
DOI: 10.4018/IJSSCI.2020070105

International Journal of Software Science and Computational Intelligence
Volume 12 • Issue 3 • July-September 2020


Copyright©2020,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



ThisarticlepublishedasanOpenAccessarticledistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://creative-
commons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorofthe

originalworkandoriginalpublicationsourceareproperlycredited.

55

Developing Concept Enriched 
Models for Big Data Processing 
Within the Medical Domain
Akhil Gudivada, East Carolina University, USA

James Philips, East Carolina University, USA

Nasseh Tabrizi, East Carolina University, USA

 https://orcid.org/0000-0002-3949-0065

ABSTRACT

Withinthepastfewyears,themedicaldomainhasendeavoredtoincorporateartificialintelligence,
includingcognitivecomputingtools,todevelopenrichedmodelsforprocessingandsynthesizing
knowledgefromBigData.Due to therapidgrowth inpublishedmedical research, theabilityof
medicalpractitioners tokeepupwith researchdevelopmentshasbecomeapersistent challenge.
Despite this challenge, using data-driven artificial intelligence to process large amounts of data
canovercome this difficulty. This research summarizes cognitive computingmethodologies and
applications utilized in the medical domain. Likewise, this research describes the development
processforanovel,concept-enrichedmodelusingtheIBMWatsonserviceandapubliclyavailable
diabetesdatasetandknowledge-base.Finally,reflectionisofferedonthestrengthsandlimitationsof
themodelandenhancementsforfutureexperiments.Thisworkthusprovidesaninitialframework
forthoseinterestedineffectivelydeveloping,maintaining,andusingcognitivemodelstoenhance
thequalityofhealthcare.
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INTRoDUCTIoN

Thoughthehumanbrainisanincrediblycomplexsystem,ithasitsownlimitationsontheamount
ofinformationitcansynthesizeandrecall.However,throughtheaidofcognitivecomputing,human
cognitioncanbesupplementedwithcomputersystemsthatimplementsemanticandneuralmodelsof
humanthought(Wangetal.,2018).Throughtheapplicationofcognitivecomputingtoaplethoraof
diversedomains,newadvancesonceunfathomablecanhopefullybeattained.Forexample,in2018
thefirstreportsemergedofartificialintelligenceperformingbetterthanhumansonamedicalclinical
examination.OnJune28th,2018,Dr.MobasherButtstoodonstageinLondon’sRoyalCollegeof
Physicians,whereheannouncedthathiscompany’strainedAIreceivedascoreof82%,beatingout
theaveragebymedicalstudentsof72%(Olson2018).Dr.AliParsa,thefounderofBabylonHealth,
statesthatontheplanet,over5billionpeoplelacktheaccesstobasicsurgery.Heclaimsthatthe
UnitedStateshasshifteditsfocusfromhealthcaretoitseconomicbenefits,andthattherearelarge
gapsinthehealth-caresystem.Tofillthesegapsinitshealthcareinfrastructureandservices,Parsa
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predictsthattheUnitedStateswillbethelargestconsumerofartificialintelligenceinhealthcarein
thenearfuture(Olson,2018).

Whilemanyotherdomainsalreadyuseartificialintelligencetoenhancethequalityoflifefor
theirusers,medicinehasyettomakethebreakthroughforvariousreasons.CognitiveComputingfor
themedicalfieldheraldsaneraofchangerapidlyapproaching.Startingin2016,theU.SDepartment
ofVeteransAffairs(VA)hospitalsinDurham,NorthCarolina,haveusedIBMWatsontohelpwith
diagnosingcancerpatientsbycollectingDNAfromtumorsandanalyzingthegeneticmaterialto
determinepossiblecausesaswellaseffectivetreatments.TheVAtreatsnearly4%ofU.S.cancer
patients,allowingIBMWatsontohavealargesamplesize(Moscaritolo,2018).Dr.KyuRheeclaims
that”itisincrediblychallengingtoread,understand,andstayup-to-datewiththebreadthanddepth
ofmedicalliteratureandlinkthemtorelevantmutationsforpersonalizedcancertreatments”;this
sentimentissharedbymanymedicalprofessionals,justifyingtheneedforeffectiveusageofartificial
intelligenceinthecrucialdomainofmedicine(Moscaritolo,2018).

In this paper, we examine existing cognitive computing technologies and the process for
developingmodelstooptimizethemspecificallyforpracticaluseinmedicalenvironments.While
limitedtechnologiescurrentlyexistforevery-dayclinicalusage,thefieldremainswideopenanda
large,untappedmarketexistsfornewtechnologiestoemerge(GudivadaandTabrizi,2018).Inan
unprecedentederawheredataisabundantyetlargelyunder-utilized,thetimetomakeadvancements
hasarrived(Ahmed,Toor,O’Neil,&Friedland,2017).

Therestofthepaperisorganizedasfollows:

• Motivation
• RelatedWork
• DataProcessingTools
• BuildingaCustomConcept-EnrichedModel
• ModelEnrichments
• Results
• FutureWork
• Conclusion

Thispaperreflectsapartiallyrevisedandupdatedversionoftheauthors’researchoriginally
publishedatthe18thIEEEInternationalConferenceonCognitiveInformatics&CognitiveComputing
(2019).

