theclassificationof all patientswasperformedby thecardiologist
andit reflectsgenerallyacceptedmedicalknowledge.Theclassifica-
tion is mostlybasedon theresultsof themostimportanttests.These
are:exercisetesting,long term ECG recordingandechocardiogra-
phy. In exercisetestingST segmentdepressionor elevation,serious
cardiacarrhythmias,andconductingdisturbancesarethe important
parameters.Additionally, theNYHA classification[6] andclinically
significantmetabolicequivalents(METs) areused[1]. Similar pa-
rameterscanbefoundin long termECGrecording,exceptMET and
NYHA classification.Dyastolicinternaldiameterof left ventricular
with parasternalshortaxisview andleft ventricularejectionfraction
(accordingto Simpson)aredeterminedfrom theechocardiogram.

For this researchthecardiologistclassifiedpatientsinto 5 groups
whosemainfeaturesaresummarizedbelow:

Group I Healthypatientswithout verifiedACHD but with possible



presentcardiovascularrisk factors.
Group II-V Thesearepatientswith previousmyocardialinfarction.

They wereclassifiedby theresultsof non-invasive cardiovascular
testsandtheir conditionaftersomecoronaryangioplasticor car-
diosurgerytreatment.They areall undermedicamenttreatment.

Group II Patientswith normal resultsof exercisetesting,long
termrecordingandechocardiogram.

Group III Patientswith ST segmentdepression1.00mm in ex-
ercisetestingandduringlongtermECGrecording,left ventric-
ularejectionfractionhigherthan55%,METs10.

Group IV Patientswith ST segmentdepressionequalor higher
than2.00 mm in exercisetestingandduring long term ECG
recording,left ventricularejectionfraction lessthan55%(40-
54%), left ventricular internal diametermore than 6.0 cm,
NYHA II-III, METs5–10.

Group V Patientshaving ST segmentelevationor depression� ! " "
mm, left ventricularejectionfractionlessor equalto 30%,

left ventricularinnerdiametergreaterthan6.5cm,NYHA III-
IV, METs# 5.

In experimentswith expert definedclassesthe groupsIII-V repre-
sentedthepositive classwhile groupsI-II werein thenegativeclass.

4 Experimental resultsand medicalevaluation

Thedomainof 238patientrecordsconsistsof two sets:thedatasetof
150patientscollectedearlier, hasbeenusedfor preliminaryexperi-
mentsandrule development,while the setof remaining88 records
collectedlater, hasbeenusedfor testpurposesonly. Thefirst setwill
bein therestof thepapercalledthemainsetandthesecondonethe
testset.

4.1 Explicit outlier detectionresults

Thesetof experimentsstartedwith explicit outlier detectionfor the
mainsetandfor thepositive andnegative classesasdefinedin Sec-
tion3 by medicaldoctors.Therehavebeenonly two detectedoutliers
(patientrecordsnumber28 and52) andbothof themarevery inter-
estingcases.Thefirst oneis actuallyanolderpatientaftera serious
cardiosurgical treatmentwho wasin spiteof non-optimallaboratory
testsintentionallyput into GroupII (patientswith normalresultsof
exercisetesting,long termrecordingandechocardiogram).Thesec-
ondpatientwasalsoin GroupII but after its detectionasanoutlier,
medicaldoctoragreedthatGroupIII wouldbemuchmoreappropri-
atefor thepatient.In theanalysisit wasdetectedthatthemainreason
for its inclusionin GroupII weregoodexercisetestingresults.But
theresultsweremisleadingbecausethepatientwassoweakthathe
couldsustainonly 2 minutes(insteadof 7 - 9 minutes)of exercise.
It meansthatanactuallyimportantoutlierhadbeendetected,thatits
detectionhelpedin findingmoreappropriatediagnosticgroupfor the
patient,andthatthemedicaldoctorhasfoundout thatexercisetest-
ing resultsarereliabledataonly if the testscouldbeandhave been
performedcompletelyandcorrectly.

The sameexplicit approachto outlier detectionwasalsoapplied
on thetestsetwhichresultedin thedetectionof patientrecords174,
214, 227, and230. More reliableresultsshouldbe expectedif the
outlierdetectionalgorithmis appliedon thetargetdatasetconsisting
of bothmainandtestset.Theresultof this experimentwasthede-
tectionof thesamefour detectedrecordsfrom thetestsetandin total
fiverecordsfromthemainset.Besidesexamples28and52,thatwere

detectedalsoin thefirst experiment,thesetof detectedrecordsfrom
themainsetincludedalsocasesnumber1, 43,and98.Table3 sum-
marizestheresultsof thefirst threeexperimentswith explicit outlier
detection.The resultsshow a weaknessof the explicit approachto
noisedetectiondemonstratedby the fact thatdifferentoutliershave
beendetectedfor themainsetdependingon thetargetset.

