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1 Intr oduction
Overthelast� veyears,anew generationof medicaldatamin-
ing toolshavedramaticallyimpactedthehealthcareindustry
by improving thediagnosisof medicaldiseasesandby reduc-
ing thetime pressureon physiciansandnurses.Our demon-
strationhighlightsthreeproductsfor thethehealthcareindus-
try, showcasingthepotentialof novel datamining technolo-
giesto save livesona largescale.During thedemonstration,
our productswill usereal-life (de-identi�ed) patientdata,in
an effort to convey the practicaland theoreticalchallenges
uniqueto datafrom themedicaldomain.

2 Early-stagediagnosisof colorectal cancer
2.1 Background
Colo-rectalcancer(CRC)affected147,000patientsin theUS
in 2004,andof them57,000died. Unlike many otherform
of cancers,CRCis removableif it is foundat anearlystage.
In its early stageit manifestsitself as colonic polyp. The
recommendationis thateachindividual over age50 undergo
optical colonoscopy so that any polyp may be removedand
to repeattheprocedureafter10 yearsif negativeanda more
frequentreview if any polypsarefound. The prevalencein
thegeneralpopulationis roughly5% to 8%, with only 10%
of theseshowing any signsof cancer(adenomatouspolyps).

Virtual colonography(VC), alsoknown asCT Colonogra-
phy (CTC), wasintroducedasa meansto addressproblem-
aticcaseswhichcouldnotbeaccuratelydiagnosedby earlier
methodslike optical colonoscopy(OC). It waspredictedthat
CTC could be usedasa screeningtool so that only patients
with positive �nding from CTCwould besentto OC.

2.2 Resultsof clinical studies
However, radiologistsneedsubstantialtraining to perform
CTC, and it is a long procedure. As a result, in clinical
practice,nonexpertsreadersoftenshow asubstantiallylower
sensitivity with CTC (75%or lesson mediumto largesized
polyps)[1]. However, in largeclinical trials on 145 individ-
uals,our computeraideddetection(CAD) systemcanaccu-
ratelydiagnosepatientsbasedon CTC images,with a sensi-
tivity of around90%for mediumandlargesizedpolyps[2].
Further, wheninexperiencedradiologistsareassistedby our
CAD productin clinical studies,they decreasetheir falsepos-
itive rate by 66%, yet improve their sensitivity on medium

Figure1: Polypdetectionin virtual colonoscopy

and large sizedpolyps to 97% [1]. ThusCAD assistedin-
experiencedradiologistswere clinically shown to diagnose
polyps as accuratelyas experiencedradiologists. Figure 1
shows screenshotsfrom the software that will be demon-
strated.

2.3 Novel technicalcontributions

Althoughtheproductdevelopmentis still ongoing,many new
theoreticalandtechnicalcontributionshavealreadybeenpro-
posed.Our demonstrationwill highlight thefollowing novel
contributionsfrom the �elds of machinelearning,datamin-
ing andcomputervision.

Batch-wiseclassi�cationof non-iid data: Unlike mostal-
gorithmsthat assumethe data to be drawn iid, we exploit
inter-samplecorrelationsto improvetheaccuracy while clas-
sifying a setof samplessimultaneously[3].

Multiple instancelearning:A novel, convex-hull basedal-
gorithm �nds optimal classi�ers whenthe diseasestatusof
regionsof imagesis imputed(guessedstatistically)basedon
proximity to radiologistmarksin trainingimages[4].

Curvaturespatternfeaturedescriptions[5]: Computesthe
principalcurvatureson thesurfaceandcharacterizespatterns
of curvature, with the intuition that polyps are ellipsoidal



hencehave an in�ection belt of curvaturearoundwhereas
otherstructureshavedifferentpatterns.

DivergentGradientField Responseanalysis[6]: fastcom-
putationof thegradient�eld everywhereon thevolumeand
identi�cation of point of divergenceof gradient(spheroids).
Theintuition is thatprincipaldirectionsof planarpatchesare
well-alignedspatially, unlike thoseof spheroids.

