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Abstract

Data Mining Sener is an internetbaseddataanalysistool available for public
usagelt offerssimpleuseof datapreprocessingndmachineearningalgorithms
for subgroupdiscovery. The paperpresentghe DataMining Sener, illustratesits
usageanddescribeghe resultsobtainedby its applicationon an artherosclerotic
coronaryheartdiseasalatabaseresultingin theidentificationandearly detection
of patientrisk groups.

1 Intr oduction

Datamining is a novel approacho dataanalysisandknowledgeextractionfrom
databasedataMining Sener (DMS) is an internetservicewhich enablesexe-
cution of somedatamining tasksin a very simpleway. Its goalis to make recent
scientificdevelopmentsn thefield of knowledgediscovery accessibleo the gen-
eralpublic, including scientistdn thefields of medicineandbiology.

The DataMining Sener (DMS) is realizedas an interactive Web site andthe
userinterfaceis basedon internetbrowsers.Data analysisis performedat the
sener sitesothatusersdo not have problemswith softwaredownloadsandmain-
tenance The site is available at the Web addresshttp://dms.irbhr andits home
pageis presentedn Figurel.
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Welcome to Data Mining Server

Data mining server (DMS) is an internet service for online data analysis based on knowledge
induction. The service begins with user's data upload to our server, after that computations are
performed on the server, and finally the results are submitted to the users. Internet browsers enable
communication with the server in both directions. Data are analyzed by the Inductive Learning by
Logic Minimization (ILLM) system, conceived and developed at the Laboratory for Information
Systems, Department of Electronics, R. Boskovic Institute.

After presenting the results, data are automatically deleted from our site. Even though we fully
respect privacy and security of submitted data, please read the security information and the disclaimer.

The site includes educational materials, tutorials, and links to other related sites. The following table
shows the site structure, including entry points to the main sections of the site.

New users Introduction and data preparation issues are given in this part.
Experienced If you have data prepared in requested form, you can start with data
users analysis immediately.
Tutorial If you are novice in data mining and knowledge discovery, this part offers
a brief introduction to the field.
Visitor's Here you can make a comment and contact the authors concerning more
Comments complex problems.
DMS Project Information about the development of this site, acknowledgements,

authors, and ILLM references can be found here.
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Figurel: Thefirst senerpage.

The site consistsof two main parts. The first part containseducationaimate-
rials and tutorials, including mary links to other sites describingdata mining
techniqueslin this part both experiencedusersand non-expertscanlearn a lot
aboutdatamining problemdefinition,datapreparationinterpretatiorof theresults
obtainedby the analysis,available datamining tools, availableliterature,lessons
learnedand similar topics. The secondpart enableson-line executionof some
dataanalysisprocedureslts main taskis induction of rules describingrelevant
subgroupsEachrule hasthe form of a conjunctionof conditions(literals) that
areautomaticallyconstructedrom the usersubmitteddata.lnductionis basedon
heuristicsearchfor one or more hypotheseshat optimally describethe selected
exampleclass.Additionally, it is possibleto detectnoisy (erroneousyexamples
and outliersin the databaseThis option can be usedindependentlyof the rule
induction resultsas a preprocessofor ary dataanalysisprocedureor asa data
consisteng test.Section2 describeshe DataMining Senerandshavs how it can
beusedfor medicaldataanalysiswhile Section3 presentsheresultsof risk group
identificationobtainedby analysingthe dataaboutcoronaryheartdiseas€ CHD)



patients,collectedat the Institute for CardiosascularPrevention and Rehabilita-
tion, Zagreb,Croatia.

2 Data analysisby the Data Mining Serwer

The Data Mining Sener (DMS) offers an implementationof machinelearning
algorithmsfor supervisedearning.This meanghatdataanalysisusesknowledge
discovery techniqueswhich try to find descriptionsof a given classof instances
(examples)n contrasto instanceghatarenotin this class.Theinducedrulescan
be usedeitherfor classificatiornpurposer for understandinginderlyingconnec-
tionsamongthe data(Kukaretal.[d).

Theinputdatamusthave theform of atablein which every instancgpatientin
this case)is representeih a separateow. Patientsaredescribedoy a fixed setof
descriptorgattributes).Attribute valuesrepresentolumnsof theinput datatable.
Someattributevaluesmaybeunknown. Attributesmustbe of oneof threepossible
types:nominal,continuouspr discrete Tablel illustratesa smallpartof theinput
datafile usedin the experimentspresentedn this work. In its first row thereare
attribute nameswhile every consequentow represents patientfrom the CHD
databaseEvery patientis describedby the attribute valuescorrespondingo the
namedrom thefirst row. In thistableattributesNameandSex areof typenominal,
StressandDiag areof type discrete(Stressvalue 1 correspond$o negative, 2 to
positive,and3 to very positive; Diag haslevels1-5wherel denotesio CHD and5
correspondgo veryill CHD patients)while otherattributesareof typecontinuous.
Thequestionrmarkdenotesanunknown value.

