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ABSTRACT

In this paper, we present a new approach for the optimal experimental design problem of generating diagnostic choice tasks, where the respondent’s
decision strategy can be unambiguously deduced from the observed choice. In this new approach, we applied a genetic algorithm that creates a one-
to-one correspondence between a set of predefined decision strategies and the alternatives of the choice task; it also manipulates the characteristics
of the choice tasks. In addition, this new approach takes into account the measurement errors that can occur when the preferences of the decision
makers are being measured. The proposed genetic algorithm is capable of generating diagnostic choice tasks even when the search space of
possible choice tasks is very large. As proof-of-concept, we used this novel approach to generate respondent-specific choice tasks with either
low or high context-based complexity that we operationalize by the similarity of alternatives and the conflict between alternatives. We find in
an experiment that an increase in the similarity of the alternatives and an increase in the number of conflicts within the choice task lead to an
increased use of non-compensatory strategies and a decreased use of compensatory decision strategies. In contrast, the size of the choice tasks,
measured by the number of attributes and alternatives, only weakly influences the strategy selection. Copyright © 2014 John Wiley & Sons, Ltd.
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INTRODUCTION

When shopping online and choosing between products,
customers usually cannot interact with employees and in-
stead rely on the online shop to offer appropriate decision
support. Thus, the success of online stores heavily depends
on understanding how customers decide when choosing
between alternative products. Offering the appropriate deci-
sion support tools is a challenge for designers of online stores
because not all decision makers use the same decision
strategy (Einhorn & Hogarth, 1981; Gigerenzer & Selten,
2001; Payne, Bettman, & Johnson, 1993). Indeed, the particular
decision strategy used by a customer can vary according to
the customer’s personal characteristics and social context,
as well as according to the characteristics of the choice task
(Payne et al., 1993). Therefore, the designer of an online
store does not usually know which particular decision
strategy is being used by the customer.

This problem can be overcome by gaining a better under-
standing of people’s decision behaviors and by improving
the models of decision behavior. Not only can better models
of decision behavior be used to develop decision support
tools that facilitate the purchase process, they can also help
predict customers’ buying decisions (Feit, Beltramo, &
Feinberg, 2010; Guo, 2010; Wright, 1975). Consequently, a
number of researchers in behavioral economics, consumer
psychology, and cognitive and marketing science focus on
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understanding adaptive decision-making behavior (Montgomery
& Svenson, 1976; Hauser & Wernerfelt, 1990; Luce, Payne, &
Bettman, 1999; Payne, 1976; Shugan, 1980; Gigerenzer &
Selten, 2001; Bettman, Johnson, Luce, & Payne, 1993; Swait
& Adamowicz, 2001).

Up until now, two standard methods have been used to
study decision making: procedural methods and outcome-
based methods. Procedural methods infer the decision
strategy used from the sequence of actions performed by
the decision makers during the decision process. However,
these procedural methods often fail at determining what
particular strategy was being used (Broder & Schiffer,
2003; Ford, Schmitt, Schechtman, Hults, & Doherty, 1989;
Ball, 1997; Rieskamp & Hoffrage, 1999; Reisen, Hoffrage,
& Mast, 2008). Recently, some authors have offered an
approach to overcome this problem (see Johnson, Schulte-
Mecklenbeck, and Willemsen, 2008, for an example). In
contrast to procedural methods, outcome-based methods
define a few decision strategies beforehand and search for
the decision strategy that best explains the final decision.
However, these methods do not differentiate well between
strategies because several different strategies can often lead
to the same choice (Broder, 2000; Broder & Schiffer, 2003;
Rieskamp & Hoffrage, 2008; Glockner, 2009; Rieskamp &
Hoffrage, 1999). Creating choice tasks where the outcomes
of the decision strategies sufficiently differ from one another
is known as the diagnostic task selection problem (Jekel,
Fiedler, & Glockner, 2011). This problem has gained increas-
ing interest in the past years.

The diagnostic task selection problem is an optimal
experimental design problem. In optimal experimental design
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problems, different goals can be pursued, such as choosing
optimal treatment levels and/or improving the efficiency by
generating stimuli that minimize the variances and covariances
of the parameter estimates (Atkinson & Federov, 1992;
Kuhfeld, Tobias, & Garratt, 1994). Improving the efficiency
of experimental designs has been of great interest to
researchers working on linear and generalized linear choice
models (e.g.,Kuhfeld et al., 1994; Goos, Vermeulen, &
Vandebroeak, 2010), or on nonlinear choice models (Myung
& Pitt, 2009; Cavagnaro, Myung, Pitt, & Kujala, 2010), for
example, when discriminating generalized expected utility
models and probability weight functions in the case of risky
choices (Cavagnaro, Gonzalez, Myung, & Pitt, 2013;
Cavagnaro, Pitt, Gonzalez, & Myung, 2013). However, when
the number of possible stimuli is very high and the experimen-
tal design problem cannot be solved analytically, solving the
task selection problem becomes computationally very
challenging. Myung and Pitt (2009) addressed this problem
and proposed a sequential Monte Carlo search for generating
random samples of the potential stimuli using simulated
annealing. Their method searches for an experimental design
that best differentiates between the choice models under
consideration. The drawback of their method is that it can only
differentiate between two models and it requires high-
dimensional integration. Furthermore, the effects of the design
variable must be expressed in explicit functional form, which
typically does not allow the model to be applied to problems
where the relationship between design and user behavior is
unclear or inferred from experiments. Consequently, it is diffi-
cult to systematically test the influences of, for example, choice
task characteristics because there is no functional relationship
between choice task characteristic and outcome; furthermore,
many observations per subject are needed.

In this paper, we propose an optimal experimental design
approach to solve the diagnostic task selection problem. The
properties of our approach are the following:

1. Assuming a predefined set of possible decision strategies,
the approach creates efficient designs by constructing
choice tasks in such a way that each available alternative
is consistent with only one possible decision strategy. It is
thus possible to identify the strategy used by a decision
maker because the decision strategy can be unambigu-
ously deduced from a single choice decision.

2. The choice tasks are designed in such a way that the unam-
biguous assignment of alternatives to decision strategies is
robust with respect to small modifications of the choice tasks.

3. In addition to ensuring an efficient design, our optimal
experimental design method allows optimal treatment levels
to be chosen: It manipulates the characteristics of the choice
tasks (e.g., the complexity of the choice task). This makes it
possible to systematically create respondent-specific choice
tasks that are maximally different in terms of predefined
characteristics chosen by the researcher.

4. The approach is fast enough to be used for scenarios
where choice tasks with high diagnosticity are individu-
ally generated for each respondent.

The closest work to ours is the Euclidean Diagnostic Task
Selection (EDTS) approach by Jekel et al. (2011). In addition
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to the observation of the outcome (choice decision), the
authors include two behavioral measurements that allow
them to differentiate between different decision strategies
even when several strategies explain the same choice. They
generated choice tasks with maximal diagnosticity by creat-
ing all possible choice tasks and choosing the ones that had
the lowest overlap of strategies and had large differences in
the two following behavioral measurements: predicted times
of the competing strategies and perceived confidence levels
of these strategies. Because Jekel et al.’s approach relies on
the generation and evaluation of all possible choice tasks,
the computational costs are high for scenarios where the
search space of possible choice tasks is large. Large search
spaces are not uncommon, given that already in scenarios
with just four alternatives, five attributes, and four attribute
levels, there are about 4°°~10'? potential choice tasks
(including the symmetric ones). The problem of high compu-
tational costs further compounds when respondent-specific
choice tasks are needed and/or additional treatment level
characteristics of the choice tasks are manipulated—two
scenarios that were not considered by Jekel et al. (2011) in
their exact algorithm. Therefore, we suggest a genetic
algorithm (GA) that is fast and produces choice tasks with
a high diagnosticity, although it does not guarantee finding
the optimal experimental design. Indeed, it can generate as
many alternatives per choice task as there are strategies to
be distinguished from one another and does not rely on
additional behavioral measurements. Nevertheless, if needed,
our approach can easily take into account behavioral
measurements as well.

We will demonstrate the applicability and benefits of the
new approach in an experimental study where the search
space of potential choice tasks is large and where
respondent-specific choice tasks with high and low complex-
ity are generated, respectively. The complexity of a choice
task is described by two different aspects: the attribute
variance (which measures the similarity of alternatives) and
the pairwise inter-attribute correlation of the utilities (which
measures the number of conflicts in a choice task) (Bettman
et al.,, 1993; Luce, Bettman, & Payne, 1997). These two
context-based complexity measures are highly relevant in
real-world buying decisions where a large product variety of-
ten forces the user to choose between similar high-quality
products whose features have to be traded off against each
other (Fasolo, Carmeci, & Misuraca, 2009). Despite the
practical relevance of these complexity measures, few studies
analyze the influence of these measures on decision-making
behavior (Scheibenhenne, Greifeneder, & Todd, 2010;
Pfeiffer et al., 2014). In order to fill this gap in the research,
we formulated two hypotheses stating that both an increase in
similarity and an increase in number of conflicts lead to an in-
crease in the use of non-compensatory, low-effort strategies
and a decrease in the use of compensatory, high-effort strategies.
In our experimental design, we considered two strategies that
fall into each of these two groups and tested the hypotheses in
an experimental study using choice tasks generated by
the new approach. The empirical findings confirmed the two
hypotheses, and the results showed that the two context-based
complexity measures influence strategy selection more
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than the number of alternatives or attributes does. This
latter finding is a new contribution to the decision-making
literature.

The paper is structured as follows. In the next section, we
formally describe decision strategies, discuss several ap-
proaches to measure decision behavior, and elaborate on the
problem of task diagnosticity. Then, we introduce our optimal
experimental design approach and point out how it differs from
related approaches. In the next section, we evaluate our ap-
proach by showing how it generates choice tasks with high
diagnosticity and also with optimal treatment levels. Then,
we present a proof-of-concept: We show that our approach
generates an experimental design that yields results that can
contribute to literature about the influence of complexity on
choice behavior. We end the paper with a conclusion and an
outline of limitations and avenues for future research.

