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Abstract

The development of automated preference elicitation tools
has seen increased interest among researchers in recent years
due to a growing interest in such diverse problems as devel-
opment of user-adaptive software and greater involvement of
patients in medical decision making. These tools not only
must facilitate the elicitation of reliable information without
overly fatiguing the interviewee but must also take into ac-
count changes in preferences. In this paper, we introduce two
complementary indicators for detecting change in preference
which can be used depending on the granularity of observed
information. The first indicator exploits conflicts between the
current model and the observed preference by using intervals
mapped to gamble questions as guides in observing changes
in risk attitudes. The second indicator relies on answers to
gamble questions, and uses Chebyshev’s inequality to infer
the user’s risk attitude. The model adapts to the change in
preference by relearning whenever an indicator exceeds some
preset threshold. We implemented our utility model using
knowledge-based artificial neural networks that encode as-
sumptions about a decision maker’s preferences. This allows
us to learn a decision maker’s utility function from a relatively
small set of answers to gamble questions thereby minimizing
elicitation cost. Results of our experiments on a simulated
change of real patient preference data suggest significant gain
in performance when the utility model adapts to change in
preference.

Introduction
Various applications ranging from development of user-
adaptive software to patient-centered medical decision care
require the ability to acquire and model people’s prefer-
ences. In developing automated tools for preference mod-
eling not only must reliable information be elicited with-
out overly fatiguing the decision maker but also the issue
of change in preference must be taken into consideration. In
dynamic environments, the change in preference can be in-
duced by several factors. Previous shopping experiences for
instance could affect subsequent preferences. An agent may
revise preferences when constraints and resources change,
e.g., when outcomes with respect to an income level de-
crease or increase (Binswanger 1981). Preferences could
even change by some effect of predisposition (Gibbs 1997).
In medical decision-making, preference change, also known
as response shift (Schwartz & Sprangers 2000), can be trig-

gered by a change in health status which may result in a
change in the respondent’s internal standards of measure-
ment or values. Moreover, preferences may need to be re-
vised to handle novel circumstances (Doyle & Thomason
1999; Doyle 2004).

An adequate mechanism must, therefore, be in place to
detect preference change as well as facilitate minimal costof
elicitation. We address the problem of detecting change by
using indicators that determine differences in risk attitudes.
Our model adapts to the change by relearning whenever
risk attitude indicators exceed some preset thresholds. More
specifically, we show that the use of intervals to approxi-
mate risk behavior coincides with Keeney and Raiffa’s char-
acterization of risk attitude. We introduce a specific mea-
sure calleddisagreement ratioto compare new risk attitude
information against existing information in the preference
model and propose the use of conflict sets to detect incon-
sistency. Moreover, when certainty equivalents of gambles
are available, differences in the average of certainty equiv-
alents taken at different timepoints can be used to detect a
possible change in risk attitude information.

Following previous work (Haddawyet al. 2003; Resti-
ficar et al. 2002), we use knowledge-based artificial neu-
ral networks or KBANN (Towell & Shavlik 1995) that en-
code assumptions about a decision maker’s preferences to
allow us to learn a decision maker’s utility function from a
relatively small set of elicited answers to gamble questions,
thereby minimizing elicitation cost. The theory refinement
approach to preference elicitation pioneered by Haddawyet
al. offers several advantages over the traditional approaches
(Keeney & Raiffa 1993). In theory refinement approach, no
assumption about the structure of preferences,e.g.,utility in-
dependence, is made. More importantly, elicitation can start
from a possibly incomplete and approximate domain theory
which can then be made more accurate by training on ex-
amples. More accurate prior domain knowledge leads to a
reduction in learning time and elicitation cost. The network
which can represent both linear and nonlinear functions en-
codes the decision maker’s utility function, which can be
easily extracted by simulating elicitation, treating the net-
work as the decision maker. Curve fitting techniques such as
in Keeney & Raiffa (1993), can be used to recover the utility
function based on answers to gamble questions queried from
the network.



We performed experiments simulating change of prefer-
ence based on real patient data. The set of data is from
Miyamoto & Eraker (1988) which contains answers to gam-
ble questions of27 subjects. The gamble questions were
about years of survival and quality of life. Our results sug-
gest significant gain in performance when the utility model
adapts to preference change.

