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1. We proposeto adaptan existing Al knowledge-representatioand reasoning(KRR) systemthat has natural-
languaggNL) competenceothatit canreadandunderstanghatientmedicalrecords(PMR) (in particular hospital
dischage summariegHDS)), andthen“translate”theminto “laypersons English” sothat patientsandtheir families
canreadandunderstandhem.Thisis a pilot projectdesignedothasa“proof of concept’andto exploretheproblems
involved.

It is well understoodhat good physician-patientommunicationbrings mary benefits. Theserangefrom im-
proving the healthoutcomesof patients[3], to making betterchoicesabouthealthcarg14], to evenimproving the
productiity of a physicians office [26]. Unfortunately physician-patientommunicationis often suboptimal. This
is duein partto languagdifficulties. Physiciansand othermedicalprovidersaretaughtto usean extensive medical
vocahulary (commonlyestimatedo beaslarge asthe completenon-technicaEnglishvocalulary). It is oftendifficult
for physiciango revertto a laypersons vocahulary whenspeakingwith patients.It is a commonexperiencefor pa-
tientsto feel confusedabouttheirillness,despitetheir doctors besteffortsto explainit. In addition,thereis increasing
interestamongpatientsto view their medicalrecords. Sincetheseare typically written using medicalterminology
they areusuallyincomprehensibléo thelay patient.

Our proposedystemwould provide automatedjeneratiorof medicalinformationin lay terms.This systemcould
be usedasan adjunctto physician-patientommunication.In particulay it would allow for betterunderstandingpf
PMRsso that patientsandtheir families could have a betterunderstandin@f their health,be ableto have morein-
formedinteractionawith their physiciansandbe ableto make moreinformeddecisionsabouttheir care.

2. HDSsareusuallyfree-text, often with little structureandirregular grammar They containmary termsfrom a
specializedmedicalvocahulary and use specialized gven cryptic (to lay people)grammaticalconstructions. They
alsomake mary assumptionaboutthe backgroundnowledgeof theintendedaudienceyiz., medicalpersonnele.g.,
statingthat a testresultis “negative”, without sayingwhetherthatis goodor bad. All of this makesit difficult for
patientsandtheir familiesto readandunderstanduchdocuments.

The majorgoal of previouswork in medicalNL processindiasbeen“extractingclinical findingsfrom [free-text]
medicalnarratives” [25] andto automatehe following tasks: (1) to facilitate datacollection, perhapsy integrating
informationfrom differentsourcesaboutsingleor multiple patients into a standardizedormat[6] for storagen an
electronicmedicalrecord“central repository” [9], or even a software agent[27]; suchinformationcould be used,
e.g.,to determinewhethertreatmentsare successfu[16,25]. (2) To learnnew vocahulary, perhapsn the serviceof
updatingonline medicallexicons[25] andintegratinglexiconsfrom differentsourcedor standardizatiorfe.g.,asin
the Unified Medical LanguageSystem(UMLS) [13], or evenjustto be ableto copewith unfamiliarwords[1]. (3) To
determingpatientneedson the basisof obsenations(“findings”), soasto be ableto poseclinical querieg12] andto
monitorandassesgatientcare,e.g.,for treatmenbof asthmd5,16,17].

Althoughthereare someprojectsin the medicalinformaticsliteraturethatarerelevantto ours,noneattemptthe
sortof translatiorof personatlocumentshatwe havein mind. (1) PIGLIT (PatientinformationGeneratedby Loosely
Intelligent Techniqueg2]) wasdesignedor patientsto usein their doctor’s office waiting rooms,sothatthey could
accessnformationfrom their own medicalrecordwhile waiting to seethe doctor PIGLIT representsheinformation
in PMRsin aknowledgerepresentatiofKR) systemandthengeneratesmall (oneparagraphgxplanationgailored
to the patients history. However, theNL generationn PIGLIT appeargo belittle morethaninsertingcannedext into
appropriateslots. (2) HealthDoc[8] producesrochureselatingto particularailments,tailoredfor the specificsof a
patients particularconditionor backgroundnowledge.Thesearebasedn a“masterdocument’thatcanbeproduced
attwo differenttechnicallevels (low andhigh) andusingdifferentrhetoricalrelationsamongtheinformation.(3) The



Migraine Project[4] createsinteractive explanationsof migrainesfor patients,basedon their own medicalhistory.
Patientsconstructguestionsrom a menu,which thusrestrictsthe possibleinteractions.

We distinguishbetween(medical) NL processing and (medical)NL understanding: The former useswhatever
computationabnd statisticaltechniqueswill efficiently convert NL text into a usableform. The latteris morecon-
cernedwith cognitive issuestheability of a softwareagentto understand the medicalnarrative. Thereis a spectrum
leading up to and connectingthesetwo extremes,measuredy levels of accessand representation.At the pure
computefprocessingend, dataare storedin a computerrecordor database-managemesystemand retrieved via
guerieskeyword searcher statisticalanalysis.More sophisticatiorcanbeaddedoy inferring new informationfrom
storedinformation, asin a deductve databaser—if commonsensdyackground(e.qg., specializedmedicalknowl-
edge),or world knowledgeis added—ina knowledgebase(KB). The useof computational-linguisticechniquego
capture'meaning”[12] addsevenmorevalue,with themodelingof a cognitive agentaddingmorehuman-like under
standing.But mostresearcherseemto be usingstraightforvard NLP softwareto procesgherecordg1,7,11,16,18].
No oneseemsgo be usingmoreadvancedAl techniquessuchasthe useof arobustKRR system.

