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Abstract

Data Mining Server is an internetbaseddataanalysistool available for public
usage.It offerssimpleuseof datapreprocessingandmachinelearningalgorithms
for subgroupdiscovery. ThepaperpresentstheDataMining Server, illustratesits
usageanddescribesthe resultsobtainedby its applicationon an artherosclerotic
coronaryheartdiseasedatabase,resultingin theidentificationandearlydetection
of patientrisk groups.

1 Intr oduction

Datamining is a novel approachto dataanalysisandknowledgeextractionfrom
databases.DataMining Server (DMS) is an internetservicewhich enablesexe-
cutionof somedatamining tasksin a very simpleway. Its goal is to make recent
scientificdevelopmentsin thefield of knowledgediscoveryaccessibleto thegen-
eralpublic, includingscientistsin thefieldsof medicineandbiology.

The DataMining Server (DMS) is realizedasan interactive Web site andthe
user interfaceis basedon internetbrowsers.Data analysisis performedat the
serversitesothatusersdo not haveproblemswith softwaredownloadsandmain-
tenance.The site is available at the Web addresshttp://dms.irb.hr and its home
pageis presentedin Figure1.



Figure1: Thefirst serverpage.

The site consistsof two main parts.The first part containseducationalmate-
rials and tutorials, including many links to other sites describingdata mining
techniques.In this part both experiencedusersand non-expertscan learn a lot
aboutdataminingproblemdefinition,datapreparation,interpretationof theresults
obtainedby theanalysis,availabledatamining tools,availableliterature,lessons
learnedand similar topics. The secondpart enableson-line executionof some
dataanalysisprocedures.Its main task is induction of rules describingrelevant
subgroups.Eachrule hasthe form of a conjunctionof conditions(literals) that
areautomaticallyconstructedfrom theusersubmitteddata.Inductionis basedon
heuristicsearchfor oneor morehypothesesthat optimally describethe selected
exampleclass.Additionally, it is possibleto detectnoisy (erroneous)examples
and outliers in the database.This option can be usedindependentlyof the rule
induction resultsasa preprocessorfor any dataanalysisprocedureor asa data
consistency test.Section2 describestheDataMining Serverandshowshow it can
beusedfor medicaldataanalysis,while Section3 presentstheresultsof risk group
identificationobtainedby analysingthedataaboutcoronaryheartdisease(CHD)



patients,collectedat the Institute for CardiovascularPreventionandRehabilita-
tion, Zagreb,Croatia.

2 Data analysisby the Data Mining Server

The Data Mining Server (DMS) offers an implementationof machinelearning
algorithmsfor supervisedlearning.This meansthatdataanalysisusesknowledge
discovery techniqueswhich try to find descriptionsof a given classof instances
(examples)in contrastto instancesthatarenot in thisclass.Theinducedrulescan
beusedeitherfor classificationpurposesor for understandingunderlyingconnec-
tionsamongthedata(Kukaretal.[5]).

Theinputdatamusthavetheform of a tablein which every instance(patientin
this case)is representedin a separaterow. Patientsaredescribedby a fixedsetof
descriptors(attributes).Attributevaluesrepresentcolumnsof theinput datatable.
Someattributevaluesmaybeunknown.Attributesmustbeof oneof threepossible
types:nominal,continuous,or discrete.Table1 illustratesasmallpartof theinput
datafile usedin the experimentspresentedin this work. In its first row thereare
attribute names,while every consequentrow representsa patientfrom the CHD
database.Every patientis describedby the attribute valuescorrespondingto the
namesfrom thefirst row. In this tableattributesNameandSex areof typenominal,
StressandDiag areof typediscrete(Stressvalue1 correspondsto negative,2 to
positive,and3 to verypositive;Diaghaslevels1-5where1 denotesnoCHD and5
correspondsto veryill CHD patients)while otherattributesareof typecontinuous.
Thequestionmarkdenotesanunknown value.

Dataanalysisbasedon supervisedinductive learningrequiresthat theproblem
musthave the target attribute andthe target (selected)class.In Table1 attribute
Diag is selectedas the target attribute (note the exclamationmark at the begin-
ning of theattributename)andattributevalue3 or higheris selectedasthevalue
discriminatingthe target classinstancesfrom the others.Again, the exclamation

Table1: A smallpartof theinputdatatable.

