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1 Intr oduction

Overthelast veyearsanew generatiorof medicaldatamin-
ing tools have dramaticallyimpactedthe healthcareindustry
by improving thediagnosiof medicaldiseaseandby reduc-
ing thetime pressureon physiciansandnurses.Our demon-
strationhighlightsthreeproductgor thethehealthcareindus-
try, shavcasingthe potentialof novel datamining technolo-
giesto save liveson alargescale.During thedemonstration,
our productswill usereal-life (de-identi ed) patientdata,in
an effort to corvey the practicaland theoreticalchallenges
uniqueto datafrom the medicaldomain.

2 Early-stagediagnosisof colorectal cancer

2.1 Background

Colo-rectalcancer(CRC)affected147,000patientsn theUS
in 2004, and of them57,000died. Unlike mary otherform
of cancersCRCis removableif it is foundatanearly stage.
In its early stageit manifestsitself as colonic polyp. The
recommendatiors thateachindividual over age50 undego
optical colonoscop so that any polyp may be removedand
to repeatthe procedureafter 10 yearsif negative anda more
frequentreview if arny polypsarefound. The prevalencein
the generalpopulationis roughly 5% to 8%, with only 10%
of theseshawing ary signsof cancefadenomatoupolyps).

Virtual colongyraphy(VC), alsoknown asCT Colonagyra-
phy (CTC), wasintroducedas a meansto addresgproblem-
atic casesvhich couldnotbe accuratelydiagnosedy earlier
methoddik e optical colonoscopyOC). It waspredictecthat
CTC could be usedasa screeningool sothatonly patients
with positive nding from CTC would besentto OC.

2.2 Resultsof clinical studies

However, radiologistsneed substantialtraining to perform
CTC, andit is a long procedure. As a result, in clinical
practice honexpertsreaderoftenshov a substantiallyjower
sensitvity with CTC (75% or lesson mediumto large sized
polyps)[1]. However, in large clinical trials on 145 individ-
uals,our computeraideddetection(CAD) systemcanaccu-
rately diagnosepatientsbasedon CTC imageswith a sensi-
tivity of around90% for mediumandlarge sizedpolyps[2].
Further wheninexperiencedadiologistsare assistedy our
CAD productin clinical studiesthey decreas¢heirfalsepos-
itive rate by 66%, yet improve their sensitvity on medium

Figurel: Polypdetectionin virtual colonoscop

and large sizedpolypsto 97% [1]. Thus CAD assistedn-
experiencedradiologistswere clinically shovn to diagnose
polyps as accuratelyas experiencedradiologists. Figure 1
shavs screenshotsfrom the software that will be demon-
strated.

2.3 Novel technical contributions

Althoughtheproductdevelopments still ongoingmary new
theoreticabndtechnicalcontributionshave alreadybeenpro-
posed.Our demonstratiomwill highlight the following novel
contritutionsfrom the elds of machinelearning,datamin-
ing andcomputetvision.

Batch-wiseclassi cation of non-iid data: Unlike mostal-
gorithmsthat assumethe datato be drawn iid, we exploit
inter-samplecorrelationgo improve theaccurag while clas-
sifying a setof samplesimultaneously3].

Multiple instancdearning: A novel, corvex-hull basedal-
gorithm nds optimal classi ers whenthe diseasestatusof
regionsof imagesis imputed(guessedstatistically)basedon
proximity to radiologistmarksin trainingimaged4].

Cunvaturespatternfeaturedescriptiond5]: Computeghe
principal curvatureson the surfaceandcharacterizepatterns
of curvature, with the intuition that polyps are ellipsoidal



hencehave an in ection belt of curvature aroundwhereas
otherstructureshave differentpatterns.
DivergentGradientField Respons@nalysig6]: fastcom-
putationof the gradient eld everywhereon the volumeand
identi cation of point of divergenceof gradient(spheroids).
Theintuition is thatprincipaldirectionsof planarpatchesare
well-alignedspatially unlike thoseof spheroids.

