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1. We proposeto adaptan existing AI knowledge-representationand reasoning(KRR) systemthat hasnatural-
language(NL) competenceso that it canreadandunderstandpatientmedicalrecords(PMR) (in particular, hospital
dischargesummaries(HDS)),andthen“translate”theminto “layperson’sEnglish” sothatpatientsandtheir families
canreadandunderstandthem.Thisis apilot projectdesignedbothasa“proof of concept”andto exploretheproblems
involved.

It is well understoodthat goodphysician-patientcommunicationbrings many benefits. Theserangefrom im-
proving the healthoutcomesof patients[3], to makingbetterchoicesabouthealthcare[14], to even improving the
productivity of a physician’s office [26]. Unfortunately, physician-patientcommunicationis oftensuboptimal.This
is duein part to languagedifficulties. Physiciansandothermedicalprovidersaretaughtto useanextensive medical
vocabulary(commonlyestimatedto beaslargeasthecompletenon-technicalEnglishvocabulary). It is oftendifficult
for physiciansto revert to a layperson’s vocabulary whenspeakingwith patients.It is a commonexperiencefor pa-
tientsto feelconfusedabouttheir illness,despitetheirdoctor’sbesteffortsto explain it. In addition,thereis increasing
interestamongpatientsto view their medicalrecords.Sincethesearetypically written usingmedicalterminology,
they areusuallyincomprehensibleto thelay patient.

Ourproposedsystemwouldprovideautomatedgenerationof medicalinformationin lay terms.Thissystemcould
be usedasan adjunctto physician-patientcommunication.In particular, it would allow for betterunderstandingof
PMRsso that patientsandtheir familiescould have a betterunderstandingof their health,be ableto have morein-
formedinteractionswith their physicians,andbeableto makemoreinformeddecisionsabouttheir care.

2. HDSsareusually free-text, often with little structureand irregular grammar. They containmany termsfrom a
specializedmedicalvocabulary andusespecialized,even cryptic (to lay people)grammaticalconstructions.They
alsomakemany assumptionsaboutthebackgroundknowledgeof theintendedaudience,viz., medicalpersonnel,e.g.,
statingthat a testresult is “negative”, without sayingwhetherthat is goodor bad. All of this makesit difficult for
patientsandtheir familiesto readandunderstandsuchdocuments.

Themajorgoalof previouswork in medicalNL processinghasbeen“extractingclinical findingsfrom [free-text]
medicalnarratives” [25] andto automatethe following tasks:(1) to facilitatedatacollection,perhapsby integrating
informationfrom differentsources,aboutsingleor multiple patients,into a standardizedformat[6] for storagein an
electronicmedicalrecord“central repository” [9], or even a softwareagent[27]; suchinformationcould be used,
e.g.,to determinewhethertreatmentsaresuccessful[16,25]. (2) To learnnew vocabulary, perhapsin the serviceof
updatingonlinemedicallexicons[25] andintegratinglexiconsfrom differentsourcesfor standardization(e.g.,asin
theUnified MedicalLanguageSystem(UMLS) [13], or evenjust to beableto copewith unfamiliarwords[1]. (3) To
determinepatientneedson thebasisof observations(“findings”), soasto beableto poseclinical queries[12] andto
monitorandassesspatientcare,e.g.,for treatmentof asthma[5,16,17].

Althoughtherearesomeprojectsin themedicalinformaticsliteraturethatarerelevant to ours,noneattemptthe
sortof translationof personaldocumentsthatwehavein mind. (1) PIGLIT (PatientInformationGeneratedby Loosely
IntelligentTechniques[2]) wasdesignedfor patientsto usein their doctor’s office waiting rooms,sothat they could
accessinformationfrom their own medicalrecordwhile waiting to seethedoctor. PIGLIT representstheinformation
in PMRsin a knowledgerepresentation(KR) system,andthengeneratessmall (oneparagraph)explanationstailored
to thepatient’shistory. However, theNL generationin PIGLIT appearsto belittle morethaninsertingcannedtext into
appropriateslots. (2) HealthDoc[8] producesbrochuresrelatingto particularailments,tailoredfor thespecificsof a
patient’sparticularconditionor backgroundknowledge.Thesearebasedona“masterdocument”thatcanbeproduced
at two differenttechnicallevels(low andhigh)andusingdifferentrhetoricalrelationsamongtheinformation.(3) The
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Migraine Project[4] createsinteractive explanationsof migrainesfor patients,basedon their own medicalhistory.
Patientsconstructquestionsfrom a menu,which thusrestrictsthepossibleinteractions.

We distinguishbetween(medical)NL processing and(medical)NL understanding: The former useswhatever
computationalandstatisticaltechniqueswill efficiently convert NL text into a usableform. The latter is morecon-
cernedwith cognitive issues:theability of a softwareagentto understand themedicalnarrative. Thereis a spectrum
leadingup to and connectingthesetwo extremes,measuredby levels of accessand representation.At the pure
computer-processingend, dataare storedin a computerrecordor database-managementsystemand retrieved via
queries,keywordsearches,or statisticalanalysis.Moresophisticationcanbeaddedby inferringnew informationfrom
storedinformation,as in a deductive databaseor—if commonsense,background(e.g., specializedmedicalknowl-
edge),or world knowledgeis added—ina knowledgebase(KB). The useof computational-linguistictechniquesto
capture“meaning”[12] addsevenmorevalue,with themodelingof acognitiveagentaddingmorehuman-likeunder-
standing.But mostresearchersseemto beusingstraightforwardNLP softwareto processtherecords[1,7,11,16,18].
No oneseemsto beusingmoreadvancedAI techniques,suchastheuseof a robustKRR system.

