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Abstract

Interest in such diverseproblemsas developmentof user-
adaptivesoftwareandgreaterinvolvementof patientsin med-
ical treatmentdecisionshasincreasedinterestin development
of automatedpreferenceelicitationtools.A designchallenge
of thesetoolsis to elicit reliableinformationwhile notoverly
fatiguing the interviewee. We addressthis problemby us-
ing domainbackgroundknowledgein a flexible manner. In
particular, weuseknowledge-basedartificial neuralnetworks
to encodeassumptionsabouta decisionmaker’s preferences.
Thenetwork is thentrainedusinganswersto standardgam-
ble type questions.We explore the useof a domaintheory
encodingsimplemonotonicityassumptionsandanotherad-
ditionally encodingassumptionsconcerningattitudetoward
risk. We presentempiricalresultsusinga datasetof realpa-
tient preferencesshowing that learningspeedandaccuracy
increaseasmoredomainknowledgeis includedin theneural
net.

Intr oduction
Applications ranging from developmentof user-adaptive
software to patient-centeredmedicaldecisioncarerequire
theability to acquireandmodelpeople’spreferences.A de-
signchallengein developingautomatedtoolsfor preference
modelingis to elicit reliable information while not overly
fatiguingthedecisionmaker. We approachthis problemby
usingassumptionsaboutpreferencesto guidebut not con-
straintheelicitationprocess.In contrastto approachesthat
directly exploit constraintsto narrow down thesearchfor a
utility function consistentwith a subject’s preferences,we
start the processby mappinggenerallyknown background
informationaboutthedomaininto aknowledge-basedartifi-
cial neuralnetwork (KBANN) (Towell & Shavlik 1995).We
thenrefinethis domaintheoryby learningfrom answersto
standardgamblequestions.An advantageof usinga neural
network to elicit a subject’sutility is thatassumptionsabout
utility independenceandof theshapeof theutility function
canberelaxed.Ourexperimentalresultsshow thatKBANN
outperformsanunbiasedartificial neuralnetworks(ANN) in
termsof accuracy. Moreover, thetrainingtime for KBANN
is shorterthanthatof ANN.
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In previouswork, Geisler, Ha,andHaddawy (Geisler, Ha,
& Haddawy 2001) explored the use of KBANN to learn
preferencesundercertainty. In this paperwe explore the
moredifficult taskof learningpreferencesunderuncertainty,
i.e., utility functions.In particular, weformulatetwo domain
theories: one expressingmonotonicityof the utility func-
tionandanotheradditionallyexpressingattitudetowardrisk.
We show how to formulatethe domaintheoriesin termsof
propositionalHorn-clausesandto encodethemin KBANN
networks. Thenetworksareconstructedsothat they canbe
trainedwith answersto standardgamblequestions.A net-
work encodesautility function,whichcanthenbeeasilyex-
tractedfrom the network by simulatingelicitation, treating
thenetwork asthedecisionmaker. We comparetheperfor-
manceof KBANN networksincorporatingthetwo different
domaintheorieswith thatof anANN. Wetrain thenetworks
with datafrom patientanswersto standardgamblequestions
andcomparetheaccuracy andlearningratesof thethreenet-
works.

Domain Theory

MiyamotoandEraker(Miyamoto& Eraker1988)described
a psychologyexperimentwith 27 inpatientsat the Ann Ar-
bor VeteransAdministrationMedical Centerand the Uni-
versityof MichiganHospital.Thesampleincludedpatients
agedbetween20 and 50 with cancer, heart disease,dia-
betes,arthritis, and other seriousailments. The subjects
wereaskedstandardgamblequestionsthat involvedtwo at-
tributes: durationof survival ( � ) and healthquality ( � ).
Given healthquality � , eachsubjectwasasked how many
yearsin healthquality � wouldbeequalin valueto aneven-
chancegamble� between��� and ��� years.Thevalueof �
washeld fixed for varyingvaluesof ��� and ��� . We would
like to constructa neuralnetwork thatrepresentsa subject’s
preferencesandthatcanbetrainedusingtheanswersto the
even-chancequestions(or certaintyequivalents)providedby
the subject. The certaintyequivalentscanbe usedto con-
structasubject’sutility function.

