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Summary

Theuseof patient-specifi©ecisionSupportSystemgDSS)mayimprove the quality
andefficiengy of healthcare while reducingts costsatthesametime. Theadoptionof
suchasystemis largely compatiblewith the principlesof "EvidenceBasedViedicine”
andpatientorientedcare.

PROMEDAS (PRObabilisticMEdical DiagnosticAdvisory System)s a prototype
DSS, basedon a probabilistic model and advancedcomputationakechniques. The
systemoffers patientspecificdiagnosticadvice. It presentsa differential diagnosis
andit supportsthe diagnosticprocessy indicatingthe mostusefulnext stepin the
diagnostigorocess.

Thesystemis intendedo supportdiagnosignakingin the settingof the outpatient
clinic andfor educationapurposes.ts target-usersare generalinternists,superspe-
cialists(i.e. endocrinologistsheumatologistsnternsandresidentsmedicalstudents
andothersworking in the hospitalervironment.

Currently PROMEDAS is a standaloneapplication. In the future PROMEDAS
may be integratedwith a Hospital Information Systemand an Electronic Patient
Record.Thiswill facilitateits usein practice andmayaugmenits acceptance.

PROMEDAS is basedon medicalexpertknowledge,acquiredfrom the literature
by the medicalspecialistan our projectteam. The acquiredknowledgeis storedin
a databasein suchaway thatextensionand maintenancef the expertknowledgeis
facilitated.Currently thedatabaseoverslarge partsof endocrinologyandlymphoma
diagnostics.In nearfuture, partsof vasculairmedicinewill be enteredaswell. From
(partsof) this databaseBayesiametwork andan interfacefor PROMEDAS is auto-
matically compiled. The network is the underlyingmodelof PROMEDAS. Bayesian
inferenceis usedto querythesystem.

The PROMEDAS projectis fundedby STW (projectnr: NNN5322). The goal of
the projectis to demonstratehat an accuratediagnosticDSS covering a large diag-
nosticrepertoirein internalmedicineis possible. The key technicalinnovationis the
useof advancedapproximatenferencemethodsvhich allow Bayesiannferenceto be
appliedto large probleminstancegpatentsubmitted).
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1 Intr oduction

A medical diagnostic Decision SupportSystem(DSS) may be ex-
tremelyusefulbecausat is able to improve the accessibilityof ex-
pertknowledg andpatientinformation,resultingin qualityimprove-
mentof thediagnosticprocessincreaseof efficiencyandreductionof
costs. However, up to now thesesystemsavenot yet enteed daily
clinical practicefor a variety of reasons.

Why usedecisionsupport in medicine?

Medical diagnosisn modernmedicineis a very complex processyequiringaccurate
patientdata,aprofoundunderstandingf themedicalliteratureandmary yearsof clin-
ical experience.Often, a clearcutdiagnosiscannotbe madeand several alternatves
mustbe consideredgiven the available patientdataand the known medicalmecha-
nisms. As aresultof this uncertainty the decisionsmadeby differentphysiciansat
differentstagesof the diagnosticprocessdo not always agreeand lack "rationalisa-
tion” [1, 2].

Thebody of potentiallyusefulknowledgethatis relevantto evenarelatively nar
row diagnosticareamay be too large to make the optimal (diagnostic)decisionon
the spot. In addition, moderninformationtechnology(especiallythroughthe Inter-
net) increaseshe amountof available knowledgeeven more, probablyfurther com-
plicatingthis situation.Moreover, individual patientsneed’individualised”decisions,
becauseheir characteristicsliffer from the "average”andbecausef their individual
wishes[3. Individualisationof generalresearctresultsto individual patientcaseds
cumbersomeandtime consuming,

Thesituationis particularlyproblematicor internalmedicinebecausét coversan
enormougangeof diagnosticcateyories. As a result, internal medicineis differen-
tiatedin superspecialisationgnddiagnosisoften requiresthe decisionby a teamof
superspecialists.

A medicaldiagnosticDecisionSupportSystem(DSS)is a computerprogramthat
containsall relevant medicaldomainknowledgeabouta certainmedicaldomainand
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generates differential diagnosison the basisof individual patientfindings. In ad-
dition, a DSS can often suggestadditional laboratoryteststhat are expectedto be
particularlyinformative to establishor rule out any of thediagnosegonsidered.

