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Summary
Theuseof patient-specificDecisionSupportSystems(DSS)mayimprovethequality
andefficiency of healthcare,while reducingits costsatthesametime. Theadoptionof
suchasystemis largelycompatiblewith theprinciplesof ”EvidenceBasedMedicine”
andpatientorientedcare.

PROMEDAS (PRObabilisticMEdicalDiagnosticAdvisorySystem)is aprototype
DSS,basedon a probabilisticmodel and advancedcomputationaltechniques.The
systemoffers patientspecificdiagnosticadvice. It presentsa differential diagnosis
andit supportsthe diagnosticprocessby indicatingthe mostusefulnext stepin the
diagnosticprocess.

Thesystemis intendedto supportdiagnosismakingin thesettingof theoutpatient
clinic andfor educationalpurposes.Its target-usersaregeneralinternists,superspe-
cialists(i.e. endocrinologists,rheumatologists),internsandresidents,medicalstudents
andothersworking in thehospitalenvironment.

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

PROMEDAS is basedon medicalexpert knowledge,acquiredfrom the literature
by the medicalspecialistsin our project team. The acquiredknowledgeis storedin
a database,in sucha way thatextensionandmaintenanceof theexpertknowledgeis
facilitated.Currently, thedatabasecoverslargepartsof endocrinologyandlymphoma
diagnostics.In nearfuture,partsof vasculairmedicinewill beenteredaswell. From
(partsof) this database,Bayesiannetwork andan interfacefor PROMEDAS is auto-
maticallycompiled.Thenetwork is theunderlyingmodelof PROMEDAS. Bayesian
inferenceis usedto querythesystem.

ThePROMEDAS projectis fundedby STW (projectnr: NNN5322).Thegoalof
the project is to demonstratethat an accuratediagnosticDSScovering a large diag-
nosticrepertoirein internalmedicineis possible.Thekey technicalinnovation is the
useof advancedapproximateinferencemethodswhichallow Bayesianinferenceto be
appliedto largeprobleminstances(patentsubmitted).
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1 Intr oduction

A medical diagnostic Decision SupportSystem(DSS)may be ex-
tremelyusefulbecauseit is able to improve the accessibilityof ex-
pertknowledgeandpatientinformation,resultingin quality improve-
mentof thediagnosticprocess,increaseof efficiencyandreductionof
costs.However, up to now, thesesystemshavenot yetentereddaily
clinical practicefor a varietyof reasons.

Why usedecisionsupport in medicine?

Medicaldiagnosisin modernmedicineis a very complex process,requiringaccurate
patientdata,aprofoundunderstandingof themedicalliteratureandmany yearsof clin-
ical experience.Often, a clearcutdiagnosiscannotbe madeandseveral alternatives
mustbe considered,given the availablepatientdataandthe known medicalmecha-
nisms. As a resultof this uncertainty, the decisionsmadeby differentphysiciansat
differentstagesof the diagnosticprocessdo not alwaysagreeand lack ”rationalisa-
tion” [1, 2].

Thebodyof potentiallyusefulknowledgethat is relevantto evena relatively nar-
row diagnosticareamay be too large to make the optimal (diagnostic)decisionon
the spot. In addition,moderninformation technology(especiallythroughthe Inter-
net) increasesthe amountof availableknowledgeeven more,probablyfurther com-
plicatingthis situation.Moreover, individualpatientsneed”individualised”decisions,
becausetheir characteristicsdiffer from the”average”andbecauseof their individual
wishes[3]. Individualisationof generalresearchresultsto individual patientcasesis
cumbersomeandtimeconsuming,

Thesituationis particularlyproblematicfor internalmedicinebecauseit coversan
enormousrangeof diagnosticcategories. As a result, internalmedicineis differen-
tiatedin superspecialisationsanddiagnosisoften requiresthe decisionby a teamof
super-specialists.

A medicaldiagnosticDecisionSupportSystem(DSS)is a computerprogramthat
containsall relevantmedicaldomainknowledgeabouta certainmedicaldomainand
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generatesa differentialdiagnosison the basisof individual patientfindings. In ad-
dition, a DSS can often suggestadditional laboratoryteststhat are expectedto be
particularlyinformative to establishor rule outany of thediagnosesconsidered.

It is clear, that thebenefitsof a succesfulDSSfor internalmedicinearefar reach-
ing. It will be appreciatedby all medicalspecialistsbecauseit cangive valuablein-
formationsupportfor thosepatientsthatsuffer from a diseaseoutsidehis or herown
super-specialization. It will result in an improved andmore rationalizeddiagnostic
process,aswell ashigherefficiency andcost-effectiveness.

