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Given the difficulties people experience in making trade-offs, what are the consequences of using simple
models that avoid trade-offs? We examine choices by such models in environments where “true” preferences

are linear and attributes are characterized by binary attributes. A deterministic elimination-by-aspects (DEBA)
model is highly effective over a range of conditions. When preferences are quite compensatory, however, a
modified equal weighting (EW) model that uses DEBA to resolve ties is more effective. We explore the sensitivity
of results to errors in using DEBA, to different distributions of alternatives, and to error in “true” preferences.
Under the conditions examined here, the outcomes of these “boundedly rational” models are highly consistent
with “rational” models that explicitly confront trade-offs. We emphasize the importance of binary attributes in
reaching these conclusions.
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Introduction
There is much evidence that people do not like to
face trade-offs and that they use choice strategies that
avoid them (see, e.g., Payne et al. 1992). Two reasons
are typically advanced. One is cognitive: trade-offs
are difficult to execute. The other is emotional: People
don’t like to face trade-offs explicitly (Hogarth 1987,
Luce et al. 1997). Given these difficulties, it is impor-
tant to understand when avoiding trade-offs does and
does not lead to negative outcomes.
Preferences are commonly represented by linear

multiattribute functions (see, e.g., Keeney and Raiffa
1993). Thus, the utility of a choice object Xi =
xi1�xi2� � � � � xik is determined by the function

U�Xi	=
k∑

j=1
wju�xij 	� (1)

where the wj are weighting parameters subject to the
constraint that

∑k
j=1wj = 1.

Since the weighting parameters reflect trade-offs
between attributes, it is appropriate to ask when
choice is and is not sensitive to their specification.
As a starting point, consider choosing between two
options, Xa and Xb, with two attributes. Clearly, Xa

will be preferred to Xb if

w1�u�x1a	−u�x1b	� >w2�u�x2b	−u�x2a	�� (2)

Knowledge of the weighting parameters (w1 and
w2	 is required to make a decision. However, the pre-
cision of this knowledge depends on how the utilities
of the attributes are measured. In particular, if these
are binary variables (i.e., 0/1), both �u�x1a	 − u�x1b	�
and �u�x2b	 − u�x2a	� are limited to taking values of
−1, 0, or 1. In this case, one needs to know only the
relative sizes of w1 and w2 to choose according to
Equation (1). On the other hand, if the variables are
continuous, both �u�x1a	−u�x1b	� and �u�x2b	−u�x2a	�
are unconstrained, and more precise knowledge of the
weighting parameters is required.
This example suggests that specifying trade-offs is

less important with binary than with continuous vari-
ables and thus, as a consequence, may indicate situ-
ations where strategies that avoid trade-offs are rela-
tively effective. We therefore restrict our attention in
this work to linear preference functions and binary
attributes. In these environments, we assume that the
“true” utility for any object, Xi, can be modeled by

V �Xi	=
k∑

j=1
�jxij� (3)

1860



Hogarth and Karelaia: Simple Models for Multiattribute Choice With Many Alternatives
Management Science 51(12), pp. 1860–1872, © 2005 INFORMS 1861

where xij takes the values of 0 or 1, the utility of each
attribute is identical to xij , and the �j ’s are weighting
parameters subject to the constraint that

∑k
j=1�j= 1.

The goal of this paper is to illuminate the condi-
tions under which trade-off-avoiding choice strategies
are effective. In doing so, we follow Brunswik (1952)
and Simon (1956), who emphasized the importance of
understanding the joint effects of environments and
behavior (modeled here by simple decision rules) in
producing outcomes. Specifically, using Equation (3)
as the model of “true” preferences, we investigate
the performance of several trade-off-avoiding deci-
sion rules across different environments.
Of particular relevance is work by Thorngate (1980),

who demonstrated (through simulation) the surpris-
ing efficiency of simple decision rules in choosing the
best of several gambles using expected value as the
criterion. More extensive simulations were conducted
by Johnson and Payne (1985) (see also Payne et al.
1993). Like Thorngate, these investigators only con-
sidered continuous variables, but, in addition to per-
formance, they calculated estimates of the hypotheti-
cal cognitive effort their models used to make choices.
They thus also provided interesting perspectives on
possible trade-offs between accuracy and effort. More
recently, Gigerenzer and his colleagues have investi-
gated the effectiveness of simple models for binary
inferences based on binary cues (cf. attributes) within a
more general research program on “bounded rational-
ity” (Gigerenzer and Goldstein 1996, Gigerenzer et al.
1999). In addition, Fasolo et al. (in press) have exam-
ined the effects of simplifying decisions by restricting
the number of attributes used in multiattribute choice.
This paper is organized as follows. We first spec-

ify the models we examine. Second, we analyze the
effectiveness of these models in choosing the “correct”
alternative from sets of three, four, and five alterna-
tives when using three and four binary attributes.1

Third, we examine what happens when people err in
executing their own preferences. Fourth, we demon-
strate how different environments affect results. In
this analysis, we also include the role of random error
in preferences. Finally, we discuss results, assump-
tions, and implications.
Overall, we show that the outcomes of simple mod-

els (specified below) are often as good as explic-
itly using Equation (3). However, their performance
is affected by joint characteristics of the decision
maker’s “true” preferences and the environments in
which they operate, specifically, the proportion of
choices involving dominated alternatives and identi-
cal attribute profiles as well as particular distributions
of attribute profiles.

1 The five-attribute case is presented in the appendix that is avail-
able in an online supplement (available at http://mansci.pubs.
informs.org/ecompanion.html).

The Models
We now describe the models we consider. In doing
so, we assume that the data have been ordered so that
overall value or utility, that is, V �Xi	, is increasing in
xij , j = 1� � � � � k.

