THE NEW REVIEW OF HYPERMEDIA AND MULTIMEDIA, Volume 4, 1998.

Special Issue on:

^Adaptivity and user modelling in hypermedia systems~

Peter Brusilovsky and Maria Milosavljevic (Eds)

The Dynamic Generation of Hypertex t Presentations of M edical Guidelines

Berardina De Carolis and Fiorella de Rosis

Dipartimento di Informatica,

Università di Bari nadja@aos2.uniba.it, derosis@di.uniba.it

Chiara Andreoli, Vincenzo Cavallo and M. Luisa De Cicco

Dipartimento di Medicina Sperimentale e Patologia,

Università "La Sapienza", Roma cavallov@axrma.uniroma1.it

AbstractAbstract

We describe a project aimed at developinga tool togenerate user and context-adapted textual descriptions ofclinical guidelines on the

World Wide Web. ARIANNAemploys two knowledge sources (a decision tree and a taxonomyof concepts in the clinical domain) and schemaand ATN-basedNLG techniques, todynamicallygeneratethe hypermedia. This appears totheuser as a frameset withthree main components:the guideline itself, the explanation of related concepts and the justification ofindividual steps. Each component is adapted totheuser:i) the guidelineis adaptedtothe user goal in consultingthesystem(tutoring vs decision support);ii) explanations ofconcepts are adapted tothe user knowledge and tothe interaction history; iii) justifications are reserved tothe tutoringconsultation mode.We describeaproject aimed at developingatool togenerateuser and context-adaptedtextual descriptions ofclinical guidelines on the World

WideWeb. ARIANNAemploys twoknowledgesources (a decisiontreeandataxonomyofconcepts in the clinical domain) and schema and ATN-based NLGtechniques, todynamicallygenerate the hypermedia. This appears tothe user as a frameset with three main components:the guideline itself, the explanation of related concepts and the justification ofindividual steps. Each component is adapted totheuser:i) the guidelineis adaptedtothe user goal in consultingthesystem(tutoring vs decision support);ii) explanations ofconcepts areadaptedtotheuser knowledge andtotheinteractionhistory; iii) justifications arereservedtothetutoringconsultation mode.

Keywords: dynamicgeneration of user-adaptedhypermedia, clinical guidelines, concept explanation.

1. INTRODUCTION 1

Clinical guidelinesare"systematicallydeveloped statementstoassist practitioner and patient decisionsabout appropriate health carein specific clinical circumstances" (12); their application fulfilsdifferent but confluent needs: (i) thepatients’ right toreceiveappropriatediagnosticproceduresand treatments; (ii) a patient-directed and medicallyjustified control of thehealth expenditureand (iii) thelegal defenceof physicians, whocan demonstratethat theyfollowed officiallyestablished principles, in specificcircumstances. Toreach thesegoals, clinical guidelinesmust bemade accessibleto a broadpopulation ofusers: theWWWisthereforethebest candidatedeveloping platform for such systems, whose potential usersmaybeclassifiedin thefollowing groups:

· students , whomaylearn diagnosticandtherapeuticprocedures tofollowin specificsituations;

· doctors with several degreesof competence, whomayapplycorrect diagnosticandtherapeuticprocedures;

· patients , whomayget information about thescopeandtheefficacyof thehealth treatment theyhave toundergo.

Guidelinesarenot just a prospect of health care: in several clinical fields(such ascancer treatment) theyarea broadly acceptedreality; in Italytheyrecentlybecameregulated bylaw. Astheyusuallytaketheform of largedocuments, theyare rigid and difficult to consult. In addition, to insuretheir introduction intohealth care, themedical staff needsto be convinced about therationalebehind suggestionsand to understand all conceptsinvolved: justification of suggestionsand concept explanationsarethereforeessential constituentsof anycomputer-based guidelineconsultation system. The clinical guidelinesthat maybe found on theWWWareconceived aselectronicversionsof paper-based protocols; thisapproach is adequatefor information but not for trainingand orientation. From these preliminaryconsiderations, we mayconcludethat a computer-based clinical guidelinesconsultation system should includethefollowing components: (i) the guideline itself;

(ii) explanations of conceptsmentioned in theguidelineand (iii) justifications of individual steps. Each ofthese components should beadaptedtotheuser: theguidelines should beadapted totheir goal in consulting thesystem (tutoring vs decision support vsinformation) that isrelated, in itsturn, totheir category(student vsdoctor or patient); explanations of concepts should beadaptedtotheuser knowledgeand totheinteraction history; justifications should bereserved for the tutoring consultation mode.

We hada year’sexperiencein buildinghypermedia guidelines(11): buildinga hyperdocument ’from scratch’ required close cooperation of doctorsand computer scientists; in addition, pagebuilding had toberepeated with different presentation formsasguidelineshad to beadapted totheuser characteristics; therisk wastoend up thislong work with a system in which inconsistenciesin thepagelayout might occur. Toovercometheselimits, we began thenewproject that istheobject of thispaper: we defined a formalism to represent clinical knowledgebehind guidelinesand we designed a tool

(ARIANNA) that translatesthisknowledgeintodynamicallygenerated and user-adapted hypermedia descriptionsof guidelines. Two knowledgesourcesare employed in ARIANNA: a decision tree, that representsthedecision process, and some taxonomiesof concepts in themedical domain; schema and ATN-based NLGtechniques areused to translatethis knowledgeintohypermedia.

Thethreecomponentsof a guidelinethat we mentioned above areseen bytheusersaspartsof a frameset, as shown in

Figure 1 :

- a scroll-shaped guideline form (on theleftsideof thisfigure) enablesthem toprovidedata about a particular clinical casetheywant tosolve(in the example, thesedata arethedirect/indirect bilirubin ratioand somerelevant symptoms) and to suggeststeststoperform, likelydiagnosesand appropriatetreatments. Anchorstoexplanationsof conceptsin theknowledgebaseareattachedautomaticallytothegenerated sentences(again, in theexample, a link to’liver

US scan’). Themetaphor of ’scrolling’ representstheform’sabilityto wrap round on itself tofocus on the present step of thedecision process, to showprevious stepsof theconsultation when needed or tosynthesisethem when an intermediate

1 T his Project was supported by the National ResearchCouncil, Committee on Information technology.

16

conclusion isreached. 2 Wepreferredthispresentation styletoa sequenceofindividual pagesbecauseit reducestherisk of losing orientation in thehypermedia, which wasoneofthelimitsof our previousprototype;

- an explanation frame (rightsideof thefigure) enablesdisplaying clarificationsof conceptsmentioned in the guidelinewhen theuser requeststhem; these explanationsareadapted totheusers’ experience and totheir knowledgeof other concepts;

- a justification frame displays motivationsof suggestions, toincrease understanding of therationalebehind the guidelines; thisframeisnot visiblein thefigurebecauseit comesat thesameplaceasthe explanation frame, the two framesnever being shown together.