In constructingthenetwork, weconsidertwo domainthe-
ories: 	
� and 	�� . In therulesthatcomprise	�� and 	�� , let
��
������������ be the durationof survival in numberof years
andQ bethehealthquality. Let � � and � � betheoutcomes
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Figure1: KBANN with 	 �

in aneven-chancegamble� 1, ��������� , ����� � bethecertainty
equivalentof thegamble,and � ��� beany arbitraryoutcome
for certain. The first domaintheory, 	 � , consistsof rules
thatimplicitly specifytheindependenceof � and � , aswell
asthe fact that theutility is monotonicallyincreasingin � .
Since � is heldfixedin eachquestion,it neednot appearin
therules. 	 � consistsof thefollowing rules:

! � � �"� ���$#&% ! � �(' � ���)#+*�, ! �.-/� ���)# (1)! ��� ' ����� #&% ! ���(�/����� #+*�, ! �.-/����� # (2)! �����0����� #&% ! ����� ' ��� #+*�, ! �����1-�� # (3)! � ���0' � �2#&% ! � ��� �"� �3#+*�, ! � ��� -�� # (4)

Rules1 and2 saythatwhenever theoutcomesof theeven-
chancegambledominate� ��� , thedecision-makerprefersthe
gamble.Rules3 and4 saythatin caseswhere� ��� dominates
theoutcomesof thegamble,thedecisionmakerprefers����� .

Beforewe presenttherulesthatcomprisetheseconddo-
main theory, we mustfirst defineproportionalmatch. The
conceptof proportionalmatch allows us to comparecer-
tainty equivalentsfor differentpairsof valuesof � � and � �
in aneven-chancegamble.

Definition 1 Let � ��� � bethecertaintyequivalentof aneven-
chancegamble � . Let � � and � � , where � � �4� � , be the
outcomesof � , each of which hasa 50% chanceof occur-
ring. A proportional match 5�6 correspondingto ����� � is
definedasfollows:

5�6 � � ��� �+* � �
��� * ���

Themotivationbehindtheuseof the proportionalmatchis
to allow usto encodeinformationabouta decision-maker’s

1An even-chancegamblemeansthatboth 7�8 and 7:9 eachhasa
50%chanceof occurring.

risk attitudeinto thedomaintheory. Therulesthatcomprise
	 � areasfollows:! ���;�/����� #&% ! ��� ' ����� #<*�, ! �.-������ # (5)! � �;' � ���)#&% ! � � ��� ���$#<*�, ! �.-�� ���$# (6)

� ����= !�! � �+* � �># 5�6@?BADCE� �3#<*�, ! �.-�� ���$# (7)

� ��� � !�! � �<* � �3# 5�6EF>
�CE� �3#<*�, ! � ��� -"� # (8)

In 	 � , Rules5 and6 arethesameasin 	 � . Rules7 and8
encodeattitudetowardrisk. Note that G !H! � �0* � �># 5�6@?IAJC
��� # � !H! ��� * ��� # 5�6 F>
 CK��� #ML is anotherway of writing
� ��� � in interval form. This representationallows flexibility
whenapproximating� ����� . Rule7 saythata decision-maker
prefersto gambleif ����� = ������� . On theotherhand,Rule8
saythat ����� is preferredwhenever �����0��������� .

