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ABSTRACT

Classic behavioral decision research has internsesglored deliberate processes in decision
making. Individuals were assumed to be boundedrmatiactors who, because of limitations
of cognitive capacity, use simple heuristics whack successful in certain environments. The
first postulate of this paper is that the undeyassumption of limited cognitive capacity is
only partially valid if automatic processes aresidered. The parallel constraint satisfaction
(PCS) approach is outlined, which aims at desagiltihese automatic processes, and evidence
in favour of this approach is summarized. The sdqmstulate is that the understanding of
decision making necessitates models that takeaittount the interaction between automatic
and deliberate processes. With the PCS rule, sunobd®l| is presented, which aims at
integrating heuristic and automatic approaches.tiine postulate is that such an interaction
model allows bounded rationality to be overcome laasl further evolutionary advantages.
Implications for the efficient design of instituti® are outlined. The fourth postulate is that
evolutionary forces have already shaped the Getagat system to be an efficient

institution. It supports efficient decision makinyg silently implementing many of the
prescriptions that could be derived from the PA8& without explicit knowledge about the

underlying processes.

INTRODUCTION

One of the most intriguing psychological phenomisrthe human ability to make decisions
in a complex and uncertain world. Decision expdikte, managers and lawyers, usually have
to decide on the basis of a multitude of piecgsrobabilistic and incomplete information. In
the tradition of the bounded-rationality approaSim{on 1955), it has been repeatedly argued
that fast-and-frugal heuristics, which are basediomple decision rules and the ignorance of
information, offer one important way to find soluts to such complex decision tasks
(Gigerenzer 2006). In this paper theoretical modalts empirical findings will be

summarized that suggest an extended perspectiigidnals are able to integrate
multitudinous information by partially relying ontuitive-automatic processes. Specifically,
it is argued that individuals make use of autompdiallel constraint satisfaction (PCS)
processes that have been developed in evolutidheobasis of processes of perception. PCS
processes can be mathematically simulated usingeobionist networks. Both accounts will
be discussed in the light of recent evidence. \WighPCS rule, a hierarchical network model

will be described that integrates both approachegakes into account the interaction
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between automatic and deliberate processes inidecisaking. The evolutionary advantage
of such a model will be outlined. Finally, implicats for the development and improvement
of institutions will be discussed.
THEORIESIN BEHAVIORAL DECISION RESEARCH
In classic behavioral decision research, two maggroaches can be differentiated. First,
modifications of rational choice theory (RCT) hdeeen provided that hold to the general
assumption that information is integrated weighted compensatornganner. For instance,
prospect theory (Kahneman and Tversky 1979) pdstwthat individuals select the option
with the higher subjective expected utility, whislcalculated as the weighted sum of
subjective utilities and subjective probabiliti#sansformation functions from objective
values and probabilities to subjective ones haen Ispecified in the light of empirically
observed systematic deviations from RCT. Seconlbwing the fundamental critique of
Simon (1955) — that such complex computations migktload the human cognitive capacity
— several heuristic models have been developegtsttilate that individuals apply simple
integration rules and thereby ignore most of thermation. The currently most influential
model of thishounded-rationality approacts the adaptive-toolbox model (Gigerenzer, Todd
et al. 1999). It postulates a set of fast-and-frigaristics that are adaptively applied and lead
to very accurate decisions by exploiting the strteebf the environment. The prototypical
fast-and-frugal heuristic is the Take-the-Best it in which only the most valid
information is inspected. If this information favewne option, it is instantly selected; only if
this is not the case is the second-most valid médion inspected and so on. The priority
heuristic extended this concept to classic gamhdiegjsion tasks (Brandstatter et al. 2006).
There has been a long theoretical and empiricaleeersy about which approach is
more appropriate, and it continues (e.g., Brantéstat al. 2006; Glockner and Betsch
submitted a). While focussing on this conflict dhd debates within both approaches, a third
idea that had a long tradition in cognitive psycdgyl (Schneider and Shiffrin 1977) and
social psychology (Bargh and Chartrand 1999; Raity Cacioppo 1986) has been discussed
less intensively in decision research for many yetéiedual-processing approach
(Kahneman and Frederick 2002; for an overview).okdmg to this approach, in decision
making, individuals rely on both a deliberate andrduitive system. In contrast to the
controlled deliberate system, in which informatisironsciously integrated according to

