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Abstract. We presenta successfulapplicationof Artificial Intel-
ligence(AI) methodologiesin thecontext of a telemedicineservice
for diabeticpatientsmanagement,developedwithin the EU-funded
T-IDDM project.The systemarchitectureis distributed,and com-
posedby a PatientUnit andby a Medical Unit, connectedthrough
a telecommunicationlink. Several AI methodshave beenexploited
to implementtheT-IDDM functionality. Thedatabaserelieson an
explicit representationof the domainontology. TemporalAbstrac-
tionsandotherIntelligentDataAnalysistechniquesareusedto anal-
ysethepatient’s monitoringdata;theCaseBasedReasoning(CBR)
methodologyisappliedtoperformtheKnowledgeManagementtask.
Finally, CBR is integratedwith Rule BasedReasoningto provide
physicianswith a multi-modalreasoningdecisionsupporttool. The
T-IDDM serviceis beingtestedthroughasmallonfield trial in Pavia;
thefirst results,thoughpreliminary, seemto substantiatethehypoth-
esisthat the useof an AI-basedtelemedicinesystemcould present
an advantagein the managementof type 1 diabeticpatients,lead-
ing to a moretight controlof thepatients’metabolicsituation,in a
cost-effectiveway.

1 INTRODUCTION

DiabetesMellitus is a major chronicdisease,affectingup to 3% of
the populationin the industrialisedcountries.In particular, Insulin
DependentDiabetesMellitus (IDDM) patientsneedexogenousin-
sulin injectionsto regulateblood glucosemetabolism,in order to
prevent ketoacidosisand coma,and to reducethe risk of later life
invalidatingcomplications.It hasbeenproved [1] that Intensive In-
sulin Therapy (IIT), consistingin 3 to 4 injectionsevery day, or in
the useof sub-cutaneousinsulin pumps,is the most effective way
to stabiliseblood glucose,andthereforeto reduceor delay IDDM
complications;the increasein therapy planningcomplexity and in
costsis the obvious drawback. IDDM managementnormally con-
sist in visiting patientsevery 2/4 months;during thesevisits the
datacomingfrom homemonitoringareanalysed,in orderto assess
the metaboliccontrol achieved by the patients.Laboratoryresults
andhistoricaland/oranamnesticdataareverifiedaswell, to finally
revise the patient’s therapeuticprotocol.Diabeticpatientsmanage-
ment is obviously a complex task; how to balancethe advantages
coming from IIT with its disadvantagesis a matterof discussion,
that involvessocialandethicalconsiderations[2]. It hasbeenadvo-
catedthat the useof currentadvancesof information technologies
�
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anddecision-supportsystemsmayimprovecost-effectivenessof IIT,
by reducingthenumberof periodicalcontrolvisits,while increasing
thepatient/physiciancommunicationrate.Severaltoolsandadvisory
systemsfor therapeuticplanassessmentarenow available,bothona
day-by-dayandonavisit-by-visit basis[3], andfor someof themthe
capabilityof providing properdecisionshasbeenshown experimen-
tally [4]. Theexponentialgrowth in theavailability andin theuseof
telecommunicationservicespushestowardsthe integrationof such
toolsin anetworkingenvironment,in orderto provide long-distance
assistanceto patient,aswell aslong-distancemonitoringcapability
to the physician[5]. The useof appropriateArtificial Intelligence
(AI) techniques,suchasknowledgebasedsystems,IntelligentData
AnalysisandCaseBasedReasoning,mayenhancethedesignof the
overall service:it shouldbe possibleto allow the usersexploiting
anintelligentdeskfor periodictherapy assessmentandrevision.For
thesereasons,we have workedat thedevelopmentof a telemedicine
system,that, reinforcedby previous experiences,is able to offer a
new integratedsolutionto theIDDM managementproblem.

