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ABSTRACT

Consumer decision support systems (CDSSs) hel p online users make purchasing decisionsin e-
commerce Web sites. To more effectively compare the usefulness of the various functionalities
and interface features of such systems, we have devel oped a simulation environment for decision
tasks of any scale and structure. Furthermore, we have identified three criteriain an evaluation
framework for assessing the quality of such CDSSs: users’ cognitive effort, preference expression
effort, and decision accuracy. A set of experiments carried out in such simulation environments
showed that most CDSSs employed in current e-commerce Web sites are suboptimal. On the
other hand, a hybrid decision strategy based on four existing ones was found to be more
effective. The interface improvements based on the new strategy correspond to some of the
advanced tools already developed in the research field. This result is therefore consistent with
our earlier work on evaluating CDSSswith real users. That is, some advanced tools do produce
more accurate decisions while requiring a comparable amount of user effort. However, the
simulation environment will enable us to efficiently compare more advanced tools among
themselves, and indicate further opportunities for functionality and interface improvements.
Keywords: consumer decision support systems; decision accuracy; electronic catalogs,
elicitation effort; extended effort-accuracy framework; multi-attribute decision
problem; performance-based search; performance evaluation; product
recommender systems.

INTRODUCTION

With the rising prosperity of the World
Wide Web (WWW), consumersaredealing with
an increasingly large amount of product and
service information that is far beyond any
individual’scognitive effort to process. In early
e-commercepractice, onlineintermediarieswere

created. With the help of these virtual store-
fronts, userswere ableto find product informa-
tion on a single Web site that gathers product
information from thousands of merchants and
service suppliers. Examples include
shopping.yahoo.com, froogle.com, shopping.
com, cars.com, pricegrabber.com, and so forth.
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However, due to the increasing popularity of
electronic commerce, the amount of onlinere-
tailers proliferated. As aresult, there are now
easily millions (or 16-20 categories) of brand-
name products available on asingle online in-
termediary Web site. Finding somethingisonce
again difficult, even with the help of various
commercially available search tools.! Recently,
much attention in e-commerce research hasfo-
cused on designing and developing more ad-
vanced search and product recommender tools
(Burke, Hammond, & Young, 1997; Pu &
Faltings, 2000; Reilly, McCarthy, McGinty, &
Smyth, 2004; Shearin & Lieberman, 2001,
Shimazu, 2001; Stolze, 1999). However, they
have been not employedin large scalesin prac-
ticing e-commerce Web sites. Pu and Kumar
(2004) gave some reasons asto why thisisthe
case and when such advanced tools are ex-
pected to be adopted. Thiswork was based on
empirical studiesof how usersinteract with prod-
uct search tools, providing agood direction as
to how to establish the true benefits of these
advanced tools. However, insights gained from
thiswork arelimited. Thisismainly dueto the
lack of alarge amount of real users for the
needed user studies and the high cost of user
studies, even if real userswerefound. Each of
the experimentsreported in Puand Kumar (2004)
and Pu and Chen (2005) took morethan 3 months
of work, including the design and preparation
of the study, the pilot study, and the empirical
study itself. After the work wasfinished, it re-
mains unclear whether asmall amount of users
recruited in an academic institution can fore-
cast the behavior of the actual user population,
whichishighly diverse and complex.

Our main objectivein thisresearch isto
use asimulation environment to evaluate vari-
ous search toolsin terms of interaction behav-
iors: what users' effort would be to use these
tools and what kind of benefits they are likely
to receive from these tools. We base our work
on some earlier work (Payne, Bettman, &
Johnson, 1993) in terms of the design of the
simulation environment. However, we have
added important elements to adapt such envi-
ronmentsto online e-commerce and consumer

decision support scenarios. With this smula-
tion environment, we hope to more accurately
forecast the acceptance of research toolsinthe
real world, and curtail the evaluation of each
tool’s performance from months of user study
to hours of simulation and aweek of fine tun-
ing the simulation results against a small but
diverseamount of real users. Thisshould allow
usto evaluate moretoolsand, moreimportantly,
discover design opportunities of new tools.

Our initial work of measuring the perfor-
mance of various decision support strategies
in e-commerce environmentswasreportedina
conference paper (Zhang & Pu, 2005). Thecur-
rent article is an extended version of the con-
ference paper. Besides adding significantly
more detailson thework aready reported, there
are a number of important and new contribu-
tions:

¢ In the conference paper, we only reported
the performance evaluation results of vari-
ous decision strategies such as the lexico-
graphica (LEX) strategy, the elimination-by-
aspects (EBA) strategy, and so forth; inthis
paper, we consider the evaluation of acon-
sumer decision support system as an inte-
gral unit compromising decision strategies,
user interfaces, and the underlying product
catalog;

¢ Inthe extended effort-accuracy framework
described in the conference paper, we only
used aclassical definition of decision accu-
racy; here we propose two new definitions
of decision accuracy that correspond more
precisely with auser’schoice behavior in e-
commerce situations rather than the classi-
cal choiceproblemindecision literature;

e Based on the new definitions, we were able
to draw more conclusions from the simula-
tion results: not only can we establish that
hybrid decision approaches can reduce
user’seffort while achieving ahigh level of
decision accuracy, but we can al so see some
opportunitiesfor improving consumer deci-
sion support systems by designing better
interfaces and decision approaches, cour-
tesy of the simulation environment.
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This paper is organized as follows: the
second section reviews some related research
work; the third section defines the consumer
decision support system (CDSS) and clarifies
its relationship with our earlier published con-
cepts on multi-attribute decision problem
(MADP) and various decision strategies; the
fourth section describes in detail the simula-
tion environment for the performance evalua-
tion of CDSSs; the fifth section describes the
extended effort-accuracy framework consisting
of three performance criteria: cognitive effort,
elicitation effort, and decision accuracy; the
sixth section reports the performance evalua-
tion of various CDSSs with respect to a set of
simulated MADPs and user preferences; the
seventh section discusses the main research
results obtained, followed by the conclusion
section.