What are the problemsin curr ent decisionsupport systems?

Thecurrentlyavailablesystems(e.g.Meditel [5], QMR [6], Dxplain [7] andIliad [8])
have not yet beenvery successful.Certainlytheir useis still not widespreadandnot
establishedin daily routine.A varietyof reasonsmayberesponsiblefor this:

Lack of accuracy

Currentsystemsthat intend to cover a broadmedicaldomainlack diagnostic
accuracy due to the rathercoarselevel of detail of diagnosticcategories(e.g.
ICD-9 or ICD-10). As a result, the diagnosesmadeby thesesystemsare of
limited clinical relevance[9, 10]. Currentsystemsthatareusedin practiceare
restrictedto a relatively narrow field [11, 12]. Crucialproblemswith a detailed
modelingof a largemedicaldomainare1) themaintenanceof consistency and
correctnessof the medicalknowledgemodeland2) the intractability of com-
putation. In the next sectionswe will discusstheseproblemsin detail andthe
PROMEDAS approachto their solution.

Lack of EPD

Patientspecificdecisionsupportneedsinput datafrom several sources. Inte-
gratedpatientdatain acommonelectronicpatientdossier(EPD)is notavailable
in mosthospitals.For thosesubsystemsthathave beenrealized,thedatacanbe
incompleteand/orunreliable [14].

Oneof theproblemsis thatdifferentdepartmentsin internalmedicineusetheir
own terminologyanddefinitionsto characterizediagnoses.A commonsystem
for the whole of internalmedicinerequiresa commonterminology. Available
diagnosticclassificationsystemsareeitherat a coarselevel andthereforelack
therequireddetail[15, 16], or specialised[17] andthereforetoo limited to meet
theneedsfor aDDS coveringabroaddomain.

Useracceptance

In theeraof evidencebasedmedicinetheadviceof “a blackbox” is unaccept-
able.An advicemustbe’explained’,preferablyonthebasisof medicalresearch
literature.Currentlyavailablesystemsdonotprovidesucheplanation.
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PROMEDAS

In conclusion,modernmedicinewill benefitfrom computeriseddecisionaidsbothto
meetits own high standardsandto keeppacewith thestageof developmentin other
domainssuchasmanufacturingor the servicesindustry. We stronglybelieve that a
diagnosticDSSfor abroadmedicaldomainis viableand,eventually, marketable.

To avoid a ”gold rushstyle” in the searchfor thesetools, the foremostthing to
do is the developmentof safeandsoundmethods.The expertiseof our multidisci-
plinary groupprimarily focuseson thefollowing mainpartsof themethodologytypi-
cally neededin thedevelopmentof decisionsupporttools:

� Modelling and inferencealgorithmsthat are able to deal with large complex
systems(section2).

� Knowledgemodellingin themedicaldomain(section3).

� Evaluationanduseraspects(section4).

� Softwaredevelopment(section5).
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2 Medical diagnosisand probabilistic
modeling

A diagnostic decisionsupport systemoffers diagnostic advice for
a diagnosticproblemregarding an individual patient. The system
needsa representationof medicalknowledge, i.e. a model,and it
mustbeableto reason(i.e. compute)with patientspecificdataonthe
basisof this model. In the first part of this section,we discusswhy
probabilistic modelsare typically well suitedfor the representation
of medicalknowledge andfor reasoningwith this knowledge. A po-
tentialproblemis thescalabilityof thisapproach to largeknowledge
domains.In thesecondpart, weintroduceprincipledapproximation
methodsto dealwith this issue.

Rule-basedmodelsversusprobabilistic models

Theprocessof medicaldiagnosis

Medical diagnosisis a process,by which a doctor searchesfor the cause(disease)
that bestexplains the symptomsof a patient. The searchprocessis sequential,in
the sensethat patientsymptomssuggestsomeinitial teststo be performed. Based
on theoutcomeof thesetests,a tentative hypothesisis formulatedaboutthepossible
cause(s).Basedon this hypothesis,subsequenttestsareorderedto confirm or reject
thishypothesis.Theprocessmayproceedin severaliterationsuntil thepatientisfinally
diagnosedwith sufficientcertaintyandthecauseof thesymptomsis established.

