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Coming close to the ideal alternative: The concordant-ranks
strategy
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Abstract

We present the Concordant-Ranks (CR) strategy that decision makers use to quickly find an alternative that is proxi-
mate to an ideal alternative in a multi-attribute decision space. CR implies that decision makers prefer alternatives that
exhibit concordant ranks between attribute values and attribute weights. We show that, in situations where the alter-
natives are equal in multi-attribute utility (MAU), minimization of the weighted Euclidean distance (WED) to an ideal
alternative implies the choice of a CR alternative. In two experiments, participants chose among, as well as evaluated,
alternatives that were constructed to be equal in MAU. In Experiment 1, four alternatives were designed in such a way
that the choice of each alternative would be consistent with one particular choice strategy, one of which was the CR
strategy. In Experiment 2, participants were presented with a CR alternative and a number of arbitrary alternatives. In
both experiments, participants tended to choose the CR alternative. The CR alternative was on average evaluated as more
attractive than other alternatives. In addition, measures of WED, between given alternatives and the ideal alternative,
by and large agreed with the preference order for choices and attractiveness evaluations of the different types of alterna-
tives. These findings indicate that both choices and attractiveness evaluations are guided by proximity of alternatives to
an ideal alternative.

Keywords: multi-attribute decisions, concordant ranks, strategies, weighted Euclidian distance.

1 Introduction
The modern consumer society involves many decision
situations in which one alternative needs to be chosen
from a set of several fairly attractive alternatives. This
is true for large investments such as the purchase of a
car or a home, but also for everyday consumer choices
such as deciding what to eat. In all these choice situa-
tions, there might be several alternatives that cannot eas-
ily be discarded. Indeed, a fundamental feature of market
economies is to offer several alternatives that are attrac-
tive at least for some people some of the times, depending
on their different tastes and monetary constraints. Thus,
there are markets for attractive luxury cars, attractive bud-
get cars, and so on. Usually, decision makers find a
promising alternative that serves as a candidate for the
final choice, which may be checked more or less thor-
oughly and differentiated from other alternatives before
making the final choice (Brownstein, 2003; Montgomery,
1983, 1989; Svenson, 1992). They look through car ads,
or browse a website for homes for sale, and may quickly
find a promising alternative. This ability to make quick
choices helps the consumer to solve life puzzles because
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lack of time is a fundamental feature of the modern con-
sumer society (Jäckel & Wollscheid, 2007).

The present paper is concerned with the strategies peo-
ple use in such situations. That is, how do people quickly
find the most promising alternative out of several fairly
attractive alternatives that are difficult to differentiate
from each other with respect to their overall attractive-
ness? We suggest that in such situations individuals will
choose the alternative that is close to their ideal alterna-
tive. This manifests itself by using a strategy that we call
the Concordant-Ranks strategy (CR). According to this
strategy, decision makers choose the alternative for which
there is a concordance between the rank-order of the at-
tribute values and importance weights of the attributes,
provided that the overall attractiveness of the alternatives
is approximately equal.

To study such choices and to test the validity of the
CR strategy, we presented participants with individually
tailored alternatives to choose from, each constructed to
be approximately equal in attractiveness. Assuming that
multi-attribute utility (MAU) (Humphreys & McFadden,
1980) could be used as an approximate indicator of al-
ternative attractiveness, the alternatives were constructed
such that they were equal in MAU based on attributes
and attribute weights that participants generated them-
selves. The study focused on how participants quickly
find the promising alternative (i.e., a tentative or prelimi-
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nary choice,1) rather than on how they build up a complex
argumentation structure to justify a final choice (Mont-
gomery, 1983, 1989). Therefore, participants were pre-
sented with a large number of decision situations and had
to quickly make a choice with a lack of time to build up a
more complex argumentation structure.

1.1 The Concordant-Ranks Strategy

The following hypothetical example serves as an illustra-
tion of how the CR strategy might be used for finding
an alternative that is proximate to the ideal alternative.
Imagine a person—let us call her Jane—who wants to
buy a mobile phone. Jane has found two phones: A and
B that she finds quite attractive. The two phones have
the same price. To make her choice Jane checks three at-
tributes in order of importance: the design, battery time,
and the quality of the camera (importance weights as-
sumed to be 3, 2, 1, respectively). On a scale from 0
(minimally attractive) to 100 (maximally attractive), Jane
assigns the following points to the phones on each at-
tribute: Phone A: 65 (design), 60 (battery time), 50 (qual-
ity of camera); Phone B: 70 (design), 30 (battery time),
95 (quality of camera). Jane cannot immediately differ-
entiate between the two phones with respect to over-all
attractiveness. In fact, they have the same MAU (365).
To make her choice Jane starts to look for how attractive
the two phones are on specific attributes. She begins with
the most important attribute, design, and finds that phone
B is superior (70 vs. 65). She then continues to the next
most important attribute: battery time. Here, phone B is
quite unattractive (30) whereas A has a quite a good value
(60). However, B has a very high value on the least im-
portant attribute, quality of camera (95), whereas A has
a mediocre value on this attribute (50). Jane cannot still
make up her mind. She does not want to base her decision
on just one attribute because different attributes speak in
favor of different alternatives.

To solve the problem Jane now looks for the alterna-
tive that overall is most similar to her ideal mobile phone
(i.e., a phone that is 100 on each dimension). She then
realizes that phone A, as opposed to B, has a nice pattern
with concordance between the rank-order of the attribute
values and the importance weights of the corresponding
attributes. Because of this, she experiences that phone A
is closest to the ideal alternative with attribute importance
taken into account. More precisely, all weighted dis-
tances to the ideal alternative on each attribute (attribute

1Because the instructions were given in Swedish, the usage of the
Swedish equivalent of “promising alternative” in the instructions (“lo-
vande alternativ”, 6150 Google hits) is more idiomatic (typically refer-
ring to a candidate for the final choice ) than “tentative choice” (“ten-
tatitvt val”, 1 Google hit.) and “preliminary choice ” (“prelimin?rt val”,
810 Google hits mostly referring to preliminary elections).

weight x (100 – attribute value)) are relatively short for all
attributes for this alternative. This follows from the fact
that the rank of each attribute value agrees with the rank
of the corresponding attribute weight for that alternative.
In contrast, Alternative B deviates quite a lot from the
ideal on the next most important attribute—battery time.
Later, we will show that such a pattern is at hand in a
weighted Euclidean space defined by those attributes that
characterize the ideal alternative. That is, in this space
an alternative with minimal WED to the ideal will ex-
hibit concordance between attribute values and attribute
weights provided that MAU is constant for all alternatives
(Appendix A).

