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Evidence for Multiple-Reason Decision Making Under Time Limits

Abstract

It has been repeatedly shown that in decisionsruinde constraints, individuals
predominantly use non-compensatory strategiesmrtitaa complex compensatory strategies.
We argue that these findings might not be duemd@aditions of cognitive capacity but to
limitations of information search induced by thencoonly used experimental procedure
mouselab (Payne et al., 1988). We tested this g#samin three experiments. In the first
experiment, information was openly presented, wdeene the second experiment the standard
mouselab was used under different time limits. fidseilts indicate that individuals are able to
compute weighted additive decision strategies exhg quickly if the information search is
not restricted by the experimental procedure. tiniral experiment, these results could be
replicated using more complex decision tasks; thpmalternative explanations that
individuals use more complex heuristics or encbeecbnstellation of cues only could be
ruled out. In sum, the findings challenge the fundats of bounded rationality and highlight

the importance of automatic processes in decisiakimg.

Keywords Parallel Processing, Automatic Information Intgmn, One Reason Decision

Making, Mouselab, Process Tracing, Time Limits
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Process tracing studies in decision research hese &ccumulating evidence
indicating that individuals often employ simpleag&gies that minimize the amount of
information considered and mental effort investethe decision (e.g., Payne, Bettman, &
Johnson, 1988). These strategies, such as thedgaghic rule I(EX, Fishburn, 1974),
elimination-by-aspect&EBA Tversky, 1972) or the equal weight ruleQW, Fishburn, 1974)
minimize the cognitive effort invested in informatisearch and integration as compared to
extensional, compensatory strategies such as tighisd additive rule\WADD) that utility
theory demands. Scholars now take it for grantatttme and capacity constraints provoke
strategy shifts from more complex strategies towaithple non-compensatory strategies like
the LEX rule (Ariely & Zakay, 2001; Bettman, Luce Payne, 1998; Payne et al., 1988;
Payne, Bettman, & Johnson, 1992; Rieskamp & Ho#fyd®99). In this paper we argue that
the external validity of the findings underlyinggltonclusion could be questioned because of
methodological shortcomings. In particular it ig@ed that the predominantly used research
methods in behavioral decision research focus bhetate decision strategies only but are
not able to capture automatic processes in decmiking and in fact often hinder their
application. Following the argumentation of duabgessing approaches to decision making
(see below), we aim to demonstrate that automaticgsses driven by the “intuitive system”
(Kahneman & Frederick, 2002) enable individualguakly integrate multiple reasons in
their decisions. We propose an alternative metimaldreport data from three experiments
which indicate that if they are unconstrained bya#ificial experimental setting, the majority
of individuals use automatic processes to integratkiple-reasons in a weighted additive
manner in their decisions.

Bounded Rationality and the Focus on Deliberateiflen Strategies

In line with the dual-processing framework suggedte Kahneman and Frederick

(2002), we defineleliberate decision strategies strategies which are based on controlled

cognitive operations that are rule-governed. Inbeéehte strategies, information is integrated
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in a serial manner, processing is cognitively desivagnand rather slow; and individuals are
aware of the underlying processes and can explibata. Research in the tradition of the
bounded rationality approach (Simon, 1955) hassitely investigated such deliberate
decision strategies (cf., Frederick, 2002). Theamgnet of the bounded rationality approach
thereby holds that individuals employ short-cuatstgies (commonly called “heuristics”
because their cognitive capacities are limitedr@npnent decision problem, which has been
repeatedly used in this research, is the city-demsion task (Gigerenzer, Hoffrage, &
Kleinbolting, 1991; Gigerenzer, Todd, & the ABC gp 1999). In this task an individual has
to decide which of two cities has more inhabitgotgtiong based on conflicting pieces of
evidence ¢ueg. Cues vary as predictors for city-size, which neethat they differ in the
conditional likelihood that city A is larger thaitycB given a positive cue valueue

validity). It is assumed that the individual has no exacvedge about the size of the cities.
However, for instance, the individual knows thay & is a state capital and city B is not and
that city B has a university and a major leaguetspgeam whereas city B has neither.

To make a decision, a very simple strategy woultbdgase the decision on only the
most valid cue. If, for instance, the person pressithat the cue state capital is the most valid
cue, he or she could consider only this informatignoring the other cues and deciding that
city A is larger. Such a strategy relies on onsoeaThe example describes the application of
the Take-the-Best heuristi€ B, Gigerenzer & Goldstein, 1996), which belongsii® ¢lass
of LEX rules. Only if the most valid cue does ndfetentiate between options would the
next cue be used, and so on. Such a strategy sedasimple enough to be deliberately
applied by lay people in everyday settings. Altéxedy, according to an EQW strategy, cue
validities could be ignored and the option with mpositive cue values could be selected
(i.e., city B).

Obviously, a strategy in which all the validitiefsatl cue values are considered would

be much more complicated. This could be realized beighted additive rul&ADD) in
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which cue values are multiplied by the validitiésle respective cues and summed up. The
option with the highest weighted sum is chosen. [atter strategy is aligned with the
decision rule proposed by utility theory. WADD catess all relevant pieces of information,
integrates cue values and cue validities for e@tion, and thus provides an ideal example of
a compensatory strategy (i.e., a strategy in whegmative values on one cue can be
compensated for by positive values on other cueis)the firm conviction of proponents of
the bounded rationality approach that humans arallysnot capable of applying such
extensional strategies because these strategidgsvotieeir computational capacities.

As will be pointed out in more detail later, we gtien this assumption and argue that
individuals usually do not carry out a WADD stratdry deliberately calculating weighted
sums but by relying on automatic processes.

The Mouselab - A Method for Process Tracing andt8gy Classification

One of the major challenges in behavioral decisgs@arch is to empirically identify
individuals’ decision strategies because the ugtylcognitive processes cannot be directly
observed. A multitude of methods have been devdlagech are used to infer decision
strategies from proximal parameters like choicégoas (e.g., Broder & Schiffer, 2003b);
information search parameters (e.g., Johnson, P&gaikade, & Bettman, 1986; Sundstroem,
1987); decision times (e.g., Bergert & NosofskyQ)20Glockner, 2006; Gléckner, in press a);
confidence judgments (Glockner & Hodges, 2006); mpeements (e.g., Russo & Dosher,
1983); self-reports and think-aloud protocols basedhtrospection (e.g., Montgomery &
Svenson, 1983; Svenson, 1989) or combinationseohth

One of the standard tools for strategy classifcais the computer-based information
board callednouselal{Johnson et al., 1986). In the mouselab, inforomagéibout options is
presented in a covered information matrix. Paréinis have to move the mouse cursor onto
boxes to uncover the outcomes of choice optiorerimation search is recorded and used to

subsequently identify decision strategies (for xeneple see Figure 3).
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The introduction of the mouselab was a major $gproviding an easy-to-handle
tool for process tracing and strategy classifiegttbis research method opened the door to a
process view in decision research; hence, it maghially be considered a revolution (Beach
& Potter, 1992). Regardless of its undisputed ragtiite method entails some probleffise
fundamental problem with the mouselab is that gases restrictions for information
searching which might, in turn, influence strateglection. Note, for instance, that in the
standard mouselab, only one piece of informationlminspected at a time. This procedure
promotes a serial mode of information search amdpeas the possibility for quick
comparisons between multiple pieces of informatamwell as the detection of specific cue
constellations. As such, the mouselab does nowdto differentiation between the
constraints to overt search behavior imposed bytbperties of the research tool and the
constraints imposed by capacity limitations of tbgnitive system.

In mouselab experiments, it has consistently béserved that participants change
decision strategies under severe time pressurerfiora complex compensatory strategies to
simple non-compensatory ones (i.e., strategieshioclwnegative values on one cue cannot be
compensated for by positive values on other cules}tthe LEX/TTB rule (Payne et al., 1988;
Rieskamp & Hoffrage, 1999; for a recent overviewiwfe effects on decision making see
Ariely & Zakay, 2001, for a related discussion lo¢ teffects of time stress see Broadbent,
1971, Zakay, 1993). However, a critical reflectmmthe procedure reveals that the results
cannot serve as conclusive evidence for the viawahimited capacity for information
integration under time pressure causes the stratafy The alternative explanation that time
pressure simply constrains the information seapgrations (i.e., movements of the computer
mouse) necessary to gain access to the informatgmot be ruled out.

Findings by Lohse and Johnson (1996) lend suppotht latter explanation. The
authors investigated the influence of differentetyf process tracing methods on decision

behavior and identified substantial differenceshnices and information search behavior
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between decision tasks being presented in the Haduaad the same decision tasks being
presented openly so that information was instaathessible. In the former case information
had to be looked up serially using the mouse, vasire the latter condition information
search was recorded using an eye-tracking methatsd_and Johnson found that the
mouselab method significantly increased the amofitime needed to acquire information
compared with the eye-tracking method. Furthermarthe mouselab condition individuals
showed a more systematic information acquisitidmlver and almost one-third of the
individual choices changed as a function of theimadation of the process tracing method.
Based on the outlined methodological critique dredreported initial findings, we
argue that the mouselab installs a systematicibigessource allocatiorPre-selectional
processeg¢Betsch & Haberstroh, 2005), such as screeningithielem and inspecting
outcomes, entail considerable costs in time arhiin resources. Conversely, in many
mundane decisions, both the environment and ouranegsystem immediately provide us
with a huge amount of information so that pre-gedeal processes consume a minimum of
resources. Assume a man approaches you on theatkebegs for some change. He claims
he is in dire need of the money because he warsyt@ bus ticket to his home town. You
realize from his looks, his ragged clothing, theeBrof alcohol on his breath and the group of
people he is with that he is obviously drunk. Ofitse, you are aware of moral obligations,
but you also feel some reservations due to yowr grperience with similar situations. All
these different kinds of information are availableonce and form a unique impression or the
"Gestalt" of the situation (cf., Koffka, 1922). Thesources to be invested in an information
search are small. You know everything you neechtimnkto make a decision. We argue that
individuals are able to combine these multiple @seof evidence in a weighted additive
manner rather quickly by relying on automatic pgses. In contrast to many decisions in

natural settings, the mouselab induces a seriatiséar information that hinders individuals
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from applying such “default strategies” (BroderP230p. 617), particularly under time
pressure.

With the good intention to bring hidden processelgght, researchers force decision
makers to engage in a serial consideration of mé&iion when working on the mouselab. In
turn, this method induces a deliberate rule-basedjration of information. These processes
are slow and consume both task and mental resouae&smatic processes which could
make use of a parallel consideration of informatoa systematically constrained in this
paradigm. It is not very surprising that individsiaéduce the depth of serial processing in the
mouselab, especially when time and cognitive resssibecome scarce. At least under
conditions of time pressure that do not allow fepecting all information, the mouselab
method invites the application of non-compensastrgtegies (e.g., LEX/TTB). Thus, the
claim that individuals would generally use thiskiof strategies more often under time
pressure is not warranted. Yet, we cannot ruldglmipossibility that the presumed increased
prevalence of non-compensatory strategies under prassure only applies to situations that
resemble the mouselab.