3 Automated measurementsof left ventricular
function in the human heart

Eachyear330,000patientssuffer suddercardiacdeathin the
US. Many of thesepatientscanbe savedif they have anim-
plantablede brillator (ICD) installedin them: Studieshave
shavn that patientswith a history of myocardialinfarction
(i.e., heartattack)andleft ventricular(lV) dysfunction—t.e.,
Ejection Fraction 30%—would bene t from suchICDs.
Our seconddemonstration(Fig 2) will focuson a tool for
automatinghe measuremerdf the ejectionfraction,in order
to save a signi cant numberof lives eachyearthroughthe
appropriaténstallationof ICDs.

Reliably delineatingthe left ventricle for robust quanti -
cation requiresechocardiographerand sonographersvith
years of clinical experience. Trabeculationsof the my-
ocardium,fast-maing valves,chordi and papillary muscles
all make delineationof the left ventriclea challenge Techni-
cal issues,;suchasthe fact that a 2-D planeis acquiredon
a twisting 3-D object, make this problemeven more dif -
cult. Traditionalimageprocessingsystemssimply look for
aborderbetweerblackandwhite structuresn animage.Ex-
periencedchocardiographeendsonographergntheother
hand rely ontheirexperiencen viewing afast-maing object
and understandingndividual variationsin the heart. Thus,
they canapply learnedknowledgeand experienceto con -
dentlylocatethe borderof theleft ventricle[8].

Basedon thisinsight, Siemendasdevelopedafundamen-
tally new approactto addresgjuanti cationin echocardiog-
raphy This approachs basedn atechnologycalledlearned
patternrecognition(LPR) which makesit possibleto auto-
matically identify the endocardiunof the left ventricleand
trackthe borderthroughthe heartcycle [7].

4 Data Mining for Clinical Data Analysis

4.1 Background

Many clinical tasksof signi cancerequirethesearctthrough
and analysisof medical patientrecords. The fundamental
analysistask can be reducedto the identi cation and veri-

cation of medicalevents,conditions diseasesprin general
ary (medical)concept.The numberof real applicationghat
would bene t from this type of analysisis considerablan

numberandimportance Examplednclude: diagnosistreat-
mentplanning,recruitmentfor clinical trials, medicalguide-
line compliance guality measuresvaluation,andclinical re-

search.

The aborve fundamentahnalysistaskspresenimajor chal-
lenges. The clinical conceptsof interestmay vary broadly
Examplesinclude: incidenceof a disease;presenceof a
medical condition; existenceof an exam or laboratorytest;

Figure2: AutomatedEF measurement

presenceof a symptom,habit (e.g., smoking), or risk fac-
tor. Sometimesheseclinical conceptsanbeeasilyobtained
from the medicalrecords,which is the case,for example,
whenthey arestoredin structureddatabas¢ables.However,
in mostcasesthisinformationis hiddenin unstructuredlata,
suchaslab reports,doctornotes,images,or ary of the hun-
dredsof medicaldocumentsaisedby healthcarecenters.

Evenwheninformationis storedin structuredform, such
asin thecaseof diagnosticcodeqICD-9 codes)jt maybeun-
reliablefrom the clinical point of view. Variousstudieshave
shavn that the clinical accurag of ICD codesis only 60%-
80%. Theprincipalreasorfor thisis thatbilling datare ects
nancial ratherthanclinical priorities. Financialdataalone
is insufcient for almostary kind of patient-level clinical de-
cision support. Most of the information aboutthe clinical
context is storedasunstructuredreetext, dictatedby physi-
ciansat differenttime points. Efforts to extractkey clinical
informationbasedn naturallanguagerocessin@lonehave
metwith limited succes$9] - andfor evenslightly comple
decisiondik e guidelineeligibility, reliability is very poor.