Using KBANN to Model Utilities
KBANN (Towell & Shavlik 1995)is a hybrid learningsys-
temthatallowsrulesin propositionallogic to bemappedinto
neuralnetworks.Themappingof rulesinto thenetwork cor-
respondto modelling preferenceswithout an extensive set
of examples.Thepreferenceinformationis thenrefinedby
learningfrom answersto standardgamblequestions.Un-
like an Artificial Neural Network (ANN), in KBANN the
weightsof the links that correspondto the domaintheory
aregiven highervalues,in effect creatingbiasedlinks. In
our experiments,the weight, N , is setto 4. All other links
arerandomlyinitialized to avaluenear0.

Thenetwork hasthreehiddenlayers,an input layer, and
anoutputlayer . This is true for bothdomaintheories,	 �
and 	 � . For domaintheory 	 � (seeFig. 1), the input layer
consistsof 4 nodes: ��� , ��� , ����� , and � . The healthstate
is held at � throughoutfor both 	�� and 	�� . For 	O� (see
Fig. 2), the input layerconsistsof 6 nodes: � � , � � , � ��� , � ,!�! � ��* � �3# 5�6@?IA0CP� �># and

!H! � �;* � �3# 5�6EF>
QCR� �3# . The
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Figure2: KBANN with 	 �

output layersfor both 	
� and 	�� consistof 2 nodes:The
left outputnodeis for �S-R��TVU . This nodegivesanoutput
near1 if eitherRule1 or Rule2 for domaintheory 	 � is true
or if eitherRule5, Rule6, or Rule7 for domaintheory 	��
is true.Otherwiseit givesanoutputnear0. Theright output
nodeis for ��TVU�-W� . It outputsa valuenear1 if either
Rule3 or Rule4 for domaintheory 	 � is true,or if Rule8
for domaintheory 	O� is true.Otherwise,anoutputnear0 is
produced.

In bothnetworks, the hiddenlayer containsa mixtureof
� , ' , X , and = comparisonnodes.The ' nodesareimple-
mentedasOR nodes,which outputa valuenear1 if eitherY �[Z or Y �\Z is true. Theweightsof the incominglinks
for an Y ��Z nodeare N for Y and * N for Z . Theactivation
functionusedto implementthe � nodeis:

�
�]C_^�`Qa � bdcJ��egf�hji)k>egl (9)

Theactivationfunctionin Equation(9) givesanoutputclose
to 1 if Y �RZ , anoutputcloseto 0.5 if Y �mZ , andanoutput
close to 0 if Y XnZ . op^>q r�sut:v�q is the usualsum of the
product: weight of the link w activation output. Like the
� operator, theweightsof the incominglinks for an Y �\Z
nodearealso * N for Y and N for Z . Theactivationfunction
for thisoperatoris:

�
�]C_^�`Qag`�x bjy c<�Megfdh>i2k>e y z&{Hl (10)

Equation(10) givesan output near1 if Y and Z have val-
uesthat are closeto eachother. However, as their differ-
encewidenstheactivationfunctionproducesvaluestoward
0. TheAND andORnodesareimplementedas:

�
�]C_^�`Qa c<�Megfdh>i2k>eg| `�} 
�~)� |�l (11)

where���M�u�;� !M� *�������# N for AND nodeand �����u�1� �:� � N

for an OR node.
�

is the numberof positive antecedents
on a rule, e.g., Rule (5) hasa valueof 5���� . The initial
weightsof unbiasedlinks, i.e., weightsthat arenot initial-
ized to either N or * N , are randomlyset to a valuein the
interval G *0��� � ��� ��� � � L .

