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Abstract

Interestin such diverse problemsas developmentof user
adaptve softwareandgreateiinvolvementof patientsn med-
ical treatmentecisionshasincreasednterestin development
of automategreferencelicitationtools. A designchallenge
of thesetoolsis to elicit reliableinformationwhile not overly
fatiguing the intervievee. We addressghis problemby us-
ing domainbackgroundknonledgein a flexible manner In
particular we useknowledge-baseadrtificial neuralnetworks
to encodeassumptionsibouta decisionmaler’s preferences.
The network is thentrainedusinganswerso standardyam-
ble type questions. We explore the useof a domaintheory
encodingsimple monotonicityassumptiongnd anotherad-
ditionally encodingassumptiongoncerningattitudetoward
risk. We presenempiricalresultsusinga datasetof realpa-
tient preferenceshaving that learning speedand accurag
increaseasmoredomainknowledgeis includedin the neural
net.

Intr oduction

Applications ranging from developmentof useradaptive
software to patient-centerednedicaldecisioncarerequire
theability to acquireandmodelpeoples preferencesA de-
signchallengen developingautomatedoolsfor preference
modelingis to elicit reliable information while not overly
fatiguingthe decisionmaker. We approactthis problemby
using assumptiongboutpreferenceso guide but not con-
strainthe elicitation process.In contrastto approacheshat
directly exploit constraintdo narrav down the searchfor a
utility function consistentwith a subjects preferencesywe
startthe processhy mappinggenerallyknown background
informationaboutthedomaininto aknowledge-basedrtifi-
cial neuralnetwork (KBANN) (Towell & Shavlik 1995).We
thenrefinethis domaintheoryby learningfrom answergo
standardgyamblequestions. An advantageof usinga neural
network to elicit a subjects utility is thatassumptionabout
utility independencandof the shapeof the utility function
canberelaxed. Our experimentakesultsshov thatKBANN
outperformsanunbiasedrtificial neuralnetworks(ANN) in
termsof accurag. Moreover, thetrainingtime for KBANN
is shorterthanthatof ANN.
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In previouswork, Geisleyr Ha,andHaddavy (Geisler Ha,
& Haddavy 2001) explored the use of KBANN to learn
preferencesunder certainty In this paperwe explore the
moredifficult taskof learningpreferencesinderuncertainty
i.e., utility functions.In particular we formulatetwo domain
theories: one expressingmonotonicity of the utility func-
tion andanotheradditionallyexpressingattitudetowardrisk.
We showv how to formulatethe domaintheoriesin termsof
propositionalHorn-clausesndto encodethemin KBANN
networks. The networks areconstructedsothatthey canbe
trainedwith answerdo standardgamblequestions.A net-
work encodes utility function,which canthenbeeasilyex-
tractedfrom the network by simulatingelicitation, treating
the network asthe decisionmaker. We comparethe perfor
manceof KBANN networksincorporatingthetwo different
domaintheorieswith thatof anANN. We trainthenetworks
with datafrom patientanswergo standardyamblequestions
andcompargheaccuray andlearningratesof thethreenet-
works.

Domain Theory

MiyamotoandEraker (Miyamoto& Eraker 1988)described
a psychologyexperimentwith 27 inpatientsat the Ann Ar-
bor VeteransAdministration Medical Centerand the Uni-
versity of Michigan Hospital. The sampleincludedpatients
agedbetween20 and 50 with cancey heartdisease dia-
betes,arthritis, and other seriousailments. The subjects
wereasked standardyamblequestionghatinvolvedtwo at-
tributes: duration of survival (Y) and health quality (Q).
Given healthquality ), eachsubjectwasasked how mary
yearsin healthquality @) would beequalin valueto aneven-
chanceggambleG betweeny; andY; years.Thevalueof @)
washeld fixed for varying valuesof Y; andY>. We would
like to constructa neuralnetwork thatrepresenta subjects
preferencesndthatcanbetrainedusingthe answerdo the
even-chanceuestiongor certaintyequivalents)rovidedby
the subject. The certaintyequivalentscanbe usedto con-
structa subjects utility function.

In constructinghenetwork, we considetwo domainthe-
ories: Dy andDs. In therulesthatcompriseD; andD,, let
Y;,i = 1,2 bethedurationof survival in numberof years
andQ bethehealthquality. Let Y; andY> bethe outcomes
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Figurel: KBANN with Dy

in aneven-chancgambleG?,Y; > Vs, Y.., bethecertainty
equialentof thegamble,andY,. beary arbitraryoutcome
for certain. The first domaintheory D,, consistsof rules
thatimplicitly specifytheindependencef Y and@, aswell

asthe factthatthe utility is monotonicallyincreasingn Y.

