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Abstract. We presenta successfubhpplicationof Artificial Intel-

ligence(Al) methodologiesn the context of a telemedicineservice
for diabeticpatientsmanagementlevelopedwithin the EU-funded
T-IDDM project. The systemarchitectureis distributed,and com-

posedby a PatientUnit andby a Medical Unit, connectedhrough
a telecommunicatiotink. Several Al methodshave beenexploited

to implementthe T-IDDM functionality The databaserelieson an

explicit representatiof the domainontology TemporalAbstrac-
tionsandotherintelligentDataAnalysistechniquesreusedto anal-
ysethe patients monitoringdata;the CaseBasedReasonindCBR)

methodologys appliedto performtheKnowledgeManagementask.

Finally, CBR is integratedwith Rule BasedReasoningo provide

physiciansvith a multi-modalreasoningdecisionsupporttool. The

T-IDDM serviceis beingtestedhroughasmallonfield trial in Pavia;

thefirst results thoughpreliminary seemto substantiat¢he hypoth-
esisthatthe useof an Al-basedtelemedicinesystemcould present
an adwantagein the managemenof type 1 diabeticpatients,lead-
ing to a moretight control of the patients’metabolicsituation,in a

cost-efective way.

1 INTRODUCTION

DiabetesMellitus is a major chronicdiseaseaffecting up to 3% of
the populationin the industrialisedcountries.In particular Insulin
DependenDiabetesMellitus (IDDM) patientsneedexogenousn-
sulin injectionsto regulate blood glucosemetabolism,in orderto
prevent ketoacidosisand coma,andto reducethe risk of later life
invalidatingcomplicationsit hasbeenproved[1] thatIntensve In-
sulin Therayy (IIT), consistingin 3 to 4 injectionsevery day, or in
the useof sub-cutaneoumsulin pumps,is the most effective way
to stabiliseblood glucose,andthereforeto reduceor delay IDDM
complicationsithe increasein theray planningcompleity andin
costsis the obvious dravback.IDDM managemenhormally con-
sist in visiting patientsevery 2/4 months;during thesevisits the
datacomingfrom homemonitoringareanalysedin orderto assess
the metaboliccontrol achieved by the patients.Laboratoryresults
andhistoricaland/oranamnestidataare verified aswell, to finally
revise the patients therapeutigrotocol. Diabetic patientsmanage-
mentis obviously a comple task; how to balancethe adwantages
coming from IIT with its disadwantagess a matterof discussion,
thatinvolvessocialandethicalconsideration§2]. It hasbeenadwo-
catedthat the useof currentadwancesof informationtechnologies
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anddecision-suppoystemsnayimprove cost-efectivenesf IIT,
by reducingthe numberof periodicalcontrolvisits, while increasing
thepatient/physiciacommunicatiomate.Severaltoolsandadvisory
systemdor therapeutiplanassessmerdrenow available,bothona
day-by-dayandonavisit-by-visit basig 3], andfor someof themthe
capabilityof providing properdecisionshasbeenshavn experimen-
tally [4]. Theexponentialgrowth in the availability andin theuseof
telecommunicatiorservicespushesowardsthe integration of such
toolsin anetworking ervironment,in orderto provide long-distance
assistanceo patient,aswell aslong-distancemonitoringcapability
to the physician[5]. The useof appropriateAtrtificial Intelligence
(Al) techniquessuchasknowledgebasedsystems|ntelligentData
AnalysisandCaseBasedReasoningmay enhancehe designof the
overall service:it shouldbe possibleto allow the usersexploiting
anintelligentdeskfor periodictheraly assessmemndrevision. For
thesereasonswe have worked at the developmentof atelemedicine
system that, reinforcedby previous experiencesjs ableto offer a
new integratedsolutionto theIDDM managemerproblem.