The Neglected Role of Automatic Processes in ResearDecision Strategies

In dual processing models (Kahneman & Frederiok2} the discussed deliberate
processes, which have been the focus of the rdsearchoice strategies, are contrasted with
automatic processes that operate without cognttoverol, have a high capacity for
information integration, could rely on parallel pessing of information and operate rather
rapidly. Individuals are not aware of the infornoatintegration processes; only the results
enter awareness.

Although the importance of automatic processedleas repeatedly highlighted in
other fields of psychology (Bargh & Chartrand, 19B&rgh & Williams, 2006; Hasher &
Zacks, 1984; Hintzman, 1988; Wegner, 1994; Zaj@880), as well as in judgment research

(Doherty & Kurz, 1996; Kahneman, Slovic, & Tversid@82; Kahneman & Frederick, 2002),
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these processes have been largely ignored in odsearchoice strategies (Frederick, 2002).
In a long tradition of dual-processing models (ePgtty & Cacioppo, 1986; Schneider &
Shiffrin, 1977; Shiffrin & Schneider, 1977) Kahnemand Frederick (2002) suggest a two-
system framework according to which decision sgi@gmight rely on intuitive/automatic
processes (system 1), as well as reflective/deltbaarocesses (system 2) (see also Epstein,
1990; Hogarth, 2001; Sloman, 2002; Strack & Deyt2604; but see Hammond, Hamm,
Grassia, & Pearson, 1987). Short-cut strategiesBi®@W or LEX/TTB are usually assumed
to belong to the deliberate system since they diaon controlled processes, which are
cognitively demanding and rather slow, and whidlofe certain rules and which individuals
are aware of. In contrast, decision strategiesat@based on automatic processes could be
considered to belong to the intuitive system.

Beyond this general framework, several models Hes proposed that claim to
further specify these automatic processes (e.@¢lB& Mitchell, 1996; Betsch, in press;
Busemeyer & Townsend, 1993; Dougherty, Gettys, &€bg 1999; Frederick, 2002;
Glockner, 2006; Glockner & Betsch, 2007; Hogar®QZ2, Lieberman, 2000; Simon,
Krawczyk, & Holyoak, 2004). It is beyond the scagehis paper to discuss and compare
these models. It is also beyond the scope of #pepto compare dual-processing approaches
and cognitive-continuum approaches (Hammond, Ha@massia, & Pearson, 1987).

For simplicity, we focused our research on one Yengamental assumption
(Hammond et al., 1987): automatic processes stemddlle individuals to integrate
information in a weighted additive manner ratheickly. This would mean that individuals
apply a WADD rule without deliberately calculatingighted sums. In contrast, from
bounded rationality models it would be predicteat §imple deliberate strategies (i.e.,
heuristics) like EQW or LEX/TTB rule should enaimdividuals to come to choices quickly
by ignoring cue information or cue validities.

Methodological Preliminaries
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Notation.Decision strategies can be differentiated in pgecaodels which claim to
describe the computational steps of decision makmjparamorphic (or “as-if’) models
(Hoffman, 1960) which aim to describe the outcowiedecision strategies only. The
LEX/TTB rule and the EQW rule are considered preagesdels (Gigerenzer et al., 1999; cf.,
Brandstatter, Gigerenzer, & Hertwig, 2006). Sonszaechers imply that the WADD strategy
is also a process model by assuming that the giraten be decomposed into elementary
information processes which are used as a proxthéomental effort to carry out the strategy
(Gigerenzer et al., 1999; Payne et al., 1988). Cth#&hors understand WADD in a more
paramorphic sense (e.qg., Broder & Schiffer, 200Baljne with the latter, we use the notation
WADD strategy in a paramorphic sense (Hoffman, 19%@at we only demand that choices
are in line with a weighted additive integrationcoke values and cue validities. In some
specific cases, we will intentionally differentidietween the possibilities by using the
notationWADDy for a strategy that is based on a deliberate tzlon of weighted sums and
the notationVADD,, for strategies in which weighted additive inforioatintegration
results from the operation of automatic processes.

Analysis of choices in diagnostic decision ta3ksavoid the aforementioned
restrictions of information search by the reseangthod, strategy classification in our
experiments was primarily based on the analysehoices. Decision tasks were
systematically selected to be diagnostic for défgrdecision strategies. Specifically, decision
tasks were based on cue patterns (i.e., consteltatif cue information) so that the considered
strategies LEX/TTB, EQW and WADD make differentdlictions for substantial sub-sets of
tasks. To allow for a classification of decisioragtgies on an individual level as compared to
an analysis over all participants, decision tasksewepeatedly presented by holding constant
the structural cue patterns underlying the decitashs (cf., Broder & Schiffer, 2003b). Note

that it is obviously not possible to differentidtetween the WADER, and the WADDRyo
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strategy based on choices because choice predicrerequal; therefore, we have to consider
other variables.

Analysis of decision time patterri®esides analyzing choices, the process of
information integration will be further investigdtey analyzing individual decision time
patterns (cf., Bergert & Nosofsky, 2007). Predici@f automatic models and heuristics
concerning decision times differ considerably. ipolividuals who use a LEX/TTB strategy,
decision times should depend on the number of wixsh are necessary to differentiate
between the options. Thus, people should deciderfasdecision tasks in which the first cue
differentiates between options as compared to iectasks in which two or more cues have
to be considered (Brandstatter, Gigerenzer, & Hgrt2006; Broder & Gaissmaier, in press).
Individuals who use an EQW strategy should not showdifferences in decision times as
long as the number of cue values is held constahttee sum of cue values differentiates
between options. The same prediction holds for aDV4, strategy that is based on a
deliberate calculation of weighted sums (cf., Paginal., 1988). In contrast, decision
strategies which are based on automatic processes\(VADD, ) allow for deriving the
prediction that decision times increase with insieg evidence that points against the
favored option and that decision times decreade wdreasing evidence that supports the
favored option (Bergert & Nosofsky, 2007; Buseme§érownsend, 1993; Cartwright &
Festinger, 1943; Glockner, 2006; cf., Holyoak & 8im1999; for empirical evidence in favor
of this claim see Festinger, 1943a, 1943b; Glocknguress a). Besides providing converging
evidence for the choice-based strategy classifinanethod, decision time analysis can be
used to test whether individuals applied a WARDr a WADD,,, Strategy. Thus, in our
experiments decision times were analyzed to furdifearentiate between decision strategies
and to learn more about the underlying processes.

Analysis of confidence judgmemsother kind of data which depends on the applied

decision strategies, and thus could be used ta leare about the processes of decision
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making, are subjective judgments of the confidanashoices (cf., Cartwright & Festinger,
1943; Christensen-Szalanski, 1978). Accordingrapse LEX/TTB rules, confidence should
depend on the validity of the most valid cue ofidygerenzer, Hoffrage, & Kleinbdlting,
1991); whereas WADD models would predict that tbeficlence is dependent on the
differences in the weighted cue values for theansti We investigated confidence judgments
in the last experiment. Table 1 summarizes thewdfitial predictions of the decision
strategies that were used to identify strategig¢baerthree experiments reported in this paper.
Overview of Experiments

We conducted three experiments. In the first expents, we were interested in
whether individuals are able to quickly integrat®rmation in a weighted additive manner if
the information search is not restricted by theaesh method. In the second experiment, the
decision tasks of Experiment 1 were presentedmoaselab format under different time limit
conditions to further investigate whether stratslifts are due to limitations of cognitive
capacity or due to limitations of information sdamduced by the mouselab method. In the
third experiment, more complex decision tasks anthaipulation of cue validities were used
that allowed the further investigation of the prsses of information integration.

More specifically, Experiment 1 tested whether pfindings are replicable when the
research tool does not constrain the automatioggsaeg of information. Accordingly,
information was presented in an "open" matrix (aveced information) to assure that the
information search was not hampered by the reseaethod. Thus, the limitations of the
information search and the limitations of computasil capacity were disentangled. For all
participants, time pressure was induced by instncFollowing the bounded rationality
approach, it should be found that the use of sirsprlegies (i.e., LEX/TTB) is dominant,
because cognitive capacity is insufficient for gopy more complex strategies. The
alternative hypothesis was that, even under tireegure, participants use complex weighted

additive decision strategies, which are based tonaatic processes (i.e., WARR).
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Decision strategies were identified by analyzingices. Cue patterns were selected which
were diagnostic for the considered decision straselge X/TTB, EQW and WADD.
Furthermore, decision tasks were selected solteadecision time hypotheses derived from
the different strategies could be tested (cf., @49l The number of cues needed to
differentiate between the options according to XIHB strategy was manipulated in three
steps along the factor CUE to test the predictioa IoEX/TTB strategy that decision time
increases with an increasing number of necessay. €wrthermore, conflicting evidence in
the cue patterns was manipulated along the faPle@_OPTION1 and PRO_OPTION2/3 to
allow testing the prediction of WAD[,that decision time increases with increasing
evidence pointing against the favored option.
Experiment 1

In the first experiment, participants were aslethke over the role of a manager of a
company. In repeated decision trials, participargse instructed to select the best out of three
different products. They were provided with infotroa from three testers with different
predictive validity, which provided dichotomous ¢jtyaratings (i.e., good / bad) for each
product.
Method

Participants and desigrRarticipants in the first experiment were 15 Unsity of
Heidelberg students (11 female, 4 male). The erpent lasted about 30 minutes.
Participation was either compensated for by coarsdit or a flat fee amounting to € 4.00.
Decision tasks were varied as within-participaatgdr, resulting in a 23 (CUE PATTERN) x
6 (VERSION) design with the further factors CUE ifther of cues necessary to differentiate
according to a LEX/TTB rule); PRO_OPTION1 (numbépositive cue values in favor of
optionl); and PRO_OPTION2/3 (number of positive cakies in favor of option 2 or 3)
nested within the factor cue pattern. Thus, altwegfactor CUE PATTERNhe structure of

the decision task was varied. The factor VERSIONesented six different versions of each
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cue pattern, in which the order of options was peated. Table 2 shows the 23 cue patterns
used in the experiment. C1 to C3 refer to cuegftest order of validity with cue 1 being the
most valid cue. O1 to O3 refer to options. Cue @slare represented by the symbols “+”
(positive) and “-” (negative).

The factors cue, pro_optionl, and pro_option2/3wested within the factor cue
pattern. The 23 cue patterns can be separatedeid $ets which correspond to the
manipulation of the factors cue. In the first st patterns 1 to 15; cue=1), the most valid
cue has only one positive cue value which is irofaf option 1. Within set 1, the number of
cues which have a positive cue value for optioprd (optionl) is varied from 1 to 3 (cf.,
main rows in Table 2). This variation is completetgssed with a variation of the number of
positive cue values for options 2 and 3 (pro_o@i8hfrom O to 4 (cf., main columns in
Table 2) resulting in a total of 15 stimuli for detin the second set (cue patterns 16 to 21,
cue=2) cue 1 has more than one positive cue valueug 2 has only one positive cue value.
In the third set (cue patterns 22 and 23; cue=8)Ichas all positive cue values, cue 2 has two
positive cue values and the number of positivevalees of cue 3 is one or two. Individuals
who use a LEX/TTB strategy should show increasiagjsion times from set 1 to set 3.
Individuals who use a WADR, strategy should show increasing decision timek wit
increasing evidence for options 2 and 3 (pro_oti®nand decreasing decision times with
increasing evidence for option 1 (pro_optionl).ivduals that use a WAD§ rule should
show equal decision times for all cue patterns.