Dataanalysisbhasedon supervisednductive learningrequiresthatthe problem
musthave the target attribute andthe target (selected)lass.In Table 1 attribute
Diag is selectedasthe target attribute (note the exclamationmark at the begin-
ning of the attribute name)andattribute value3 or higheris selectedasthe value
discriminatingthe target classinstancedrom the others.Again, the exclamation

Tablel: 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 13
RK male 57 25.30 1 ? 3.5 0.2 2
IC male 65 25.15 1 1.68 5.5 18 14
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



markis usedto denotethe target class.Oneandonly one attribute mustbe used
asthe tamget attribute. In contrastto this, more than one attribute value can be
selectedor thetamgetclassdefinition but theremustalwaysremainsomenontar-
get classexamples.The definition of the target attribute andthe target classare
necessann the supervisediataanalysisapproactbecausehe objectof theanal-
ysisis the inductionof ruleswhich describetarget classinstancegexamples)by
attribute valuesotherthanthetargetattribute. In the concretanedicaldomain,the
tamget attribute is diagnosig(Diag). Its value 3, 4, or 5 denotepatientswith con-
firmed CHD. The object of inductionis the searchfor subgroupgqrules)which
describeCHD patientsin contrastto not ill persongnon-CHD),i.e., nontamet
classinstancesTheir diagnosis/alueis 1 or 2.

2.1 Subgroup discovery

The mainresultof theinductionprocessmplementedn the DataMining Sener
is the detectionand descriptionof relevant subgroupsof the target classexam-
ples(CHD patientsin our experiments)A subgroups describedy its properties
in the form of a rule which consistsof a conjunction(logical AND operation)
of conditions.If therule is satisfied(true) for the concreteattribute valuesof a
personthenthe personshouldbe a patientwith the CHD diseaseThe conditions
canhave only logical valuestrue or false.The form of inducedconditions(also
calledfeaturesor literals in the machinelearningterminology)is determinecby
theattributetypes.For nominalattributesconditionsof theform attr value equal
(or not equal) some_value areconstructedfor continuousattributesof the form
attr_value greaterthan (or lessthan) some_value areconstructedandfor dis-
creteattributesconditionsare constructedasif they wereboth nominalandcon-
tinuous.

Figure2 presentgheinductionresultobtainedfor the availablecoronaryheart
diseasalatabaseonsistingof 238instances111 of themhave beenclassifiedby
medicalexpertsas CHD patients(their Diag attribute valueis 3 or higher)and
127 of themrepresentither healthypersonsor patientswith non-CHD diagno-
sis. Every instance(patient)is in the databaselescribedoy 41 attributes,includ-
ing importantdiseaserisk factorsdescribedn Maron etal. [6]. A small part of
theseattributesis presentedn Table 1. Theattribute setincludesanamnesticlata
(11 attributeslike age and family anamnesisreferredas diagnosticstageA in
Section3), laboratorytestresults(stageB with 6 attributeslik e trygliceride and
fibrinogenvalues),the resting ECG data (stageC with 5 attributeslike detec-
tion of seriousarrhythmiasand conductiondisorders)the exercisetest data (8
attributeslike ST sggmentdepressiomndhypertensie reaction) echocardiogram
results(2 attributes:left ventriculardiameterandleft ventricularejectionfraction),
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Induction results:
The result is the following subgroup for the positive class of the target attribute Diag

SUBGROUP A

true positive rate (sensitivity) 75.7%

true negative rate (specificity) 99.2%

SUBGROUP A IF : attribute Exercise_ECG_ST_segment_depression is greater than 0.85

=
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Figure2: Thesubgrougnducedfor the CHD domain.

vectorcardigramesults(2 attributes:transmuraMI andleft ventricularhypertro-
phy), andlong term continuousE CGrecordingdata(4 attributeslik e detectionof
arrhythmiasandST seggmentdepressiowalue).Additionally, therearetwo admin-
istrative attributes(lik e personsinitials) andthe classificatiorattribute represent-
ing thediagnosis.