Since( is heldfixedin eachquestionjt neednot appeain

therules. D; consistof thefollowing rules:

(Yl > Yce) A (Y2 > Yce) — (G - Yce) 1)
(Y1 > Yee) A (Y2 > Yee) — (G = Yee) )
(Yee > Y1) A (Yee > Y2) — (Yee = G) 3)
(Yee 2 Y1) A (Yee > Ya) — (Yee = G) (4)

Rules1 and2 saythatwheneer the outcomef the even-
chancegambledominateY.., thedecision-makr prefersthe
gamble.Rules3 and4 saythatin casesvhereY,, dominates
theoutcomef thegamble thedecisionmaler prefersy....

Beforewe presenthe rulesthatcomprisethe seconddo-
main theory we mustfirst defineproportionalmatch. The
conceptof proportionalmatch allows us to comparecer
tainty equivalentsfor differentpairsof valuesof Y; andY;
in aneven-chancgamble.

Definition 1 LetY,., bethecertaintyequivalenbfaneven-
chancegambleG. LetY; andY,, whee Y; > Y5, bethe
outcomeof G, ead of which hasa 50% chanceof occur
ring. A proportional matdy PM correspondingto Y., is
definedasfollows:

}/;eq_)/é
i -1

The motivation behindthe useof the proportionalmatchis
to allow usto encodeinformationabouta decision-makr’s

PM

1An even-chancgiamblemeanshatbothY; andY; eachhasa
50% chanceof occurring.

risk attitudeinto the domaintheory Therulesthatcomprise
D, areasfollows:

(Y1 >Yee) AN(Ya 2 Ye.) — (G- Yee) (5)
Y1 2Ye)AN(Ya>Ye.) — (G>Yee) (6)
Yee < (Y1 — Y2)PMypo +Ys) — (G = Yee)  (7)
Yee > (Y1 = Y2)PMp; +Y2) — (Yee = G)  (8)

In D5, Rules5 and6 arethe sameasin D;. Rules7 and8
encodeattitudetowardrisk. Notethat[((Y1 — Y2)PM;, +
Y2),((Y1 — Y2)PMy,; + Y2)] is anotherway of writing
Yeeq in interval form. This representatiomllows flexibility
whenapproximatingY..,. Rule7 saythata decision-makr
prefersto gambleif Y,, < Y,.,. Ontheotherhand,Rule8
saythatY., is preferredwheneverY,, > Y.,.

Using KBANN to Model Utilities

KBANN (Towell & Shalik 1995)is a hybrid learningsys-
temthatallowsrulesin propositionalogic to bemappednto
neuralnetworks. Themappingof rulesinto thenetwork cor-
respondto modelling preferencesvithout an extensive set
of examples.The preferencanformationis thenrefinedby
learningfrom answergo standardgamblequestions. Un-
like an Artificial Neural Network (ANN), in KBANN the
weightsof the links that correspondo the domaintheory
are given highervalues,in effect creatingbiasedlinks. In
our experimentsthe weight, w, is setto 4. All otherlinks
arerandomlyinitialized to avaluenearO.

The network hasthreehiddenlayers,aninput layer, and
anoutputlayer. Thisis true for both domaintheories,D;
and D,. For domaintheory D, (seeFig. 1), theinputlayer
consistsof 4 nodes: Y7, Y3, Y., and(@Q. The healthstate
is held at () throughoutfor both D; and D,. For D, (see
Fig. 2), theinputlayer consistsof 6 nodes:Y1, Ys, Ye., @,
(Y1 = Y2)PMio + Y2) and((Y1 — Y2)PMy; + Y2). The
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Figure2: KBANN with D,

outputlayersfor both D; and D, consistof 2 nodes: The
left outputnodeis for G = Yo g. This nodegivesanoutput
nearl if eitherRulel or Rule2 for domaintheoryD; istrue
or if eitherRule5, Rule 6, or Rule 7 for domaintheory D,
is true. Otherwiseit givesanoutputnear0. Theright output
nodeis for Yog = G. It outputsa valuenearl if either
Rule 3 or Rule 4 for domaintheory D is true, or if Rule 8
for domaintheory D, is true. Otherwise anoutputnear0 is
produced.