RELATED WORK

In traditional environments where no
computer aid is involved, behavioral decision
theory provides adequate knowledge describ-
ing peopl€'s choice behavior, and presentstypi-
cal approaches of solving decision problems.
For example, Payne et al. (1993) established a
well-known effort-accuracy framework that de-
scribed how peopl e adapted their decision strat-
egies by trading off accuracy and cognitive ef-
fort to the demands of the tasks they faced.
The simulation experiments carried out in that
work were ableto giveagood analysis of vari-
ous decision strategiesthat people employ, and
the decision accuracy they would expect to get
inreturn.

In the online electronic environment
where the support of computer systemsis per-
vasive, we are interested in analyzing users
choice behaviorswhen toolsareintegrated into
their information processing environments.
That is, we are interested in analyzing when
given a computer tool with its system logic,
how much effort auser hasto expend and how
much decision accuracy he or sheisto obtain
from that tool. On one hand, though the deci-
sionmaker’scognitiveeffort istill required, it
can be significantly decreased by having com-

puter programs carry out most of the calcula-
tion work automatically; on the other hand, the
decision makers must expend some effort to
explicitly statetheir preferencesto the computer
according to the requirements of the underly-
ing decision support approach employed inthat
system. We would like to call this extra user
effort (in addition to the cognitive effort) pref-
erenceelicitation effort. Webelievethat dlicita-
tion effort plays an important role in the new
effort-accuracy model of users' behavior in
online choice environments.

Many other researchers have carried out
simulation experiments in evaluating the per-
formance of their systemsor approaches. Payne
et d. (1993) introduced asimul ation experiment
to measure the performance of various deci-
sion strategiesin off-line situations. Recently,
Boutilier (Boutilier, Patrascu, Poupart, &
Schuurmans, 2005) carried out their experiments
by simulating anumber of randomly generated
synthetic problems, as well as user responses
to evaluate the performance of various query
strategies for eliciting bounds of the param-
etersof utility functions. In Reilly et al. (2005),
varioususers queriesweregenerated artificialy
fromaset of off-linedatato analyze the recom-
mendation performance of theincremental cri-
tiquing approach. These related works gener-
ally suggest that simulating the interaction be-
tween usersand the system isapromising meth-
odology for performance evaluation. In our
work, we go further in this direction and pro-
pose the general simulation environment that
can be adopted to evaluate the performance of
various CDSSs systematically within the ex-
tended effort-accuracy framework. To the best
of our knowledge, our simulation work is the
first attempt in systematically evaluating the
performance of various CDSSswith simulation
methodol ogy.

CONSUMER DECISION
SUPPORT SYSTEM

In a scenario of buying a product (such
asadigital camera), the objective of consumers
isto choose the product that most closely sat-
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isfiestheir needs and preferences (decision re-
sult), and furthermore, they are not likely to
regret the productsthat they have bought (how
accurate their decisionis). They usually facea
large amount of product alternatives (or op-
tions) and need a decision support system in
order to processthe entire product catal og with-
out having to examine all items exhaustively.
Therefore, a consumer decision support sys-
tem consistsof three components: (1) the prod-
uct catalog that is accessible to consumersvia
an interface; (2) the underlying decision sup-
port approach that helps a consumer to choose
and determine the product most satisfying his
or her preferences; (3) the user interface with
which aconsumer interactsin order to state his
or her preferences. Wewill now introducethese
three components respectively.

The product catalog or more precisely an

electronic product catalog (EPC) (Palmer, 1997,
Torrens, 2002) providesalist of products, each
onerepresented by anumber of attributes. The
processof determining themost preferred prod-
uct from the EPC can beformally described as
solving amulti-attribute decision problem? ¥ =
(X,D, 0O, P), wherex={x, ....x } isafiniteset of
attributes the product catalog has,
D=D,x...x D, indicates the space of al pos-
sible products in the catalog (each D,(1<i<n)
isaset of possible domain valuesfor attribute
X),0={O,,...,0,} isafiniteset of available prod-
ucts (also called alternatives or outcomes) that
the EPC offers, and P={P,,...,P} denotes a set
of preferences that the decision maker may
have. Each preference P, may be identified in
any form as required by the decision methods.
The solution of a MADP is an aternative O
most satisfying the decision maker’s prefer-
ences.

In traditional decision making environ-
ments, consumers usually adopt various deci-
sion strategies such as EBA or LEX to obtain
decision results (Payneet a., 1993). In acom-
puter assisted scenario, the distribution of work
is quite different. It isthe CDSS that will per-
form these decision strategies to help the con-
sumer to make decisions. The consumer isonly
required to input his or her preferences as re-

quired by the specific decision strategy; and
then the solution can be chosen for the con-
sumer automatically. When adecision strategy
is adopted in the consumer decision support
system, we also say it is a decision support
approach for that system. In this paper, we fo-
cus on the following decision strategies and
study the performance of CDSSsbased onthese
decision strategies.

1 Theweighted additive (WADD) strategy. It
isanormative approach based on multi-at-
tribute utility theory (MAUT) (Keeney &
Raiffa, 1993). In our simulation experiment,
we use it as the baseline strategy.

2. Somebasic heuristic strategies. They arethe
equal weight (EQW) strategy, the elimina
tion-by-aspects strategy, the majority-of-
confirming dimensions (MCD) strategy, the
satisficing (SAT) strategy, the lexicographic
(LEX) strategy and the frequency of good
and bad features (FRQ) strategy. Their de-
tailed definitions can be found in Payne et
al., 1993 and Zhang & Pu, 2005.