Theresultin Figure2 (SubgroupA) hasbeenobtainedusingthe subgroupdis-
covery algorithm using default parametergdefault generalityvalue equalto 1)
which tendsto constructrulesthatarecorrectfor arelative smallnumberof posi-
tive casedut which doesnot cover negative caseghigh specificityrules).Details
of the subgroupdiscovery algorithmcanbe found in GambegerandLavrat [3].
Inductionof suchasubgroups very easyusingDMS. Figure3 shavsthewebpage
which is usedto startthe induction processlt canbe reacheddirectly from the
first pagethroughthe link namedExperiencedises or after readingthe instruc-
tions for the New uses. In orderto performinductionthe usermustsupply the
nameof thefile containingthe data(in a flat asciifile, oneinstanceperline) and
selectthe requestedjeneralityof the subgroupln Figure?2 it canbe noticedthat
theinducedrule hasvery good covering properties(it successfullydetectsabout
75% of all CHD patientsandonly one of the 127 negative caseshasbeenerro-
neouslyclassifiedashaving CHD). The medicalexpertsarenot surprisedoy this
resultbecausehe conditionis basednthe ST sgmentdepressiowalueduringa
controlledexercise.Eventheinduceddiscriminationvalue of 0.85millimetersis
ratherexpected.

If the samedatabasés usedbut inductionis performedwith a high requested
generalizatiorparametewalue (50 or 100) againa very simple rule with only
onecondition: Hol _ ECG_ST _segment_depression > 0.65 describinga group
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Data Upload and Rule Induction

At this level it is assumed that your already have a data file in the form specified by

N instructions for data preparation.
« Introduction

- ::,ari:','m"g Enter the name of your data file:
« How to prepare [CHD-data.ixt [ Biowse..

a data file

« Examples of Specify delimiter type used in the input file:
data files © TAB
« Description of © comma (,)
data upload o semicolon (;)
process ® including TABs
+ Begin with one or more spaces including
data mining
Select number of models:
=

Select generalization parameter:
1 v

Optionally include noise detection:
-

Start induction

El e

Figure3: Thedatauploadpage.

of CHD patientsis obtained.Its sensitvity andspecificityare95.5%and96.9%,
respectiely. It canbe noticedthat this rule covers much more positive patients
(even95%o0f them)andthatit is only slightly worseon negative instancegit erro-
neouslyclassifies4 negative casesnto the positive class).But it cannot be stated
thatthe secondsubgroupis betterthanthe first one generatedvith a low gener
alization parametewalue. Any of the two may be preferredby the experts.The
taskof theDMS is to enablenductionof subgroupshatarepotentiallyinteresting
while it is thetaskof theexpertwho usegshetool, to directthe searchby selecting
differentgeneralizatiorparametervaluesandto finally decidewhich of induced
subgroupsnay be usefulfor diseasalescriptionpurposes.

2.2 Noiseand outlier detection

Thenoise(error)andoutlier detectiorproceduredescribedn detailin Gambeger
etal.[2], canbe optionally selectedvhenstartingthe inductionprocesgseeFig-
ure 3). Noise occursif someattribute values(or even the classificationattribute
itself) have beenincorrectlymeasurear incorrectlyrecordedn the databaseln



this sensethe noise detectionprocedurerepresentsa consisteng testthat may
improve the reliability of datain the databaseThe othertype of detectedexam-
plesareoutliers,i.e.,correctcasesvith someexceptionalpropertiesDetectionand
expertanalysisof suchexamplesnaybeimportantfor understandingherelations
in thedatabase.

The resultof noiseandoutlier detectiondoesnot dependon the selectedyen-
eralizationparametewalue and the outcomeof noise/outlierdetectiondoesnot
influencethe subgroupconstructionThe procedureesultsin alist with up to five
instancegpatients)thataredetectedaspotentialoutliersin the uploadeddatabase
(Figure4). Theorderof instancesorrespondso theorderin whichthey havebeen
detected.
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Results of noise detection:

. suggested noisy example is number 52 (in line 53), from the non-target class

. suggested noisy example is number 230 (in line 231), from the target class -
. suggested noisy example is number 214 (in line 215), from the target class

. suggested noisy example is number 165 {in line 166), from the non-target class

. suggested noisy example is number 185 (in line 186), from the non-target class
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Figure4: Theresultsobtainedby the noisedetectionprocedure.

Notethattheprocedureannotguarante¢hatthedetectedxamplesndeedrep-
resenterrorsor outliersor thatall suchexamplesaredetectedln ary casedetailed
expertanalysigs necessaryo confirmwhetherthe noiseandoutlier detectionwas
successfuandif so,whatis thereasorfor their occurence.