In both networks, the hiddenlayer containsa mixture of
>, >, <, and< comparisomodes.The > nodesareimple-
mentedas OR nodes,which outputa valuenearl if either
x > y orz = y is true. The weightsof theincominglinks
for anz > y nodearew for x and—w for y. Theactivation
functionusedto implementthe > nodeis:

1
1+ e—(10NetInput) (9)

Theactivationfunctionin Equation(9) givesanoutputclose
to1if 2 > y, anoutputcloseto 0.5if z = y, andanoutput
closeto 0 if z < y. NetInput is the usualsum of the
product: weight of the link x activation output. Like the
> operatorthe weightsof theincominglinks for anz = y
nodearealso—w for z andw for y. Theactivationfunction
for this operatoris:

1
1 + e—(—30|NetInput|+5)

Equation(10) givesan outputnearl if z andy have val-
uesthat are closeto eachother However, astheir differ-
encewidensthe activationfunction producessaluestoward
0. The AND andOR nodesareimplementeds:
1
1 + e—(NetInput;—Bias;)

whereBias = (P —0.5)w for AND nodeandBias = 0.5w

(10)

(11

for an OR node. P is the numberof positive antecedents
onarule, eg., Rule (5) hasavalueof P = 2. Theinitial
weightsof unbiasedinks, i.e., weightsthat are not initial-
ized to eitherw or —w, arerandomlysetto a valuein the
interval [-0.01, 0.01].

Empirical Analysis

We evaluatedour approachusingthe KBANN representa-
tionsof domaintheoriesD; and D, andanartificial neural
network (ANN) with 4 input nodes,3 nodesin the hidden
layer, andtwo nodesin the outputlayer We usedthe set
of datafrom (Miyamoto & Eraker 1988)which containsthe
answerf 27 subjectswho were aslked even-chancegam-
ble questiongsoncerningyearsof survival andthe quality of
life. Given healthquality (), eachsubjectwas asked how
mary yearsin healthquality Q would be equalin valueto
aneven-chancgambleG betweeny; andY; years.In this
dataset, () washeldfixedfor varyingvaluesof ¥; andYs.
Thereare 24 suchquestionswith varying valuesin years
of survival andhealthquality for eachof the subjects.The
answergo the even-chancegamblequestionsare valuesof
Yeeq. Sincewe know whatthe gambleis worth to the sub-
ject,answerdor valuesthataregreateithanY,., andvalues
thatarelessthanY,., areimplicit: the subjectprefersthe
gambleto valuesbelow Y., andprefersvaluesabove Y,
to the gamble. Thusto provide the networks with datato
specifypreference$or valuesabore andbelow Y., we can
simply supplementheanswergo thestandardyambleques-
tions by including answerghatareimplicit. We do this by
includingin thetrainingsetfor bothKBANN andANN ran-
domly generatedlatapoints that are above and below the
subjects Y..,. We have generatedb0 suchpointsfor each
of above andbelow Y., regions. The networksincludean
input nodefor avalueof Y for certainlabeledY,.. We di-
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Figure3: Accurag comparisorbetweemetworks

videdthe datasetinto atraining set,a tuning set,andatest
set.Foreachr = 1,...,23 of the24 answerswe leave out
x answerdor testingpurposesndtrainthenetwork with the
remaining24 — x answers.We usedearly stoppingwith a
look-aheaddf 100epochgo avoid overfitting andused10%
of thetraining examplesasthe tuning set. To obtainthe ac-
curag we simply took the percentagef the testpointsthat
are correctly classified. Thereare 24 experimentruns for
eachleave-xfor aparticularsubject.Thevaluesobtainedare
averagedo getthepredictionaccurag for eachleave-xfor a
particularsubject. Theresultsof the experimentfor eachof
the27 subjectsareaveragedoverall leave-x,z = 1...23.

Figure 3 shaws the accurag of KBANN evaluatedfor
risk prone subjectsusing domaintheory D, (top curwe),
KBANN for all subjectsusingdomaintheory D; (middle
cune), and that of ANN for all subjects(bottom curve).
For the risk-proneexperiment,only subjectsvhoseaverage
PM of the correspondind’., greaterthan0.55 andwith
a standarddeviation o577 < 0.1 wereevaluated. The per
formanceof KBANN usingdomaintheory D, is betterthan
the performanceof KBANN usingdomaintheoryD;. Also
KBANN with D; performsbetterthanANN. A right-tailed
z teston the differencebetweenthe accuray of KBANN
with D; andANN shaws significancein 22 out of 23 tests
at 90% confidencelevel. As the size of the training set
decreaseghe dominanceof KBANN over ANN becomes
more pronounced.This differencefrom leave-17to leave-
23is statisticallysignificantat 95% confidencdevel. More-
over, KBANN with D, requiredesstrainingtime compared
to KBANN with D; andANN. Figure4 shavs the average
numberof epochgequiredto trainthe networksasthenum-
berof trainingexamplesdecreases.e., leave-xincreases.