Target set Detectedoutliers
In main set In testset

main 2852 - - -
test - - - 174214227230

main $ test 1 28 435298 174214227230

Table3. Resultsof explicit outlierdetectionfor differentsetsof target
patientrecords.

Medical evaluation showed that cases1 and 43, patientsfrom
GroupIII, arenot expertrecognizedoutliers.Thesecasescanbeac-
ceptedasfalsealarmsof the explicit outlier detectionapproach.A
completelydifferentsituationis the patientnumber98 from Group
III, classifiedasa seriouscasebut with practicallynormalresultsof
laboratorytests.A medicaldoctoracceptedthe patientasa special
caseandwassatisfiedthat machinelearningmethodsrecognizedit
asanoutlier. Dueto thepatient’smedicalhistory, thecaseclassifica-
tion remainedunchanged.Two out of four casesdetectedin thetest
setareborderline cases(casesnumber174and227)andtheremain-
ing two arerealmedicaloutliers:oneis a difficult coronarypatient
from GroupV with diagnosedcardiopathiadilatativa therefore,not
an ACHD patient(number214),while the otheroneis an atypical
ACHD patientwhosediseasecouldbedetectedonly by echocardio-
graphy(number230).

4.2 Rule-basedoutlier detectionresults

With theintentionto show theapplicationof a rule-basedoutlierde-
tectionapproach,themainsetwasusedto induceconfirmationrules,
explainedin Section2.2, for bothclasses.Therulesfor thepositive
classwere %�& %�'�(�) *�� " ! + , -�- and .0/�12) *�� " ! 3 , -�- . Each
of thesetwo rulesis true for about95% of the positive classcases
in themainsetandfalse(exceptfor explicitly detectedoutliers)for
all negative classcasesin this set.Thesetwo rulescanbe usedas
constraintsthat shouldnot be satisfiedby negative classcases.The
rulesdetectedthefollowing negativeclassoutliersin thetestset:165,
174,185,and227.Therewasonly oneconfirmationrulefor theneg-
ative classconsistingof two conditions%�& %�'�(�) *54 " ! + , -�-76
.0/�12) *�4 " ! 3 , -�- . Theruleis truefor about98%of negativeclass
casesandfalsefor all positiveclasscasesin themainset.Therulede-
tectedpositivepatientrecords214and230asoutlierswithin thetest
set.Theresultsarepresentedin thefirst row of Table4. Comparing
resultsobtainedby explicit andrule-basedoutlierdetectionit canbe
notedthatthelaterapproachselectedthesamerecordsastheformer
approachbut thatit alsodetectedtwomorerecords:165and185.The
resultdemonstratestheapplicabilityof therule-basedmethodfor in-
consistency testing.Themethodis interestingbecauseits application
is muchsimplerfor all otherfuturepatientrecords.Medicalevalua-
tion of thecases165and185showedthatthey areactuallynot false
alarms.Oneof themis a borderline casewho wasintentionallyput
in GroupII becauseof its medicalhistory(casenumber185)while
in theothercasethemedicaldoctoracceptedthesuggestionandhe
haschangedthepatientgroupclassification(case165).



Classesdefined Outlier detection
by Explicit Rule-based

medicaldoctors 174214227 165174185
230 214227230

8�9 8;:;<�= > ?A@ B C D EFE
165174185 165174185
195197199 195197199
202227232 202227232

237 237

GFH;I�= >�?
@ B J D EFE
165185195 165185195
197199202 197232
214230232

237

Table4. Comparisonof theoutliersdetectedby explicit andrule-based
detectionapproachesfor differentlydefinedpatientrecordclasses.