Materials and procedurel'he 23 cue patterns allowed for the classificatibthe
decision strategies LEX/TTB, EQW and WADD, baselélyoon the analysis of choices. The
LEX/TTB strategy predicts choices for option 1 Ih28 cue patterns, because the most valid
differentiating cue (i.e., cue 1 for cue patterrte 15; cue 2 for cue patterns 16 to 21; cue 3
for cue patterns 22 and 23) always points towdrgsdption. The EQW and WADD

strategies predict choices for options 2 or 3 i@ patterns 7, 10 and 13, because in these



Multiple-Reason Decision Making 15

patterns both the un-weighted and the weightedafutime cue values is higher for the
options. Note that for a WADD strategy, this préidic is only valid if the sum of the
subjective cue validities for cues 2 and 3 is highan the cue validity of cue 1.

Individuals who choose option 1 in all cue patteshsuld be classified as LEX/TTB
users, whereas individuals who mainly choose offion 3 in cue patterns 7, 10 and 13 could
have used EQW or WADD. The latter participants teade further separated based on an
examination of cue patterns 4, 8, 11 and 18. Th&/EBQategy predicts an equal distribution
of choices for options 1 and 2 for these patteatabse the number of cues is equal for both
options, whereas WADD predicts choices for optidretause the more valid cues speak for
this option. In summary, people who choose optiamdll cue patterns ignore less valid cues
and should be classified as LEX users; individudise choose mainly option 2 or 3 in cue
patterns 7, 10 and 13 and about equally often éhopson 1 and 2 in cue patterns 4, 8, 11
and 18 look at all cue values, but ignore cue wtésland should be classified as EQW users;
and finally, individuals who choose option 2 om3Xue patterns 7, 10 and 13 and mainly
choose option 1 in cue patterns 4, 8, 11 and 18itgk account all the cue values, as well as
their validities, and should be classified as WAD$E2rs (as argued above, the notion is used
in a paramorphic sense, not implying that weiglsteas are calculated in a serial manner).

A computer program written in MEL2 (Multiple Experental Language 2) was used
to run the experiment. The complete experimenttuation can be found in Appendix A.
Participants were instructed to repeatedly selectvendor which provides the best-quality
oranges. In each decision task a choice had todok inetween three orange vendors, based
on information from three testers which providechdtomous quality ratings for each vendor
(i.e., good / bad quality). Participants were fartinformed that the testers provide
information with 80 percent (tester 1), 60 perdgester 2) and 50 percent (tester 3) of the
information being correct. Validities of the cuesre presented in a frequency format in order

to facilitate the understanding and processingnefinformation (Gigerenzer & Hoffrage,
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1995). Note that there was no normative reasomoighore the information about tester 3
since the validity of this information reaches otfig level of chance, which should facilitate
the application of LEX/TTB strategies. The studemése instructed both to make high
guality decisions and to be as fast as possibleigF2990). All nine pieces of information for
each decision task were presented simultaneously information matrix with cues forming
rows and options forming columns. Information wassgnted in the middle of a black screen
using ASCII characters only as depicted in ApperdiXhe information remained on the
screen until the participants had chosen one altieeby hitting one of three adjacent keys
that were marked on the keyboard (i.e., “f”, “gi’). The choices and the decision times
were recorded.

Eight warm-up decisions were used to familiarizgip@ants with the procedure.
These were followed by 138 relevant decision tasksch were shown in fixed random
order. Decision tasks were presented in six rangdedipresentation blocks, each consisting
of one version of the 23 choice patterns. Two shiggéks were embedded to minimize the
effects of decreasing concentration. After the sleai phase, participants were asked to recall
the validity of the testers to ensure that paréinig’ cue validities were sustained over the
entire course of the experiment.

Results

Classification of decision strategiegShoice proportions for option 1 in cue patterns 1
to 23 are depicted in Figure 1. On an aggregates td analysis, choices for option 1 were
most often observed, except for the critical patef, 10 and 13. Thus, aggregated choices
are in line with the predictions of WADD, indicagjthat a considerable portion of
participants used this strategy. To exactly deteentine size of this portion, an individual
level analysis was used.

To identify participants who used a LEX/TTB strateghoices in cue patterns 7, 10

and 13 were compared with choices in the remaiouggpatterns. If a LEX/TTB strategy was
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applied without errors, option 1 should have alwlagen selected. Taking into account that
individuals are not able to perfectly apply deaisstrategies, a certain rate of error has to be
considered. Because a statistically sound estimafi@cceptable rates of error is
methodologically problematic, an alternate metreotbitest whether the observed individual
rate of error is the same for the different cuégoas (cf., Broder & Schiffer, 2003b). Thus, if
a LEX strategy is applied, the portion of choicessdption 1 should be equal in the critical
cue patterns compared to the remaining ones. Hpisthesis was tested using individyal
tests of independence. For each participant, ittested whether choices for option 1, as
opposed to choices for other options, were indepeinof cue patterns. Here cue patterns 7,
10 and 13¢ritical cue patternswere compared with the remaining cue patternsveti
participants chose option 1 significantly less ofite the critical patterns than in the remaining
patternsf < .05). This indicates that the information of tegs valid cues systematically
influenced their choices, although the most valid discriminated between the options (cf.,
Table 2). Thus it can be ruled out that these @pents used a LEX/TTB strategy in which
information of the less valid cues would be ignoifdtie most valid cue already discriminates
between options. Two participants made their clmicdine with the predictions of a
LEX/TTB strategy and were classified respectivaiyo further participants distributed their
choices equally among options 1, 2 and 3 overnwlgatterns, which would not be predicted
by any systematic decision strategy. These paatntgowere therefore classified as using a
random choice strategy (RAND).

Based on this analysis, it can be concluded thigiaat 11 participants did not
concentrate only on the most valid cue, but instessdl information from all three cues. The
observed differences in the distribution of choiceght be explained by EQW or WADD
strategies. However, an EQW strategy further ptedi@t in cue patterns 4, 8, 11 and 18, an
equal distribution of choices for options 1 and dliger options should be observed, whereas

WADD predicts choices for option 1 only. For thegddrticipants still to be classified, the
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distribution of choices in these cue patterns wasrgned using*-tests. Specifically,
observed choices were tested against an equabdistn of choices for option 1, compared
with the other options. For one person there waieaisely equal distribution; this person
was accordingly classified as an EQW user. Fordh®ining 10 participants, choices
significantly deviated from an equal distributidhese participants clearly preferred option 1
(p <.05). It can be concluded that they took intcoamt the validity of the cues and used
information from all three cues. Therefore thesgaficipants were classified as WADD
users. The results of the strategy classificatrersammarized in the top row of Table 3. It
can be seen that about 2/3 of the participants as§@&DD strategy and took into account
cue values and cue validities, whereas only a feliwiduals used EQW or LEX/TTB
strategies and ignored information. Thus, in cattra earlier findings, simple LEX/TTB
strategies have not been dominantly used undergmessure.

Decision timesThe median decision time was found to be very ldalf of the
decisions were made in less than 1.1 secav@s%£ 1.07sM = 1.53sSD= 1.51sskew=
6.19,kurtosis= 65.11). Thus, it can be concluded that our famessure instruction was
obeyed by the participants. Obviously, it is nasgible to integrate the available cue values
and cue validities according to a deliberate WARBPomputation within such a short time
frame. To strengthen this argument, we carriecaattudy in which participants were
instructed to deliberately apply a WARpstrategy to similar decision tasks with 2 options
and 3 cues (Gléckner, 2006). The observed averagisidn time was 20.5 secon@&E=
2.2s), which lies far above the decision times xjp&timent 1.

Decision time data were log-transformed to thesatil0 to reduce the influence of
outliers and the skewness and kurtosis of theiligton (Glass & Hopkins, 1996). The
transformed data points were fairly normally disted MD = 3.03,M = 3.09,SD= 0.26,
skew= 1.05 kurtosis= 1.27). To analyze decision times, a 23 (cuespa)tx 6 (order)

repeated measurement analysis of variance (ANOVas eonducted, with log-transformed



Multiple-Reason Decision Making 19

decision time as the dependent variable. Cue padigal order were used as within-subject
factors. Each cue pattern was presented in sigréift versions; these versions were
presented in a random order with respect to edwr.othus, the factor ORDER ranged from
1 (first) to 6 (last) repetition of the cue pattenGreenhouse-Geisser correction was used
because Mauchly’s test turned out to be significawlicating that the assumption of
sphericity was violated (Glass & Hopkins, 1996)t&lthat the same correction was also used
in all following analyses, if indicated by Mauchdytest (if possible, even more conservative
multivariate analyses of variance were computel® main effect for cue patterns was
highly significant,F(4.9, 68.2) = 24.04 < .001,s° = .63% Thus, it can be concluded that
decision times differ systematically between cugpas (Figure 2), which speaks against the
mere application of a WAD{Q, strategy.

As expected, there was also a significant maircefte the factor ordeiF (1.6, 22.8)
=7.47,p = .006,7° = .35. Although the time needed for the decisi@s already very low in
the first presentation of each cue pattern, datisioes further decrease in later repetitions,
indicating learning effects. The mean values fgrtimnsformed decision times for the factor
order starting with the first presentation (W8Ein parentheses) were 3.17 (0.037), 3.08
(0.039), 3.08 (0.039), 3.07 (0.045), 3.05 (0.0424 3.06 (0.041).

The effect of the factor cue on decision times a@alyzed using a repeated-
measurement ANOVA with cue as within-subjects factdne main effect for cue turned out
to be significantF(2, 28) = 4.45p = .021,5° = .24. However, in contrast to the predictions
derived from a LEX/TTB strategy, decision timesnsiigantly decreased with the increasing
number of cues needed to differentiate accordirglt&X/TTB strategy¥l, = 3.097,SE=
0.006;M, = 3.070,SE= 0.009;M3 = 3.056,SE= 0.016). Thus, decision time data converge
with choice data in indicating that participantd dot use a LEX/TTB strategy.

The effects of the factors pro_optionl and pro anii3 were investigated using a 3

(pro_optionl) x 5 (pro_option2/3) repeated measerdMNOVA with log-transformed
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decision times as the dependent variable. The sisalas run for set 1 only because there
was no systematic manipulation of the factors exrdmaining sets (cf., Table 2). There were
highly significant main effects for pro_optiorfi(1.3, 17.9) = 31.8 < .001,5* = .69, and
pro_option2/3F(2.9, 41.1) = 15.0p < .001,;72 = .52, and a significant interaction between
both factorsF(2.2, 30.4) = 36.9 < .001,5° = .73. As predicted by WADR, decision
times decreased with an increasing number of auasihg option 1 and decision times
increased with an increasing number of cue valaesring options 2 and 3 (Figure 2).
Decision times were particularly high for the @di cue patterns (7, 10, 13) accounting for
the interaction effect.
Discussion

The majority of the participants (67%) took intacaent information from all three
cues, as well as validity information. Their ch@¢edicated weighted additive information
integration within (on average) less than 1.5 sdsdD = 1.07 s). Very few participants
ignored information or cue validities. Obviouslarpcipants under time pressure refrained
from using simple deliberate strategies like LEXBIar EQW. Consequently, the major
findings from mouselab studies could not be repdidavhen individuals had unconstrained
access to relevant information. Our results sugipastindividuals can capitalize on
remarkable abilities for complex information intagon. Considering the decision times
observed in the above mentioned study in which@pants were instructed to deliberately
calculate weighted sums (Glockner, 2006), it is/wenlikely that individuals deliberately
computed a WADI, strategy, because the median decision time otless1.1 seconds lay
far below the time necessary to calculate WARDr similar weighted additive strategies
(see also Footnote 3 below). Furthermore, decismes differed significantly between cue
patterns. This also speaks against the applicafiaiWADDyg Strategy.