Figure 1: an exampleof ARIANNA’soutput (an english translation oftheoriginal, in italian)

2 T hismetaphor remindstheidea of`scrolling a roll´, that isa ^written document (ason parchment or paper) that isrolled up for carrying or storing~ (Webster ThirdInternational Dictionary).

16

Thedecision to displayconcurrentlythethreementioned componentswasdriven byBlack and others’ studieson on-line

dictionaryinformation (1), who showed that making thedefined wordsvisuallysalient within the text and displaying the

definitionsin a separate glossary window at thesideof thetext increasesthereader’swillingnessto accessdefinitions. As

thesubjectsinvolvedin the cited studywere not asked to learn themeaningsof thedefined words, it isnot proved whether

thismethod of displaying ’ancillaryinformation’ reallyaffectslearning: wethen took thesuggestion asa reasonable

starting point, and plan toverifythevalidityof themethod in our evaluation studies. In Section 2 ofthispaper, we

illustratethearchitectureof ARIANNAand describeitsknowledgebase. Section 3 outlinesthegeneration method by

describing, in particular, howthetwo main componentsoftheframeset (guidelinesand explanations) areproduced

dynamically, and providesan exampleof result of thegeneration procedure. Section 4 setstheimplementation and

evaluation stateofthissystem and Section 5 comparesit with similar projectsin thefield.

2. THEARCHITECTUREOFARIANNA

Thearchitectureof ARIANNAis shown in Figure 2 . Usersenvisaged for thisfirst prototype areonlystudentsand doctors:

we deferred to a futureprototype thegeneration of patient-oriented guidelines, which requiresan ad-hocdesign. Theuser

interactswith thistool byusinga web browser; at thebeginning oftheconsultation, sheintroducesa fewpersonal data and

selectsa guidelinename, among thoseknown tothesystem. Theconsultation then starts, with thesystem displaying the

selected guideline’sfirst step. Theuser answersto questionsor acknowledgesthesystem’s suggestions; shemaycheck the

justification ofsuggestionsbyclicking on the’ why ’ button and ask for the explanation ofa concept byclicking on the

corresponding anchor . Shemayask, in addition, whya different suggestion wasnot provided, byclicking on the’ why not ’

button. Thiscommand opensa dynamically- generated menu, that shows thealternatives; oncetheuser selected oneof

them, a ’contrast’ explanation isgenerated, with themethodthat will bedescribedlater on . 3 .

All sectionsoftheframeset areproducedat run-time, from three interactingmodules:

a. a Guideline Generator readsa decision treein a top-down wayand producesan ’interaction turn’ in thescroll-

shaped guideline: thiscan bea request ofdata, thesuggestion of a test to beperformed or a diagnosticor a treatment

step; it interpretstheuser answer and proceedswith exploration of thedecision treebygenerating thenext turn, until

thedecision processcomestoa conclusion;

b. an Explanation Generator answerstheuser’srequest for explanation of a concept byemploying knowledge

embodied in several taxonomiesof medical conceptsand bytaking intoaccount what theuser alreadyknows or has

seen duringinteraction;

c. a User Modelling component triggersa stereotype model from a fewinitial data and updatesit during interaction, by

building an individual User Profilethat recordstheinteraction historyfor everyvisited guideline, aswell asthe

conceptsthat havebeen explainedtothat user.

3 E xplanation ofwhya particular decision wasnot madeisa component of thequestion-answering abilityof decision-

support systems. MYCIN(3) responded tothesequestionsbyexplaining what prevented thesystem from using rulesthat

would havemadethat decision. Theknowledgebaseof ARIANNAdoes not allowusto adopt a similar generation

method: thisisthereason whywe exploit knowledgeabout concepts, toremark thesalient differencesbetween the

suggestedtopicandtheselectedalternative.

16

Figure 2: thearchitectureofARIANNA

TheGenerator employes traditional NLGtechniques(27): it decideswhat to sayand thehypertext layout at each

interaction step byemploying threeknowledgesources(about theuser, thedomain and thegeneration strategies). As

emphasised in other similar systems(7), producing dynamicallya hypertext tobe consulted on theWebdifferentiatesthe

generation processin at least two aspects. Thefirst oneis surfacerealisation, as themethod hasto encodehowtowrite

HTMLtagsand specifywhen and whereto insert a link to another section of thehypermedia. Thesecond oneregardsthe

dynamicsof generation, that requiresa client/server communication through CGI programs. Each link correspondstoa

potential user command; each link selection callsa CGI Script that activatesa Java program generating HTMLpages"on

thefly", according totheuser categoryand theinteraction history. Wenowdescribe in moredetail theKB structure of

ARIANNA.

2.1 DomainKnowledgeBase:decisiontrees

Thedecision processisrepresented asa treewhosenodesarelabelled with setsof data and whosearcsmaybe labelled

with clinical test results; an example ofdecision treeis shown in Figure 3 : thisisthedecision knowledgeabout jaundice

that wasemployed in buildingthescroll-shapedguidelinein figure1 . Anodebelongstothe classof Node-objects, that are

identified bya nameand aredescribed bya fewposition-attributes: father = <father-nodeidentifier>; child = <first-born-

nodeidentifier>; brother = <next-brother-nodeidentifier>. Likein classical decision analysis(31), the Node class

specialisesin twosubclasses: Chance-Nodes denotesymptomsor test results; Decision-Nodes denote tests, diagnosesor a

treatments 4 . Thesesubclassesinherit theattributesofthe Node class , towhich theyaddtheir own attributes:

Chance-Nodes: type = <C>; question = <sentencein interrogativeform>; answers = <list of stringsrepresenting the

possibleanswers > : itemsin thislist arethelabelsattached to arcsconnecting thenodetoitschildren, in their birth

order (from left toright);

Decision-Nodes: type = <T/D/P>; suggestion = <test name>/<diagnosisname>/<treatment-planname>;

justificati on =<sentence>; explanation = "yes" ifexplanation exists, "no" otherwise.

4 "Achoicenode(also called decision node ) denotesa point in timeat which thedecision maker can elect oneof several

alternativecoursesof action..... A chance node denotesa point in timeat which oneofseveral possibleeventsbeyond the

control ofthedecision maker maytakeplace."(31).