certain rules and in a stepwise manner, the inigystem relies on unconscious processes in
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which information is automatically processeesearch and theory building in behavioural
decision research on processes of the intuitiveesysre still in the early stages, and findings
from cognitive and social psychology have not yegtrbsufficiently considered. Even less is
known about the interaction between the delibeaatkthe automatic system. Prominent
general approaches that have the potential to iexptacesses of the intuitive system are
memory-storage and retrieval models (cognitive apgines: Anderson and Lebiere 1998;
Busemeyer and Townsend 1993; Dougherty et al. 1Rag;liff et al. 1999; affective
approaches: Damasio 1994; Slovic et al. 2002) &8 odels. The former postulate that
automatic processes of storage into and retriegal fong-term memory are utilized in
decision making; the latter assume that automaticgsses of maximizing consistency
between information in temporarily activated netkgodrive our decision process. In this
paper the focus will be on the latter models.
THE PARALLEL CONSTRAINT SATISFACTION APPROACH TO DECISION
MAKING
Many cognitive operations function without deliberaontrol. Behavioral research provides a
multitude of empirical findings evidencing the paveé the unconscious automatic system.
For instance, in the course of adaptive learningamisms automatically record fundamental
aspects of the empirical world such as the frequéHasher and Zacks 1984) and the value
(Betsch, Plessner et al. 2001) of events or objédisis been repeatedly demonstrated that
automatic processes even overrule deliberatelyddrmtentions: individuals behave against
their intentions and fall back into routines if yheave to make decisions under time pressure
(Betsch et al. 2004); individuals can not prevéeteotypes and prejudices from beeing
automatically activated (Devine 1989); and thelmkkte intention not to think about an
object even increases the likelihood that the abj@tcome to mind (Wegner 1994).
Automatic processes are essential to make sersswofld that provides incomplete
information. Automatic processes of perception smclal perception enable individuals to
immediately recognize objects and social consteliateven if only a small fraction of the
total information is available. Classic gestalt-gisylogical research (Koffka 1922) provided

persuasive demonstrations of these unconsciousanischs. Individuals who are presented

! Kahneman and Frederick (2002) use the textematic process opaqug@unconscious) angarallel to
describe process characteristics of the intuitigtesn. It has to be noted that these characteriatie not
independent, yet neither do they perfectly coincldleconscious processes have to be automaticntsatme
cases people could be consciously aware of automaicesses. Similarly, parallel processes habe to
automatic, but automatic processes can also rebeaal information integration (i.e., productianes). Thus,
automatic processing could be considered the dwmmacteristic of the intuitive system. Thereby omustic
processes can equally act upon affective and degribntent. Thus, it is rather unlikely that théuitive system
is limited to integrating affective information gnlbut see Kahneman and Frederick 2002).



Andreas Glockner 5

with a skip figure like the "rubinian vase" percewither a vase or two faces on the basis of
exactly the same information. By shifting the foalisttention, the perception may flip to the
opposite interpretation. Conceptually, multitudis@onflicting information is unconsciously
integrated in one consistent interpretation (&@se). In this process the interpretation of
information is modified. Information that speaksengt the dominant interpretation (e.g., an
object which shades a part of the figure) is sugged, whereas information that supports the
dominant interpretation (e.g., a characteristiqsfhas highlighted.

The PCS approach to decision making is basedesaime principle (Read, Vanman
and Miller 1997; Holyoak and Simon 1999). As soenralividuals are confronted with a
decision task, automatic processes set in thatpeywards forming a consistent mental
representation of the task. In the process, infaionaupporting the emerging mental
representation is accepted and conflicting inforamais devaluated. Conceptually, automatic
processes weigh interpretations of information rgfaéach other by taking into account the
complex constellation of the information. The hestrpretation wins the competition and the
conflicting information is wiped out as far as pbss Individuals are not aware of these
processes; they only become aware of the results.

Connectionist Implementation of Parallel Constraint Satisfaction Processes

Connectionist networks allow us to model PCS preegs$or complex decision tasks. Initially
PCS networks were developed to model processesraf perception (McClelland and
Rumelhart 1981). Later it was argued that the Ugiohey organization principle of
maximizing consistency between pieces of infornmaisofundamental to a wide range of
psychological phenomena like social perception (Real Miller 1998), analogical mapping
(Holyoak and Thagard 1989), the evaluation of exgiimns (Thagard 1989), dissonance
reduction (Schultz and Lepper 1996), impressiomédron (Kunda and Thagard 1996), the
selection of plans (Thagard and Millgram 1995)alatecision making (Holyoak and Simon
1999; Thagard 2003; Simon 2004), preferential ah¢Bimon, Krawczyk and Holyoak 2004)
and probabilistic decisions (Glockner 2006; Glogkneoress; Glockner and Betsch
submitted b).