Institutionsoftenhire trainednursego manuallyextractin-
formationfrom arandomsampleof patientssinceacomplete
analysisis unattainable Currentmethodsof analyzingmed-
ical datafall into 3 classes:mine existing structured( nan-
cial) data(unfortunateldCD-9 diagnosisodesarenotuseful
for clinical analysis)retrospectre manualdataextractionby
nursegcostly, time-consumingandonly feasiblefor a small
patientcohort) and making clinicians enterstructuredclini-
cal patientdataat the point of care(physiciantime, ignores
legagy data,mustdecidewhatto collectin advance far away
from generaluse).

4.2 Technicalcontribution

In this partof thedemo,wewill presentariousaspect®f the
REMIND (for ReliableExtractionandMeaningfullnference
from Nonstructureddata) project. This projectconsistsof a
probabilisticframenork for medicaldataanalysisfor clinical
decision-suppoifrom existing medicalpatientrecords.

Our approachto inferencewith this multi-source, both



structuredandunstructuredmedicaldatais to modelthedata
asarisingfrom ageneratie processandcombineprior medi-
calknowledgeaboutthis processwith obsenationsfor a spe-
ci ¢ patientusing Bayesiantechniques. The medicalprior
knowledgeis encodedn both a BayesianNetwork that re-
latesvariablesof interestaswell asin the form of probabilis-
tic rules,which areusedto extract piecesof evidenceabout
thesevariablesrom the differentavailabledatasourcesRE-
MIND' s algorithm is a three step process. In an Extrac-
tion step, probabilistic obsenations about the variablesin
the model are gatheredfrom the datasources. Next, in a
Combinationstep,eachobsenationis assignedo its corre-
spondingvariableand a posteriorof the obsenation vector
associatedvith the variableis computedocally. Finally, in
the Inferencestep,the local inferencesare propagate@cross
the BayesiarNetwork thatdescribegherelationshipsamong
variablesof interestandthe posteriorprobabilityfor thevari-
ablevectoris computed Thevariablevectoris thenassigned
to the maximumaposteriorrealization.

4.3 Demonstrationwith Resultsof clinical studies

Eventhoughthis projectis still in progressa numberof pilot
studieshave beendeployed showving excellentresults. Our
experimentalresultsinclude successfubleploymentsof our
methodson populationsreachingup to 6 million patients.
Thesefall into two applicationareaseventhoughtechnically
they arebasednthesamdundamentataskexplainedabove:

AutomatedAnalysisfor Quality of Care: Our systemis

atleastasaccurateasnursesmoreorer, it canbeapplied
totheentirerelevantpatientpopulationJeadingnotonly

to moreaccurateyuality estimateshut alsoto actionable
informationthatcanimprove patientcare.

AutomatedPatientldenti cation for Clinical Trials: Our

resultsshav thatwe canautomaticallyidentify patients
for trials with high accurag andresultsshov a mary

fold improvementn patientenrollmentcomparedo the
traditionalrecruitmentprocess.

We planto demonstrat¢he differenttechnicalaspectshat
helpusachieve theseresults.Thiswill bedonewith the help
of adata-brevsingtool (Fig. 3). Thistool hasbeendesigned
to helpunderstanéindgothroughthedifferentstepstakenby
our systemto arrive to the inferenceamadeabouteachcon-
cept. This tool shavs an actualapplicationto healthcare,
relatedto real hospitalquality measuregHQM). The appli-
cationinvolvesidentifying, by looking at the patientrecord,
whetherpre-de nedguidelineswerefollowedfor the careof
eachpatienthospitalizedor heartfailure.

5 Conclusion

We believe ComputerAided Diagnosisis becomingan in-
creasinglyimportantareafor intelligentcomputesystemsin
this papemwe have summarizedeveralprojectsourgrouphas
beenfocusingon. The primary goal of this projectdemon-
strationis to draw attentionto theapplicationsandchallenges
facedby the eld andhighlight the strongpotentialthat ma-
chinelearninganddatamining approachebavein helpingto
solve theseproblems.This demonstrationntendsto achieve

Figure3: Databrowsingtool for hospitalquality measurement

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