3 Automatedmeasurementsof left ventricular
function in the human heart

Eachyear330,000patientssuffer suddencardiacdeathin the
US. Many of thesepatientscanbesavedif they have an im-
plantablede�brillator (ICD) installedin them: Studieshave
shown that patientswith a history of myocardialinfarction
(i.e., heartattack)andleft ventricular(LV) dysfunction—i.e.,
Ejection Fraction � 30%—would bene�t from such ICDs.
Our seconddemonstration(Fig 2) will focus on a tool for
automatingthemeasurementof theejectionfraction,in order
to save a signi�cant numberof liveseachyear throughthe
appropriateinstallationof ICDs.

Reliably delineatingthe left ventricle for robust quanti�-
cation requiresechocardiographersand sonographerswith
years of clinical experience. Trabeculationsof the my-
ocardium,fast-moving valves,chordi andpapillary muscles
all makedelineationof theleft ventriclea challenge.Techni-
cal issues,suchas the fact that a 2-D planeis acquiredon
a twisting 3-D object, make this problemeven more dif�-
cult. Traditional imageprocessingsystemssimply look for
aborderbetweenblackandwhitestructuresin animage.Ex-
periencedechocardiographersandsonographers,ontheother
hand,relyontheirexperiencein viewing afast-movingobject
andunderstandingindividual variationsin the heart. Thus,
they canapply learnedknowledgeandexperienceto con�-
dentlylocatetheborderof theleft ventricle[8].

Basedon this insight,Siemenshasdevelopeda fundamen-
tally new approachto addressquanti�cation in echocardiog-
raphy. This approachis basedona technologycalledlearned
patternrecognition(LPR) which makes it possibleto auto-
matically identify the endocardiumof the left ventricleand
tracktheborderthroughtheheartcycle [7].

4 Data Mining for Clinical Data Analysis
4.1 Background
Many clinical tasksof signi�cancerequirethesearchthrough
and analysisof medicalpatient records. The fundamental
analysistask can be reducedto the identi�cation and veri-
�cation of medicalevents,conditions,diseases,or in general
any (medical)concept.Thenumberof realapplicationsthat
would bene�t from this type of analysisis considerablein
numberandimportance.Examplesinclude:diagnosis,treat-
mentplanning,recruitmentfor clinical trials,medicalguide-
line compliance,quality measureevaluation,andclinical re-
search.

Theabove fundamentalanalysistaskspresentmajorchal-
lenges. The clinical conceptsof interestmay vary broadly.
Examplesinclude: incidenceof a disease;presenceof a
medicalcondition; existenceof an exam or laboratorytest;

Figure2: AutomatedEF measurement

presenceof a symptom,habit (e.g., smoking),or risk fac-
tor. Sometimestheseclinical conceptscanbeeasilyobtained
from the medical records,which is the case,for example,
whenthey arestoredin structureddatabasetables.However,
in mostcases,this informationis hiddenin unstructureddata,
suchaslab reports,doctornotes,images,or any of thehun-
dredsof medicaldocumentsusedby healthcarecenters.

Even wheninformationis storedin structuredform, such
asin thecaseof diagnosticcodes(ICD-9codes),it maybeun-
reliablefrom theclinical point of view. Variousstudieshave
shown that theclinical accuracy of ICD codesis only 60%-
80%.Theprincipalreasonfor this is thatbilling datare�ects
�nancial ratherthanclinical priorities. Financialdataalone
is insuf�cient for almostany kind of patient-level clinical de-
cision support. Most of the information about the clinical
context is storedasunstructuredfreetext, dictatedby physi-
ciansat differenttime points. Efforts to extract key clinical
informationbasedonnaturallanguageprocessingalonehave
metwith limited success[9] - andfor evenslightly complex
decisionslikeguidelineeligibility, reliability is verypoor.