3. Hybrid decision strategies. Besides the ba-
sic heuristic strategies, people may also use
acombination of severa of them to make a
decision to try to get a more precise deci-
sion result. These kinds of strategies are
called hybrid decision strategies. Asacon-
crete example of hybrid decision strategies,
The C4 strategy (Zhang & Pu, 2005), which
isacombination of four basic heuristic strat-
egies: EBA, MCD, LEX, and FRQ, isaso
studied in this paper.

InaCDSS, the user-interface component
is used to obtain the consumers' preferences.
However, such preferences are largely deter-
mined by the underlying decision support ap-
proach that has been adopted in the system.
For example, the popular ranked list interfaceis
in fact an interface implementing the lexico-
graphical strategy. Also, if weadopt theweight
additive strategy in a consumer decision sup-
port system, the user interface will be designed
inthe manner of asking the user to input corre-
sponding weight and middle values for each
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attribute. In our current work, we assume the
existence of avery ssimpleuser interface. Thus,
we regard the underlying decision support ap-
proach asthe main factor of the consumer deci-
sion support system.

SIMULATION
ENVIRONMENT

FOR PERFORMANCE
EVALUATION

Our simulation environment isconcerned
with the evaluation of how usersinteract with
consumer decision support systems (CDSSs),
how decision results are produced, and the
quality of these decision results.

The consumer first interactswith the sys-
tem by inputting hisor her preferencesthrough
the user interface. With the help of decision
support, the system generates a set of recom-
mendations to the consumer. This interactive
process can be executed multiple times until
the consumer is satisfied with the recommended
results (i.e., aproduct to purchase) or gives up
due to loosing patience.

AsshowninFigurel, for agiven CDSS,
we evaluate its performancein asimulated en-
vironment by the following procedure: (1) we
generate a set of MADPs using Monte Carlo
method to simulate the presence of an elec-
tronic catalog up to any scale and structure

characteristics; (2) we generate a set of con-
sumer preferences also with the Monte Carlo
method, taking into account user diversity and
scale; (3) we carry out the simulation of the
underlying decision approach of the CDSS to
solve these MADPs; (4) we obtain associated
decisionresultsfor the given CDSS (which prod-
uct has been chosen given the consumer’s pref-
erences); and finaly, (5) we evauate the per-
formance of these decision resultsin terms of
cognitiveeffort, preferencedlicitation effort, and
decision accuracy under the extended accu-
racy-effort framework (detailed discussion of
thisframework in the next section).

The simulation environment can be used
in many waysto provide different performance
measures of agiven CDSS. For instance, if both
thedetail product information of CDSSand the
consumer’s preferences are unknown, we can
simulate both the alternatives and the
consumer’s preferences, and the simulation re-
sults would be the performance of the CDSS
independently of users and the set of alterna-
tives; if the detail product information of the
CDSSis provided, we then only need to simu-
|ate the consumer’s preferences, and the alter-
natives of the MADPs can be copied from the
CDSSinstead of being randomly generated. The
simulation resultswould be the performance of
the CDSS under the specified product set.

As a concrete example to demonstrate
the usage of such a smulation environment,

Figure 1. An architecture of the simulation environment for performance evaluation of a given

consumer decision support system
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wewill show aprocedurein evaluating the per-
formance of variousCDSSsin termsof thescale
of the MADPs, which is determined by two
factors: the number of attributes n and the
number of alternativesim. Since we aretrying
to study the performance of different CDSSs
(currently built on heuristic decision strategies)
in different scales of MADPs, we assume that
users and alternatives are both unknown and
they are smulated to giveresultsindependently
of the user and the system. More specifically,
we classify the decision problemsinto 20 cat-
egoriesaccording to the scalesof n (the num-
ber of attributes) and m (the number of alter-
natives): n hasfivevalues (5, 10, 15, 20, and
25),and m hasfour (10, 100, 1,000, and 10,000).
To makethe performance evaluation result more
accurate, each time we randomly generate 500
different MADPs in the same scale and use
their average performance as the final result.
Thedetail simulation result will bereportedin
the experimental result section.

THE EXTENDED EFFORT-
ACCURACY FRAMEWORK

The performance of the system can be
evaluated by various criteria such as the de-
gree of a user’s satisfaction with the recom-
mended item, the amount of time auser spends
to reach adecision, and the decision errorsthat
the consumer may have committed. Without
real users participation, the satisfaction of a
consumer withaCDSSishard to measure. How-
ever, the other two criteria can be measured.

Theamount of timeauser spendsto reach
adecision is equivaent to the amount of time
he or she uses to express preferences and pro-
cessthelist of recommended itemsin order to
reach adecision. The classical effort-accuracy
framework mainly investigated therelationship
of decision accuracy and cognitive effort of
processing information by different decision
strategiesin the off-line situation. Inthe online
decision support situation, however, the effort
of eliciting preferences must be considered as
wll.

Furthermore, most products carry afair
amount of financial and emotional risks. Thus,
theaccuracy of users’ choicesisextremely im-
portant. That is, there is a posterior process
where users eval uate the search toolsin terms
of whether the products they have found via
the search tool are really what they want and
whether they had enough decision support.
Thisiswhat we mean by decision accuracy.

Wetherefore propose an extended effort-
accuracy framework by explicitly measuring
threefactors of agiven consumer decision sup-
port system: cognitive effort, elicitation effort,
and decision accuracy. Inthe remainder of this
section, wefirst recall the measurement of cog-
nitiveeffort in the classical framework, wegive
various definitions of accuracy, and then we
detail the method of measuring €licitation ef-
fort. Finally, the cognitive and elicitation effort
of these decision strategies are analyzed in sec-
tion 5.4, in an online situation.