16

Figure 3: an exampleofdecision tree

For example, in Figure 3 , C0, C3 and C5 are chancenodesabout test resultswhileC1, C2, C4 and C6 areabout

symptoms; T0andT1 concern thesametest; D0, D1aredifferent diagnoses.

2.2 DomainKnowledgeBase:taxonomy ofconcepts

Medical conceptsmentioned in thethreetypesof decision nodesareorganised intoseparatehierarchies: thisstructureis

suited to our purposeof generating explanationsbyemploying the’comparison with semanticsimilars’ criterion, as"the

assessment of similarityin semanticnetworkscan in fact bethought of asinvolving onlytaxonomic(IS-A) links" (30).

Inheritancein concept hierarchiesisemployed in describing the nodes, so that an intermediatenode can add or specialise

attributestoitsfather node; thisrepresentation enablesour medical partnersto describeconceptsthrough specialisation (a

notableadvantage, given that thissection of theknowledgebaseisthelongest tobuild). Aswewill seelater on, this

representation isalso a good starting point togeneratecontext and user-customised explanationsof conceptsand tofavour

a ’structured’ learning of conceptsbytheuser. Our work hasconcentrated, sofar, in building thetaxonomicdescription of

radiological and clinical tests: theultrasound testsclassification is shown, asan example, in Figure 4 . The’Ultrasound of

theliver and biliaryducts’, that wasdescribedin figure1, isa low-level nodein thistaxonomy.

16

Figure 4: thetaxonomyof ultrasoundtests

Likein thedecision trees, nodesin theconcept taxonomiesare subclassesof thegeneral Nodeclass, and aretherefore

described bya list of position-attributes, to which theyadd progressively, at everylower level of thehierarchy, new

specificattributes. Thesenewattributesare classified according totheir information content: Table 1 shows thecategories

of attributesfor ultrasound tests. Acanned text of variablelength isattached toeveryattribute, so that explanation results

of a dynamicandcontext-customised combination ofthesetexts.

_________________________________________________________________

Class Name Description

category type test subcategory(Rx,CTetc)

organ organ on whichthetest is made

principle technique physical, biological and/or

chemical principle behindthetest

purpose scope what thetest is applied for

pathologies anatomo/physiological changes

thetest is abletodiscover

selection advantages clinical, economical or other

advantages of thetest

disadvantages alike, innegative

execution method howthetest shouldbeperformed

precautions conditions that must beinsured

for thetest tobeperformed correctly

interpretation results howthetest results maybeinterpreted

__________________________________________________________________

Table 1: attributesof test-objects

16

2.3 Generationstrategies.

TheGenerator exploitsa libraryof micro-generation functions which producedifferent, elementaryoutputson the

Browser: write-sentence and write-anchor writea text fragment, thesecond onewith an anchor; write-button and write-

image select and showa button or a picture, ....and so on. Other, morecomplex functionsenablebuilding partsof a frame

(for instance: write-title, write-frame ). Thesemicro-generation functionsarethealphabet of our generation language: as

theyaredomain-independent, we employthem, aswell, in other hypermedia generation systemslikeGeNet (10). Theyare

associated as’actions’ to thearcsof the Augmented Transition Networks (ATNs) that represent morecomplex and

application-dependent functions. Thethird and higher-level formalism that we employin our Generator isa revised

version of McKeown’s schemas (20) . Our schemasestablish a connection among knowledgebase componentsand

generation strategies: theydefinethecommunication goal (in theHeader) , when theschema maybeapplied (in the

Constraints), the changesit producesin theUser Model (in the Effects) and howit maybe decomposed in a combination

of lower abstraction schemasand/or ATNs. Two examplesof schemasareshown in Figure 5 : their meaning will be more

clear when wewill describethegeneration method in moredetail.

Name:

Header: Describe (S H C)

Constraints : WantToKnow (H C) and

Decomposition: Call ($Title (C))

Describe-Identities (S H Ck C)

Describe-Differences (S H Ck C)

:

Effects: KnowAbout (H C)

)

Name:

Describe-Peculiarities (S H Ck C)

Header:

Describe-Peculiarities

Constraints: Exists ai (Attribute (ai C) and

not Attribute (Ai Ck))

Decomposition: Call ($Introduce-Peculiarities (Ck C))

Effects:

KnowAbout (H ai) and KnowAbout (H Ck) of-a-Concept

Forall ai (Attribute (ai C) and

not Attribute (ai Ck))

not Attribute (ai Ck))

Forall ai (Attribute (ai C) and

Explain-by-comparison-with-father

Exists Ck (Father (Ck C)

Call ($Introduce-father (Ck C)

Describe-Peculiarities (S H Ck C)

Call ($Illustrate-Attributes (ai))

)

Figure 5: two examplesof explanation generation schemas

2.4. User Modeling

Thedecision of what to model and howto model it isdriven bythedecision of what to adapt and howto adapt it . The

following featuresofARIANNAareadaptedtotheuser andthecontext:

· thesystem goal (decision-support vstraining): in thefirst case, usersareguided to followtheappropriatediagnostic-

therapeuticprocedurefor a specificpatient; asinteraction may break off for several reasons, theinteraction historyis

registered in theUser Model, sothat consultation oftheguidelinecan start, later on, from thesamepoint at which it

was interrupted, byinitiallysummarizing that situation. If thesystem goal istraining, usersexploretheguidelinein a

’what-if’ mode, bynot necessarilyexamining a specific clinical case: theycan then goback to a previouschancenode,

to changetheir answer and checkhowthesystem suggestion changesaccordingly;

16

· the conceptsexplanation mode : a concept maybe explained either individually or bycomparison or contrast with

other concepts;

· the individual concept description : thismayincludea selected subset oftheconcept attributes.

Thesystem goal, aswell astheconcept description, areadapted totheuser level of education: the’training mode’ is

reserved(bydefault) to students, the’decision-support’ modetodoctors; attributesintroduced in thedescriptionsaddressed

to studentsand todoctorsaredifferent; theconcept explanation modeisadapted toknowledgeof other conceptsin the

taxonomy. We can nowdescribehowusersaremodeledin ARIANNA:

· a stereotype istriggered from answersto ’educational level’, ’yearsof experience’ and ’typeof specialisation’ questions.