MoTIVATIoN AND CoNTRIBUTIoN
Asmanyfieldsprogresswiththeassistanceofcognitivecomputing,thefieldofhealthcareisalso
adapting,providingmanybenefitstomedicalpractitionersandpatients.However,advancementsin
thisareaarehinderedbyseveralchallenges,includingdiscrepanciesbetweenuserqueriesandthe
knowledgebase,querymismatchesthatretrievesub-optimalresults,andavaryingspectrumofdomain
knowledgeinusers.Inthisresearch,weexploreexistingmethodologiesaswellaslookintoexisting
real-lifeapplicationsofCognitiveComputingthatarecurrentlyinuseinthemedicaldomain.These
technologiesincludeBabylonHealth,ApacheUIMA,andIBMWatson.UsingIBMWatson,wealso
investigatethecreationofconcept-enrichedmodelstoovercomethechallengesrelatedtocognitive
computinginthemedicaldomain.Theseconcept-enrichedmodelsthatcanbetailoredspecifically
formedicallyintensiveapplicationscapableofhandlinglargeamountsofdata.

Thepurposeofthisworkistoimparttothereaderanunderstandingofartificialintelligence
toolsandmethodologiesbeingusedinthemedicalfieldtoday,aswellasfuturepossibilitiesinthe
domain.Theconcept-enrichedmodelandtechniquesdesignedanddiscussedinthisresearchcanhelp
provideaframework,orstartingpoint,forthoseinterestedineffectivelydeveloping,maintaining,
andusing thesemodels tohelp improve thequalityofhealth-care.Furthermore,weexplore the
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developmentprocessofsuchamodelanddiscussthesteps,includingdatacollection,processing,
andmodelcreation,andreflectonmodelimprovementforfutureexperiments.

Therefore,inthisresearchourcontributionsinclude:

• Asurveyofexistingtechnologies,methodologies,andchallengesinmedicalcognitivecomputing
presentintheliterature.

• Introductionofanovelconcept-enrichedmodelcreatedusingIBMWatsonandapubliclyavailable
diabetesdatasetandknowledge-base.

• Reflectionsonthemodel’sstrengthsinentityrecognition,textsummarization,andsentiment
analysisaswellasdirectionsforfutureworktoovercomemodellimitationsandenhancethe
applicationofCognitiveComputingtothemedicaldomain.

RELATED WoRK

Cognitivecomputingtechnologieshavebeenincrementallychangingthefieldofmedicineitself.One
studyshowsthatartificialintelligenceisbeingusedinadatabasewhichholdsrecordsofdiabetesfor
thePimapeople,agroupofNativeAmericansresidingincentralArizona.Thedatasetholdspersonal
recordsfortheseindividualsandthedatawasacquiredthroughtheUSNationalInstituteofDiabetes
andDigestiveandKidneyDisease(ShadbabiandSharma,2008).Notably,thisdatasetcontainsvery
cleandatawithnomissingvaluestakenfrom768femaleswhoare21yearsandolderwhomay
showsignsofdiabetes.Thisdatasetcontainseightattributesand2classificationfactors(diabetic
ornon-diabetic).Whenusingmachinelearningalgorithmsinthistestcase,itisreportedthatthere
wasa77%accuracyintheclassificationofthetestdata(Duch,Adamczak,&Grabczewski,2001).

Anotherrecentstudytookintoaccountvariousparametersrelatedtomedicalgrafting,asurgical
proceduretotransfertissuefromonelocationtoanotheronthebody,withoutbringingitsownblood
supplyalongwith it.Thebenefitsof thisprocedureareobvious;anexamplewouldbeakidney
transplantwhereahealthykidneyreplacesadefectiveone,preventingkidneyfailure.Althoughall
the factorswhichdetermine successfulgraft procedures are still unknown, the following factors
areknowntohaveacorrelation:thecompatibilityofthebloodtypesbetweenthetwoindividuals
involvedintheprocedure,thenumberofnumberofleukocyteantigenmismatches,andtheresults
fromcross-matchtestingwhichdeterminesiftherecipient’scellswillacceptorrejectthenewtissue.
Thesefactorsweretakenintoaccounttobetestedandprocessedbyalgorithmsinthesystembecause
thesewerethesamefactorsconsideredbyphysicianspriortotransplant.Inthisspecificmodel,the
problemwasformalizedbydefiningitas:selectingthecorrectkidneyfromtheavailablepoolof
organsforaparticularindividualtherebymaximizingthechancesofasuccessfultransplant.The
factorsthatweretakenintoaccountforthisstudyincluded:age,mismatchesofrelateddonortypes,
mismatchesofrelatedrecipienttypes,recipientstate,referringhospital,donorhospital,donorsex,
andinitialkidneypreservation(Duch,Adamczak,&Grabczewski,2001).Thisstudyalsoillustrates
thekeypointofdomainspecificinformationdescribedaboveaswellasdomainexpertsinthefield
ofmedicineaswellastheexpansionofcognitivecomputingthroughotherdomainsasillustrated
inFigure1(Palmer,2019).Oncethemodelwasbuilt,aseriesofneuralnetworks(n=500)were
independentlytrainedtopredicttheoutcomeofagiventransplantwithunlabeleddata.Allnetworks
consistedof16inputneuronsfortheattributesand2outputneuronstopredictifthetransplantwas
asuccessornot.Thedatawassplitinto3groups:trainingdata,testdata,andvalidationdatawhich
showedthatthemodelheldaccurateforslightlyover70%ofthedata(ShadbabiandSharma,2008).