Consider now a case where Jane is presented with
different phones on separate occasions, which makes it
difficult to compare them with each other on single at-
tributes. On each occasion Jane evaluates how attractive
or unattractive the relevant phone is on a scale from 1 to
100. If it is true that a CR pattern is used as a proxy for
minimization of the distance to the ideal, then one might
expect the CR alternative to be more positively evaluated
than the other alternatives, despite the fact that MAU is
the same for all alternatives. On the other hand, if a CR
pattern only is used as a tie-breaker, with no regard to
the distance to the ideal, then there is no reason to expect
more positive evaluations of single alternatives that are
available one at the time. Thus, because we believe that
distance to the ideal is a fundamental principle underly-
ing both choices and evaluative ratings, we predict that
CR alternatives will be preferred both in terms of choices
and in terms of evaluations of single alternatives.

Zeleny (1976) hypothesized that alternatives that are
close to some anchor (ideal) should be preferred. Build-
ing upon Zeleny’s notion, Zakay and Dil (1984) found ev-
idence that the preference for given alternatives depends
on the alternative’s distance to an ideal alternative. In
another study, they found that this strategy had high pre-
dictive validity in actual choices (Zakay & Barak, 1984).
In both studies, distance was calculated by summing the
importance weights across those attributes where the at-
tribute values of an offered alternative and the ideal alter-
native differed, thus not taking into account how much the
attribute values of the offered alternatives differed from
the attribute values of the ideal alternative.

According to the CR strategy, weights of the under-
lying attributes are taken in consideration when trying to
find an alternative that is proximate to an ideal alternative.
More precisely, the decision maker has access to a sub-
jectively defined decision space (Zakay & Barak, 1984)
in which offered choice alternatives (e.g., a set of mobile
phones) are characterized on a number of attributes (e.g.,
design, price, and battery time) in terms of attractive-
ness values (e.g., very attractive design, medium attrac-
tive price, and very unattractive battery time). Each at-
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tractiveness value may correspond to a certain objectively
given feature on the relevant attribute (e.g., a certain price
in a given currency), but it is assumed that the decisions
are based on the attractiveness values rather than on their
corresponding objectively given features (Montgomery &
Svenson, 1976). Furthermore, each attribute is associated
with a subjectively defined importance weight, so that the
attributes could be rank-ordered in line with their impor-
tance. Of particular importance for this study, we assume
that the decision space includes an ideal alternative. This
ideal alternative corresponds to a point in the space that is
described by the optimal attractiveness values (i.e., maxi-
mally attractive values) on the attributes that build up the
space (e.g., 100, 100, and 100). The ideal corresponds
to a mobile phone with an optimal design, optimal price,
and an optimal battery time (for other examples see Za-
kay & Barak, 1984). The decision maker’s idea of the
optimal value in terms of corresponding objectively given
features depends on his or her knowledge of and previous
experiences with the choice alternatives and may vary
across different contexts. The ideal alternative may not
actually exist, but is still an ideal to which the decision
maker would like to come as close as possible.

Rubinstein and Zhou (1999) derived a mathematical
model showing that, when the given alternatives are part
of a Euclidean space, an individual will choose the al-
ternative with the shortest Euclidean distance to a refer-
ence point within this space. However, using Euclidean
distance requires the assumption that all decision mak-
ers share the same decision space. WED allows the di-
mensions in the decision space to differ for different in-
dividuals, in that individuals place different weights on
each attribute in an alternative(De Leeuw & Pruszanky,
1978), as is also true for the MAU model (Humphreys
& McFadden, 1980). Some studies have shown, how-
ever, that attribute weights do not change preference or-
ders much (Dawes, 1979), while other studies, such as
those testing lexicographic heuristics and Elimination by
Aspects (EBA), have shown that decision makers use the
relative importance of attributes as input for their deci-
sion (Dahlstrand & Montgomery, 1984; Tversky, 1972).
In this study we tested both non-weighted Euclidean dis-
tance and WED as well as the lexicographic decision rule.

1.2 Other possible choice strategies when
alternatives are approximately equal in
overall value

When decision makers are faced with the task of making
a quick choice between several alternatives that are close
to equally attractive, at least two other possible strategies
can guide them. They can either make a random choice,
or they can base their choice on a simple and easily un-

derstood reason or heuristics.
The first strategy, making a random choice, is related

to the flat maximum principle (von Winterfeldt & Ed-
wards, 1986): when alternatives in the same choice set
have approximately the same utility, choosing between
them should be arbitrary. Several studies, however, have
shown that even when alternatives are perceived as simi-
lar, decision makers will try to differentiate them (Mellers
& Biagini, 1994; Slovic, 1975; Tversky, 1977), possi-
bly because people want to justify their decisions in a
clear-cut manner (Montgomery, 1983; Shafir, Simonson,
& Tversky, 1993). For instance, the prominence effect
(Slovic, 1975) implies that participants, when faced with
alternatives with equated overall values, select the alter-
native that is superior on more important attributes.

According to the second strategy, individuals use sim-
ple and easily understood heuristics in order to make
decisions (Gigerenzer, Todd, & the ABC Research
Group, 1999; Tversky & Kahneman, 1974). Dahlstrand
and Montgomery (1984) reported that the finding of a
promising alternative was compatible with using non-
compensatory heuristics that focus on positive attribute
values, such as the lexicographic heuristic (choice of an
alternative that is best on the most important attribute on
which it differs from other alternatives: Gigerenzer &
Goldstein, 1996; Gigerenzer et al., 1999) and the max-
imin heuristic (choice of an alternative with the best worst
outcome: Coombs, Dawes, & Tversky, 1970; Dahlstrand
& Montgomery, 1984). Heuristics can be used because
they are efficient or frugal (Gigerenzer & Goldstein,
1996) or as a supplement to MAU when this principle is
difficult to apply, or when it does not distinguish between
the choice alternatives. On the other hand, results from
other studies suggest that there is a more thorough type of
information integration in choices and judgments, which
may also involve an additive or a multiplicative type
of information integration (e.g., Birnbaum & LaCroix,
2008; Glöckner & Betsch, 2008; Juslin, Jones, Olsson,
& Winman, 2003; Lee & Cummins, 2004; Troutman &
Shanteau, 1976; for an overview of early research, see
Payne, Bettman, Johnson, & Luce, 1995). Here, Glöck-
ner and Betsch’s (2008) research is of particular relevance
for the present study. These researchers showed that,
when the information search is not restricted by the ex-
perimental procedure, quick choices might involve more
thorough information integration (consistent with MAU).
This is in contrast to earlier research where typically the
experimental procedure has led to slow sequential choice
processes, by which one piece of information is attended
to at a time, (e.g., Payne et al., 1995; Rieskamp & Hof-
frage, 1999), which in turn makes it natural for partici-
pants to use decision rules that rely on less thorough in-
formation integration.
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1.3 Present study