Measuring Cognitive Effort

Based upon thework of Newell and Simon
(1972), a decision approach can be seen as a
sequence of elementary information processes
(EIPs), such asreading the values of two alter-
natives on an attribute, comparing them, and
so forth. Assuming that each EIP takes equal
cognitive effort,® the decision maker’s cogni-
tiveeffort isthen measured intermsof thetotal
number of EIPs. Conformed with the classical
framework, aset of ElPsfor the decision strate-
giesisdefined as(1) READ: read andternative's
value on an attribute into short-term memory
(STM), (2) COMPARE: compare two alterna-
tives on an attribute, (3) ADD: add the values
of two attributesin STM, (4) DIFFERENCE:
calculatethe size of the difference of two alter-
nativesfor an attribute, (5) PRODUCT: weight
one value by another, (6) ELIMINATE: elimi-
nate an alternative from consideration, (7)
MOVE: move to next element of the externa
environment, and (8) CHOOSE: choosethe pre-
ferred alternative and end the process.
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M easuring Decision Accur acy

Accuracy and effort form an important
performance measure for the eval uation of con-
sumer decision support systems. On one hand,
consumers expect to get highly accurate deci-
sions. On the other hand, they may not be in-
clined (or able) to expend ahigh level of cogni-
tive and elicitation effort to reach a decision.
Threeimportant factorsinfluence the decision
accuracy of a consumer decision support sys-
tems: the underlying decision approach used;
the number of interactions required from the
end user (if alonger interaction is required, a
user may give up before he finds the best op-
tion); the number of options displayed to the
end user in eachinteraction cycle (asingleitem
islikely to missthetarget choice comparedtoa
list of items; however, alonger list of itemsre-
quires more cognitive effort to process infor-
mation). In our current framework, weinvesti-
gate the combined result of these three factors
(i.e., decision approach aswell interfacedesign
components) of a given consumer decision
support system.

In the following sections, we start with
classical definitions of decision accuracy, ana-
lyzetheir featuresand describetheir weaknesses
for the online environments, and then we pro-
posetwo definitions, which we have devel oped,
that arelikely to be more adequate for measur-
ing decision accuracy in e-commerce environ-
ments. To eliminate the effect of a specific set
of alternatives on the decision accuracy results,
in the following definitions we assume that
there isa set of N different MADPs to be
solved by a given consumer decision support
system that implements a particular decision
strategy S. The accuracy will be measured in
average among all those MADPs.

Accuracy Measured by Selection of
Nondominated Alternatives
This definition comes from Grether and
Wilde (1983). After adapting it to decision mak-
ing with the help of a computer system, this
definition says that a solution given by CDSS

iscorrect if and only if it is non-dominated by
other alternatives. So the decision accuracy can
be measured by the numbers of solutionswhich
arePareto optimal (i.e., not dominated by other
alternatives, see also Viappiani, Faltings,
Schickel-Zuber, & Pu, 2005). Weuse O} to rep-
resent the optimal solution given by the CDSS
with strategy Swhen solving MADP, (1<i<N).
The accuracy of selection of nondominated al-

ternatives Acc, (S is defined as the follow-

ing:
N .
N - Dominated(O5)

ACCpa(S) = = N ’ ( )
where

1 if O} is dominated
Dominated(Oy) = in MADP (1<i<N)

0 ese

According to thisdefinition, it iseasy to
see that a system employing the WADD strat-
egy has 100% accuracy because all the solu-
tions given by WADD are Pareto optimal.
Also, this definition of accuracy measurement
iseffective only when the system contains some
dominated alternatives, otherwise the accuracy
of the system isalways 100%.

This definition of accuracy can distin-
guish the errors caused by choosing domi-
nated alternatives of the decision problems.
However, measuring decision accuracy using
thismethod islimited in e-commerce environ-
ments. In an efficient market, itisunlikely that
the consumer products or business deals are
dominated or dominating. That is, itisunlikely
an apartment would be both spacious and less
expensive compared to other available ones.
We believethat although this definition isuse-
ful, itisnot hel pful to distinguish various CDSSs
in terms of how good they are for supporting
users to select the best choice (not just the
nondominated ones).
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Accuracy Measured by Utility Values

Thisdefinition of measuring accuracy was
used intheclassical effort-accuracy framework
(Payneet a., 1993). Sinceno risk or uncertainty
isinvolved in the MADPs, the expected value
of andternativeisequivalent totheutility value
of each aternative. The utility value of each
alternativeisassumed to bein the weight addi-
tiveform. Formally, thisaccuracy definition can
be represented as:

_ SVQuw) )
N

where V(0,)isthe value function given by the
WADD strategy in MADP.. Inthisdefinition, a
system employing the WADD strategy is also
100% accurate because it always gives out the
solution with themaximal utility value.

One advantage of this measure of accu-
racy isthat it canindicate not only that an error
has occurred, but also the severity of the error
of thedecision making. For instance, asystem
achieving 90% accuracy indicatesthat an aver-
age consumer is expected to choose an item
that is 10% less valuable from the best-pos-
sible option. Whilethis definition is useful for
choosing a set of coursesto take for achieving
aparticular career objective, itisnot most suit-
ablein e-commerce environments. |maginethat
someone has chosen and purchased a digital
camera. Two months later, she discovers that
the camera that her colleague has bought was
really the one she wanted. She did not see the
desired camera, not because the online store
did not have it, but because it was difficult to
find and compareitems on the particular e-com-
merce Web site. Even though the camera that
she bought satisfied some of her needs, sheis
still likely to feel agreat sense of regret, if not
outright disappointment. Her likelihood of re-
turning to that Web site isin question. Given
that bad choices can cause great emotional
burdens (Luce, Payne, & Bettman, 1999), we
have devel oped the following definition of de-
cision accuracy.

Accuracy Measured by
Selection of Target Choice

Inour earlier work(Pu & Chen, 2005), we
defined decision accuracy as measured by the
percentage of users who have chosen the right
option using a particular decision support sys-
tem. We call that option the target choice. In
empirical studieswith real users, wefirst asked
users to choose a product with the consumer
decision support system, and then we revealed
the entire database to them in order to deter-
mine the target choice. If the product recom-
mended by the consumer decision support sys-
tem was consistent with the target choice, we
said that the user had made an accurate deci-
sion.