2 THE T-IDDM PROJECT

The motivationsdescribedin section1 led to the definition of the
EU funded project T-IDDM (TelematicManagementof Insulin-
DependentDiabetesMellitus) [6], concernedwith thedesign,imple-
mentationandtestingof anintelligenttelemedicineserviceto assist
IDDM patients,able to provide physicianswith a collectionof AI
techniquesfor improving managementof patientsaccordingto the
bestcurrentmedicalpractice.The projectgoal was to accomplish
thefollowing specificaims:(i) to provide patientswith aneffective
treatmentleadingto goodglycemiccontrol, andto achieve a care-
ful balancebetweeninsulin therapy, diet andphysicalactivity, thus
delayingthe onsetand/orslowing the progressionof chroniccom-
plications;(ii) to provide patientsat homeor in othernon-clinical
environmentswith an appropriatelevel of continuousandintensive
carethroughtelemonitoringandteleconsultationservices,takinginto
accounttheneedsof remoteor isolatedindividualsthatareunableto
reachfrequentlythe hospital institutions;(iii) to allow for a cost-
effectivemonitoringof a largenumberof patients,automatizingdata
collectionandthemanagementof alargesetof therapeuticprotocols;
(iv) to supportacontinuouseducationof patientsthroughteleconsul-
tationservices;(v) to allow thepatientto customisetheinsulin ther-
apy within the boundsestablishedby the physicians.The T-IDDM
serviceexploits two main components:a Patient Unit (PU) and a
MedicalUnit (MU), connectedthrougha telecommunicationsystem
(Internetor the Public SwitchedTelephoneNetwork). Patientscol-
lectmetabolicdatatogetherwith insulinandfoodintake information



every day, and storethem in the PU database.Whenever a prob-
lem occurs,they cansendan alarmandthe datato the MU to get
a quick responsefrom the physician,otherwiseall the information
will be sentevery 7-10 days.The MU is a web-basedworkstation
(a demois available at http://aim.unipv.it/projects/tiddm)in which
severaldistributedserverscooperatein a transparentway to helpthe
physicianin managingdiabetesmellitus through:consultationand
analysisof the patients’data,communicationwith patients’home,
revisionof thetherapeuticprotocolandinformationrepositoriescon-
sultation.T-IDDM wasathree-yearproject,whichendedin October
1999.The T-IDDM servicehasbeenimplementedandpreliminary
testedthroughan on field trial that startedin June1998.It is rou-
tinely usedby six pediatricpatientsandby two diabetologistsat the
PoliclinicoS.Matteohospitalin Pavia.

3 ROLE OF AI IN T-IDDM

Within the T-IDDM project, several AI techniqueshave beenex-
ploited:
- thestructureof theMU databasetableshasbeenautomaticallygen-
eratedon thebasisof thedomainontology, storedin theknowledge
base;
- Intelligent Data Analysis (IDA) is appliedto analysethe patien-
t’s monitoringdata,sentby thePU; someindicatorsof thepatient’s
metabolicbehavior canthenbeextracted.A RuleBasedReasoning
(RBR)system,meantto providethephysicianwith therapy planning
suggestions,relieson suchindicatorsto identify possiblemetabolic
alterations;
- in order to take advantagefrom the amountof informationcon-
tainedin theMU database,andfrom the“operative” knowledgeof
experts,embeddedin pastcases,wehave implementedaKnowledge
Management(KM) tool, basedon theCaseBasedReasoning(CBR)
methodology;
- finally, a multi-modalreasoningsystem,that specialisesthe RBR
behavior with the resultsof CaseBasedretrieval, hasbeendefined
andmadeavailableto physicians.