A significantpartof thediagnosticprocessis standardizedin theform of protocols.
Thesearesetsof rulesthatprescribewhich teststo performandin which order, based
on the patientsymptomsandprevious testresults. Theserulesform a decisiontree,
whosenodesare intermediatestagesin the diagnosticprocessand whosebranches
point to additionaltesting,dependingon the currenttest results. The protocolsare
definedin eachcountryby acommitteeof medicalexperts.
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Computerizedmedicaldiagnosis

The useof computerprogramsto aid in the diagnosticprocesshasbeena long term
goalof researchin artificial intelligence.Arguably, it is themosttypicalapplicationof
artificial intelligence.

The differentsystemsthat have beendevelopedso-far usea variety of modeling
approacheswhich canberoughlydividedinto two categories:rule-basedapproaches
with or without uncertaintyandprobabilisticmethods. The rule-basedsystemscan
be viewed ascomputerimplementationsof the protocols,asdescribedabove. They
consistof a largedatabaseof rulesof theform:

��� �
, meaningthat”if condition

�
is true,thenperformaction

�
” or ”if condition

�
is true,thencondition

�
is alsotrue”.

Therulesmaybedeterministic,in whichcasethey arealwaystrue,or ’fuzzy’ in which
casethey aretrueto a (numericallyspecified)degree.Examplesof suchprogramsare
Meditel[5], QuickMedicalReference(QMR)[6], DXplain[7], andIliad[8].

In Berneretal.[9] adetailedstudywas

Figure1: Performancesof DSSprograms
(takenfrom [9]).

reportedthatassessestheperformanceof
thesesystems.A panelof medicalexperts
collected110 patientcases,and concen-
suswasreachedon the correctdiagnosis
for eachof thesepatients. For eachdis-
ease,theretypically exists a highly spe-
cific test that will unambiguouslyiden-
tify thedisease.Therefore,basedon such
completedata,diagnosisis easy. A more
challengingtaskwasdefinedby removing
this definingtestfrom eachof thepatient
cases. The patientcaseswere presented
to theabove4 systems.Eachsystemgen-
eratedits own orderedlist of most likely

diseases.In only 10-20% of the cases,the correctdiagnosisappearedon the top of
theselistsandin approximately50% of thecasesthecorrectdiagnosisappearedin the
top 20 list. Many diagnosesthatappearedin thetop 20 list wereconsideredirrelevant
by theexperts.It wasconcludedthatthesesystemsarenot suitablefor usein clinical
practice.

Therearetwo reasonsfor the poor performanceof the rule basedsystems.One
is that the rulesthat needto be implementedarevery complex in the sensethat the
precondition

�
above is a conjunctionof many factors.If eachof thesefactorscanbe

trueor false,thereis acombinatoricexplosionof conditionsthatneedto bedescribed.
It is difficult, if not impossible,to correctlydescribeall theseconditions.Thesecond
reasonis thatevidenceis oftennot deterministic(trueor false)but ratherprobabilis-
tic (likely or unlikely). The above systemsprovide no principled approachfor the
combinationof suchuncertainsourcesof information.
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Probabilisticmodels

A very different approachis to useprobability theory. In this case,one doesnot
model the decision tree directly, but insteadmodels the relations betweendiag-
noses���	��
�
�
����� andtests(symptoms,physicalexaminations,laboratorytests,etc)� ����
�
�
�� ���

in one large probability model, �������	��
�
�
�������� � �	��
�
�
�� �����
. In such a

model,thedifferentialdiagnosisis givenby a list of theprobabilities������� � �"!#�
, for of

eachof thediagnoses��� giventhecurrentfindings
�$!&%'�"!�( ��
�
�
�� �"!*)

. Theprobabil-
ity �������+� �$!#�

is computedusingthestandardaxiomsof probabilitytheory,

���,���-� �$!#�.%/��������� �"!#�
��� �"!#� (1)

where ���,���0� �"!#�
is the joint probabilityof ��� and

�$!
accordingto themodel � , and��� �"!#�

the probability of the findings
�"!

. Joint probabilitiesof a subsetof variables
(suchas ���0� �$!