In order to shed light on whether decision makers use the
CR strategy in quick choices among a number of fairly
attractive alternatives, we let participants choose among
five alternatives individually tailored to have fairly high
and close to equal MAUs. In Experiment 1, four of the
alternatives were designed so that the choice of each al-
ternative would be consistent with one particular choice
strategy and not with strategies associated with the other
alternatives. Thus, the choice made by the participants
would indicate the strategy that they may have used. One
alternative had the highest value on the most important
attribute (lexicographic heuristic). One alternative had
the best worst outcome (the maximin heuristic). The lex-
icographic and maximin heuristics were tested because
these heuristics have been found to predict the selection
of a promising alternative (Dahlstrand & Montgomery,
1984). One alternative had the shortest non-weighted Eu-
clidean distance (ED) to the decision maker’s ideal al-
ternative. One alternative—the CR alternative—had the
same rank-order within its attribute values as that of the
importance weights, which also, as a rule (see Results),
had the shortest WED to the ideal alternative. Note that
the most attractive value on the most important attribute
of the CR alternative was always lower than the corre-
sponding value of the lexicographic alternative, which
means that a choice of the CR alternative could not be in-
terpreted as a choice according to the lexicographic rule.
Finally, the fifth alternative consisted of attribute values
that were arbitrary given the constraint that MAU for this
alternative was the same as for the other alternatives in
the set while it also was not compatible with the other
strategies.

If MAU itself were the single basis for choosing be-
tween alternatives, the alternatives would be chosen ran-
domly and hence have the same chance of being chosen.
If participants use any of the other tested strategies, they
would choose the alternative that was constructed to be
preferable according to the strategy used (i.e., the CR al-
ternative, the lexicographic alternative, the maximin al-
ternative or the ED-alternative). However, as already
mentioned, if participants choose the CR alternative, this
does not necessarily indicate that concordant ranks are
used as a proxy for finding an alternative with a mini-
mal distance to the ideal, because it is conceivable that
the only function of concordant ranks is to be used as a
tie-breaker between equally attractive alternatives in situ-
ation where one alternative must be chosen. In addition,
the CR alternative could be chosen as a result of sequen-
tial consideration of attributes, with the sequence affected
by attribute importance (e.g., the elimination by aspects
strategy: EBA, Gati, 1986; Payne et al., 1995; Svenson,
1979; Tversky, 1972; or the selection by aspects strat-

egy: SBA, Barthélemy & Mullet, 1992). To check the
relevance of these competing interpretations, participants
in the present study were also asked to evaluate the at-
tractiveness of single alternatives that were constructed
in exactly the same way as the alternatives in the choice
task. If this type of evaluation also favors the CR alterna-
tive, the competing interpretations will be less reasonable
because they are confined to choices only.

Experiment 2 was performed to check if a CR alter-
native is preferable in an additional context than the one
tested in Experiment 1. Similar to Experiment 1, one al-
ternative was constructed as a CR alternative, but in con-
trast, the other four alternatives consisted of arbitrary at-
tribute values.

2 Mathematical proof of compati-
bility of Concordant-Ranks Strat-
egy with minimizing distance to
an ideal alternative

In Appendix A, we present a mathematical proof con-
cerning the relationship between the CR strategy and
WED to an ideal alternative for a number of alternatives
that have the same MAU. The proof assumes that the de-
cision maker has an idea of what is maximally good on
all the important attributes, and that decision makers try
to choose an alternative that is proximate to this ideal.
Given this assumption, the proof clarifies the relationship
between MAU and WED in a situation where both MAU
and WED values are calculated from ratings of attribute
values and importance weights of the attributes used in a
given decision problem. We show first that the squares
of the rated weights that are used for calculating MAU
could replace the weights in the equation for WED. We
then show that when WED is thus defined, minimiza-
tion of WED, in a case where MAU is constant for all
alternatives, implies that the rank order of the attribute
values agrees with the rated importance weights. This
implies that searching for an alternative that has such a
relation between attribute values and attribute weights is
compatible with, although not necessarily equivalent to,
finding an alternative that is proximate to an ideal alter-
native. This also shows that alternatives that are equally
attractive in terms of MAU are not necessarily equally
attractive to the decision maker although the alternatives
reasonably still are fairly equal in attractiveness.

2.1 Discussion
It should be noted that our proof—that minimization
of WED implies concordant ranks when MAU is kept
constant—does not imply the reverse relationship—that
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a given CR alternative has lower WED than other alter-
natives with the same MAU. (Note the CR is based on
ranking, and distances can changes without changing the
ranking.) The latter relationship, that CR signals minimal
WED, is of particular importance in the present study be-
cause because we assume that decision makers may use
CR as a proxy for finding an alternative with minimal
WED. We have checked that it is indeed possible to con-
struct cases where WED is lower for another alternative
than a particular CR alternative in a situation where all
alternatives have the same MAU. Thus, it is an empirical
question to find out how often CR implies lowest WED
in given choice situations. We will report on this rela-
tionship in connection with presenting the results of the
experimental studies.

3 Experiment 1: Concordant-ranks
versus other choice strategies

In this experiment the aim was to find out if participants
would choose an alternative according to the CR strategy
rather than other possible choice strategies tested in this
study: lexicographic, maximin, Euclidean, or some arbi-
trary strategy. In addition, we examined whether the CR
alternative was evaluated as more attractive than the other
alternatives. To increase the validity of the results, the al-
ternatives were individually tailored by using attributes
that the participants themselves provided. Two different
procedures were used to identify attributes: inferring at-
tributes from thinking aloud about an imagined decision
or direct stating relevant attributes. This precaution is in
line with previous research showing that different proce-
dures for getting data on decision processes (e.g., think
aloud data or retrospective reports) may also influence the
decision process more or less strongly (Russo, Johnson,
& Stephens, 1989).

3.1 Method
3.1.1 Participants

In Experiment 1, 61 (42 women) participants from Stock-
holm University participated in the experiment. Partici-
pants were offered either course credits or a movie ticket
for their participation. Participants completed the experi-
ment individually.

3.1.2 Procedure

The following steps were conducted in Experiment 1:
1. Presentation of experiment and think aloud task.