Thestereotype’sbodyincludesa list ofdefault propertiesofthetype: KnowAbout (UCi) , whereCi isa concept in one

of thetaxonomiesin theDomain KB. Stereotypes aresuch that: (i) undergraduatestudentsarepresumed toignoreall

concepts, (ii) graduating studentsarepresumed to knowonlytheconceptsat thehighest level, in thetaxonomiesthat

correspondtotheir specialisation; (iii) general practitionersknowhighest level conceptsin all taxonomiesand, finally,

(iv) specialist doctorsarepresumedtoknowall concepts, in thetaxonomythat correspondstotheirspecialisation . 5

If we consider, for instance, thetaxonomyof ultrasound teststhat is shown in figure4, graduating studentsand

general practitionersarepresumed (bydefault) to befamiliar onlywith ultrasoundsin general, and howtheyapplyto

surfacetissuesand organsand todeep organs. Radiologists, on thecontrary, arepresumed toknowall theconceptsin

thetaxonomy.

· immediatelyafter activation, thestereotype iscopied intoa UserProfile which isupdated dynamicallyduring

interaction, byrevising thelist of KnowAbout propertiesand thehistoryof interaction with theguidelinetheuser is

examining. Thismodel is stored between sessions, sothat thedefault stereotype isonlyemployed at thefirst

interaction ofa user with ARIANNA, whileit issubstituted, from then on, with theupdated individual profile (as

shown in thesystem’sarchitecture, in figure2). Updating of theuser knowledgeisbased, in particular, on therule:

Explain (S UCi) KnowAbout (UCi) . Weknowthat thisassumption haslong been discussed in thehypermedia

generation environment, whereit isclaimed that one cannot be certain that a user reallyreadsthedisplayed

information and reallylearnsit: tocopewith therisk of such a wrong default assumption, weinsert an anchor to

explanation of attributes(or concepts) that theuser waspresumed to know, so astogiveher thepossibilitytoaccess

thisinformation.

3. THEGENERATIONMETHOD

Aswe showedin Figure1, theGenerator includestwomain components, that areaimed at producing theguidelineand the

explanations. When interaction starts, thegenerator setsup the frame-pagecomponentsand initializesitsTitleand Header;

thedecision treeisthen examinedstarting from itsroot and bydescending onelevel at each interaction turn.

5 Stereotypes were defined, in this research, in a subjective wa y. We could profit of the teaching experience of medical

co-authorsand also of the background knowledge that we had acquired in thescope of the EUProject EPIAIM(8). In

that Project, an experimental studyshowed a correlation between the level and type of qualification of doct ors and the

complexityof concepts with which theywere familiar: although the domain of that studywas different (epidemiology),

we assumed that thisgeneral finding could be generalised to thedomain of ARIANNA.

16

3.1 The Guideline Generator

Thepath followed in examining thedecision treedependson theuser answersto questionsgenerated from chancenodes.

At everystep of thetree-exploration process, theinteraction historyisupdated. Thishistoryisemployed tore-generatethe

guidelineframeat each interaction turn, in twoways:

a. the diagnostic reasoning mode isemployed in all stepsthat precedea diagnosticor therapeuticdecision; thelist of

nodesin theinteraction historyisexamined sequentially, and type-specificATNsareapplied totranslate each ofthem into

a sentence; buttons, anchorsandlistsofradiobuttonsaregeneratedaswell, toenableuserstointroducetheir reply;

b. the synthesismode isapplied when theconsultation comesto an intermediateor final decision; theinteraction history

isthen simplified bykeeping onlytheuser answers: thisenablesthegenerator toproducea summarythat remindsthe

reasonswhythedecision wastaken (resultsoftestsand other evidence). In thetwo cases, after generating a message, the

system givesthecontrol totheuser, whoperformsoneof thefollowing actions: (i) click on an acknowledge (’OK’)button,

to make clear that shegot thesystem suggestion; (ii) answerto a question , (iii) ask to revise the consultation bychanging

theanswer given toa previousquestion ( ’change’ button ) or (iv) ask forexplanation of a concept (click on an anchor ) or a

justification ofa suggestion ( ’Why’button ). After an ’acknowledge’ or an answer, thesystem goeson byexamining thenext

nodein thedecision tree. After a ’change’ command, it goes back totheselected node. In thispart oftheguideline, the

initiative ismainlyleft tothesystem, theuser having onlytwo opportunitiestoescapefrom thesuggested lineof

reasoning: she can stop it temporarilyto ask an explanation or can goback toa previous step toreviseher answers. Aswe

said in 2.4, we consider, though, that thesecond opportunityhasa ’tutorial’ scope, and should be enabled, on principle, only

to students, whereaswe assumethat doctorswill usuallyemployARIANNAtotakedecisionsabout specificand well-

defined clinical cases. Figure1 shows, on theleftsideframe, an exampleof part of theguidelineresponding toa ’decision’

goal (therefore, with with no’change’ commands); thistext wasgenerated from nodes(C0, C1, C2, T0) of thedecision tree

in figure3.

3.2 The ExplanationG enerator .

The Explanationframe enablestheuser toenter intoa stand-alonehypermedia ofmedical conceptsthrough a link from the

guidelineframe. For instance, again in figure1, therightsideframewasdisplayed after theuser clicked on the’liver US

scan’ anchor in thescroll-shaped guideline. Explanation pagesaregenerated on theflybyapplying some criteria that were

drawn from analysisofmedical textbooksand from theteachingexperienceofdoctorsin our team:

a. explain a concept byspecifying itsposition in thehierarchyand byillustrating itsattributesin a logicallypredefined

order: in the caseof tests, thisorder isthesequencewith which attributesareconsidered when a test isselected,

performedandinterpreted;

b. mention onlytheattributesthat areadequatetotheusers’ likelylevel of knowledgein thedomain and totheir

interests;

c. whenever possible, describethe’target’ concept by referring to other(’base’)concepts with which theuser isfamiliar,

soasto favour incremental and structuredlearning;

d. when describing a concept in referenceto a known one, specifytheir relationship and describe commonalitiesand

alignable and nonalignable differences between them (19). Treat: (i) commonalities (attributeswith identical values)

16 byonlymentioning their nameand byinserting an anchor totheir description, (ii) alignable differences (attributes

taking different valuesin thetwo concepts) bymentioning thedifferenceand then describing their valuein thetarget

and(iii) non-alignable differences (attributesthat arepeculiar ofthetarget) byfullyillustratingtheattributevalue 6

e. when explaininga concept incontrast withanalternative candidate, emphasizeonlydifferencesin ’salient’ attributes.