Deterministic Elimination By Aspects (DEBA)
This is an adaptation of the elimination-by-aspects
(EBA) model originally proposed by Tversky (1972).
First, the relative sizes of the � parameters associated
with the different attributes are assumed to be known
(i.e., the attributes can be ordered in terms of relative
importance). Second, the model follows a multistage
process that involves examining alternatives sequen-
tially by attributes.
At the first stage, the decision maker examines the

attribute associated with the largest � parameter for
all choice alternatives. If all alternatives have a value
of 0, the attribute with the next largest � parameter is
considered. Otherwise, alternatives with 0 values are
eliminated. If a single alternative remains (i.e., with a
value of 1), it is chosen. If two or more alternatives
have values of 1, selection between them involves
the same procedure, but using the attribute associ-
ated with the second largest � parameter. If this sec-
ond stage leaves more than one alternative, the pro-
cedure is repeated using the attribute associated with
the third largest � parameter, and so on. If, after the
last attribute is examined, two or more alternatives
remain, the choice between them is determined at ran-
dom.
DEBA differs from EBA (Tversky 1972) in that

the attributes (or aspects) used to eliminate alterna-
tives at each stage of the process are selected by
a deterministic rather than probabilistic procedure
(hence the name deterministic EBA). We also note that
DEBA generalizes—to more than two alternatives—
the lexicographic binary-choice model take-the-best
(TTB) proposed by Gigerenzer and Goldstein (1996).
In the discussion section, we consider the psycholog-
ical plausibility of the DEBA model.

Equal Weighting (EW)
This model assigns equal weight to attributes such
that the value of an alternative is the sum of its
attribute values. The choice rule is to select the alter-
native with the largest sum. If there is a tie, choice is
made at random.
Strictly speaking, EW implies trade-offs. However,

the EW assumption is not demanding from a cogni-
tive viewpoint. On the other hand, EW does require
looking at all information by alternative, determining
the sums associated with each alternative, and then
comparing the sums. It is therefore both more system-
atic and cognitively demanding to execute (particu-
larly as the number of alternatives increases).
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DEBA/EW Hybrids
Evidence suggests that people sometimes first elimi-
nate one or two alternatives and then examine those
remaining in greater depth (see, e.g., Payne et al. 1993,
Rieskamp and Hoffrage 2002). We model this as fol-
lows. The decision maker starts the process as if using
DEBA. If, after examining the first attribute, the deci-
sion maker eliminates all but one alternative, the none-
liminated alternative is chosen. If, however, two alter-
natives remain, choice between these alternatives is
made using EW. If three or more alternatives remain,
the decision maker starts the process over again by
examining the second attribute, and so on.

EW/DEBA Hybrids
With binary attributes EW can lead to ties between
many alternatives. However, if the decision maker has
even limited knowledge about the relative importance
of attributes, it makes little sense to choose between
ties at random.
We therefore propose a model where attempts are

first made to choose by EW. If this results in a tie,
DEBA is used to resolve the tie. We call this model
EW/DEBA. It generalizes the EW/TTB model pro-
posed for binary choice (Hogarth and Karelaia 2003).
Like EW/TTB, the EW calculation in EW/DEBA can
be made on a subset of attributes, for example, the
three most important attributes in four-attribute mod-
els. In this case, the decision maker need not examine
all attributes for all alternatives.

DOMRAN
Several researchers have suggested that decision mak-
ers do and should exploit dominance in choice (cf.,
Montgomery 1983, Keeney and Raiffa 1993). We there-
fore propose a model, DOMRAN, that first examines
all alternatives on all attributes to see whether any
alternative is dominated by at least one other. If this
happens, dominated alternatives are eliminated from
consideration. Choice is then made, at random, from
the remaining nondominated alternatives. Thus, the
DOMRAN strategy requires examining all informa-
tion (all attributes on all alternatives) and making
many comparisons. However, it does not require prior
knowledge about the relative importance of variables
nor any calculations (see Hogarth and Karelaia 2003,
concerning DOMRAN for binary choice).

Assessing Model Performance
To assess model performance, we need to specify both
types of “true” preferences and characteristics of envi-
ronments in which choices are made. Ideally, the joint
distribution of types of preferences and task envi-
ronments in people’s natural ecologies should also
be specified. However, lacking the ability to do this,

Table 1 Attribute Profiles for Three-Attribute Models

Dominates “x” Is dominated by
x1 x2 x3 Sum other profiles “x” other profiles

A 1 1 1 3 7 0
B 1 1 0 2 3 1
C 1 0 1 2 3 1
D 1 0 0 1 1 3
E 0 1 1 2 3 1
F 0 1 0 1 1 3
G 0 0 1 1 1 3
H 0 0 0 0 0 7

we adopt the following strategy. First, we define dis-
tinct types of preferences. Second, we analyze envi-
ronments consisting of three and four attributes using
as a baseline populations of complete, distinctive
attribute profiles. Third, we examine the effects of
error in the use of models (i.e., using weights incor-
rectly). Fourth, we assess the sensitivity of “baseline”
conclusions by varying characteristics of the environ-
ments in which choices are made. Fifth, we examine
the effects of error in “true” preferences.

Noncompensatory and Compensatory Preferences
We classify preferences by considering different distri-
butions of the � parameters of Equation (3). In partic-
ular, following Martignon and Hoffrage (1999, 2002),
we distinguish between noncompensatory and com-
pensatory preferences. Specifically, noncompensatory
preferences have the property that, when weights are
ordered from largest to smallest, each weight is larger
than the sum of all weights that are smaller than it,
that is,

�j >
∑

i

�i� for any i > j� j = 1� � � � � k− 1� (4)

All other preferences are compensatory. Thus, for three
attributes, �1 > ��2 + �3	 defines noncompensatory
preferences, whereas �1 ≤ ��2 + �3	 defines compen-
satory preferences (assuming �1 >�2 >�3	. For expos-
itory purposes, we discuss the cases involving three
and four attributes separately.2

Environments with Three Attributes
We examine choices between three, four, and five
alternatives in populations of complete, distinc-
tive attribute profiles.3 With three attributes, there
are eight distinctive attribute profiles (illustrated in
Table 1), 56 different combinations of attribute profiles

2 The simulations conducted by Payne et al. (1993) used continu-
ous variables and thus did not refer to noncompensatory and com-
pensatory functions per se. However, they did investigate a sim-
ilar issue by examining the effects of probability distributions (or
“weights”) that varied in dispersion.
3 Before looking at results, we encourage readers to forecast what
these might be. In conducting this work, we implicitly made such
forecasts and were quite surprised by what we found. In addi-
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Table 2 Probabilities of Correct Choices by Different Models for Noncompensatory and Compensatory Preferences (Best of Three)

Probability of correct choice

Noncompensatory preferences Compensatory preferences
Combinations of attribute
profile types DEBA EW DEBA/EW EW/DEBA DEBA EW DEBA/EW EW/DEBA DOMRAN