DECISION BEHAVIOR

Decision strategies

In a choice task c, decision makers select product p from a set
of n product alternatives P={py, ..., p, }. All alternatives are
characterized by the same set of m attributes A= {ay, ..., a,,}.
Given the set L; of possible attribute levels, each attribute «;
can take a value ¢ € L;. For all attributes, the function o;( p),
where o;: P— L;, assigns an attribute level to each product
p € P. As an example, we can characterize cell phones by a
set of different attributes, such as price, brand, and battery
runtime. For all n different cell phones, o anq( ) assigns an
attribute level (e.g.,Nokia, Siemens, and Motorola) to the
“brand” attribute of phone p. Likewise, opice(p) and
Opateryruntime( P) assign an attribute level to the “price” and
“battery runtime” attributes of phone p.

A decision maker’s preferences are characterized by several
properties such as the importance w(a;) of an attribute a;, the
utility u(l) of an attribute level / € L;, or the aspiration function
s(a;) of an attribute. The importance w(a;) : A — R determines
how important an attribute a; is for the choice decision. The
utility u(l): L;— R determines the utility of the different
attribute levels [ € L; for the decision maker. The aspiration
function s(a;):A—uUL; assigns the decision maker’s
unacceptable attribute levels to each attribute a;.
Decision strategies describe the behavior of a decision
maker when choosing an alternative from a set P of prod-
uct alternatives. Common examples of decision strategies
are as follows (Glockner, 2009; Riedl, Brandstitter, &
Roithmayr, 2008):

. Weighted Additive Difference (WAD) (Fishburn, 1970);
. Simple Majority Decision Rule (MAJ) (Arrow, 1951);

. Lexicographic Heuristic (LEX) (Tversky, 1969); and

. Elimination by Aspect Strategy (EBA) (Tversky, 1972).

SN =

Weighted Additive Difference is the classic utility-
maximizing strategy (Anderson, 1974; Payne et al., 1993).
Given the utility U of an alternative p as

m

U(p) = wla) - u(ai(p)), (1)

i=1
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a decision maker applying WAD selects the alternative with
the highest utility max, < p(U(p)). The utility of an alternative
is the sum of the weighted utilities corresponding to its
attribute levels.

Simple Majority Decision Rule is a majority decision rule.
For each alternative p € P, a decision maker counts the number
M of attributes where the attribute level utilities are equal to or
higher than the attribute level utilities of the other alternatives as

M(p) = Hai € Alu(ai(p)) = u(ei(q)),Vq € P,q # p}| (2)

A decision maker applying MAJ chooses the alternative
with the highest number of best attribute levels max,,  p(M(p)).

LEX considers attributes in decreasing order of impor-
tance and chooses the alternative whose attribute level utility
is highest for the most important attributes. Formally, we or-
der the m different attributes in a vector A" =(ay, ...,a,,) such
that w(a;) > w(a; , 1). Given the utility vector v;=(u(a( p;)), u
(ax(p)), ..., u(a,,(p;))) of an alternative p, € P, we order V=
(v1, V2, ...,v,) lexicographically in decreasing order. Then,
LEX selects the first element of the lexicographically ordered
vector V.

The deterministic version of EBA considers attributes in de-
creasing order of importance and removes alternatives from the
set of product alternatives if their attribute level is unaccept-
able.! The strategy stops if there is only one alternative left or
if all the attributes have been considered (Tversky, 1972; Mont-
gomery & Svenson, 1976; Thorngate, 1980; Yee, Dahan,
Hauser, & Orlin, 2007). With A" ordering the m attributes ear-
lier (w(a;) >w(a; 1)) and P;={p € Pla,(p) € s(a;)}, we define
Pi={pe P’p € P;,Vj < i}. P; contains all products that are
unacceptable on the ith most important attribute; P; contains
all products that are unacceptable on at least one of the i most
important attributes. Let max € {1, ...,m} be the largest index
such that P, . # P; EBA selects the product(s) P — P} ..

All four strategies have a long history in decision-making
research. WAD (Tversky, 1969; Fishburn, 1970; Montgomery
& Svenson, 1976) and MAJ (Inada, 1964; Arrow, 1951) are
two examples of compensatory decision strategies where the
low level of a product attribute can be compensated by the high
level of another attribute. WAD is a weighted utility maximiza-
tion model that is often the assumed normative model of deci-
sion making (Anderson, 1974; Dawes, 1979; Payne et al.,
1993), while MAJ is a strategy that maximizes the number of
dominant attribute levels (Riedl et al., 2008). Both strategies
use all the information presented in a choice task. Thus, the
computational effort of WAD and MAJ is high, because a
decision maker must consider all the attribute levels. For
WAD, she must in addition weight the attributes and assign
utilities to the attribute levels. By contrast, LEX and EBA are
non-compensatory, simplifying, low-effort strategies that use
only part of the information in a choice task (Tversky, 1969,
1972; Fishburn, 1974). Such strategies often iteratively focus
on one attribute and reduce the number of available alternatives
without taking into account the other attributes. For example, a
low attribute level utility can immediately exclude an

'The original version of the EBA is stochastic and considers attributes in a
probabilistic order that depends on the importance of the attributes.
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alternative from a choice task, independently of the attribute
levels of'its other attributes. Thus, non-compensatory strategies
are selective in their information search and often require little
cognitive effort (Rieskamp & Hoffrage, 2008). It has been
shown that simple decision strategies can be very effective
and yield decisions of high quality (Hogarth & Karelaia,
2005; Astebro & Elhedhli, 2006).

Measuring decision behavior

To explain and determine the strategies applied by decision
makers, researchers use two common approaches in empiri-
cal studies of adaptive decision making (Harte & Koele,
2001). First, procedural methods infer the decision strategies
used by individuals by observing the sequence of actions
they follow before stating their final choice (Ford et al.,
1989; Einhorn & Hogarth, 1981). To this end, studies use
verbal protocols(Biggs, Bedard, Gaber, & Linsmeier, 1985;
Bettman & Park, 1980; Ball, Langholtz, Auble, & Sopchak,
1998; Crow, Olshavsky, & Summers, 1980), eye tracking
(Russo, 1978; Russo & Dosher, 1983; Russo & Leclerc, 1994;
Reisen et al., 2008; Pfeiffer et al., 2014), and computerized
process-tracing tools (Cook & Swain, 1993) such as
MouseLab (Bettman et al., 1990) and extensions of MouseLab
(Jasper & Shapiro, 2002; Schulte-Mecklenbeck, Kuehberger,
& Ranyard, 2011). For an overview of process-tracing
methods, the reader can refer to Schulte-Mecklenbeck,
Murphy, and Hutzler (2011).

Second, outcome-based methods can be divided into
structural approaches and comparative model fitting (Broder
& Schiffer, 2003). Structural approaches use formal models
that represent the relationship between the attribute level utili-
ties of the alternatives in a choice task and the final choice
made. These approaches search for a single, parsimonious
choice model that maximizes the likelihood of correctly
predicting the respondent’s final choice (Harte & Koele,
2001; Feit et al., 2010; Tsetlin & Winkler, 2009; Ding, Park,
& Bradlow, 2009). These structural approaches often use a lin-
ear additive utility function (equivalent to the WAD strategy).
The advantage of fitting the parameters of a linear additive utility
function is that other strategies, like LEX, can be modeled as
sub-models of WAD if the utility functions fulfill certain
conditions (Martignon & Hoffrage, 2002; Kohli & Jedidi, 2007).

Comparative model fitting is a more recent approach in
which several models compete for the best explanatory
power for a given data set (Dhami & Ayton, 2001; Hoffrage,
Hertwig, & Gigerenzer, 2000; Gilbride, & Allenby, 2004;
Garcia-Retamero, Hoffrage, & Dieckmann, 2007).
Parameters of the competing models are defined beforehand,
and maximum likelihood methods are used to compare the
final choices with the predictions made by the models
(Glockner, 2009). Thus, in contrast to structural approaches,
different decision strategies can be assumed and compared
when using comparative model fitting. Broder and Schiffer
(2003), for instance, used a maximum likelihood approach
to assess whether a simplified variant of LEX, WAD, or an
equal weight linear model provides the best likelihood estima-
tion for the observed decision behavior. Recently, other authors
have also developed approaches to identify non-compensatory
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strategies, including EBA (Hauser, Toubia, Theodoros,
Silinskiai, & Berfurt, 2010; Kohli & Jedidi, 2007; Gilbride &
Allenby, 2006; Rieskamp & Hoffrage, 1999).

Both procedural and outcome-based methods have limita-
tions. Procedural methods are able to follow the attention paths
of respondents with high precision and uncover whether the
decision is compensatory versus non-compensatory or whether
the choice process is attribute-wise versus alternative-wise.
However, these insights often reveal only the general category
of choice processes, rather than the particular strategy used
(Broder & Schiffer, 2003; Ford et al., 1989; Ball, 1997,
Rieskamp & Hoffrage, 1999). This leads to problems when
competing strategies do not differ in terms of the predicted de-
cision processes (Glockner, 2009). Given that many different
decision strategies can fit into the same general category of
choice process, and given that each individual strategy can lead
to a different final choice, the usefulness of procedural
approaches diminishes as the number of analyzed strategies in-
creases (Payne, Braunstein, & Carroll, 1978). In the case where
the predictive accuracy of one strategy is to be tested, however,
process tracing is useful for showing that a particular strategy
does not explain the observed patterns (Johnson et al., 2008).
Another limitation of using verbal protocols and tracing mouse
clicks is the potential influence of the decision process (Lohse
& Johnson, 1996; Glockner & Betsch, 2008; Reisen et al.,
2008). In addition, less intrusive methods such as eye tracking
can usually only be applied in laboratory experiments.