For pragmatic reasons, the discussion here wilidamn simple probabilistic decision
tasks, which have been dominantly used to investifgast-and-frugal heuristics (Gigerenzer,
Todd et al. 1999). One prominent example is a datis which, from two cities, the one
with the larger population should be selected basedifferent probabilistic information.
Conceptually, a decision has to be made abouttal disterion (i.e., population of the city) on

the basis of proximal probabilistozies(e.qg., is it a state capital?) with dichotomous
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values(i.e., yes / no) that differ iaue validity(i.e., the conditional likelihood that the option
is better on the criterion, given a positive / riegacue value).

Connectionist models provide different possibiitte model such probabilistic
decision tasks. Fitting connectionist models to ieicgd data a posteriori lends only week
support for such models. Therefore, Glockner (2@@®lied an a priori modelling approach
in which a general structure for a connectionistvoek for such probabilistic decision tasks
was suggested (Figure 1) and used in systematior gimulations.

In the suggested network, cues and options aresepted by nodes, which may have
different levels of activation. Nodes are interconnected by links which havertaice
strength, represented by weightsLinks are all bidirectional and can be excitat@uy> 0) or
inhibitory (w < 0). Options and cues are connected by links vfepresent cue values.
Positive predictions of a cue about an option apgasented by excitatory links, whereas
negative predictions are represented by inhibilimks. Options are interconnected by strong
inhibitory links, because only one option can besgn. Cues are connected with a general
validity node, which is used to activate the netnand has a constant activation of 1. The
strength of the linksw, represents the initial subjective cue validitiesttresult from learning
experience or explicitly provided information.

-- Please insert Figure 1 about here --
The network captures the logical constraints ofddesion problem as represented in the
temporarily activated network. In this structurengoelements support each other (e.g., cues
and options for which the former make a positivedpstion) and others conflict with each
other (e.g., cues and options for which the formake a negative prediction). The activation
of each node can be interpreted as a subjectignjadt of the goodness of the underlying
concept (i.e., the attractiveness of the optiorktha subjective validity of the cues). Note
that there is an important distinction betweenititél validity of cues, which are represented
by the linkswy, and the perceived validity of cues, which argespnted by the activation of
the nodesc. The former are stable constraints in the netwankl the latter, which will be
referred to asesulting cue validitiesare results of the PCS processes.

As soon as the network is constructed, PCS prosesten and change the activation
of nodes until a solution with a high level of c@tency is found. Mathematically the process
can be captured by an iterative updating algoritivhich simulates spreading activation in
the network (McClelland and Rumelhart 1981):

if input(t) <0 input(t)(a(t) — floor) @)

a(t+D=a(tl-decay+ {if input(t)=0  input (t)(ceiling - a (1)
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The activatiorg; at timet+1 is computed by the activation of the node at tinmailtiplied
with the decay factor plus the incoming activationthis nodejnpuft(t), multiplied by a
scaling factor. The scaling factor limits the aation of the nodes to the range -1 to +1 and
leads to ars-shaped activation function. Tieput(t) to node is computed as the sum of the

activation of all other nodes multiplied by the glai of the connection with node

input (t) = D" w;a; (t) ()
J

ji=1-n
The updating algorithm maximizes the consisteney,(ihe degree of organization) in the
network and minimizes contradiction or energy. €hergy can be computed by (Read,
Vanman and Miller 1997)

Energyt) =-3. > w,aa, 3)

in that (a) all weightsy; are multiplied by the activations of the pair ofles they connect

and (b) the resulting products are added up. Tleians, for instance, that positive
connections between positively activated elemerntiease the level of consistency, whereas
negative connections between positively activatatcepts decrease it (cf., Heider 1958). The
iterative updating algorithm operates to maximiaesistency. After a number of iterations, a
state of maximal consistency under the given camgs is usually found and activations
reach asymptotic levels. The option with the higlaesivation is selected. The number of
iterations the algorithm needs to find the stabletson can be interpreted as the decision
time predicted by the model.

Please note that the PCS approach, in contrasétoory-storage and retrieval
models, does not describe long-term learning psesesf relations in the network. PCS
processes simulate ad-hoc interpretations of thdadle evidence based on constraints that
result from learning or from the provided infornaati Only the interpretation of the evidence
is temporarily changed to form a consistent memgatesentation.

Predictions
Based on theoretical considerations and systersiatiglations (Gléckner 2006), five distinct
predictions of the PCS approach can be derived:

(a) High computational capacityndividuals are able to quickly integrate a muldi¢
of information by relying on automatic processes.

(b) Coherence shiftIihe decision process is inherently constructidsibjective cue
validities are changed in the decision procesg thé emerging representation of the decision
task, resulting in coherence shifts (Simon 200dg¢scthat point away from the favoured

option are devaluated and cues that support theufad option are strengthened. Thus,
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resulting cue validities depend on the structurthefdecision task and differ from initial cue
validities.