) canbecomputedby summationover statesof theothervariablesin
thesystem,e.g.,

���,���0� �"!#�1% 23547698;:5<>=?8@:5ACB$D9E F�698@:5<G=H8@:5ACB$I�J �������5���K5L>M�NPO�L>MQ5R1�5� �$! � � K5L>M�NPOSL>MQ5R !#�
(2)

Furthermore,with a probabilisticmodelonecancomputewhich additionaltest
�UT

is expectedto provide mostinformationaboutdiagnosis��� . Supposethe additional
informationof a testresult

�ST
aboutdiagnosis��� in thecontext of themeasurements

sofar is givenby V7�����5� �ST � �"!#�
. This information,however, is notaccessible,sincethe

stateof thediagnosisandof thetestto beperformedis not known. However, with the
probabilisticmodelonecancomputetheexpectedvalue V�� T

V�� T�%XW V7�����5� �ST � �"!#�+Y.% 2354 D E F+Z-J ��������� �ST � �$!#� V7�����0� �UT � �"!#�
(3)

for eachtest [ thathasnot beenmeasuredso-far. The test [ thatmaximizesV�� T is the
mostinformative test,sinceaveragedover its possibleoutcomes,it givesthethemost
informationabout��� . Dif ferentinformationcriteriafor testselectioncanbeused.For
example,onecandefineacriteriumin which thecostof a testis incorporated.

Probabilisticmodelingis doablein theframework of Bayesiannetworks[18] (also
known asbeliefnetworks,andasgraphicalmodels,see [19] for ashortintroduction).
In Bayesiannetworkstheprobabilitymodel ���,�\���
�
�
������� � ����
�
�
�� �7�]�

(which is ba-
sicallyahugetablewith about ^ ��_ � entries)is definedby local probabilisticrelations
of directlyrelatedvariables.For instance,if oneassumesthatdiagnoses��� areapriori
independent,andthattests

�UT
aremutuallyindependentgiventhestateof all diagnosis

variablesthenonecansimplify themodelinto

�������	��
�
�
�� ���]�`%ba T ��� �ST �c���	��
�
�
����� �da
� ������� � (4)
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Figure2: Graphicalmodelcorrespondingto (5) with � = 2.

The numberof parametersis reducedfrom about ^ ��_ � to ��^ ���b� . If the number
of tests,� , is large, this is a considerablesaving. If onemoreover assumesthateach
testactuallydependson only a few (say � ) diagnoses,thenevenmoresavingscanbe
obtained.Themodelreducesto

�������	��
�
�
�� �7�]�1% a T ��� �ST �c� T ( ��
�
�
��� T5��� a
� ������� � (5)

Thenumberof parametersis now reducedto ��^H� ��� . This is a significantsaving if��� � . Suchmodelsareconvenientlyexpressedasagraph(hencethenamegraphical
models).Eachvariablein the modelcorrespondsto a nodein the graph. Eachnode
andits incomingarrows (parents)correspondto a conditionalprobabilitydistribution
in thefactorizationof the full joint probabilitydistribution. E.g., in figure2, node

� �
andits parents�\� and ��s correspondto a factor ��� � ���c���	����s � in thejoint probability
distributioneq.5

To concludethis introduction,oneseesthat in rule basedsystemsthe diagnostic
rulesaremodeledexplicitly, whereasin the probabilisticapproachthese‘rules’ are
computed’on thefly’ from the model. For instance,usingeq. 3 it couldbedecided
thatfor apatientfor whichfindings

�$!
areknown,

� � is themostinformativenext test
to rule out diagnosis��� . This ’rule’ is not explicity storedin the system,but results
from Bayesianinferenceonthegraphicalmodel.Theadvantageof this latterapproach
is that

1. it is consistentsincethese’rules’ areconsistentlyderivedfrom a singlemodel,
usingtheaxiomsof probabilty, whereasrulesfrom a rule basedsystemmaybe
contradictory

2. the diagnosticadviceis alwaysderived in the context of the individual patient
condition (probabilitiesare computedconditionedon the currenttest results).
If onewould try to do this in a rule basedsystem,the numberof ruleswould
explode.

3. The graphicalmodel representationwith probabilitiesof diseasesand condi-
tional probabilitiesof findingsgiven diseasesis more transparentandexplicit
aboutthe medicalknowledgeandthe presumedmechanismsthana rule based
systemsuchasadiagnosticprotocolthatprescribeswhichdiagnosticstepsmust
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betaken. This generallyimprovestheunderstandingof what is beingmodeled
andgreatlyfacilitatesmaintenance(changingprobabilitytables,addingdiseases
or findings),aswell asevaluationby externalexperts.

Until recently, the drawbackof probabilisticmodelingwas that it was infeasibleto
constructmodelswith morethana few variables.With theadventof fastcomputers,
and the invention of new inferencealgorithmsfor Bayesiannetworks, much larger
modelsarenowadaysdoable.

