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Abstract. Thispaperpresentsamethodfor thevisualisationof sub-
groups,detectedby a subgroupdiscovery algorithm.The main ad-
vantageandnovelty of themethodis that thevisualizedmodelscan
beusedto illustratethedistributionsof detectedgroupsin termsof
the percentagesof true positive andfalsepositive casescoveredby
the model.Subgroupvisualizationis illustratedby graphsobtained
for risk groupsdiscoveredin theproblemof earlydetectionof patient
groupswith risk for atheroscleroticcoronaryheartdisease.

1 INTR ODUCTION

A subgroupdiscovery taskcanbe definedasfollows: given a pop-
ulationof individualsanda propertyof thoseindividualswe arein-
terestedin, find populationsubgroupsthatarestatistically‘most in-
teresting’,e.g.,areas large aspossibleandhave the mostunusual
statistical(distributional)characteristicswith respectto theproperty
of interest.An examplesubgroupdiscovery systemis MIDOS [1].

Someapproachestoassociationruleinductioncanbeusedfor sub-
groupdiscovery. For instance,theAPRIORI-Calgorithm[2], adapt-
ing theassociationrule inductionalgorithmAPRIORI [3] to classi-
fication rule induction,outputsclassificationruleswith guaranteed
high supportand confidence.As such,eachAPRIORI-C rule rep-
resentsa ‘chunk’ of knowledgeabout the problem,which is very
importantfor knowledgediscovery. Similarly, theconfirmationrule
concept[4] usedas a basisfor the subgroupdiscovery algorithm
whoseresultsare usedin this paper, utilizes the minimal support
requirementasa measurewhich mustbe satisfiedby every rule in
orderto beincludedin theinducedconfirmationrule set.

In this paper, subgroupswerediscoveredby a new heuristiccon-
firmation rule learningalgorithm [5], adaptinga confirmationrule
learningalgorithm[4] to subgroupdiscovery. Oneof thebasicchar-
acteristicsof theconfirmationrule setinductionconceptis thatsep-
araterule setsarebuilt for every targetclass.In a broadersense,the
confirmationrule setconceptintroducesa decisionmodelin which
differentrulescanbe incorporated:eitherrules inducedby (oneor
more)inductive learningalgorithmsor even humanencodedexpert
rules.If usedfor prediction,high predictive accuracy of sucha deci-
sionmodelis expectedonly if, besidesthehigh predictive accuracy
of eachindividual rule, the whole set is asdiverseaspossible.As
opposedto confirmationruleswhich cover only target classexam-
ples, the propertyof the heuristicconfirmationrule learningalgo-
rithm, usedfor subgroupdiscovery in this paper, is that it enables
the constructionof rules that cover also a limited numberof ex-
�
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amplesof thenon-targetclass.Theactualsubgroupdiscovery algo-
rithm is implementedin theon-lineDataMining Server, availableat
http://dms.irb.hr , whosedescriptionis outof thescopeof thispaper.
For details,pleasereferto [5].

The problem of population screeningfor early detection of
atheroscleroticcoronaryheartdisease(CHD) risk groupsis usedto
illustrate the visualizationof resultsobtainedby applyingour sub-
groupdiscovery methodology. Theproblemof earlyCHD detection
is very importantbecauseCHD is oneof theworld’s mostfrequent
causesof mortality anda commonproblemin medicalpractice.The
problemis known asa difficult one.Clinical studieshave revealed
plausiblebiological links betweenmany risk factorsandatheroscle-
rosis.In addition,it wasdetectedthatcoexistenceof risk factorsin-
creasesthediseaserate.In many caseswith significantlypathological
testvalues(especially, for example,left ventricularhypertrophy, in-
creasedLDL cholesterol,decreasedHDL cholesterol,hypertension,
and intoleranceglucose)the decisionis not difficult. However, the
problemof diseasepreventionis to decidein caseswith slightly ab-
normalvaluesandin caseswhencombinationsof differentrisk fac-
tors occur. To this end, the applicationof our subgroupdiscovery
algorithmresultedin five modelsof patientswith CHD risk which
canbeusedfor populationscreening.

This paperpresentsour approachto subgroupvisualisation(Sec-
tion 2) andits applicationto visualiserisk groupsdiscoveredin the
problemof earlydetectionof patientgroupswith risk for atheroscle-
rotic coronaryheartdisease(Section3). Somerelatedwork is out-
lined in Section 4.

2 SUBGROUP VISUALIZA TION

Theproposedvisualizationmethodcanbeusedto visualizetheout-
put of any subgroupdiscovery algorithm,provided that the output
hasthe form of ruleswith a target classin their consequent.It can
alsobeusedasa tool for visualizingstandardclassificationrules.