It is clear thatthe benefitsof a succesfuDSSfor internalmedicinearefar reach-
ing. It will be appreciatedy all medicalspecialistdbecauset cangive valuablein-
formationsupportfor thosepatientsthat suffer from a diseaseutsidehis or herown
superspecialization. It will resultin animproved and more rationalizeddiagnostic
processaswell ashigherefficiency andcost-efectiveness.

What arethe problemsin current decisionsupport systems?

Thecurrentlyavailablesystemge.g. Meditel [5], QMR [6], Dxplain[7] andlliad [8])
have not yet beenvery successful. Certainlytheir useis still not widespreadand not
establishedn daily routine. A variety of reasonsnayberesponsibldor this:

Ladk of accuracy

Currentsystemsthat intendto cover a broad medicaldomainlack diagnostic
accurayg dueto the rathercoarselevel of detail of diagnosticcatejories(e.g.
ICD-9 or ICD-10). As a result, the diagnosesnadeby thesesystemsare of

limited clinical relevance[9, 10]. Currentsystemghatareusedin practiceare
restrictedto arelatively narrav field [11, 12]. Crucial problemswith a detailed
modelingof a large medicaldomainare 1) the maintenancef consisteng and
correctnes®f the medicalknowledgemodeland 2) the intractability of com-
putation. In the next sectionswe will discusstheseproblemsin detail andthe
PROMEDAS approacho their solution.

Lack of EPD

Patient specificdecisionsupportneedsinput datafrom several sources. Inte-
gratedpatientdatain acommonelectronicpatientdossieEPD)is notavailable
in mosthospitals.For thosesubsystemthathave beenrealized thedatacanbe
incompleteand/orunreliable [14].

Oneof the problemss thatdifferentdepartments internalmedicineusetheir
own terminologyanddefinitionsto characterizeliagnosesA commonsystem
for the whole of internalmedicinerequiresa commonterminology Available
diagnosticclassificationsystemsare eitherat a coarselevel andthereforelack
therequireddetail[15, 16], or specialised17] andthereforetoo limited to meet
theneeddor aDDS coveringabroaddomain.

Useracceptance

In the eraof evidencebasedmedicinethe adviceof “a black box” is unaccept-
able.An advicemustbe’explained’,preferablyonthe basisof medicalresearch
literature.Currentlyavailablesystemsio not provide sucheplanation.
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In conclusionmodernmedicinewill benefitfrom computerisedlecisionaidsbothto
meetits own high standardsindto keeppacewith the stageof developmentn other
domainssuchas manugcturingor the servicesindustry We strongly believe that a
diagnostidDSSfor a broadmedicaldomainis viableand,eventually marketable.

To avoid a "gold rushstyle” in the searchfor thesetools, the foremostthing to
do is the developmentof safeand soundmethods. The expertiseof our multidisci-
plinary groupprimarily focuseson thefollowing main partsof the methodologytypi-
cally neededn the developmenif decisionsupporttools:

e Modelling and inferencealgorithmsthat are able to deal with large comple
systemgsection2).

e Knowledg modellingin the medicaldomain(section3).
e Evaluationanduseraspectgsectiord).

e Softwae developmen{sectionb).



“Promedas”,a prototype DSS




2 Medical diagnosisand probabillistic
modeling

A diagnostic decisionsupport systemoffers diagnostic advice for
a diagnosticproblemregarding an individual patient. The system
needsa representationof medicalknowledg@, i.e. a model,and it
mustbe ableto reason(i.e. computewith patientspecificdataonthe
basisof this model. In thefirst part of this section,we discusswvhy
probabilistic modelsare typically well suitedfor the representation
of medicalknowledg andfor reasoningwith this knowledg. A po-
tential problemis the scalability of this approacd to large knowledg
domains.In the secondpart, we introduceprincipled approximation
methodgo dealwith thisissue

Rule-basedmodelsversusprobabilistic models
Theprocessof medicaldiagnosis

Medical diagnosisis a process by which a doctor searchedor the cause(disease)
that bestexplains the symptomsof a patient. The searchprocessis sequential,in
the sensethat patientsymptomssuggestsomeinitial teststo be performed. Based
on the outcomeof thesetests,a tentatve hypothesidgs formulatedaboutthe possible
cause(s).Basedon this hypothesissubsequentestsare orderedto confirm or reject
thishypothesisTheprocessnayproceedn severaliterationsuntil thepatientis finally
diagnosedwith sufficient certaintyandthe causeof the symptomss established.