2 THE T-IDDM PROJECT

The motivationsdescribedn sectionl led to the definition of the
EU funded project T-IDDM (Telematic Managementof Insulin-
DependenbiabetedMellitus) [6], concernedvith thedesignjmple-
mentationandtestingof anintelligenttelemedicineserviceto assist
IDDM patients,ableto provide physicianswith a collectionof Al
techniquedor improving managemenof patientsaccordingto the
bestcurrentmedicalpractice.The projectgoal was to accomplish
thefollowing specificaims: (i) to provide patientswith an effective
treatmentieadingto good glycemic control, andto achieve a care-
ful balancebetweeninsulin therapy, diet and physicalactvity, thus
delayingthe onsetand/orslowing the progressiorof chroniccom-
plications;(ii) to provide patientsat homeor in othernon-clinical
ervironmentswith anappropriatdevel of continuousandintensve
carethroughtelemonitoringandteleconsultatioservicestakinginto
accountheneedsf remoteor isolatedindividualsthatareunableto
reachfrequentlythe hospitalinstitutions; (iii) to allow for a cost-
effective monitoringof alargenumberof patientsautomatizingdata
collectionandthemanagemertf alargesetof therapeutigrotocols;
(iv) to supportacontinuousducatiorof patientshroughteleconsul-
tationservices|v) to allow the patientto customisgheinsulinther
apy within the boundsestablishedy the physiciansThe T-IDDM
serviceexploits two main componentsa Patient Unit (PU) and a
MedicalUnit (MU), connectedhrougha telecommunicatiosystem
(Internetor the Public SwitchedTelephoneNetwork). Patientscol-
lectmetabolicdatatogethemwith insulin andfood intake information



every day andstorethemin the PU database.Wheneer a prob-
lem occurs,they cansendan alarmandthe datato the MU to get
a quick responsdrom the physician,otherwiseall the information
will be sentevery 7-10 days.The MU is a web-basedvorkstation
(a demois available at http://aim.unipvit/projects/tiddm)in which
severaldistributedsenerscooperatén atransparentvay to helpthe
physicianin managingdiabetesmellitus through: consultationand
analysisof the patients’data,communicatiorwith patients’home,
revision of thetherapeutiprotocolandinformationrepositoriecon-
sultation.T-IDDM wasathree-yeaproject,which endedn October
1999.The T-IDDM servicehasbeenimplementedand preliminary
testedthroughan on field trial that startedin June1998.1t is rou-
tinely usedby six pediatricpatientsandby two diabetologistat the
Policlinico S. Matteohospitalin Pavia.

3 ROLE OF Al IN T-IDDM

Within the T-IDDM project, several Al techniqueshave beenex-
ploited:

- thestructureof theMU databasetableshasbeenautomaticallygen-
eratedon the basisof the domainontology storedin the knovledge
base;

- Intelligent Data Analysis (IDA) is appliedto analysethe patien-
t's monitoringdata,sentby the PU; someindicatorsof the patients
metabolicbehaior canthenbe extracted. A Rule BasedReasoning
(RBR) systemmeantto provide thephysicianwith theragy planning
suggestiongielieson suchindicatorsto identify possiblemetabolic
alterations;

- in orderto take adwantagefrom the amountof information con-
tainedin the MU database andfrom the “operatve” knowledgeof
experts,embeddedh pastcaseswe haveimplementedh Knowledge
ManagementKM) tool, basedn the CaseBasedreasonindCBR)
methodology;

- finally, a multi-modalreasoningsystem that specialiseshe RBR
behaior with the resultsof CaseBasedretrieval, hasbeendefined
andmadeavailableto physicians.

3.1 Domain ontology

In the caseof a distributedsystem the existenceof a global, shared
ontologyis essentiato ensurethe possibility of communicatiorbe-
tweenthe architecturecomponentsthe ontology actsas the com-
mon terminologyto which all the modulesrefer when exchanging
information,andis usedto determinehe behaior of thewhole sys-
tem.TheT-IDDM ontologyis storedin aknowledgebasebuilt using
a framesystem[7, 8], that supportsmultiple inheritanceandtyped
slots. It is organisedinto taxonomieswhich describeentities(e.g.
patients,laboratoryvalues),events (e.g. monitoring datameasure-
ments),abstractionge.g. hypeglycemia),drugs,therapeutigroto-
cols, and so on. Sinceslots aretyped, we also neededo definea
hierarchyof classegepresentingypes(e.g.the classof numerical
values andtheoneof fixed-length-stringalues) Typesareabstiact
classesnoinstancesrecreatedrom them,but they areusedto store
informationneededy theinstanceslots.

We usethe knowledge basemainly as a declaratie tool, to de-
scribethe domainontology while we exploit a relationaldatabase
to managethe actualdata.The structureof the databasetables,as
well asthe commandgo storeandretrieve the data,are generated
automaticallyon the basisof the ontologyinformation.A specialised
SQL interface,ableto receve thequeriesaddressetb thedatabase,

andto returntheresultingdata,ensureshe communicatiorbetween
theuserandthedatarepository[9].