3.1 Domain ontology

In thecaseof a distributedsystem,theexistenceof a global,shared
ontologyis essentialto ensurethepossibilityof communicationbe-
tweenthe architecturecomponents:the ontology actsas the com-
mon terminologyto which all the modulesrefer whenexchanging
information,andis usedto determinethebehavior of thewholesys-
tem.TheT-IDDM ontologyis storedin aknowledgebasebuilt using
a framesystem[7, 8], that supportsmultiple inheritanceandtyped
slots. It is organisedinto taxonomies,which describeentities(e.g.
patients,laboratoryvalues),events(e.g. monitoringdatameasure-
ments),abstractions(e.g.hyperglycemia),drugs,therapeuticproto-
cols, and so on. Sinceslots are typed,we alsoneededto definea
hierarchyof classesrepresentingtypes(e.g. the classof numerical
values,andtheoneof fixed-length-stringvalues).Typesareabstract
classes:noinstancesarecreatedfrom them,but they areusedto store
informationneededby theinstanceslots.

We usethe knowledgebasemainly as a declarative tool, to de-
scribethe domainontology, while we exploit a relationaldatabase
to managethe actualdata.The structureof the databasetables,as
well as the commandsto storeandretrieve the data,aregenerated
automaticallyonthebasisof theontologyinformation.A specialised
SQLinterface,ableto receive thequeriesaddressedto thedatabase,

andto returntheresultingdata,ensuresthecommunicationbetween
theuserandthedatarepository[9].

3.2 Intelligent Data Analysis

The data collectedby patientsduring home-monitoring,and sent
throughthePU-MU connection,aretime-stamped,andacquiredsev-
eral times(from threeto four) a day. In orderto allow a properin-
terpretationof thedata,wehavesubdividedthe24-hourdaily period
into asetof consecutivenon-overlappingtimeslices,centeredonthe
timeof mealsor insulin injections;eachdatumis henceassociatedto
agiventimeslice.

TheMU exploits thehomemonitoringinformationthrougha set
of tools to visualiseand to analysecollecteddata.Data analysis
rangesfrom a set of statisticalmethods,suchas the extraction of
thedaily averagevalueof BloodGlucoseLevel (BGL), thedaily in-
sulin requirement,andthe numberof serioushypoglycemicevents
in a givenperiodof time, to morecomplex formsof abstractions.In
particularanabstractdescriptionof thecourseof longitudinaldatais
obtainedthroughtheTemporalAbstractions(TA) technique.

Thebasicprincipleof TA methodsis to move from a time-point
to an interval-basedrepresentationof thedata.Givena sequenceof
time stampeddata(events), the adjacentobservationswhich share
a commonfeatureareaggregatedinto intervals (episodes). In more
detail, two main classesof abstractionscanbe described:basicab-
stractionsfor detectingpredefinedpatternsin a univariatetime se-
ries,andcomplex abstractions,for discoveringspecifictemporalre-
lationshipsbetweenepisodesas well as for analysingmultivariate
patterns[10]. Basicabstractionsextractstates(e.g.low, normal,high
values)or trends(increase,decreaseor stationaritypatterns)from a
uni-dimensionaltime series.Complex abstractionssearchfor spe-
cific temporalrelationshipsbetweenepisodeswhich canbe gener-
atedfrom a basicabstractionor from other complex abstractions.
This kind of TA canbe exploited to extract multi-dimensionalpat-
ternsor to detectuni-dimensionalpatternsof complex shapes.Ex-
haustive examplesof theapplicationof TA methodsto diabeticpa-
tientsmonitoringdatacanbefoundin [11].

Thedecisionsupportactivity of theMU is basedontheextraction
of stateabstractions,dealingin particularwith BGL measurements.
Whendetectingstatepatternsin time seriesof numericalvariables,
apreliminaryqualitative abstractionis carriedout.Themappingbe-
tweenthequalitative abstractionsandthequantitative levelsof each
numericalvariabledependson thetime sliceandon thespecificpa-
tient’s characteristics.For example,theBGL normalrangeis wider
in the morning than aroundlunch, and it is wider in pediatricpa-
tients than in adult ones.Then,the BGL stateabstractionsarede-
rived,moving from the original time scaleto a new scaleobtained
from thesequenceof relevantpatternsdetectedin thedata.