Preliminaries
In this paper, we will assume that the utility function can be
nonmonotonic. However, in such a case the range of the at-
tribute is divided into partitions such that the utility function
is monotonic in each partition. This assumption offers an op-
erational advantage. Partitions in which the utility is mono-
tonic guarantee unique certainty equivalent for each lottery
or gamble question whose outcomes lie in the said partitions.
This method of treating nonmonotonic utility functions so
that the range of the attribute is monotonic in each partition
is mentioned by Keeney & Raiffa (1993). For convenience,
we will be using ’lottery’ and ’gamble’ interchangeably to
mean the same thing.

Definition 1 LetD be a domain,U be a utility function over
D, and letoi and oj be outcomes in a gambleG whereoi

occurs with a probabilityp, oj occurs with a probability(1−
p), and oi, oj ∈ D. Let us denote this gambleG by the
shorthand(oi; p; oj). If p = 0.5, thenG is called an even-
chance gamble. A certainty equivalent,Yceq, is an amount
ô such that the decision maker (DM) is indifferent between
G and ô. Thus,U(ô) = pU(oi) + (1 − p)U(oj) or ô =
U−1[pU(oi) + (1 − p)U(oj)]. A proportional matchPM
corresponding tôo of an even-chance gamble is defined as
PM = ô−oi

oj−oi
, oj > oi.

The concept of proportional match allows us to compare
certainty equivalents for different pairs ofoi andoj . The
idea of certainty equivalent is also used in the following the-
orem to determine the user’s or decision-maker’s (DM) risk
attitude.

Theorem 1 (Keeney & Raiffa, 1993)For increasing util-
ity functions, a decision maker is risk averse (resp. risk-
prone) if and only if his certainty equivalent for any nonde-
generate lottery is less than (resp. greater than) the expected
consequence of that lottery.

In practice, however, we can only ask a limited number
of lottery questions, lest the DM experience fatigue and thus
potentially give unreliable answers. The idea is to assess
the DM’s utility function and be able to detect changes to it
when it has occurred.

Change in Risk Attitude
We will first consider the issue of revised preferences where
change is characterized by a change in risk attitude from ei-
ther a risk averse, risk prone, or risk neutral type to any of the
other two types. The occurrence of such change can be ob-
served in many decision making scenarios. For instance, the
agents’ actions in a business negotiation could be affectedby
factors like time constraints, increasing cost of communica-
tion, or a change in the availability of resources. Assume a

vendor of a perishable item in a market without refrigeration
facility. At the start of the day the vendor will unlikely yield
to a lower price but when the day is ending he will likely be
less risk-seeking if someone engages him in a negotiation
over the price of the item. In medical decision making, a pa-
tient’s risk attitude toward medical treatments can changeas
a result of change to the relative importance of an attribute’s
contribution toward a health state’s desirability (Schwartz &
Sprangers 2000). For example, time spent with the family
may become increasingly more important to a cancer patient
as health state worsens.

The basic idea of the technique proposed in this section
is to partition the domain of the attributeY into subintervals
and map these subintervals into lottery questions so that the
answers to the lottery questions characterize the risk attitude
of the DM on the subintervals. We then monitor changes to
the subintervals each time information is available. Some-
times we will refer to these subintervals as intervals when
no confusion will arise.

Definition 2 LetD be the domain over which attributeY is
defined. LetI = [c, d] andI ′ = [c′, d′] be intervals defined
overD. The intervalsI andI ′ are said to bedistinct from
each other if either their intersection is empty or the inter-
section contains a single point common to both. Otherwise,
they are callednon-distinct.

The idea is to approximate the risk attitude of the DM on a
given interval. So for example, if we want to know the DM’s
risk attitude over the entire domain of the attributeY , we
should ask lottery questions whose outcomes are endpoints
of the domain. The definition below will allow us to ask the
appropriate questions on a given domain.

Definition 3 Let C = {[c, d] | c, d ∈ D, c ≤ d} and let
G ∈ G, G = {(c; p; d) | [c, d] ∈ C, 0 < p < 1}. Define
ζ(G) = [c, d]. Let G1, G2 ∈ G whereG1 = (c1i

; p1; d1j
)

andG2 = (c2i
; p2; d2j

). G1 andG2 are said to be distin-
guishable whenever at least one of the following conditions
hold: (a)p1 6= p2 (b) c1i

6= c2i
(c) d1j

6= d2j
.