3.2

The datacollectedby patientsduring home-monitoringand sent
throughthe PU-MU connectionaretime-stampedandacquiredsev-

eraltimes(from threeto four) a day In orderto allow a properin-

terpretatiorof thedata,we have subdvidedthe 24-hourdaily period
into asetof consecutie non-overlappingtime slices,centerednthe
time of mealsor insulininjections;eachdatumis henceassociatetb

agiventimeslice.

The MU exploits the homemonitoringinformationthrougha set
of tools to visualiseand to analysecollecteddata. Data analysis
rangesfrom a setof statisticalmethods,suchas the extraction of
thedaily averagevalueof Blood Glucoselevel (BGL), thedaily in-
sulin requirementandthe numberof serioushypoglycemicevents
in agivenperiodof time, to morecomplex forms of abstractionsin
particularanabstractlescriptionof thecourseof longitudinaldatais
obtainedhroughthe TemporalAbstractiongTA) technique.

The basicprinciple of TA methodsis to mave from a time-point
to anintenal-basedepresentationf the data.Given a sequencef
time stampeddata (events, the adjacentobserationswhich share
a commonfeatureareaggrgatedinto intenals (episodel In more
detail, two main classeof abstractionganbe describedbasicab-
stractionsfor detectingpredefinedpatternsin a univariatetime se-
ries,andcomple abstractionsfor discovering specifictemporalre-
lationshipsbetweenepisodesas well as for analysingmultivariate
patterng10]. Basicabstractiongxtractstateqe.g.low, normal,high
values)or trends(increasegdecreaser stationaritypatternsrom a
uni-dimensionatime series.Comple abstractionsearchfor spe-
cific temporalrelationshipsbetweenepisodesvhich canbe gener
atedfrom a basicabstractionor from other complex abstractions.
This kind of TA canbe exploited to extract multi-dimensionalpat-
ternsor to detectuni-dimensionapatternsof complex shapesEx-
haustve examplesof the applicationof TA methodsto diabeticpa-
tientsmonitoringdatacanbefoundin [11].

Thedecisionsupportactivity of theMU is basedntheextraction
of stateabstractionsgealingin particularwith BGL measurements.
Whendetectingstatepatternsin time seriesof humericalvariables,
apreliminaryqualitative abstractions carriedout. The mappingbe-
tweenthe qualitative abstractionandthe quantitatve levels of each
numericalvariabledepend®n thetime sliceandon the specificpa-
tient’s characteristicd-or example,the BGL normalrangeis wider
in the morning than aroundlunch, andit is wider in pediatricpa-
tientsthanin adultones.Then,the BGL stateabstractionsare de-
rived, moving from the original time scaleto a new scaleobtained
from thesequencef relevantpatternsletectedn thedata.

After having identified the most significant episodesthe BGL
Modal Day canbe extracted.The Modal Day is an indicator well
known in the literature,ableto summarisghe meanresponsef the
patientto the theragy followed in the period underexamination.|t
is usuallyderived asthe collectionof the mostprobableBGL quali-
tative level in eachtime slice. Several approachefor extractingthe
Modal Day have beenpresentedrom simplestatisticgo time series
analysiqg12,13]. Ourchoicehasbeentheoneof applyingaBayesian
methoddescribedn [14] thatis ableto explicitly take into account
the presenceof missingdata,i.e. missingmeasurement one or
moretime slices.

Five BGL stateTAs areconsideredSevere Hypaylycemia,Hypo-
glycemia,Normaylycemia,Hypeglycemia, Severe Hypeglycemia

Intelligent Data Analysis



Before startingdatacollectionin a given period we may assigna
prior probabilityto the occurrencef eachstateTa equalto % After

a certainmonitoringperiodof NV days,we collect D measurements,
while theremainingM = N — D dataaremissing.The posterior
probability boundsof the occurrenceof a generick-th of the 5 lev-
els,givenby differencebetweertheupper(p,.,) andthelower(p; )
probabilitybound,canbederived as:

' 1 4dg

binf = FIN
1+dpe +M

Pur = TEIN

wheredy, is thenumberof occurrencesf the k-th level in themoni-
toring period.

Thedifferencebetweerp,., andp;, s is proportionalo thenum-
berof missingdataandis denotedastheignorancein themonitoring
period.

As the monitoringprocessproceedsthe boundson the probabil-
ities areupdated At ary time we obtain,for eachtime slice,anin-
tenal probability distribution over the BGL stateabstractionsThe
modal day is extractedby taking the BGL stateswith the highest
piny in eachtimeslice.