(c) Approximation of weighted compensatory modelsices roughly approximate
the weighted compensatory integration of cue vadunescue validities.

(d) Decision time difference®ecision time increases with a decrease in thialni
consistency between the pieces of informationll tha cues point towards the same option,
consistency is high and decision time is shomlrtiost equally strong sets of cues favour
different options, consistency is low and decigiare is long.

(e) Confidence judgment differencésie subjective confidence in a choice is higher
in decision tasks in which the consistency betwgeoes of information that can not be
resolved in the PCS process is low. If a highlysistent solution is found, confidence is
high; if the resulting interpretation is still rathinconsistent, the confidence in the decision is
low.

Note that this set of predictions differs from tb&tmost other decision-making
models and therefore allows for empirical testiggiast these models. Most decision-making
models, including RCT, the adaptive-toolbox model enemory-storage and retrieval
models, rely on the assumption that decision maistgsed onnidirectional reasoning
individuals are assumed to select information feoset of given information and to integrate
it using certain algorithms to make a decisionoinfation is merely put into different
algorithms; the information itself is not being olgad in the process. In contrast, the PCS
approach suggests that decision making is baséloectional reasoningHolyoak and
Simon 1999)the constellation of information and options issidered in a holistic process,
and options and evidence are jointly weighed ia ghiocess. Thus, individuals should not
only reason from information to options, but théidity of cues is also inferred from the
informational constellation in a kind of automati&ckward reasoning.

According to the adaptive-toolbox model and tharubed-rationality approach,
individuals should not be able to quickly integrat®rmation in a weighted compensatory
manner because human cognitive capacity is todddnDecision times should not be
sensitive to the fact that different pieces of infation convey conflicting evidence; only the
number of computational steps needed to apply ¢aedstic should count (Brandstéatter et al.
2006); and confidence judgments should only deentthe validity of the cue that
differentiates between options (Gigerenzer et@91).

Summary of Empirical Evidence

Coherence Shifts
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The most comprehensive empirical work on cohershdeés in decision making was carried
out by Dan Simon and colleagues (Holyoak and Sit#89; Simon, Krawczyk and Holyoak
2004; Simon 2004). In part of their experimentstipgants were presented with complex
legal cases and had to judge the subjective walidithe evidence before and after the
decision was made. The authors were able to demnadestrong coherence shifts (i.e.,
differences in the ratings of the evidence befor @&ter the decision). People were not
aware of these shifts and the ensuing decision'sigeerienced as rationally warranted by the
inherent values of the variables, rather than bin#ated perception imposed by the
cognitive system” (Simon 2004, p. 545). Interesyin§imon was able to show that PCS
processes not only influence information direcatiyalved in the decision, but also beliefs and
background knowledge. Motivation and attitudesueficed the direction of coherence shifts.
In line with the assumption that PCS processebased on temporarily activated networks, it
could be shown that coherence shifts are of aittagshature and disappear after a certain
time. Using different material, Glockner, Betscld &chindler (submitted) found that
coherence shifts instantly set in as soon as aidadiask is perceived, even without a
decision being made at all. Furthermore, it coddbown that coherence shifts occur in city-
size decision tasks (see example above). In litke the predictions of the PCS approach,
coherence shifts seem to be a stable and genesabptenon that can be observed in a broad
range of decision tasks.
Fast Compensatory Information Integration
Broder (2003) extensively investigated individuatiion strategies in probabilistic decision
tasks. He found that some of the participants searéor information and selected options in
line with the predictions of fast-and-frugal hetigs. Furthermore, in line with the predictions
of the adaptive-toolbox model, he found that indixals adapted their behaviour to the
structure of the environment. However, he finatjncluded that "a [weighted] compensatory
strategy may be something like a default stratbgyis applied at the beginning of the
procedure” (p. 617). Considering the fundamentahlded-rationality argument — that human
cognitive capacity is limited — this finding seemsprising. Why should individuals use a
complex strategy as a default strategy that mighilyoverload their cognitive capacity?
Glockner (2006) carried out several experimenfsitimer investigate decision
strategies in city-size decision tasks. All infotioa was presented simultaneously to
measure human’s computational capacity, withouitilvg information search by the research
method (Figure 2). Participants were instructech&édke good decisions and to proceed as fast