In this section,subgroupvisualizationis illustratedby graphsob-
tainedfor risk groupsdiscoveredin theproblemof earlydetectionof
patientgroupswith risk for atheroscleroticcoronaryheartdisease.

Subgroupvisualization,asdescribedin this section,allows us to
comparedistributionsof differentsubgroups.Theapproachassumes
theexistenceof at leastonenumeric(or ordereddiscrete)attributeof
expert’s interestfor subgroupanalysis.Theselectedattributeis plot-
ted on the � -axis of the diagram.The � -axis usually representsa
class,or moreprecisely, thenumberof instancesbelongingto some
targetclass.It mustbenotedthatbothdirectionsof the � -axis(�	�
and ��
 ) areusedto indicatethe numberof instances.In Figure1,
for instance,the � -axis represents�  � , the � � -axis denotesclass
coronaryheartdisease(CHD) and ��
 denotesclassnon-CHD(or



‘healthy’). Out of four graphsat the �	� side, three representin-
ducedsubgroups( ��� , ��� and ��� ) of CHD patients,andthe fourth
showstheagedistributionof theentirepopulationof CHD (all CHD)
patients.Thegraphatthe ��� sideshowsonly thedistributionof non-
CHD (all healthy)patientsin thetrainingset.Notethatthesubgroups
��� , ��� and ��� alsocoversomenon-CHDpatients,but thecoverage
of negative casesis notdisplayedfor betterviewing.

In general,it is not necessarythat � � and � � denotetwo op-
positeclasses.If appropriate,they may denoteany two classes,or
evenany two differentattributevalues,which theexpertwould like
to compare.

3 VISUALIZA TION OF CHD RISK GROUPS

In this section,subgroupvisualizationis illustratedby graphsob-
tainedfor risk groupsdiscoveredin the problemof early detection
of patientgroupswith risk for atheroscleroticcoronaryheartdisease.
Someinterestingmodelsof groupsof CHD patientswereconstructed
usingthedescribedmethodologyontheavailablepatientdata.There
arethreetypical stagesin therisk factorscreeningprocess,denoted
by A, B, and C. Our goal was to constructat leastone model for
every stage.

Interestingpropertiesof theinducedmodelsarepresentedin Fig-
ures1–12with respectto variousattributes.For example,Figures1
and2 presentpatientdistributionswith respectto thepatients’agefor
all five models,while Figure4 usesexerciseST segmentdepression
(usedasa reliablesignof CHD) asthebasisfor modelpresentation.
Eachfigurealsoshows thedistributionof all CHD andhealthycases
(thick lines)with respectto theselectedbase.

Figure 1. Distribution of CHD patientsandhealthysubjectswith respect
to agein years.GraphsA1, A2, andC1presentcorrespondingmodel

properties.ModelA1 is for men,modelA2 is for women,andmodelC1
representspatientswith left ventricularhypertrophy. About 60%of CHD
patientsdetectedby modelC1 arealsodescribedby modelsA1 andA2.
Healthypersonscoveredby modelsA1, A2, andC1arenot displayed.

At thefirst stageof patientexamination(stageA, resultingin mod-
elsA1 andA2), only anamnesticinformationandphysicalexamina-
tion resultsareavailable.At this stageit wasratherdifficult to find
modelswith a relatively smallnumberof falsepositive predictions.
Thereasonis averyrestrictedamountof availableinformationabout
the patients.In order to make the problemeasier, separatemodels
weredevelopedfor maleandfemalepatientgroups.
Model A1 for male:
CHD � positivefamilyhistory AND age over 46years
Main supportingcharacteristicis psychosocial4 stress,but cigarette
�

Principal characteristicsor risk factorsareconditionsof rulesdescribingthe

Figure 2. SameasFigure1 but for modelsB1 andB2. ModelB1 are
elderlypeoplewith increasedtotal cholesterolvalueswhile modelB2 are
patientswith increasedfibrinogenandtotal cholesterolvalues.Thedashed
line representshealthypeopleincludedinto modelB1. ModelsB1 andB2

have about70%of patientsin common.

Figure 3. Distribution of CHD patientsandhealthysubjectswith respect
to thebodymassindex. Similarity in thedistributionscanbenoticed.