We argue that these results emphasize the impertarautomatic processes in

decision making. As proposed by different authétfanimond et al., 1987; Kahneman &
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Frederick, 2002), individuals seem to possess liigyanot only to use simple deliberate
heuristics but also to apply decision strategiestan automatic processes that lead to
choices according to a weighted additive informatidegration (i.e., WADR,ip). Even

under time pressure, these automatic strategiassareby the majority of participants,
whereas simple heuristics are applied by very famtiggpants. By disentangling the
limitations of information integration and inforni@t search, we were able to demonstrate
that the cognitive capacity for information intetgoa is not as limited as usually assumed by
proponents of bounded rationality (Gigerenzer, 2004

The results of Experiment 1 conflict with the weéitablished findings from mouselab
studies showing that when there is severe timespressimple LEX/TTB strategies are
usually employed (e.g., Payne et al., 1988). Asiedgabove, mouselab fosters the application
of LEX/TTB strategies, because information searglionsumes considerable resources. We
remedied this problem by using an open informati@play and a choice-based strategy
classification method Our findings indicate that limitations of the infieation integration
capacity is not the major reason for individualaraing towards simple strategies when
subjected to time pressure. A very simple altemeagixplanation seems more appropriate:
individuals who — because of a certain researcadigm — do not have sufficient time to look
up all pieces of information concentrate on the tmagortant information. Our results
converge with several recent findings showing fiestple tend to use WADD strategies
instead of simple heuristics if information is opyepresented (Brdder, 2000; 2003; 2005;
Glockner, 2006).

The observed decision time data further strengtherpoint and provide converging
evidence for the choice analysis. Decision timearty speak against the application of a
LEX/TTB strategy and against the application of ADD 4 Strategy but are in line with the
predictions of WADRQ, Strategies. More importantly, decision times alfowruling out

some alternative explanations. It might be arghetlindividuals could have used the
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alternative heuristic: “choose the option favorgdcbe 1 unless consensually outvoted by
cues 2 and 3*"Obviously, such a strategy would not be frugakinse it takes into account
all cue values and at least ordinal informationulmoie validities; nevertheless, it would be
easy to apply. However, such a strategy could catunt for the observed systematic
variations of decisions times. In particular, tigngicant main effects of the number of
positive cue values for option 1 (pro_optionl) #mel number of positive cue values for
options 2 and 3 (pro_option2/3) could not be exy@di Furthermore, for cue patterns 1 to 6,
for instance, equal decision times would be exgedi@wever, as can be seen from error bars
in Figure 2, decision time data differ significantietween these cue patterns. Overall, it is
very unlikely that simple heuristics can accoumttfee differentiated findings concerning
decision times.

A caveat to the first experiment is that it emplaydifferent kind of decision problem
than the one that is used in a part of the clamsigselab studies (decisions from the monetary
domain, e.g., Payne et al., 1988). The reasorhismtas that we tried to stay close to the
material that has been recently used for examifasgand-frugal heuristics (e.g., Broder,
2005; Gigerenzer et al., 1999; Glockner, 2006; Ne&v&hanks, 2003; Newell, Weston, &
Shanks, 2003; for a discussion of advantages &f dacision tasks see Gigerenzer et al.,
1999). Hence, one could argue that our findingspeeific to our task instead of being
caused by the use of an open information matrixcul@ out such an interpretation and to
further investigate our hypothesis that individugdely WADD,, Strategies as long as time
limits allow them to inspect all pieces of infornaet, we ran another experiment using an
identical task within the standard mouselab, wittdan information.

In the experiment, time limits were manipulatedioree levels. The lenient time limit
condition was designed to allow for the repeatsgpéction of all the information. The
medium time limit condition provided just enougimé to look up each piece of information

once. The severe time limit condition did not allalivpieces of information to be looked up,



Multiple-Reason Decision Making 23

but it provided approximately the self-selectedrage decision time which individuals used
in Experiment 1. We expected that the majoritynalividuals to apply a WADD strategy in
the lenient and medium time limit conditions buttange towards a LEX strategy in the
severe time limit condition.

In the experiment, we additionally recorded infotima search parameters. One
reason for this was to test whether our time presswanipulation worked in limiting
information search as described above. A secorsbneaas to investigate whether
information search parameters indeed convergeawtnategy classification based on choice
analysis. It was expected that there could be anbat differences. For simplicity, only two
important parameters of information search werdyaed: the number of information boxes
opened per cue and the information search iiRlEEKTERNalso called Sl-index; Payne et
al., 1988; for a critical view see Bbckenholt & Hyn 1994; see also Footnote 6 below). The
PATTERN index indicates the relative proportiorcaé-based and option-based transitions
between information boxes. Given the acquisitioa phrticular piece of information, it can
be detected if the next acquisition involves thesaue but a different option (a cue-based
transition) or the same option but a different @re option-based transition). PATTERN is
calculated by subtracting the number of cue-basetsitions from the number of option-
based transitions and dividing this differenceliy $um of cue-based and option-based
transitions. Thus, the PATTERN index indicatesdividuals search for information in a
more cue-based or more option-based manner. Th@BRN index has a range from -1 to 1.
Negative numbers indicate a more cue-based infeomaearch, and positive numbers
indicate a more option-based search. Negative s@ecusually interpreted as evidence for
non-compensatory decision strategies like LEX, whgIpositive scores are seen as evidence
for compensatory decision strategies like WADD.

Experiment 2

Method
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Participants and desigrkifteen students (9 female, 6 male) from the Ursikg of
Heidelberg took part in the experiment. Participain the 30-minute study was either
compensated for by course credit or a flat fee 4100. Decision tasks were again
manipulated within subjects. Again, 23 differene @atterns in six different versions were
used (see Table 2). Additionally, the time limit tbe information search was manipulated
within subjects. In the lenient time limit condiio8 seconds were available for an
information search, information integration and mgkhe choice. In the medium and severe
time limit conditions, 3 seconds and 1.5 second®\weovided, respectively. The six versions
of each cue pattern were equally assigned to ottgedfme limit conditions using a random
procedure. Thus, the factor version was nestedmikte factor time limit, resulting in a 23
(CUE PATTERN) x 3 (TIME LIMIT) x 6 (VERSION), nestiewithin-subjects design.

Materials and procedurelhe cover story, instructions and materials fronpé&txment
1 were used in the experiment. Again, cue inforamatas presented in an information matrix
with options in rows and cues in columns (Figureli@xontrast to the previous study,
information was hidden in boxes. Each information bpened automatically when hit by the
mouse cursor. Thus, it was not necessary to erigagge motor operation of clicking on the
mouse. First, participants were introduced to &s& and informed about the validity of the
cues, as in Experiment 1. They were familiarizethwhe mouselab, and they completed eight
test trials. The following 138 decision tasks weresented in three blocks, each with a
different time limit. Time limits were tightened ewthe three blocks of trials, from 8 seconds
(lenient), to 3 seconds (medium), to 1.5 seconelgef®). Blocks were separated by 1 minute
breaks (black screen). For each decision taskicgeamts could move the mouse to access
information. A piece of information was visible grds long as the mouse was kept on the
information box. A time bar was shown at the tophaf screen to inform participants of time
limits. The length of the bar decreased in proporto the elapsed time. Immediately after the

decision task was presented, the time bar staceqting down the available time.
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Again, participants were asked to make accuratsides and to proceed as fast as
possible. Furthermore, it was required that thelgartheir choices within the mutual time
limit. Options were selected by mouse click. If thee limit had elapsed, no further
information search was possible. Neverthelessigyaaihts were forced to make a decision
and were subsequently reminded to keep within timis. Choices, decision times and
information-search parameters (opened informatmreb and time for opening) were
recordedf, Decision times were measured from the onset ofléftision task to the selection
of the option. The mouse pointer was initially @gt in the upper left corner of the screen
(i.e., left of the empty matrix field, see Figure Bach decision task was started by clicking
on a button on an introductory screen. The moussdétivare was created in Visual Basic 6.0
and was run under an MS Windows 98 environmenBdh ¢compatible computers.

Results

Classification of decision strategies by choicHse same method as in the previous
experiment was used to classify strategies. Eaoh limit block was analyzed separately.
Note that the reduced number of analyzed choiahscesl the statistical power and thereby
increased the probability of LEX and EQW classtii@as. As explained in the results section
of Experiment 1, two individugl-tests have to turn out to be significant in orfderone
participant to be classified as a WADD user. Witlydl/3 of the number of observations, it
becomes less likely that existing effects will l#ettted at a specified alpha level (i.e., the
beta error increases). This means the likelihoaddhWVADD user is classified as a user of an
EQW or LEX strategy increases substantially, wislbuld be corrected for. Therefore, in
both tests an increased alpha levet ef .10 was applied. First, it was analyzed whether
choices in cue patterns 7, 10 and 13 differed filoenchoices in the remaining cue patterns,
using individual-tests of independenceymber of observations46). Then, the choices in
patterns 4, 8, 11 and 18 were tested against aa doptribution umber of observatiors

8). It turned out that under the lenient time licoindition, the majority of participants used a
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WADD strategy (Table 3). Under the medium conditiparticipants mainly retained their
decision strategy. Three former WADD users chanigede EQW and LEX/TTB strategies.
When the time limits were severe, almost all theigpants changed to a LEX/TTB strategy.
Thus, choice data are in line with our expectati@t decision strategies only change if time
pressure does not allow for inspecting all piedaaformation (i.e., under severe time limit).
Decision timeAgain, decision time was log-transformed to desedae influence of
outliers and to reduce deviations from normal dhstion. A 23 (cue pattern) x 3 (time limit)
x 2 (repeat) repeated measurement ANOVA, with taggformed decision times as
dependent variables, revealed the time limit toehegignificant effect (1.3, 18.4) = 457.4,
p < .001,5* = .97. This indicates that our time limit maniptida worked. With decreasing
time limits, the decision time decreased. The medecision times for the lenient, medium
and severe time-limit conditions in seconds weB842.56 and 1.49 respectively.
Furthermore, cue pattern was found to have a sgnif main effectf-(3.1, 44.0) = 5.8(0 <
.001,5#? = .29. Again, for the critical patterns 7, 10 dr&] the decision times were
particularly high. Similarly high decision times reeound for cue patterns 4, 17, 18, 19 and
23. A considerable portion of choices (22% vs. 4@¥%ger the medium and severe time limit
conditions was made after the time limit allottedthe information search had elapsed.
Number of opened information box&se distribution of inspected information boxes
per cue was analyzed using a 3 (cue) x 3 (timd)limultivariate analysis of variance
(MANOVA), with the numbers of viewed information X&s as dependent variables. The
main effect for cue was highly significafftillais V = .84,F(2, 13) = 33.14p < .001,* = .84,
indicating that participants looked up more pieaemformation for more valid cues (Table
4). There was also a significant main effect f@ tilme limit, Pillais V = .90,F(2, 13) =
56.54,p < .001,7% = .90. As the time limit was decreased, the nunsbepened information
boxes also decreased. As indicated by the infoondtoxes index in Table 4, in the lenient

time limit condition, on average, participants iesfed each information box more than once;
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in the medium time limit condition, on average eadhrmation box was opened once; and in
the severe time limit condition, only 61 percentlad information boxes were inspected.
Thus, the time limit manipulation worked as intetid€he medium time limit condition
offered just enough time to inspect all the infotima boxes once. The interaction between
the factors cue and time limit was also signific&lilais V= .81,F(4, 11) = 11.59p < .001,

n? = .81. It was found that participants focusedrth€brmation search on the most valid cue
even more when there were decreasing time limits.