as possible.
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-- Please insert Figure 2 about here --
A maximum likelihood analysis of the individual a¢be patterns revealed that, for most of the
participants, choice patterns were most likely picsadl by the weighted compensatory
integration of cue values and cue validities. Theglian decision time was below three
seconds. Thus, in line with the predictions of &S approach, individuals are indeed able to
quickly integrate multitudinous information in aigleted compensatory manner. Our data
converge with findings by Broder (2003), indicatihgt this kind of information integration
seems to be the default strategy if no feedbaakadable that indicates that a different
strategy should be used.
Decision Time and Confidence Judgments
In order to test the predictions concerning deaisimes and confidence judgments, Glockner
and Hodges (submitted) carried out a series ofraxpats on memory-based decisions.
American students learned information about reah@a cities and were afterwards asked to
make a memory-based decision concerning whichicigrger (cf., Hastie and Park 1986).
Monetary incentives for correct decisions were usesissure high motivation. Consistency
was varied between decision tasks; an exampldi®mntanipulation is presented in Figure 3.
For participants that estimate the cu® fague soccer team" as the least valid cue,
consistency is lower in the left-hand depicted sieai task than in the right-hand decision
task. According to fast-and-frugal heuristics (iJake-the-Best heuristic, Equal-Weight
heuristic), decision times should not differ betwélge two decision tasks because the number
of computational steps that are necessary to sategption does not differ between decision
tasks. According to the PCS approach, in the datisisk depicted on the left, decision time
should be higher and confidence judgments shouldwer than in the decision task depicted
on the right. Both predictions were able to be emgily supported, and the findings were
able to be replicated using different decision saskfferent materials, and also in online
decision tasks.

-- Please insert Figure 3 about here --
In sum, the predictions of the PCS approach areremalty well supported. Individuals are
able to quickly integrate multitudinous informationa weighted compensatory manner; they
even seem to use this as a default strategy; tegnetation of information is changed in the
decision process; decision times and confidencgmahts are systematically influenced by
the level of consistency in decision tadks.

2 Additionally, it should just be noted that the P&%proach can be understood as a generalizatithre shost
prominent model for jury decision: the story tejlimodel (Pennington and Hastie 1992). That model is
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What about Bounded Rationality?

Obviously, the findings conflict with the boundeationality approach and specifically with
the adaptive-toolbox model. Could the reportedifigd be explained by the fact that decision
tasks induced the usage of decision strategies thitae fast-and-frugal heuristics? Or could
the PCS approach just be understood as anothethtidbelongs to the adaptive toolbox? To
discuss these questions, it is worthwhile to racdgte the three fundamental premises of the
adaptive-toolbox approach (Gigerenzer 2001).

First, the research program proposed by Gigerearaicolleagues aims to
"understand how actual humans (or ants, bees, emeges, etc.) make decisions, as opposed
to heavenly beings equipped with practically unieditime, knowledge, memory, and other
infinite resources" (p. 38). Decisions rules shdwghsychologically plausiblé.e., they
should be based on the cognitive repertoire a spacdeed has) since they rely on simple
search, stopping and decision rules. In the lighhe findings reported above, the adaptive
toolbox underestimates the human ability for infation integration. As postulated by the
PCS approach and demonstrated by empirical evideacallel automatic processes that
allow for quickly integrating multitudinous inforrian in a complex way are a part of the
cognitive repertoire of humans. Consequently, P@8gsses seem to be psychologically
plausible, without relying on simple search, stogpand decision rules. In contrast to the
prevailing view, it must be recognized that the meatatical complexity of the algorithm that
leads to a decision (i.e., the number of elemeritdoymation processes; Payne et al. 1988) is
not a valid measure of the effort to solve a decisask as soon as automatic processes are
considered. According to the reported findings,ghe@re able to make decisions based on
complex algorithms that even computers take segexands to calculate.

Second, the "adaptive toolbox offers a collectibheuristics that are specialized
rather than domain general as would be the casehjective expected utility (SEU)"
(Gigerenzer 2001, p. 38). Thus, it is argued thatstructure of the domain induces the
application of different decision algorithms. Altigh the evidence does not yet allow for
final conclusions, the above reported data inditi@de PCS processes are rather general
because they automatically set in as soon as aidedask is perceived. Individuals are not
aware of them and often can not avoid them. The R€&anism itself is always the same,

but the structure of the temporarily activated roeknis adapted to the specific decision task;

empirically well supported, and part of the evidei(icf., Hastie and Wittenbrink 2006) lends addilcsupport
to the PCS approach.
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it reflects the subjective perception of the speabntent, learning experiences and general
knowledge.