After having identified the most significant episodes,the BGL
Modal Day canbe extracted.The Modal Day is an indicator, well
known in theliterature,ableto summarisethemeanresponseof the
patientto the therapy followed in the periodunderexamination.It
is usuallyderivedasthecollectionof themostprobableBGL quali-
tative level in eachtime slice.Severalapproachesfor extractingthe
ModalDayhavebeenpresented,from simplestatisticsto timeseries
analysis[12,13]. Ourchoicehasbeentheoneof applyingaBayesian
methoddescribedin [14] that is ableto explicitly take into account
the presenceof missingdata,i.e. missingmeasurementsin oneor
moretimeslices.

Five BGL stateTAs areconsidered,Severe Hypoglycemia,Hypo-
glycemia,Normoglycemia,Hyperglycemia,Severe Hyperglycemia.



Before startingdatacollection in a given period we may assigna
prior probabilityto theoccurrenceof eachstateTA equalto
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a certainmonitoringperiodof � days,we collect � measurements,
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� dataaremissing.The posterior
probabilityboundsof theoccurrenceof a generic� -th of the5 lev-
els,givenbydifferencebetweentheupper(������� ) andthelower(������� )
probabilitybound,canbederivedas:
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is thenumberof occurrencesof the � -th level in themoni-
toringperiod.

Thedifferencebetween�����(� and������� is proportionalto thenum-
berof missingdataandis denotedastheignorancein themonitoring
period.

As themonitoringprocessproceeds,theboundson theprobabil-
ities areupdated.At any time we obtain,for eachtime slice,an in-
terval probability distribution over the BGL stateabstractions.The
modal day is extractedby taking the BGL stateswith the highest
������� in eachtimeslice.

3.3 KnowledgeManagement

Managingall thedatapiling in thehospitaldatabase,andextracting
from themreliableinformationaboutthepatients’status,is a com-
plex problem,difficult to besatisfactorilysolved.Whendealingwith
chronicdiseasesmanagement,oneof themosteffective instruments
for theKnowledgeManagement(KM) taskis CaseBasedReasoning
(CBR).CBR[15] is aproblemsolvingparadigmthatusesthe“oper-
ative” knowledgeof previously experiencedsituations,calledcases.
Pastcasessimilar to the currentoneareretrieved andshown to the
user;pastsolutionsmaybereusedandapplied(after, if necessary, an
adaptationstep)to thepresentsituation.CaseBasedretrieval, in par-
ticular, by enablingphysiciansperforminganintelligentconsultation
of the availablecaselibrary, keepstrack of the “problem/solution”
patternsthatoccurredin thepast,maintainsa specificpatient’s his-
tory, andmakestheoverall healthcareorganisationexpertiseavail-
ableevenin presenceof changesin thephysicians’staff.

Within theT-IDDM MU architecture,wehaveimplementedaKM
tool thatexploits CaseBasedretrieval. We definea caseasa setof
feature-value pairs, togetherwith a solution and an outcome.The
casefeaturesarethedatacollectedduringa periodicalvisit. Theso-
lution is thetherapeuticprotocolassignedby thephysicianafter the
featuresexamination,andthe outcomeof suchtherapy is given by
the numberof hypoglycemicepisodesandby the valueof HbA1c
collectedat thefollowing visit (i.e. thefollowing case).Thecaseli-
brarystructurestronglyinfluencesthecasesearch;to make retrieval
moreflexible,throughthecollaborationwith thediabetologistsof the
PediatricDepartmentof PoliclinicoS.Matteoin Pavia,wehavebeen
ableto structurethe library by resortingto a taxonomyof mutually
exclusiveprototypicalclasses,thatexpresstypicalproblemsthatmay
occurto patientsin theageof infancy andpuberty(seefigure1).