The participants were divided into two groups who fol-
lowed different procedures for identifying their most im-
portant attributes in the given decision situation. Think-

aloud participants (N = 45) were told that the experiment
consisted of two tasks, a think-aloud task and a second
task, which would be conducted by means of a com-
puter. When participants gave consent to continue, they
received an exercise in the think-aloud method. After the
exercise, participants were randomly assigned to one of
two decision-making tasks (house choice or car choice)
with identical instructions. The same decision making
task was used throughout in later phases of the experi-
ment. Participants were told to think aloud while imag-
ining several alternatives for the given task (e.g., several
cars or houses), and to eventually choose one of the imag-
ined alternatives. Afterwards, participants were asked
some control questions such as whether they had previ-
ously encountered similar decision-making tasks. Data
from the control questions are not reported in this study
because they did not affect the results. Direct stating par-
ticipants (N = 16), instead of thinking aloud, were told
to provide a list of the most important attributes for the
given decision-making task.

2. Identification of attributes. To make it possible for
the experimenter to have time to identify participants’
important attributes from think-aloud data on the spot,
think-aloud participants completed a questionnaire on
decision-making styles (GDMS, Scott & Bruce, 1995).
Data from the GDMS questionnaires are not reported in
this study because they did not affect the results. Mean-
while, the attributes of the ideal alternative were identi-
fied by rerunning think-aloud recordings. When neces-
sary, the attributes were relabeled so that they could be
used for comparative attractiveness evaluations across al-
ternatives. This was also done for direct-stating partic-
ipants. For instance, if the subject had said that it was
important for him or her to live centrally, this attribute
was relabeled as an attribute called location. Once rela-
beled, the attributes were entered into the computer appli-
cation by the experimenter. In the forthcoming steps the
procedure was identical for think-aloud participants and
direct-rating participants.

3. Review and ranking of attributes. The computer
application presented the attributes to the participants at
the same time and in order of identification. Partici-
pants could add or remove attributes if they felt that the
attributes were not representative. After reviewing the
attributes, participants clicked “Continue” to go to the
next screen, on which the attributes that had previously
been identified were presented. Participants then rated
the importance of each attribute by distributing 100 points
across the attributes, which is in line with the Point Al-
location (PA) Method (Shoemaker & Waid, 1982). This
method has been found to result in importance weights
that are more equal to each other than is true for other
methods for generating attribute weights. However the
predictive accuracy was the same for this method as for
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other more complicated weight elicitation methods, in-
volving pairwise comparison of alternatives or attributes
(Shoemaker & Waid, 1982). Participants were informed
that the same points could not be given to two different at-
tributes and that a rating of zero could not be given to any
of the attributes. If this occurred, the participants were re-
minded of the constraints and were asked to re-enter their
answers. In addition, participants could not continue to
the next screen until the sum of the given values equaled
100.

4. Presentation and choice of alternative. After receiv-
ing and ranking the attributes, participants were then pre-
sented with instructions for the successive pages. They
were informed that ten sets of alternatives, each con-
sisting of five unique alternatives, would be presented
and that their task was to choose, as quickly as possible,
the most promising alternative. This was intended to be
equivalent to finding the best alternative within the limits
of making a quick decision. After the instructions, partic-
ipants were shown an example of how a set of alternatives
might appear. Each alternative attribute was presented as
a pie diagram, with each diagram representing the value
for that attribute. For example, an alternative consisting
of five attributes would have five pie diagrams. A full pie
diagram represented the best possible value for that at-
tribute; a half pie diagram represented a half-good value,
and so forth, with no numbers given. While viewing the
example, participants could ask questions in order to un-
derstand how the alternatives were going to be presented,
after which they could continue to the next screen.

The attributes of each alternative were presented in the
order they had been identified, which, in most cases, dif-
fered from participants’ importance weighting of them.
The pie diagrams within an alternative had the same
color, but differed in color for different alternatives. The
order of the alternatives in a set was random. For in-
stance, the lexicographic alternative could at one point be
on the leftmost side and at another point on the rightmost
side.

The choice alternatives were constructed based on the
attributes and the attribute weightings the participants had
given earlier in the experiment. Each alternative was con-
structed according to one and only one of the five tested
strategies. For example, the lexicographic alternative was
not eligible according to the maximin heuristic, shortest
Euclidean distance or shortest WED. Based on the at-
tributes and attribute weightings given by the participants,
a computer application calculated the MAU of a partici-
pant’s ideal alternative. This was assumed to consist of
maximally positive attribute values (i.e., 100 on a 0–100
scale). Afterwards, the computer application adjusted
each generated alternative’s MAU to have a value equal to
80% of the ideal alternative’s MAU. The attribute values
of each alternative were presented on graphical scales (in

Table 1: Means, standard deviations (SD) for the attrac-
tiveness evaluations and mean WEDa values of each of
the five alternative types and percent of alternative type
with the lowest WED in Experiment 1.

Think-aloud
(n=45)

Direct-stating
(n=16)

Chosen
alternative

Frequency % Frequency %

Lexicographic 77 17.1 24 15.0
Maximin 80 17.8 36 22.5
CR 187 41.5 65 40.6
Euclidean 59 13.1 18 11.3
CR 47 10.4 17 10.6

the shape of pie diagrams with no numbers given), un-
der the assumption that we could use these scales as a
proxy for people’s subjective representation of attractive-
ness levels (Svenson, 1979).

The choice of an alternative was indicated by clicking
on the radio button that was associated with that alterna-
tive. Participants could not change their choice answer
once it had been made. The mean choice time was 30.43
seconds (SD = 14.37), which we interpret as correspond-
ing to fairly quick choices.

After completing the ten choice tasks, participants in
the think-aloud group were presented with a new set of
five alternatives and were asked to think aloud while
quickly choosing the most promising alternative. These
data were collected for exploratory purposes for planning
future research.

5. Attractiveness evaluations. After alternatives were
chosen, alternatives from two previously shown sets were
randomly chosen and presented to the participants one by
one. Participants were required to assign each alternative
a rating indicating its perceived attractiveness on a scale
from 0 (not attractive at all) to 100 (most attractive).

We assumed that there was a negligible risk that partic-
ipants had memories of their previous choices that influ-
enced their evaluations because these choices involved a
large number of fairly complex alternatives (totally fifty
choice alternatives, each of which was described on three
to seven attributes).

3.2 Results and discussion
3.2.1 Choices

Table 1 shows the choice frequencies of the different al-
ternative types for each of the two attribute identification
groups: think-aloud and direct-testing.
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As indicated by t-test, there was no significant dif-
ference between the choice tasks, car or house, there-
fore the data from the two choice tasks were merged.
This was also the case for the two attribute identification
groups (think-aloud and direct-stating). Therefore, the
two groups were collapsed in subsequent data analyses.
One-way repeated measures ANOVA, with the five alter-
native types as the within-participants factor, resulted in
a strong significant effect, F (4, 240) = 23.07, p < .001.
Post hoc analysis using Fisher’s LSD showed that the CR
alternative was chosen significantly more often than the
other alternatives (p < .001). In addition, the lexico-
graphic alternative was chosen significantly more often
than the arbitrary alternative (p < .05), and the maximin
alternative was chosen significantly more often than the
lexicographic (p < .001), and the arbitrary alternative (p
< .01).