Name SEX Age BMI Stress Tryglic. Fibrinogen HOL ST s.d. !Diag

SB male 64 27.30 2 1.74 4.0 0.5 !3

RK male 57 25.30 1 ? 3.5 0.2 2

IC male 65 25.15 1 1.68 5.5 1.8 !4

AB female 19 20.00 1 1.20 2.5 0.0 1

DK male 46 32.95 3 2.99 3.1 0.2 2



mark is usedto denotethe targetclass.Oneandonly oneattribute mustbe used
as the target attribute. In contrastto this, more than one attribute value can be
selectedfor thetargetclassdefinitionbut theremustalwaysremainsomenontar-
get classexamples.The definition of the target attribute andthe target classare
necessaryin thesuperviseddataanalysisapproachbecausetheobjectof theanal-
ysis is the inductionof ruleswhich describetargetclassinstances(examples)by
attributevaluesotherthanthetargetattribute.In theconcretemedicaldomain,the
target attribute is diagnosis(Diag). Its value3, 4, or 5 denotepatientswith con-
firmed CHD. The objectof induction is the searchfor subgroups(rules) which
describeCHD patientsin contrastto not ill persons(non-CHD),i.e., non target
classinstances.Their diagnosisvalueis 1 or 2.

2.1 Subgroup discovery

Themainresultof the inductionprocessimplementedin theDataMining Server
is the detectionanddescriptionof relevant subgroupsof the target classexam-
ples(CHD patientsin our experiments).A subgroupis describedby its properties
in the form of a rule which consistsof a conjunction(logical AND operation)
of conditions.If the rule is satisfied(true) for the concreteattribute valuesof a
personthenthepersonshouldbea patientwith theCHD disease.Theconditions
canhave only logical valuestrue or false.The form of inducedconditions(also
calledfeaturesor literals in the machinelearningterminology)is determinedby
theattributetypes.For nominalattributesconditionsof theform � � � � � � � �	� equal
(or not equal) 
 � �� � � � �	� areconstructed,for continuousattributesof theform
� � � � � � � �	� greater than (or lessthan) 
 � ��� � � � �	� areconstructed,andfor dis-
creteattributesconditionsareconstructedasif they wereboth nominalandcon-
tinuous.

Figure2 presentsthe inductionresultobtainedfor theavailablecoronaryheart
diseasedatabaseconsistingof 238instances:111of themhave beenclassifiedby
medicalexpertsasCHD patients(their Diag attribute value is 3 or higher) and
127 of themrepresenteitherhealthypersonsor patientswith non-CHDdiagno-
sis.Every instance(patient)is in the databasedescribedby 41 attributes,includ-
ing importantdiseaserisk factorsdescribedin Maron etal. [6]. A small part of
theseattributesis presentedin Table1. Theattributesetincludesanamnesticdata
(11 attributes like ageand family anamnesis,referredas diagnosticstageA in
Section3), laboratorytest results(stageB with 6 attributeslike tryglicerideand
fibrinogenvalues),the restingECG data (stageC with 5 attributes like detec-
tion of seriousarrhythmiasand conductiondisorders),the exercisetest data(8
attributeslike ST segmentdepressionandhypertensivereaction),echocardiogram
results(2 attributes:left ventriculardiameterandleft ventricularejectionfraction),



Figure2: Thesubgroupinducedfor theCHD domain.

vectorcardigramresults(2 attributes:transmuralMI andleft ventricularhypertro-
phy),andlong termcontinuousECGrecordingdata(4 attributeslike detectionof
arrhythmiasandSTsegmentdepressionvalue).Additionally, therearetwo admin-
istrative attributes(like person’s initials) andtheclassificationattributerepresent-
ing thediagnosis.

Theresultin Figure2 (SubgroupA) hasbeenobtainedusingthesubgroupdis-
covery algorithm using default parameters(default generalityvalue equalto 1)
which tendsto constructrulesthatarecorrectfor a relative smallnumberof posi-
tive casesbut which doesnot covernegativecases(high specificityrules).Details
of thesubgroupdiscovery algorithmcanbe found in GambergerandLavrač [3].
Inductionof suchasubgroupisveryeasyusingDMS.Figure3showsthewebpage
which is usedto start the inductionprocess.It canbe reacheddirectly from the
first pagethroughthe link namedExperiencedusers or after readingthe instruc-
tions for the New users. In order to perform induction the usermustsupply the
nameof thefile containingthedata(in a flat ascii file, oneinstanceper line) and
selectthe requestedgeneralityof thesubgroup.In Figure2 it canbenoticedthat
the inducedrule hasvery goodcoveringproperties(it successfullydetectsabout
75% of all CHD patientsandonly oneof the 127 negative caseshasbeenerro-
neouslyclassifiedashaving CHD). Themedicalexpertsarenot surprisedby this
resultbecausetheconditionis basedon theST segmentdepressionvalueduringa
controlledexercise.Eventhe induceddiscriminationvalueof 0.85millimetersis
ratherexpected.