Several recent studieshavehighlighted thegrowingchallengesand importanceofBigData
methodologiesandcloudinfrastructurefordataaggregation,knowledgemanagementandconsumption
fromheterogeneousmediasourcesbeyondthemedicaldomain.Originatinginapplicationsformedia
streamingofultra-highdefinitionvideo,securityforandfeatureextractionfromInternet-of-Things
(IoT)networks incloudcomputingcontexts,and theapplicationof softcomputing toBigData,
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thesestudieshaverelevanceaswellfordevelopingrobustcognitivecomputingarchitecturesforthe
medicaldomain.AsPsannis,Stergiou,andGuptaobserve,“intelligentclouds”canbehelpfulfor
compressing,storing,andprocessingstreamingmediaonaBigDatascale(2019).Moreover,another
BigDatachallengeconsistsofthevastquantitiesofdatageneratedbynetworkedIoTdevices.These
collectionsofnetworkedsensorspresentachallengefordevelopingefficient,sustainableandsecure
cloudcomputinginfrastructureforBigDataprocessing,includingmonitoringpatienthealthmetrics
(Stergiou,Psannis,Bupta,&Ishibashi,2018;Din,Paul,Ahmad,Gupta,&Rho,2018;Murugan,
2019).Furthermore,duetotheheterogeneityofBigDatasoftcomputingtechniqueswillbeessential
(Gupta, Agrawal, Yamaguchi, Sheng 2018). Cognitive-based information retrieval systems will
needtoleveragetextminingforbibliometricanalysistoextractgeographic,authorcollaborations,
and topical summarization from published medical research (Hao, Chen, Li, & Yan, 2018; Al-
akashi,2019).Additionally,cognitivesystemswillneedtointerfacewithelectronichealthrecord
managementsystemsforpatients(Ziebell,Albors-Garrigos,Schoeneberg,&Marin,2019).Thus,
cognitivecomputingsystemsinthemedicaldomainwillneedtouseefficient,sustainablecloud-native
architecturesandbecapableofaggregatingandsynthesizingstructuredandunstructuredtextual,

Figure 1. Interdisciplinary problems require interdisciplinary solutions
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sensor-based,andaudio-visualdatafrompatienthealthrecords,textualresearchandpatientrecord
knowledge-bases,anddistributednetworksofIoT-basedmedicalsensors.

AnotherapplicationhasbeencreatedusingIBMWatsonforpersonalizedmedicine.Theidea
behindthissystemisthatthebestcancertreatmentistodetect,prevent,andtreatitbeforeitreaches
advancedstages.However,notwopeopleorcancersarealike.Thecurrentprocessfortrialmatchingis
conductedthroughclinicalcoordinatorswhosortthroughthousandsofpatientrecordsandmatchthe
patientwithagivenprotocol.However,eachoneoftheseprotocolshas46requirementsonaverage
andrangefromcontainingageneticmarkertoage,tumorstage,growth,andtreatmenthistory.No
matterhowmuchofanexpertanyindividualis,thisbecomesahugetasktoconductwithoutadvanced
computingcapabilities(Ahmed,Toor,O’Neil,&Friedland,2017).

ThisiswhythesystemusingWatsonwascreated.Aclinicianisabletosubmitapatient’shealth
dataandcompare itagainst thedata in theclinical trialdatabase.Watsonoffers feedback to the
physicianregardingthematchingrelationstoaspecificclinicalstudy.Theneedforthisapproach
willonlygrowastheboundsofknowledgeexpandrapidlyandaspersonalizedmedicinebecomesa
pervasivepractice.Anyprocedurethatispersonalizedwillrequiretargetingverysmallandspecific
instancesorgroupswhichmayhavenonaturalaffiliation.Systemssuchastheonesdescribedwill
supportahigherlevelofpersonalizationbyenablingindividualhealthdatarecordstobesecurely
connectedwiththeclinicaltrialsdatabases.Thesetechniquescanalsohelpbringnewmethodsof
treatmentonanindividualbasiswhichotherwisewouldbelogisticallyimpossible.Whateverthe
casemaybe,bringingcognitivecomputingintothemedicaldomainisnolongeraluxuryduetothe
ever-expandingfactualdatabecomingavailableintoday’sworld.Itisnowanecessity.