Note that the PA Method that we used for getting at-
tribute weights from participants could result in more
equal weights than is true for other weight elicitation
methods, such as methods based on pairwise comparisons
of attributes (Shoemaker & Waid, 1982). This means that
MAU computed with alternative methods would have re-
sulted in unequal MAU estimates of the choice alterna-
tives in the present study. This in turn invites the possi-
bility that the choice frequencies found for different al-
ternatives in the present study, especially the predomi-
nance of CR-choices, resulted from other MAU levels,
rather from usage of particular decision rules other than
MAU. To check for this possibility, the MAU-weights
were “stretched out” by linear transformation using the
formula Wi* =C(Wi – M) + M, where Wi* is the “new”
weight estimate for attribute i to be used in the calcula-
tions of MAU; Wi is the original “old” weight estimate
for attribute i (i.e., the weights that the participant pro-
vided using the PA method), M is the mean of all the
attribute weights in the choice set, and C is a constant
(>). We tried various values of C and found that the dis-
tribution of predicted choice alternatives was the same in
the interval C > 1.5 < 5. We chose C = 2 for the final
computations, which were conducted for all the 61 par-
ticipants in Experiment 1. This linear transformation is
justified by the fact that the weights based on the differ-
ent methods reported in the Shoemaker and Waid (1982)
study were linearly related to each other. A theoretical
rationale for the linear transformations based on range-
frequency theory (e.g., Wedell & Parducci, 1988) is de-
scribed in Appendix C.

The linear transformation resulted in some negative
MAU-weights (although the sums of negative weights
were only 1% of the sum of positive weights). For this
reason, we calculated two sets of MAU-vales, one where
weights were allowed to be negative, and one where the

negative weights were assumed to be zero. It was found
that the resulting new MAU-values indeed tended to favor
the CR-alternative (CR and highest “new” MAU coincid-
ing in 52% of the cases). However, choices of the CR-
alternative were significantly more common (42% of the
choices) than choices alternative with highest new MAU-
value, both when negative weights were allowed, (t (60) =
3.77, p< .001, choice percentage = 32%.) and when neg-
ative weights were set to zero, (t (60) = 4.14, p < .001,
choice percentage = 31%.). In sum, the predominance
of CR-choices seen in Table 1 does not seem to have re-
sulted from an equal weighting bias.

The variation in choice frequencies for each of the five
alternative types has two possible sources. One could re-
sult from variation within individuals, assuming that the
responses in the ten choice situations come from a com-
mon population of responses. This variability could be
calculated from the binomial distribution Pr = f (k; n, p),
where Pr is the probability of receiving exactly k choices
of one of the alternative types among the (n=10) choice
situations, given an expected probability p of choice of
the relevant alternative (across all samples). Another
source could result from variation between individuals,
reflecting that individuals have different propensities to
prefer specific types of alternatives. To examine the rel-
ative importance of these two sources of variation, an F-
test was conducted for each alternative type. The data
used for this test were responses from the participants.
The numerator in the F-ratio was the variance of the em-
pirically obtained distribution of choices of the alterna-
tives (df = 60). The denominator was the variance of
the binomial distribution for the same alternatives (df =
∞), with Pr estimated from the mean proportion of al-
ternative choices across individuals. Thus, to the extent
that the variance of the latter distribution underestimates
the empirical distribution across individuals, implying F
> 1, the more the variation between individuals in their
propensity to prefer a certain strategy will account for the
distribution across individuals.

Table 2 shows significant F-ratios for each of the four
alternatives that were constructed in line with a specific
choice rule, whereas the F-ratio for the arbitrarily con-
structed alternative was non-significant. This suggests
that individuals differed in their propensities to choose
a specific type of alternative with an exception for the ar-
bitrary alternative. This finding is especially clear for the
CR alternative, in which the obtained variance is more
than three times greater than the variance that would be
expected if the variability were completely due to intra-
individual factors.

Table 3 shows descriptive data illustrating the rela-
tively high inter-subject consistency. Each cell shows the
number of participants who had the relevant row choice
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Table 2: Variances of the empirical and binomial distribu-
tion, and the F-value and its probability (p-value) based
on the ratio of the variances in Experiment 1.

Chosen
alternative

Empirical
variance

Binomial
variance

F p

Lexicographic 2.33 1.45 1.61 0.01
Maximin 2.12 1.53 1.39 0.05
CR 8.12 2.41 3.38 0.01
Euclidean 1.40 1.01 1.38 0.05
Arbitrary 1.20 0.97 1.24 0.1

frequency (from zero to maximum of ten choices of that
strategy) of the relevant column alternative. The CR al-
ternative was chosen in almost half of the trials by 29
(47.5%) participants while only 8 participants (13.1%)
chose one of the other alternatives in at least half of the
trials.

3.2.2 Attractiveness evaluations

Table 4 shows means and standard deviations for the at-
tractiveness evaluations, where participants had to evalu-
ate how attractive each alternative was perceived.

The data were subjected to a 2x5 mixed model
ANOVA with attribute identification procedure as the
between-participants factor and type of alternative as the
within-participants factor. Unexpectedly, the evaluations
were lower for the think aloud procedure participants (M
= 56.89) than for direct stating participants (M = 65.29),
F (1, 60) = 6.89, p < .05. It may be speculated that this
effect follows from the more thorough analysis of the de-
cision situation than the think aloud task. However, the
effect does not interfere with the aim of the present ex-
periment, which does not concern the overall attractive-
ness level across different types of alternatives, but rather
the relative attractiveness level for different types of al-
ternatives. Indeed, type of alternative yielded a strongly
significant effect, F (4, 240) = 8.88, p < .001, but there
was no significant interaction between attribute identifi-
cation procedure and type of alternative, which indicates
that the effect of alternative type is stable across the two
identification procedures. Post hoc analyses conducted
across all 61 participants using LSD (Fisher’s) criterion
indicated that the CR alternatives were evaluated as sig-
nificantly more attractive than all the other alternatives (p
< .05). In addition, the maximin alternatives were eval-
uated as significantly more attractive than the Euclidean
and arbitrary alternatives (p < .05).

Table 4 also shows the average WED value for each
type of alternative computed according to Eq. 1 in

Table 3: Choice frequency of a particular alternative in
Experiment 1.