Empirical Analysis
We evaluatedour approachusing the KBANN representa-
tionsof domaintheories	
� and 	�� , andanartificial neural
network (ANN) with 4 input nodes,3 nodesin the hidden
layer, and two nodesin the output layer. We usedthe set
of datafrom (Miyamoto& Eraker1988)whichcontainsthe
answersof 27 subjectswho wereasked even-chancegam-
blequestionsconcerningyearsof survival andthequalityof
life. Given healthquality � , eachsubjectwasasked how
many yearsin healthquality � would be equalin valueto
aneven-chancegamble� between��� and ��� years.In this
dataset, � washeldfixed for varyingvaluesof � � and � � .
Thereare 24 suchquestionswith varying valuesin years
of survival andhealthquality for eachof the subjects.The
answersto the even-chancegamblequestionsarevaluesof
� ��� � . Sincewe know what the gambleis worth to the sub-
ject,answersfor valuesthataregreaterthan � ��� � andvalues
that are lessthan ����� � are implicit: the subjectprefersthe
gambleto valuesbelow � ��� � andprefersvaluesabove � �����
to the gamble. Thus to provide the networks with datato
specifypreferencesfor valuesaboveandbelow ����� � wecan
simplysupplementtheanswersto thestandardgambleques-
tionsby includinganswersthatareimplicit. We do this by
includingin thetrainingsetfor bothKBANN andANN ran-
domly generateddatapoints that areabove andbelow the
subject’s ����� � . We have generated50 suchpointsfor each
of above andbelow � ��� � regions. Thenetworks includean
input nodefor a valueof � for certainlabeled� ��� . We di-
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Figure3: Accuracy comparisonbetweennetworks

videdthedatasetinto a trainingset,a tuningset,anda test
set.For each�������2�2�3�)����� of the24 answers,we leaveout
� answersfor testingpurposesandtrainthenetwork with the
remaining ���O�_� answers.We usedearly stoppingwith a
look-aheadof 100epochsto avoid overfittingandused10%
of thetrainingexamplesasthetuningset.To obtaintheac-
curacy we simply took thepercentageof thetestpointsthat
are correctly classified. Thereare 24 experimentruns for
eachleave-xfor aparticularsubject.Thevaluesobtainedare
averagedto getthepredictionaccuracy for eachleave-xfor a
particularsubject.Theresultsof theexperimentfor eachof
the27 subjectsareaveragedoverall leave-x, �����]�2�3����� .

Figure 3 shows the accuracy of KBANN evaluatedfor
risk prone subjectsusing domain theory �O� (top curve),
KBANN for all subjectsusingdomaintheory ��  (middle
curve), and that of ANN for all subjects(bottom curve).
For therisk-proneexperiment,only subjectswhoseaverage¡�¢

of the corresponding£�¤�¥ ¦ greaterthan §:� ¨�¨ andwith
a standarddeviation © ªQ«­¬®§��B� wereevaluated.The per-
formanceof KBANN usingdomaintheory � � is betterthan
theperformanceof KBANN usingdomaintheory �   . Also
KBANN with �
  performsbetterthanANN. A right-tailed¯ test on the differencebetweenthe accuracy of KBANN
with �   andANN shows significancein 22 out of 23 tests
at 90% confidencelevel. As the size of the training set
decreases,the dominanceof KBANN over ANN becomes
morepronounced.This differencefrom leave-17to leave-
23 is statisticallysignificantat95%confidencelevel. More-
over, KBANN with ��� requireslesstrainingtimecompared
to KBANN with �
  andANN. Figure4 shows theaverage
numberof epochsrequiredto train thenetworksasthenum-
berof trainingexamplesdecreases,i.e., leave-x increases.

RelatedWork and Summary
Preferenceelicitation has become an important tool in
medical-decisionmaking. For example,to assessthe cost-
effectivenessof a treatmentunderstudyagainstothercom-
monly acceptedtreatments,it is often necessaryto mea-
surethepatients’preferences.Unlike humanassessorswho
maypotentiallyinfluencetheresultsof theutility elicitation,
automatedmethodsof elicitation allow for a uniform pro-
cessof obtainingpatients’preferences.More importantly,
responsesmaybemore frank in computerinterviews than
when respondingon paperor to a humanbeing(Locke et
al. 1992). In a separatestudy reportedin (Sanderset al.
1994),majorityof thepatientspreferredto usethecomputer
to disclosesensitive information regardingrisk behaviors.
U-titer (Sumner, Nease,& Littenberg1992)is anautomated,
modular, utility assessmenttool that allows the following
methodsof assessments:ratingscale,categoryscaling,stan-
dardgamble,andtimetrade-off. Thedevelopmentof U-titer
grew out of the needto find an assessmenttool that min-
imizessystematicbiasesthat may be presentin interviews
conductedby humanassessors.Until thedevelopmentof U-
titer, computer-basedassessmenttools were consideredto
betooexpensive.