3.3 KnowledgeManagement

Managingall thedatapiling in the hospitaldatabase andextracting
from themreliableinformationaboutthe patients’status,is a com-
plex problem difficult to besatisactorily solved. Whendealingwith
chronicdiseasesnanagemenneof the mosteffective instruments
for theKnowledgeManagementKM) taskis CaseBasedReasoning
(CBR).CBR[15] is aproblemsolving paradigimthatuseshe“oper-
ative” knowledgeof previously experiencedsituations calledcases.
Pastcasessimilar to the currentoneareretrieved andshavn to the
user;pastsolutionsmaybereusedandapplied(after, if necessaran
adaptatiorstep)to the presensituation.CaseBasedretrieval, in par
ticular, by enablingphysiciangerforminganintelligentconsultation
of the available caselibrary, keepstrack of the “problem/solution”
patternghatoccurredin the past,maintainsa specificpatients his-
tory, andmalkesthe overall healthcareorganisatiorexpertiseavail-
ableevenin presencef changesn thephysicians'staf.

Within theT-IDDM MU architecturewe haveimplementeca KM
tool thatexploits CaseBasedretrieval. We definea caseasa setof
feature-alue pairs, togetherwith a solution and an outcome.The
casefeaturesarethe datacollectedduringa periodicalvisit. The so-
lution is the therapeutigrotocolassignedy the physicianafterthe
featuresexamination,and the outcomeof suchtherayy is given by
the numberof hypoglycemicepisodesand by the value of HbAlc
collectedat the following visit (i.e. the following case).The caseli-
brary structurestronglyinfluenceghe casesearchto malke retrieval
moreflexible, throughthecollaboratiorwith thediabetologist®f the
PediatricDepartmenbf Policlinico S. Matteoin Pavia, we have been
ableto structurethe library by resortingto a taxonomyof mutually
exclusive prototypicalclassesthatexpressypical problemghatmay
occurto patientsin theageof infang/ andpuberty(seefigure 1).

Retrieval is henceimplementedasa two stepprocedurea clas-
sification step,able to identify the classto which the currentcase
couldbelong,anda properretrieval step,meantto extractthe“clos-
est” casesClassificatiorrelieson a Naive Bayesstratgy, a method
that assumegonditionalindependencamongthe featuresgiven a
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Figurel. Taxonomyof classe®f prototypicalsituationsn pediatric
IDDM patients

certainclass but thatis known to berobustin avariety of situations
[16, 17] evenin the presenceof conditionaldependencied-or ap-
plying Naive Bayes we calculatethe probabilitythata casebelongs
to classc;, giventhatthe setof its featuresf = {fi,..., fm}is f,
throughthefollowing formula:

M
Pl f=F o []pcp(f; =File)

j=1
Themethodclassifiesa caseasbelongingto theclassthatmaximises
P(ei | f = f). .
The conditionalprobabilitiesp(f; = f; | ¢;) areobtainedthrough
the Bayesianupdateformula for discretedistributions[18, 19]; in
particular we usea re-parameterisedersionof the updateformula
known as m-estimateof probability [20], that modifies the prior
knowledgewith the informationcomingfrom the casef the case
memoryasfollows:

m pij + Nij

p(szf]lcl) = m + D;

WhereN,-j is the numberof casedn the casememoryof class:
whosefeature f; assumeshe value f;, while D; is the total num-
berof casedn classi. Themedicalknowledgeis synthesisedby the
prior probability distribution (p;;), whosereliability is expressedy
the implicit numberof samplesn. In otherwords,the largeris m,
thelargeris theconfidenceof theexpertonthe prior. Ourinitial case
library wascomposedy 145real casedrom the historiesof 29 pe-
diatric patients.In our application,the prior probability value (p;;)
wasderived from expertsopinionthrougha techniquedescribedn
[21].

Retrieval may be performedust on the mostprobableclassiden-
tified by the classificationstep,or on a subsef the mostprobable
classesin both situationsthe systemrelies on a Nearest-Neighbor
(NN) techniqueandclassicametrics,ableto treatnumericandsym-
bolic variables,andto copewith the problemof missingdata,are
appliedto calculatedistanceg22]. Whendealingwith a large case-
base pur applicationimplementsa nonexhaustve searchprocedure
that exploits an arytime algorithm called Pivoting-BasedRetrieval
(PBR)[23], whoseefficacy hasbeenprovedona 10000casedibrary.