3. We proposeo accomplistthis andto demonstratéhe understandingia translatiorinto plain EnglishusingCassie,
a computationalcognitive agentimplementedn SNePY21-23]. SNePSthe SemantidNetwork Processingystem,
isaKRR systermwith anEnglishlexicon, morphologicabnalyzer/synthesizeandageneralizedaugmented-transition-
network (ATN) parsergeneratofor NL understandingndgeneratiorthat, ratherthanbuilding anintermediatgarse
tree, translate€Englishinput directly into a semantidnterpretationrepresente@sa propositionalsemanticnetwork
and can generateEnglish sentencegxpressingits “knowledge” [19,20,24]. Nodesin a SNePSnetwork represent
conceptslinkedby labeledarcs.All information,including propositionsjs representetty nodes;propositionsabout
propositionscanberepresenteavithout limit. Arcs form the underlyingsyntacticstructureof SNePS Arc-pathscan
be definedfor path-basedhferencejncluding propertyinheritancewithin generalizatiorhierarchiesNodesandrep-
resentecconceptsarein 1-1 correspondenceThis uniquenesgrinciple guaranteeshat nodesare sharedwhenever
possibleandthatnodesrepresenintensionalbbjects(e.g.,conceptspropositionspropertiesandobjectsof thought).
In particular this facilitatesdealingwith multiple specificationgor a singleconcept.SNePSs inferencepackageac-
ceptsrulesfor deductve anddefaultreasoningallowing the systemto infer “probable” conclusionsn the absencef
contraryinformation. Whencombinationf assertegropositiondeadto a contradictionthe SNeBRbelief-revision
packageallows the systemto remove from the inconsistentontext oneor moreof thosepropositiong11]. Oncea
premiseis no longerassertedthe conclusionghatdepende@n it arenolongerassertedn thatcontext.

SNePShasalreadybeenusedas an interlinguafor intelligent machinetranslationof NL [10]. In this project,
Chinesetext (written in Chinesecharactersjvasparsedoy an ATN into a SNePSKR, which, alongwith background
linguistic knowledge,was then generatedy the ATN into English. The adaptationof this stratey to the present
domainshouldbe straightforvard. Thetaskbreaksdown asfollows:

(1) HDSswith identifying informationdeletedwould be suppliedby medicalpersonneht Children’s Hospital.

(2) HDSswould berepresenteih SNePSEventually thiswill be automatedria an ATN (or similar) parser For
the presentpilot project, however, this will be doneby hand,sincethereare moreissuesin parsingfree text than
fall within the scopeof this proprosal. That said, thereare still mary importantissuesin the KR task. Preliminary
experimentsn representingdDSsin SNeP Sy our studentsuggesthatwe needto determinan advancea number
of “caseframes”(roughly, analyse®f differentsentenceypes)thatcould be usedfor all HDSsin a uniform manner
Riloff [15] hasdevelopeda softwareapproactto doingthis thatwe would lik e to test.

(3) Backgroundmedicalknowledgeof the sort that the typical physicianreaderof an HDS would know would
berepresenteth SNePSThis would include definitionsof medicalterms,the natureandtypical resultsof medical
tests etc. Althoughsomeof thisinformation(especiallylexical information)is availableon line throughsuchsources
asUMLS andMeSH (Medical SubjectHeadingshttp://www.nim.nih.gav/mesh/meshome.hml), preliminaryexper
imentswith usingthe latter suggesthatthe definitionsare ashardto understandsthe term needingto be defined.
This partof the projectwould involve expert-systems-stylmterviews anddebriefingswith expertmedicalpersonnel.

(4) Wewould decidehow to expresgheHDSsin plain English.l.e.,how plainis “plain”? Preliminaryexperiments
suggesthatthis canbedone,but thatit requiresnot only consultatiorwith medicalexperts(from stage(3)) but alsoa
determinatiorof how muchinformationneedso beprovidedto thelay reader

(5) At this stage we would have a KB consistingof boththeinformationin the HDS andtherequisitebackground
medicalknowledge,andwe would have a targettext in plain English. An ATN would thenbe developedthatwould
generategheinformationin theHDS in plain English,usingthetechnique®f [19], from the KB.



(6) To calibrateour results we would have medicalexpertsreadandcritiquethe systemss translationgor correct-
nessandwe would have lay patientsreadthemto give usfeedbackon their easeof understandingindary remaining
guestionghatthey would have.

(7) Oncewe have a systenthatcancreatethe plain Englishversionfrom the KB, we would applyfor full funding
to fully developthe systemandto automatestage(2).

4. We requesfundsto support2 graduatestudentgo assistin the encodingof the HDSsandbackgroundknowledge,
andthe generatiorof plain Englishtext from this knowledgebase. Studentl would explore information-extraction
techniqueso encodeghe HDSinto SNePSandwould createa SNePXB of medicalbackgroundnformation.Student
2 would assistin the lattertaskanddevelopthe ATN generatiorgrammarthatwould outputthe target plain-English
document.
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