Building largeprobabilistic networks

The standardprocedureis to definea Bayesiannetwork by hand,by specifyinga
network structureof local interactionsandby specifyingthoseprobabilitiesthat are
neededto definetheseinteractionsquantitatively. For mediumsizednetworks (up to
50 - 100variables),this is doable,for instancewith a Bayesiannetwork editorwith a
graphicaluserinterface, suchasBayesBuilder. For largersystemsit is moredifficult
to keepoverview, andnotto getlost in thespagetthiof relationsandinteractions.Since
our aim is to scale-upthesystemto 1000’s of variables,we automatedthegeneration
of probabilisticnetworks.

We developeda databasestructurein which medicalspecialistscan enter their
knowledgein a way which is familiar for them(seesection3). Thedatabasecontains
informationfrom whichthestructureof thenetworkcanbederived,andtheparameters
of thenetwork canbelearned.In addition,thedatabasecontainsinformationaboutthe
structureof PROMEDAS’s graphicaluserinterface. Seesection5). We developed
MATLAB subroutineswhich transforms(a selection)of thedatabaseinto a complete
PROMEDAS application,includinginterfaceandengineto doprobabilisticinference.

In thefollowing,wesketchhow wegenerateaBayesiannetwork fromthedatabase.
Theconstructionof aBayesiannetwork consistsof two parts,aqualitativeandaquan-
titative part. Thequalitative part is thedeterminationof thestructureof thenetwork.
Thequantitativepartconsistsof specifyingtheconditionalprobability tables(CPTs).
First wewill explain how we definethestructureof thenetwork. We allow threekind
of nodes.Prior nodes(risk factorssuchasoccupation,druguse): ��� diagnosticnodes
(diseases):� T

, and testnodes(tests,symptoms...)
�7�

The structureof network is
basicallythat arrows point from causeto effect. The prior nodespoint to diagnostic
nodes.Diagnosticnodescanpoint to otherdiagnosticnodesandtestnodes(seefigure
3). Thestructureof thenetwork (thearrows) arereadfrom thedatabase.

Thegeneralstructureof themodelis of theform eq.5 (with anextensionto include
the ��� nodes).Theprobabilityof eachnodeis givenasaCPT(aconditionalprobabil-
ity table ��� �ST � � � ����P�� ���

specifiestheprobabilityof
�UT

for all combinationsof states
of � �

, ��� , and � �
). A problemis thatthenumberof parametersto specifyeachCPT

is exponentialis in numberof direct causes(parents).We do not want to restrictthe
numberof parents.Instead,our approachis to parametrizeCPTswith a largenumber
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Figure3: Network structure

of parentsasnoisy-ORCPTs[18]. Thenumberof parametersto representnoisy-OR
CPTsaswell asthetime requiredfor inference[20] is linear in numberof parents1.

Noisy-ORnodescannot representall possibleconditionalprobability tablesand
make the following assumptionswhich are often true in the medicaldomain: each
of the causesof a noisy-ORvariablehasa probability to trigger the variableto be
in a certainstate,regardlessof the statesof othercauses.If differentcauseshave a
probability to trigger the effect to be in the samestate,thena combinationof these
causesmakes this statemore likely. If different causescan trigger the effect to be
in different states,thena combinationof thesecausesmakesany state(in between)
possible.If theseassumptionsdo not apply(which maybeindicatedin thedatabase),
thenonecanalwaysresortto explicitly modelingof thetables.

After having establishedthequalitative partof thenet, thenext part is specifying
theentriesin theCPTs. TheseCPTsarealsoto beseton the basisof expert knowl-
edge.Our approachis to let thedomainexpertsspecifytheknowledgein a way that
is convenientfor them(sensitivity of a test,etc.),andthento learn therequiredCPTs.
Thedifficulty is thatexpertknowledgespecifiedin thiswayoftendoesnottranslatedi-
rectly into network CPTs.This is, for example,thecasewhenconditionalprobabilities
aregiven in the ‘wrong direction’, from ‘effect’ to ‘cause’(e.g. oneneeds��� �UT �c��� �
but oneonly knows �������+� �UT�� , or when only partial information is given (e.g., one
needs��� �UT �c���0�� ���

but only ��� �UT � ��� � and ��� �ST �c� ���
is given). The learningcon-

sistsof a bestfit in a high dimensionalparametersspacewith incompletedata[21].
Algorithms[22], for this havebeenimplementedin theMATLAB module.