A significantpartof thediagnostigprocesss standardizeéh theform of protocols.
Thesearesetsof rulesthatprescribewhich teststo performandin which order based
on the patientsymptomsand previous testresults. Theserulesform a decisiontree,
whosenodesare intermediatestagesin the diagnosticprocessand whosebranches
point to additionaltesting, dependingon the currenttestresults. The protocolsare
definedin eachcountryby a committeeof medicalexperts.
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Computerizeanedicaldiagnosis

The useof computemprogramsto aid in the diagnosticprocesshasbeena long term
goalof researchn artificial intelligence.Arguably it is themosttypical applicationof
artificial intelligence.

The differentsystemghat have beendevelopedso-far usea variety of modeling
approachesvhich canbe roughly dividedinto two cateyories: rule-basedpproaches
with or without uncertaintyand probabilisticmethods. The rule-basedsystemscan
be viewed as computerimplementation®f the protocols,asdescribedabove. They
consistof alargedatabaseof rulesof theform: A — B, meaningthat”if conditionA
istrue,thenperformactionB” or"if conditionA istrue,thenconditionB is alsotrue”.
Therulesmaybedeterministicjn which casethey arealwaystrue,or 'fuzzy’ in which
casethey aretrueto a (numericallyspecified)degree.Examplesof suchprogramsare
Meditel[5], Quick MedicalReferencd QMR)[6], DXplain[7], andlliad[8].

In Berneretal.[9] adetailedstudywas

reportedthat assessethe performanceof

08 thesesystemsA panelof medicalexperts
o7 collected110 patientcases,and concen-
suswasreachedon the correctdiagnosis
for eachof thesepatients. For eachdis-
ease theretypically exists a highly spe-
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02§ + Mgl cific testthat will unambiguouslyiden-
o oo tify the diseaseTherefore pasedon such
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Cuttofl Point {no. of dlagnases listad) challengingaskwasdefinedby removing

this definingtestfrom eachof the patient
Figurel: Performancesf DSSprograms cases. The patientcaseswere presented
(takenfrom [9]). to theabove 4 systemsEachsystemgen-

eratedits own orderedlist of mostlikely
diseasesIn only 10-20% of the casesthe correctdiagnosisappearean the top of
thesdistsandin approximatelyb0 % of the caseghecorrectdiagnosisappearedh the
top 20 list. Many diagnoseshatappearedn thetop 20 list wereconsideredrrelevant
by the experts. It wasconcludedhatthesesystemsarenot suitablefor usein clinical
practice.

Therearetwo reasondor the poor performanceof the rule basedsystems.One
is that the rulesthat needto be implementedare very comple< in the sensethat the
preconditionA aboveis a conjunctionof mary factors.If eachof thesefactorscanbe
trueor false thereis a combinatoricexplosionof conditionsthatneedto be described.
It is difficult, if notimpossibleto correctlydescribeall theseconditions.The second
reasons thatevidenceis often not deterministic(true or false)but ratherprobabilis-
tic (likely or unlikely). The above systemsprovide no principled approachfor the
combinationof suchuncertainsourcesf information.
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Probabilisticmodels

A very differentapproachis to use probability theory In this case,one doesnot
model the decisiontree directly, but instead modelsthe relations betweendiag-
nosesD;, ..., D, andtests(symptoms physicalexaminationsJaboratorytests,etc)
Ti,...,T, in one large probability mode| P(D;,...,D,,T1,...,T,). In sucha
model,thedifferentialdiagnosids givenby alist of the probabilitiesP(D;|T), for of
eachof thediagnosed); giventhecurrentfindings?c = 1¢,, ..., ¢, . Theprobabil-
ity P(D;|T¢) is computedusingthe standardaxiomsof probabilitytheory

P(Dla TC)
P(D;|T¢g) = ———— 1
whereP(D;, T¢) is thejoint probability of D;andT accordingto the model P, and
P(T¢) the probability of the findings 7. Joint probabilitiesof a subsetof variables
(suchas D;, T¢) canbe computedoy summationover statesof the othervariablesin
thesysteme.g.,

P(Dm TC) = Z P(Du Dother than ¢ Tc, Tother than C) (2)

{Dother than s other than C’}

Furthermorewith a probabilisticmodelonecancomputewhich additionaltest7}
is expectedto provide mostinformationaboutdiagnosisD;. Supposehe additional
informationof a testresult7}; aboutdiagnosisD; in the context of the measurements
sofaris givenby I(D;, T;|T¢). Thisinformation,however, is notaccessiblesincethe
stateof the diagnosisandof thetestto be performeds notknown. However, with the
probabilisticmodelonecancomputethe expectedvalue;;

Ii; = (I(D;, T|Te)) = Y P(D;, T;|Tc)I(D;, T;| Te) (3)

{DiﬂTj}

for eachtest; thathasnotbeenmeasuredo-far. Thetest; thatmaximizesl;; is the
mostinformative test,sinceaveragedover its possibleoutcomesit givesthe the most
informationaboutD;. Differentinformationcriteriafor testselectioncanbeused.For
example,onecandefineacriteriumin which the costof atestis incorporated.