PATTERN indexTo further investigate search strategies, therinéion-search index
PATTERNwas computed (Payne et al., 1988) MANOVA was conducted with the
different PATTERN index scores for the time limanditions as dependent variables. There
was a significant effect for time limiRillais V = .54,F(2, 13) = 7.64p = .006,5° = .54.

Under the first two conditions, there was a sligigference for option-based searches,
whereas under the severe time-limit condition angtrpreference for cue-based searches was
observed (Table 4; right column). Two contrastseamputed to further pinpoint this effect.
It turned out that there was no difference in tAd PERN index between the lenient and the
medium time limit conditiongs(1, 14) = .16p = .70,7° = .01. However, there was a
significant difference of the severe time limit daion compared to the medium and lenient
time limit conditionsF(1, 14) = 16.32p < .01,5% = .54. Thus, in line with our expectation,

the information search only changed when decismae tvas too short to investigate all

pieces of information.

For each person and each time limit block, it wather analyzed whether the
information search — as indicated by the PATTER#&— aligned with the results of the
choice-based strategy classification reported abloveé3 percent of the casds € 45; note
that each comparison was computed for three timi¢ dondition per person resulting in a
total of 45 observations), both parameters werasistant. In 8 cases (18%), participant

searches were more cue based but they still ug¢A@RD strategy; in 3 cases (7%)
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participants used option-based searches but derided with a LEX/TTB strategy; and in 1
case (2%) a cue-based information search was ugegtédecisions were in line with an
EQW strategy. In line with our expectation, theadtron of the information search and the
direction of the information integration divergest fi considerable portion of participants.
Note, however, that over 70 percent of the clasaions still corresponded.

Discussion

The experiment examined whether changes in decsiategies in mouselab
experiments under time pressure (e.g. Payne ét9#8) are due to limitations in the
information search instead of limitations in thgibive capacity, as is generally assumed. It
was found that when allotted sufficient time topest all the information (i.e., under the
lenient and medium time limit condition), particijta showed choices in line with WADD
strategies. Under the severe time limit of 1.5 sdspit was no longer possible to inspect all
the information boxes. Participants inspected dméymost important information —
particularly the information of the most valid ca@nd decided on the basis of this
information, using a LEX/TTB strategy. Thus, theulks indicate that it was not the
limitation of the cognitive capacity for informationtegration but rather the limitation of the
information search that induced the increased t5&X/TTB strategies.

The results also show that there is a consideratseindividual stability in strategy
use under the lenient and medium time limit condsi This aligns with findings by Broder
(2005); furthermore, it speaks for the reliabilifiythe strategy classification method based on
choices.

A comparison of search-based strategy analysishoide-based strategy
classification shows convergences as well as eifiegs (cf., Broder, 2003). In line with
strategy classification, the analysis of the PATTNERdex indicates that a strategy shift
occurs only under the severe time limit conditidowever, from the PATTERN index it was

not possible to detect the clear dominance of WAdDBtegies under the other conditions.
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For a considerable portion of participants, a djeece between the direction of the
information search and the conceptual directiomfairmation integration was observed.

Note that the mouseldiuilds on the assumption that overt search-movesmeap
onto hidden cognitive processes (and vice veFa)instance, from the ratio of cue-based
and option-based transitions in the informatiorragaconclusions are drawn about whether
participants actually use cognitive strategies ittmaly cue-based (e.g., LEX/TTB) or option-
based (e.g., EQW) information integration. Althoymgrsuasive on first glance, this reasoning
might be misleading. The type of information seaanl information integration could differ
considerably because information can be temporstiiged in memory before being
processed further (Broder, 2003). In other wordgyioinformation searches and internal
processes of integration and evaluation might beatiiated (Billings & Marcus, 1983;
Maule, 1994; but see Broder, 2003). The resul&xpleriment 2 indicate that this dissociation
occurs for a considerable portion of participantdecision tasks of medium-level
complexity.

By now we have demonstrated in two experimentsdhaices and decision time
patterns are in line with our hypothesis that indirals are able to quickly integrate multiple
pieces of evidence in a weighted additive mannkeerd is conclusive evidence that the
majority of individuals takes into account avaikalpieces of information and considers them
according to their validity. Thus, our results canbe explained by fast-and-frugal heuristics
(Gigerenzer et al., 1999) that ignore either cdaasor cue validities. The applied decision
strategies are obviously not frugal but exhaustivibeir use of available information.

Nevertheless, the findings could still be challehgetwo ways. First, it might be
guestioned whether the results generalize to murgtex decision tasks. More importantly,
there could still be some doubt that the resultdccbe explained by alternative models. One
possible hypothesis is that individuals encodeatinay of information as a constellation. This

constellation could be compared with different ptgpes (Juslin, Olsson, & Olsson, 2003;
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Olsson, Enkvist, & Juslin, 2006), or mere percelppadtern recognition processes could be
used to quickly reach a decision. This alternagixgelanation was investigated in the third
experiment.

To test the alternative explanation, the consietladf cue information was held
constant and the validity of only one cue was malatied without changing the constellation
(i.e., without changing the order of cues in the bierarchy). If decisions are made based
solely on the conceptual constellation of cue imfation, this manipulation should not
influence decisions. Furthermore, the presentatrder of cues in the information-matrix was
randomized to prevent mere perceptual pattern rettog processes.

To allow for deriving a high proportion of diagnmstlecisions, more complex
decision tasks with six cues and two options weetuConfidence judgments were measured
to further investigate decision processes (cf.|dah According to a LEX/TTB strategy,
confidence judgments should depend on the valafithe differentiating cue only. According
to a WADD,, strategy, confidence judgments should depend edifference between the
weighted sums of cue values and cue validitieshferavailable options.

Experiment 3
Method

Participants and desigrSixty-three students (55 female, 8 male) fromuinéversity
of Erfurt took part in the experiment. The 20-mmekperiment was part of a one-hour
experimental battery of unrelated experiments. &ttglreceived € 6.00 for their participation
in the battery. Decision tasks were again manipdlatithin-participants resulting in a 6
(CUE PATTERN) x 4 (CUE VALIDITY) x 3 (REPETITION) esign.

Materials and proceduréAs in the previous experiments, participants maegsions
between oranges based on the predictions of difféesters. Decision tasks with six cues and
two options were used. Six cue patterns were USEME(PATTERN; Table 5). In cue patterns

1, 2 and 6, an equal number of cues had positigeralues for both options. In cue patterns 3,
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4 and 5, the most valid cue made a prediction aonto at least two other cues. Cue patterns
were repeated three times with randomized ordeoptodns and cues (REPETITION).
Again, individuals were provided with explicit infoation about the probability of correct
predictions made by each tester. This probabileyg waried for the most valid cue from .80 to
.95 in steps of .05 (CUE VALIDITY). The accuracypabilities were constant for the
remaining cues 2 to 6 at levels of .75, .70, .66, and .55.

Independent of the cue validity manipulation, theXLTTB strategy predicts choices
for option 1 in all six cue patterns, because tlostrwalid cue always points towards this
option. Similarly, the EQW strategy predicts albates for options 2 in cue patterns 3, 4 and
5 and a random selection of options in the remgioure patterns. Also, independent of the
manipulation of the validity of cue 1, the WADD a&tegy predicts choices for option A in cue
patterns 1, 2 and 6.

In cue patterns 3, 4 and 5 igmorant WADDstrategy which is based on a simple
weighted sum of the cue values (i.e., 1/ -1) &dprovided accuracy probabilities of cues
(e.q., .55 for cue 6) would make predictions foti@p B only. Note that such a strategy could
easily be misleading because it does not takeaiotount that cues with a probability of .50
are not informative at all and should be ignordd Experiment 1). It would be more
appropriate that participants transform provideabgbilities into cue weights so that
information about cues with a probability of .5aGga weight of 0. Individuals who use an
ignorant WADD strategy would select option B in qagterns 3, 4 and 5 independent of the
cue validity manipulation. Individuals who takeardccount the problem and correct their
decision weights should show decreasing choicesgdbon B with increasing validity of cue
1.

The cue validity manipulation should only influerat®ices if participants use
decision strategies that are based on procesdastdgrate information in a weighted

additive manner; no influence of the cue validitgmpulation on choices would be predicted
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if individuals base their decision simply on thestellation of cues. Thus, the manipulation
of cue validities was used for testing the altaugagéxplanation raised above.

The central instructions were essentially the sasi@ the previous experiments. The
cover story was shortened in that participants wetg instructed to make decisions about
oranges based on the predictions of testers. Aniaalal instruction was included to assure
that the probabilistic information about the accyraf the predictions of cues was well
understood (see Appendix B). Another instructios wetluded that informed individuals
about the fact that confidence judgments were mieasfter each trial and that different
oranges and testers would be presented in eaclriaévwnformation was presented in an
open matrix format and individuals were instrudiednake a high quality decision and to
proceed as quickly as possible. Participants ssdemptions via mouse click (Figure 4). After
each decision, individuals were asked to indida¢econfidence in their decision on a
continuous horizontal scroll-bar based on the ut$ion “Please indicate how certain you are
of your decision!” Only the extreme values of tleeodi-bar were labeled (i.every uncertain
andvery certair). The scroll-bar was presented below the inforamathatrix which remained
visible until the judgment was made. After thasceeen was shown on which participants
were instructed to click on the continue buttomvtrk on the next decision. This screen was
also used to hold the initial mouse position appnately constant (i.e., in the middle of the
screen).

After one learning trial, individuals were presehwth 72 decision tasks which
consisted of different versions of the six cuegrat presented in Table 5. Each cue pattern
was realized for all four cue validity conditionsdaeach of the resulting decision tasks was
repeated three times. Decision tasks were presentadividually randomized order. The
order of the options and the order of the cuesghalecision were also individually
randomized for each trial.