When theuser requiresexplanation of a concept, ARIANNAinspectstheuser model toassesswhether it can find any

other concept in thetaxonomythat theuser knows; ifseveral conceptsarefound, the’nearest’ of them in family

relationship termsisselected, thenearnessbeing measured asa function ofthelength of thepath which linksthetwo

conceptsin thetaxonomy. If several conceptswith thesamedegreeof familyrelationship arefound (for instance, the

grandfather and a brother, or two brothers), themost similar of them isselected, asthe candidatewhich hasmore

commonalitieswith theconcept tobe explained. Thisidea of similaritycombinesthetwo measuresdescribed in (30) to

evaluatesemanticrelatednessin network representationsof concepts: our degreeof familyrelationship correspondstothe

"distancebetween nodesin theIS-Ahierarchy", whereasthenumber ofcommonalitiesisclose toResnik’s"extent to

which two concepts shareinformation in common". Thefirst index alonewould not insureselecting the’most similar’

comparison concept, aslinksdonot necessarilyrepresent ’uniform distances’ in our hierarchies: it onlyenablesusto make

a first selection ofcandidatestocomparison. Considering commonalities leadsusto privilege, in general, comparison with

lower level nodes(a brother toa grandfather, a nephewtoa grand-grand father or an uncle), that hold a moredetailed

referenceknowledge.

Oncesimilarityresearch hasbeen completed, a generation strategyisapplied which dependson theresearch results:

1. stand-alone description isapplied when noother relativeispresumed tobe known to theuser. In thiscase, the

position of theconcept in thehierarchyis specified and all theattributeswhich are suited totheuser characteristics

areillustrated, byinheriting valuesfrom ancestors.

For spacereasons, we onlyprovide an exampleof howthe Method attributeof liver USsisexplained toan

undergraduatestudent whoisnot familiar with thistest:

" Thistest isperformed by pressing a probe against the skin. Before doing that, a thin layerof conductive gel must be

spread between the skin and the transducer, so asto avoid any airbetween them, that would disturb the test. The

patient isusually invited to lie down: scansare performed, by moving the probe, in several plans, to get more

information. Imagesare displayed in real-time on a monitor, and their resolution and contrast can be regulated. This

test alsoenablestransferringthe image onpaperorX-rays, forapermanent storage.

If the test isapplied to deep organs, a low-frequency probe (3.5 to 5 MHz)must be employed. The probe isplaced

overthe superiorabdomen; patientsare invited to breathe deeply and to keep theirbreath during the test, to enlarge

the surface that can be scanned withthe US:thisimprovesexaminationof deeper regions".

Thistext includesvaluesinherited from USsin general (thefirst two paragraphs) and from theUSsof deep organs

(thethird one).

6 asconceptsin thehierarchiesaredescribed ’byspecialization’, alignableor non-alignabledifferencesmayexist between

twonodesalongthesamepath; thefirst oneoccur when a lower level node’specializes’ thevalueof an attributebyadding

detailstovaluesof higher level nodes(asfor ’technique’, in the diagnostictests), thesecond onewhen it addsa new

property(for instance: ’pathologies’ arenot defined for ultrasonogramsof abdominal organsbut arespecified for

ultrasonogramsof specificorgans). Ofcourse, both types ofdifferencemayoccur, aswell, between nodesat thesamelevel

in thehierarchy: in thiscase, alignabledifferencescorrespond to’different’ rather than ’specialized’ valuesofattributes.

16

2. explanation by comparison isapplied everytimea known concept in thesametaxonomyisfound; in thiscase, the

familyrelationship between thetwo conceptsisdescribed and commonalitiesand differencesareillustrated;

alignabledifferencesaregiven as specialisations ofattributevaluesin comparisonswith ancestorsor as differences in

these values, in comparisonswith brothers.

Thetext in figure1 isan exampleof thistype of explanation. Theultrasonogram of theliver and thebiliaryductsis

explained, in thiscase, bycomparing it with ultrasonogramsof superior abdomen (its’father’ node, in thehierarchyin

figure4), Commonalitiesinclude, in thiscase, onlytheTechnique, whilealignabledifferencesareScopeand Method.

Pathologiesand Precautionsarenon-alignabledifferences. The exampleisa literal translation oftheoutput in italian.

Thisexplanation isaddressed tothosewho arefamiliar with USsof superior abdomen becausetheysawthis

explanation in a previousphaseofinteraction.

3. explanation by contrast isapplied when theuser isfamiliar onlywith an ’alternative’ test, diagnosisor treatment or

when he/sheexplicitlyrequeststocontrast thetwo concepts, byclicking on a ’whynot’ button. An ’alternative’

concept isdefined bya set of conditionson thevaluesof some attributes; for instance: an alternativetoa diagnostic

test hasa different valueof the’type’ attributeand thesamevalueof the’organ’ attribute. In thiscase, aswesaid,

explanation includesonlytheattributesthat areconsidered as’salient’ for thecontrast. Let usassume, for example,

that, in exploring a guidelineabout thyroid nodules, theuser askstoARIANNAwhyit did not suggest performing a

scintiscan rather than a USof thethyroid. In thiscase, the’salient’ attributeisthe Purpose , and thesystem will

generatethefollowing explanation:

" USsandscintiscansof the thyroidare appliedto different purposes.

USs reproduce exactly the anatomy of the thyroid, by evidentiating itstwo lobesand the isth mic region. They enable,

aswell, displaying the dimension of the thyroid, the structure of itsparenchima and focal lesions, when they exist.

Thistest isnormally suggested asthe first diagnostic approach to the thyroid pathology, asit isa simple, fast and (in

the majority of cases)resolutive exam.

Scintiscansprovide, on the contrary, functional ratherthan anatomical information, asthey enable evaluating the

activity of thisgland and of itsnodules, when they exist. Thyroid nodulesmay be described, with thistest, as

’hyperactive’ or’hot’ areas, when they are made of highly cellulartissueswith a degree of functionality higherthan

the normal parenchima; hypoactive or’cold’ areascorrespond, on the contrary, to lowfunctioning tissues such as

cysts, haematomasorcarcinomas."

In defining thesegeneration criteria, we madereference toMarkman and Gentner’swork about similaritycomparisons, in

which it isclaimed that anycomparison process should promote’structural alignment’ (that is, analysisofsimilaritiesof

structured representationsof concepts, objectsand words) bymentioning commonalitiesand alignabledifferences(19).