A B C 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
A B D 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
A B E 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
∗ · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · ·
A G H 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
B C D 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
B C E 1.00 0.33 0.50 1.00 1.00 0.33 0.50 1.00 0.33
B C F 1.00 0.50 0.50 1.00 1.00 0.50 0.50 1.00 0.50
B C G 1.00 0.50 0.50 1.00 1.00 0.50 0.50 1.00 0.50
B C H 1.00 0.50 0.50 1.00 1.00 0.50 0.50 1.00 0.50
B D E 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
B D F 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
B D G 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.50
B D H 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
B E F 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
B E G 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
B E H 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
B F G 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.50
B F H 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
B G H 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.50
C D E 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
C D F 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.50
C D G 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
C D H 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
C E F 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
C E G 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
C E H 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
C F G 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.50
C F H 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.50
C G H 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
D E F 1.00 0.00 1.00 0.00 0.00 1.00 0.00 1.00 0.50
D E G 1.00 0.00 1.00 0.00 0.00 1.00 0.00 1.00 0.50
D E H 1.00 0.00 1.00 0.00 0.00 1.00 0.00 1.00 0.50
D F G 1.00 0.33 1.00 1.00 1.00 0.33 1.00 1.00 0.33
D F H 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
D G H 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50
E F G 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
E F H 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
E G H 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
F G H 1.00 0.50 1.00 1.00 1.00 0.50 1.00 1.00 0.50

Correct (%) 100 79 96 95 95 84 91 100 76

Notes. Probabilities of 0.00 are bold, e.g., 0.00. Probabilities of 0.33 and 0.50 are underlined, e.g., 0.33, 0.50.
∗We do not show all results for combinations beginning with attribute profile A because this always dominates all other attribute profiles.

for three alternatives, 70 for four alternatives, and 56
for five alternatives.
Assuming that Equation (3) represents the deci-

sion maker’s true preferences, we first distinguish
between noncompensatory and compensatory prefer-
ences, except that we only consider strict inequalities.
Thus, noncompensatory preferences are defined by

tion, we conducted a small survey at the 2004 BDRM conference
in which several leading researchers were asked to predict some
of our results. Their responses indicated that our results are not
“obvious.”

�1 > ��2+�3	 and compensatory preferences by �1 <

��2 + �3	. Using the restriction that �1 > �2 > �3, we
calculate the probabilities that each model will make
the “correct” decision for each of the 56 combinations
of attribute profiles involving three alternatives (see
Table 2).4

4 By “correct” we mean choices that are consistent with the specifi-
cation of preferences as being noncompensatory or compensatory,
as appropriate. By calculation we mean complete enumeration of
all cases. When choices are made at random, we assume probabili-
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Table 3 Percentages of Correct Choices by Different Models for Noncompensatory and Compensatory Preferences
(Three-Attribute Models)

Noncompensatory preferences Compensatory preferences

Three-attribute models DEBA EW DEBA/EW EW/DEBA DEBA EW DEBA/EW EW/DEBA DOMRAN

Best of three (56 distinct choice sets) 100 79 96 95 95 84 91 100 76
Best of four (70 distinct choice sets) 100 78 91 96 96 82 87 100 76
Best of five (56 distinct choice sets) 100 80 91 98 98 82 89 100 79

Note. Bold figures indicate the largest figures within specific comparisons.

The left-most columns in Table 2 list the different
possible combinations of attribute profiles using the
same labels as Table 1 (i.e., A, B, C, etc.). To simplify,
we do not show all combinations starting with pro-
file A, because all the models respect dominance and
A dominates all other profiles. Table 2 shows separate
results for noncompensatory and compensatory pref-
erences. Only one column is shown for DOMRAN (at
the right of the table) because its performance is unaf-
fected by whether preferences are noncompensatory
or compensatory.
At the foot of Table 2, we show the expected per-

centage correct responses across the complete set of
56 distinct combinations of attribute profiles. For non-
compensatory preferences, DEBA is 100% correct; for
compensatory preferences, EW/DEBA is 100% cor-
rect. The former result is consistent with a theorem by
Martignon and Hoffrage (1999, 2002) that shows that,
within the class of linear functions of binary variables,
a lexicographic model will always choose the better
of two options (see also Katsikopoulos and Fasolo in
press). More intuitively, if—when differences between
attributes are examined in a sequential manner—the
weight of a discriminating attribute is greater than
the sum of the weights of the attributes that have not
been considered, the outcome cannot be affected by
the latter.
To appreciate the effectiveness of EW/DEBA in the

compensatory case, compare the performance of the
separate DEBA and EW models. Here, DEBA makes
three errors by selecting D from the sets (D, E, F),
(D, E, G), and (D, E, H). (Errors are in boldface type
in Table 2.) EW does not make these errors. On the
other hand, there are 17 cases where EW is forced to
choose at random, that is, with success probabilities
of 0.33 or 0.50 (underlined for emphasis in Table 2).
Since DEBA’s choices for these 17 cases are always
correct, EW/DEBA’s expected overall performance is
100% correct for the sets of three distinctive attribute
profiles.
The DEBA/EW and EW/DEBA comparison is in-

triguing because, although both have the same com-
ponents, one (DEBA/EW) involves less information

ties of 0.50 and 0.33 for cases involving two and three (remaining)
alternatives, respectively.

processing than the other (EW/DEBA). For noncom-
pensatory functions, DEBA/EW is marginally more
effective than EW/DEBA (96%–95%). The former
makes no explicit errors but chooses at random in
four cases; the latter makes three errors. For com-
pensatory functions, however, EW/DEBA dominates
DEBA/EW.
The DEBA and DEBA/EW comparison is note-

worthy in that DEBA dominates the more compli-
cated model for both noncompensatory and compen-
satory preferences. This occurs because there are four
choices that DEBA/EW is forced to resolve at random
whereas DEBA alone would have made the correct
choice. Paradoxically, by switching from DEBA to EW
to conduct a more thorough analysis, more errors are
made.
DOMRAN is the most ineffective model. However,

its performance of 76% is probably higher than most
would have guessed.
For four and five alternatives, there are, respec-

tively, 70 and 56 possible sets of choices characterized
by distinctive attribute profiles. The expected percent-
age correct choices are shown in Table 3. Results (per-
centage correct) are almost identical to those when
choice is made from three alternatives (also shown
in Table 3). The only exception is that EW/DEBA is
more effective than DEBA/EW for both noncompen-
satory and compensatory weighting functions.
Finally, we stress that the above results are con-

ditional on a population of a complete set of dis-
tinctive choices. Thus, for example, if the number of
dominated alternatives were reduced, model perfor-
mance would generally not be so high. On the other
hand, DEBA would always be optimal for noncom-
pensatory preferences, and EW/DEBA would be opti-
mal for compensatory preferences. Later we consider
the impact of varying distributions of alternatives
with different attribute profiles.