3.4 DecisionSupport

The CBR methodologyhasbeenexploitednotonly for the KM task,
but also for decisionsupport:we have provided the T-IDDM MU
with a multi-modal reasoningsystemthat relies on the integration
betweerCBR andtheRBR methodologySuchatool is ableto over
comethe weaknesof the two reasoningparadigmswvhen applied
independentlyWhendevelopinga RBR systemjn fact,it is possible
to incurin the so-calledqualificationproblem trying to dealwith as
muchpeculiarsituationsaspossibleleadsto the definitionof a huge
rule basereducingthe systemperformancesOn the otherhand,the
caselibrary of a CBR systemcould be biasedon too specific ex-
amples,and may presentsomeregions not coveredby a sufiicient
numberof casegcompetencgapg.

Our approachis stronglyinnovative from a methodologicapoint
of view: we have realiseda tighter integrationin respectto other
examplesthatcanbe foundin the literature[24, 25, 26], asit takes
placewithin the generalproblemsolving cycle (seefigure 2). Our
tool is ableto exploit CaseBasedretrieval resultsto specialisethe
rulesbehaior, andto dynamicallyadaptit to the specificpatients
characteristics.

Generation
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Problem Suggestion
Task Generation Task
Specialisation Specialisation

-
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Figure2. CBR-RBRintegrationwithin the T-IDDM Medical Unit
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The RBR componenembedshe domainknowledgeinto a tax-
onomyof productionrule classesfired througha forward chaining
mechanismEachrule classperformsanaction[27]:

- data analysisand problemidentification: afterhaving computed
the BGL Modal Day (seesection3.2), the systemidentifieshypo-
glycemiaor hypeglycemiaproblems.In particular when p;, ¢ is
higherthana giventhresholdalpha andtheignoranceis smallerof
agiventhresholdbetag a problemis recognised;

- suggestiorgeneration for eachdetectecgroblem,asetof alterna-
tive suggestionsglealingwith insulin therayy, diet or physicalexer-
cise,is generated;

- suggestionselection the mostsuitableand effective suggestions
areselectecandappliedto the currenttherapeutigrotocol;

- protocolrevision: theadjustegorotocol togethemwith otherlibrary
protocolssuitablefor the situationat hand,is listedto physicianfor
her/hisfinal judgment.

CBR resultsare integratedin the RBR frameavork by meansof
a rule refinementprocessnvolving the changeof suitablerule pa-
rameterson the basisof informationobtainedfrom the caselibrary
(i.e.classificatiorandretrieval). In particular therule classeslealing
with problemidentification andsuggestiorgenerationareaffected
by theintegrationprocedurefollowing a seriesof steps:

- the Bayesiarclassifieris invoked on the patients visit data;

- if the physicianchoosedo rely on the classificationresults,the
mostprobableclassinformationis usedto specialisethe problem

identification rulesparametersphaandbetg

- the physicianmay wantto completethe classificationinformation
with retrieval results A teston theretrieved casess performedpnly

casewhoseprotocolhasthesameénjectionnumberof theinputcase
will be consideredIf no sucha caseis retrieved, RBR is applied
without CBR integration;

- amongthe remainingcasesthe tool just exploits the oneswith a
positive outcome(i.e. casesfor which the appliedprotocol hasre-

sultedin alow numberof hypoglycemiceventsandin a HbAlc de-
creasingrend).On them, it computessomedescriptve statisticsto

setparametersuchasthenumberof insulininjections,thevariation
in the daily insulin requirementandthe variationof a singleinsulin

dose thusspecializinghe suggestiongenerationrulesclass.

The resultof the previous rule specialisatioris a list of refined
suggestionsyhich canbe usedto completethe RBR cycle, for pro-
viding the physicianwith a final outcome.On the otherhand,CBR
cantake adantagerom theresultsof RBRaswell. Whenno suitable
caseis retrieved by the CBR componen{eitherbecauseno positive
outcomeis found or becausehe retrieved therapeutigrotocolsare
significantlydifferentfrom the currentone),we caninfer thatthein-
putcasebelongso acompetencgapregion.In suchasituation,our
tool performsRBR withoutintegration,in orderto avoid wrongspe-
cialisationdueto misleadingcasesAs soonasthe outcomeof the
proposedrotocolis available(normallyatthe next periodicalvisit),
anew cases learnt,andstoredin thememoryto fill thecompetence

gap.