Results and Interpretation
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Aggregated choice analysiBroportions of choices for option B in the six @atterns
and the four cue validity conditions are depicteéigure 5. There were very few decisions
for option B in cue patterns 1, 2 and 6, but thveas a considerable proportion of choices for
option B in cue patterns 3, 4 and 5, with choiagpprtions for option B decreasing with
increasing validity of cue 1. To test whether clegidiffer significantly between the six cue
patterns, &~ test against an equal distribution of choicesofation B for the six cue patterns
was conducted which turned out to be highly sigatiiit,y (5; N=789)= 1176.6,p < .001.
Thus, against the predictions of a LEX/TTB strataggregated choices differ significantly
between cue patterns indicating that not only tlestraalid cue was taken into account. To
test whether choices differ between levels of alility for cue 1, g test against an equal
distribution of choices for option B in the fourecualidity conditions was conducted. The test
turned out to be highly significant,(3; N = 789)= 86.5,p < .001. Thus, against the
predictions of the EQW strategy choices are infigehby the cue validity manipulation,
indicating that cue information was considered atiog to its validity. Finally, a test was
made to determine whether the manipulation of @lielities had differential effects on
choices for option B in different cue patterns gsiry’- test of independence between cue
validity and cue pattern. The test also turnedtolie highly significanty (15; N = 789)=
35.6,p = .002, indicating an interaction effect of cuét@an and cue validity on choices for
option B. In line with the predictions of a WADDrategy (but not with the predictions of an
ignorant WADD strategy) in cue patterns 3, 4 andnaices for option B decreased with
increasing cue validity whereas the cue validitynrpalation did not influence choices in the
remaining cue patterns. Most importantly, the digant effects of the cue validity
manipulation and the interaction effect rule oa blypothesis that individuals simply react to
constellations of cues because the constellatimues was held constant and only cue

validities of the most valid cue were manipulated.
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Individual strategy classificatiorl.o investigate decision strategies more closely,
individual choice patterns were analyzed relyinglmmethodology introduced in the
previous experiments. For each individual, ifotests were conducted to test against the
predictions of the LEX/TTB and the EQW strategiBse first tested whether the proportion
of choices for option A or B were the same in the patterns 1, 2 and 6 as compared to the
cue patterns 3, 4 and 5 usingfatest of independence. A significant differencauido
indicate that individuals took into account alssslealid cues and did not use a LEX/TTB
strategy. A secongf- test was carried out to test whether the chdimesption A and B were
equally distributed in cue patterns 1, 2 and 6ighificant deviation from the equal
distribution would indicate that individuals toakt® account the validity of cues and did not
use an EQW strategy. A significance levehof .05 was applied in both tests. Individuals for
whom no significant differences were detected vetassified as users of LEX/TTB or EQW.
The results of the strategy classification are showTable 3 (last row). As already indicated
by the aggregated choice data, for the large ntgjofiindividuals choice patterns could be
best explained by a WADD strategy. However, ahi@drevious experiments there was also
a minority of LEX/TTB users.

Decision timesThe median of decision times was 3.71 secondsatidg that
individuals obeyed the time pressure instruct®b £ 4.29,skew= 8.26,kurtosis= 127.7).
Note that the increase in decision times comparede previous experiments is likely to be
due to the fact that six rather than three cueg \pavvided and that the presentation order of
cues was randomized, which was not the case inrixgets 1 and 2. For the further
analyses, decision times were again log-transfonmeeduce the influence of outliers and to
account for deviations from normal distribution6Acue pattern) x 4 (cue validity) x 3
(repetition) repeated measurement MANOVA with lognsformed decision times as
dependent variables was conducted to investigatiside times. The main effects for cue

pattern turned out to be significaRillais V = .81,F(5, 58) = 48.1p < .001,5° = .81. The
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highest decision times were observed for cue pafemnd the lowest decision times were
found for cue patterns 1 and 2 (Figuré&S&ranged from 0.014 to 0.027). Thus, the finding
that decision times are particularly long in dems with conflicting cue information (i.e., cue
patterns 3, 4 and 5) could be replicated. Therealssa significant main effect for cue
validity, Pillais V = .43,F(3, 60) = 14.9p < .001,5* = .43. Decision times decreased with
increasing validity of cue 1 (see Figure 6). Andréthwas a significant main effect for
repetition indicating learning effec®illais V = .71,F(2, 61) = 75.4p < .001,7* = .71. The
means of the log-transformed decision times fortlinee repetitions (WitBEin parentheses)
were 3.68 (0.016), 3.59 (0.012), and 3.54 (0.0IBgre was also a significant interaction
between cue validity and cue pattefillais V = .39,F(15, 48) = 2.0p = .03, = .39.

To explore whether decision times differ betweeXTH B users and WADD users,
the MANOVA was rerun with the decision strategyuléag from the strategy classification
as an additional factor. There was no main efféstrategy on decision timé&(1, 61) = 0.36,
p = .55,5° = .01. The two-way interactions between decistomtagy and cue validity turned
out to be significantRillais V = .14,F(3, 59) = 3.14p < .05,7* = .14; and the three-way
interaction between decision strategy, cue validitg cue pattern also turned out to be
significant,Pillais V = .47,F(15, 47) = 2.82p < .01,4% = .47. The non-significant main effect
indicates that participants were able to integaditpieces of evidence according to a WADD
rule in approximately the same time that (otherjip@ants needed to apply a simple
LEX/TTB rule. However, the substantial interactiondicate that the application of the
different decision strategies lead to differentgraus of decision time (cf., Table 1).

Confidence judgment&onfidence ratings were measured on a horizoaotallshar,
which contained text labels for the extremes (sethods section) but did not contain value
labels. The ratings on the scroll-bar were intdynacorded on a scale ranging from -100 to
100. Confidence judgments were analyzed usingca® [fattern) x 4 (cue validity) x 3

(repetition) repeated measurement MANOVA. The nediact for cue pattern turned out to
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be significantPillais V = .67,F(5, 58) = 23.9p < .001,4* = .67. High confidence was
observed in cue patterns 1, 2 and 6 and lower d@enée ratings were observed in cue
patterns 3, 4 and 5 (FigureSEranged from 3.2 to 6.0). There was also a sigaifienain
effect for cue validityPillais V = .46,F(3, 60) = 17.0p < .001,5° = .46. Confidence
increased with increasing validity of cue 1 (seguFé 7). There was a significant interaction
between cue validity and cue pattepillais V = .49,F(15, 48) = 3.1p = .001,7% = .49. The
cue validity manipulation led to a general incre@seonfidence except for cue pattern 5, in
which a decrease was observed. This differentiatefits nicely with the predictions of a
WADD strategy because only in this cue patterraigncrease in cue validity for cue 1 likely
to lead to a decrease in the difference betweanrapt

To more specifically test the hypothesis that aterfice judgments increase with
increasing differences between the weighted cugegabf options, correlations between
difference scores and confidence judgments werguated. Difference scores were

computed byD = ‘z ¢ 2w => ¢, *w*| in which ¢ andc % are cue values of cudor

options 1 and 2 (i.e., -1 or 1\)\401 and w.? are decision weights for options 1 and 2. Decision

weights were calculated in three different wayssti-according to an ignorant WADD
strategy, accuracy probabilities (e.g., .75 for 2uevere directly used as decision weights
(Weue = peue); S€CONd, difference scores were calculated biecting for the fact that
information of cues which have an accuracy prolitgtof .50 only are uninformative using
Weue = Peue- -50; third, based on the empirical observatiat #n option that is recommended
by one cue with an accuracy probability of .85ppr@ximately equally attractive to an option
which is recommended by two cues with a probabdfty75 and .70 (i.e., choice proportions
for option A and B are almost equal in cue pat@wmith a cue validity of .85 for cue 1; see
Figure 6), a correction of.u.e = pcue- .60 was used because this correction leads @l equ

weighted cue values for both options in this spedécision task. Thus, three correlations
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were calculated between confidence judgments dfeteice scores based on ignorant
WADD, theoretically corrected WADD and empiricattgrrected WADD. There was a
significantly negative correlation for differenceoses based on ignorant WADDs -.51,
t(70) =-5.01p < .001 (two-tailed), but significantly positivercelations for theoretically
corrected difference scoresr .35,t(70) = 3.16p = .002 (two-tailed), and empirically
corrected difference scoresr .66,t(70) = 7.37 p < .001 (two-tailed). The negative
correlation between confidence ratings and ignov#ADD scores is in line with findings
concerning choices that indicate that individuadsribt use decision weights in such a way.
For the corrected difference scores substantiatipe€orrelations between confidence
judgments and difference scores were found whigpau the hypothesis derived from
WADD strategies that the difference of the weightad values between options influences
confidence judgments. Thus, the findings lend er8upport for our general hypothesis that
individuals integrate information in a weighted ad@ manner. If cue validities or cue values
would be ignored, no correlation would be expected.
Discussion

In the third experiment, the general findings @& grevious experiments could be
replicated and strengthened by additional evideAlsa, in this experiment the large majority
of individuals took into account cue values and ail@lities. Choices and confidence
judgments indicate that the information was intéggtan a weighted additive way. The low
overall decision times as well as the systemati@tians of decision time indicate that
individuals thereby relied on automatic processes WADD,.. It could be shown that
individuals are sensitive to minor manipulationsoé validities which do not change the
general constellation of cue values. This clegplaks against the idea that cue information is
merely encoded as a constellation and comparedpnotiotypes. Individuals integrate
information in a weighted additive manner thataastive to minor changes in cue validities.

Note that this observation also clearly rules di¢raative fast-and-frugal heuristics that are
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all based on ignorance or only ordinal consideretiof cue validities (as the one discussed as
an alternative explanation for the findings in Expent 1).

The analysis of confidence judgments lends additisapport for the fact that cue
values are integrated in a weighted additive mgnneggarticular, the substantial correlation
between confidence judgments and difference sabeesly rules out that cue values or cue
validities are ignored in the decision. Our findirfgrthermore indicated that individuals do
not use cue probabilities as decision weights ilgaarant way. They correct for the fact that
cues with a probability of .50 have no informatixadue. However, it should be noted that we
cannot rule out that individuals would use an igmb\MWADD strategy if probabilities are less
clearly explained in the instructions (cf., Expegimh 1).

General Discussion

In process tracing studies, it has been repeagtualyn that individuals employ simple
strategies that minimize the amount of considenéatmation and the mental effort invested
in the decision. Although the question of strateghection is still unsolved (for recent
approaches see Rieskamp & Otto, 2006; Gléckner t&dBe 2007; Lee & Cummins, 2004;
Newell, 2005), it is often assumed that time anghcdy constraints provoke strategy shifts
towards a LEX/TTB rule (e.g., Bettman, Luce, & Payh998; Rieskamp & Hoffrage, 1999).
Moreover, simulations and experimental results eoge in showing that LEX/TTB rules can
lead to quite accurate decisions, especially utider pressure (e.g., Payne et al., 1988).
Taken together, these findings strongly corrobottaecornerstone assumptions of the
bounded rationality approach that have been dirg@nd inspiring psychological decision
research over the last decades. One of these aisnsipolds that humans commonly lack
the cognitive resources to apply extensional, corsgi®ry strategies such as the WADD rule,
particularly under time pressure. Based on receal processing models, we hypothesized

that this assumption does not hold if decisiontstias are considered that make use of
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automatic processes for information integration. fféher argued that the prominent
mouselab method hinders the application of suchegires and is not able to detect them.