Environments with Four Attributes
Whereas the operational definitions of compensatory
and noncompensatory preferences are straightfor-
ward for three attributes, this is not the case for four
attributes (see also Hogarth and Karelaia 2003). Here,
defining compensatory preferences by violations of
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Figure 1 Classification of Compensatory (CF) and Noncompensatory Functions (Non-CF) for the Four-Attribute Case
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the condition for noncompensatory preferences leads
to several distinct classes of the former. Specifically,
if—for four attributes—we define noncompensatory
by the conditions that first �j >

∑
i �i, for any i > j� j =

1� � � � � k− 1, and second that �1 > �2 > �3 > �4, there
are several compensatory functions that violate the
first condition to different extents. For instance, if we
specify that �1 < �2 + �3 (which in turn implies that
�1 <�2 +�3 +�4), this can be accompanied by either
�2 < �3 + �4 or �2 > �3 + �4. In fact, there are five
different classes of functions that span the parame-
ter space of compensatory preferences—see Figure 1.
As in the three-attribute case, we only consider strict
inequalities.
The left-hand side of Table 4 illustrates parameter

values for the different classes of preferences going
from noncompensatory (non-CF) and the least com-
pensatory (CF1) to the most compensatory (CF5). We
illustrate CF5 with two sets of parameters because
the range of values it can accommodate is relatively
large. The table shows expected percentages of cor-
rect choices from sets of distinctive combinations of
attribute profiles for three, four, and five alternatives.5

(There are 560 possible choices with three alternatives;
1,820 choices with four alternatives; and 4,368 choices
with five alternatives).
The results mirror the three-attribute case. With non-

compensatory preferences, DEBA is optimal within
this linear world. However, of particular interest is the
fact that DEBA is also most effective for CF1, CF2, and
CF3 (we use bold to highlight the largest expected
performance per function). As preferences become
more compensatory, however, the advantage passes
to EW/DEBA and EW-3/DEBA.6 The comparison
between DEBA/EW and EW/DEBA also matches the
three-attribute case. When the choice is among three

5 The entries in Table 4 are calculated using the specific parameter
values indicated. However, it should be emphasized that any set
of parameter values that meets the specifications of non-CF (see
Figure 1) results in identical choices. This is also true for CF1, CF2,
and CF3. For CF4 and CF5, however, there are three and five cases
(respectively) out of 120 where choices depend on specific param-
eter values within the constraints implied by CF4 and CF5 (see
Hogarth and Karelaia 2003, and the appendix).
6 In EW-3/DEBA, EW is used on the threemost important attributes,
with ties being resolved by DEBA.

alternatives, DEBA/EW outperforms EW/DEBA for
noncompensatory preferences, but this advantage
reverses itself as preferences become progressively
more compensatory. When choice is from four and
five alternatives, the performance of EW/DEBA is
always better than that of DEBA/EW. Also, once
again, DEBA dominates DEBA/EW.

Brief Summary
For linear preference functions with binary attributes,
simple models exhibit remarkably high levels of per-
formance. In particular, DEBA is optimal for non-
compensatory preferences and also performs well
when preferences are compensatory. With three
attributes, however, EW/DEBA is optimal for com-
pensatory preferences and also has the best per-
formance with four attributes when preferences are
most compensatory. With binary attributes, the per-
formance of EW is limited because it predicts
many ties (resolved at random). Comparing the
hybrid models, EW/DEBA requires more informa-
tion and calculations than DEBA/EW and generally
has better performance. On the other hand, the
less-demanding DEBA model dominates DEBA/EW.
Finally, the performance of DOMRAN is well below
that of the other models. The appendix in the online
supplement shows that these general conclusions are
also valid for five binary attributes.

Effects of Errors in “Vague” Preferences
Only DEBA (and DEBA hybrids) require the decision
maker to allocate different weights to attributes. What
happens, therefore, if the decision maker errs and uses
weights that do not reflect their “true” importance?
In Table 5, we illustrate, for the three-attribute

case, how model choices vary if attributes enter the
DEBA models in different orders for a population
of complete, distinctive attribute profiles. With three
attributes, there are six possible orderings and we
show results for choosing the best out of three, four,
and five alternatives. First, note that neither EW nor
DOMRAN is affected by the order in which variables
enter the models (as must be the case). Second, DEBA
is generally the best model in the noncompensatory
case, provided the most important variable enters the
model in first or second position. Exceptions occur
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Table 4 Percentages of Correct Choices by Different Models for Noncompensatory and Compensatory Preferences (Four-Attribute Models)

Expected correct (%)

Noncompensatory preferences Compensatory preferences

DEBA/ EW/ EW-3/ DEBA/ EW/ EW-3/
�1 �2 �3 �4 DEBA EW EW DEBA DEBA DEBA EW EW DEBA DEBA DOMRAN

Best of three (560 distinct choice sets)
Non-CF∗ 0.53 0.24 0.13 0.10 100 73 94 89 95 67
CF1∗ 0.57 0.19 0.14 0.10 98 75 94 92 93
CF2∗ 0.48 0.28 0.14 0.10 99 74 92 91 96
CF3∗ 0.48 0.22 0.17 0.13 96 77 93 93 94
CF4 0.42 0.31 0.15 0.12 94 79 88 95 96
CF5 0.40 0.25 0.20 0.15 93 79 89 95 95
CF5 0.29 0.26 0.24 0.21 89 84 85 99 91

Best of four (1,820 distinct choice sets)
Non-CF∗ 0.53 0.24 0.13 0.10 100 70 87 89 96 63
CF1∗ 0.57 0.19 0.14 0.10 97 73 86 92 93
CF2∗ 0.48 0.28 0.14 0.10 99 71 86 90 97
CF3∗ 0.48 0.22 0.17 0.13 96 74 85 93 94
CF4 0.42 0.31 0.15 0.12 95 75 82 94 96
CF5 0.40 0.25 0.20 0.15 93 76 83 94 95
CF5 0.29 0.26 0.24 0.21 90 81 79 98 91