Probabilisticmodelingis doablein theframevork of Bayesiametworks[18] (also
known asbelief networks,andasgraphicalmodels,see [19] for a shortintroduction).
In Bayesiametworksthe probabilitymodel P(Dy, ..., D,, Ty, ..., Ty) (whichis ba-
sically a hugetablewith about2™*™ entries)is definedby local probabilisticrelations
of directly relatedvariables For instanceijf oneassumeshatdiagnosed); areapriori
independentandthattestsT; aremutuallyindependengiventhestateof all diagnosis
variablesthenonecansimplify the modelinto

P(Dy,...,Ty) :HP(Tj|D1,...,Dn)HP(DZ~) 4)
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Figure2: Graphicalmodelcorrespondingo (5) with K = 2.

The numberof parameterss reducedfrom about2™*™ to m2™ + n. If the number
of tests,m, is large, this is a considerableaving. If onemoreoser assumeshateach
testactuallydepend®nonly afew (say K) diagnosesthenevenmoresavingscanbe
obtained.Themodelreducego

P(Dl,...,Tm) = HP(]}|DJ1,,D]K)HP(DZ) (5)

The numberof parameterss now reducedo m2% + n. Thisis a significantsaving if
K < n. Suchmodelsareconvenientlyexpressedsagraph(henceghenamegraphical
models). Eachvariablein the modelcorresponds$o a nodein the graph. Eachnode
andits incomingarrows (parents)orrespondo a conditionalprobability distribution
in the factorizationof the full joint probability distribution. E.g.,in figure 2, nodeT;
andits parentsD; and D3 correspondo afactor P(71| Dy, D3) in thejoint probability
distributioneq.5

To concludethis introduction,one seesthatin rule basedsystemshe diagnostic
rules are modeledexplicitly, whereasin the probabilisticapproachthese'rules’ are
computedon thefly’ from the model. For instanceusingeq. 3 it could be decided
thatfor a patientfor which findingsT areknown, T; is the mostinformative next test
to rule out diagnosisD;. This'rule’ is not explicity storedin the system but results
from Bayesiannferenceonthegraphicaimodel. Theadvantageof thislatterapproach
is that

1. it is consistensincethese’rules’ areconsistentlyderived from a singlemodel,
usingthe axiomsof probabilty whereagulesfrom arule basedsystemmay be
contradictory

2. the diagnosticadviceis alwaysderivedin the contect of the individual patient
condition (probabilitiesare computedconditionedon the currenttestresults).
If onewould try to do this in a rule basedsystem,the numberof ruleswould
explode.

3. The graphicalmodel representatiorwith probabilitiesof diseasesand condi-
tional probabilitiesof findings given diseasess more transparenand explicit
aboutthe medicalknowledgeandthe presumednechanismshana rule based
systemsuchasadiagnostigrotocolthatprescribesvhich diagnosticstepsmust
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be taken. This generallyimprovesthe understandingf whatis beingmodeled
andgreatlyfacilitatesmaintenancéchangingprobabilitytables addingdiseases
or findings),aswell asevaluationby externalexperts.

Until recently the drawback of probabilisticmodelingwasthat it was infeasibleto

constructmodelswith morethana few variables.With the adventof fastcomputers,
and the invention of new inferencealgorithmsfor Bayesiannetworks, much larger

modelsarenowadaysdoable.

Building large probabilistic networks

The standardprocedureis to define a Bayesiannetwork by hand, by specifyinga

network structureof local interactionsand by specifyingthoseprobabilitiesthat are
neededo definetheseinteractionsquantitatvely. For mediumsizednetworks (up to

50- 100variables)this is doable for instancewith a Bayesiametwork editorwith a

graphicaluserinterface, suchasBayesBuilder For larger systemst is moredifficult

to keepoverview, andnotto getlostin thespagetthof relationsandinteractions Since
our aim s to scale-uphe systemto 1000’ of variableswe automatedhe generation
of probabilisticnetworks.