Choice
fre-

quency

Lexico-
graphic

Maxi-
min

CR
Euclid-

ean
Arbi-
trary

10 0 0 1 0 0
9 0 0 3 0 0
8 0 0 5 0 0
7 0 1 5 1 0
6 1 0 6 1 0
5 1 2 8 1 0
4 6 4 9 0 3
3 10 13 4 8 3
2 12 12 4 12 11
1 12 20 8 11 21

Appendix A. A 2x5 mixed model ANOVA with at-
tribute identification procedure as between-participants
factor and type of alternative as within-participants fac-
tor showed no effect of the attribute identification proce-
dure. There were strongly significant differences between
the WED values for the various types of alternatives, F
(4, 240) = 138.065, p < .001. Post hoc analyses with
Fisher’s LSD showed that all alternative types differed
significantly (p < .05) from one another with an excep-
tion for the lexicographic versus the maximin alternative.
The CR alternative had the lowest WED followed by the
maximin, lexicographic, arbitrary, and Euclidean alterna-
tive in that order. The rightmost column of Table 4 gives
the overall percentage of each type of alternative that had
the lowest WED to the ideal alternative in each choice
situation. It can be seen that the CR alternative also had
lowest WED in a large majority (85.6%) of the choice
situations.

The results of this experiment show that concordance
between the rank order of the attribute values and at-
tribute weights of an alternative seems to play an im-
portant role when decision makers are finding the most
promising alternative. In addition, the CR alternative was
evaluated as more attractive. However, it is conceivable
that the constraints imposed on the construction of alter-
natives were of importance for the results. That is, hav-
ing the same MAU, while trying to differentiate between
the alternatives according to different choice strategies,
could lead to the alternatives being constructed in such a
way that might promote choosing the CR alternative. To
control for this possibility, Experiment 2 was conducted.
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Table 4: Means, standard deviations (SD) for the attractiveness evaluations and mean WEDa values of each of the five
alternative types and percent of alternative type with the lowest WED in Experiment 1.

Think-aloud (n=45) Direct-stating (n=16)
All

participants
(n=61)

Type of alternative Mean SD
Mean
WED

Mean SD
Mean
WED

% lowest
WED

Lexicographic 56.0 17.0 1052 64.9 17.7 1026 8.0
Maximin 59.3 17.1 1024 66.8 18.2 1024 3.3
CR 65.0 12.4 949 72.3 18.2 934 85.6
Euclidean 50.4 18.7 1121 60.9 21.4 1134 0.2
Arbitrary 53.8 14.9 1065 61.6 18.9 1058 3.1

4 Experiment 2: Concordant-
Ranks versus arbitrary strategy

In this experiment, we relaxed the constraints under
which the alternatives were constructed, to check if a CR
alternative would still be preferred to other alternatives
with the same MAU. More specifically, one alternative
was in line with the CR strategy while the other alterna-
tives consisted of arbitrary attribute values. In addition,
the alternatives were constructed to be less similar to each
other although still having the same MAU. We checked
that the choice according to the CR alternative would be
at hand also in this experiment.

4.1 Method
4.1.1 Participants

A total of 31 undergraduate students (21 women) from
Stockholm University participated. The subject recruit-
ing procedure was the same as in Experiment 1 and 2.

4.1.2 Construction of choice alternatives.

One out of the five alternatives in a choice set was com-
patible with the CR strategy. The remaining four alterna-
tives were forced to be incompatible with the CR strategy
and consisted of arbitrary attribute values as long as the
overall MAU was the same for all the alternatives in a set.
In addition, each alternative in a choice set had to differ
from the other four alternatives by 10 points (on the 0
to 100 scale used for the attribute values) on at least one
attribute. This was done because the computer otherwise
generated alternatives that would be difficult to differenti-
ate from the CR alternative. It should be noted that the ar-
bitrary alternatives in this experiment were different from

the ones in Experiment 1 in that by chance they could be
compatible with the lexicographic, maximin or Euclidean
choice strategies.

4.1.3 Procedure

The procedure in Experiment 2 was the same as in Ex-
periment 1. The mean time to make a choice was 26.00
seconds (SD = 10.48).

4.2 Results and discussion

4.2.1 Choices

Conducting a one-sample t-test on the difference between
the actual percentage of choices of the CR alternative
and the expected percentage of choices (20%) computed
for each subject across the ten choice sets again showed
that the CR alternative was significantly more chosen
(29.4%) as compared to the arbitrary alternatives on av-
erage (17.7%), t (30) = 2.346, p < .05.

4.2.2 Attractiveness evaluations

A paired sample t-test on the attractiveness values of CR
alternative and the arbitrary alternatives showed that the
CR alternative was rated as significantly more attractive
(70.23) than the arbitrary alternatives (65.15), t (30) =
2.349, p < .05. It may be concluded that choices in line
with the CR strategy again were the most common type
of choices among alternatives that were equal in MAU.
Also, in terms of attractiveness evaluation, the CR alter-
native was evaluated as more attractive than the arbitrary
alternatives.
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5 General discussion

The aim of this study was to investigate strategies de-
cision makers may use when making quick choices and
attractiveness evaluations where the alternatives are ap-
proximately equal in overall value. At least three deci-
sion strategies are possible: using the CR strategy, ran-
dom choice, and use of simple decision heuristics. In two
experiments, comprising a total of 92 participants, it was
found consistently that the most frequently chosen alter-
native was the CR alternative. Using alternative weights
in the MAU assessments indicated that it indeed was the
availability of a CR pattern that explains this result rather
than a higher true MAU value of the CR alternative. Thus,
the predominance of the CR strategy seems to be quite ro-
bust by not requiring strict equality of true MAU values
for the alternatives at hand.

The runner-up chosen alternative in Experiment 1 was
the maximin alternative, and the third most chosen alter-
native was the lexicographic alternative. These results
imply that heuristic-based strategies seem to be preferred
by some individuals (Dahlstrand & Montgomery, 1984).
A reason that the heuristic-based alternatives were not
the overall most chosen alternatives may be found in the
information search process. Both the lexicographic and
maximin heuristics consider a small portion of the in-
formation and stop looking as soon as this information
search is satisfied. However, empirical findings show
that in many situations, including situations where quick
choices are required, decision makers search through
more information (for examples see Glöckner & Betsch,
2008; Lee & Cummins, 2004; Troutman, & Shanteau,
1976). The CR strategy takes into account all given infor-
mation, although on a rank order level. No computations
are needed except checking the rank order of attribute val-
ues and importance weights.