Furthermore,asChen,Argentinis,andWebernotetheproliferationoftheBigDatachallenge
necessitatescollection,integration,synthesisofdatainaplethoraofformatsonavastscale(Chen,
Argentinis,&Weber,2016).Throughpredictivemodelingenhancedbymachinelearning,cognitive
systemssuchasWatsoncanassimilatedomain-specific, technicalcontent.Thismakescognitive
systemsidealtoolsforthemodernmedicaldomainthatcreatesanincessantstreamofclinicalresearch
muchfasterthananysingledoctorormedicalresearchercancomprehendit.Astheynote,analysisof
medicalBigDataduetoitsdisparatedatatypes(structuredandunstructured),scale,andcomplexity
includingproteomics,metabolomics,andgenomicsthwartstraditionalmethods(Chen,Argentinis,&
Weber,2016),butcognitivetoolsenablesynthesisandinterpretationbycombiningandconnecting
theseheterogeneousdataattheterabytescaleyieldingnewinsightsintodiseaseoriginsandtreatments.

Althoughmanytoolsarebeingdevelopedinthefield,fewofthesetoolshavedevelopedfarand
madeasignificantimpactonlivesofpatientssincethehealth-careindustryremainshasyettoadopt
artificial intelligenceextensively.However,withpowerful toolsat thedisposalofevencommon
peoplethankstothedevelopmentofcloudarchitecture,thepossibilitiesofdevelopinganimpactful
producttoenhancethequalityoflifeforcountlessindividualsremainsopen,andabreakthrough
seemsimminent.

DATA PRoCESSING TooLS

Forprocessingmedicaldata,certainpropertiescanbeassumedinordertooptimizealgorithmsand
enhancementstogetproperresults.First,datacanbeexpectedtobelargeinnatureasisthecasewith
mostofthedatabeingusedacrossvariousdomainstodaysimplyduetothedataavailablethrough
theadvancementoftechnology(Callan2000).Secondly,datacanbeexpectedtobeincompletewith
severalattributesmissingduetothesourcedataitselfnotcontainingthisinformation,aswellas
duetoalackoftransparencyinpatientdatafromthehealthcareprovidersduetolegallimitations
(Zuccon,Koopman,&Bruza,2014). Inaddition, itcanbeassumedthat thenatural languageof
thedataisrelativelyspecializedandcontainstermswhichmaynotbewellknowntothegeneral
public.Aknowledge-basecanbeincorporatedintothemodelinordertoproduceaccurateresults.
Forexample,datamaycontaintheterm“pyrexia”whichismorecommonlyknownasa“fever.”Part
ofthechallengeindesigningamodelincludesbeingawareofthesesubtleties(Moscaritolo,2018).
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Babylon Health
Foundedin2013,Babylonhealth’sgoalwastoexpandmedicalcaretothosewhomightotherwisenot
beabletohaveaccesstohealth-careservices.Babylonusesartificialintelligencetoreceiveanumber
ofinputsfrompatients,usesundisclosedmachinelearningalgorithms,andgeneratesmeaningful
outputwhichitreturnstoitsclients.Recently,BabylonhasmergedwithWe Chat,apopularChinese
messagingnetworkwithover1billionusers,toprovideitsartificialmedicalintelligenceservices
toitsusers(Crouch,2018).Inaddition,thisplatformallowsuserstochatwithadoctorinrealtime.
Thecompany’sfounderstatesthatthegoalofthisartificialintelligence-basedsystemwastoreach
moreusersthroughtheuseoftechnologywhootherwisewouldbeunabletohaveaccesstoproper
healthservices(Olson,2018).Althoughthisservice,asshowninFigure2(BabylonHealthServices,
2020),thisserviceisbeingusedbymanyuserstoday,theconfigurationsofthemodelisfixedas
wellasundisclosedtothepublic,andthemodelcannotbealteredbyanyoneoutsideofthecompany,
makingitpractical,butnotadaptable.

Apache UIMA
AlthoughBabylonHealth’sapplicationispromisingandisalreadyinuse,itsinflexiblenatureasa
privateapplicationintendedforclientsmakesitapoorcandidatetobuildandcustomizeamedical
model.ThenextapplicationweexaminedisApacheUIMA.Thisisafree,open-sourcetoolfornatural
language processing. Unstructured Information Management Applications (UIMA) are software
systemsthatanalyzelargevolumesofunstructuredinformationinordertodiscoverknowledgethatis
relevanttoanenduser.Anexamplemodelcouldtakewritteninputanddetectentities,concepts,and
keywordsfromtheinformationprovided.ManyframeworksandlanguagesincludingJava,C++,and
XMLformeta-datacanbeusedalongwiththeUIMAtool.TheApachelicenseallowsanydeveloper
tomakeuseoftheframeworks(FerrucciandLally,2004).Throughtheseframeworks,amodelto
analyzelargeamountsofmedicaldatacanbebuilt,howevertheprocessitselfcouldtakemanyyears
andwillbeexpensiveforanindividualorevensmallgroup.However,notallhopeislostasthenext
toolwediscussincorporatesthisframework,allowingtheaforementionedbarrierstobetranscended.