Definition 3 relates specific intervals in the domain of the
attribute to gamble questions. Note also that the same in-
terval is linked to all gamblesG ∈ G with the same pair
of outcomes regardless of the probabilitiesp associated with
them. For our purpose of determining the risk attitude type
from either risk averse, risk prone or risk neutral the use of
the same interval is correct since by Theorem 1 if the DM
is risk averse (resp. risk prone) then the certainty equivalent
must be less than (resp. greater than) the expected conse-
quence foranynondegenerate gamble.

Definition 4 LetD be the domain over which attributeY is
defined. LetI be the set of all closed intervals inD and let
C ⊆ I. The set of intervalsC coversR if

⋃

I∈C

[c, d] = R.

DefineC as a cover of any subset of intervals whose end-
points are inR. A cover that contains only distinct intervals
is said to be astrict cover.

We want an approximation procedureP to output the
same risk attitude that can be inferred from currently avail-
able answers to gamble questions.



Definition 5 Given answers to a finite number of gamble
questionsG = (c; p; d), where c, d ∈ D, a procedure
P approximates the DM’s risk attitudeover a domainD iff
P returns risk-averse (resp. risk-prone, risk-neutral) when
the DM’s certainty equivalent is less than (resp. greater
than, equal) the expected consequence for any nondegen-
erateG. Given answers to a finite number of gamble ques-
tions G = (c; p; d), whereI = [c, d], P approximates the
DM’s risk attitudeover an intervalI of D iff P returns risk-
averse (resp. risk-prone, risk-neutral) when the DM’s cer-
tainty equivalent is less than (resp. greater than, equal) the
expected consequence for any nondegenerateG. Let C be
a cover for some regionR in D. If the procedureP returns
the same result for all[c, d] ∈ C thenC is said to be acon-
sistent cover.

We now define the functionρ that maps an interval to one
of the risk attitude types. The image of an intervalI underρ
depends on the relation between the certainty equivalent of
the gambleG mapped toI underζ and the expected value
of the gambleG.

Definition 6 Let ĉ be the certainty equivalent of the gamble
G = (c; p; d) and E[G] = pc + (1 − p)d. Let ρ : I →
{RA,RP,RN}. Define

ρ(I) =

{

RA if ĉ < E[G]
RP if ĉ > E[G]
RN if ĉ = E[G]

Furthermore,ρ(C) = {ρ(I) | I ∈ C}. Also,ρ(C) = RA1

(resp. RP, RN) iff∀ I ∈ C, ρ(I) = RA (resp. RP, RN).

Algorithm 1 presents a simple approximation procedure
sufficient for detecting changes in risk attitude over a domain
in which the utility function is monotonic. It takes as input
a coverC and returns the approximated risk attitude of the
DM on a given region in domainD. This approximation
is particularly helpful when there is only a limited number
of questions that can be asked from the DM, as is usually
the case in practice. LetG denote a gamble question and
QUERY(G) be a user query that poses the questionG to
the decision maker DM. The function QUERY(G) returns
the DM’s certainty equivalent of the corresponding gamble.
Let Ii be theith interval inC and let the symbol⊥ mean
inconclusive. LetG be a set ofm distinguishable gamble
questions{Gi1 . . . Gim

}, m ≥ 1, for the intervalIi. Also,
let ρ(Iij

) be the risk attitude obtained using the answer to
QUERY(Gij

).
For each intervalI ∈ C the answer to the corresponding

gamble question G is checked. If the set of answers is con-
sistent then the procedure returns either risk-averse (RA),
risk-prone (RP), or risk-neutral (RN). Otherwise, no conclu-
sion can be reached and the procedure returns inconclusive
(⊥). Lines 5-6 guarantee that any inconsistency will be de-
tected. The intuition is to approximate the risk attitude of
the DM at regions of the domain by using only currently
available information. Note that we are not restricted to ask
gamble questions that correspond only to the subintervals

1We slightly abuse the notation and writeρ(C) = RA instead
of ρ(C) = {RA}.