We developeda databasestructurein which medical specialistscan entertheir
knowledgein away which is familiar for them(seesection3). The databaseontains
informationfrom whichthestructureof thenetwork canbederived,andtheparameters
of thenetwork canbelearned.In addition,thedatabaseontainanformationaboutthe
structureof PROMEDAS'’s graphicaluserinterface. Seesection5). We developed
MATLAB subroutinesvhich transformga selection)of the databasénto a complete
PROMEDAS application,ncludinginterfaceandengineto do probabilisticinference.

In thefollowing, we sketchhow we generat@ Bayesiametwork from thedatabase.
Theconstructiorof a Bayesiametwork consistof two parts,a qualitatve andaquan-
titative part. The qualitative partis the determinatiorof the structureof the network.
The quantitatve part consistof specifyingthe conditionalprobability tables(CPTSs).
Firstwe will explain how we definethe structureof the network. We allow threekind
of nodes.Prior nodeq(risk factorssuchasoccupationdruguse): H; diagnosticnodes
(diseases).D;, andtestnodes(tests,symptoms...) 7T}, The structureof network is
basicallythat arrows point from causeto effect. The prior nodespoint to diagnostic
nodes.Diagnosticnodescanpointto otherdiagnosticnodesandtestnodesseefigure
3). Thestructureof the network (thearrows) arereadfrom the database.

Thegeneraktructureof themodelis of theform eq.5 (with anextensionto include
the H; nodes).The probability of eachnodeis givenasa CPT (aconditionalprobabil-
ity tableP(T;| Dy, D,, D,,) specifiesheprobabilityof 7; for all combination®f states
of Dy, Dy, andD,;,). A problemis thatthe numberof parameterso specifyeachCPT
is exponentialis in numberof direct causegparents).We do not wantto restrictthe
numberof parents.Instead our approacthis to parametrizeCPTswith a large number
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Figure3: Network structure

of parentsasnoisy-ORCPTs[18]. The numberof parameterso represenhoisy-OR
CPTsaswell asthetime requiredfor inference[20] is linear in numberof parents'.

Noisy-ORnodescannot representll possibleconditionalprobability tablesand
malke the following assumptionsvhich are often true in the medicaldomain: each
of the causesf a noisy-ORvariablehasa probability to trigger the variableto be
in a certainstate,regardlessof the statesof othercauses.If differentcausehave a
probability to trigger the effect to be in the samestate,thena combinationof these
causesnakesthis statemore likely. If differentcausescantrigger the effect to be
in different states thena combinationof thesecausesnakes any state(in between)
possible.lf theseassumptionslo not apply (which maybeindicatedin the database),
thenonecanalwaysresortto explicitly modelingof thetables.

After having establishedhe qualitatve part of the net, the next partis specifying
the entriesin the CPTs. TheseCPTsarealsoto be seton the basisof expertknowl-
edge.Our approachs to let the domainexpertsspecifythe knowledgein a way that
is corvenientfor them(sensitvity of atest,etc.),andthento learntherequiredCPTSs.
Thedifficulty is thatexpertknowledgespecifiedn thisway oftendoesnottranslatedi-
rectlyinto network CPTs.Thisis, for example the casewhenconditionalprobabilities
aregivenin the ‘wrong direction’, from ‘effect’ to ‘cause’(e.g. oneneedsP(1}| D;)
but one only knows P(D;|T}), or when only partial informationis given (e.g., one
needsP(T;|D;, Dy) but only P(T;|D;) and P(T;|Dy) is given). The learningcon-
sistsof a bestfit in a high dimensionalparameterspacewith incompletedata[21].
Algorithms[22], for this have beenimplementedn the MATLAB module.

Infer encein large probabilistic networks

A majorproblemin probabilisticmodellingwith mary variabless the computational
compleity involvedin typical calculationdor inference.For sparselyconnectegbrob-
abilistic networks this problemhasbeensolved during the last decadesy theinven-
tion of efficient algorithmsfor exactinference.However, in large, denselyconnected

1The introductionof noisy-ORCPTsis necessanput not sufiicient to solve the intractability of
inferencein alargenetwork consistingof mary suchCPTs.Seenext subsection.
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modelsexactinferenceis intractable.This meanghatthe computatiortime increases
exponentiallywith the problemsize. In sucha case samplingmethods)ike Markov
ChainMonte Carlo (MCMC) may seema straightforward solution, but may require
extremelong computationtime to gathersufficiently mary samples.An alternatve
solutionis provided by variationalmethods. Thesemethodsdo the approximations
directly by fitting distributionsratherthanby gatheringstatisticsfrom samples.