According to Gentner and Holyoak, perceiving similaritiesenablestheuser to organize entitiesinto’familiar categories’,

thusfavouring thelearning process(15). Adding description ofnon-alignabledifferencesfavours, in our case, incremental

learning ofconcept properties, byshowing what ispeculiar oftheconcept tobeexplained, ifcompared with another

concept theuser alreadyknows. Explanation strategiesareformalized into explanation generation schemas , of which we

showtwo examplesin Figure5 . Theleftside schema describes howtoexplain a concept in comparison with itsfather: its

Decomposition remindstolower level schemasand activatestwo distinct ATN-functions, bya Call($x); therightside

schema describeshowtoillustratenon-alignabledifferencesbetween two concepts. Theclassesof attributestobe included

in an explanation arelinked to theuser characteristics: someof them (the category) arenot mentioned in theexplanation;

othersaredefined as’basic’, and enter in anydescription (in the caseof tests: principle and purpose); theremaining ones

16 arenot essential, and maybe moreor lessinteresting for different user categories. In prototyping ARIANNA, we

established (i) which categoriesarerelevant todoctors, (ii) which onetostudentsand (iii) which oneare’salient’ for

contrast explanations. For example, for tests: (i) execution, (ii) selection and interpretation, (iii) purpose, respectively. At

present, theuser isnot given theopportunitytomodifythesystem-initiated attributeselection likeit happens, for instance,

in AVANTI (13). Theseare, however, decisionsthat we plan toverifyin our ongoing evaluation study, torevisethem if

needed. After a concept hasbeen explained, theUser Profileis updated: control isthen given again totheuser, whocan

continuebrowsingin theconcept hypermedia or can return tothemain guidelineconsultation.

4. IMPLEMENTATION ANDEVALUATION

A prototype ofARIANNAhasbeen fullyimplemented and hasbeen tested bysome’expert’ doctors, whoused it to build

guidelinesin different medical domains. Thesizeof decision treesin theseguidelinesrangesfrom 30 to80 nodes, while

theconceptsarranged in taxonomiesareabout 60: however, thesefiguresprovideonlyan instant pictureof a daily

changingsituation. Doctorsfind easytorepresent their knowledgewith our formalism and, though building taxonomiesof

conceptstakessometime, theydoit incrementallyasfar astheydefinenewguidelines, byadding conceptsin pre-defined

taxonomies. Someknowledgeacquisition supporting tool would undoubtedlysimplifytheir work: we areconsidering, at

present, thepossibilityto bring up in a uniquetool the capabilitiesof PRO-FORMA(14) in engineering decision criteria

and of HealthDoc(17) in acquiring concept attributevaluesand in establishing theconditionsunder which each ofthem

should enter intoa user-tailored explanation. However, in our casetheseconditions shouldnot bedefined for each concept ,

but foreachtaxonomy of concepts, in order tobe surethat conceptsin a taxonomyaredescribed consistently.

We areundertaking a systematicstudyin cooperation with the Department of Psychology, Universityof Reading, to

validate theusabilityof thescroll-shaped guidelineand of theconcept explanation component byfinal users(something

we always did in our previousexperienceswith explanation systemsin themedical domain). Evaluation byfinal usersis

especiallycrucial in a system likeARIANNA: guidelinescannot be compulsory, andaresuccessful onlyif theyareapplied

bya largenumber of doctors, in different clinical situations. Theymust thereforebe easily accessible , convincing and

flexible soasto applytostructureswith different resources, and must be clearand easy to use : a set of propertiesthat we

plan toassessin thementioned evaluation study.

In thenext release, we envisagetowork at increasing the flexibility ofguidelines, so astoadapt suggestionsto the

resourcesavailableand to thepatients’ preferencesor intolerances; thisrequiresattaching oneor morealternativesto

decision nodes, ranking them by order ofpreferenceand generating dynamicmenustoenabletheuser toselect an

alternativewhen thesystem suggestion isnot acceptable. Our second goal istointegrateconcept explanationswith

context-customized imageexamplesrepresented assemanticmaps, on which theuser mayclick to get detailsabout the

anatomyandthepathologyofthat particular case.

5. RELATEDWORK

Before comparing ARIANNA with similar systems, let usjustifywhywe considered that dynamicgeneration was

advisable in thiscase. Flexiblehypermedia maybe seen as staticallyor dynamically-generated documents(2, 23); the

decision on whether toadopt thefirst or thesecond approach in building a particular system relieson howmuch the

authorswant to varythesystem’sanswersto theuser’srequests(18). Thisdecision alsodepends, in our view, on thetwo

16 following estimates: (i) theportion of thehypermedia that will likelybe examined at everyinteraction, and (ii) the

frequencywith which thehypermedia will haveto beupdated. Thefirst factor establisheswhether it isconvenient to

prepareand storethewholeset of electronicdocuments, or whether it ispreferabletogenerate, at runtime, onlythat

portion ofthenetworkthat respondsto theuser’sinformation needs. Thesecond factor establisheswhether it isconvenient

to prepareand storea set of documentsthat will becomeobsoletewhen knowledgebehind them will beupdated, or

whether it ispreferableto automaticallygeneratethedocumentswhen theknowledgebaseisrevised. Electronic

encyclopedias, which are, bynow, themost remarkableexampleofdynamichypermedia, havebeen conceived torespond

to thefirst need; theobjectsthat can beviewed arepotentiallyverymany, but onlya fewof them are examined byeach

user: dynamicgeneration thereforeappearsto beconvenient. ARIANNAisan exampleof a system that isdesigned to

respond to both needs, asit isapplied totwo knowledgesources: thedecision treeand thetaxonomyof concepts. The

knowledgeof medical conceptsispotentiallylargebut does not changeveryfrequently; decision knowledgeismore

limited but isupdated morefrequently, to makeit in linewith newmedical research results. In addition, aseveryconcept

can beexplained, in principle, in referencewith anyother concept in thesametaxonomy, thenumber of explanationstobe

produced in a ’static’ hypermedia growswith n(n-1)/2, that isin a quadraticwaywith thenumber n of conceptsin the

taxonomy. Let usconsider theexampleofthetaxonomyofultrasoundtests; thistaxonomyincludes30 concepts; therefore,

435 different explanations should be generated in advancetocompareeverysingleconcept in thetaxonomywith every

other concept in thesametaxonomy; thisnumber doublesifvariationsaccording toattributesareintroduced; theystill

increaseif variationsdueto’contrast’ comparisonswith testsin other taxonomiesareconsidered. Thesearethereasons

why, though westarted our experiencewith hypermedia guidelinesas staticallygeneratednetworksofpages, after building

and validatingsomeofthem we movedtowardsa dynamicgeneration solution.