4 RESULTSOF THE T-IDDM SERVICE IN
PAVIA

The T-IDDM demonstratiorphase,conductedin Pavia from June
1998to Octoberl 999, involvedsix pediatricpatientsandadiabetolo-
gistfrom Policlinico S. Matteohospital Althoughthis smallnumber
doesnotallow to obtainstatisticallysignificantresults thereareser-
eral interestingissuesthat arisefrom the collecteddata[28]. First,
the high frequeng of logging on the system,andthe high number
of messagegxchanged56 messagesentfrom the physicianand
35 messagesentfrom patientsin an averageperiod of 415 days)
demonstratethat both patientsandthe physicianhave found help-
ful to rely onthe systems functionality andthatthe systemis quite
easyto use,having a suficiently userfriendly interface.Moreover,
the averagenumberof theraly changeshasbeenaugmentedvith
respectto clinical practice;while in normal clinical practicesuch
changesvould beupto 6, duringthedemonstratiophaset reached
thevalueof 8. In fact,whenworking withoutthesystermsupportthe
physicianustevaluateghepatients conditiononthevisit day(every
2/4months)while T-IDDM hasallowedhim to verify themetabolic
statemorefrequently In suchaway; if a problemarose the physi-
cianwasimmediatelyableto make a therajy revision to copewith
it, helpedby the Al-basedtools, andin particularby the IDA tech-
niguesembeddedn the MU, that he largely exploited. We believe
thatsuchanincreasedrequeny in theray adjustment$asledto a
reductionof themeanHbAlclevel in the patientsundermonitoring
(HbAlc variationrange:[-6.7 +1.1]; average:-1.23): helpedby the
systemthe physicianhasbeenableto betterandsoonermunderstand
the patients’peculiarneeds andto defineinsulin treatmentsprop-
erly tailoredonthespecificsituationunderexamination;additionally
a statisticallysignificantreductionin insulin requirementastaken



place(variationrange:[-0.15 +0.08]; average:-0.03;p <0.03with
Wilcoxon's testfor paireddata).

To testthe patientscompliancesomequestionnaireabouttheuse
of T-IDDM weredistributed. The generatechnicaljudgmenton the
PU software was positive for all patients.The usability question-
naire answerspresentednore heterogeneousesults:while the PU
was recognisedy all patientsto be easyto use,nice and efficient
enough the help provided by the systemfor performingself moni-
toring hasbeenconsideredacceptabl@nly by somepatients.Such
results,althoughobtainedon a very small numberof subjectsgive
thesuggestionhata bettercompliancecouldbe obtainedby design-
ing a PU configurableon the singleusers needs.

Finally, thereliability andthe soundnessf the RBR systemsug-
gestionshave beenpositively testedwithin the T-IDDM verification
phasethe system,evenif a bit too conserative, generallymimics
theexpert’s behaior.

5 CONCLUSIONS

Theencouragingesultswe obtainedrom the T-IDDM projectveri-
ficationphasén Pavia, thoughpreliminary seemto substantiat¢he
hypothesigthat the use of the telemedicinesystemsin association
with decisiorsupporsystemgouldpresenanadwantagen theman-
agemenbf typel diabeticpatients)eadingto amoretight controlof
patients'metabolicsituation,in acost-efective way. As thesystemis
currentlyusedat the pediatricclinic, we will beableto collectaddi-
tionaldatawhich, in ouropinion,will probablyenforcesuchconclu-
sions.As afinal stepof theT-IDDM evaluationprocedurewe planto
verify thereliability andthe correctnessf the multi-modalreason-
ing tool, by implementinghe following verificationprotocol:i) two
physicianswho never usedthe T-IDDM MU decisionsupportfunc-
tionality, will analysea setof realpatientscasesii) apanelof expert
physiciansagainunfamiliar with T-IDDM, for eachcasewill com-
parethe threeavailabletherapeutigrescriptiongtwo comingfrom
the colleaguesand the other from the multi-modal reasoningsys-
tem), without knowving who is the authorof the variousanswersBy
applyingsuchmethodologywe foresedo understandf theT-IDDM
multi-modalreasoningsystemmirrorsthereasoningf anexpertdi-
abetologist,otherthanthosewho provided the knowledge. At the
sametime we will testwhetherthereareconflictingopinionsamong
the physicians,andwe will find outin how mary caseshereis a
completeinter-expert consensuskinally, conceptsof the T-IDDM
projectwill beappliedwithin a projectfundedby the EU in theFifth
Framavork Programmecalled M2DM (Multi-Access Servicesfor
themanagemernf DiabetesMellitus).
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