IBM Watson
IBMWatsoncametothepublic’sattentionafterappearingonthepopularUSgameshow,Jeopardy,
inFebruary2011whereitnotonlyperformedwell,butdecisivelybeatseveralhumanchampions
inthegame.IBMWatsonhassinceemergedasoneoftheleadingtoolsincognitivecomputingand
iscurrentlyusedacrossmanydomainstodayrangingfrompredictingdiseaseoutbreaksbeforethey

Figure 2. Implementation of Babylon Health being used
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occur,topredictingwhomayscorethenexttouchdowninafootballgame(Ahmed,Toor,O’Neil,
&Friedland,2017).Moreimportantly,inthecontextofthisstudyofbuildingapropermodelto
processlargeamountsofhealth-carerelateddata,itimplementstheApacheUIMAframeworkwithin
WatsonDiscovery(IBMWatsonContentAnalytics,2020).ThroughtheuseofIBMWatsonasa
cognitivecomputingtooltostoreandprocessdata,wewillspecificallybelookingintoenrichingthe
customizedmodelsothatmedicaldatacanbeprocessedasintended.

BUILDING A CUSToM CoNCEPT-ENRICHED MoDEL

Althoughtheneedforvariousmodelsmaybehighlydependentonthefield,andevenwithinthe
medicaldomain,theneedsforeveryindividualorganizationmaybesignificantlydifferent.Inthis
study,wedevelopapersonalizedmodelwhichisadaptedandtrainedwithdataregardingbothtype
1 and type2diabetes.Thismodel is then improvedwithin the IBMWatson environmentusing
enrichmenttechniquesdiscussedlater.

Data Acquisition
Thefirststepinbuildingavaluablemodelincludescollecting,sorting,andcleaningdatatobeused
inthemodel.

Accordingtomanydatascientists,upto70%ofaproject’slife-cycleinthefieldmaybedevoted
tosolelycollecting,cleaningup,andprocessingdata.Aspreviouslydiscussed,datawithinthemedical
domainisespeciallysusceptibletomissinginformation,values,andevenentirecolumnswhichiswhy
itisimportanttohaveproperproceduresandtoolsinplacetoprocessthedataasneeded(Moscaritolo,
2018).Forourmodel,firstwebuildaknowledgebaseduetodatabeinghighlyspecialized.Asstated,
sincethegoalofthemodelistoprocessdataregardingdiabetes,aknowledge-basedsystemneedsto
bebuilt.Forthismodel,variousdocumentswereconsidered,andthemostrelevantdocumentswere
usedinthisscenario.Althoughthemodelshouldbefluidandadaptivedependingontheresults,an
open-accessbookabouttype1diabeteswasselectedwhichwasauthoredbyseveraldomainknowledge
experts(M.D.s)(Escher,2013).Forthedataacquisitionandpreprocessingphase,thisdocumentwas
loadedintoIBM Watson Discoverytobeingestedalongwithenrichmentswhichwillbediscussed
later.IBMWatsonallowsdocumentsinPDF,MicrosoftWord,andJSONformatsupto50MB.This
sizeconstraintcanbeupgradedasneededbasedonprojectrequirements.

Withapropervocabularyprovidedwiththedocumentsmentioned,thenextstepinvolvessearching
forandfindingrelevantdatawhichcanprovidemeaningfuloutput.Aspreviouslymentioned,various
databasesexistinthemedicaldomaindependingonthedatabeingsearchedfor,rangingfromRNA
genomestodataonbonefractures(Moscaritolo,2018).Inthisstudy,publiclyavailabledatafrom
data.govwasselected.Asdiscussed,whendealingwithanymedicalinformationitisimportantto
keepinmindthatthisdataispotentiallyprivateinformationandonlypubliclyavailableinformation
withoutpatientidentityshouldbeused.

AsshowninFigure3,publicdataisavailablethroughthegovernmentformanydifferentkinds
ofdomains.ThedataspecificallycanbeacquiredthroughthedesiredformatssuchasJSON,CSV,
PDF,etc.Althoughthismethodfordatacollectionworkswellinthemedicaldomain,itcanbeused
acrossthefieldsofagriculture,economics,meteorology,education,safety,engineering,manufacturing
andmuchmore.

Specifically,withinthemedicaldataarchive,manydatasetscanbefoundwithpublicdatacoming
fromlocal,state,andeventhefederalgovernment.Dependingonthestudybeingconducted,data
canspecificallybeobtainedfromaspecificlocation.Thiscanbebeneficialwhenastudyisbeing
doneonapopulationinagivencityorstatewhichcanhelpresearchersgetthenecessarydatato
conducttheirwork.Asanexample,Figure4showstheresultofenteringthegeneralquery“cancer”.
Asshown,awiderangeofcustomfilterscanbeappliedtofindprecisedataforanygivenmedical
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domainprojectorapplication.Thefilterscanalsobeappliedtorestricttheformatofthedatatotailor
thedatasettotheresearcher’stoolchainandworkflow.