Infer encein largeprobabilistic networks

A majorproblemin probabilisticmodellingwith many variablesis thecomputational
complexity involvedin typicalcalculationsfor inference.For sparselyconnectedprob-
abilistic networks this problemhasbeensolvedduring the lastdecadesby the inven-
tion of efficient algorithmsfor exact inference.However, in large,denselyconnected

1The introductionof noisy-ORCPTsis necessarybut not sufficient to solve the intractability of
inferencein a largenetwork consistingof many suchCPTs.Seenext subsection.
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modelsexact inferenceis intractable.This meansthatthecomputationtime increases
exponentiallywith theproblemsize. In sucha case,samplingmethods,like Markov
ChainMonte Carlo (MCMC) may seema straightforward solution,but may require
extremelong computationtime to gathersufficiently many samples.An alternative
solution is provided by variationalmethods. Thesemethodsdo the approximations
directlyby fitting distributionsratherthanby gatheringstatisticsfrom samples.

A very recentdevelopmentis the applicationof the Cluster Variation method
(CVM) to probabilisticinference[23, 24]. CVM is a methodthat hasbeendevel-
opedin thephysicscommunityto approximatelycomputethepropertiesof the Ising
model. The CVM approximatesthe probability distribution by a numberof (over-
lapping)marginal distributions(clusters).CVM yieldsexactresultsin treestructured
graphicalmodels.However, it cancanalsogive impressive resultsfor graphsthatare
nottrees.CVM methodsareimplementedin BayesBuilder. Theimplementationis still
in anexperimantalphase.Recently, we havedevelopeda 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. The first stepin the actual develop-
mentof a diagnosticDSSis thedefinitionandmodellingof medical
knowledge. Thedomainis defined,and the knowledge concerning
this domainis acquiredandfinally representedin thenetwork. The
acquired knowledge mustbe stored such that it remainsaccessible
and understandable. In our approach, this is greatly facilitated by
separating theknowledgedatabasefromtheprobabilisticmodel.

Knowledgeacquisition and representation

Domain knowledge is acquiredfrom the literature2 and enteredin a knowledge -
database(or knowledgebase).The knowledge-basecontainsthe following informa-
tion:

- A diagnosticrepertoire,intendedto beexhaustive in thatcontext

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

- Specificationsof thediscretisationandnormalvaluesof variables.

- Quantitative relations betweenvariables, such as sensitivities and specificities.
Promedasadaptsthe entriesin the conditionalprobability tablessuchthat the
requiredsensitivitiesandspecificitiesarecorrectlyreproducedby themodel.

- Local prevalencesof diseases,aswell asmorespecificpre-testprobabilities,spec-
ifying specialcircumstancesthat influencetestresultsif not takeninto account
in themodel.

2For instance,Harrison’sprinciplesof internalmedicine,Cecil’s textbookof medicine,Themedical
clinicsof NorthAmerica,Up to Date,TheCochraneLibrary andrelevantjournalarticlesretrievedwith
thehelpof Medline.
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The (conditional)probabilitiesare determinedon the basisof datain the literature
or on ”educatedguesses”basedon local statisticsandexperienceif no datafrom the
literatureareavailable.In addition,informationabouttheorganizationof theinterface
is stored.

After acquisitionof knowledge,theinformationin thedatabaseis ”compiled” into
a model representedby a causalprobabilisticnetwork. This hasthe advantagethat
only thedatabaseis to bemaintained.In particular, cut-off pointsandlocalprevalences
mayrequireadjustmentsdependingonlocalcircumstances.Thiscanbehandledin the
database.By compilation,thePROMEDAS applicationwill beautomaticallyadapted
accordingly. It is also possibleto compile networks from part of the database.So
thereis noneedto setupanew databaseif differentversionsof PROMEDAS covering
differentsubdomainsareto becreated.Userswill have(partly)accessto thecontentof
thesedatabasesvia help functionsandthereforemaybetterinterprettheadvisegiven
by thesystemandestimateits merit.

Medical sub-domains

Currently, the databaseconsistsof about752 diseasesand7000diagnosis-testrela-
tions. It coversmainly largepartsof endocrinology, diagnosisof aids,andlymphoma
diagnosis.Concretesubdomainsthathavebeenrealizedare

� Lipids andvasculardiseases.Thisnetwork consistsof 168diagnosesanda total
of 392findings.Theperformanceof thisnetwork will beevaluatedin thefall of
2002by 10-15specialistsin internalmedicineThenetwork hasbeendesigned
by dr. A. vanBeek.