IMPACT (Lenertet al. 1995)or Interactive Multimedia
PreferenceAssessmentConstructionTool is designedto
measurehealthpreferencesandprovidesupportfor therapid
constructionof multimediacomputerinterviews. IMPACT
hastwo parts: an editor anda player. The editor part is a
multimediashell programthat allows researchersto inter-
actively constructpatientinterviewing instrumentswithout
the needfor programming.It supportstext, graphics,syn-
thesizedspeech,digital soundandQuicktimemovies. Val-
idationstudiesshow thatpreferenceassessmentsusingIM-
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PACT havehigh test-retestreliability andthatmostsubjects
understandthe elicitation methodsand believe that expla-
nationswereprovidedclearly. Recently, IMPACT wasde-
velopedfurther into iMPACT3 to supportthe construction
of instrumentsvia the internet (Lenert 2000). Our work
complementstools like U-titer and IMPACT. The number
of questionstheintervieweehasto answerusingU-titer and
IMPACT maybereducedby exploiting informationthathas
alreadybeenlearnedvia thenetworks.If duringthefirst few
questionsthe network predicts the interviewee’s answers
with goodaccuracy thenthenetwork representsa goodap-
proximationof the interviewee’s utility function. We need
askonly additionalnumberof questionsto retrainthe net-
work if its predictive accuracy falls below a certainthresh-
old.

Theory refinementvia KBANN hasbeenshown to ef-
fectively elicit andmodeluserpreferencesin the certainty
case(Geisler, Ha, & Haddawy 2001). This alsoprovidesa
robustmethodof representingpreferencesin thecasewhere
independenceassumptionshave beenviolatedto somede-
gree.Empiricalevaluationin a flight domainshows thatthe
approachcansignificantlyreducetheamountof information
to be asked from the user. Userpreferencesin the form of
instructionsareusedto constructintelligentagentswith the
KBANN network asthe coremachinelearningcomponent
in theWisconsinAdaptiveWebAssistant(WAWA) (Eliassi-
Rad& Shavlik 2001).Thenetworksareinitially constructed
from users’advicesand refinedvia system-generatedand
user-suppliedexamples.Empiricalresultsshow thatthethe-
ory refinementapproachis highly effective in the task of
retrieving andextractinginformationfrom theweb.

In more recentwork, (Chajewska, Koller, & Ormoneit

2001)proposeanapproachthatestimatesa probabilitydis-
tributionoverpossiblecoursesof actionof auserby observ-
ing the user’s pastdecisions.The idea is to view the past
decisionsasconstraintsto beusedto conditionaprior prob-
ability distribution in orderto obtainanestimateof thepos-
terior probability distribution. Sincethis proposedmethod
refineprior knowledgeof utility functions,they canalsobe
viewedasa form of theoryrefinement.We seethemethod
ascomplementaryto ours.However, ourapproachallowsus
to captureandrepresentutilities without the needto know
theexplicit utility equation.

In thispaper, wehaveoutlinedanapproachto utility elic-
itation by refininga domaintheory. Our experimentsshow
that encodingdomainrules into a KBANN andrefining it
resultsin a reductionin training time anda significantim-
provementin accuracy over ANN. Moreover, our empirical
resultssuggestthat the inclusionof additionalrelevant in-
formationinto the domaintheoryalso improvesprediction
accuracy. Software tools like IMPACT or U-titer may be
able to reducethe numberof questionsthat will be asked
from the intervieweeby exploiting the informationalready
representedin thenetwork.
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