Forthisstudy,alongwiththedocumentsusedfordomainknowledgeontype1diabetesand
prevalentgenes,datafromspecificcasesofdiabetesreportedbythegovernmentwasalsousedwith
attributessuchasage,gender,location,taggedgenes,healthcondition,andmuchmore.Thepurpose
ofaddingthisinformationistosharpenthemodeltobemoreversatileandsimulateareal-lifeusecase
ofthemodel.Thepurposeofcreatingtheseenriched-modelsisnottoreplacehealthcareprofessionals
buttoassisttheirdomainknowledgethroughtheuseofthesecognitivecomputingtools.Although
ahealthcareprofessionalmayhavesomelevelofknowledgeaboutdiabetes,itisimpossiblefora

Figure 3. Various domains of data available with public licensing from Data.gov

Figure 4. Result of a basic medical query in Data.gov public data repository
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singlehumantoprocesstheamountofdatathatasystemlikethiscantakeinandprovidevaluable
insight.However,thesystemstillneedstobetunedtoperformwellintestscenarios.

Model Enrichments
Onceamodelhasbeen loadedwithdataandall the fileshavebeen indexed, the timecomes to
adjustthesystemandprovideitwiththeknowledgebasediscussedearlier.Thisstepalsoservesas
atransferofhumanknowledgeintoartificialintelligence.Theseadjustmentsortuningsarereferred
toasenrichmentswithintheIBMWatsonenvironmentastheyenrichthevalueofthemodelbeing
constructed. In this experiment,we take the existingmodel thatweconstructed for themedical
informationdiscussed,andenhanceitusingenrichments.Allofthedocumentationforworkingwith
enrichmentsincludingentity,keyword,andconceptscanbefoundintheIBMClouddocumentation
(IBM Cloud Docs). The first type of enrichment is entity enrichment. In entity enrichment, the
modelwillsometimesreturnitemssuchaspersons,places,organizations,andreferencesthatare
presentintheinputdatawhenrelevant.Theentityextractionfeatureaddssemanticinformationto
contenttoincreaseunderstandingofthesubjectandcontextofthetextbeinganalyzed.Thesecond
typeofenrichmentisconceptenrichment.Thisdealswiththerelationofunderlyingconceptsto
eachother.Naturallanguageprocessingfeaturesareusedtoidentifyunderlyingpatterns,similarto
thelearning-basedmodelscoveredin(Moscaritolo,2018).Conceptenrichmentscanbeespecially
valuableinadomainsuchasmedicine.Forexample,theepigeneticfactorsindiabetescanbeexplored
andunderlyingrelationshipsthatareoftennotobvioustothehumaneyecanbeidentifiedthrough
thehelpofartificialintelligence.Thefinalenrichmenttypeiskeywordenrichment.Asthename
suggests,criticalwordsrelatedtothecontextofthetextordataaregivenaspecificvaluebasedon
theirimportance.Similartohowhumansprocessinformationwithalargeamountoftext,basedon
thecontext,themoresignificantkeywordsaregivenmorevalueandweightwhenmakingananalysis.
AnexampleoftheseenrichmentsisshowninFigure5withanexamplerelatedtothediabeticdata
beingprocessedthatweutilizedinthispaper.

Theseenrichmentscanbeperformedwithinamodeloncetheproperdatasetsandknowledge-
basedsystemhasbeenproperlygivenasinputintoWatson.TheenrichmentsarecodedusingaJSON
(JavascriptObjectNotation)structureconducivetohumanreadingandediting.Attributespotentially
calculatedfromtheseextractionsincludethoseshowninTable1.

Figure 5. An example of enrichment extraction performed
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Expanding Knowledge Base
AlthoughwehavealreadyconstructedaknowledgebasewithinourIBMWatsonmodel,thatisa
finitesystemwhichisalsocomputationallyexpensivetomaintain,anditisnotadvisedtooverloadthe
capacity.Instead,anAPIwhichlinksinformationfromDBpedia,canbeusedinconceptenrichment.
Forexample,wewanttodefineaconceptforaspecificgenethatiscorrelatedwithtype1diabetes.It
maybequiteeasytocreateaconceptfordisease,diabetes,andevenHLA-DQA1,ageneprominent
intheonsetoftype1diabetes.However,ifyourmodel’sneedsareforthousandsofdiseases,genes,
orotherconcepts,itbecomesnearlyimpossibletostorethisinformationinonesystem.Thus,asimple
APIcalltoDBpediacanbemade.DBpediaisacrowd-sourcedandopensourceefforttoextract
structuredcontentfrominformationfromdifferentprojects.Thestructuredinformationresemblesan
openknowledgesystemwhichispubliclyavailable.Theinformationisstoredinamachine-readable
databasewhichisarchitecturallysetuptoallowtheinformationtobeharvested,organized,shared,
searched,andindexed.Thisallowsalargeamountofinformationtobeavailabletothepublicandallows
forconceptstoeasilybetaggedinourmodel.OncetheAPIcallismade,itcanbeeasilyreferenced
intheJSONformatofdataindexingusedinoursystem.Themodelwillnowreturnrelevancescores
basedonallthefactorsdiscussedandnowtakeintoaccounttheseconcepts,forfuturequeries,thus
incrementallyimprovingthemodel.AnexampleisshowninFigure6.