Structural approaches are constrained by a singular, a priori
chosen model and rarely evaluate multiple decision strategies
at the same time; an exception are consider-then-choose that
assume the customer first screens all the alternatives, then ap-
plies a compensatory process to finalize his or her choice
(Gilbride & Allenby, 2006; Liu & Neeraj, 2011). Comparative
model fitting can include various competing choice models but
suffers greatly from the task selection problem (Brdder, 2000;
Broder & Schiffer, 2003; Rieskamp & Hoffrage, 1999, 2008;
Myung & Pitt, 2009). Glockner (2009) addressed this problem
by including two behavioral measures into the maximum like-
lihood estimation, namely decision time and the participant’s
reported confidence judgments. Classification improved when
the differences in decision time and confidence for the pre-
dicted strategies were sufficiently large. Therefore, Glockner
(2009) suggested to generate choice tasks where large differ-
ences in terms of the mapping of strategies to alternatives,
the decision times, and confidence can be expected.

Jekel et al. (2011) took up this idea and presented an
approach for generating diagnostic choice tasks: the EDTS.
For two alternatives and four attributes, the authors generated
all possible choice tasks with binary attribute levels (+and —)
resulting in 40 different choice tasks. Then, they created
hypothetical decision makers with different preferences. For
each decision maker, each choice task, and each strategy,
they simulated the choice decision, decision time, and
confidence judgments. They also allowed for different error
rates for choices and noise levels for decision times and con-
fidence judgments. Choice tasks with high diagnosticity are
the ones where the application of one strategy leads to a
different choice, a different decision time, and a different user
confidence than the application of other strategies. Hence,
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diagnosticity is measured by the average Euclidean distance
between all possible pairs of strategies, in the normalized
three-dimensional space of the predicted chosen alternative,
decision time, and confidence. The authors found that their
method increases the proportion of correct classifications in
comparison with the random sampling of choice tasks.

AN OPTIMIZATION APPROACH CONNECTING
DECISION BEHAVIOR AND DECISION STRATEGIES

We address the diagnostic task selection problem by construct-
ing choice tasks in such a way that selected alternatives are
consistent with only one out of a predefined set of decision
strategies. In this case, no other behavioral measurements
are needed for discriminating between different strategies.
Furthermore, we allow for heterogenous functions, that is,
respondent-specific preference functions, and take into
account measurement errors related to these functions.

Objectives of the approach

To design respondent-specific choice tasks, a two-step ap-
proach is mandatory: In the first step, respondents’ preferences
need to be collected. In the second step, the respondent-specific
choice tasks need to be presented to the respondents and their
decision strategies must be recorded. In order to create individ-
ual and preference-specific choice tasks where each alternative
is consistent with one predefined decision strategy, optimiza-
tion techniques need to be applied.

In order to link the respondent’s choice with a decision
strategy, data concerning the respondent’s preferences need
to be collected. For example, if the decision strategies under
consideration are WAD, MAJ, LEX, and EBA, the following
measures need to be collected: the utility u(/) that the
decision maker assigns to each attribute level / (necessary
for WAD, MAJ, and LEX), the importance w(a;) of each
attribute a; (WAD, LEX, and EBA), and the aspiration func-
tion of each attribute s(a;) (EBA). If other decision strategies
are under consideration, other aspects of the respondents’
preferences would have to be measured.

Choice Task A

An Optimized Design of Choice Experiments

In our experiment, the choice tasks presented to a respon-
dent needed to be designed in such a way that observing the re-
spondent’s choice would allow us to determine the decision
strategy used. Therefore, we wanted to achieve a bijective
mapping between a set of predefined decision strategies and al-
ternatives. We denote a mapping to be optimal if each strategy
out of a set of predefined strategies corresponds to exactly one
alternative. Figure 1 shows two different respondent-specific
choice tasks, which differ in terms of their attribute levels.
The respondent-specific choice task A is an example of a
non-optimal mapping. It is a non-injective (and non-surjective)
mapping from the set of decision strategies to the alternatives.
In our example, the respondent will select phone A if he or she
follows WAD or MAJ. We will denote such cases, where two
or more strategies map to the same alternative, as ambiguous
mapping. Following EBA leaves the respondent with phone
B or C. We will denote such cases, where a decision strategy
leads not only to one but to several alternatives as multiple
mapping. Keeping in mind that the choice of different attribute
levels leads to different mappings, all choice tasks that do not
lead to ambiguous or multiple mappings are denoted as choice
tasks with optimal mapping. An example of an optimal map-
ping is provided in choice task B in Figure 1. Choice task B
was designed in such a way that the respondent would select
phone A if he or she followed a WAD strategy. Similarly, if
the respondent followed a MAJ, EBA, or LEX strategy, he or
she would select phone B, phone C, or phone D,
respectively. If a respondent selected phone E, he or she was
not following any of the four strategies. We denoted this case
as OTHER.

Respondent-specific choice tasks with optimal mapping
depend on the preferences of the respondents. However, when
measuring their preferences, measurement errors are inevita-
ble. To reduce the effects of errors, we wanted to ensure that
choice tasks were robust, which means that small changes in
the attribute values of a choice task would not strongly increase
the number of ambiguous and multiple mappings.

Finding robust choice tasks with optimal mapping is diffi-
cult because the number of different choice tasks is high even
in scenarios with a small number of alternatives and attributes.
For a choice task with n alternatives and m attributes, where the

Choice Task B

Phone A | Phone B | Phone C | Phone D | Phone E

Phone A | Phone B | Phone C | Phone D | Phone E

Weight 140g 110g 100g 120g 110g

Weight 140g 110g 100g 120g 110g

Form Straight Fold Straight Slide Fold

Form Straight Fold Straight Slide Fold

Memory | 500M 100M 50M 1o00mMm 50M

Memory [ 500M ioomMm 50M 100M 50M

GPS Yes No No No Yes

GPS Yes No No No Yes

Touch

No No Yes Yes Yes
panel

Touch

No No Yes Yes Yes
panel

bbb b

WAD EBA EBA LEX OTHER

MA) Y—r—
- MULTIPLE MAP

bbb

WAD MAJ EBA LEX OTHER

Figure 1. Two example choice tasks. EBA, Elimination by Aspect Strategy; LEX, Lexicographic Heuristic; MAJ, Simple Majority Decision
Rule; WAD, Weighted Additive Difference; AMB, ambigious mapping
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m attributes are chosen from a set of my; attributes and each

attribute has on average L, possible attribute levels, we have
Ml . .

L™ - ) different choice tasks. As an example, for a
choice task with n=35 alternatives, m=>5 attributes that are cho-
sen out of a set of m, =15 possible attributes, and IL,/=3 attri-
bute levels per attribute, we have 2.5% 10'° different choice
tasks. This high number of possible choice tasks suggests that
we must use optimization methods that find robust choice tasks
with optimal mapping. Just applying exhaustive search methods
is no choice as the problem is computationally intractable.

An optimization approach for finding robust choice tasks
with optimal mapping

Genetic algorithms (Holland, 1975; Goldberg, 1989; Reeves
& Rowe, 2003) are heuristic optimization methods that are in-
spired by the principles of evolution and apply recombination,
mutation, and selection operators to a population of solution
candidates. In contrast to exact optimization methods such as
linear programming or branch-and-bound approaches, heuris-
tic optimization methods do not guarantee an optimal solution
but often return high-quality solutions in a reasonable amount
of time (Bick, Fogel, & Michalewicz, 1997; Glover &
Kochenberger, 2003). Heuristic optimization methods are of-
ten applied with success to NP—hard problems or problems
where the size of the search spaces increases exponentially
with the problem size.

Algorithm 1 Functionality of genetic algorithm

Create initial population P

Evaluate initial population

Update archive

while termination criterion is not met do
Select high-quality solutions from P and obtain P’
Apply recombination to P’ and obtain P”
Apply mutation to P” and obtain P”
Evaluate P”
P=pr"
Update archive

end while

Choose best solution from archive

Figure 2 and Algorithm 1 describe the basic functionality
of the GA. After randomly creating and evaluating an initial
set (population P) of candidate solutions (step 1), the
algorithm evaluates the candidate solutions according to their
ability to solve the optimization problem (in our case the
diagnosticity task selection problem, step 2). The GA keeps
an archive separately from the population. This archive
stores the best solutions observed during the GA run
whenever a new population is evaluated (step 3). Then, the
GA iteratively creates new populations P” by recombining
(with probability p., step 5) the selected high-quality
solutions (step 4) and applying mutations (with probability
Pm» step 6). The iterative process stops when a
termination criterion is met. After termination, the GA returns
the archive.

For each candidate solution, the GA stores all information
relevant to the solution of the optimization problem. In our
case, the candidate solution was a vector containing all the
information necessary to the construction of a choice task.
Thus, a candidate solution had to define which m attributes
and corresponding nm attribute levels were to be shown to a
particular respondent. Figure 3 gives an example of how a
choice task is constructed from a candidate solution (for a more
formal technical description, please refer to APPENDIX A).
In our example with n=35 alternatives and m=3 attri-
butes, a candidate solution representing a choice task
has m(n+1)=18 elements. The first (x;), seventh (x7),
and 13th (x;3) elements of the candidate solution indicate
the shown attributes. The other elements determine thel5
attribute levels used. In particular, the first element x; of
a solution specifies the attribute that is shown in the first
row of the choice task. In our example, we assume an
attribute vector A" =(form,weight, price), which is or-
dered with respect to the importance of the attributes.
A value of x; =2 indicates that the attribute at the second
position of A" is selected. The following n=5 elements
Xs,...,Xe¢ indicate the shown attribute levels for the
n=>35 different alternatives. We assume that the vector
Lxeigh, = (100g, 110g, 120g, 130g, 140g) contains the
possible attribute levels of the attribute “weight,” where
the attribute levels are ordered with respect to the
respondent-dependent utility. Then, a value of x, =5 indicates
that we use the attribute level at the fifth position of L.,
for the weight of phone A, for example, 140 g.