Algorithm 1: Approximation algorithm (RAAA)
Input: A coverC of I1, . . . , Ii, . . . , In

Output: ρ(C)
(1) foreach Ii ∈ C
(2) foreachGij

∈ G

(3) QUERY(Gij
)

(4) ρ(C)← ρ(C) ∪ {ρ(Iij
)}

(5) if (ρ(C) 6= RA)∧(ρ(C) 6= RP)∧
(ρ(C) 6= RN)

(6) return ⊥
(7) else
(8) return ρ(C)

of a strict cover. Gamble questions maybe used to elicit ap-
proximations to different subintervals that overlap. The only
condition for our approximation procedure to output a spe-
cific risk attitude is thatC is a consistent cover of the set of
(sub)intervals. Of course, it is possible for a domain that is
partitioned by at least two intervals to be risk-averse in one
interval and risk-prone in another. In this case, our approxi-
mation procedure neither says that the DM is risk-averse nor
risk-prone in that domain. This can be interpreted as a non-
uniform answer over the domain. The procedure concludes
that the DM is risk-averse (resp. risk-prone, risk-neutral) in
that domain if and only if all intervals in the cover are.

Theorem 2 Let C be a cover for some regionR over do-
mainD. LetG be a set ofn distinguishable gamble ques-
tions G1, . . . , Gn, n ≥ 1. Let the interval widthw(Gj)
be the difference between the upper interval limit and lower
interval limit of ζ(Gj), 1 ≤ j ≤ n. Asn→∞, the Risk At-
titude Approximation Algorithm (RAAA) returns risk-averse
(resp. risk-prone, risk-neutral) iff according to Theorem1
(Keeney & Raiffa 1993) the utility function is risk-averse
(resp. risk-prone, risk-neutral).

Theorem 2 states that as the number of gamble questions
becomes infinitely large the Risk Attitude Approximation
Algorithm returns the same charaterization of risk attitude
as Keeney and Raiffa’s theorem. This allows us to char-
acterize the risk attitude of the DM by using intervals that
cover some regionR in D. Algorithm 1 detects preference
change even if the data available is in the form of indirect
user feedbacks,i.e.,not in the form of the numeric certainty
equivalent which comes from an interview. An observed ac-
tion that does not conform to one that is expected is a form
of indirect user feedback. Suppose that a DM is expected to
reject a procedure for a certain illness and that the procedure
has50% success rate. Assume further that if the procedure
is successful the DM can expect an additional 5 years of his
life and that if the procedure is not successful the number of
years he will survive will decrease by 2 years. If the DM is
expected to reject such a procedure in favor of the status quo
but instead agrees to it, such observed action can be inter-
preted as a result of a risk attitude that does not conform to
the current utility model. Note that this is inferred from an
observation other than an answer to a gamble question.

In order to measure the change in risk attitude, we will
need to measure the difference between the newly obtained



risk attitude information and that which is already in the util-
ity model.

Definition 7 Let C ⊆ I, ρ(C) be the risk attitude infor-
mation onC, and ρ(I ′) be the new risk attitude informa-
tion on interval I ′, where I,I ′ ∈ C. Let I and I ′ be
non-distinct intervals. Theconflict set of I ′ is S(I ′) =
{I | ρ(I) 6= ρ(I ′), I ∈ C}. Now, letI∗ =I ∩ I ′. For
anyI ∈ S(I ′), theconflict factorof I is γ(I, I ′) = d∗

−c∗

d′−c′
.

The conflict set is basically the set of intervals whose risk
attitude information disagrees withI ′. The disagreement ra-
tio of an intervalI ′ is simply the fraction ofI ′ that is in
conflict with the current model,i.e., it gives a measure of the
severity of conflict between the currently observed informa-
tion and that which is already in the model.

Definition 8 Let δ(I ′) denote thedisagreement ratioof I ′

with respect to the current utility model. Computeδ(I ′) as
follows:
Step 1. PartitionS(I ′) into S1 . . . Sn such that eachSi is
convex.
Step 2. LetIi = I ′ ∩ Si. The conflict factor of Si is
γ(Si, I

′) = di−ci

d′−c′
. Computeδ(I ′) =

∑

i γ(Si, I
′) =

∑

i
(di−ci)

d′−c′
.

Theaverage disagreement ratioof a setH of intervalsIj is
δ(H) = 1

n

∑

δ(Ij) wheren = |H|.