Let usnowsaywhat isnewin our system. Theapplication domain ofARIANNA(medical decision making) wasthe

testfield of themajorityof knowledge-based systemsfor several years: therefore, ARIANNAhasseveral natural referents

in experiencesthat aredifferent in thepurposeand in themethodsapplied. First, a guidelineisnot an expert system: in

expert systems, doctorsreceive an adviceabout themost plausiblediagnosisand thepreferabletreatment once they have

collected a set of data they need to interpret (3). Typical forms of reasoning are, in thesesystems, frame-based activation

of hypotheses, uncertain abduction (to select a hypothesisgiven a set ofevidences) and rule-based refinement of

hypotheses. In guidelines, doctorsare leaded to performonly the testswhich are really needed , asavoiding inessential

testsand insuring that all theessential onesareperformed in thecorrect sequencearethemain goalsoftheseprotocols

(12); thisisthereason whyknowledgerepresentation in ARIANNAhasmorein common with decision analysisthan with

expert systems. Asfar asthe explanation component isconcerned, thereareseveral notable experiencesin thegeneration

of medical explanation texts, all addressed to thepatient and including a combination of general and personalized

information, taken from hierarchiesof medical ’problems’ and from themedical record (24, 17, 4, 5, 6, 29, 21); wemadea

similar experiencein thefield of drug prescription, wherepatientswereoneof the categoriesto which explanationswere

addressed (9). Although thegoal ofthesesystemsmayappear tobesimilar tothegoal of the explanation component of

ARIANNA, thisisnot the case. Explanation isa verygeneral term: in thementioned studies, it isaimed at informing and

educating thepatient about somepersonal and specificproblem, and general clarificationsof termsareadded onlyto

favour understanding ofthisinformation; theidea isthat increasingawarenessof own problemswill contributeto changing

thepatients’ behaviour and their compliancewith treatment or their self-careattitudes. ARIANNA’sexplanations, on the

contrary, areaddressed tohealth carestaff and area typical exampleof ’ancillary’ information which completesthemain

system component (theguideline) and isaimed at teaching the meaning ofconcepts, in order toinsurethat guideline

suggestionsarethroughfullyunderstood andapplied correctly(26).

16

Asfor themethod adopted: themetaphor of’scrolling dynamicallygenerated roll’ that weadopted for displaying the

decision component in theframeset matchestheconversational viewof hypertextsthat isdiscussed byOberlander et al in

thisVolume(25). Byscrolling theguidelineframe, userscan examinethewholeinteraction history, in theform of a

dialoguein which theuser and thesystem alternate. In thetutoring mode, theycan go back toa previousturn of the

dialogue, to changetheir answer and seehowtheconversation changes, consequently.

Explanation bycomparison isa popular approach tocomputer-based concept description, after McKeown’s compare and

contrast schemas(20). In PEBA-II, which isprobablythemost notableexperience in comparison generation (22), different

types of comparison (illustrative, clarificatoryand direct) areselected according to theuser knowledgeof the’basic’

concept, toitsrelationship with the’target’ andtothenumber ofsalient propertiestheyhave in common. Comparisonsmay

includeonly oneparticular property, a list ofsimilaritiesand differencesor a point-by-point bi-focal description ofall

propertiesin thetwo concepts. Theoverall goal ofthedifferent typesofcomparison is’toeasyunderstanding of concepts

byavoiding confusion’, and themethod ismainlybased on a salience-ranked attributetaxonomy. In ARIANNA, concept

description strategiesaretheconsequenceof theteaching goal of the explanation component: (i) toavoid toolong

explanationsthat would distract theuser from themain system purpose(a goal similar tothe’avoid cognitiveoverload’ in

(32); (ii) to improve learning of conceptsbyclarifying their structural relationsand (iii) to respond toimplicit or explicit

’ why-not’ questionsabout alternativeoptionsthat thesystem did not choicein thedecision process. Thesalienceof

attributesisemployed onlyto establish what toincludein the explanation; oncethemost similar concept hasbeen selected,

comparison onlyevokes thesimilaritiesand concentrateson a detailed description ofdifferences, bymentioning only

propertiesappropriatetotheuser’slevel of knowledge. Asthesepropertieshavethesamesalience, their order of

presentation isdetermined bythevaluestheytakein thetwo concepts: commonalitiesalways come first, alignable

differencessecond and non-alignabledifferencesat the end. Thesestrategiescorrespond towhat weconsider a systematic

description ofconcepts, which istypical of learning tasks, asopposedto information-seeking ones(16).

ARIANNAhasall thelimitsand theinterest of a real-world application, in which pragmaticsprevailson eleganceof

techniques: themain exampleofthischoiceistheusewe madeof schemas. Wefound schemasan efficient formalism to

represent generation strategiesnon ambiguouslyand employed them asa ’workinglanguage’ of our interdisciplinarygroup,

toagreeupon howtotranslatetheknowledgebaseintohypermedia. Wedidnot feel, however, asan obligation torepresent

schemasin a separateKBand toactivatethem byan inference engine: byemploying Java asa declarativelanguage, we

could directlyencodeschemasas Java programs, thusavoiding toincreaseprocessing time. Thiswasan advantagein

ARIANNA, wherethedomain knowledgebaseisupdated frequentlywhilethegeneration strategiesarenot, and therefore

processing timeismoreimportant than generation strategies’ revisibility. Asa consequenceof thischoice, thesystem is

veryflexiblein thegeneration of newguidelinesand newconcept explanationsbut not much flexiblein the changeof

generation criteria: ifschemasor ATNsare changed, a newJava program hastobe produced. However, newprogramscan

be easilyproduced bymodifying theold ones, duetothestrict correspondencebetween theknowledgestructuresand the

programsimplementing them. Thesecond simplifying choiceabout themethod concernsthegrain sizeof our KBabout

concepts; weusehuman-written canned textsrather than a semanticrepresentation languagefor at least two reasons: first,

we don’t need to vary, at present, thepresentation style of our messages, astheyareall addressed tomedical people;

second, we lack of a surfacegenerator in italian, ofthetype of PENMANor itsderivates: thereal ’valueadded’ of the

explanation component ofARIANNA(touseReiter’swords) isthereforein ensuring content-adaptation rather than a

refined style (28). Clearly, we cannot go, in our adaptation, belowthesentencelevel and can doa limited ’textual repair’ in

assembling texts(nothing similar towhat isdone, for instance, in HealthDoc(17) or with other sentence-planning

16 methods). This simplesolution doesnot prevent usfrom obtaining a satisfying level of variabilityin thepresently

generated texts, but would probablybe inadequateto producing, from thesameKB, textsaddressed to patients, asthese

should beverydifferent in thecontent, in thestyle andin thegeneral ’empathy’ ofthemessage.