2 ) Evaluation

@Initialization of population P )

Choice Task €

Choice Task A

p— ) 3 ) Archive

o A | ane | mone ¢ [ move © Choice Task A

Choice Task D

@ Mutation resulting in P/

Choice Task A Che

5 ) Recombination resulting in P )

o

Figure 2. Basic functionality of the genetic algorithm
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Figure 3. Construction of a choice task from a candidate solution

This construction process ensures that the search space is
fully covered and that all possible choice tasks can be repre-
sented. The construction process follows the principle of
problem space search (Storer, Wu, & Vaccari, 1992), where
the values in the candidate solution vector select elements
from a pre-ordered list. By selecting elements (attributes
and attribute levels) from an ordered list, small variations
of the vector result in new solutions with similar properties
(attributes and attribute levels have similar importance and
utility, respectively). Such a construction process often leads
to a high performance of the heuristic optimization methods
(Storer et al., 1992; Raidl & Julstrom, 2000; Rothlauf, 2009).

Population size is a parameter that the user chooses.
Higher population sizes usually lead to better GA perfor-
mance but increase running time. For our application of
the algorithm, we decided that each population of the
GA should consist of 300 individuals (choice tasks). In
preliminary experiments, a population size of 300 turned
out to be a good compromise between solution quality
and running time. The candidate solutions of the first,
initial population were created randomly, as described in
APPENDIX A.

After the initial population of candidate solutions has been
created, the GA iteratively creates and evaluates the popula-
tion of candidate solutions in order to generate robust choice
tasks with optimal mapping. For this purpose, we defined an
objective  function f(c), which measures the task
diagnosticity, that is, the quality of the mapping (step 2).
Given a set of decision strategies S, we wanted to create
choice tasks with a minimum number of multiple and ambi-
guous mappings. Thus, when evaluating a solution, we
considered only non-multiple strategies SponmueCS and
calculated f; as Zsm,“muhe ¢ 1/ Nnonmutt, Where 1yonmu denotes the
number of strategies that map to the same alternative
as strategy Sponmuie- FOr the example choice task A and
S={WADMAIJ,LEX.,EBA} (Figure 1), there are no multiple
mappings and we obtain fj=1+1+1+1=4. Example B has
amultiple mapping for EBA; WAD, and MAJ map to the same
choice (are ambiguous). Thus, we obtain fij=1+1/2+1/2=2,
because EBA does not contribute to the fitness, while WAD
and MAJ contribute 1/2 and LEX contributes 1.

The objective function can be extended to consider
additional desired properties of a choice task. A straightfor-
ward approach is to assume an additive objective function

Copyright © 2014 John Wiley & Sons, Ltd.

fle)=Y:f;, where the different components f; measure not only
the quality of the mapping but also other desired properties
such as how well treatment levels are met (for an example,
see the Evaluation section, where the complexity of the choice
tasks was manipulated). Other behavioral measurements such
as the expected time of the decision or the predicted confidence
can also be included as additional components of the fitness
function. With respect to the expected decision time, we could,
for example, define an additional fitness component f; as the
variance of the decision times that a user would need when
applying decision strategies. The algorithm would then try
to maximize this variance, which means that it would try
to generate choice tasks with very different decision times
dependent on which strategy is used.’

The GA applies standard selection and variation op-
erators for steps 4 to 6 (Back et al., 1997, Chap. C3).
Selection operators select high-quality solutions and
ensure a continuous improvement of solutions in the
population over the generations. We used a tournament
selection of size 2. Thus, we iteratively selected two
random candidate solutions from P and inserted the so-
lution with higher objective value f into P’ until P’ was
filled. The variation operators, recombination and muta-
tion, ensure that either new candidate solutions are created by
recombining candidate solutions (recombination) or by slightly
modifying existing solutions (mutation) (see the Recombina-
tion and Mutation section in the appendix for details). The
GA terminates after 600 generations (step 7) because improve-
ments of the fitness become marginal and, in most cases, fur-
ther improvements are not made, or the population has
converged to an optimum. Furthermore, the GA uses an archive
of size 300.

At the end of a run, the GA returns the archive that
contains the 300 best solutions found. In order to address
the robustness of a choice task and to reduce the effects of
estimation errors stemming from inaccurate measurements
of the preference function, we considered all 300 solutions
in the archive and examined the effects of small attribute
level modifications. We took each solution ¢ and randomly
modified one of the attribute levels shown. We did this

’Decision times can be predicted by measuring the decision effort with ele-
mentary information processes as defined by Johnson and Payne (1985) and
described in detail by Pfeiffer and Scholz (2013).

J. Behav. Dec. Making (2014)
DOI: 10.1002/bdm



Journal of Behavioral Decision Making

50 times for each of the 300 choice tasks and computed
the robust objective value f'(c) as

, 1 50
7€) =55 21 3)

where the ¢; are the 50 solutions that were created by
randomly modifying one attribute level of c¢. The optimi-
zation approach finally returns the solution (choice task)
that maximizes f.

Related work

Jekel et al. (2011) presented the EDTS approach that also
solves the task selection problem. However, it differs from
ours in several aspects. First, Jekel et al. (2011) assumed
homogeneous preference functions where the attribute level
utilities are the same for all decision makers. Consequently,
the diagnostic choice task problem is solved only once for a
standard user. In contrast, our suggested approach assumes
heterogenous preference functions for each respondent,
making it necessary to solve the diagnostic task problem indi-
vidually for each respondent. However, both their approach
and our approach could easily be changed to mimic each
other’s assumptions of homogeneous versus heterogeneous
preference functions. In particular, the approach of Jekel
et al. (2011) could follow a two-step approach, where in
the first step, respondent-specific preferences are measured.
Likewise, our approach could easily be changed to mimic
their approach by assuming preferences to be identical
across respondents.

Another difference between Jekel et al.’s approach (2011)
and ours is that Jekel et al. did not only observe choices, like
we did; they also observed additional behavioral measure-
ments. Additional behavioral measurement that can, for
example, also be recorded with procedural methods, have
the advantage to be able to help identify the applied strategy
in case of multiple mappings of strategies to alternatives. To
avoid multiple mappings if only choices were observed,
larger choice tasks with at least as many alternatives as
decision strategies would be needed. Large choice tasks with
a higher number of alternatives, however, would be compu-
tationally demanding for their approach.

Third, EDTS is a very valuable approach for small search
spaces. In their example, Jekel et al. (2011) searched for
choice tasks with highest diagnosticity among a set of
28=256 choice tasks.” By contrast, our approach can deal
with much larger search spaces (e.g., 2.21*10**; see the
Evaluation: Generating Robust Choice Tasks with Optimal
Mapping section). Jekel et al. (2011) proposed an algorithm
that guarantees to find the choice tasks with optimal
diagnosticity (according to their Euclidean distance criteria),
while, because of the sheer size of our search space, our GA
optimizes for diagnosticity but cannot guarantee finding the
optimal solution.

In sum, our approach nicely complements EDTS because
it is suited for more complex choice tasks (more alternatives,

3 After the elimination of symmetric choice tasks, this number decreases to 40.
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more attribute, and more attribute levels) where optimal
methods such as EDTS are unfeasible because of high
computational costs.

EVALUATION: GENERATING ROBUST CHOICE
TASKS WITH OPTIMAL MAPPING

We evaluated different aspects of our approach: We evalu-
ated how well the approach could generate diagnostic choice
tasks with optimal mapping, and we evaluated an extension
of our approach, where we also tried to find optimal treat-
ment levels. In particular, we generated an optimal experi-
mental design that manipulated the complexity of choice
tasks and evaluated two aspects of this extended version.
First, we evaluated whether the GA is capable of not only
ensuring an optimal mapping but also allows finding optimal
treatment levels. Second, as proof-of-concept, we studied
whether the GA is able to generate an experimental design
that yields results that can contribute to literature about the
influence of complexity on choice behavior.

As input for the evaluations, we use preference functions
that we measured in an online experiment in Japan in 2010
with a pool of 301 participants selected by a Japanese adver-
tising agency.* All participants were between 30 and 39 years
old, 60.5% of them were female, and all owned a cell phone.
For each participant, we measured the utility «(/) and impor-
tance w(a;) of each attribute a; using an adaptive conjoint
analysis for 15 attributes that define cell phones. For the as-
piration functions s(a;), we used a questionnaire asking the
respondents which attribute levels they found unacceptable.
Table 1 lists the attributes and attribute levels that were used
in the study. They were specified by the Japanese advertising
agency and viewed as most relevant to their customers.

First, we wanted to evaluate how well the GA can gener-
ate choice tasks with optimal mapping. Using respondent’s
preferences, we generated robust choice tasks with an opti-
mal mapping. We assumed that the users followed one of
the four strategies WAD, MAJ, LEX, and EBA, or some
other strategy (OTHER). To assess the performance of the
GA approach, we compared it to a benchmark where choice
tasks were randomly sampled (denoted as random sampling).
In order to increase the validity of the evaluation, we created
choice tasks of different sizes with all possible combinations
of five versus eight alternatives and attributes, respectively.

For the random sampling benchmark, for each of the
choice tasks that were generated for each respondent, we
generated 180000 choice tasks by selecting random
attributes and corresponding attribute levels. Analogously to
the GA, we stored the 300 best solutions (with respect to f)
in an archive and selected the most robust solution (with
respect to f') from this set. The computational effort of this
approach was high and about equal to the GA approach, which
also performs 180000 evaluations during a run (600 genera-
tions and 300 solutions) and 15000 evaluations at the end of

“Later on, this same group of participants was used in the proof-of-concept
experiments.

J. Behav. Dec. Making (2014)
DOI: 10.1002/bdm



J. Pfeiffer et al.

Table 1. Attributes and attribute levels used in the experiment

An Optimized Design of Choice Experiments

Attribute Attribute levels

Sales rank #1 #3 #5 #10 #20
Camera resolution 10 Mpx 8 Mpx 5 Mpx 3 Mpx 2 Mpx
Display 3.4” 3.2" 3” 2.8” 2.7"
Weight 100 g 110g 120 ¢ 130¢g 140 g
Brand NEC Panasonic Sharp Fujitsu

Form Folding Slide Straight

Thickness 10 mm 15 mm 20 mm

iMode iMode phone Non-iMode iMode smart-phone

Memory 500 MB 100 MB 50 MB

Continued use 300 minutes 240 minutes 180 minutes

Wallet function Yes No

GPS Yes No

Touch panel Yes No

Waterproof Yes No

One seg TV Yes No

the run (50 modifications for each of the 300 solutions in the
archive). Table 2 compares mean and standard deviation (in
brackets) of f, fi, and the percentage of choice tasks with
optimal mapping. The GA approach returns more optimal
and more robust choice tasks than random sampling. Using
the GA, 97.1% of the choice tasks are optimal (in comparison
with 55.8% for random sampling). The worst choice task
returned by the GA had an objective value of f;=1.50, in
contrast to the worst solution found by random sampling with
fi=.75, where f; €[0,4] .