If the samedatabaseis usedbut inductionis performedwith a high requested
generalizationparametervalue (50 or 100) againa very simple rule with only
onecondition: �� � ����� ��� � � � ��� �	� � �  ! � � � " � �$#&% ' ( ) describinga group



Figure3: Thedatauploadpage.

of CHD patientsis obtained.Its sensitivity andspecificityare95.5%and96.9%,
respectively. It canbe noticedthat this rule coversmuchmorepositive patients
(even95%of them)andthatit is only slightly worseonnegativeinstances(it erro-
neouslyclassifies4 negativecasesinto thepositiveclass).But it cannot bestated
that the secondsubgroupis betterthanthe first onegeneratedwith a low gener-
alizationparametervalue.Any of the two may be preferredby the experts.The
taskof theDMS is to enableinductionof subgroupsthatarepotentiallyinteresting
while it is thetaskof theexpertwhousesthetool, to directthesearchby selecting
differentgeneralizationparametervaluesandto finally decidewhich of induced
subgroupsmaybeusefulfor diseasedescriptionpurposes.

2.2 Noiseand outlier detection

Thenoise(error)andoutlierdetectionprocedure,describedin detailin Gamberger
etal. [2], canbeoptionally selectedwhenstartingthe inductionprocess(seeFig-
ure 3). Noiseoccursif someattribute values(or even the classificationattribute
itself) have beenincorrectlymeasuredor incorrectlyrecordedin thedatabase.In



this sensethe noisedetectionprocedurerepresentsa consistency test that may
improve the reliability of datain the database.The othertype of detectedexam-
plesareoutliers,i.e.,correctcaseswith someexceptionalproperties.Detectionand
expertanalysisof suchexamplesmaybeimportantfor understandingtherelations
in thedatabase.

The resultof noiseandoutlier detectiondoesnot dependon the selectedgen-
eralizationparametervalueand the outcomeof noise/outlierdetectiondoesnot
influencethesubgroupconstruction.Theprocedureresultsin a list with up to five
instances(patients)thataredetectedaspotentialoutliersin theuploadeddatabase
(Figure4).Theorderof instancescorrespondsto theorderin whichthey havebeen
detected.

Figure4: Theresultsobtainedby thenoisedetectionprocedure.

Notethattheprocedurecannotguaranteethatthedetectedexamplesindeedrep-
resenterrorsor outliersor thatall suchexamplesaredetected.In any casedetailed
expertanalysisis necessaryto confirmwhetherthenoiseandoutlierdetectionwas
successfulandif so,whatis thereasonfor their occurence.

In thecaseof theCHD database,theiterativeusageof thenoisedetectionproce-
durehasenabledthedetectionof somemistakesandimprecisionsthathave been
alreadycorrected(Gambergeretal.[1]). Theapproachmanagedto detectaserious
mistakein thedataentryprocessandafew casesin whichdiagnosticclassification
wasnot systematicallyusedthroughoutthedatabase.At thecurrentstagepatients
detectedby thenoisedetectionprocedurearecasesthatcanbeacceptedasoutliers.
Threeof themare from the non target class(patientswith not confirmedCHD)
whichdohaverelativehighSTsegmentdepressionduringexercise.Thishasbeen
known asa very importantdiseaseindicator, asconfirmedby our experimentsfor
subgroupdiscovery. In all threecasesechocardiographyandvectorcardiography



resultsarenegative, demonstratingtheir correctclassificationin spiteof the bad
exerciseECGresults.By a moredetailedanalysisit wasfoundthat theanalysed
patients,althoughdifferent in ageandsex, wereall ratherfat (body massindex
nearto 30).Thetwo remainingdetectednoisycasesarefrom theCHD class;one
of themis averyheavy CHD patientwith diagnosedcardiopathiadilatativaandthe
secondoneis aconfirmedCHD patientwith anatypicalCHD thatcanbedetected
only by echocardiography.