The disagreement ratio provides an efficient method for
detecting change, filtering new information, and updating
the utility model. It can be used to detect changes in prefer-
ence,i.e., a change is noted if new information disagrees
with what is currently known, at a level exceeding some
thresholdτ . In addition, it can be used to filter new infor-
mation such that no new information can be added when the
disagreement level exceedsτ . Higher weight of information
reliability can be assigned to newly elicited information so
that intervals that disagree with the new information can be
removed from the model to maintain the disagreement level
below the thresholdτ . Moreover, since the risk attitude in-
formation associated with the intervals are approximations,
the ratioδ(I ′), expresses the likelihood that the information
in the current utility model disagrees with the new informa-
tion. Note that0 ≤ δ(I ′) ≤ 1. The value ofδ(I ′) is 1 when
the information in the current utility model totally disagrees
with the new information.δ(I ′) is 0 when no information in
the current utility model disagrees with the newly acquired
information.

Example 1 LetC = {[0.2, 0.4], [0.3, 0.5], [0.5, 0.6]} where
ρ(C) = {ρ([0.2, 0.4]) = RA, ρ([0.3, 0.5]) = RA,
ρ([0.5, 0.6]) = RP}. Suppose that observations indicate
thatρ([0.35, 0.55]) is not consistent with eitherRA or RN .
So, I ′ = [0.35, 0.55]. The conflict setS([0.35, 0.55]) =
{[0.2, 0.4], [0.3, 0.5]}. There is only one partition,S1 =
S([0.35, 0.55]). γ(S1, I

′) = δ(I ′) = 0.5−0.35
0.55−0.35 = 0.75.

In Example 1, the information associated with[0.2, 0.4]
and[0.3, 0.5] disagrees with the risk attitude associated with
[0.35, 0.55]. Since the disagreement covers75% of the re-
gion covered by[0.35, 0.55], the disagreement ratio is0.75.

Example 2 Let C = {[0.2, 0.4], [0.25, 0.4],
[0.3, 0.5], [0.5, 0.6]} where ρ(C) = {ρ([0.2, 0.4])
= RA, ρ([0.25, 0.4]) = RA, ρ([0.3, 0.5]) = RP ,
ρ([0.5, 0.6]) = RA}. Suppose that observations indicate
that ρ([0.3, 0.6]) is not consistent withRA. S([0.3, 0.6]) =
{[0.2, 0.4], [0.25, 0.4], [0.5, 0.6]} where there are two par-
titions S1 = {[0.2, 0.4], [0.25, 0.4]} and S2 = {[0.5, 0.6]}.
SoI1 = [0.3, 0.4] and I2 = [0.5, 0.6]. Henceδ([0.3, 0.6]) =

γ(S1, I
′) + γ(S2, I

′)= (0.4−0.3)+(0.6−0.5)
0.6−0.3 =0.67.

Example 3 ConsiderH and ρ(H) that are the same as
C and ρ(C) in Example 2, respectively.δ([0.25, 0.4]) =
0.4−0.3
0.4−0.25 = 0.67 sinceS([0.25, 0.4]) = {[0.3, 0.5]}. Simi-
larly, δ(0.2, 0.4) = 0.4−0.3

0.4−0.2 = 0.50. δ([0.5, 0.6]) = 0 since
no interval conflicts with[0.5, 0.6]. SinceS([0.3, 0.5]) =
{[0.25, 0.4], [0.2, 0.4]} thenδ([0.3, 0.5]) = 0.4−0.3

0.5−0.3 = 0.50.

Thus,δ(H)= 0.67+0.50+0+0.50
4 =0.42.

We now present an algorithm for detecting and updating
risk attitude information given a user-defined thresholdτ . τ
specifies the level of disagreement that risk attitude infor-
mation between intervals is allowed to have. Hence, a wide
spectrum of ’noise’ levels can be accommodated depend-
ing on the threshold. LetS(I ′) be a conflict set andτ be a
user-defined threshold,0 ≤ τ ≤ 1. Let ϕ : I → T be a
timestamp function which marks the position of the interval
I in a sequence of observations. All else being equal, the
oldest information is removed from the model first.

Algorithm 2: Detecting risk attitude change
Input: C, τ , and an observationρ(I ′)
Output: a possibly updatedC
(1) Compute the conflict setS(I ′)

givenρ(I ′)
(2) Determineγ(Si, I

′) for each par-
tition Si of S(I ′)

(3) while δ(I ′) ≥ τ
(4) Choose the partitionSi with

the greatestγ(Si, I
′)

(5) Remove the intervalI with
the greatestγ(I, I ′) from Si

usingϕ to break any tie
(6) Updateγ(Si, I

′)

Algorithm 2 detects change in risk attitude using a user-
defined threshold,τ . When a conflict exists between new
and old data, it puts a higher weight of reliability to new
observations and removes older information to keep the dis-
agreement ratio withinτ .