In simulation environment, we take the
WADD strategy as the baseline. That is, we
assume the solution given by WADD is the
user’sfinal most-preferred choice. For another
given strategy S, if the solution O} isthe same
asthe onedetermined by WADD, then we count
it as one hit (this definition is called the hit
ratio). The accuracy is measured statistically
by theratio of hit numbersto the total number
of decision problems:

N
) Hit(0))
ACC(S) = F— ©)
N
where
Hit(o;)z{l if OL =00 iN MADP
0 dse

Thismeasure of decision accuracy iside-
aly consistent with the consumers’ attitude
towards the decision results. However, by this
definition, it is assumed that the consumer de-
cision support system only recommends one
product to the consumer each time. Inredlity,
the system may show a list of possible prod-
uctsto the consumer, and the order of the prod-
uct list is also important to the consumer: the
products displayed at the top of the list are
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more likely to be selected by the consumer.
Therefore, we have developed the following
definition to take into account that alist of prod-
uctsis displayed, rather than a single product.

Accuracy Measured by Selection of

Target Choice Among K-best Items
Here we propose measuring the accuracy
of the system according to the ranking orders
of the K-best products it displays. Thisis an
extension of the previous definition of accu-
racy. For agiven MADP,, instead of using strat-
egy Sto choose a single optimal solution, we
can use it to generate a list of solutions with

ranking order L, ={OL,, O, ..., Os«}, where
Os, isthe most-preferred solution according to
the strategy S, and O, is the second-preferred
solution, and so on. The first K-best solutions

consist of the solution list. If the user’s final
choice (which is assumed to be given by the

WADD strategy Ol.o0) isinthelist, weassigna
rank value to the list according to the position

of Ol iN the list. Formally, we define this
accuracy of choosing K-best items as:

N .
Y RankValue(L)

ACCHRiiniKba (9= Iﬂ# !

)
where
k-1 .. o _ .
1- K if Ogy =Qyapp in MADP
RankValue(Ls) = (1<k<K,1<i<N)
0 else

According to this definition, the WADD
strategy still achieves 100% accuracy and is
used as the baseline. A special case of this ac-
curacy definitionisthat when K=1, it degener-
ates to the previous definition of hit ratio. In
the simulation experimental resultsthat wewill
show shortly, we have set K to 5.

Inpractice, itisrequired to eliminatethe
effect of random decision, and we expect that
the strategy of random choice (selecting an
aternative randomly from the alternative set,
denoted as RAND strategy) could only pro-
duce zero accuracy. By doing so, we definethe
relative accuracy of the consumer decision
support system with strategy S according to
different definitionsas:

Acc, (S)— Acc, (RAND)
1- Acc, (RAND)

RA(S)= G

where
Z=NDA, UV,HR, or HR in_Kbest.

For example, RA (LEX) denotestherela-
tive accuracy of the LEX strategy under the
accuracy measure definitions of hit ratio.

From the previous definitions, we can see
that each definition represents one aspect of
the accuracy of the decision strategies. We
think that the definitions of hit ratio and K-
best items are more suitable to measure the ac-
curacy of various consumer decision support
systems, particularly in e-commerce environ-
ments. In the sixth section, we will study the
performance of variousdecision strategieswith
these accuracy measurement definitions.

Measuring Elicitation Effort

In computer-aided decision environ-
ments, a considerable amount of decision ef-
fort goesinto preference dlicitation since people
needto “tell” their preferencesexplicitly tothe
computer system. So far, no formal method has
been given to measure the preference dlicita-
tion effort. An elicitation process can be de-
composed into a series of basic interactions
between the user and the computer, such as
selecting anoptionfromalist, filling in ablank,
answering a question, and so forth. We call
these basic interaction actionselementary elici-
tation processes (EEPs). In our anaysis, we
definethe set of EEPsasfollows: (1) SELECT:
select an item from amenu or adropdown list,
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(2) FILLIN: fill inavalueto an edit box, (3) AN-
SWER: answer abasic question, (4) CLICK: click
a button to execute an action.*

It is obviousthat different EEPSs require
different elicitation effort (for instance, the EEP
of one CLICK would be much easier than an
EEP of FILLIN aweight value for a given at-
tribute). For the sake of simplification, wecur-
rently assume that each EEP requires an equal
amount of effort fromtheuser. Therefore, given
a specific decision approach, elicitation effort
ismeasured by thetotal amount of EEPsit may
require.

Thisdlicitation effort isanew factor for
the online environment. The main difference
between cognitive effort and licitation effort
liesinthefact that cognitive effort isadescrip-
tion of themental activitiesin processing infor-
mation, whilethe elicitation effort is about the
interaction effort between the decision maker
and the computer system through predesigned
user interfaces. Even though the decision mak-
ersalready have clear preferencesintheir mind,
they must till state their preferencesin away
that the computer can “understand.” With the
help of computer systems, the decision maker
is able to reduce the cognitive effort by com-
pensating with a certain degree of elicitation
effort.

Let us consider a simple decision prob-
lem with three attributes and four alternatives.
When computer support is not provided, the
cognitive effort of solving this problem by the
WADD strategy will be24 READS, 8 ADDS, 12
PRODUCTS, 3COMPARES, and 1 CHOOSE.
Thetotal number of ElPsistherefore 48.°

However, with theaid of acomputer sys-
tem, the decision maker could get the samere-
sult by spending two units of elicitation effort
(FILLIN theweight value of first two attributes)
and one unit of cognitive effort (CHOOSE the
final result).