Best of five (4,368 distinct choice sets)
Non-CF∗ 0.53 0.24 0.13 0.10 100 69 85 90 97 62
CF1∗ 0.57 0.19 0.14 0.10 96 72 84 92 94
CF2∗ 0.48 0.28 0.14 0.10 99 70 84 91 98
CF3∗ 0.48 0.22 0.17 0.13 95 73 83 93 94
CF4 0.42 0.31 0.15 0.12 97 73 82 94 97
CF5 0.40 0.25 0.20 0.15 94 74 81 94 95
CF5 0.29 0.26 0.24 0.21 92 79 79 98 92

Note. Bold figures indicate the largest figures within specific comparisons.
∗Any set of specific parameter values meeting the constraints specified in Figure 1 implies exactly the same outcomes.

when choices are from sets of three alternatives but
differences between DEBA and the best strategies are
small. When the most important variable enters the
model in third position, EW has the best performance.
Third, for compensatory functions, EW/DEBA has
the best performance for the first three orders (1–3).
EW is best for the latter three orders (4–6), except for
choices from sets of four and five alternatives, where
DEBA performs best in the fifth order (x3, x1, x2).
Overall, significant differences from results with the
appropriate order of variables only occur when the
most important variable enters the model in last (i.e.,
third) position.
Table 6 provides analogous data for the four-

attribute case, although we only illustrate results
for choosing the best of three alternatives and not
for all compensatory preferences. Although qual-
itatively similar, results are not as simple as in
the three-attribute case. For noncompensatory pref-
erences, DEBA-based models perform well when
the most important variable enters the model first.
However, when the third or fourth most impor-
tant attribute enters the model first, EW is generally
most effective. As preferences move from noncom-
pensatory to compensatory, this situation changes in

the direction of the results for the most compensatory
case. Here, EW/DEBA is highly effective, provided
the first or second most important variable enters the
model first. Otherwise, EW has better performance.

Effects of Different Choice Sets
The above results all assume complete distributions
of distinctive attribute profiles. We now investigate
effects of different distributions. We consider three sit-
uations based on the extent to which distributions
contain (1) dominating attribute profiles (cf., Payne
et al. 1993, Fasolo et al. in press), (2) repeated attribute
profiles, and (3) attribute profiles that are “friendly”
or “unfriendly” to specific models (cf., Shanteau and
Thomas 2000). We illustrate these factors using three-
attribute models.
On the right side of Table 1 we indicate how

often different attribute profiles dominate and are
dominated by others. Thus, profile A dominates all
other seven profiles; profile B dominates three oth-
ers but is dominated by one (A), and so on. All
our models respect dominance. Therefore, holding all
other factors constant, distributions that have more
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Table 5 Percentages of Correct Choices by Different Models for Noncompensatory and Compensatory Preferences when Attributes Are Used in

Different Orders (Three-Attribute Models)

Expected correct (%)

Noncompensatory preferences Compensatory preferences

Orders 1st 2nd 3rd DEBA EW DEBA/EW EW/DEBA DEBA EW DEBA/EW EW/DEBA DOMRAN

Best of three (56 distinct choice sets)
1 x1 x2 x3 100 79 96 95 95 84 91 100 76
2 x1 x3 x2 89 79 93 84 84 84 88 89 76
3 x2 x1 x3 82 79 79 84 86 84 82 89 76
4 x2 x3 x1 71 79 75 73 75 84 79 79 76
5 x3 x1 x2 75 79 71 75 79 84 75 80 76
6 x3 x2 x1 64 79 68 64 68 84 71 70 76

Means 80 79 80 79 81 84 81 85 76

Best of four (70 distinct choice sets)

1 x1 x2 x3 100 78 91 96 96 82 87 100 76
2 x1 x3 x2 86 78 86 81 81 82 81 86 76
3 x2 x1 x3 89 78 80 87 90 82 81 91 76
4 x2 x3 x1 74 78 74 73 76 82 76 77 76
5 x3 x1 x2 84 78 76 80 86 82 77 84 76
6 x3 x2 x1 70 78 70 66 71 82 71 70 76

Means 84 78 80 81 83 82 79 85 76

Best of five (56 distinct choice sets)

1 x1 x2 x3 100 80 91 98 98 82 89 100 79
2 x1 x3 x2 82 80 80 80 80 82 79 82 79
3 x2 x1 x3 96 80 88 95 96 82 88 96 79
4 x2 x3 x1 79 80 77 77 79 82 77 79 79
5 x3 x1 x2 95 80 86 91 95 82 86 93 79
6 x3 x2 x1 77 80 75 73 77 82 75 75 79

Means 88 80 83 86 88 82 82 88 79

Note. Bold figures indicate the largest figures within specific comparisons.

dominating alternatives will show higher levels of
correct choices than distributions with fewer such
alternatives. For example, consider two distributions
that have equal numbers of alternatives: [4, 2, 1, 1, 1,
1, 1, 3] and [0, 1, 2, 4, 4, 2, 1, 0]. (The first element in
each vector denotes the number of alternatives with
attribute profile A, the second, those with profile B,
and so on.) Dominance plays a more important role
in the first than in the second distribution.
The second factor is the number of identical

attribute profiles (“repeats”). There are two ways of
interpreting repeats, between which all models choose
at random. One is that it does not matter which
alternative is selected. Thus, repeats increase the per-
centage of correct choices. The other is that choices
between repeats can only be correct on a probabilis-
tic basis (e.g., 0.50 between two alternatives). Thus,
repeats decrease the percentage of correct choices. We
adopt the second interpretation on the grounds that
preferences are not strictly deterministic.
The third factor is the extent to which distributions

are “friendly” or “unfriendly” to different models (cf.
Hogarth and Karelaia 2003). To illustrate, consider
Table 1 and the column labeled “Sum.” This reveals
two factors. First, in pairwise choices between alter-

natives, the EW model predicts ties between choices
involving B, C, and E (sums equal to 2) and D, F,
and G (sums equal to 1) such that choices between
any two profiles in both groups are made at ran-
dom. Thus, when a distribution of alternatives con-
tains many such attribute profiles (relative to a com-
parable uniform distribution), it is “EW unfriendly.”
Conversely, if it contains fewer, it is “EW friendly.”
Second, consider how DEBA chooses between pro-

files D and E with a compensatory weighting func-
tion. Here, DEBA errs by choosing D. (Examine
the implications of the profiles, [1, 0, 0] and [0, 1,
1]). Thus, conditional on compensatory preferences,
a distribution of alternatives is “DEBA unfriendly”
(“DEBA friendly”) when it contains more (fewer) D
and E profiles than would be expected in a compara-
ble uniform distribution.
These concepts are illustrated in the upper panel

of Table 7. Here we have calculated model choices
for three distributions for noncompensatory and com-
pensatory preferences. The distributions (listed at the
foot of Table 7) are (1) all distinctive profiles, (2)
DEBA friendly (no possible D-E pairs), and (3) DEBA
unfriendly (12 D-E pairs).
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Table 6 Percentages of Correct Choices by Different Models for Noncompensatory and Compensatory Preferences when Attributes Are Used in
Different Orders (Some Four-Attribute Models)