To conclude, our approach efficiently solves the task
selection problem, even in scenarios with huge search spaces
(in the largest choice tasks, with eight alternatives and eight at-

ma
tributes, the size of the search space was |L;|"" - ( m“ ) =3%.
1
( 85) — 221+10%).

EVALUATION: OPTIMAL MAPPING AND MANIPU-
LATION OF CONTEXT-BASED COMPLEXITY

To evaluate whether the GA also finds choice tasks with opti-
mal treatment levels, we focus on manipulating the complexity
of choice tasks. The complexity of a choice task describes how
difficult it is for the decision maker to make a decision (Payne
et al., 1993; Ford et al., 1989). It is influenced by several
characteristics of the choice task. Common and well-studied
characteristics are the number of alternatives and attributes
shown to the decision maker (Scheibenhenne et al., 2010;
Chernev, Bockenholt, & Goodman, 2010).

The difficulty of a choice task also depends on its context-
based complexity. Measures for context-based complexity
are respondent specific: They assess whether particular
attribute levels and their relationship to one another make a

Table 2. Quality of choice tasks found by random sampling versus
genetic algorithm (GA) (mean and standard deviation)

Random sampling GA approach

Robust objective value f’ 2.59 (.63) 2.86 (.48)
Optimality of mapping f; 3.50 (.60) 3.96 (.21)
Percentage of optimal mappings 55.8% 97.1%

Copyright © 2014 John Wiley & Sons, Ltd.

choice task difficult for a particular decision maker (Swait
& Adamowicz, 2001; Payne et al., 1993). Two examples of
context-based complexity are the similarity of alternatives
and trade-offs (conflict) between different alternatives. In
the following case study, we will use the GA approach to
study how decision behavior depends on context-based
complexity. The approach generates choice tasks with either
high or low context-based complexity. Because of the high
computational effort, existing approaches would not be
applicable for such a study.

Hypotheses
We assume two example choice tasks: one choice task in
which the attribute level utilities of different alternatives are
similar to each other, and another choice task where the
attribute level utilities vary strongly. For most decision
makers, the choice task becomes more difficult (has higher
complexity) if the attribute level utilities of the different
alternatives are similar to each other (Biggs et al., 1985;
Bockenholt, Albert, Aschenbrenner, & Schmalhofer, 1991).
An explanation is that the more similar the attribute level
utilities are, the harder it is for the decision maker to elimi-
nate one of the alternatives based on only a few comparisons
(Schmalhofer, Albert, Aschenbrenner, & Gertzen, 1986;
Bockenholt et al., 1991). This type of context-based com-
plexity—the similarity of alternatives—can be measured
using the attribute range AR of a choice task ¢, which calcu-
lates the average standard deviation of attribute level utilities
(Bettman et al., 1993; Biggs et al., 1985; Bockenholt et al.,
1991). Following Bettman et al. (1993) and Payne et al.
(1993), the attribute range of a choice task c is defined as

M) = S [ S () —a) @

a;€A p;jEP

where u; is the average utility of all attribute levels of
attribute i,

= S u(e(p) ®)

pjeP
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A low AR means that the attribute utilities of different
alternatives differ only slightly. In this case, the choice task
has high similarity (Payne et al., 1993). Analogously, a high
AR means the choice task has low similarity.

Procedural approaches find that high similarity leads to a
consistent search process, which means that respondents
spend an evenly distributed amount of time on attributes
and alternatives (Payne, Bettman, & Johnson, 1988; Bettman
et al., 1993) or that they consider a constant number of attri-
bute levels per attribute (Biggs et al., 1985). Choice tasks
with high similarity are more difficult because decision
makers spend more time on the decision and consider a
greater amount of attribute levels (Bockenholt et al., 1991;
Payne et al., 1988; Stone & Schkade, 1991). Strategies where
decision makers acquire information more consistently and
search for more information are usually compensatory
(Riedl et al., 2008).

There are only a few outcome-based approaches that
study the influence of similarity on choice behavior. The
results of these studies are limited because they use a com-
pensatory model that mimics non-compensatory strategies
(Swait & Adamowicz, 2001). In these studies, researchers
have observed that an increasing complexity is accompanied
by an increased variance of the error term and/or utility
values of a standard utility model. They interpret these
findings as indications that decision makes are increas-
ingly using simplifying strategies, because the decision
makers are focusing on only a few attributes (Swait &
Adamowicz, 2001) and choosing the expected alternative
less consistently (Dellaert, Brazell, & Louviere, 1999).°
Bettman et al. (1993) studied the relative accuracy of
the chosen alternative, which is the deviation from the
choice with maximal expected value. This normative
choice is equivalent to the WAD strategy. The results of this
study indicated that less accurate choices are made in choice
tasks with high similarity.

In sum, while process-tracing studies suggest a more com-
pensatory decision process with increasing complexity,
outcome-based approaches argue that decision makers use
more simplifying strategies. None of the existing studies
examined which specific decision strategies best explain
people’s choices in tasks of low versus high complexity.
We follow the argument of Bettman et al. (1993) and postu-
late that “individuals may intend to attain high accuracy but
may not be able to actually implement the required mental
calculations™ [p. 944]. Instead, respondents apply simplify-
ing non-compensatory strategies like EBA or LEX. There-
fore, we formulate the following:

HYPOTHESIS 1 (H1) A decrease of the attribute range
(higher similarity) of a choice task leads to an increase in
the use of EBA and LEX and a decrease in the use of
WAD and MAJ.

SDellaert et al. (1999) defined choice consistency as “the variance of the ran-
dom error component in the consumer utility function: the smaller this vari-
ance, the higher choice consistency” [p. 1]. Thus, the higher the consistency
is, the better the utility-maximizing strategy (WAD) explains the choice.

Copyright © 2014 John Wiley & Sons, Ltd.

Some studies claim that attribute ranges alone are not a
valid measure for determining context-based complexity
and argue that the measure of conflict also plays a major role
(Iglesias-Parro, De la Fuente, & Ortega, 2002; Bettman et al.,
1993). A conflict occurs if an alternative has a higher utility
than another alternative on one attribute, but a lower utility
on another attribute. Conflicts require a decision maker to
trade off the attribute levels on different attributes, thus
making the choice task more difficult (Payne et al., 1993).
Following Fasolo, Hertwig, Huber, and Ludwig (2009) and
Luce et al. (1997), we measured the conflict of a choice task
¢ as the average pairwise inter-attribute correlation AC of the
m utility vectors av;=u(o,(py)), ..., u(a(p,))) €AV as

Ac() ="y

2 avi, avj €AV, i #j

r(avl-, avj) (6)

where r is the Pearson correlation coefficient.

If the inter-attribute correlation AC is high, not many
trade-offs between different alternatives exist and the
comparison of two alternatives often returns a clearly better
alternative. In this case, the number of conflicts is low. If
AC becomes lower, more conflicts occur (especially if the
correlation becomes negative).

In consumer decision making, conflicts often occur
because consumers generally want low prices but a high
product quality (Fasolo, McClelland, & Lange, 2005).
Therefore, decision makers often use simplifying, non-
compensatory strategies “to escape from the unpleasant state
of conflict” (Shephard, 1964, p. 277). However, Bettman
et al. (1993) and Luce et al. (1999) observed that respondents
acquire more information and need more time in choice tasks
with many conflicts. They concluded that a higher number of
conflicts lead to an increased use of compensatory strategies
because more information is considered more consistently.
Nevertheless, Bettman et al. (1993) found that relative
accuracy decreases in choice tasks with many conflicts. The
outcome-based approach of DeShazo and Fermo (2002)
examined the influence of conflict on the consistency of
choice. They found that a higher value of conflict leads to a
decrease in choice consistency.

We argue that people are not capable of successfully
applying a compensatory strategy in choice tasks with a high
number of conflicts and formulate the following:

HYPOTHESIS 2 (H2) A decrease of the average pairwise
inter-attribute correlation (higher conflict) of a choice task
leads to an increase in the use of EBA and LEX and a
decrease in the use of WAD and MAJ.

Generation and evaluation of experimental design

We used our optimization approach to generate robust
respondent-specific choice tasks for WAD, MAJ, LEX, and
EBA with an optimal mapping and low versus high complex-
ity. We manipulated the AR and the AC of the choice tasks
and formulated the objective function flc)=f/2+f+f3,
where f| measures the quality of the mapping and f; and f5
measure how well we can manipulate a choice task’s
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attribute range AR and inter-attribute correlation AC, respec-
tively (details on f, and f;5 are in APPENDIX B). Overall, the
contributions of fi/2 and of f>+f5 to the objective function
are equal to one another with f; €[0,4] and f,f; €0, 1].
Thus, finding choice tasks with optimal mapping is just as
important as manipulating the AR and the AC.

We used a 2 x 2 factorial design ((low vs. high AR) x (low
vs. high AC)). Similarly to the first evaluation, we generated
choice tasks of different sizes n and m: 5 versus 8§ alterna-
tives, and 5 versus 8 attributes. We manipulated the factors
within subjects in order to control for respondent-specific
effects. Thus, for each of the 301 respondents, we created
16 choice tasks resulting in overall 4816 respondent-specific
choice tasks. The average GA running time was 1.21 minutes
for one choice task, leading to an overall computation time of
27.09 hours on four parallel processors.