Analysisof Cognitive

and Elicitation Effort
With the support of computer systems,
the cognitive effort for WADD, as well as the
basic heuristic strategies, is quite low. The de-

cision maker inputs hisor her preferences, and
the decision support system executesthat strat-
egy and shows the proposed product. Then
the decision maker chooses this product and
the decision process is ended. Thus, the cog-
nitive effort isequal to one EIP. CHOOSE the
final aternative and exit the process. For the
C4 strategy, the cognitive effort of solving an
MADP with n attributes and m aternativesis
equal to that of solving a problem with n at-
tributesand 4 dternativesin thetraditional situ-
ation, the cognitive effort of which has been
studiedin (Payneet al., 1993).

According to their definitions, various
decision strategiesrequirethat preferenceswith
different parametersbe dlicited. For example, in
the WA DD strategy, the component valuefunc-
tion and the weight for each attribute must be
obtained, while for the EBA strategy, the im-
portance order and cutoff value for each at-
tribute are required. The required parameters
for each strategy are shown in Table 1.

For each parameter in the af orementioned
strategies, acertain amount of elicitation effort
isrequired. Thiselicitation effort may vary with
different implementations of the user interface.
For example, to €elicit the weight value of an
attribute, the user can just FILLIN thevaueto
an edit box, or the user can ANSWER several
guestions to approximate the weight value. In
our analysis and the following simulation ex-
periments, wefollow theat |east rule: the€elici-

Table 1. Elicitation effort analysis of decision
strategies

Strategy | Parametersrequired to be
elicited
WADD | Weights, component value
functions
EQW Component value functions
EBA Importance order, cutoff values
MCD None
SAT Cutoff values
LEX Importance order
FRQ Cutoff values for good and bad
features
C4 Cutoff vaues, importance order
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tation effort is determined by the least number
of EEP(s). Inthe above example, theelicitation
effort for obtaining aweight valueis measured
as1EEP

SIMULATION RESULTS

Inthissection, wereport our experimen-
tal results of the performance of various con-
sumer decision support systemsunder the simu-
lation environment that wasintroduced earlier.
To simplify the experiments, we only evaluate
those CDSSs huilt on the decision strategies
listedin Table 1. Without |oss of generality, we
will also usetheterm decision strategy to repre-
sent the CDSS built on that decision strategy.

For each CDSS, wefirst smulatealarge
variety of MADPs, and then run the correspond-
ing decision strategy on the computer to gen-
erate the decision results. Then the elicitation
effort and decision accuracy are calculated ac-
cording to the extended effort-accuracy frame-
work. For each MADP, itsdomain valuesfor a
given attribute are determined randomly: the
lower bound of each attribute is set to 0, and
the upper bound is determined randomly from
the range of 2 to 100. Formally speaking, for
eachattribute X, we define D, =[0,z] wherez e
[2,100].

Asshownin Table 1, each decision strat-
egy (except MCD) requires the €elicitation of
some specific parameters such as attribute
weightsor cutoff valuesto represent the user’s
preferences. To simulate the component value
functions required by the WADD strategy, we
assume that the component value function for
each attributeisapproximated by threemidvalue
points, which are randomly generated.® Thus,
each component value function requires three
units of EEPs. Other required parameters, such
as the weight and cutoff value (each requires
oneunit of EEP) for each attribute areal so s mu-
lated by the random generation process. The
order of importanceisdetermined by theweight
order of the attributes for consistency.

Inour s mulation experiments, the WADD
strategy is appointed as the baseline strategy,
and therelative accuracy of astrategy iscalcu-
lated according to equation (5). Theelicitation

effort ismeasured in terms of the total number
of EEPs required by the specific strategy, and
the cognitive effort ismeasured by the required
units of EIPs. Since the relationship between
accuracy and cognitive effort has already been
studied and analyzed by Payneet al. (1993), in
this section, we only focus on the performance
of each strategy in terms of decision accuracy
and elicitation effort.

Figure 2 shows the changes in relative
accuracy with four different accuracy measure
definitions for the listed decision strategies as
the number of attributes increases in the case
that each MADP has 1,000 alternatives. In al
cases, the WADD isthe baseline strategy; thus
it achieves 100% accuracy. When measured by
the selection of nondominated alternatives
(RA - therelative accuracy of each heuristic
strategy increases as the number of alterna-
tivesincreases. Thisis mainly because the al-
ternativesaremorelikely to be Pareto optimal
when moreattributesareinvolved. Furthermore,
the RA, ,of all strategies could achieve 100%
accuracy when the attributes number is 20 or
25. This shows that the RA, is not able to
distinguish the decision errors occurred with
the heuristic strategies in the simulated envi-
ronment. When the accuracy is measured un-
der the definitions of RA ,, RA . and
RA x in kneer the EQW strategy achieves the
highest accuracy besides the baseline WADD
strategy, and the SAT strategy has the lowest
relative accuracy. Thefour basic heuristic strat-
egies EBA, MCD, LEX, and FRQ are in the
middle-level range. The LEX strategy, which
has been widely adopted in many consumer
decision support systems, is the least accurate
strategy among the EBA, FRQ, and MCD strat-
egies when there are over 10 attributes. When
the accuracy is measured by RA  , the EQW
strategy could gain over 90% relative accuracy,
whileit could only achievelessthan 50% rela
tive accuracy when measured by RA, .. This
comparison generally suggeststhat most of the
decision results given by EQW strategy may
bevery closeto auser’starget choice (whichis
determined by the WADD strategy), but are
not identical. Also, in al cases, the accuracy
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Figure 2. Therelative accuracy of various decision strategieswhen solving MADPswith different
number of attributes, where m(number of alternatives) = 1,000
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measured by RA . .. (WhereK=5intheex-
periment) is always higher than that measured
by RA, . (whichisaspecial caseof RA . ..
when K=1). This showsthat under this defini-
tion, the possibility of containing thefinal tar-
get choicein aK-item list ishigher when K is
larger. Of particular interest isthat the proposed
C4 strategy, which isacombination of thefour
basic strategies, could achieve a much higher
accuracy than any of them alone. For instance,
when there are 10 attributes and 1,000 alterna-
tives in the MADPs, the relative accuracy of
C4 strategy could exceed the average accu-
racy of the four basic strategies by over 27%
when the definition of RA . .. isadopted.