Best of three (560 distinct choice sets)

Expected correct (%)

Noncompensatory preferences CF3 CF5∗

DEBA/ EW/ EW-3/ DEBA/ EW/ EW-3/ DEBA/ EW/ EW-3/
Orders 1st 2nd 3rd 4th DEBA EW DEBA DEBA DEBA EW DEBA DEBA DEBA EW DEBA DEBA

1 x1 x2 x3 x4 100 94 89 95 96 93 93 96 89 85 99 91
2 x1 x2 x4 x3 95 93 84 91 91 92 88 92 84 84 94 86
3 x1 x3 x2 x4 91 90 84 86 92 91 88 87 84 83 94 87
4 x1 x3 x4 x2 86 89 79 81 87 90 83 83 79 83 89 81
5 x1 x4 x2 x3 86 89 80 81 87 89 83 83 80 82 89 81
6 x1 x4 x3 x2 81 88 75 77 82 89 78 78 75 81 84 76
7 x2 x1 x3 x4 84 78 82 86 83 77 86 87 84 81 93 87
8 x2 x1 x4 x3 79 77 77 81 78 76 81 83 79 80 88 81
9 x2 x3 x1 x4 75 74 77 77 74 73 81 78 79 79 88 82

10 x2 x3 x4 x1 70 74 72 66 69 73 76 67 74 78 83 76
11 x2 x4 x1 x3 71 73 73 72 70 72 76 73 75 77 83 76
12 x2 x4 x3 x1 66 72 68 61 65 71 71 63 70 77 78 71
13 x3 x1 x2 x4 78 71 78 78 80 74 81 79 81 77 88 83
14 x3 x1 x4 x2 73 71 73 73 75 73 76 74 76 76 83 77
15 x3 x2 x1 x4 69 68 73 69 71 70 76 70 76 75 83 78
16 x3 x2 x4 x1 64 67 68 62 66 69 71 63 71 75 78 72
17 x3 x4 x1 x2 64 66 68 63 66 69 72 64 72 74 79 72
18 x3 x4 x2 x1 59 66 63 57 61 68 67 58 67 73 74 67
19 x4 x1 x2 x3 75 69 74 74 77 71 77 75 77 73 83 77
20 x4 x1 x3 x2 70 68 69 69 72 70 72 70 72 73 78 73
21 x4 x2 x1 x3 66 65 69 64 68 67 72 65 72 72 78 72
22 x4 x2 x3 x1 61 64 64 58 63 66 67 59 67 71 73 68
23 x4 x3 x1 x2 61 64 64 59 64 66 68 60 68 70 74 68
24 x4 x3 x2 x1 56 63 59 53 59 65 63 54 63 69 69 63

Means 74 75 73 72 75 76 77 73 76 77 83 77

EW 73 73 73 73 77 77 77 77 84 84 84 84

DOMRAN 67 67 67 67 67 67 67 67 67 67 67 67

Note. Bold figures indicate the largest figures within specific comparisons. If there is no bold figure, EW is best.
∗Based on parameters 0.29, 0.26, 0.24, and 0.21.

First, note that the predictions for the distinctive dis-
tribution are the same as in the first line of Table 3. Sec-
ond, observe that the unfriendly distribution has rel-
atively few dominating alternatives (e.g., no As) and
many repeat cases. Both factors imply that the perfor-
mance of all models will be lower than with the dis-
tinctive distribution. Third, note how performance of
the models for the friendly distribution dominates that
of the distinctive. In particular, the lack of a D-E pair-
ing allows EW/DEBA to achieve 100% for the non-
compensatory functions and DEBA to achieve 100%
for the compensatory functions. Finally, to empha-
size that the unfriendly distribution affects DEBAwith
compensatory preferences, note that its performance
here surpasses only that of DOMRAN (58%). Indeed,
for this distribution EW performs marginally better
than DEBA (69% vs. 68%).
In short, these calculations demonstrate how char-

acteristics of distributions of attribute profiles impact
model performance. Overall, this is affected positively
by the presence of dominating profiles and nega-

tively by repeats. The performance of specific mod-
els (e.g., EW and DEBA) can be affected (positively
or negatively) when distributions are “friendly” or
“unfriendly” to those models (conditional on the type
of preferences). Although we have only demonstrated
these concepts here for choices made from sets of
three alternatives based on three attributes, we have
also examined choices from sets of four and five,
alternatives, as well as for alternatives involving four
attributes (involving three, four, and five alternatives).
However, because all results are qualitatively similar,
they are not reported here.

The Role of Error
Within a linear, binary attribute framework of pref-
erences, choices made by simple trade-off-avoiding
strategies are often surprisingly consistent with “true”
trade-off-confronting preferences. However, if “true”
preferences were subject to error, how would this
affect model performance?