Herbert Simon (1955) himself claimed that the lotaries he described pertain to the
deliberative side of the cognitive system: “My fiesnpirical proposition is that there is a
complete lack of evidence that, in actual choiteasions of any complexity, these [EU]
computations can be, or are in fact, performed.. waitannot, of course, rule out the
possibility that thainconscious is a better decision-maker than thes@ons (p. 104, italics
added). Unfortunately, the research method regulesgd in studying strategy application,
the mouselab, hinders both the operation and teereation of automatic processes. It forces
decision makers to engage in a step-by-step camasiole of information. The units of
observation are the steps represented by the mansmia computer mouse. The underlying
assumption of this method is that the overt infdramasearch behavior mimics hidden
cognitive processes. We doubt that this assumgirstified. Moreover, we have claimed
that urging individuals to uncover information guiece at a time binds task resources such
that decision makers in the mouselab cannot urtfadt processing potential since they have
to waste most of their time and effort on the infation search. Under time constraints, they
are not able to collect as much information as tteyd process and therefore they might
work below their computational capacity. If thigsening is true, the conclusions drawn from
mouselab studies would have to be reconsideredrdowly, the prevalence of shortcut
strategies under mouselab conditions might notideogvidence of limitations in the
cognitive apparatus but simply show limitationgnformation search (i.e., uncovering hidden
information in a matrix). Hence, we suspected thatpredominance of LEX/TTB strategies
found in the majority of the mouselab studies urioiee pressure were caused by the
experimental procedure.

We tested this assumption in three experimentgusgioice-based strategy

classification with open information presentatias,well as a standard mouselab under
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different time pressure conditions. The resultsdai® that individuals are able to apply
WADD rules within an astoundingly narrow time petib the information search is not
restricted by artificial conditions. Most importgntwe could replicate prior findings (e.qg.,
those from Payne et al., 1988) in Experiment 2 wlieremployed the standard mouselab. In
such an environment, participants searched fornmftion in accordance with the LEX/TTB
rule when time limits were too tight to inspect@iktces of information. In a third experiment,
we investigated the cognitive processes that alfioweividuals to quickly integrate
information according to a WADD rule. Specificallye have shown that choices are
sensitive to small changes in cue validities e¥éna constellation of cues does not change.
This rules out the alternative explanation thahviaiials only encode constellations of
information and compare them to prototypes. Takgether, the studies provide strong
evidence for our claim that the predominance ofsdmnon-compensatory strategies
documented in the mouselab studies was causecexfgerimental method and not by
limitations of the cognitive system. Testing thegmdials of the human mind in the mouselab
is like testing the power of a Ferrari's engina jparking lot. Obviously, one would not
expect the Ferrari to unfold its powers in suclom@strained environment. Rather, we should
run it on a speedway before making a verdict alisygerformance.

Our results indicate that individuals are capalblperforming decision strategies
involving complex information integration in an @shdingly short time period. Thus, the
assumption that limitations of the cognitive capator information integration cause the
application of simple serial strategies — as preddsy proponents of the bounded rationality
approach — has to be revised. As anticipated bpéteSimon, there seems to be another
possibility for relieving humans from the burdeneoidless, complex mathematical
computations. Evolution may have equipped humatts wvary powerful cognitive tools that
capitalize on the automatic integration of inforraat(Gléckner, in press b). It has been

shown that even sticklebacks select mating partmgesweighted consideration of multiple
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pieces of evidence (Kunzler & Bakker, 2001) and thankeys react to stimuli by
considering probabilities and values in a weigladditive way (cf., Glimcher, Dorris, &
Bayer, 2005). Thus, from an evolutionary perspeciiseems rather unlikely that only
humans lack the cognitive capacity for such openasti

According to our experiments, automatic strategieslikely to be used if a quick
purview of information is possible. However, Gloekrand Hodges (2006) also found
evidence for automatic strategies in experimentghith information had to be retrieved
from memory. However, further research will be resketb investigate the application of
automatic strategies under different context comaistincluding monetary multi-attributive
decisions, which have often been used in classicseiab studies.

Cognitive Processes Underlying the WARDStrategy

Based on our data it is not possible to conclugidéferentiate between the automatic
processing models proposed by different authogs, (Beach & Mitchell, 1996; Busemeyer &
Townsend, 1993; Dougherty et al., 1999). Neverg®lenly such models that predict choices
based on weighted additive information integratiod systematic differences in decision
times and confidence judgments can account fofiodings.

This is particularly the case for parallel consttaatisfaction (PCS) network models
(Betsch, 2005; Thagard & Millgram, 1995; Simon, Weayk, & Holyoak, 2004; Gldckner,
Betsch, & Schindler, 2006; Glockner, 2006; Glockmepress a; Glockner, in press b;
Glockner & Betsch, 2007). PCS models postulateittiatmation is not integrated according
to deliberate integration rules but that the cdladten of information is weighed as a whole.
Conceptually, mental representations are formeddas available information (i.e., cue
values and cue validities) and automatic procesgerate towards maximizing coherence
within the mental representation. These processebtb an automatic restructuring of the
decision task so that a consistent interpretatiGegtalt”) emerges in which one option

clearly dominates the others (cf., Montgomery, 138 nson, 1992). Gléckner (2006) used
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an a priori simulation approach to show that PCi#/okk models predict choices that
approximate weighted additive information integratiFurthermore, PCS models predict an
increase in decision times when there is an inereathe evidence supporting the not-
favored options and when there is a decrease iavigence supporting the favored option.
Corresponding main effects on decision time wereoked in Experiment 1.

Another comprehensive model that could accounthferfindings reported in this
paper is the decision field theory (Busemeyer & fisand, 1993). According to this theory,
evidence for the available options is accumulatea iandom-walk process until the specific
threshold for the decision is reached. Informatsothereby integrated in an additive manner
so that the model could account for our findingsaawning choices. Furthermore, in line with
our decision-time data decision field theory prégitbat an increase in conflicting
information will lead to an increase in decisioméi because more information has to be
integrated to reach the threshold.

However, results from other studies (Glockner, Bet& Schindler, 2006; Holyoak &
Simon, 1999; Simon, Krawczyk, & Holyoak, 2004; Sma&004; cf., Russo, Medvec, &
Melloy, 1996; Russo, Meloy, & Medvec, 1998) inde#hat parallel constraint satisfaction
models might be empirically more appropriate. Ttuelies show that decision making is not
carried out in ainidirectionalmanner, by reasoning from cues to choices only. Cue
information itself is substantially influenced wiitithe decision process ydirectional
reasoning processes (Holyoak & Simon, 1999; falaed discussion of bidirectional
processes in perception see Goldstone, Steyveeac8pSmith, & Kersten, 2000). Simon
(2004) summarized his empirical findings concer@@S models as follows: (a) with the
emergence of the decision task, the mental reptatsam of the task shifts towards a state of
internal consistencycpherence shifjsthe information that supports the emerging dens
is accepted, and the information that supportaleenative is devalued or ignored; (b)

people are not aware of these coherence shiftshenehsuing decision is “experienced as
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rationally warranted by the inherent values ofvwhgables, rather than be an inflated
perception imposed by the cognitive system” (p.)5&5 these coherence shifts, which are
caused by consistency maximizing processes, “playparative role in the decision process”
(p. 546). As outlined in more detail by Simon, Sramwd Read (2004), coherence shifts cannot
be explained by decision field theory (or othermtines like information integration theory,
Anderson, 1981; 1996) that assume a pure unidiegitreasoning from cue information to
choices. In contrast, such bidirectional processeshe core operations underlying PCS
models (Simon, 2004).
How Properties of Decision Tasks Influence Deci@ehavior

The often used research paradigm mouselab seanfiuence strategy selection by
restricting the information search. Certainly, nuous decision situations can be identified in
which information is looked up serially. This cdor, instance, be observed in first-year law
students who check legal cases in a serial manneioking up relevant aspects piece by
piece following an implicit check list. If they apait under time pressure, they will probably
try to speed up and if time pressure increaselduthey will restrict decision making to the
most important information (cf., Payne et al., 1988could be expected that customers who
aim to buy a product without any prior knowledgewit might behave in a similar way. For
these situations, findings from mouselab studiedikely to be valid. However,
generalizations about results based on this speesiearch paradigm should be made with
caution. Our data indicate that it is not possiblgeneralize about the finding that time
pressure necessarily leads to the applicatiomgblsl non-compensatory strategies such as
LEX/TTB to decision situations in which informatiaminstantly available. It could be
expected that in many decision tasks a huge anafuntormation is instantly available and
taken into account in the decision. This is, f@tamce, the case if expert decision makers like
experienced judges are confronted with complex! legses. Interestingly, legal institutions

like the German code of criminal procedure requueges not only to take into account all
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formal evidence of the case according to its vlidut also to consider cognitions formed on
the basis of the holistic impression of the tr@aldckner, in press b; Schoreit, 2003).

Taking a somewhat broader perspective it can ¢peedrthat the properties of the
decision task influence decision-making processksHayne et al., 1992). According to our
data, it is thereby important to differentiate demn tasks in which information is instantly
available and decision tasks in which this is het¢ase. In situations in which no information
is instantly available (e.g., because no infornratgopresented and no prior knowledge is
available), information has to be looked up in @asenanner. If there is doubt that all
information can be inspected (e.g., because of prassure) it is reasonable to assume that
decision makers start with the most important imfation (cf., Experiment 2; Payne et al.,
1988). Similarly, in situations in which expectealrgs from the information search are
estimated to be lower than its costs, only the nrmpbrtant information is inspected (cf.,
Beach & Mitchell, 1978; Newell & Shanks, 2003). &|sf a person has learned from repeated
feedback that the environmental structure is sbdhly one cue is needed to make good
decisions (e.g., because the validity of the otlueis taken together is smaller than the
validity of this cue or because all cues are higldgrelated), the person will ignore less valid
cues and apply a LEX/TTB strategy (Rieskamp & Q2@06). It is important, however, to
note that these strategy shifts are not causengations of cognitive capacity but
contingent upon properties of the decision taskthedenvironment.

It is also not unlikely that the selection of demsstrategies is influenced by whether
decision tasks are based on multiple attributeg, (ehoices between cars based on the
attributes price, color, and mileage) or multiples (e.g., city-size decision tasks). Attributes
are assumed to be independent, whereas cues atby tsghly correlated (Glockner, 2006).
The former kind of decision tasks were often usethé classic mouselab studies (e.g., Payne
et al., 1988), whereas the latter have been imyastil in more recent research inspired by the

adaptive toolbox model (Gigerenzer et al., 1999;Bfoder, 2003; Broder & Schiffer,
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2003a). It could be expected that decision taskedban highly correlated cues lead to an
increased use of simplifying strategies (e.g., LEPB) because further cues do provide little
additional information. However, our data indicttat even in the latter situations WADD
strategies are most often applied.

Furthermore, the format of information presentatimight play an important role in
strategy selection. Bréder and Schiffer (2003a)a;dor instance, show that a textual
presentation of information increased the use o{IEHB strategies as compared to decision
tasks in which the information is provided as ayme. In line with recent research (e.g.,
Broder, 2005), we used a very simple symbolic preegeon format (i.e., +/-) to present
dichotomous information, whereas Payne et al. (1888d numbers to present information
with multiple levels. It is not unlikely that theould also influence strategy selection.
Remember, however, that such influences would hallenge the internal validity of our
findings because we held these factors constanigeet Experiments 1 and 2.