4.3 Resultsobtainedby descriptor-basedclassifiers

In all previous experimentsinconsistency testing was basedon
classesdefinedby medicaldoctors.Althoughtheresultsareveryrea-
sonablefor both methodsandthey agreein mostdetectedrecords,
this way of inconsistency testingis appropriateonly for domainsin
whichdoctorclassificationexists.Existenceof suchclassificationas-
sumesthat thereexists a dependency betweenthe determinedclass
andrecorddatawhatpracticallyensuresthequality of theinconsis-
tency tests.In a generalcase,whenthereis no expertclassification,
oneor moredescriptorsfrom the patientrecordshouldbe usedas
a classificationparameter. In this situation it is essentialto select
classifiersfor which it canbe assumedthat their dependency with
other data in the recordexists. In the ACHD domainthe induced
rulesdemonstratedstrongdependenciesbetweenexpertclassesand
ST segmentdepressionduring exerciseand long term continuous
ECG monitoring.This is the main reasonfor selectingthesedata
asappropriateclassifierswhenexpert classificationdoesnot exist.
Thelimit valuesbetweenpositive andnegative classesarebasedon
inducedrulesin previousexperiments.Table4 in its secondandthird
row includesresultsobtainedfor positive classesdefinedby con-
ditions K�L K�M�N�O P0QSR T U V W�W and X0Y�Z2O P0QSR T [ V W�W respec-
tively. In the left columnarerecordsdetectedasoutliersin the test
setby explicit approachwhile in the right onearedetectedby the
rule-basedmethod.In theexplicit approach,thetargetsetsincluded
both the main and the test sets.Rulesfor the rule-baseddetection
have beenconstructedalwaysfrom themainsetsothatits own out-
liers have beenpreviously excludedfrom it. Themethodresultedin
successfuldetectionof the most outliers detectedbasedon expert
classification.It shouldbenotedthatamongoutliersoccuralsosome
completelynew cases,like numbers195,197,232,and237.Their
medicalevaluationdemonstratedthat in threeout of four casesthe
problemwasthatthepatientexercisetestingwasincompleteandthe
obtainedresultsweremisleading.In thefourthcase(number195)the
patienthadanasymptomatic(silent) ischaemicheartdiseaseknown
by its differencesbetweenexerciseandlong term continuousmea-
surements.It mustbenotedthatdetectionof thesefour outlierswas
medicallycompletelyjustified.Analysisof medicalclassificationsin
all four casesshowedthatmedicalexpertreasoningalsosuccessfully
detectedtheproblemsandthatall caseswerein appropriategroups
in spiteof datainconsistencies.

4.4 Subconceptdiscovery usingoutlier detection

The rules inducedin the previous experimentsshow that both ap-
proachesfor outlierdetectionusedependenciesof asmallnumberof
datafrom therecord.Thispracticallymeansthatonly inconsistencies
in arelativesmallpartof therecordcanbedetected.Theproblemcan
besolvedby usingthesuggestedmethodsiteratively basedon same
patientclassifiersbut with differentdescriptorsubsets.Theresultsof
experimentsin the ACHD domainwith differentdescriptorsubsets
werenotconsistentandtheir reasonablemedicalevaluationwasdif-
ficult. Thecauseof the problemcanbe the insufficient dependency
amonglessimportantdatain therecords.

Someexperimentswith descriptorsubsetsled to very interesting
results,typically detectingsmallpatientsubsetswith specialproper-
ties. In oneof themall potentialoutliersin the positive classwere
characterizedby positive reactionto drugtherapy (i.e. their risk fac-
tor parameterswereinsidenormallimits) ascomparedto a majority
of ill patientsthat did not reactpositively to the drug therapy. De-
tectionof this subsetis an exampleof subconceptdiscovery which
might be interestingfor medicalresearchpurposes.In this way, our
approachcould be usedin the sameway as a subgroupdiscovery
system.

5 Conclusions

This paperintroducestwo approachesto outlier (inconsistency) de-
tectionin medicaldatasets:explicit outlier detectionandrule-based
outlier detection.Explicit outlier detectionis applicablein off-line
analysissinceit operatesonthedatasetlevel andinvolvesdataclean-
ingalgorithmsusuallyusedin machinelearningpreprocessing.Rule-
basedoutlier detectionrelieson rulesinduceduponpreviously col-
lecteddatain thesamedataset.It isapplicablefor on-linedetectionof
inconsistenciesin future records.We have appliedboth approaches
on theACHD patientdataset.Experimentswereperformedwith ex-
pertclassifiedrecordsaswell aswith differentdescriptor-basedclas-
sifications.The resultsindicatedthe sensitivity of both approaches
for inconsistency detection.Althoughdetectedoutliersdifferedfrom
oneexperimentto another, mostoutlierswereconfirmedasspecial
casesbysubsequentmedicalexpertevaluation.In orderto detectpos-
sibleinconsistenciesin lessimportantdescriptors,experimentswith
differentdescriptorsubgroupshave beenperformed.Medicalevalu-
ation in someof theseexperimentsrecognizedoutlierswith similar
characteristicsrepresentinginterestingdomainsubconcepts.There-
sultscouldbeimportantbothwith respectto everydaymedicalprac-
ticeaswell asfor futuremedicalresearch.
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