� Imuno-phenotypingof malignantlymphomas.This is a relatively smallsubdo-
mainconsistingof 23 testsand11 diagnoses.It is intendedfor usein thehema-
tology laboratoryaswell asby hematologists.Thenetwork hasbeendesigned
by dr. A. Bloem.Thenetwork will beevaluatedin 2003.

� We have startedwith the modelingof the remainderof endocrinology. This is
a large domainconsistingof several1000variables.We estimatethatwe have
modeledapproximately40 % of this domain. Much of the modelingof this
domainhasbeendoneby dr. E. Koning.



4 Evaluation

Finally it is importantto evaluatetheusefulnessof thesystem.Dur-
ing thedevelopmentof thesystem,intermediateevaluationresultsare
usedto improvethesystem.Whenthesystemis fully developed,final
“r eal life” evaluationresultsare usedto assessthe viability of the
general method

During its developmentthe validity and the performanceof the systemwill be
testedby theexpertsin theprojectteamandby clinical expertsin endocrinologyand
hematologyat UtrechtUniversityHospital.Theresultswill beusedfor a first assess-
mentof the potentialbenefitof the system,aswell asto improve the systemperfor-
mance.

Assessmentprocedureswill besetupto evaluatethediagnosticperformanceof the
system,andto compareit with othersystems.A panelof externalexpertswill deter-
mineasetof ”gold standard”casesby reachingdiagnosticconcensusonasufficiently
largesetof challengingcasesfrom ”real life”.

Evaluationwill includeassessmentof theperformanceof thesystemalonein com-
parisonwith the performanceof a groupof target userswith andwithout using the
adviseof thesystem.Theperformancewill alsobecomparedwith existingdiagnostic
DSSs(Gideon,which is currentlyin useat theUMCU).

PROMEDAS will be implementedstep-wiseby installationat workstationsat the
outpatientclinic of internemedicineatUMCU andpossiblyoneor two affiliatedcom-
munity hospitals.Its usefulnessin daily clinical practicewill beevaluatedby closely
monitoringandby structuredpre-setquestionnairesfor (target)users.

A versionof PROMEDAS for endocrinologywill be testedby a teamof experts
at thedepartmentof internalmedicine,in theabove describedprotocol. A versionof
PROMEDAS for lymphomadiagnosiswill betestedon a testsetof realcases(histori-
cal data)at thedepartmentimmunology(Dr. A. Bloem).
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5 SoftwareDevelopment

Softwareorganization

Softwareplaysa crucial role in this project. The softwareconsistsof four parts(see
figure 4); 1) ACCESSdatabase.A structureis developedin which it is possibleto
quickly enterand/oradaptlargeamountof medicalknowledgein a way which is fa-
miliar to medicalexperts.2) Matlabroutinesto compile(via learning)thecontentof
thedatabaseinto aBayesiannetwork andaninterfacespecification.MATLAB is used
becauseit is an advancedandconvenientplatform for softwaredevelopment.Speed
playsonly aminor role in thiscompilationstep.3) Theinferenceengine(C++ JAVA),
which is part of our softwarepackageBayesBuilder. 4) The PROMEDAS applica-
tion(C++,JAVA), which is theDSSfor theendusers.
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Figure4: Organizationof PROMEDAS development.Endusermaybeconnectedvia
anEPDin future.
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BayesBuilder

During a previous projectwe developeda softwaresystem,calledBayesBuilder,
for modellingandinferencein Bayesiannetworks 3. The mostimportantreasonsto
develop our own software insteadof usingcommerciallyavailabledevelopmenten-
vironmentsis that it is not possibleto integrateand test our approximateinference
methodsin thesesystems.

The current version of Bayes-

Figure5: BayesBuilder, loadedwith the well-
known ASIA network.

Builder containsthebasicinference
algorithmslike other (commercial)
Bayesiannetwork developmenten-
vironments(HUGIN, Netica). In
addition, we have implementedef-
ficient (exact) inference methods
for networks with noisy-ORnodes
(without these,computationwould
be intractable). Also approximate
methodsareimplemented,but these
arestill in anexperimentalphase.

The BayesBuilderGUI is writ-
ten in JAVA andthekernelcontain-
ing theBayesianinferenceengineis

implementedasa linkable library (API) written in C++. This enablesthe inference
engineto beincorporatedin otherapplications.

It shouldbe notedthat the BayesBuilderGUI is only a developmenttool. This
GUI is not thesystemthatis usedin clinical practice(althoughtheBayesBuilderAPI
is usedfor inference.)