3 Coronary heart diseaserisk group identification

Both CHD patientsubgroupsinducedin Section2.1useattributesthatareknown
as good diagnosticindicators.In this sensethe inducedknowledge only con-
firmstheexistingexpertknowledge.Potentiallyinterestingnew knowledgecanbe
obtainedif we intentionallyeliminatesomeimportantattributesfrom thedatabase
andforce thesystemto searchfor otherrelationsamongthe data.This approach
hasbeentestedfor varioussubsetsof theavailableattributeset.Thegoalwasto try
to identify CHD risk groupswhich might beusefulfor theearlydiseasedetection
andto testrelative importanceof someattributes.

DataaboutpotentialCHD patientsarein generalpracticeavailableat threedif-
ferentdiagnosticstages:A anamnesticdata,B laboratorytest,C ECG measure-
mentsat rest(Maronetal.[6]). Theinductionprocesshasbeenrepeatedfor every
stagesothatonly dataavailableat therespective stagecouldbeusedin rule con-
ditions.Note that for this purposethesamedatabasemaybeusedbut so that the
namesof attributesthatshouldbeexcludedfrom theinductionprocessarechanged
sothattheir namebeginswith a questionmark.

Table2 summarizesdescriptionsof the subgroupsthat have beendetectedat
differentstages.Theprocesswasperformedaccordingto thedescriptiveinduction
methodologyproposedin GambergerandLavrač [3]. Theprocesswasiterativeand
explicitly drivenby themedicalexpert.At differentstagesadditionaldatarefine-
mentshavebeenperformedin orderto obtainsatisfactoryresults.For example,at
stageA it wasverydifficult to getreasonablygoodrulesfor thecompletedomain.
It hasturnedout that muchbettersubgroupscould be inducedwhenthe domain
hasbeenseparatedinto themaleandthefemalepopulation.Also someattributes
(likesmokingstatusat stageA or heartrateatstageC) havebeeneliminatedfrom
thedatabasebecausethecollecteddatahavebeenidentifiedasunreliableor if rules
without theseattributeswerepreferred.

Table2 includesin its secondcolumnthesocalledsupportingfactors. They are
notobtainedby theDMS application,but by thestatisticalsignificancetests.In this
process,statisticalvaluesarecomputedfor two populations.Thetargetpopulation
consistsof CHD patientsincludedinto theanalyzedsubgroup,whereastherefer-



Table2: Inducedsubgroupconditions(principalfactors)andtheir statisticalchar-
acterisations(supportingfactors).SubgroupA1 is for males,subgroupA2
for females,while subgroupsB1, B2, andC1arefor bothgenders.

Principal Factors Supporting Factors

A1 positive family history psychosocialstress

ageover46year cigarettesmoking

hypertension

overweigth

A2 bodymassindex over25 * + ,�- . positive family history

ageover63years hypertension

slightly increasedLDL cholesterol

normalbut decreasedHDL cholesterol

B1 total cholesterolover6.1 ,/,10 2 3 -54 increasedtriglyceridesvalue

ageover53years

bodymassindex below 30 * + ,�- .
B2 total cholesterolover5.6 ,/,10 2 3 -54 positive family history

fibrinogenover 3.7 ,/,10 2 3 -54
bodymassindex below 30 * + , - .

C1 left ventricularhypertrophy positive family history

hypertension

diabetesmellitus

encepopulationareall thehealthysubjects.Statisticalsignificanceis computedfor
all availablerisk factorsusingthe 6�7 testwith 95%confidencelevel (8�9;: < : = ).

Conclusion

This work presentsan applicationof the Data Mining Server and its subgroup
discovery tool for thecoronaryheartdiseasedomain.It canbeexpectedthat this
publicly availableserverwill enablethatthesameapproachcanbeappliedto other
medical,andnot only medicaldomains.

ThepresentedCHD risk groupsobtainedby expertguidediterativeusageof the
serverseemto representinterestingmedicalknowledge,asconfirmedby theexpert
involvedin thedescribedexperiment.Giventhatmedicalexpertsdislikeshortrules
and prefer descriptionsincluding as much supportive evidenceas possible,the
detectionof supportingfactorsandtheir inclusionin subgroupdescriptionsis very



importantto achievedescriptionsthatarereasonablycompleteandacceptablefor
medicalpractice.
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