Example 4 ConsiderC andρ(C) as in Example 2. Assume
that τ = 0.5. Sinceδ([0.3, 0.6]) exceeds the threshold we
detect a change in risk attitude. Note thatγ(S1, [0.3, 0.6])
and γ(S2, [0.3, 0.6]) are both 1

3 so we can choose either
of the corresponding partitionsS1 and S2. Suppose we
chooseS2 = {[0.5, 0.6]}. We can then remove the in-
terval [0.5, 0.6] from C. The new conflict set is now
S([0.3, 0.6]) = {[0.2, 0.4], [0.25, 0.4]}which forms only one
partition. So,I1 = [0.3, 0.4]. The new disagreement ratio



is δ([0.3, 0.6]) = 0.4−0.3
0.6−0.3 = 0.33. Sinceδ([0.3, 0.6]) is no

longer as large as the threshold,τ = 0.5, the procedure
stops.

It is possible that the newC no longer covers the same
domain that the originalC covered. This is a trade-off that
has to be taken in order to bring down the level of disagree-
ment below the user-defined threshold. The cover can be
repaired by eliciting more information from the DM to fill
the gaps caused by the removal of intervals using the update
procedure.

In nonmonotonic utility functions, not only can risk atti-
tude change but also the preference order over attributes. To
handle the latter case, we can augment the technique given
above by inferring from indirect user feedbacks or by asking
additional queries. Each time QUERY(Gij

) in Algorithm 1
is made to the DM we can also check whether the DM’s pref-
erence order over the endpoints of the interval has changed.
For example, it could be that previously on interval[c, d] it
is the case thatc ≺ d, but after the query it turns out that on
interval[c, d] it is the case thatc ≻ d. If preference order has
changed then we simply need to determine from the DM’s
answers which partitions have consistent preference order,
i.e.,partitions in which the function is monotonic. The algo-
rithms above can then be applied to each of these partitions.

Chebyshev’s inequality as a probabilistic
bound

An indicator of a change in the risk behavior of the decision
maker is the average,Y ceq, of all the certainty equivalents,
Yceq. Using hypothesis testing we can test whether the dif-
ference between two sample averages is significantly differ-
ent from zero. If this is the case, then a change has occured.
Y ceq can be computed by converting certainty equivalents
of gambles with different outcomes to proportional matches
(see Definition 1). Moreover, we can give a probabilistic
bound on the risk attitude of the current sample data. In-
tuitively, if Y ceq < E[(oi; p; oj)] ∀p, 0 < p < 1, then the
DM is risk-averse. Of course, it could be the case that the
DM is not risk-averse. However, based on the observed data
the chances that he is risk averse would intuitively be higher
than the chances of him being not. Without knowing the dis-
tribution ofYceq, we can use the sampleY ceq and the sample
standard deviation,σ

Y
to give a probabilistic bound on the

DM’s risk behavior using Chebyshev’s inequality. In partic-
ular, knowingY ceq andσ

Y
we are interested to know what

the chances are of anyYceq falling within somekσ
Y

from
Y ceq.

P (|Yceq − Y ceq| ≤ kσ
Y

) ≥ 1−
1

k2
(1)

Using Chebyshev’s inequality in Equation 1 withk = 3, the
probability thatYceq is within 3σ

Y
is 0.89. If for instance,

Y ceq + 3σ
Y

< E[(oi; p; oj)] (2)

then intuitively, theYceq we expect to get89% of the time
would be less thanE[(oi; p; oj)]. This implies that our ob-
served data gives evidence that the DM is risk averse, based
on bothY ceq andσ

Y
.

The Chebyshev inequality gives us probabilistic bounds
of Yceq. However, there are limitations in using this indica-
tor alone. First, the measure depends on numerical values of
Yceq which implies that it can not be used to detect prefer-
ence change using indirect user feedback only. Second, the
number of lottery questions whose consequences are within
a specific subinterval could be very small. The measure
would only be more reliable at regions where there is suf-
ficient number of samples. Finally, the results of this indi-
cator do not necessarily coincide with Keeney and Raiffa’s
theorem,i.e., we maybe able to determine that there is a
high probability that a region or the entire attribute domain
is either risk-averse, risk-prone, or risk-neutral but this does
not give us the assurance that the certainty equivalent ofany
nondegenerate lottery is less than, greater than, or equal to
the expected consequence.