3. Weproposeto accomplishthisandto demonstratetheunderstandingvia translationinto plainEnglishusingCassie,
a computational,cognitiveagentimplementedin SNePS[21–23].SNePS,theSemanticNetwork ProcessingSystem,
isaKRR systemwith anEnglishlexicon,morphologicalanalyzer/synthesizer,andageneralizedaugmented-transition-
network (ATN) parser-generatorfor NL understandingandgenerationthat,ratherthanbuilding anintermediateparse
tree,translatesEnglishinput directly into a semanticinterpretationrepresentedasa propositionalsemanticnetwork
andcan generateEnglish sentencesexpressingits “knowledge” [19,20,24]. Nodesin a SNePSnetwork represent
concepts,linkedby labeledarcs.All information,includingpropositions,is representedby nodes;propositionsabout
propositionscanberepresentedwithout limit. Arcs form theunderlyingsyntacticstructureof SNePS.Arc-pathscan
bedefinedfor path-basedinference,includingpropertyinheritancewithin generalizationhierarchies.Nodesandrep-
resentedconceptsarein 1-1 correspondence.This uniquenessprinciple guaranteesthat nodesaresharedwhenever
possibleandthatnodesrepresentintensionalobjects(e.g.,concepts,propositions,properties,andobjectsof thought).
In particular, this facilitatesdealingwith multiple specificationsfor a singleconcept.SNePS’s inferencepackageac-
ceptsrulesfor deductiveanddefault reasoning,allowing thesystemto infer “probable”conclusionsin theabsenceof
contraryinformation.Whencombinationsof assertedpropositionsleadto a contradiction,theSNeBRbelief-revision
packageallows the systemto remove from the inconsistentcontext oneor moreof thosepropositions[11]. Oncea
premiseis no longerasserted,theconclusionsthatdependedon it areno longerassertedin thatcontext.

SNePShasalreadybeenusedasan interlinguafor intelligent machinetranslationof NL [10]. In this project,
Chinesetext (written in Chinesecharacters)wasparsedby anATN into a SNePSKR, which,alongwith background
linguistic knowledge,was thengeneratedby the ATN into English. The adaptationof this strategy to the present
domainshouldbestraightforward.Thetaskbreaksdown asfollows:

(1) HDSswith identifying informationdeletedwouldbesuppliedby medicalpersonnelatChildren’sHospital.
(2) HDSswould berepresentedin SNePS.Eventually, this will beautomatedvia anATN (or similar) parser. For

the presentpilot project,however, this will be doneby hand,sincetherearemore issuesin parsingfree text than
fall within the scopeof this proprosal.That said,therearestill many importantissuesin the KR task. Preliminary
experimentsin representingHDSsin SNePSby our studentssuggestthatwe needto determinein advancea number
of “caseframes”(roughly, analysesof differentsentencetypes)thatcouldbeusedfor all HDSsin a uniform manner.
Riloff [15] hasdevelopeda softwareapproachto doingthis thatwewould like to test.

(3) Backgroundmedicalknowledgeof the sort that the typical physicianreaderof an HDS would know would
berepresentedin SNePS.This would includedefinitionsof medicalterms,thenatureandtypical resultsof medical
tests,etc.Althoughsomeof this information(especiallylexical information)is availableon line throughsuchsources
asUMLS andMeSH(MedicalSubjectHeadings;http://www.nlm.nih.gov/mesh/meshhome.html), preliminaryexper-
imentswith usingthe latter suggestthat the definitionsareashardto understandasthe term needingto be defined.
Thispartof theprojectwould involveexpert-systems-styleinterviewsanddebriefingswith expertmedicalpersonnel.

(4) Wewoulddecidehow to expresstheHDSsin plainEnglish.I.e.,how plainis “plain”? Preliminaryexperiments
suggestthatthiscanbedone,but thatit requiresnotonly consultationwith medicalexperts(from stage(3)) but alsoa
determinationof how muchinformationneedsto beprovidedto thelay reader.

(5) At thisstage,wewouldhaveaKB consistingof boththeinformationin theHDSandtherequisitebackground
medicalknowledge,andwe would have a target text in plain English. An ATN would thenbedevelopedthatwould
generatetheinformationin theHDS in plainEnglish,usingthetechniquesof [19], from theKB.
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(6) To calibrateour results,wewouldhavemedicalexpertsreadandcritiquethesystems’s translationsfor correct-
ness,andwewould have lay patientsreadthemto giveusfeedbackon their easeof understandingandany remaining
questionsthatthey would have.

(7) OncewehaveasystemthatcancreatetheplainEnglishversionfrom theKB, wewouldapplyfor full funding
to fully developthesystemandto automatestage(2).

4. We requestfundsto support2 graduatestudentsto assistin theencodingof theHDSsandbackgroundknowledge,
andthe generationof plain Englishtext from this knowledgebase.Student1 would explore information-extraction
techniquesto encodetheHDSinto SNePSandwouldcreateaSNePSKB of medicalbackgroundinformation.Student
2 would assistin the latter taskanddeveloptheATN generationgrammarthatwould outputthetargetplain-English
document.
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