Retrieval is henceimplementedasa two stepprocedure:a clas-
sificationstep,able to identify the classto which the currentcase
couldbelong,anda properretrieval step,meantto extractthe“clos-
est” cases.Classificationrelieson a Naive Bayesstrategy, a method
that assumesconditionalindependenceamongthe featuresgiven a
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Figure 1. Taxonomyof classesof prototypicalsituationsin pediatric
IDDM patients

certainclass,but thatis known to berobustin a varietyof situations
[16, 17] even in the presenceof conditionaldependencies.For ap-
plying Naive Bayes,we calculatetheprobabilitythatacasebelongs
to class+ � , giventhat thesetof its features,-�/.0, ��1(2(2(2�1 ,0354 is 6, ,
throughthefollowing formula:

798 + �;: ,<� 6,�=?>
3@
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8 + � =D� 8 , A � 6, A : + � =

Themethodclassifiesacaseasbelongingto theclassthatmaximises798 + �;: ,5� 6,�= .
Theconditionalprobabilities� 8 , A � 6, A : + � = areobtainedthrough
the Bayesianupdateformula for discretedistributions [18, 19]; in
particular, we usea re-parameterisedversionof the updateformula
known as m-estimateof probability [20], that modifies the prior
knowledgewith the informationcomingfrom the casesof the case
memoryasfollows:

� 8 , A � 6, A : + � =	� E 6� � A  6� � A
E
 � �

where 6� � A is the numberof casesin the casememoryof class F
whosefeature , A assumesthe value 6, A , while � � is the total num-
berof casesin classF . Themedicalknowledgeis synthesisedby the
prior probabilitydistribution ( 6� � A ), whosereliability is expressedby
the implicit numberof samplesE . In otherwords,the larger is E ,
thelargeris theconfidenceof theexpertontheprior. Our initial case
library wascomposedby 145realcasesfrom thehistoriesof 29 pe-
diatric patients.In our application,the prior probability value(� � A )
wasderived from expertsopinion througha techniquedescribedin
[21].

Retrieval maybeperformedjust on themostprobableclassiden-
tified by theclassificationstep,or on a subsetof themostprobable
classes.In both situationsthe systemrelieson a Nearest-Neighbor
(NN) techniqueandclassicalmetrics,ableto treatnumericandsym-
bolic variables,and to copewith the problemof missingdata,are
appliedto calculatedistances[22]. Whendealingwith a largecase-
base,our applicationimplementsa nonexhaustive searchprocedure
that exploits an anytime algorithmcalledPivoting-BasedRetrieval
(PBR)[23], whoseefficacy hasbeenprovedona10000caseslibrary.



3.4 Decision
G

Support

TheCBRmethodologyhasbeenexploitednotonly for theKM task,
but also for decisionsupport:we have provided the T-IDDM MU
with a multi-modal reasoningsystemthat relieson the integration
betweenCBRandtheRBRmethodology. Suchatool is ableto over-
comethe weaknessof the two reasoningparadigmswhen applied
independently. WhendevelopingaRBRsystem,in fact,it is possible
to incur in theso-calledqualificationproblem: trying to dealwith as
muchpeculiarsituationsaspossibleleadsto thedefinitionof ahuge
rule base,reducingthesystemperformances.On theotherhand,the
caselibrary of a CBR systemcould be biasedon too specificex-
amples,andmay presentsomeregionsnot coveredby a sufficient
numberof cases(competencegaps).