To assess the performance of the GA approach, we com-
pared the objective values of the solutions returned by the
GA approach with those obtained through the random
sampling benchmark (the same as in the first evaluation).
These results can be found in Table 3. In this table, we show
the mean and standard deviation (in brackets) of the robust
objective value f, the objective value £, and its three compo-
nents f1, f>, and f3. We also list the percentage of choice tasks
with an optimal mapping.

The average objective value f is higher for the GA ap-
proach (3.26) than for random sampling (2.87, p <0.01).
Also, the partial objective values fi, f>, and f; are significantly
higher for choice tasks found by the GA (p < 0.01). Thus, the
GA approach yields better solutions if we assume that the

Table 3. Quality of choice tasks with manipulated context-based
complexity found by the genetic algorithm (GA) versus random
sampling (mean and standard deviation)

Random sampling GA approach

Robust objective value f’ 2.36 (.45) 2.37 (44)
Objective value f 2.87 (.45) 3.26 (.36)
Optimality of mapping f; 1.75 (.30) 1.94 (.18)
Attribute range f> 55 (17) .62 (.19)
Inter-attribute correlation f3 .56 (.33) .70 (.26)
Percentage of optimal mappings 55.8% 90.4%
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measured preferences are correct. The similar f values for
the GA approach and random sampling indicate that small
modifications of attribute levels lead to solutions of similar
quality for both random sampling and the GA.

Thus, the high values of f obtained by the GA approach
(where we assume an accurate measurement of preferences)
do not lead to lower values of f’ (where we assume some
inaccuracy in the preference measurements); instead, the f’
values of the GA approach are similar to those obtained
through random sampling. Furthermore, most choice tasks
returned by the GA approach have an optimal mapping
(90.4%), despite the more complex objective function con-
sidering flc) =f112+f> + f5.

The roughly 10% non-optimal mapping can occur
because of two reasons. First, for a measured preference
function of a user, it is possible that no choice task with
optimal mapping exists. If this is indeed the case, then it can-
not be found by an optimization method. Second, the GA has
to trade off between choice tasks that perform well with
respect to both desired context-based complexity measures
(part f> and f3 in the fitness function) and tasks that perform
well with respect to task diagnosticity (part f;). Thus, the GA
might decide to increase the performance of the context-
complexity measures at the cost of optimal mapping.

We decided to allow the GA to create solutions with non-
optimal mapping because even in choice tasks with non-
optimal mapping, we were able to discriminate between
strategies, as long as the observed choices did not involve
multiple mappings or an ambiguous mapping. In choice task
B in Figure 1, for example, only the choice of phone A, B, or
C caused a discrimination problem. The choice of phones D
and E did not. For applications where only choice tasks with
optimal mappings are to be allowed, the design of the GA
must be slightly modified. For example, all the non-optimal
solutions can be dropped (by including only solutions with
optimal mapping in the archive), or a higher weight can be
assigned to the first part f; of the fitness function, leading
to a lower percentage of non-optimal mappings.

We analyzed how well the GA approach manipulates the
AR and the AC. For the choice tasks returned by the GA
approach, Figure 4 plots the distribution of AR and AC when
different variants of f> and f5 are used.

3.0
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Figure 4. Boxplots of attribute range and average pairwise inter-attribute correlation for solutions found by genetic algorithm
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Figure 4(a) plots the results of the case where we sought
to obtain choice tasks with either a high AR (objective
function f5=") or with a low AR (objective function ).
Similarly, Figure 4(b) plots the results of choice tasks with
a high AC (objective function f5%") and a low AC (objective
function f g"w)

Both the AR and the AC can be well manipulated; more-
over, the GA approach returns choice tasks with the desired
properties. When searching for choice tasks with a high attri-
bute range (/5"), we found choice tasks with a mean AR of
1.64. When searching for choice tasks with a low attribute
range ( 12"“’), we obtained an average AR of only .82. Similarly,
when searching for choice tasks with a high AC (f5"), we
obtained choice tasks with an average AC of .29, which is
much higher than the average AC (—.12) we obtained when
searching for choice tasks with a low AC ( g"w).

Independently of whether the GA approach searches for
choice tasks with high ( f3¢") or low () AR, the distribu-
tion of AC remains similar (Figure 4(a)). Likewise, the
distribution of AR is similar regardless of the choice of f;
(Figure 4(b)). Overall, the correlation between AR and AC
is low (correlation coefficient=.018 and non-significant).

Figure 5 plots analogous results for the choice tasks
obtained by random sampling. Both independent variables
AR and AC cannot be well manipulated because it is difficult
to find choice tasks with either high or low AR and AC. For
random sampling, the difference between the mean AR of
choice tasks with a high (f5") versus low (f") attribute
range is only .18, which is much smaller than for the GA
approach (.82). Similarly, the difference between the mean
AC for choice tasks with a high (f3¢") versus low (%)
inter-attribute correlation is low (.11) and much smaller in
comparison with the GA (.42).

To conclude, our approach not only solves the task selec-
tion problem efficiently, but it also creates choice tasks with
well-controlled treatment levels.

Results

In the main experiment, the afore-described 4816 respondent-
specific choice tasks generated by the GA approach were
shown to 301 respondents (16 were shown to each respon-
dent). The attributes and alternatives of each choice task as
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well as the 16 choice tasks for each respondent were shown
in random order. On average, respondents took 23.4 seconds
per choice. Furthermore, as described in the Generation and
Evaluation of Experimental Design section, we allowed choice
tasks with non-optimal mapping but eliminated all choice tasks
from the analysis where the choice could be explained by one
or more strategies, or where the choice could be explained by a
strategy using multiple mappings. Thus, from the 4816 obser-
vations, 4567 remained in the analysis.

In order to test the hypotheses, we used a multinomial
multilevel regression where the observed reactions to the
context-based complexity were considered as nested within
individuals. More specifically, we used the Generalized
Linear Latent and Mixed Models (GLLAMM) analyses,
where observed decision strategies are modeled as a linear
combination of the complexity of the choice task and the ran-
dom effect of respondents (Skrondal & Rabe-Hesketh, 2003)
with the adaptive quadrature implement in GLLAMM in
STATA (Rabe-Hesketh, Skrondal, & Pickles, 2005). The
random effect reflects the unobserved preferences for strategy
usage for each individual. The random effects were assumed
to be constant for all 16 choice tasks and to follow a multivar-
iate normal distribution. Finally, our model allowed for unob-
served preferences for the distinct strategies to be correlated.

Tables 4 lists the relative frequencies of the observed
strategies. Respondents applied WAD in most choice tasks
(25.6%), followed by EBA, MAJ, and LEX. In 17.9% of
all choice tasks, respondents selected an alternative that
could not be explained by any of the four decision strategies
(OTHER). We compared the observed relative frequencies
with the baseline case, which assumes random choice. For
example, for choice tasks with five alternatives, the baseline

Table 4. Relative frequencies of observed strategies (summary)

Strategy Observed (%) Baseline (%)
EBA 20.7 16.2
LEX 17.7 16.2
MAJ 18.2 16.2
WAD 25.6 16.2
OTHER 17.9 35.2

Note: EBA, Elimination by Aspect Strategy; LEX, Lexicographic Heuristic;
MAJ, Simple Majority Decision Rule; WAD, Weighted Additive Difference.
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Figure 5. Boxplots of attribute range and average pairwise inter-attribute correlation for solutions found by random sampling
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model predicts the choices with a relative frequency of 20%.
In our case, where choice tasks had either five or eight
alternatives, the relative frequency of the baseline model
was 16.2%. The usage of LEX and MAJ was only slightly
higher than a prediction model that guesses randomly.

Figure 6 and Table 5 show the relative frequency of the
observed strategies for similarity and conflict. We expected
that an increase in the complexity of a choice task (higher
value for similarity (lower AR) or conflict (lower AC)) would
lead to an increased use of low-effort strategies (LEX and
EBA) and a decreased use of high-effort strategies (WAD
and MAJ). In a first step, we modeled no interaction between
conflict and similarity. Both context-based complexity
measures were inserted as binary variables with 0 for low
similarity and low conflict (low complexity), and 1 for high
similarity and high conflict (high complexity), respectively.
As controls, the number of alternatives and the number of
attributes (5 vs. 8) were also inserted into the model. Table 6
shows the relative frequency of the observed strategies for all
four complexity measures.

The results of the model are shown in Table 7 with the
exponential of the beta-coefficients to express the odds
ratios, standard errors, and p-values. In our main analysis,
we set the WAD strategy as reference because it is the most
frequently used strategy. In addition, we show results for
when LEX is set as reference category. The results show that
the context-based complexity measures, similarity and con-
flict, have a stronger effect on strategy choice than the num-
ber of alternatives (#alternatives) or attributes (#attributes).
A Wald test indicates that including the two context-based
complexity measures and the number of alternatives creates
a statistically significant improvement in the fit of the model
(all p <.01), while this is not true for the number of attributes
(p=.21). Furthermore, the significant influence of the number
of alternatives on strategy choice is caused by a higher proba-
bility to choose OTHER compared with WAD when the num-
ber of alternatives is eight instead of five: The odds ratio for
OTHER increases by 50.2% in the larger choice tasks. This is
an intuitive result because in all choice tasks with optimal
mapping and eight alternatives, OTHER explains four choices
compared with one choice in choice tasks with five alternatives.

Hypothesis 1 states that a higher similarity makes the
choice task more complex and thus that higher similarity
leads to an increase in the use of EBA and LEX and a de-
crease in the use of WAD and MAJ. Our results indicate that

An Optimized Design of Choice Experiments

this hypothesis can be supported. Compared with the refer-
ence category WAD, respondents applied EBA more often
when the similarity was larger (p <.001 for both EBA and
LEX). In fact, the odds ratio of applying EBA instead of
WAD is increased by an estimated 61.71% when there was
high similarity. For LEX, the odds ratio is increased by an
estimated 51.4%. Furthermore, we found that similarity
positively affects the choice of MAJ. Indeed, the odds ratio
of applying MAJ instead of WAD was increased by an
estimated 41% when similarity increased. Overall, the effects
for similarity are quite strong. The higher the similarity of
alternatives is, the less WAD is chosen as strategy.