Hogarth and Karelaia: Simple Models for Multiattribute Choice With Many Alternatives
Management Science 51(12), pp. 1860–1872, © 2005 INFORMS 1869

Table 7 Percentage Correct Choices for Different Models (Choosing Best of Three Alternatives) for Different Distributions and Under Different Error
Conditions

Noncompensatory preferences Compensatory preferences

DEBA EW DEBA/EW EW/DEBA DOMRAN “True” DEBA EW DEBA/EW EW/DEBA DOMRAN “True”

Distribution1

Distinctive 100 79 96 95 76 × 95 84 91 100 76 ×
Friendly 100 88 96 100 80 × 100 88 96 100 80 ×
Unfriendly 86 55 86 70 58 × 68 69 68 84 58 ×

Error2, � = 0�1
Distribution1

Distinctive 88 70 86 83 68 88 90 82 89 92 75 92
Friendly 87 78 84 87 70 87 92 87 91 92 78 92
Unfriendly 83 53 83 68 55 83 69 65 69 78 57 78

Error2, � = 0�3
Distribution1

Distinctive 73 60 71 70 59 72 73 68 73 72 64 71
Friendly 72 66 70 72 60 71 73 70 73 72 66 72
Unfriendly 71 47 71 60 49 71 58 56 58 61 52 60

Error2, � = 0�5
Distribution1

Distinctive 64 54 64 62 54 63 61 58 61 60 56 58
Friendly 63 59 62 62 55 61 63 60 63 61 59 60
Unfriendly 62 45 62 55 46 62 50 49 50 52 48 50

Note. Bold figures indicate the largest figures within specific comparisons.
1Distributions of profiles

Distinctive �1�1�1�1�1�1�1�1�
Friendly �1�1�1�1�0�1�1�1�
Unfriendly �0�2�0�2�6�0�3�3�

2The data in the upper panel were created by calculations (cf. Tables 2 and 3). Data in the three lower panels are mean figures based on simulations involving
100 trials.

Error can be modeled in several ways. For sim-
plicity, we have modified Equation (3) so that “true”
utility is expressed by

V �Xi	=
k∑

j=1
�jxij + �i� (5)

where �i is normally distributed with constant vari-
ance, �i ∼N�0��2	.
Using Equation (5), we simulated data for the three

distributions of attribute profiles discussed above (i.e.,
distinctive, friendly, and unfriendly), each with three
levels of error, small (� = 0�1), medium (� = 0�3) and
large (� = 0�5). For all nine cases we calculated the
correct choices made by each of the models in select-
ing the best from all possible combinations of three
alternatives. This process was repeated 100 times; the
average results are reported in the three lower panels
of Table 7.
The results show consistent patterns. First, the opti-

mal models for the noncompensatory and compen-
satory preferences (i.e., DEBA and EW/DEBA, respec-
tively) perform at the same level as the “true” model,
that is, the linear model with parameters specified
in Equation (5). Second, differences between perfor-
mances of the models due to the different distri-
butions decrease as the size of the error variance

increases. For example, for DEBA with noncompen-
satory preferences, the difference between the distinc-
tive and unfriendly distributions is 14% with no error
(i.e., 100%–86%). With � = 0�5, the analogous differ-
ence is 2% (i.e., 64%–62%). Similarly, assuming com-
pensatory preferences for EW/DEBA, the difference
is 16% with no error and 8% when � = 0�5. Third, as
error increases, performance of all models degrades
systematically. Fourth, within different levels of error,
results for the distinctive and friendly distributions
are similar for all models except EW.
In summary, error diminishes differences in model

performance as well as differences due to character-
istics of choice sets. Overall, the presence of error in
“true” preferences emphasizes the relative efficacy of
trade-off-avoiding models.

Discussion
Summary
Faced with choosing between multiattribute alterna-
tives where attributes are both binary in nature and
appropriately scaled, simple trade-off-avoiding mod-
els produce choices that are remarkably consistent
with hypothetical sets of “true” preferences. In par-
ticular, the DEBA model has optimal performance if
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“true” preferences are noncompensatory, and it still
performs well over a range of compensatory pref-
erences. When preferences are compensatory (with
three attributes) or the most compensatory (with
four and five attributes), the composite EW/DEBA
model has optimal performance. Interestingly, the
DEBA/EW model is not as effective as EW/DEBA
across all types of functions and is inferior to DEBA
alone. The EW model is generally not as effective as
models that allow some differential weighting of vari-
ables, and DOMRAN is the least effective of the mod-
els we examined.
In reaching these conclusions, we assumed that (1)

people know the relative importance of attributes, (2)
distributions of alternatives are comprised of com-
plete and distinctive sets of attribute profiles, and
(3) there are no errors in “true” preferences. Investi-
gating these assumptions, we found first that results
generally held, provided the decision maker iden-
tified the most important attribute. Second, results
depend on characteristics of distributions of alter-
natives. Specifically, the frequencies of dominating
(repeat) profiles increase (decrease) levels of perfor-
mance. More importantly, the presence or absence of
particular attribute profiles affects the performance of
specific models, conditional on classes of preference
functions. For example, EW can perform as well as
or better than DEBA in a “DEBA-unfriendly” envi-
ronment involving compensatory preferences. Third,
the presence of error in “true” preferences reinforces
the relative efficacy of trade-off-avoiding models such
as DEBA. Overall, error reduces differences between
models as well as differences due to characteristics of
alternatives.
Our results are important because we have identi-

fied circumstances in which simple trade-off-avoiding
strategies are remarkably consistent with “true” pref-
erences. In other words, in many cases it is impos-
sible to distinguish whether people’s choices are in
agreement with a “rational” or “boundedly rational”
model of behavior (Chater et. al. 2003, Gigerenzer
et al. 1999).

Limiting Conditions
Our results are conditional on “true” preferences
being in the form of Equation (3) and using percent-
age correct choices as the criterion for model perfor-
mance. We now discuss these assumptions.
We believe that the linear form of Equation (3) is

reasonable in that nonlinear functions can be well
approximated by linear functions, particularly when
the former are conditionally monotonic with respect
to the criterion (Dawes and Corrigan 1974). The pres-
ence of error or “noise” also makes linear approxima-
tions more “optimal.”
Both Equation (2) and our results as a whole

emphasize the importance of binary variables as

attributes. Indeed, in related work we have analyzed
the performance of some simple models for binary
choice using continuous variables with a percentage
correct criterion (Hogarth and Karelaia 2005). This
analysis suggests that, in a relative sense, continu-
ous variables favor EW but hurt DOMRAN. In short,
EW predicts few ties with continuous variables (thus
avoiding chance-level outcomes), and there are fewer
cases involving dominance.7 (Continuous variables
also imply fewer “repeats,” thereby increasing the
probability of correct choices above chance for all
models.)
It is intriguing to compare our results with those of