Our approachis stronglyinnovative from a methodologicalpoint
of view: we have realiseda tighter integration in respectto other
examplesthatcanbe found in the literature[24, 25, 26], asit takes
placewithin the generalproblemsolving cycle (seefigure 2). Our
tool is ableto exploit CaseBasedretrieval resultsto specialisethe
rulesbehavior, and to dynamicallyadaptit to the specificpatients
characteristics.
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Figure2. CBR-RBRintegrationwithin theT-IDDM MedicalUnit

The RBR componentembedsthe domainknowledgeinto a tax-
onomyof productionrule classes,fired througha forward chaining
mechanism.Eachruleclassperformsanaction[27]:
- data analysisand problem identification: afterhaving computed
the BGL Modal Day (seesection3.2), the systemidentifieshypo-
glycemiaor hyperglycemiaproblems.In particular, when ������� is
higherthana giventhresholdalpha, andthe ignoranceis smallerof
agiventhresholdbeta, aproblemis recognised;
- suggestiongeneration: for eachdetectedproblem,asetof alterna-
tive suggestions,dealingwith insulin therapy, diet or physicalexer-
cise,is generated;
- suggestionselection: the mostsuitableandeffective suggestions
areselectedandappliedto thecurrenttherapeuticprotocol;
- protocolrevision: theadjustedprotocol,togetherwith otherlibrary
protocolssuitablefor thesituationat hand,is listedto physicianfor
her/hisfinal judgment.

CBR resultsare integratedin the RBR framework by meansof
a rule refinementprocessinvolving the changeof suitablerule pa-
rameterson the basisof informationobtainedfrom thecaselibrary
(i.e.classificationandretrieval). In particular, theruleclassesdealing
with problemidentification andsuggestiongenerationareaffected
by theintegrationprocedure,following aseriesof steps:

- theBayesianclassifieris invokedon thepatient’s visit data;
- if the physicianchoosesto rely on the classificationresults,the
mostprobableclassinformationis usedto specialisethe problem
identification rulesparametersalphaandbeta;
- thephysicianmaywant to completetheclassificationinformation
with retrieval results.A teston theretrievedcasesis performed;only
caseswhoseprotocolhasthesameinjectionnumberof theinputcase
will be considered.If no sucha caseis retrieved, RBR is applied
withoutCBRintegration;
- amongthe remainingcases,the tool just exploits the oneswith a
positive outcome(i.e. casesfor which the appliedprotocolhasre-
sultedin a low numberof hypoglycemiceventsandin a HbA1c de-
creasingtrend).On them,it computessomedescriptive statistics,to
setparameterssuchasthenumberof insulin injections,thevariation
in thedaily insulin requirementandthevariationof a singleinsulin
dose,thusspecializingthesuggestiongenerationrulesclass.

The result of the previous rule specialisationis a list of refined
suggestions,which canbeusedto completetheRBR cycle, for pro-
viding thephysicianwith a final outcome.On theotherhand,CBR
cantakeadvantagefromtheresultsof RBRaswell. Whennosuitable
caseis retrievedby theCBR component(eitherbecauseno positive
outcomeis foundor becausethe retrieved therapeuticprotocolsare
significantlydifferentfrom thecurrentone),wecaninfer thatthein-
putcasebelongsto acompetencegapregion.In suchasituation,our
tool performsRBRwithout integration,in orderto avoid wrongspe-
cialisationdueto misleadingcases.As soonasthe outcomeof the
proposedprotocolis available(normallyat thenext periodicalvisit),
anew caseis learnt,andstoredin thememory, to fill thecompetence
gap.