ModelsA2 andB2 have thegreatestdifferencewith respectto this risk
factor. Overlappingof thesetwo modelsis only about25%.

smoking, hypertension,and overweight are also important. Both
principal risk factorsfor this model are non-modifiable.The posi-
tive family historyis a known importantrisk factorandit requiresat
leastcarefulscreeningof otherrisk factors.Theselectedagemargin
in thesecondfactoris ratherlow but it is in accordancewith theex-
isting medicalexperience.This low limit is goodfor preventionand
early diseasediagnosisalthoughtypical patientsin this model are
significantlyolder(Figure1). Themodelhasa ratherhigh falsepos-
itive rateasillustratedby theA1 healthygraphin the ��� direction
of Figure8.
Model A2 for female:
CHD � bodymassindex over 25 � � ��� � (typically 29) AND age
over63 years
Thissimplemodelis verygoodfor thefemalepopulationwith asen-
sitivity of about50%.Supportingcharacteristicsarepositive family
history andhypertension.Womenin this risk grouptypically have
slightly increasedLDL cholesterolvaluesandnormalbut decreased
HDL cholesterolvalues.Bodymassindex over25(first principalrisk
factor)is exactly thegenerallyacceptedmargin for overweight[6]. It

subgroup.Positive family history andageover 46 yearsareprincipal risk
factorsfor modelA1. Supportingcharacteristicsaredeterminedby statis-
tical significanceanalysisfor thetargetpopulationwhich consistsof CHD
patientscorrectlyincludedinto themodel.Thereferencepopulationareall
thehealthysubjects.



Figure 4. Distribution of CHD patientsandhealthysubjectswith respect
to exerciseECGSTsegmentdepressionin millimeters(1mmcorrespondsto
0.1mV). Largedifferencebetweentotal healthyandill populationscanbe
noticed,but differencesamongmodelsarevery small.ModelsA1 andC1

areselectedasextremecases.

Figure 5. Distribution of CHD patientsandhealthysubjectswith respect
to total cholesterolvaluein  � 	! " #%$'& .

is well known thathighbodymassindex stronglyandpositively cor-
relateswith theCHD rate.Typicalvaluesof themeasuredbodymass
index detectedby CHD patientsin this modelaresignificantlyover
themarginof 25(seeFigure3).Figures6,9,and11show dirtibutions
of thismodelwith respectto totalcholesterol,uric acid,andleft ven-
tricular ejectionfractionvalues,respectively. Figure6 demonstrates
in its ( $ partthevery smallfalsepositive rateof this model.

StageB includesbasiclaboratorytestsin additionto theanamnes-
tic andphysicalexaminationresultsof stageA. Two differentmod-
elswereinducedfor thisstage.Potentiallyinterestingis thefirst one
which includesonly total cholesterol(Figure5) from thelaboratory
testsbecausethis risk factorcanbe easilyand inexpensively mea-
sured.Thesecondmodelis a combinationof two risk factorsbased
on blood tests.It demonstratesthat the detectionof valuescloseto
thegenerallyacceptednormalvaluesfor therisk factorsmayalsobe
significantfor preventionandearlyCHD diagnosis.
Model B1:
CHD ) total cholesterol over 6.1 *+*+, - . $'& (typically 7.2,normal
3.6to 5.0)5 AND age over 53 years
Thismodelis characteristicfor theolderpartof thepopulation(Fig-
ure 2), especiallyfor women.The typical ageof peoplein this risk
groupis 65 yearsfor femalesand61 yearsfor males.Theonly sup-
portingrisk factoris increasedtriglyceridesvaluewhich is moreof-
tendetectedfor men.Interestingis alsothattypical membersof this

/
Normalvaluesbetween3.6and5.0arereportedin [6].

Figure 6. Distribution of CHD patientsandhealthysubjectswith respect
to trygliceridevaluein  � 	! " #%$'& .

Figure 7. Distribution of CHD patientsandhealthysubjectswith respect
to highdensitylipoproteinvaluein  � 	! " #%$'& .

modeldo not have problemswith overweightandhypertension.The
falsepositive rate of this model is about15% and is illustratedin
Figures2, 9, and12.Distributionsof high densitylipoproteinvalues
(Figure7) anduric acidvalues(Figure9) is similar to othermodels.
Model B2:
CHD ) total cholesterol over 5.6 *+*+, - . $'& (typically 6.6,normal
3.6 to 5.0) AND fibrinogen over 3.7 *+*+, - . $'& (typically 4.4,nor-
mal2.0 to 3.7)
This is a CHD patientmodel with similar propertiesfor the male
andfemalepopulation.Typical patientsdo not have problemswith
overweight(Figure3), hypertensionand cigarettesmokingbut of-
tenhave positive family history. Very high bodymassindex is con-
traindicatedfor this CHD patientmodel.Although the main model
propertiesare similar for both genders,a representative female in
thisrisk groupis about66yearsold while amaleis 10yearsyounger
(Figure2). Thismodelhighly correlateswith low densitylipoprotein
values(Figure8). Its sensitivity is good(about30%) and the false
positive rateis lessthan15%asillustratedin Figures5 and11.

Level C additionallyincludesECGrestingtest.Oneof theaccept-
ablemodelswith a relatively low falsepositive rateis modelC1.
Model C1:
CHD ) left ventricularhypertrophy
This model is importantboth for malesand femalesolder than55
(Figure1). Left ventricularhypertrophyis a well known risk factor
which includesmany otherknown CHD risk factorslike hyperten-
sion andobesity. The main supportingrisk factordetectedfor this
modelis positive family history. Oftenthepatientsin this CHD risk
grouphave problemswith hypertensionanddiabetesmellitus.Prac-



Figure 8. Distribution of CHD patientsandhealthysubjectswith respect
to low densitylipoproteinvaluein 0�0	1 2 3%4'5 .