Figure 3 showsthe relationship between
relative accuracy and the number of alterna-
tives (or the number of available productsin a
catalog) for thelisted decision strategies. When
the accuracy is measured by the selection of

nondominated alternatives (RA, ), all strate-
giesexcept SAT could gain nearly 100% of rela-
tive accuracy without a significant difference.
This generally shows that the RA, is not a
good definition of accuracy measurement inthe
simulated environment. When the accuracy is
measured by the utility values (RA, ), the ac-
curacy of the heuristic strategiesremains stable
as the number of alternatives increases. With
the definitions of hit ratio (RA,,) and hit ratio
inK-bestitems(RA, . ., ) NOWever, the heu-
ristic strategies strongly descend into a lower
range of accuracies as the size of a catalog in-
creases. This correspondsto the fact that con-
sumers have increasing difficultiesfinding the
best product as the number of aternatives in
the catalog increases. The C4 strategy, though
its accuracy decreases when the number of al-
ternativesincreases, could still maintain acon-
siderably higher relative accuracy than that of
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Figure 3. The relative accuracy of various decision strategies when solving MADPs with a
different number of alternatives, where n(number of attributes) = 10

—s— WADD
—=—EQW
—4—LEX
FRQ
—— SAT
—s—EBA
——MCD
——C4

80% -

60%

40%

20%

100 1,000 10,000

mi(number of altematives)

¥ T
1,000 10,000

T
100

minumber of alternatives)

100 1,000 10,000

m(number of altematives)

10,000

1,000
m(number of alternatives)

theEBA, MCD, LEX, and FRQ strategieswhen
using the accuracy definition of RA, . and
RAHR_in_Kb&st' .

The effect of the number of attributeson
elicitation effort for each strategy is shown in
Figure4. Aswe can see, the elicitation effort of
the heuristic strategies increases much slower
than that of the WADD strategy as the number
of attributes increases. For instance, when the
number of attributesis 20, the elicitation effort
of the FRQ strategy is only about 25% of that
of WADD strategy. The FRQ and SAT strate-
giesrequirethe samelevel of elicitation effort,
since both of them require the decision maker
to input a cutoff value for each attribute. Ex-
cept the M CD strategy, which requiresno elici-
tation effort in the simulation environment, the
LEX strategy isthe one that requires the least
elicitation effort in all cases among the listed
strategies. The combined C4 strategy, which

could share preferences among its four under-
lying basic strategies, requires only a slightly
higher elicitation effort than the EBA strategy.

Figure 5 showsthe relationship between
elicitation effort and the number of alterna-
tivesfor each strategy. Asthe number of alter-
nativesincreasesexponentialy, thelevel of eici-
tation effort for WADD, EQW, MCD, SAT, and
FRQ strategies remainsunchanged. Thisshows
that the elicitation effort of these strategiesis
unrelated to the number of alternatives that a
decision problem may have. For theLEX, EBA,
and C4 strategies, the elicitation effort in-
creases sowly as the number of aternatives
increases. Asawhole, Figure 5 showsthat the
elicitation effort of the studied decision strate-
gies is quite robust to the number of alterna-
tives that a decision problem has.

A combined study from Figure 2 to Fig-
ure 5 can lead to someinteresting conclusions.
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Figure 4. The elicitation effort of various decision strategies when solving MADPs with a
different number of attributes, where m(number of alternatives) = 1,000

Elicitation Effort with different attribute
numbers
& 100
Y / —e—WADD
5 80 / —\—EQW
= - —a—LEX
> 70
S 60 -/ FRQ
50 {.//- —%—SAT
40 —e—EBA
30 }/ —+—McD
20 4 & —e—c4
0 + t + } + y
5 10 15 20 25
n (number of attributes)
For each category of MADPs, some decision  effort and RA, ., .., fOr various strategies

strategies, such as WADD and EQW, could
gainrelatively high-decision accuracy with pro-
portionally high-elicitation effort. Other deci-
sionstrategies, especialy C4, MCD, EBA, FRQ,
and LEX, could achieve areasonable level of
accuracy with much lower dlicitation effort com-
pared to the baseline WADD strategy. Figure 6
illustrates the relationship between elicitation

when solving different scales of decision prob-
lems. For the MADPswith 5 attributesand 100
aternatives, the MCD strategy could achieve
around 35% relative accuracy without any elici-
tation effort. The C4 strategy, in particular, could
achieve over 70% rel ative accuracy whileonly
requiring about 45% elicitation effort compared
to the WADD strategy.

Figure 5. The elicitation effort of various decision strategies when solving MADPs with a
different number of alternatives, where n(number of attributes) = 10
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For al the decision strategies we have
studied here, we say that adecision strategy S
isdominated if and only if thereisanother strat-
egy S that has higher relative accuracy and
lower cognitive and elicitation effort than Sin
thedecision problem. Figure 6 showsthat when
the MADPshave 10 attributesand 1,000 alter-
natives, the WADD, EQW, C4, and MCD are
nondominated approaches. However, for a
smaller scale of MADPs (5 attributes and 100
alternatives), only the WADD, C4, and MCD
strategies have the possibility of being the op-
timal strategy. Thisfigurealso showsthat if the
user’'s goal isto make decisions as accurately
aspossible, WADD isthe best strategy among
thelisted strategies; whileif thedecision maker’'s
goal isto have reasonable accuracy with a cer-
tain elicitation effort, then the C4 strategy may
be the best option.