In apreviousproject,weusedBayesBuilderto build aPROMEDAS demonstration
system.Thecurrentversionof BayesBuilderis publicly availableattheSNNweb-site.

By availability of BayesBuilderthroughthe web site, the technologydeveloped
in this projectis madeavailableto third partiesto facilitatefutureresearchaswell as
commercialactivities. This objective implies thatcontinuedsoftwaredevelopmentis
neededin responseto userrequirementsfrom bothinsidetheprojectasfrom outside.

The PROMEDAS interface

The PROMEDAS application(JAVA, C++) is automaticallygeneratedfrom 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
theBayesBuilderAPI. Theforms-filespecifiesthegraphicaluserinterface,i.e.,which
variablesare diagnoses,which are tests,and how theseare organizedin the inter-
face.PROMEDAS’ graphicaluserinterface(GUI) consistsbasicallyof two tabpanels,

3A public version of BayesBuilder can be downloaded from
http://www.snn.kun.nl/Research/bayesbuilder/
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‘Form’, and‘Consultant’.

Form This tabpanelis for enteringclinical data
�$!

of anindividualpatient.In this
panel,clinical datais organizedin categoriesandsubgroupsin a similar way asin a
conventionalpaperpatientrecordfile. Seescreenshots(figure6).

Figure 6: Screenshotsfrom the PROMEDAS dataentry panels. Panelswith a ’V’
buttoncanbeexpandedinto subpanels.Panelswith a ’X’ buttoncanbecolapsed.

Consultant Figure 7 displaysthe PROMEDAS diagnosticadvicepanel (Consul-
tant). The advice is computedusing the BayesBuidlerAPI. The Consultantpanel
containsfour frames.Thelower left frameshowstheentereddatasofar.

The upperleft frameshows the differentialdiagnosis. It displaysthe probabili-
ties ���,��� � �7³ �

of potentiallyrelevantdiagnoses��� (rankedin descendingorder),given
the values

�7³
of the variablespreviously entered.Furthermore,it displaysthe ratio�������+� �"³´�-µ ������� � betweenthecurrentprobabilitiesandtheprevalences������� � (ranked

in descendingorder). Theseratiosemphasizethemoreseldomdiagnosesthatarere-
latedto thepatientdata,andfiltersout theirrelevantdiagnoseswith ahighprevalence,
but which are irrelevant in the context of the patientdata. The usercanselecta di-
agnosticcategory or mechanismfor which he/shewantstest proposalsby a mouse
click.

The upper right frame shows the additional test proposals suggestedby
PROMEDAS. It displaysa relativemeasure(no units)for theinformation V�� T (cf. eqn.
(3)) that is to beexpectedby performinga proposedtest

�UT
in relationto theselected

diagnosis��� , (giventhevaluesof thevariablespreviously entered).The information
is normalized,anddisplayedin descendingorder.

Theusercanselecta testproposal
�UT

for whichhe/shewantsmoreinformationby
a mouseclick. The lower right frameexplainswhy this proposedtest is informative
for aselecteddiagnosis.
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Figure7: ThePROMEDAS consultantpagedisplaysthedifferentialdiagnosis(upper
left); the entereddata(lower left); the proposedadditionaltestswith respectto a se-
lecteddiagnosis(upperright); andtheeffect of thepossibleoutcomesof theselected
testto theselecteddiagnosis,togetherwith theprobabilityof thesepossibleoutcomes
(lower right).



6 The PROMEDAS Team

The developmentof PROMEDAS is a joint project by SNN, Nijmegen and the
UniversityMedicalCentreUtrecht(UMCU). This project is financially supportedin
partby theDutchTechnologyFoundation(STW).

ThePROMEDAS teammembersare

Dr. H.J.Kappen SNN Projectmanagement
Dr. W.A.J.J.Wiegerinck SNN Artificial Intelligence
E. Akay, MSc SNN SoftwareEngineering
M. Nijman,MSc SNN SoftwareEngineering
Dr. J.P. Neijt, MD UMCU Internalmedicine
Dr. A.P. vanBeekMD UMCU Internalmedicine
Dr. E. Koning UMCU Internalmedicine

WWW:

http://www.mbfys.kun.nl/snn/Research/promedas/

Corr espondenceAddress:

Foundationfor NeuralNetworks
Universityof Nijmegen
POBox 9101
6500HB Nijmegen
TheNetherlands
Tel.: +31-(0)243614241
Fax.: +31-(0)243541435
e-mail:bert@snn.kun.nl
http://www.snn.kun.nl/nijmegen/
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