Payne et al. (1993), who examined a somewhat differ-
ent set of models with attributes that were continuous
variables and used an accuracy measure as the cri-
terion. They investigated choices between multiout-
come gambles and distinguished first between envi-
ronments where dominance was and was not possi-
ble and, second, probabilities (analogous to weight-
ing parameters in our work) that had low and high
dispersion (similar to compensatory and noncompen-
satory, respectively). Their best performing model
was a lexicographic strategy in the high-dispersion
conditions, but this did not have “perfect” perfor-
mance. Interestingly, EW was shown to be the best
model in the low-dispersion condition when domi-
nance was possible (see previous comments).
The work of Gigerenzer and his colleagues relates

directly to ours in that it deals with binary attributes
(Gigerenzer et al. 1999). That work demonstrates re-
markable predictive performance of the TTB model in
binary choice (for theoretical analyses, see Martignon
and Hoffrage 1999, 2002; Hogarth and Karelaia 2003;
Katsikopoulos and Martignon, in press). The parallel
is that TTB is the same model as DEBA when there
are only two alternatives.
Our results are conditional on using percentage cor-

rect choices as a criterion; that is, in evaluating rel-
ative performance we do not differentiate between
large and small errors (in terms of utility). In adopt-
ing this criterion, we followed precedence in the lit-
erature involving binary attributes or cues (e.g., see
Gigerenzer et al. 1999). Clearly, other loss functions
should be investigated. However, two reasons sug-
gest that many conclusions might be robust. One is
that all models we examined respect dominance such
that differences between models only occur in cases
where dominance is not a factor (see, e.g., the details
in Table 2. In addition, all models have the same per-
formance levels with repeats). The second—and more

7 As documented elsewhere, EW can also perform well in specified
conditions, compared to “optimal” regression models (Einhorn and
Hogarth 1975).
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important—reason is that the better performing mod-
els are optimal or close to optimal, that is, 100% or
close to 100% correct (see Tables 3 and 4). Thus, con-
clusions as to which model(s) perform best under
which circumstances cannot be sensitive to how per-
formance is measured. Indeed, recent work calculat-
ing upper bounds on the expected loss of using DEBA
supports these assertions (Baucells et al. 2005). On the
other hand, if errors are made in determining the rela-
tive importance of weighting parameters, models that
use DEBA could be sensitive to specification of the
loss function (Tables 5 and 6).
We restricted our analysis to, at most, five attributes

on the grounds that people are limited in their ability
to process information.8 As the number of attributes
increases, DEBA must continue to be optimal for non-
compensatory preferences. Based on work in binary
choice, Martignon and Hoffrage (1999, 2002) show
that EW becomes relatively more effective as the num-
ber of attributes increases (it is better able to discrim-
inate between alternatives). This may be true but the
trend cannot be detected in our calculations across
the three-, four-, and five-attribute cases. Finally, the
performance of DOMRAN will clearly decrease sys-
tematically as the number of attributes increases.
By the present analysis, we are not arguing that

people should always avoid trade-offs in choice. For
example, DEBA performs relatively poorly in DEBA-
unfriendly environments when the weighting func-
tion is compensatory (see, e.g., the top panel of
Table 7). Nor do we advocate the use of DOMRAN,
even though this can be surprisingly effective for
binary choice in noisy environments (Hogarth and
Karelaia 2003). If people do not face trade-offs when
these are important, they stand to make unsatisfactory
choices.

Descriptive Considerations
Do people use DEBA-like strategies, and to what
extent are choices based on binary variables? Sev-
eral experimental studies have investigated the first
issue (see, e.g., Rieskamp and Hoffrage 1999, 2002;
Bröder 2000, 2003; Bröder and Schiffer 2003; Newell
and Shanks 2003; Newell et al. 2003). The general
finding is that people do use such strategies but not
all the time. The principal deviation is that they seek
more information, that is, consider more attribute or
cue values than the models. On the other hand, such
models are preferred under task conditions that limit
information search (e.g., time pressure (Payne et al.
1993, Rieskamp and Hoffrage 2002)).

8 We also did not include an analysis of the two-attribute case. We
believe that, qualitatively, this is quite different in that in choosing
people are forced to consider one variable more important than the
other and, in this sense, face a trade-off even though they may not
need to do so precisely (see, e.g., Equation (2)).

Of particular interest to the present investigation is
the finding that people do not require many trials to
learn the relative validities of cues or, in our terms,
the relative sizes of � weights (Rakow et al. 2004).
When these differ, people can discriminate. Moreover,
as our theoretical findings showed, it is generally only
the identification of the attribute with the largest �
weight that is important.
Clearly we cannot say how often people’s choices

involve exclusively binary attributes; however, we
believe the occurrence is substantial. First, many
attributes are qualitative and naturally encoded in
binary fashion (e.g., color vs. black and white, pres-
ence vs. absence, bitter vs. sweet, and so on). Second,
although such attributes can also take continuous
forms (e.g., how bitter), what matters is how they are
viewed in the set of alternatives under consideration.
Third, whether attributes are perceived as binary or
continuous could also depend on substantive exper-
tise. Lacking expertise, decision makers might well
conceive of only two levels of attributes (e.g., good
vs. bad). On the other hand, experts might also sim-
plify complex tasks by treating continuous variables
in binary fashion. And fourth, evidence supports the
notion that, in the presence of affect, people treat vari-
ables in categorical—and often binary—fashion (Hsee
and Rottenstreich 2004).
Our analysis has implications for the learning of

preferences through experience. Specifically, if people
can successfully use simple, trade-off-avoiding strate-
gies, what incentives or possibilities exist for them
to learn to express trade-offs with greater precision?
Moreover, if feedback is deficient (Einhorn and Hog-
arth 1978, Hogarth in press), what do people really
learn when they make choices using these simple
strategies?
Finally, the fact that outcomes of the simple models

are so consistent with more complex rational models
is also important for descriptive research. It means
that tests of whether people use particular models
must focus on those few cases where choices differ
(for a good example, see Newell and Shanks 2003).

Conclusion
When attribute values are binary variables, simple
trade-off-avoiding strategies are remarkably effective
in yielding the same choices as linear multiattribute
models. We have clearly identified situations where
people can avoid trade-offs with relative impunity.
Our work, however, is but a first step in this direction,
and reaching a complete picture poses considerable
challenges. In particular, it will be important to extend
this kind of theoretical investigation to multiattribute
choices involving continuous variables with different
loss functions and more complete analyses of the role
of error.
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An online supplement to this paper is available on
the Management Science website (http://mansci.pubs.
informs.org/ecompanion.html).
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