Data that comes from answers to gamble questions
elicited within the same time frame maybe considered as
part of a batch. In this case, change in risk attitude can be
detected by comparing theY ceq for each batch. Moreover, a
newer batch with a high disagreement ratio against a previ-
ous batch may also indicate change in risk attitude. In cases
where data is in the form of continuous stream, a window
adaptive heuristic similar to Widmer & Kubat (1996) can be
used. A stable set of data can be viewed as a window of
training instances whoseσ

Y
and average disagreement ratio

do not exceed some specified thresholds.

Experiments and Results
We used the set of data from Miyamoto & Eraker (1988)
which contains the answers of 27 subjects who were asked
24 even-chance gamble questions concerning years of sur-
vival and the quality of life. We evaluated our approach
using the KBANN representation of a domain theory. The
KBANN structure is as shown in Figure 1. (We urge the
interested reader to see Haddawyet al. (2003) and Resti-
ficar et al. (2002) for more detailed discussion on the use of
KBANN to model utilities.) The domain theory consists of
rules that encode general assumptions about monotonicity
and risk. In the rules that comprise the domain theory, let
Yi, i = 1, 2 be the duration of survival in number of years
and Q be the health quality. LetY1 andY2 be the outcomes
in an even-chance gambleG, Y1 > Y2, Yceq be the certainty
equivalent of the gamble, andYce be any arbitrary outcome
for certain. SinceQ is held fixed in each gamble question,
it need not appear in the rules. The rules that comprise the
domain theory are as follows:

(Y1 > Yce) ∧ (Y2 ≥ Yce) −→ (G ≻ Yce) (3)

(Y1 ≥ Yce) ∧ (Y2 > Yce) −→ (G ≻ Yce) (4)

Yce ≤ ((Y1 − Y2)PMlo + Y2) −→ (G ≻ Yce) (5)

Yce > ((Y1 − Y2)PMhi + Y2) −→ (Yce ≻ G) (6)

Rules 3 and 4 say that whenever the outcomes of the even-
chance gamble dominateYce, the decision-maker prefers the
gamble. Rules 5 and 6 encode attitude toward risk. Note that
[((Y1−Y2)PMlo + Y2), ((Y1−Y2)PMhi + Y2)] is another
way of writing Yceq in interval form. This representation
allows flexibility when approximatingYceq. Rule 5 says that
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Figure 1: KBANN for the domain theory

a decision-maker prefers to gamble ifYce ≤ Yceq. On the
other hand, Rule 6 says thatYce is preferred wheneverYce >
Yceq.

In order to perform experiments on preference change we
used Miyamoto & Eraker’s data from different individuals
to simulate an individual’s change of preference. We simu-
late a change from one risk attitude type to another by using
Y ceq. Specifically, we chose subjects whoseY ceq is either
greater than0.55 (P) or less than0.45 (A), with σ

Y
< 0.20.

Note that this does not necessarily mean that the subjects
are risk-averse ifY ceq < 0.45 or risk-prone ifY ceq > 0.55.
Using the probability bounds provided by the Chebyshev in-
equality the value ofY ceq is just an indicator and since our
representation does not assume any form of a family of equa-
tions, we can learn and approximate any kind of utility func-
tion. Although in our simulation we have assumed change
from one risk attitude type to another on the entire domain
over time, in cases where different attitude types might ex-
ist in different partitions of the same domain, as suggested
for instance by Verhoef, Haan, & van Daal (1994), the tech-
niques above can be applied to each respective partition.

We simulate an individual’s preference change by us-
ing a sequence of six batches of data half of which has
Y ceq > 0.55 and half of which hasY ceq < 0.45. In this
context, the use of a batch is natural since answers provided
by a single patient in the data are from a set of 24 gamble
questions elicited within the same time period. In particular,
we investigated the following sequences:A-A-A-P-P-P
andP-P-P-A-A-A. These sequences simulate a change of
preferences from a possibly risk-averse or risk-prone util-
ity function to the other. The sequenceA-A-A-P-P-P
means that at timet = 1, KBANN learns using a data
set whoseY ceq is less than0.45. At t = 2 and t = 3,
KBANN takes as input two data sets where eachY ceq is
less than0.45. At t = 4, 5, 6, KBANN takes as input a se-
quence of three data sets whereY ceq is greater than0.55.
Similar meaning applies to the sequenceP-P-P-A-A-A.
The sequencesA-A-A-P-P-P andP-P-P-A-A-A allow