Third, according to the adaptive toolbox, the duites of the environment has to be
taken into account when exploring the efficiencyletision strategies. Heuristics are claimed
to be successful because they are domain spedbifig;are adapted to the structure of the
environment. In comprehensive simulations of reallevdata, it has been shown that there
are domains in which fast-and-frugal heuristicslleavery accurate decisions, for instance in
the mentioned city-size decision tasks (GigereanerGoldstein 1996). Thus, the domains
used in the above reported experiments have ttokelg investigated before premature
conclusions are drawn. However, the dominant ushgempensatory strategies was
observed precisely in the city-size domain. Whyghdticipants not behave adaptive to the
environment? A closer inspection of the simulati@ta reported in Gigerenzer and Goldstein
(1996) reveals one possible answer: on averagedtiermance advantage of the Take-the-
Best heuristic in cross prediction was 3 percefthdugh people have powerful mechanisms
of frequency learning, it would take them far mtivan 100 learning trials with perfect
feedback to learn this advantage. Usually, realdides not provide such a perfect and highly
repeated learning environment. Consequently,réatiser unlikely that such a small difference
will be learned.

Furthermore, abstracting from the process of infirom integration and considering
choices only, it is often overlooked that fast-dndyal heuristics are always a special case of
weighted compensatory decision strategies (BeegeltNosofsky in press; Lee and Cummins
2004). Fast-and-frugal heuristics (i.e., Take-tlestEheuristic and Equal-Weight heuristic)
can always be perfectly modelled by weighted cormpemny strategies. Thus, for pure
mathematical reasons, fast-and-frugal heuristiosnesver be better at predicting choices than
weighted compensatory models, except when non-aptieights are used (as may be the
case in cross prediction).

In sum, the materials used in the experiments ntaley unlikely that the findings
can be simply explained by the fact that the denisasks hindered the application of fast-
and-frugal heuristics and induced the usage of rooneplex strategies. Furthermore, the PCS
approach can not be seen as just another fastragdtheuristic because it conflicts with
basic premises of the adaptive-toolbox approachPBS approach is not based on simple
rules for information integration; it does not igadhe majority of information (i.e., it is not

frugal); and it does not seem to be domain spebificather general. However, in the next
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paragraph, ideas will be summarized that integraeadaptive-toolbox approach and the PCS
approach into a more general model.
TOWARDSAN INTEGRATIVE INTERACTIONIST APPROACH
As argued above, according to the majority of denisnaking models, the decision process
is seen as a simple unidirectional process in wimfdrmation concerning a decision task is
searched or retrieved and integrated in order moecto a decision. Often the underlying
processes are considered to be deliberate; sonerem@nt models assume automatic
processes. Most models consider either deliberaaetomatic processes but not the
interaction between them. Finally, based on thelation that patterns of information
search differ systematically, particularly modedséd on the bounded-rationality approach
conclude that individuals have a set of decisioatsgies from which they can select, in
contrast to just one universal decision strategge(and Cummins 2004; cf., Glimcher et al.
2005).
The PCS Rule and its Evolutionary Advantage
Based on the general PCS approach outlined abd@eki@er and Betsch (under review b)
suggested that tHeCS rulebe viewed as an alternative integrative modetiaision making
(Figure 4). It is postulated that automatic PCSpsses form the computational core of
decision making and that deliberate processes ynsuplervise and modify the network that
these automatic processes act on. A two-level n&tarchitecture is assumed: in the primary
network evidence and options are weighed in thr@mmlex constellation; in the secondary
network, if necessary, deliberate strategies arghee that support consistency maximizing
in the primary network and allow for quick adaptas.

--- Please insert Figure 4 about here ---
The Primary Network
As soon as individuals are confronted with a deaisask, automatic processes of
information search and retrieval set in that lemd tonstruction of a temporarily activated
network (cf., Figure 1). Within the network, PC®gesses set in that operate to maximize
consistency by changing the activation level of¢dbetained elements. The architecture of the
network provides the constraints under which thestjior consistency evolves. Thus, the
final level of consistency is bounded by the stunetof the network. If the level of
consistency in the networkC) exceeds a certain thresholt), the PCS processes are
terminated and the option with the highest actorats chosen. The network of options and

information is referred to as tipgimary network
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It is argued that primary networks also capturedim@matic processes of behavioral
selection in animals, and thus could be consid#revolutionarily old part of decision-
making processes. Parallel to processes of obggception, information is weighed in its
complex constellation; the dominant interpretaiautomatically detected and accentuated.
This may explain the finding that even sticklebaltkse the computational capacity to select
mating partners by integrating trait informatioraicomplex compensatory manner (Ktinzler
and Bakker 2001; see also Glimcher et al. 2005)hEman decision making, the operations
of the primary network lead to the often descripegnomenon of "intuition™: it is instantly
seenwhich option should be selected. No deliberat®onagcessary to reach this insight; no
deliberation seems necessary to validate it. Tegemed option can be instantly chosen. The
level of awareness of the resulting mental reprias@m can differ. In some cases, individuals
are totally aware of the consistent mental repriasieom and are able to explicate it; in other
cases just a vague feeling enters awareness.