4 RESULTS OF THE T-IDDM SERVICE IN
PAVIA

The T-IDDM demonstrationphase,conductedin Pavia from June
1998toOctober1999,involvedsixpediatricpatientsandadiabetolo-
gist from PoliclinicoS.Matteohospital.Althoughthissmallnumber
doesnotallow to obtainstatisticallysignificantresults,therearesev-
eral interestingissuesthat arisefrom the collecteddata[28]. First,
the high frequency of logging on the system,andthe high number
of messagesexchanged(56 messagessentfrom the physicianand
35 messagessentfrom patientsin an averageperiodof 415 days)
demonstratesthat both patientsandthe physicianhave found help-
ful to rely on thesystem’s functionality, andthat thesystemis quite
easyto use,having a sufficiently user-friendly interface.Moreover,
the averagenumberof therapy changeshasbeenaugmentedwith
respectto clinical practice;while in normal clinical practicesuch
changeswouldbeup to 6, duringthedemonstrationphaseit reached
thevalueof 8. In fact,whenworkingwithout thesystemsupport,the
physicianjustevaluatesthepatient’sconditiononthevisit day(every
2/4months),while T-IDDM hasallowedhim to verify themetabolic
statemorefrequently. In sucha way, if a problemarose,the physi-
cianwasimmediatelyableto make a therapy revision to copewith
it, helpedby the AI-basedtools,andin particularby the IDA tech-
niquesembeddedin the MU, that he largely exploited.We believe
thatsuchanincreasedfrequency in therapy adjustmentshasled to a
reductionof themeanHbA1c level in thepatientsundermonitoring
(HbA1c variationrange:[-6.7 +1.1]; average:-1.23):helpedby the
system,thephysicianhasbeenableto betterandsoonerunderstand
the patients’peculiarneeds,and to defineinsulin treatmentsprop-
erly tailoredonthespecificsituationunderexamination;additionally
a statisticallysignificantreductionin insulin requirementhastaken



place(variationrange:[-0.15 +0.08]; average:-0.03; �IH 0.03with
Wilcoxon’s testfor paireddata).

To testthepatientscompliance,somequestionnairesabouttheuse
of T-IDDM weredistributed.Thegeneraltechnicaljudgmenton the
PU software was positive for all patients.The usability question-
naireanswerspresentedmoreheterogeneousresults:while the PU
wasrecognisedby all patientsto be easyto use,nice andefficient
enough,the helpprovided by the systemfor performingself moni-
toring hasbeenconsideredacceptableonly by somepatients.Such
results,althoughobtainedon a very small numberof subjects,give
thesuggestionthatabettercompliancecouldbeobtainedby design-
ing aPUconfigurableon thesingleuser’s needs.

Finally, thereliability andthesoundnessof theRBR systemsug-
gestionshave beenpositively testedwithin theT-IDDM verification
phase;the system,even if a bit too conservative, generallymimics
theexpert’s behavior.

5 CONCLUSIONS

Theencouragingresultsweobtainedfrom theT-IDDM projectveri-
ficationphasein Pavia, thoughpreliminary, seemto substantiatethe
hypothesisthat the useof the telemedicinesystemsin association
with decisionsupportsystemscouldpresentanadvantagein theman-
agementof type1 diabeticpatients,leadingto amoretight controlof
patients’metabolicsituation,in acost-effectiveway. As thesystemis
currentlyusedat thepediatricclinic, wewill beableto collectaddi-
tionaldatawhich,in ouropinion,will probablyenforcesuchconclu-
sions.As afinal stepof theT-IDDM evaluationprocedure,weplanto
verify the reliability andthecorrectnessof themulti-modalreason-
ing tool, by implementingthefollowing verificationprotocol:i) two
physicians,whonever usedtheT-IDDM MU decisionsupportfunc-
tionality, will analyseasetof realpatientscases;ii) apanelof expert
physicians,againunfamiliar with T-IDDM, for eachcase,will com-
parethe threeavailabletherapeuticprescriptions(two comingfrom
the colleagues,and the other from the multi-modal reasoningsys-
tem),without knowing who is theauthorof thevariousanswers.By
applyingsuchmethodology, weforeseeto understandif theT-IDDM
multi-modalreasoningsystemmirrorsthereasoningof anexpertdi-
abetologist,other than thosewho provided the knowledge.At the
sametimewewill testwhetherthereareconflictingopinionsamong
the physicians,andwe will find out in how many casesthereis a
completeinter-expert consensus.Finally, conceptsof the T-IDDM
projectwill beappliedwithin aprojectfundedby theEU in theFifth
Framework Programme,calledM

�
DM (Multi-AccessServicesfor

themanagementof DiabetesMellitus).
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