In thecaseof the CHD databasetheiterative usageof thenoisedetectiorproce-
durehasenabledhe detectionof somemistalesandimprecisionghathave been
alreadycorrectedGambegeretal.[1]). Theapproachmanagedo detecta serious
mistale in thedataentryprocessandafew casesn which diagnosticclassification
wasnot systematicallyusedthroughouthe databaseAt the currentstagepatients
detectedy thenoisedetectiorprocedurarecaseghatcanbeacceptedsoutliers.
Threeof themare from the non target class(patientswith not confirmedCHD)
whichdo haverelative high ST sggmentdepressiomluringexercise.This hasbeen
known asa very importantdiseasendicator, asconfirmedby our experimentsor
subgroupdiscovery. In all threecasesechocardiographgnd vectorcardiography



resultsare negative, demonstratingheir correctclassificationin spite of the bad
exerciseECG results.By a moredetailedanalysisit wasfoundthatthe analysed
patients,althoughdifferentin ageand sex, were all ratherfat (body massindex
nearto 30). Thetwo remainingdetectechoisy casesarefrom the CHD class;one
of themis avery heary CHD patientwith diagnoseaardiopathiailatativaandthe
seconcdneis aconfirmedCHD patientwith anatypical CHD thatcanbedetected
only by echocardiography

3 Coronary heart diseaseaisk group identification

Both CHD patientsubgroupsnducedin Section2.1 useattributesthatareknown
as good diagnosticindicators.In this sensethe induced knowledge only con-
firms theexisting expertknowledge Potentiallyinterestingnew knowledgecanbe
obtainedf we intentionallyeliminatesomeimportantattributesfrom the database
andforce the systemto searchfor otherrelationsamongthe data.This approach
hasbeentestedor varioussubset®f theavailableattributeset. Thegoalwasto try
to identify CHD risk groupswhich might be usefulfor the early diseasaletection
andto testrelative importanceof someattributes.

Dataaboutpotential CHD patientsarein generalpracticeavailableat threedif-
ferentdiagnosticstages:A anamnesticlata,B laboratorytest,C ECG measure-
mentsat rest(Maronetal.[6]). Theinductionprocesshasbeenrepeatedor every
stagesothatonly dataavailableat the respectie stagecould be usedin rule con-
ditions. Note thatfor this purposethe samedatabasenay be usedbut sothatthe
namesf attributesthatshouldbeexcludedfrom theinductionprocessarechanged
sothattheir namebeginswith a questionmark.

Table 2 summarizeslescriptionsof the subgroupghat have beendetectedat
differentstagesThe processvasperformedaccordingo thedescriptveinduction
methodologyproposedn GambegerandLavrac [3]. Theprocessvasiterativeand
explicitly drivenby the medicalexpert. At differentstagesadditionaldatarefine-
mentshave beenperformedn orderto obtainsatishctoryresults.For example,at
stageA it wasvery difficult to getreasonablyoodrulesfor thecompletedomain.
It hasturnedout that muchbettersubgroupscould be inducedwhenthe domain
hasbeenseparatedto the maleandthe femalepopulation.Also someattributes
(like smokingstatusat stageA or heartrateat stageC) have beeneliminatedfrom
thedatabaséecausé¢hecollecteddatahave beenidentifiedasunreliableor if rules
without theseattributeswerepreferred.

Table2 includesin its seconccolumnthe socalledsupportingfactors. They are
notobtainedby theDMS application put by thestatisticakignificancdestsIn this
processstatisticalvaluesarecomputedor two populationsThetargetpopulation
consistsof CHD patientsincludedinto the analyzedsubgroupwhereagherefer



Table2: Inducedsubgroupconditions(principal factors)andtheir statisticalchar
acterisationgsupportingactors) SubgroupAl is for males subgroupA2
for femaleswhile subgroup®1, B2, andC1 arefor bothgenders.

| | Principal Factors | Supporting Factors |
Al | positive family history psychosociastress
ageover46year cigarettesmoking
hypertension
overweigth
A2 | bodymassindex over 25 kgm 2 positive family history
ageover 63years hypertension

slightly increased.DL cholesterol
normalbut decreasetiDL cholesterol

B1 | totalcholesterobver6.1mmolL~—! | increasedriglyceridesvalue
ageover53years
bodymassindex belov 30 kgm 2

B2 | totalcholesterobver5.6 mmolL~' | positive family history
fibrinogenover 3.7 mmolL~1
bodymassindex belov 30 kgm 2
C1 | left ventricularhypertrophy positive family history
hypertension
diabetesnellitus

encepopulationareall thehealthysubjectsStatisticakignificanceés computedor
all availablerisk factorsusingthe x? testwith 95%confidencdevel (p = 0.05).

Conclusion

This work presentsan applicationof the Data Mining Sener and its subgroup
discovery tool for the coronaryheartdiseasalomain.It canbe expectedthatthis
publicly availablesenerwill enablethatthesameapproactcanbeappliedto other
medical,andnot only medicaldomains.

ThepresentedCHD risk groupsobtainedby expertguidediterative usageof the
senerseemnto represeninterestingnedicalknowledge asconfirmedby theexpert
involvedin thedescribedxperimentGiventhatmedicalexpertsdislike shortrules
and prefer descriptionsincluding as much supportve evidenceas possible,the
detectiorof supportingactorsandtheirinclusionin subgroupdescriptionss very



importantto achieve descriptionghatarereasonablyompleteandacceptabldor
medicalpractice.
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