The Secondary Network

If the level of consistencg in the primary network is below the thresholdeamdary

network is formed. The secondary network is insental to the primary network. In the
secondary network, deliberate strategies that sgppa@t consistency maximizing in the
primary network are weighed against each othes.gbstulated that deliberate processes can
not directly influence automatic PCS processegy;, ta@ only modify the network that PCS
processes act on. For instance, deliberate pracessg be used to include additional
information into the network or change the struetof the network. Such deliberate processes
that aim to modify the primary network are refertecsdeliberate constructionst is

assumed that deliberate constructions are alsdweignd selected based on PCS processes.
The deliberate construction that is most activagezhrried out. It is thereby reasonable to
assume that deliberate constructions become autoiinegpeatedly trained (cf., Anderson

and Lebiere 1998).

There are two main reasons for a low level of cstesicy. First, insufficient
information is included in the network, or the netlwis almost empty. In this case deliberate
processes of information search and informatiomlpection are used to add information to the
network. Second, the degree of contradiction inmnigvork can be so high that it can not be
sufficiently resolved by PCS processes. To avdahg period in which one is incapable of
action, deliberate processes can temporarily mabdystructure of the network or
additionally activate or inhibit elements in orderincrease consistency. This mechanism can
also be used to simulate (cf., Bischof 1987; Haetieg Wittenbrink 2006) different
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interpretations of the data that were not ablestodached by mere automatic processes. The
reason for this may be that the PCS algorithm lé®ig caught in a local maximum of
consistency, thereby overlooking a global maxim&egd, Vanman and Miller 1997).

In contrast to lower animals, humans have develdpeability to supervise and
deliberately manipulate the powerful but inflexilaletomatic processes of the primary
network (Betsch 2005). It is assumed that theioglatbetween elements in the primary
network are mainly determined by slow learning psses. Thus, changes in these relations
usually take a long time, and quick adaptationsnaronmental change are not possible
(Betsch et al. 2001; Betsch et al. 2004). The diariary advantage of the additional
deliberate system is that it facilitates fasterdwedral adaptations, allows for directed
information search, qualified information productiand simulations to find the global
maxima. However, without the automatic system déiéerate system would be chronically
computationally overloaded.

I ntegrating Fast-and-Frugal Heuristicsand the PCS Rule

One of the essential findings of the adaptive-torltesearch program is that individuals
adapt their decision strategy and particularlyrthdormation search to the environmental
structure. Simply stated, if individuals receivpeated feedback that in a certain environment
the usage of less valid cues is not useful, aftéicgent learning trials, individuals focus more
on the most important cue (Bréder 2003; RieskanfiG2Rieskamp and Otto 2006). It is
important to differentiate two classes of situasiosituations in which information is instantly
accessible and situations in which this is notddwee (cf., Glockner and Betsch submitted c).
In the latter case, which is dominantly used inegxpental research, the primary network is
initially almost empty and consistency is low. Thtee secondary network is formed to
support consistency-maximizing processes. Repdegeltback reinforces the deliberate
construction "look up information for the most inmfant cue only", and after sufficient trials,
individuals change from a default deliberate-cangton strategy (e.g., "look up all
information along options") to the alternative Beliate-construction strategy. From this point
in time, the primary network consists of the opsi@md the information of the most important
cue only. Consequently, choice predictions aligthhat of the Take-the-Best heuristic.
From such a perspective, the Take-the-Best heu(esiwell as other fast-and-frugal
heuristics) can be understood as one of a multitddieliberate-construction strategies that
are possible elements of the secondary network.e@dery in each case the decision is finally

based on the resulting activation in the primaryvoek.
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In situations in which information is instantlycassible, the primary network is
instantly constructed. Individuals will make deoiss based on the network. However, from
repeated feedback, the structure of the environméhlbe learned. Thus, in a non-
compensatory environment (i.e., an environmenthichvthe most valid cue is stronger than
all the remaining cues taken together), after oetéarning trials, the dominance of the initial
validity of the most valid cue will become more pooinced. As a result, although the lower
valid cue information will not be ignored, its inénce on the decision will decrease. In the
long run, this also leads to choices that aligmilie predictions of the Take-the-Best
heuristic.