Hypothesis 2 states that an increase in conflict makes the
choice task more complex and that this increase in conflict
leads to an increase in the use of EBA and LEX and a
decrease in the use of WAD and MAJ. The hypothesis can
be supported for the usage of EBA but not for LEX. Com-
pared with the reference category WAD, respondents applied
EBA more often when the conflict was larger (p =.005), but
this was not the case for LEX (p=.454). In fact, the odds
ratio of applying EBA instead of WAD was increased by
an estimated 29.9% for high conflict. Furthermore, we found
that increasing conflict makes people apply WAD instead of
MAIJ. Indeed, the odds ratio of applying MAIJ instead of
WAD is decreased by an estimated 21.7% (100-78.3%).
Thus, while similarity increased the likelihood of choosing
MAJ instead of WAD, conflict decreased it.

To learn more about the effect of the complexity mea-
sures, we computed a second model, using LEX as reference
category instead of WAD (Table 7). The results showed that
conflict has an effect on the usage of EBA (p=.073) and
similarity has no effect on the usage of EBA. Indeed, the
odds ratio of applying EBA instead of LEX was increased
by an estimated 20.6% for high conflict. Thus, when there

Table 5. Relative frequencies of the observed strategies for different
combinations of conflict and similarity

Conflict Similarity EBA (%) LEX (%) MAIJ (%) WAD (%)

Low Low 18.30 18.68 22.94 31.56
High Low 20.71 16.25 14.14 28.37
Low High 20.96 18.38 20.62 23.54
High High 22.34 17.68 15.82 19.54

Note: EBA, Elimination by Aspect Strategy; LEX, Lexicographic Heuristic;
MAJ, Simple Majority Decision Rule; WAD, Weighted Additive Difference.

35
30
R \
<
= 25
> \. WAD
s e me=== EBA
@ 20 =
2 ot — ~a MAJ
£ 1 LEX
o
.=
£ 10
B
5
0
Low similarity High similarity

relative frequency in %

35
30
» Awmi
N —__ o ——--- + EBA
|-l =
...... —sereneom LEX
s A MAJ
10
5
0
Low conflict High conflict

(a) similarity

(b) conflict

Figure 6. Influence of independent variables on the relative frequency of the observed strategies. EBA, Elimination by Aspect Strategy; LEX,
Lexicographic Heuristic; MAJ, Simple Majority Decision Rule; WAD, Weighted Additive Difference
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Table 6. Relative frequencies of the observed strategies

Low sim. (%) High sim. (%) Low confl. (%) High confl. (%) 5 alt (%) 8 alt (%) 5 attr (%) 8 attr (%)
EBA 19.59 21.65 19.71 21.52 22.33 19.01 20.97 20.32
LEX 17.38 18.03 18.53 16.96 19.52 15.95 17.23 18.20
MAIJ 18.24 18.20 21.71 14.98 19.97 16.51 19.36 17.06
WAD 29.85 21.53 27.31 23.97 28.12 23.12 25.41 25.74
OTHER 14.95 20.59 12.74 22.57 10.08 25.41 17.01 18.69

Note: EBA, Elimination by Aspect Strategy; LEX, Lexicographic Heuristic; MAJ, Simple Majority Decision Rule; WAD, Weighted Additive Difference.

Table 7. Estimation results for the main model

Exp(coefficient) (Std. err.) p-value
EBA when WAD is reference category
Similarity 1.617 (.151) .000
Conflict 1.299 (.121) .005
#Alternatives 1.019 (.032) 541
#Attributes 976 (.030) 426
Constant 522 (.157) .031
LEX when WAD is reference category
Similarity 1.514 (.149) .000
Conflict 1.077 (.106) 454
#Alternatives .997 (.033) .929
#Attributes 1.009 (.033) 786
Constant 423 (.135) .007
MAJ when WAD is reference category
Similarity 1.410 (.136) .000
Conflict 783 (.076) 011
#Alternatives 1.005 (.032) 871
#Attributes 947 (.030) .088
Constant 816 (.252) Sl
OTHER when WAD is reference category
Similarity 2.119 (.207) .000
Conflict 2.254 (.224) .000
#Alternatives 1.502 (.051) .000
#Attributes 1.020 (.033) 532
Constant .017 (.006) .000
EBA when LEX is reference category
Similarity 1.069 (.112) 524
Conflict 1.206 (.126) .073
#Alternatives 1.022 (.036) .530
#Attributes 967 (.034) 335
Constant 1.238 (.425) 534
MAIJ when LEX is reference category
Similarity 932 (.100) 513
Conflict 727 (.079) .003
#Alternatives 1.008 (.036) .822
#Attributes 939 (.034) .076
Constant 1.932 (.679) .061

Note: EBA, Elimination by Aspect Strategy; LEX, Lexicographic Heuristic;
MAJ, Simple Majority Decision Rule; WAD, Weighted Additive Difference.

are more conflicts, people seem to face up to the conflicts and
rather use EBA, which takes into account several attributes,
than LEX, which focuses on only the most important attri-
bute and thus cannot deal with conflicts. By comparing both
compensatory strategies with LEX, we found that when the
complexity in terms of similarity increases, there was no effect
on MAJ, but there was a negative effect on the usage of WAD.®

“The significance levels for WAD are identical to the ones for LEX when
WAD is the reference category.

Copyright © 2014 John Wiley & Sons, Ltd.

In terms of conflict, the results were reversed: When conflict
increased, the odds ratio of applying MAJ instead of LEX
was decreased by an estimated 27.3%, while conflict had no
effect on WAD.

To sum up, an increase in conflict leads to a greater usage
of EBA, while similarity only affects EBA when a compen-
satory strategy is assumed as the reference category. Further-
more, WAD usage decreases in cases of high similarity,
whereas MAJ usage decreases in cases of high conflict.

To further understand the effects of the two context-based
complexity measures, Table 5 shows the relative frequencies
for the different treatment levels. In the easiest choice tasks
(low similarity and low conflict), the compensatory WAD
strategy explains a large portion of choices (31.56%, which
is 1.95 times more than the baseline model could explain).
In the most difficult choice tasks (high similarity and high
conflict), the non-compensatory EBA strategy explains most
choices (22.34%). Because 22.34% is only 1.34 times more

Table 8. Estimation results for the model with interaction effects

Exp(coefficient)  (Std. err.) p-value
EBA when WAD is reference category
Similarity 1.622 (:218) .000
Conflict 1.304 (.172) .044
#Alternatives 1.019 (.032) .540
#Attributes 976 (.030) 427
Similarity * conflict 996 (.186) .984
Constant .520 (.159) .032
LEX when WAD is reference category
Similarity 1.385 (.192) 019
Conflict 983 (.136) .899
#Alternatives .996 (.033) 915
#Attributes 1.010 (.033) 72
Similarity * conflict 1.194 (.235) .368
Constant 443 (.143) .012
MAJ when WAD is reference category
Similarity 1.225 (.160) 120
Conflict .665 (.090) .002
#Alternatives 1.004 (.032) 902
#Attributes 948 (.030) .094
Similarity * conflict 1.379 (.266) .096
Constant 878 (.274) 677
OTHER when WAD is reference category
Similarity 2.878 (.455) .000
Conflict 2.995 (.457) .000
#Alternatives 1.503 (.051) .000
#Attributes 1.019 (.033) 554
Similarity * conflict .635 (.129) .025
Constant .014 (.005) .000

Note: EBA, Elimination by Aspect Strategy; LEX, Lexicographic Heuristic;
MAJ, Simple Majority Decision Rule; WAD, Weighted Additive Difference.
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Figure 7. Interactions of similarity and conflict for Simple Majority Decision Rule (MAJ) and Weighted Additive Difference (WAD)

than the baseline of 16.2%, it seems that in these complex
choice tasks, none of the four strategies explain a great
number of choices. This indicates that, in the most complex
choice tasks, respondents either applied a strategy that was
not one of the four considered here or that the respondents
mixed several strategies to arrive at their decision. Compar-
ing the relative frequencies for the different strategies allows
us to yet again conclude that the influence of the two context-
based complexity measures is quite strong overall, and in
particular for MAJ and WAD.

In order to analyze the interaction between similarity
and conflict, we computed a second model that includes
an interaction-term similarity * conflict in the model
(Table 8). This term is 1 for choice task with both high
similarity and high conflict. The results suggest that
compared with the reference category WAD, in the most
complex choice tasks, MAJ is applied more often than
WAD (p=.096). The odds ratio of applying MAJ instead
of WAD in the most complex choice tasks was increased
by an estimated 37.9%.

To further clarify the findings, we plotted MAJ and
WAD usage for the different levels of context-based
complexity (Figure 7). The figure illustrates the following
main effects (Table 7): The usage of MAJ is negatively
influenced by conflict, and the usage of WAD is negatively
influenced by similarity. Furthermore, for MAJ, we found
an interaction (Table 8): Conflict has a higher impact on
MAJ usage if similarity is low. Thus, when choice tasks
get easier with respect to the similarity of alternatives, more
respondents consider conflict when deciding for or against
the use of MAIJ.

CONCLUSIONS

First, this work contributes to the efficient design of choice
task experiments and overcomes the problem of other
approaches that are unable to discriminate between different
decision strategies, in particular when the search space of
potential designs is very large. Our approach generates choice
tasks in such a way that following a particular, predefined
decision strategy leads to a unique final choice. In addition,
it creates robust choice tasks: Errors in measurements of
attribute levels do not strongly modify the characteristics of
the choice task. The design approach presented here does
not rely on particular decision strategies to be tested.

Copyright © 2014 John Wiley & Sons, Ltd.

Second, our approach is able to generate choice tasks for
different treatment levels and thus allows researchers to
manipulate a variety of choice task characteristics. In order
to illustrate this, we generated choice tasks of varying com-
plexity and observed the frequencies with which each of
the four strategies EBA, LEX, MAJ, and WAD were used.