A very recentdevelopmentis the applicationof the Cluster Variation method
(CVM) to probabilisticinference[23, 24]. CVM is a methodthat hasbeendevel-
opedin the physicscommunityto approximatelycomputethe propertiesof the Ising
model. The CVM approximateghe probability distribution by a numberof (over-
lapping) mamginal distributions(clusters).CVM yields exactresultsin treestructured
graphicalmodels.However, it cancanalsogive impressve resultsfor graphsthatare
nottrees.CVM methodsareimplementedn BayesBuilderTheimplementations still
in anexperimantaphase Recentlywe have developeda practicalimprovementupon
CVM (submittedfor patent).We planto implementthesemethodin PROMEDAS in
nearfuture.
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3 The Medical Knowledge

Bayesiannetworksand their algorithmsprovide a powerfulengine
for medicaldecisionmaking Thefirst stepin the actual develop-

mentof a diagnosticDSSis the definitionand modellingof medical

knowledg. Thedomainis defined,and the knowledg concerning
this domainis acquired andfinally representedn the network. The

acquired knowledg@ mustbe stored sud that it remainsaccessible
and undestandable In our approad, this is greatly facilitated by

sepaating theknowledg databasdromthe probabilisticmodel.

Knowledgeacquisition and representation

Domain knowledgeis acquiredfrom the literature and enteredin a knowledge -
databas€or knowledgebase). The knowledge-base&ontainsthe following informa-
tion:

A diagnostiaepertoirejntendedo be exhaustve in thatcontext

A repertoireof findings(signandsymptoms|aboratoryresultsandhistory),includ-
ing risk factorsandteststhatarepotentiallyrelevantfor thatsub-domain

Specification®f thediscretisatiorandnormalvaluesof variables.

Quantitatve relations betweenvariables, such as sensitvities and specificities.
Promedasadaptsthe entriesin the conditionalprobability tablessuchthat the
requiredsensitvities andspecificitiesarecorrectlyreproducedy the model.

- Local prevalencesf diseasesaswell asmore specificpre-testprobabilities,spec-
ifying specialcircumstanceghatinfluencetestresultsif nottakeninto account
in themodel.

2For instanceHarrisons principlesof internalmedicine Cecil’s textbook of medicine, The medical
clinics of North America,Up to Date, The Cochrane.ibrary andrelevantjournalarticlesretrievedwith
thehelpof Medline.
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The (conditional) probabilitiesare determinedon the basisof datain the literature
or on "educatedguessesbasedon local statisticsandexperiencef no datafrom the
literatureareavailable.In addition,informationaboutthe organizationof theinterface
is stored.

After acquisitionof knowledge theinformationin thedatabasés "compiled” into
a modelrepresentedby a causalprobabilisticnetwork. This hasthe adwantagethat
only thedatabases to bemaintainedIn particulay cut-off pointsandlocal prevalences
mayrequireadjustmentsiependingonlocal circumstancesThis canbehandledn the
databaseBy compilation,the PROMEDAS applicationwill be automaticallyadapted
accordingly It is also possibleto compile networks from part of the database.So
thereis noneedto setup anew databas# differentversionsof PROMEDAS covering
differentsubdomainsireto becreated Userswill have (partly) accesso thecontentof
thesedatabasesia help functionsandthereforemay betterinterpretthe advisegiven
by the systemandestimateats merit.

Medical sub-domains

Currently the databaseonsistsof about752 diseasesnd 7000 diagnosis-testela-
tions. It coversmainly large partsof endocrinologydiagnosisof aids,andlymphoma
diagnosis Concretesubdomainshathave beenrealizedare

¢ Lipids andvasculadiseasesThis network consistof 168diagnosesindatotal
of 392findings. The performancef this network will be evaluatedn thefall of
2002by 10-15specialistdn internalmedicineThe network hasbeendesigned
by dr. A. vanBeek.

¢ Imuno-phenotypin@f malignantlymphomas.This is arelatively small subdo-
mainconsistingof 23 testsand11 diagnosesilt is intendedfor usein thehema-
tology laboratoryaswell asby hematologistsThe network hasbeendesigned
by dr. A. Bloem. The network will be evaluatedn 2003.

e We have startedwith the modelingof the remainderof endocrinology This is
a large domainconsistingof several 1000variables.We estimatethatwe have
modeledapproximately40 % of this domain. Much of the modelingof this
domainhasbeendoneby dr. E. Koning.