RelatedWork and Summary

Preferenceelicitation has become an important tool in
medical-decisioomaking. For example,to assesshe cost-
effectivenessf a treatmentunderstudyagainstothercom-
monly acceptedireatments,it is often necessaryto mea-
surethe patients’preferencesUnlike humanassessor&ho
may potentiallyinfluencetheresultsof theutility elicitation,
automatedmethodsof elicitation allow for a uniform pro-
cessof obtainingpatients’preferences.More importantly,
responsesnaybemore frank in computerinterviews than
when respondingon paperor to a humanbeing(Locle et
al. 1992). In a separatestudy reportedin (Sanderset al.
1994),majority of the patientspreferredo usethe computer
to disclosesensitve information regardingrisk behaiors.
U-titer (SumnerNease& Littenbeig 1992)is anautomated,
modular utility assessmertbol that allows the following
methodof assessmentsatingscale cateyory scaling,stan-
dardgamble andtimetrade-of. Thedevelopmenbf U-titer
grew out of the needto find an assessmertbol that min-
imizes systematidiasesthat may be presentin interviews
conductedy humanassessordJntil thedevelopmenbof U-
titer, computerbasedassessmertbols were consideredo
betooexpensve.

IMPACT (Lenertetal. 1995)or Interactve Multimedia
PreferenceAssessmen€ConstructionTool is designedto
measurédealthpreferenceandprovide supportfor therapid
constructionof multimediacomputerinterviews. IMPACT
hastwo parts: an editor and a player The editor partis a
multimediashell programthat allows researcherso inter-
actively constructpatientinterviewing instrumentswithout
the needfor programming. It supportstext, graphics,syn-
thesizedspeechdigital soundand Quicktime movies. Val-
idation studiesshaw that preferenceassessmentssing M-



training times
«» 1000
S 5
o 800 Y
2 600 A ANN-
S P — - — -KBANN with D1
5 400 S —— KBANN with D2
o T
€ 200 =====—"x
5
c 0 T T T T T r T T T T T T T T T T T TT
— < N~ o (2] (o] (o)) N
— — i — (qV}
leave-x

Figure4: Comparisorof trainingtimesbetweemetworks

PACT have hightest-retesteliability andthatmostsubjects
understandhe elicitation methodsand believe that expla-

nationswere provided clearly Recently IMPACT wasde-

velopedfurther into iIMPACT3 to supportthe construction
of instrumentsvia the internet (Lenert 2000). Our work

complementdools like U-titer and IMPACT. The number
of questiongheintervieweehasto answernsingU-titer and

IMPACT maybereducedy exploiting informationthathas
alreadybeenlearnedvia thenetworks. If duringthefirst few

guestionsthe network predictsthe interviewees answers
with goodaccurag thenthe network represents goodap-

proximationof the interviewee’s utility function. We need
askonly additionalnumberof questiongo retrainthe net-

work if its predictive accurag falls below a certainthresh-
old.

Theory refinementvia KBANN hasbeenshawvn to ef-
fectively elicit and model userpreferencesn the certainty
case(GeisleHa, & Haddavy 2001). This alsoprovidesa
robustmethodof representingreferences thecasewhere
independencassumption$iave beenviolatedto somede-
gree.Empiricalevaluationin a flight domainshows thatthe
approacttansignificantlyreducegheamountof information
to be asled from the user Userpreferenceén the form of
instructionsareusedto constructintelligentagentswith the
KBANN network asthe core machinelearningcomponent
in the WisconsinAdaptiveWeb Assistant(\WAWA) (Eliassi-
Rad& Shavlik 2001). Thenetworksareinitially constructed
from users’advicesand refinedvia system-generatednd
usersuppliedexamples Empiricalresultsshav thatthethe-
ory refinementapproachis highly effective in the task of
retrieving andextractinginformationfrom theweh

In more recentwork, (Chajevska, Koller, & Ormoneit

2001)proposean approactthat estimatesa probability dis-
tribution over possiblecourse®f actionof auserby observ-
ing the users pastdecisions. The ideais to view the past
decisionsasconstraintgo be usedto conditiona prior prob-
ability distribution in orderto obtainan estimateof the pos-
terior probability distribution. Sincethis proposedmnethod
refineprior knowledgeof utility functions,they canalsobe
viewed asa form of theoryrefinement.We seethe method
ascomplementaryo ours.However, ourapproachallowsus
to captureandrepresentitilities without the needto know
theexplicit utility equation.

In this paperwe have outlinedanapproactto utility elic-
itation by refininga domaintheory Our experimentsshov
that encodingdomainrulesinto a KBANN andrefining it
resultsin a reductionin training time anda significantim-
provementin accurag over ANN. Moreover, our empirical
resultssuggesthat the inclusion of additionalrelevantin-
formationinto the domaintheoryalsoimprovesprediction
accurag. Softwaretools like IMPACT or U-titer may be
ableto reducethe numberof questionghat will be asled
from the intervieweeby exploiting the informationalready
representeth the network.
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