We found that context-based complexity has a strong
influence on strategy choice. In choice tasks with low
context-based complexity, WAD explains by far most of
the observed choices (31.56% of choices are explained by
WAD). In tasks with high context-based complexity, EBA
explains most of the observed choices but only with
22.34%. It seems that in choice tasks with high conflict and
similarity, none of the four strategies considered explain well
the observed choices. In these scenarios, it seems that either
other decision strategies were applied or that the decision
makers used a mix of decision strategies to arrive at their
decision.

By contrasting the different effects of similarity and
conflict, we found that high similarity leads to a more than
50% increase in the probability of using both LEX and
EBA, in comparison with WAD.

Comparing all four strategies with one another allows us
to conclude that an increase in conflict leads to a greater
usage of EBA, whereas an increase in similarity mainly
increases the usage of LEX. Likewise, for the two compensa-
tory strategies, WAD and MAJ, we can conclude that a
decrease in conflict leads to an increase in MAJ usage,
whereas a decrease in similarity mainly increases the use of
WAD. An explanation of this result may be that MAJ
neglects the importance of attributes and attribute level utili-
ties and thus might not sufficiently consider conflicts. The
low usage of WAD in scenarios with low similarity might
be explained by the difficulty to detect the difference
between the utility of alternatives if their attribute level
utilities are very similar. In sum, the results are in accordance
with Bettman et al. (1993), who observe that with increasing
complexity, individuals make less accurate decisions and are
unable to follow the more demanding compensatory strate-
gies. Instead, they use less demanding non-compensatory
strategies.

In comparison with the two context-based complexity
measures, similarity and conflict, the size of the choice tasks
has much less effect on which strategy is chosen. Indeed,
both the number of attributes and the number of alternatives
did not exhibit any significant effect on the choice of either
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of the four strategies. The number of attributes only had a
weak significant effect on MAJ with less usage of MAJ in
the case of eight versus five attributes.

LIMITATIONS AND FUTURE WORK

One main limitation of the current approach is that for an
unambiguous mapping, the number of alternatives needs to
at least match the number of strategies. This problem can
be solved by including other behavioral measurements, for
example, by combining procedural methods with our ap-
proach. Combining outcome-based and procedural ap-
proaches seems to be a very promising way for studying
choice behavior (Harte & Koele, 2001; Rieskamp &
Hoffrage, 2008; Payne, Bettman, & Johnson, 1996; Senter
& Wedell, 1999; Riedl et al., 2008). When the GA is applied
in a multi-method approach, the fitness function could be
modeled such that it favors ambiguous mappings of strategies
whenever overlapping strategies can be differentiated by
different decision processes (or other differences with respect
to behavioral measurements). A second approach that would
allow less alternatives than there are competing strategies
would be to let the GA generate a whole portfolio of choice
tasks for each experimental group. Then, one candidate
solution would represent not just one choice task but rather a
portfolio of choice tasks. The GA would minimize the overlap
of the same strategies across different choice tasks with the
disadvantage that each decision maker would need to answer
several choice tasks per experimental group.

In our experiment, we tested four different strategies. WAD
and MAJ are examples of compensatory strategies; EBA and
LEX are examples of non-compensatory strategies. While
WAD, MAJ, and EBA explained a high percentage of the
choice decisions, LEX was only slightly more often used in
comparison with random choice. In future work, we would like
to consider more strategies and replace LEX with another
strategy. Furthermore, we want to consider the possibility that
decision makers do not follow pure strategies, but rather they
combine standard strategies (Luce et al., 1997; Russo &
Leclerc, 1994; Gilbride & Allenby, 2004; Gilbride & Allenby,
2006; Bettman & Park, 1980). Considering mixed strategies
makes the creation of optimal mappings more difficult because
many different strategy combinations exist. If we like to avoid
to have as many alternatives as possible strategy combinations,
we would recommend following the first approach mentioned
earlier that allows for ambiguous mappings and incorporates
procedural methods. Our approach could, for example, help
to differentiate whether an EBA or LEX strategy was mixed
with WAD: The GA could ensure that a user starting with
EBA would always exclude other alternatives than a user
starting with LEX. Process tracing could then help to
determine when the strategy switch occurs, for example,
by analyzing eye movements (Pfeiffer et al., 2014).

The objective of our approach was to create respondent-
specific choice tasks and thus a heterogenous design of
choice tasks, where different respondents were given differ-
ent designs. Indeed, this approach was shown to achieve
higher efficiency than when generating identical choice tasks

Copyright © 2014 John Wiley & Sons, Ltd.

for all respondents (Sdndor & Wedel, 2005). This, however,
requires the determination of some of the respondents’
preferences. The prior elicitation of preferences was recently
suggested by Liu and Neeraj (2011) to improve the construc-
tion of choice tasks. This approach, however, assumes that
the preferences measured with adaptive conjoint analysis in
the first step are stable and readily accessible. This is a rather
strong assumption given the constructive nature of preferences
(e.g.,Payne, Bettman, & Johnson, 1992). However, our ap-
proach does not depend on a particular method for measuring
the respondents’ preferences in the first step. Any approach
could easily be used to measure the preferences and unaccept-
able levels of respondents, which our algorithm needs in order
to generate the respondent-specific choice tasks. It would also
be possible to eliminate the respondent-specific measurement
of preferences in step 1 and assume that all individuals
have the same preference structure (in a similar manner
to Jekel et al. (2011), where the attribute levels are coded
as ‘+" or ‘—’). In fact, the influence of context-based
complexity on choices has most often been measured
using such symbolic attribute levels, which are assumed
to be identical for all respondents (for notable exceptions,
see Russo and Dosher, 1983; Bockenholt et al., 1991;
Luce et al., 1997; and Pfeiffer et al., 2014). In fact, leav-
ing out the first step requires no change to the algorithm.
It just makes the approach less complicated, although
probably also more inaccurate.

We partly address this estimation problem in the first step
of preference measurement by anticipating inaccurate prefer-
ences: The algorithm creates choice tasks where small mod-
ifications of a choice task have only a low impact on its
characteristics. Another way to address the issue of inaccu-
rate measurements would be to directly assume some varia-
tions in the preferences. In this case, we would have to
make assumptions about the type and extent of errors that oc-
cur in the preference measurements. Such an approach would
increase the computational effort because each choice task
generated would have to be evaluated for a variety of differ-
ent preferences. Both approaches—assuming variations in
the attribute level or directly in the preferences—are closely
related to each other because the complexity of a choice task
is calculated using preferences and attribute levels.

We hope that this work encourages other researchers to
create optimal experimental designs with heuristic optimiza-
tion methods, such as GAs, because this paper is a first step
towards showing that heuristic optimization methods are
very flexible and fast when it comes to solving complex ex-
perimental design problems.

APPENDIX A: SPECIFICS OF THE GA DESIGN

The GA evolves candidate solutions. Each candidate solution
represents one respondent-specific choice task.

Construction of a candidate solution
Given a set of m,; possible attributes (71, > m), we order the m,,
possible attributes in a vector A" = (ay, ..., an,) such that w
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(a;)) >w(a; ). Similarly, for each attribute a;, we order the I,
corresponding possible attribute levels in a vector L! =

hL,..., l,;"> such that u(l}) > u(l; . ;). A candidate solution is a
VeCtor X=xX1, ..., X + 1) With two different types of elements.
First, the values of the elements X;_ 1)+ 1)+1 €11, ..., M}
(i=1, ...,m) indicate which element of the attribute vector A" is
shown in the ith row of the choice task. To avoid multiple occur-

rences of the same attribute in a choice task, x; — 1)1+ 1)+ 17X
G—m+1+1 for i#j. Second, the values of the elements
X)) (1) € {1, ol V=1 omandj=1,.....n) indi-
cate which element of the attribute level vector L} is used for the
attribute a; of product p;.

Initialization of P

For the initial population, random solutions are generated as
follows: For each solution, the vector elements that indicate
the shown attributes (x;_ 1)+ 1y+1, i=1,...,m) are ran-
domly drawn from the set {1, ...,m,;} without replacement.
The elements that indicate the shown attribute levels (x; _ i,
n+h++y 1=1,...,mand j=1,...,n) are randomly drawn

from {1,...,1;
all

Recombination and mutation

The recombination operator selects with probability p.=1
two random parent solutions from P’ and copies them into
P". Then, with a probability of .5, the operator exchanges
the values of all vector elements that belong to the ith
attribute (.X(,‘, D+ D+ 1s -+ Xin+ 1)) between the two new
solutions. To ensure that no attributes are duplicated in
one solution, no exchange occurs if an attribute exists in both
solutions. Finally, we mutate each vector element with a
probability of 1/(m(n+ 1)) and copy all solutions from P” to
P”. A mutation randomly increases or decreases the value
of the vector element by 1. Thus, because of the ordering
of A and L", a new solution is created with either a new
attribute that has similar importance to the old attribute or a
new attribute level with a similar utility as the old one.
Mutation is not applied if it would duplicate the attributes
in a solution.

APPENDIX B: FITNESS FUNCTIONS FOR AR AND AC

As we do not know a priori the minimum and maximum values
of AR and AC, we generate, before each GA run, a set of 2000
random choice tasks. AR,;, and AR,,,x are the minimum and
maximum values of AR that occur in these random choice
tasks. Analogously, AC,;, and AC,,« are the minimum and
maximum values of AC. If we want to create a choice task ¢
with a low attribute range, we define f; as f¥™(c) = At _ARLO),
if we want to create a choice task with a high AR,

NN (¢) = AR(c)/(ARmax — ARmin) . Similarly, if we want
choice tasks with a low AC, we define f13°W = j:g%f;g@
and if we want choice tasks with a high AC, we define

MM — AC(¢)/(ACmax — ACmin). If choice tasks with lower

minimum or higher maximum values are created during a

Copyright © 2014 John Wiley & Sons, Ltd.
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GA run, the corresponding values of AR yax, ARmins ACmaxs
and ACy;, are updated during the GA run. The normaliza-
tion of AR and AC is necessary to ensure that the GA
focuses equally on both AR and AC.
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