4 Evaluation

Finally it is importantto evaluatethe usefulnes®sf the systemDur-
ing thedevelopmenofthesystemintermediatesvaluationresultsare
usedto improvethe systemWhenthe systemis fully developedfinal
“r eal life” evaluationresultsare usedto assesghe viability of the
generl method

During its developmentthe validity and the performanceof the systemwill be
testedby the expertsin the projectteamandby clinical expertsin endocrinologyand
hematologyat UtrechtUniversity Hospital. Theresultswill be usedfor afirst assess-
mentof the potentialbenefitof the system,aswell asto improve the systemperfor
mance.

Assessmemntroceduresvill besetupto evaluatethediagnostiqperformancef the
systemandto comparet with othersystems.A panelof externalexpertswill deter
mineasetof "gold standardtasedy reachingdiagnosticconcensusn a sufficiently
large setof challengingcasedrom "real life”.

Evaluationwill includeassessmemtf the performancef thesystemalonein com-
parisonwith the performanceof a group of target userswith andwithout usingthe
adviseof thesystem.The performancevill alsobecomparedvith existing diagnostic
DSSs(Gideon,whichis currentlyin useatthe UMCU).

PROMEDAS will beimplementedstep-wiseby installationat workstationsat the
outpatientlinic of internemedicineat UMCU andpossiblyoneor two affiliated com-
munity hospitals.Its usefulnessn daily clinical practicewill be evaluatedby closely
monitoringandby structuredpre-setquestionnairefor (target) users.

A versionof PROMEDAS for endocrinologywill betestedby a teamof experts
atthe departmenbf internalmedicine,in the above describedprotocol. A versionof
PROMEDAS for lymphomadiagnosiswill betestedon atestsebf realcaseghistori-
caldata)atthe departmenimmunology(Dr. A. Bloem).
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5 Software Development

Software organization

Softwareplaysa crucialrole in this project. The software consistsof four parts(see
figure 4); 1) ACCESSdatabase.A structureis developedin which it is possibleto
quickly enterand/oradaptlarge amountof medicalknowledgein a way which is fa-
miliar to medicalexperts. 2) Matlab routinesto compile (via learning)the contentof
thedatabas@to a Bayesiametwork andaninterfacespecification MATLAB is used
becausat is an advancedand cornvenientplatform for software development.Speed
playsonly aminorrolein this compilationstep.3) Theinferenceengine(C++ JAVA),
which is part of our software packageBayesBuilder 4) The PROMEDAS applica-
tion(C++,JAVA), whichis the DSSfor theendusers.

PROMEDAS
Inf ing
nference engin
(C++, JAVA)
/ Bayesian network
" Compilation
(MATLAB) ==
—
oo

Database Interface
specifiaction User interface

1

End user

Medical Expert Knowledge

Figure4: Organizationof PROMEDAS development. Endusermay be connectedria
anEPDin future.



18

“Promedas”,a prototype DSS

BayesBuilder

During a previous projectwe developeda software system,called BayesBuilder
for modellingandinferencein Bayesiannetworks . The mostimportantreasongo
develop our own software insteadof usingcommerciallyavailable developmenten-
vironmentsis that it is not possibleto integrateand test our approximateinference
methodsn thesesystems.

The current version of Bayes-
Builder containsthe basicinference
algorithmslike other (commercial)
Bayesiannetwork developmenten-
vironments (HUGIN, Netica). In
addition, we have implementedef-
ficient (exact) inference methods
for networks with noisy-OR nodes
(without these,computationwould

o be intractable). Also approximate
Bowwe Beve methodsareimplementedbut these
, _ . , arestill in anexperimentalphase.
IIzlgureS. BayestlI(derIoadedwnh the well- The BayesBuilderGUI is writ-
nhown ASIA network. tenin JAVA andthe kernelcontain-

ing the Bayesiarnnferenceengineis
implementedas a linkable library (API) written in C++. This enableghe inference
engineto beincorporatedn otherapplications.

It shouldbe notedthat the BayesBuilderGUI is only a developmenttool. This
GUI is notthe systemthatis usedin clinical practice(althoughthe BayesBuildeAPI
is usedfor inference.)

In apreviousproject,we usedBayesBuildeto build aPROMEDAS demonstration
system.Thecurrentversionof BayesBuilders publicly availableatthe SNN web-site.

By availability of BayesBuilderthroughthe web site, the technologydeveloped
in this projectis madeavailableto third partiesto facilitatefuture researchaswell as
commercialactvities. This objectve impliesthat continuedsoftwaredevelopments
neededn responseo userrequirementfrom bothinsidethe projectasfrom outside.