Choosing the CR alternative may overlap with using an
EBA (or SBA) decision strategy. To check for this pos-
sibility, each subject evaluated the attractiveness of ten
randomly selected alternatives. If the participants used
an EBA strategy, then judging each alternative indepen-
dently would not give consistently higher ratings for an
alternative because it would be difficult for them to search
for information across the alternatives as is required by
EBA. Conversely, if a CR strategy was used, then the al-
ternative selected by the CR strategy should be judged as
more attractive because it is closer to the ideal than the
other alternatives, as was indeed found in both Experi-
ment 1 and 2. Moreover, the fact that the CR alternative
tended to be preferred both in choices and in attractive-
ness evaluations support the idea that the CR strategy is
used as a proxy for finding the minimum distance to an
ideal, independently of the type of judgment, rather than
just being used as a tie-breaker.

The present results may be related to research on the
prominence effect (Slovic, 1975; Tversky, Sattah, &
Slovic, 1988) that decision makers will choose an alterna-
tive (e.g., an apartment) that is better on the more impor-
tant attribute (e.g., price), but worse on less important at-
tribute (e.g., location), although the two alternatives have
been matched to be equal in attractiveness. Interestingly,
in a series of studies, Montgomery, Selart, and their col-
laborators found that the prominence effect is also ob-
tained not only for choices but also for attractiveness eval-
uations (Montgomery, Selart, Gärling, & Lindberg, 1994;
Selart, Montgomery, Romanus, & Gärling, 1994; Selart,
Gärling, & Montgomery, 1998), which implies that more
important attributes loom larger in both choices and at-
tractiveness evaluations as compared to matching tasks.
This pattern of results parallels the present findings that
more important attributes loom larger in choice and at-
tractiveness evaluations than was expected from MAU
estimates. To the extent that alternatives that have been
matched as being equally attractive corresponds to equal
MAU, these paralleling results mean that there might be
a common explanation for the present findings and the
prominence effect. That is, the prominence effect could
result from the fact that choices and attractiveness eval-
uations, but not the performance in matching tasks, are
guided by closeness to an ideal alternative.

Support for the possibility that WED to an ideal alter-
native may explain results in Experiment 1 comes from
the fact that WED was related to type of alternative in the
same way for choices and attractiveness evaluations, with
one minor exception (choice of arbitrary vs. Euclidean in
Experiment 1). According to all three types of data (i.e.,
choices, evaluations and WED) the CR strategy was most
preferable followed by maximin, lexicographic, arbitrary
and Euclidean, in that order. These results are compat-
ible with weighted Euclidean distance to an ideal being
a general principle guiding the evaluation of alternatives
that are about equally attractive, with CR as the most dis-
tinct manifestation of WED to the ideal.

The present study concerned relatively quick choices.
However, it is possible that the results also shed light
on more prolonged decision processes. As already men-
tioned, a great number of studies have shown that people
tend to make a preliminary decision quite early in the de-
cision process and that they tend to stick to this choice in
their final decision, although this decision may be justi-
fied in terms of arguments that emerge after the prelimi-
nary decision (Montgomery, 1983; 1989).

Finally, a note of caution should be made with regard
to the significance of the present results. The data do not
clearly discern MAU from WED as choice principles, be-
cause MAU was kept constant in both experiments. It
cannot be excluded that participants (mistakenly) used
concordant ranks as a proxy for evaluating MAU rather
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than WED. It would be of interest to design choice exper-
iments in which choice alternatives are tailored in such a
way that MAU and WED predict different choices inde-
pendently of whether the rank order of attribute values
and importance weights agree or not for a given alter-
native. Moreover, additional research is needed to test
whether concordant ranks are used as proxy for mini-
mization of WED to an ideal. Possibly, the CR strat-
egy is used with no regard to WED or, conversely, that
minimization of WED does not rely on CR but on some
other unknown judgment strategy. In addition, it may be
argued that the procedural difference in the think-aloud
and direct-stating groups could have led to different rea-
soning when choosing. However, results indicated that
there were no differences between the groups in terms
of preferred choice strategy and therefore it is plausible
to assume that, even though the attributes were derived
differently in the two groups, the choices were still con-
sistent with the CR strategy.

Although other possibilities of interpreting the data
remain, arguments can be raised in support of our
approach—and against the alternative interpretations.
First, the assumption that the predominance of choices
of the CR alternative reflects minimizing the WED to an
ideal has a clear theoretical rationale, as shown by the
mathematical proof in Appendix A. The validity of this
theoretical rationale is strengthened by the fact that the
CR alternatives in a large majority of the choice situations
had shorter WED to the ideal than was true for the other
choice alternatives. The lack of a corresponding theoret-
ical rationale in other strategies gives an advantage to the
CR strategy. Second, there is the striking fact that not
only choices but also attractiveness evaluations favored
the CR alternative. The alternative interpretations dis-
cussed earlier do not explain why also the attractiveness
evaluations favored the CR alternative. Third, in contrast
to the alternative interpretations, the results of the present
study suggest an overriding principle—minimization of
WED to an ideal—as a basis for the preference order be-
tween all the different types of alternatives investigated
in the present study.

In summary, the results from the present two experi-
ments support the possibility that choices could be based
on the concordance of the rank order of the attribute val-
ues in an alternative and the corresponding importance
weights. In addition, such an alternative will also have the
shortest WED to an ideal alternative, provided that MAU
is kept constant across alternatives. Especially striking is
that attractiveness evaluations of single alternatives also
showed a tendency to favor the CR alternative, which
speaks against explanations based on comparisons be-
tween alternatives. Moreover, the notion that proximity
to an ideal is of importance for choice and attractiveness
evaluations is further underpinned by the high degree of

agreement between the WED measures and preference
order for choices and attractiveness evaluations of differ-
ent types of alternatives. However, additional research
is needed to clarify the generality of the findings of the
present study.
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Appendix

A Proof that minimized weighted
Euclidean distance implies agree-
ment between rank-order of
weights and attribute-values
given a constant MAU

We will now prove that an alternative having minimized
weighted Euclidean distance to an ideal alternative will
also have the same rank-order within the attribute values
and importance weights as in the ideal alternative, given
a constant MAU. The shortest non-weighted Euclidean
distance, d, is calculated by the Pythagorean Theorem:

d =

√√√√
n∑

i=1

(o− ai)2.

where ai is the attractiveness value on attribute i, and o
is the attractiveness value on any attribute of the ideal al-
ternative (o is assumed to be constant for all attributes).
The weighted Euclidean distance used in his paper, is
based on squared weights (de Leuw & Pruszanky, 1978)
That is, the non-squared difference (o− ai) is multiplied
by a weight wi. It is then assumed that the weights
can be seen as included in the distance implying that
wi(o−ai) is equivalent to the distance wiai−wio. Squar-
ing this expression yields w2(o− ai)2. Thus, the shortest
weighted Euclidean Distance (WED) between an alterna-
tive j, (e.g., the WED alternative) and the ideal alterna-
tive is calculated by including the squared weight of each
attribute:

WEDj =

√√√√
n∑

i=1

w2
i (o− ai)2. (1)

where wi is the importance weight of attribute i.
For simplification assume the following notation:

Ii = wio.