Further research using different methods will beessary in order to explore and
disentangle the effects of the research method#ret context variables. From our point of
view, it is suboptimal that some of the methods #na often used to identify decision
strategies (i.e., the mouselab; think aloud prdg)cxeem unsuitable for identifying an
important class of decision strategies, namelgtagjies that capitalize on automatic
processing of information. Relying more stronglyeye-tracking methods and methods like
analyzing individual choices with considerationgletision times and confidence judgments
could be fruitful research approaches to improveunglerstanding of these obviously

important decision strategies.
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Footnotes

1. Note that in research on human judgments etime theuristics” refers to strategies
that are based on automatic processes (cf., Kahmé&nkaederick, 2002)

2. The effect-size measures reported in this pagpeall partiahz-values. Therefore,
values do not add up to 1.

3. Taking a methodological critical perspectivaniist be discussed whether the
choice-based strategy classification method usékperiment 1 is sufficiently valid. One
point of criticism is that focusing on three maglacision strategies is a somewhat simplistic
perspective considering the wide spectrum of hacsiproposed (for an overview see Payne
et al., 1988). Note, however, that because ofithplgity of the material used in our
experiments (i.e., dichotomous cues), the choiediptions of other strategies converge with
the predictions of the considered strategies. f&taince, elimination by aspects (Tversky,
1972) and lexicographic semi-order (Tversky, 1968gtegies converge with LEX. The
majority of confirming dimensions strategy (Russ®&sher, 1983), the strategy of good
features (Alba & Marmorstein, 1987) and other (uighted) tallying heuristics predict the
same choices as those arrived at with an EQW giratédnus, the results can be understood in
a broader sense, as a classification into threzdoctasses of strategies: lexicographic
elimination strategies, equal weighting strategied weighted additive strategies.
Furthermore, it might be criticized that the ovehagh number of significance tests caused by
computing two tests for each individual led to aerestimation in the share of WADD users
due to the accumulation of alpha errors (Glass &kitts, 1996). Considering that predictions
were made a priori and that tests were run on agpdata points, we take the position that
such a correction would not be appropriate. Funtioee, the results concerning the portions
of decision strategies converge with the resuttsfstudies in which different classification
methods were used (Glockner, 2006) as well asidedisne results reported in this paper.

Thus, we argue that it can be assumed that theoshéthsufficiently valid.
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4. We thank Peter Ayton for the suggestion of #ifisrnative heuristic.

5. For pragmatic reasons, information-search dat@ wecorded only for the first 20
inspected information boxes per decision task.

6. Note that transitions in which the acquisitiomdlves both another cue and another
option are not considered in the index and thaPth&TERN index for each participant was
computed using the total number of cue-based atidmpased transitions for the 46 decision
trials in each time limit condition. It has beegwaed that the former could lead to biased
strategy classification results if the number diaps and the number of cues (or dimensions)
in the mouselab matrix differ (Béckenholt & Hynd®94). This was not the case in our
experiment. Nevertheless, we additionally calcaldhe unstandarizeé8M* index that also
takes into account all other transitions (Bockeh&aHynan, 1994). As expected, this did not

change our results substantial8M*enient 7= .06,SM*medium 7P= .07, SM*sever Tp= -.30).
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Table 1

Predictions of Decision Strategies

Decision Strategies

LEX/TTB EQW WADDyer  WADDauto
Choices
1. Less valid cues are ignotéd Yes No No No
2. Cue validities are ignor&d® No Yes No No
3. Weighted additive information
integratiort®3 No No Yes Yes
Decision Times
1. Time dependent on the necessary cues
to differentiate with a LEX strategy Yes No No No
2. Time equal for all cue pattefrs No Yes Yes No
3. Time decreases with increasing
differences between the optidris No No No Yes
Confidence Judgments
1. Confidence dependent on the validity
of the differentiating cue with LEX Yes No No No
2. Confidence increases with increasing
differences between the optidns No No Yes Yes

Note.Hypotheses are stated in the left column. Exponiedisate the experiment(s) in which

the hypothesis was tested. The predictions of gugsthbn strategies are presented in the right

columns with the values yes / no indicating thatrspective hypothesis should hold / not

hold if the strategy is applied.
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Table 2

Cue Patterns Experiment 1 and 2

Cue Patterns Set 1 (CUE=1)

Positive O2 and O3

Positive O1 0 1 2 3 4
Pattern 1 Pattern 4 Pattern 7 Pattern 10 attefd 13
0102 03 01 02 03 01 02 03 01 02 03 01 02 03
1 ClL + - - + - - + - - + - - + - -
cz2 - - - -+ - -+ - -+ o+ -+ 4+
c3 - - - - - - -+ - -+ - -+ 4+
Pattern 2 Pattern 5 Pattern 8 Pattern 11 tefpat4
0102 03 01 02 03 01 02 03 01 02 03 01 02 03
ci1+ - - + - - + - - + - - + - -
2 c2 + - - + + - + + - + + o+ + + o+
c3 - - - - - - -+ - -+ - -+ 4+
Pattern 3 Pattern 6 Pattern 9 Pattern 12 tefpals
0102 03 01 02 03 01 02 03 01 02 03 01 02 03
CclL+ - - + - - + - - + - - + - -
3 cz2+ - - + + - + + - + + + + + +
C3 + - - + - - + + - + + - + + +
Cue Patterns Set 2 (CUE=2)
Pattern 16 Pattern 17 Pattern 18 Pattern 19  tterR&0 Pattern 21
01 02 03 01 02 03 01 02 03 01 02 03 01 02 03 01 02 03
ClL + + - + + + + + - + + + + + - + + +
c2 + - - + - - + - - + - - + - - + - -
c3 - - - - - - -+ - -+ o+ + + - + - -
Cue Patterns Set 3 (CUE=3)
Pattern 22 Pattern 23
01 02 03 01 02 03
Cl + + + + + +
C2 + + - + + -

cC3 + - - + - +
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Note.The 23 cue patterns used in Experiment 1 and 8epeted in a matrix format. C1 to
C3 represent cues 1 to 3, with cue 1 being the nad&t cue and cue 3 being the least valid
cue. O1 to O3 represent options. Cue patternsaaegarized in three sets for which the
number of cues increases, which would be necessalifferentiate between options
according to a LEX/TTB strategy. Set 1 consisteusd patterns 1 to 15, set 2 consists of cue
patterns 16 to 21 and set 3 consists of cue pat&trand 23. Within set 1, the number of
positive cue values for option 1 is varied fronoBt(cf., main rows). This variation is fully
crossed with a variation of the number of positiue values for options 2 and 3 (0 to 4; cf.,

main columns).
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Table 3

Results of Choice-Based Strategy Classification

Decision Strategies

LEX/TTB EQW WADD RAND

Experiment 1

Time Pressure 2 (13%) 1 (7%) 10 (67%) 2 (13%)

Experiment 2

Lenient Time Limit 4 (27%) 1 (7%) 10 (67%) 0
Medium Time Limit 5 (33%) 3 (20%) 7 (46%) 0
Severe Time Limit 14 (93%) 0 1 (7%) 0

Experiment 3

Time Pressure in Complex

Decision Tasks 13 (21%) 0 50 (79%) 0
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Table 4

Information-Search Parameters Experiment 2

Information-Search Parameters

Information Box Index PATTERN

Cuel Cue 2 Cue 3 M M SE

Lenient Time Limit 1.51 1.49 1.01 1.34 .05 .10
Medium Time Limit 1.31 1.16 0.60 1.02 .08 .11
Severe Time Limit 1.16 49 0.16 0.61 -42 .09

Note.The Information Box Index is a measure for the hanof information boxes opened,
divided by the number of available information bexa value of 1 indicates that the number
of opened information boxes was equal to the nurobavailable information boxes,

whereas lower values indicate that fewer boxes wpesed than available. The PATTERN
index indicates whether information searches wezdg@minantly cue-based (negative values)

or option-based (positive values).
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Table 5

Cue Patterns Experiment 3

Cue Pattern

1 2 3 4 5 6

01 02 O1 02 O0O1 02 O1 02 O1 02 O1 O2

Cue 1p=.801t0 .95) + - + - + - + - + - + R
Cue 2 p=.75) -+ - - -4 - - -+ + -
Cue 3 p=.70) - - - - -+ - - - -
Cue 4 p=.65) - - - - - - - - -+ -
Cue 5 p=.60) - - - - - - -+ -+ -+
Cue 6 p =.55) - - -+ - - -+ -+ -+

Note.The six cue patterns used in Experiment 3 arectkpin a matrix format. Cues are
shown in the left column. The percentage of corpeetlictionsp of each cue is given in

parentheses. O1 and O2 represent options.
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Figure 1
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Figure 1.Percentage of choices for option 1 in Experimetidrtor bars indicate 95 percent

confidence intervals.
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Figure 2
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Figure 2.Log-transformed decision times in Experiment XYoEbars indicate 95 percent

confidence intervals.
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Figure 3

Search for information and select a vendor by clicking on it.

Option 1 Option 2 Option 3

Tester 1 +

Tester 2

Tester 3

Figure 3.Mouselab presentation used in Experiment 2.
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Figure 4

Oranges A Oranges B
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Tester 2
(60% correct)
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(70% correct)
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(65% correct)

Tester 6
(55% correct)

Figure 4.Presentation format of decision tasks used in Exysst 3.
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Figure 5.Percentage of choices for option 2 in Experiment 3
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Figure 6
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Figure 6.Log-transformed decision times in Experiment 3.
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Figure 7
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Figure 7.Confidence judgments in Experiment 3 with highueal indicating a high level of

confidence.
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Appendix A: Instructions used in Experiment 1

Please imagine you are the head of a company vpnartuces orange juice. You get offers
from different orange vendors and you have to defrioim which vendor to select. You have
three testers A, B and C who check the orangeadf eendor for their quality. They give
you information about each vendor: “+” meaning ¢ih@nges of the vendor are of good
guality, “-” meaning the oranges of the vendor@rbad quality. [pagebreak] You know from
experience that the testers give differently rédiabformation: The information of tester A is
in 8 out of 10 cases correct; the information steeB is in 6 out of 10 cases correct; and the
predictions of tester C are in 5 out of 10 casesect [pagebreak] In the study you will be
repeatedly presented with offers from three diffiéreendors and the information of the
testers A, B and C in the following format:

Orange Vendors

1 2 3
A + + -
B - + -
C + - +

Your task is to select the vendor with the bestliuaranges. Please try to make good
decisions and to proceed as quickly as possibégdipreak] Three keys are marked on the
keyboard which you should use to select the vendemse lay three fingers of one hand on
the three keys to avoid unnecessary errors. Hiletihéey to select vendor 1, hit the middle

key to select vendor 2, hit the right key to selestdor 3.
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Appendix B: Additional Instructions used in Expeent 3

Explanations for the Information on Testers’ Relliap

The values for the reliability of the predictiontbt testers range from 50 percent to 100
percent. Fifty percent correct predictions meam $haf 10 predictions of the tester are wrong.
Because there are only two possible predictionedddad), this equates to random
probability. This means that the information oftées with 50 percent correct predictions can
be ignored because they provide no information ath@uquality of oranges. In contrast, the
information of a tester with 100 percent corre@dactions is always correct. The testers in

the study will have different reliability valuesathare between 50 and 100 percent.