Institutionsoftenhiretrainednursesto manuallyextractin-
formationfrom arandomsampleof patients,sinceacomplete
analysisis unattainable.Currentmethodsof analyzingmed-
ical datafall into 3 classes:mine existing structured(�nan-
cial) data(unfortunatelyICD-9 diagnosiscodesarenotuseful
for clinical analysis),retrospectivemanualdataextractionby
nurses(costly, time-consumingandonly feasiblefor a small
patientcohort)andmakingcliniciansenterstructuredclini-
cal patientdataat the point of care(physiciantime, ignores
legacy data,mustdecidewhatto collectin advance,faraway
from generaluse).

4.2 Technicalcontribution
In thispartof thedemo,wewill presentvariousaspectsof the
REMIND (for ReliableExtractionandMeaningfulInference
from NonstructuredData)project. This projectconsistsof a
probabilisticframework for medicaldataanalysisfor clinical
decision-supportfrom existingmedicalpatientrecords.

Our approachto inferencewith this multi-source,both



structuredandunstructured,medicaldatais to modelthedata
asarisingfrom agenerativeprocess,andcombineprior medi-
calknowledgeaboutthisprocesswith observationsfor aspe-
ci�c patientusing Bayesiantechniques.The medicalprior
knowledgeis encodedin both a BayesianNetwork that re-
latesvariablesof interestaswell asin theform of probabilis-
tic rules,which areusedto extractpiecesof evidenceabout
thesevariablesfrom thedifferentavailabledatasources.RE-
MIND' s algorithm is a three step process. In an Extrac-
tion step, probabilistic observationsabout the variablesin
the model are gatheredfrom the datasources. Next, in a
Combinationstep,eachobservation is assignedto its corre-
spondingvariableanda posteriorof the observation vector
associatedwith the variableis computedlocally. Finally, in
the Inferencestep,the local inferencesarepropagatedacross
theBayesianNetwork thatdescribestherelationshipsamong
variablesof interestandtheposteriorprobabilityfor thevari-
ablevectoris computed.Thevariablevectoris thenassigned
to themaximumaposteriorirealization.

4.3 Demonstrationwith Resultsof clinical studies
Eventhoughthisprojectis still in progress,anumberof pilot
studieshave beendeployed showing excellent results. Our
experimentalresultsinclude successfuldeploymentsof our
methodson populationsreachingup to 6 million patients.
Thesefall into two applicationareas,eventhoughtechnically,
they arebasedonthesamefundamentaltaskexplainedabove:

� AutomatedAnalysisfor Quality of Care:Our systemis
at leastasaccurateasnurses;moreover, it canbeapplied
to theentirerelevantpatientpopulation,leadingnotonly
to moreaccuratequalityestimates,but alsoto actionable
informationthatcanimprovepatientcare.

� AutomatedPatientIdenti�cation for Clinical Trials: Our
resultsshow thatwe canautomaticallyidentify patients
for trials with high accuracy and resultsshow a many
fold improvementin patientenrollmentcomparedto the
traditionalrecruitmentprocess.

We planto demonstratethedifferenttechnicalaspectsthat
helpusachievetheseresults.This will bedonewith thehelp
of adata-browsingtool (Fig. 3). This tool hasbeendesigned
to helpunderstandandgothroughthedifferentstepstakenby
our systemto arrive to the inferencesmadeabouteachcon-
cept. This tool shows an actualapplicationto healthcare,
relatedto real hospitalquality measures(HQM). The appli-
cationinvolvesidentifying, by looking at thepatientrecord,
whetherpre-de�nedguidelineswerefollowedfor thecareof
eachpatienthospitalizedfor heartfailure.

5 Conclusion
We believe ComputerAided Diagnosisis becomingan in-
creasinglyimportantareafor intelligentcomputersystems.In
thispaperwehavesummarizedseveralprojectsourgrouphas
beenfocusingon. The primary goal of this projectdemon-
strationis to draw attentionto theapplicationsandchallenges
facedby the �eld andhighlight thestrongpotentialthatma-
chinelearninganddataminingapproacheshavein helpingto
solve theseproblems.This demonstrationintendsto achieve

Figure3: Databrowsingtool for hospitalquality measurement

thesegoalsby combiningvisualizationof real medicaldata
with technicaldescriptionof thealgorithmsemployed; thus,
we expectit to beof interestto thebroadKDD audience.
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