DISCUSSION

The simulation results suggest that the
tradeoff between decision accuracy and elici-
tation effort is the most important design con-
sideration for inventing high-performance
CDSSs. That is, while advanced toolsare desir-
able, we must not ignore the effort that users
arerequired to make when stating their prefer-
ences.

To show how this framework can pro-
videinsightsto improve user interfacesfor the
existing CDSSs, we have demonstrated the
evauation of the simplest decision strategies:
WADD, EQW, LEX, EBA, FRQ, MCD, and SAT
(Payneet al., 1993). The performance of these
strategies was measured quantitatively in the
proposed simulation environment within the
extended effort-accuracy framework. Sincethe
underlying decision strategy determineshow a
user interactswith a CDSS system (preference
elicitation and result processing), the perfor-
mance data allowed usto discover better deci-
sion strategies and eliminate suboptimal ones.
In this sense, our work provides anew design
method for devel oping user interfacesfor con-
sumer decision support systems.

For example, LEX isthe underlying deci-
sion strategy used in the ranked list interface
that many e-commerce Web sitesemploy (Pu &
Kumar, 2004). However, our simulation results
show that LEX produces relatively low-deci-
sion accuracy, especialy as products become
more complex. On the other hand, ahybrid de-
cision strategy, C4, based on any combinations
of LEX, EBA, MCD, and FRQ wasfound to be
more effective. Combining LEX and EBA to-
gether, for example, we can derive aninterface
that lookslike SmartClient. EBA (elimination by

Figure 6. Elicitation effort/relative accuracy trade-offs of various decision strategies
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aspect) corresponds to eliciting constraints
from users, and this feature was implemented
as a constraint problem-solving engine in
SmartClient (Torrens, Faltings, & Pu, 2002). Af-
ter users have eliminated the product space by
preference constraints, they can use the LEX
strategy (ranked list) to further examinethere-
maining items. Even though this hybrid strat-
egy does not include any interface features to
perform trade-off navigation, thesimulation re-
sultsare still consistent with our earlier empiri-
cal work on evaluating CDSSs with real users
(Pu & Chen, 2005; Pu& Kumar, 2004). That s,
advanced toolssuch as SmartClient can achieve
ahigher accuracy while requiring users to ex-
pend slightly extracognitive and elicitation ef-
fort than the basic strategies it contains.

The strongest implication of the simula-
tionresultsisthat wewill be ableto efficiently
evaluate more-advanced tools and compare
them in terms of effort and accuracy. Our plan
for the future therefore includes evaluating
SmartClient (Pu & Faltings, 2000) and itstrade-
off feature, FindMe(Burkeet d., 1997), Dynamic
Critiquing (Rellly et d., 2004), and Scoring Trees
(Stolze, 2000), and comparing their strengths
and weaknesses. We will also perform more
simulationsusing different scales of K withthe
accuracy definition of RA . ... Because K
is the size of the result set displayed in each
user interaction cycle, we hope to gain more
understanding on the display strategy used for
CDSSs.

Finally, we do emphasi zethat thesmula-
tion results need to be interpreted with some
caution. First of dl, the elicitation effort ismea-
sured by approximation. Asmentioned earlier,
we assumed that each EEP requires an equal
amount of effort fromthe users. Currently, itis
unknown whether this approximation would
affect the simulation results largely. In addi-
tion, when measuring the decision accuracy,
the WADD strategy is chosen as the baseline,
assuming that it contains no error. However,
thisis not the case in reality. Moreover, asthe
MADPsin the simulation experiments are gen-
erated randomly, there is a potential gap be-
tween the simulated MADPs and the product

catalog in real applications. We are currently
addressing these limitations, and fine-tune
some of the assumptionswith real user behav-
iors.

CONCLUSION

The acceptance of an e-commerce site
by consumers strongly depends on the quality
of thetoolsit providesto help consumersreach
a decision that makes them confident enough
to purchase. Evaluation of these consumer de-
cision support tools on real users has made it
difficult to compare their characteristics in a
controlled environment, thus slowing down the
optimization process of theinterface design of
such toals. In this paper, we described a simu-
|ation environment to eval uate the performance
of CDSSsmoreéfficiently. Inthisenvironment,
we can simulate the underlying decision sup-
port approach of the system based on the con-
sumers’ preferences and the product catalog
information that the system may have. The de-
cision results can then be evaluated quantita-
tively intermsof decision accuracy, elicitation
effort, and cognitive effort described by the
extended effort-accuracy framework. Moreim-
portantly, we were able to discover new deci-
sion strategies that led to interface improve-
ments of existing CDSSs. Even though thisis
the first step, we hope to be able to evaluate
and design new user interfacesfor high perfor-
mance CDSSs, and forecast users acceptance
of a new interface based on benefits such as
effort and accuracy.
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ENDNOTES

1 Search tools and consumer decision sup-
port systems are two terms used inter-
changeably throughout thisarticle although
thelatter isconsidered to be more advanced
intermsof itsimplementation and interface
features.
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2 ltisdsoknownasmulticriteriadecisonmak- 4 We assume that the actions are in their ba-
ing (MCDM) problem (Keeney & Raiffa, sicformsonly. For example, the FILLIN op-

1993). Our definition emphasizesontheterm erationisnot allowed to elicit morethan one
attribute, which is an objective aspect of value or even an expression. Otherwise a
products, not related to the decision maker’s usability issuewill arise.
preferences. 5 Thedetail analysisisgiven at pages 80-81
3 Though this assumption is obviously im- of Payneet al. (1993). Thisexampleassumes
precise, more studies by assigning different the values of al attributes are numeric and
weighting of effort for the various El Ps show consistent with the decision maker’s prefer-
that the key relationships between the deci- ences.

sion strategy and the decision environments © The procedure of assessing component

were largely unchanged. See page 137 of value functions with midvalue pointsisin-

(Payneetal., 1993). troduced in page 120 of Keeney and Raiffa
(1993).
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