Acknowledgements

We acknowledgeAnna Altamura, Luigia DeMarcoand MicheleChiericofor contributing toimplementation of

ARIANNAin thescopeof their dissertationsin computer science, and FrancescoGiovagnorioand theanonymous

reviewersfor their helpful critiquesand suggestions. Maria Milosaljevich and Peter Brusilovskyweresokeen on helping

ustoimprove thispaper, that wewereabout toaskthem tojointheauthors’ team.

MAINREFERENCES

1. A Black, PWright, DBlackandKNorman: Consulting on-line dictionaryinformation whirereading.

Hypermedia, 4, 3, 1992.

2. P BrusilovskyandE Schwarz: User asStudent: Towardsan AdaptiveInterfacefor Advanced Web-Based

Applications. UserModeling97 , Springer Wien, 1997.

3. B GBuchanan andE HShortliff e: Rule-Basedexpert systems: the MYCINexperimentsat the StanfordHeuristic

Programming Project . Addison-WesleyPublishingCompany, 1984.

4. B GBuchanan, JMoore, DE Forsythe, GCarenini, GBanksandSOhlsson: An intelligent interactive system

for del iveringindividualizedinformation topatients. Artificial Intelligence inMedicine, 7, 2, 1997.

5. A JCawsey, KBinstedand RJones: Personalized explanationsfor patient education. Proceedingsof the 5th

European Workshopon Natural Language Generation , Leiden, 1995.

6. A JCawsey, BLWebber and RJJones: Natural languagegeneration in healthcare. Journal of the American

Medical InformaticsAssociation, 4, 6, 1997.

7. R Dale, JOberlander, M MilosavljevicandA Knott: IntegratingNatural LanguageGen eration and Hypertext to

Produce DynamicDocuments. Interacting withComputers , 10, in press.

8. F deRosis, SPizzutilo, ARusso, DC Berryand FJNicolau Molina: Modelingtheuser knowledgebybelief

networks. UserModelingand User-AdaptedInteraction, 2, 1992.

9. B DeCarolis, FdeRosisand FGrasso: Generatingrecipient-centered explanationsabout drugprescription.

Artificial Intelligence in Medicine , 8,2, 1996.

10. B DeCarolis, FdeRosis, S Pizzutilo: Generating User-Adapted Hypermedia from Di scoursePlans, Springer LNAI

1321 , 1997.

11. B. DeCarolis, G. Rumolo, V. Cavallo. User-adaptedmultimedia explanation in a clinical guidelinesconsultation

system. SpringerLNAI. 1211 , 1997.

12. M Fieldand KLohr (Eds): Clinical practice guidelines. Directionsforanewprogram . National Academy

Press, 1990.

13. J Fink, AKobsa andA Nill: Adaptableandadaptive information provision for all users, including disabledand

elderlypeople. InthisVolume.

14. J Fox, NJohns, ARahmanzadeh and RThomson: PROforma: a methodandlanguagefor specifying clinical

guidelinesandprotocols. Proceedingsof Medical InformaticsInEurope. IOS Press, 1995.

15. D Gentner andKJHolyoak: Reasoningandlearning byanalogy. American Psychologist , 52, 1, 1997

16. N Ha mmondand LAllinson: Extendinghypertext for learning: an investigation ofaccessandguidance tools.

People and ComputersV , HCI89, CambridgeUniversityPress, 1989.

17. G Hirst, C Di Marco, E HovyandKParsons: Authoringandgeneratinghealth-educati on documentsthat are

tailoredtotheneedsoftheindividual patient. In Proceedingsof UserModeling 96. Springer CISMCoursesand

LectureSeriesn 383, 1996.

18. A Knott, CMellish, JOberlander andMO’Donnel: Sourcesof flexibilityin dynamichypert ext generation.

Proceedingsof the 8thInternational WorkshoponNatural Language Generation , Herstmonceux Castle, 1996.

19. A BMarkman andDGentner: Commonalitiesand differences in similaritycomparisons. Memory and Cognition ,

24, 2, 1996.

20. K R McKeown: Discoursestrategiesfor generatingnatural-languagetexts. Artificial Intelligence , 27,1985.

21. SWMcRoy, ALiu-Perez andS SAli: Interactive computerizedhealth careeducation. Journal of the American

Medical InformaticsAssociation , 5,4, 1988

22. M Milosavljevic: Content selection in comparison generation. Proceedingsof the 6thEuropean Workshopon

Natural Language Generation, Duisburg, 1997.

23. M Milosavljevicand JOberlander: Dynamichypertext catalogues: helpinguserstohelpthem selves. in Hypertext 98.

ACMPress, 1998.

24. J Moore: Participatinginexplanatory dialogues . AMC-MIT PressSeriesin Natural LanguageProcessing, 1995.

25. J Oberlander, MO’Donnell, A Knott, CMellish: Conversation in themuseum: experimentsin dynamic

hypermedia with theIntelligent LabellingEXplorer. InthisVolume.

26. R Pilkington andA Grierson: Generating explanationsin a simulation-basedlearningenvironment.

International Journal of Human-ComputerStudies , 45, 1996.

27. E Reiter: Hasa consensu sNLgeneration architectureappeared, andisit psycholinguisticallyplausible?

Proceedingsof the 7thInternational WorkshoponNatural Language Generation , 1994.

28. E Reiter: NLGvstemplates. Proceedingsof the 5thEuropean Workshop on Natural Language Generation ,

Leiden, 1995.

29. E Reiter andLOsman: Tailored patient information: someissuesandquestions. Proceedingsof the ACL-97

Workshopon "Fromresearchto Commercial Applications: making NLPtechnology work in practice" , 1997.

30. P Resnik: Usinginformation content toevaluatesemanticsimilarityin taxonomy. Proceedingsof the 14th

International Joint Conference of Artificial Intelligence, 1995.

31. HC Weinstein and HVFineberg: Clinical DecisionAnalysis . WBSaudersCompany, 1980

32. I Zukerman and RMcConachy: Generating explanationsacrossseveral User Models: maximizing beliefwhile

avoiding boredom and overload. Proceedingsof the 5thEuropean Workshop on Natural Language Generation ,

Leiden, 1995.