RESULTS

Afterthemodelwastrainedwith5instancesofentities,5instancesofconcepts,and5instances
ofkeywords, thegoalwas toseehowthismodelwouldperformon itsownwhen tagging these

Table 1. Description of potential attributes calculated from extracted entities

Attribute name Data type Necessity Description

Sentiment Boolean Optional Performssentimentanalysis
ontheextractedentityinits
surroundingcontext

Emotion Boolean Optional Performsemotionaltone
analysisontheextracted
entityinitssurrounding
context

Limit Integer Optional Setsamaximumnumberof
entitiestoextractfromthe
document.Defaultsto50.

Mentions Boolean Optional Numberofoccurrencesof
thisentityinthedocument.
DefaultstoFalse.

Mentiontypes Boolean Optional Storesthementiontypefor
eachmentionoftheentity
inthedocument.Defaults
toFalse

Model String Optional Specifiestheuseofthe
custommodeltoperform
entityextractioninsteadof
thepublicmodel

Sentencelocation Boolean Optional Storessentencelocation
foreachentity.Defaultsto
False.
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relationships, specifically after the enrichments discussed above were made. The results for the
querywhichresultsindisplayingthetopentitiesgiventheinputofthediabeticdatasetprovidedis
showninFigure7.

AsexemplifiedinFigure8,thesystemretrieved46entitieswithanegativesentimentscore.The
resultsalsoindicatedthattheentitieswerecorrectlymatchedwithkeywordssuchas“diabetes”which
wereproperlytaggedasahealthcondition.Anobviousflawariseswhenanuncommonphrasewas
giventothemodel.Whenphrase“t1d”(theabbreviatedformof“type1diabetes”)wasencountered,
themodelincorrectlytaggedthisasalocationasopposedtoahealthcondition.Althoughperformance
metrics,suchasrelevancescoreandpercentageofentitiescorrectlyidentified,doprovidesomeform
ofquantifiedanalysisforthismodel,thebestperformancemeasureforthesystemisitsuseitina
real-worldsituation.Themodelreturnednoresultswhentheknowledgebasewasintegratedwith
thedataprocessedintothesystem.Themodelwasunabletodifferentiatethediabeticdatasetwith
thedatawhichwasprocessedtobuilduptheknowledgebase.Byfar,thebestanalysisthatwasable
tobedetectedwassentimentanalysis.Overall, thesystemhaditsstrengthsinentity-recognition,
keywordextraction,andtextualsummarization.However,theconnectionbetweenunderlyingpatterns
cannotyetbeprocessedbysuchamodel.Ultimately,thisiswhatisneededforanadvancementin
medicalcognitivecomputing.

LIMITATIoNS

Oneofthebiggestchallengesthatphysiciansfacetodayisthattheydonotroutinelyconnectwith
theirpatientsafteraprocedure,especiallyasurgicalone.Theyhavenowayofknowinghowwell
theirpatientisrecoveringoreventheaveragecasescenariofortheirpatientstorecover(Freedman,
2017).ThoughservicesandmodelslikeWatsoncanhelpbridgethesegapsanddomore,therestill
existsomelimitationsthatwilltaketimetoovercome.In2017,a$39millioncollaborationproject
between MD Anderson Center in Houston Texas, and IBM Watson came to a standstill; it was
terminatedduetooverambitiousgoalsnotbeingmetbybothsides.Themedicalcenter,overseen
byUniversityofTexas,hadaplantouseWatsontechnologytoreaddataaboutpatients’symptoms,
genomicsequences,andpathologyreports.Thesedata,alongsidephysiciannotes,weretobecombined
andhelpproduceapossiblediagnosisandtreatmentforthepatient.Despiteitsambitiousvision,
theprojectwassimplytoocomplicatedfortheCognitiveComputingtechnologyinplacetoday.The
primarypointoffailurecamewithnothavingenoughcompletedatawithwhichtotrainthemodel
(Freedman,2017).Althoughlargeamountsofdatapubliclyexist,muchofitremainsunstructured.

Cognitivemodelslearnbycontinuallytweakingtheirinternalprocessesinordertoproducethe
highestpercentageofcorrectanswersbasedonsometrainingset.Anexamplewouldbetoclassify

Figure 6. DBpedia library being linked to the model for concept enrichment
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asetofradiological imagesascancerousornot.Thecorrectclassifications in thiscasearewell
known,andit isfairlyeasytotrainamodelwithdata.However,thetruechallengecomeswhen
solvingproblemswherecriticalthinkingisinvolvedandalsowithproblemsthatgobeyondhuman

Figure 7. Results after entity enrichments in JSON format
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knowledgesuchasdetectingrelationshipsbetweenspecificgenevariancesandaparticulardisease.
Similartothechickenandeggproblem,thecorrectrelationshipsneedtobeestablishedfirst.For
example,inaCognitiveComputingareasuchasself-drivingvehicles,itisfairlyeasyforaperson
withnodomainknowledgetoidentifywhatastreetis,whatastopsignis,wheretheroadends,etc.
However,inthemedicaldomain,ittakesexpertstoidentifylabelsfordata.Simplyput,anysystem
requiresalargesamplesizeofstructureddata(Moscaritolo,2018).Inthemedicaldomain,thisis
hardtocomeby,andevenifthedataexists,itneedstobelabeledbydomainexperts.Perhapsthe
timeisabittoosoontoseethenextbigadvancementinmedicalcognitivecomputing.Nevertheless,
itisthetimetobeproactiveintakingmeasurestoreachthesolution.