Xi = wiai.

We show the theorem for three attributes, a generaliza-
tion is straightforward.
We rewrite WEDj :

WED2 = (I1 −X1)2 + (I2 −X2)2 + (I3 −X3)2 =

I2
1 + X2

1 − 2I1X1 + ... + I2
3 + X2

3 − 2I3X3. (2)

Because o is constant, WED2 can be computed as a func-
tion of the variables X1, X2, and X3:

F (X1, X2, X3) = (I2
1 + I2

2 + I2
3 ) + (X2

1 + X2
2 + X2

3 )

−2(I1X1 + I2X2 + I3X3).

We assume a constant MAU, k, which implies:

k = X1 + X2 + X3. (3)

We next prove that the alternative with minimized Eu-
clidean distance and constant MAU must have the same
order on its attributes as the importance weight of the
ideal alternative. The proof makes use of Lagrange multi-
pliers, whereby we minimize the squared WED, given by
the function F , under the constraint of a constant MAU:

L(X1, X2, X3, λ) = F (X1, X2, X3)−λ(X1+X2+X3−k).

As customary, we differentiate L with respect to each
of the variables and equate with 0 to get the critical val-
ues:

∂L

∂X1
= 2X1 − 2I1 − λ = 0. (4)

∂L

∂X2
= 2X2 − 2I2 − λ = 0. (5)

∂L

∂X3
= 2X3 − 2I3 − λ = 0. (6)

∂L

∂λ
= (X1 + X2 + X3 − k) = 0. (7)

A rearrangement of the above gives:

X1 =
λ

2
+ I1. (8)

X2 =
λ

2
+ I2. (9)

X3 =
λ

2
+ I3. (10)

X1 + X2 + X3 = k. (11)

The sum of the Equations 8, 9 and 10 is:

λ

2
+ I1 +

λ

2
+ I2 +

λ

2
+ I3 = X1 + X2 + X3 = k

⇒ λ

2
=

k

3
− 1

3
(I1 + I2 + I3). (12)

According to Equations 8, 9, and 10:

I1 −X1 =
λ

2
, I2 −X3 = −λ

2
, I3 −X3 =

λ

2
. (13)

According to Equations 12 and 13:

I1 −X1 = I2 −X2 = I3 −X3 =
1
3
(I1 + I2 + I3)− k

3
.

We now substitute Ii and Xi to solve the minimized at-
tributes ai:

Ii −Xi = wio− wiai =
(w1 + w2 + w3)o− k

3
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⇒ ai = o− (w1 + w2 + w3)o− k

3wi
. (14)

Note that o and the numerator in equation 14 are the
same for every attribute ai. Hence, the weight wi in the
denominator determines the attribute value for ai. This
shows that the higher the weight, the higher the attribute
value. Given unique attribute values, this implies the at-
tribute values are in the rank-order.

Q.E.D

The above proof can be extended by the following
corollary, which shows shorthand for calculating the
weighted minimum Euclidean distance for the given
MAU(k). Substituting Ii − Xi with equation 13 gives
the minimum WED(WEDmin)

WED2
min =

(
(w1 + w2 + w3)o− k

3

)2

+

(
(w1 + w2 + w3)o− k

3

)2

+

(
(w1 + w2 + w3)o− k

3

)2

= 3
(

(w1 + w2 + w3)o− k

3

)2

WEDmin =
1√
3
(w1 + w2 + w3)o− k.

B Calculation of constant MAU for
each alternative

In order to apply MAU values that were 80% of the ideal
alternative, we first calculated MAU for the ideal alter-
native, and then we reduced MAU for the generated al-
ternatives with 20%. The MAU for the ideal alternative
(MAUopt) was calculated by:

MAUopt =

(
n∑

i=1

owi

)
.

where o is the ideal value that is considered to always
be 100 and wi are the attribute weights given by the
participants. This means that MAUopt will always be
10000 (because the weights always sum up to 100 for
any number of attributes). In order to get the desired
MAU(MAUD), which was 80% of MAUopt (hence is
8000), on each generated alternative, we used the follow-
ing function:

MAUD = 0.8×MAUopt.

We let the computer generate random numbers Ri with
mean=80 (80% of the ideal value 100) and SD=10. Our
generated alternative has MAU:

MAUR =
n∑

i=1

Riwi.

MAUR will most likely not be equal to MAUD, we there-
fore modify Ri such that MAUR = MAUD. We do this
compensation by multiplying each Ri by a constant c, to
get the desired MAU. The constant is:

c =
MAUD

MAUR
.

So we will now have attribute values ai, where

ai = Ric = Ri
MAUD

MAUR
.

We repeat generating random numbers to ensure that
≤ ai ≤ 100. We verify that our alternative will have
MAU equal to MAUD:

MAUD = c×MAUR =
n∑

i=1

aiwi = c

n∑

i=1

Riwi.

Because the computer generated alternatives with
MAU value equal to 8000, the attribute values could
sometimes be in decimals. These values were rounded to
the closest whole number implying a maximal deviation
of 0.5/8000 = 0.0625%.

C Theoretical basis, based on range
frequency theory, for linear
transformation of the attribute
weights estimated in the present
study

A theoretical basis for the linear transformations calcu-
lated on the attribute weights in the present study can be
found in range frequency theory (e.g., Wedell & Parducci,
1988):

J = wR + (1− w)F.

where J is the observed judgment for a given stimulus S
in a given context, w is a weight (< 1), R is the range
value of the stimuli (= the position of S on a continuum
going from Smin to Smax in the included context) and
F is the frequency value for S (= the rank of S in the
total number of contextual stimuli). In our data J will
be the empirical weight estimates, R will be the weights
that actually were used by the participants in choice and
judgment, and F = the frequency the value of the weight.
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Assuming that the weight estimates are anchored in equal
weights (Weber & Borcherding, 1993) implies that the F
can be assumed to be equal to the mean of the weights
given by the participants for a given set of alternatives (if
the ranks are expressed in terms of percentages). Solving
for R, letting R = W∗i and J = Wi (i = attribute i) and
letting F = M (of the weights), yields:

W∗i =
(Wi − (1− w))M

w
.

This equation can be reformulated to the equation that
we used for the linear transformations of the weight es-
timates used in our “old” MAU data: W∗i = C(Wi −
M) + M , if we let C = 1

w .
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