us to make observations regarding automatic detection and
adaptation when drastic change occurs. The sequences also
exhibit slight changes between succeeding data sets where
relearning only happens when indicators exceed a set of
thresholds. For this particular experiment, we adapt to the
change in preference by relearning the network weights
when at least one of the following conditions hold: (1) the
average disagreement ratio for all new intervals exceed some
thresholdτ , (2) the difference between the average certainty
equivalents of the current time frame and the last time frame
the network has learned from scratch, exceeds some thresh-
old β.

For convenience, we specifically chose answers from sub-
jects that were asked the same set of standard gambles.
For all 24 standard gamble questions, these subjects were
asked 6 different questions,i.e.,each question was repeated
4 times. We therefore have 6 intervals from which to mon-
itor change of preference. To smooth out the noise within
the 6 intervals we took the average of the 4 answers in each
interval and assumed it as representative of the DM’s risk
attitude at that interval. Data is available to the system in
batches of 24 observations. This means that the system reads
the answers to 24 standard gamble questions before it de-
cides whether to use the current weights of the network or
relearn from scratch. When relearning occurs the network
only uses the data from current time frame. The weights
of the network are those corresponding to the best network
accuracy level found using 24-fold cross validation. In the
succeeding time frames, if the system decides to adapt, the
network weights are discarded, and the best set of weights
found will replace the old set. Otherwise, the set of weights
used to evaluate a succeeding time frame is the same as the
weights used in the time frame before it. In order to compare
the network performance between distinct thresholds we use
as benchmark the performance of the network that learns at
each time frame.

Figure 2 shows the performance of KBANN with and
without detection at six time points of a simulated prefer-
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Figure 2: Adaptive and non-adaptive network performance and training times

ence change averaged over 10 runs. The top curve indi-
cated byFULL shows the performance when there is relearn-
ing at each time frame for sequencesA-A-A-P-P-P and
P-P-P-A-A-A. The dotted bottom curve markedNONE
shows the network accuracy when no adaptation is per-
formed even when changes have been detected in time
frames 2 to 6. The only data the network has learned from is
that of the first time frame. The solid curve marked0.2 de-
scribes the network accuracy in the case where the network
relearns when the difference between theY ceq of the cur-
rent time frame and that of the last time frame the network
has learned from scratch exceeds byβ = 0.2. The value
of β can be anything between0 and1, inclusive. For our
particular experiment, we have arbitrarily chosen the value
of β where it is set at0.2. For all data sets allowed into the
model, the average disagreement ratio thresholdτ is 0.99.
This means that as long as no absolute inconsistency occurs,
i.e., it is not the case that the average disagreement ratio is
1, the risk attitude information from any interval in the data
set is allowed into the model.

In Figure 2(a), there is a significant performance dispar-
ity beginning at the fourth time frame between the curve
markedFULL and the curve markedNONE. The drastic
change beginning at the fourth time frame caused the pre-
diction accuracy to drop by at least10% when the network
does not adapt to the new risk attitude information. The
curve marked0.2 adapts to the information at the fourth time
frame. Notably, the network accuracy has increased to about
the same level as theFULL curve. From the results in Fig-
ure 2(a), the need for relearning becomes critical when the
risk attitude evidence changes from eitherA toP or fromP to
A. Moreover, it is clear that there is a trade-off between train-
ing times and accuracy as indicated in Figure 2(b). Hence, a
user-defined threshold such asτ andβ can be used to choose
a convenient tradeoff point.

Summary
In this paper, we presented two complementary methods for
detecting and adapting to user preference change. The first
method detects change between risk attitude types while the

second method detects change within the same risk attitude
type. One or both can be applied depending on the granular-
ity of available information. We introduced the notion of dis-
agreement ratio which provides a measure of the severity of
conflict between the current model and the new information.
It also provides a wide spectrum of control over the level
of ’noise’ that may be allowed into the model. The second
indicator which uses Chebyshev’s inequality is useful when-
ever the form of data received by the modeling component
is in terms of answers to gamble questions. We have used
knowledge-based artificial neural networks to represent and
learn changing user preferences and results of our experi-
ments suggest significant gain in performance whenever the
utility model adapts to change in user preference.
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