Inthiscase,itisthetimetostartstreamliningprocessessothatstructuredandpotentiallyuseful
datacanbecollectedinawaythatcanbeusedtotrainsuchcognitivemodels.AsShapironotes
(Shapiro2015),thisneedstobeacommunitywideapproach.Institutions,corporations,researchers,
andhospitalsallneedtobeonthesamepageandworktogethertoestablishthenecessaryprocedures
inplaceforasmootheroperationsothatthelimitsofthesesystemscanbeexpandedasthepotential
rewardcouldbegreaterthanimaginableinthenextparadigmoftechnology.

Figure 8. Results for the query “genes” involved in “type 1 diabetes” in our system
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FUTURE WoRK

Althoughthemodelconstructedinthisresearchfromthepublicdiabetesdatasethadlimitations,
itsbiggeststrengthsincludedtheidentificationofsentimentaswellasthecorrectidentificationof
entities.Suchamodelcouldparticularlybeusedforanapplicationfortrackingpatientsandtheir
moodsthroughoutaperiodoftime.AnapplicationlikeNeuro-Diarycouldgreatlybenefitfromamodel
similartotheonecreatedinthisproject.Suchapplicationscouldhelphealth-careprovidersbetter
assessandmonitorpatienthealth,evenwhentherearemorepatientsthantheycanhandle.Amodel
likethiswouldgreatlyreducetheamountoftimespentanalyzingastheprocessbecomesautomated.
Similarmodelscouldalsohaveahugeimpactonsocialfieldssuchaspsychologyandsociologyto
analyzesentiments,especiallywithlargesetsofdata.Usingtheknowledge-basedapproachweused
inthisstudycangreatlybenefitmanyvarioussystemsacrossmanydomains.Throughtherecent
advancementsincognitivecomputing,nearlyeverydomainhasspacetopushforward,however,the
necessityispressinginthemedicaldomain.Asexploredinthisstudy,thebiggestchallengeleftto
overcomeinthemedicaldomainstillremainshavingaccesstolargeamountsofunbroken,useful,and
structureddata.Thenextbreakthroughinthisareawillrequiremoreemphasisonastructuredsystem
foracquiringdatawhichisstructuredasneeded.Additionalfutureworkwouldincludecomparisonof
thismodelwithmodelscreatedbyothercognitivesystemsandstrengtheningtheempiricalevaluation
ofourmodel’sperformance.

CoNCLUSIoN

InthisworktheauthorspresentanovelmodelwithcustomizedenrichmentsforprocessingBigData
inthemedicalfield.Aspartofthedataacquisitionstep,theauthorscollectedrelevantdatafromthe
USData.govsiteonType1diabetesandintegratedthiswithatestknowledge-base.Thiswasusedto
generateamedicalcognitivemodelinIBMWatson.Thedatasetconsistedofgenesidentifiedbased
oncorrelationwiththediabetesdiseaseintheindividuals.

Next,aspartofthedataingestionstep,thecollecteddatawasenteredintoaknowledge-based
systemwithintheIBMWatsonplatform.Thesystemstoredit,indexed,andprocessedit.Oncethedata
hadbeeningestedintothesystem,enhancementsbasedonkeyword,entity,andcontentenrichment
techniqueswereappliedtothemodel.Moreover,theDBpediaAPIwaslinkedwiththeenrichments
andusedtostoreconceptsforimprovedmodelperformance.

After discussing the results of the experiment, the authors assessed the shortcomings and
limitationsofthemodelandlimitationsofcognitivemedicalmodelsgenerally.Likewise,theauthors
discussedcomplexitiesofbuildingthesemodels,includingthelackofproperresources,especially
cleandata.

Duetothehighly-technicaldomainknowledgeinthemedicalfield,thiscomplexitypresents
challenges fornatural languageextraction, even for theCognitiveComputing systemsdiscussed
inthispaper.Theinherentambiguityofhumanlanguagecoupledwiththetechnicalityofmedical
terminologycancontributetofailurestoretrieverelevantdocumentsandevenconstructappropriate
hierarchiesandclassificationsofterminologiesindocuments.Theauthors’experiencebuildingthe
custommodeldiscussedinthispaperconfirmsthedifficultiesdiscussedaboveintheLimitations
section.DespitethepromiseofCognitiveComputingandthemodelenrichmentstechniquesdiscussed
above,additionalresearcheffortwillbeessentialinthefuturetoovercomethedautingchallengeof
medicalBigDataandleverageitasatoolforhumanwelfare.
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