The PROMEDAS interface

The PROMEDAS application(JAVA, C++) is automaticallygeneratedrom a spec-
ification. This specificationconsistsof a Bayesiannetwork and a forms-file. The
Bayesiannetwork specifiesall the probabilistic relationsbetweenvariablesin the
model. The Bayesiannetwork is usedfor inferencein PROMEDAS, by meansof
theBayesBuildeAPI. Theforms-file specifiegshe graphicaluserinterface,i.e., which
variablesare diagnoseswhich are tests,and how theseare organizedin the inter-
face.PROMEDAS’ graphicaluserinterface(GUI) consistdasicallyof two tabpanels,

SA public version of BayesBuilder  can be downloaded  from
http://www.snn.kun.nl/Research/bayesder/
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‘Form’, and‘Consultant’.

Form Thistabpanelis for enteringclinical dataZ- of anindividual patient.In this
panel,clinical datais organizedin catgyoriesand subgroupsn a similar way asin a
conventionalpaperpatientrecordfile. Seescreenshotfigure6).

| Cormotartr] Casean]
v o |t | e | g |

Figure 6: Screenshotérom the PROMEDAS dataentry panels. Panelswith a 'V’
button canbe expandednto subpanelsPanelswith a’X’ buttoncanbecolapsed.

Consultant Figure 7 displaysthe PROMEDAS diagnosticadvice panel (Consul-
tant). The adviceis computedusing the BayesBuidlerAPl. The Consultantpanel
containsfour frames.Thelower left frameshows the entereddatasofar.

The upperleft frame shows the differential diagnosis. It displaysthe probabili-
ties P(D;|T,) of potentiallyrelevantdiagnosed); (rankedin descendin@rder),given
the valuesT, of the variablespreviously entered. Furthermorejt displaysthe ratio
P(D;|T.)/ P(D;) betweerthecurrentprobabilitiesandthe prevalences”(D;) (ranked
in descendingrder). Theseratiosemphasizeéhe moreseldomdiagnoseshatarere-
latedto the patientdata,andfilters outtheirrelevantdiagnosesvith ahigh prevalence,
but which areirrelevantin the contet of the patientdata. The usercanselecta di-
agnosticcategyory or mechanisnfor which he/shewantstest proposalsby a mouse
click.

The upper right frame shovs the additional test proposals suggestedby
PROMEDAS. It displaysa relative measurgno units)for theinformationZ;; (cf. eqn.
(3)) thatis to be expectedby performinga proposedest7) in relationto the selected
diagnosisD;, (giventhe valuesof the variablespreviously entered).The information
is normalized anddisplayedn descendingrder

Theusercanselectatestproposall’; for which he/shevantsmoreinformationby
amouseclick. The lower right frame explainswhy this proposedestis informative
for aselecteddiagnosis.
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Fd Promedas FEXR

(Introduction | Form | Search | Consultant |{Cases |

Diagnostic Categaries (D) Test Proposals (T) for: “familial defective apo b100"
90% familial [=] Info (0.100) |
26% familial 83 apo b-100 gene mutation at aming acid 3500
26% polygenic hynercholesteralemia E anolinaprotein b (5
45 fitst-degree farnily mermbers: atherasclersis premature

Zﬁv/v A e[ ey 38 ratin low - densily lipoprotein cholesterol (calculatad) to
24% cigarette smoking 18 triglycarides (mrmolily

18% familial combined hyperlipideria 16 first-degree family members: hypercholesteralemia
9% obesity 15 high - density linaprotein cholesteral (mmoli)
% i = 6 xanthamas achilles tendons
6 xanthamas extensor tendons ofthe knuckles
| Test | Value
¥ ¥anthomas tendan true
[¥l cholesterol total (mmolil) 130

Test Information for: “first-degree family members: atherosclerasis prematu
sensitivity 0,696
specificity 0.999

TRUE I FALSE prior
true 1 1] 0.188)
O P Gl 01 09 0.814)
) P(TD} | prior| 0.267 0733

@ P(DIT)

Figure7: The PROMEDAS consultanpagedisplaysthe differentialdiagnosigupper
left); the entereddata(lower left); the proposedadditionaltestswith respecto a se-
lecteddiagnosigupperright); andthe effect of the possibleoutcomesof the selected
testto the selectedliagnosistogethemwith the probability of thesepossibleoutcomes

(lowerright).
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