Figure 9. Distribution of CHD patientsandhealthysubjectswith respect
to uric acidvaluein 6 0	1 2 3%4'5 .

tical importanceof themodelis thatit hasa relatively low falsepos-
itive rate(Figures4, 7, and10)andthatit doesnotcorrelatestrongly
with otherpreviously describedmodels(Figures10 and12).

4 BACKGROUND ON VISUALIZA TION
TECHNIQ UES

Datavisualizationmethodshavebeenpartof statisticsanddataanal-
ysisresearchfor many years.Thisresearchconcentratedprimarily on
plottingoneor moreindependentvariablesagainstadependentvari-
ablein supportof explorativedataanalysis[10,12].Thevisualization
of analysisresults,however, gainedonly recentlysomeattentionwith
the proliferationof datamining [7,8,9,11].This recentinterestwas
spawnedby theoftenoverwhelmingnumberandcomplexity of data
mining results.

The visualizationof analysisresultsprimarily serves four pur-
poses:

7 betterillustratethemodelto theenduser,7 utilize comparisonof models,7 increasemodelacceptance,and7 enablemodeleditingandsupportfor ”what-if questions”.

Figures13 and14 arealternative meansfor displayingsubgroup
modelsA1, A2, B1, B2, andC1. Both figuretypesdisplayidentical
information: the sizeof eachsubgroup,how it comparesto the en-
tire populationandthe distribution of the target valueswithin each
subgroup.Experiencegainedfrom working with non-technicalend-
usershasshown that a pie chartvisualizationis moreappealingto

Figure 10. Distribution of CHD patientsandhealthysubjectswith respect
to fibrinogenvaluein 8 3%4'5 .

Figure 11. Distribution of CHD patientsandhealthysubjectswith respect
to left ventricularejectionfractionvaluein 9 .

theseusersbecausethey morecloselyresemblebusinesscharts.Pie
charts,however, oftenmisleadtheperceptionof theuserdueto dif-
ficulties with relatingthe sizeof pie slicesto actualvalues.Hence,
thevisualizationwith boxes(Figure14)wasintroduced.While these
figuresaremoredifficult to understandwhenfirst encountered,they
allow for bettercomparisonof the differentsubgroupsandclearly
displaythesizeof eachsubgroup.Thesevisualizationtechniquescan
serve asanentrypoint to themorein depthvisualizationtechnique
presentedin thispaper.

5 CONCLUSIONS

Subgroupvisualization,describedin thispaper, allowsusto compare
distributionsof differentsubgroupsin termsof theselectedattribute,
plottedon the : -axis of thediagram.In medicaldomainswe typi-
cally usethe ;	< sideto representthenumberof positivecases(CHD
patients,in this paper)in orderto revealpropertiesof inducedmod-
els for subgroupsof thesepatients.On theotherhand,the ; 4 side
is reservedto revealpropertiesof thesesamemodels(or othermod-
els) for the negative cases(patientswithout CHD). For instance,in
thegraphof subgroup=	> shown in Figure2, thedashedline at the
; 4 siderepresentsthedistributionof non-CHDsubjectsin subgroup
=	> .

Oneof the advantagesof using ; < and ; 4 asproposedabove
is that in binary classificationproblemsthe comparisonof the area
underthegraphof a subgroupandthegraphof theentirepopulation
visualizesthefractionsof ? @@ A B

C ? @? @ <'D E atthe ; < side(sensitivityF�G�H
), and D @EJI K

C D @? EJ< D @ atthe ; 4 side(falsealarm L G�H ), where



Figure12. Distribution of CHD patientsandhealthysubjectswith respect
to left ventricularinternaldiametervaluein M�M .

Figure 13. Thedistribution of CHD patientsandhealthysubjectsfor all
studiedsubjects(top left) andfor modelsA1 throughC1.Graypie chart

slicesshow thenumberof patientswith CHD. Black slicesshow thenumber
of healthypeople.Eachinnerpie shows thedistribution of CHD patientsand
healthypeoplewithin therespective subgroup.Theouterframeshows, for
comparison,thedistribution within theentirepopulation.Theareaof the

innerpie is proportionalto therelative sizeof thesubgroup.

NPO Q
and R+S T standfor thenumbersof positiveandnegativecasesin

theentirepopulation,respectively. For instance,in thevisualization
of subgroupU	V in Figure2 the areaunderthe dashedline on theW�X

siderepresentsthe numbersof misclassifiedtraining instances
of subgroupU	V .
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