In sum, it is argued that the adaptive learniragpsses highlighted by the adaptive-
toolbox model are important in decision making. le@er, they can be integrated in the PCS
rule: changes in the relations between elemerttseiprimary network as well as the relations
between specific deliberate constructions for aedacision tasks in the secondary network
are learned from feedback. Further research witideded to differentiate and test this
hypothesis empirically.

THE PCSRULE AND INSTITUTIONS

Work on the PCS rule is still in its early stagése model must be further specified and
empirically tested. However, the model providesudtfuul starting point for rethinking issues
of relevance for the development and design oftutgins. Jointly considering cognitive
processes and the structure of institutions alleasiing from institutions and for institutions
(cf., Engel and Weber submitted). It has to be meslthat — similar to humans — institutions
are shaped by evolutionary forces and learning am@sms that optimize their structure over
time (Hodgson 1988). If the PCS rule is a valid elpthdirect evidence for the model can be
derived by investigating whether successful ingttws align with its predictions. On the
other hand, it can be assumed that a better uatieiag of the cognitive processes allows for
enhancing institutions more quickly than by an atiohary process based on trial and error
only. Some of the major hypotheses concerningttiuetsire of efficient institutions

according to the PCS rule will be outlined in tbédwing.

Predictions of the PCSrulefor the Design of Efficient Institutions

Prediction 1:Individual decisions are good as long as the &iraof the primary
network represents the structure of the environntgffitient institutions support the

construction of representative primary networks.
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Prediction 2:The structure of the primary network is influendsdunconscious
motivational and emotional factors. Institutiony@®een developed to reduce the influence
of these factors and to increase the objectivitthefnetwork.

Prediction 3:PCS mechanisms artificially increase the consistefianformation by
wiping out contrary information, which naturallyalgs to overconfidence. Efficient
institutions reduce overconfidence by forcing induals or groups to consider alternative
interpretations.

Prediction 4:Decision making in diverse groups is problemaéicduse members can
form different but rather stable interpretationghd situation. PCS processes increase
divergences in the interpretation of informatioml amake them more resistant to change.
Institutions have been established to neverthetsssh decisions in time and without the
group breaking apart.

Prediction 5:Decisions based on automatic PCS processes aréchemchmunicate
and to justify, because parts of the mental repitesien of the decision might be
unconscious. Institutions provide rules that mageigsions easier to communicate and that
facilitate an increase in the level of acceptarfab® decision.

Prediction 6:Institutions increase the consistency of decismres time by providing
a set of explicit rules for deliberate constructigeecondary network). As a result, certain
important information is always included in therpary network, and it stabilizes the general
structure, which in turn increases consistency tives.

Prediction 7:Efficient institutions leave room for and make 0$&CS processes. The
structure of the environment should be analyzed,dmtision makers should be provided
with the results. These results can facilitateciwestruction of more adequate mental
representations. However, it is not necessaryduige decision makers with overly simple
decision rules, because they can handle complexity.

Prediction 8:PCS processes enhance the efficiency of soceacation in
organisations. If institutions ensure that the fumeéntal goals of the organisations are always
included in the primary network, individual decisgo— also in new situations — are
automatically aligned to the organisational goatee effortful (and usually ineffective)
specification of a complete set of behavioral rditesall kinds of situations becomes obsolete.

Prediction 9:Effective institutions make use of the error deteccapabilities of PCS
processes and leave room for the exploration d¢ihigeof mismatch. The conscious part of
the mental representation is not equivalent toanthele representation and might overlook

important facts that unconsciously wield an infloen
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Prediction 10:Efficient institutions make use of trained exptision makers.

Expert decision makers are able to handle lardernmational networks than lay people.
Expert decision makers learn to automatically idela large set of important elements into
the network.

Prediction 11:Efficient institutions establish revision unitsttiest the inclusion of all
relevant information into the consideration andvmte learning feedback for deliberate
constructions as well as for the structure of theary network.

German Law and the PCSrule

As outlined above, successful institutions couldrivestigated to test the predictions of the
PCS rule. It is assumed that successful institatiora process of evolution and learning have
already implemented part of the prescribed mechami&erman law may be considered one
such efficient institution; this is the reason asaselected in the initial investigation of the
predictions of the PCS rule for institutions.

Construction of Representative Primary Networks

One of the most fundamental aims of modern legstesys is probably that all relevant
evidence be taken into account according to itsllef/importance (cf., Jackson 1996). For
example, a decision of the German Federal Suprevnet €xplicitly forbids the application

of simple, schematic rules (i.e., heuristics) ipe assessments of the trustworthiness of
eyewitness reports (Decision of the Federal Supi@met [BGH] July, 30 1999, Az.1 StR
618/98). In contrast and in line with the aboveestgredictions (i.e., predictions 1, 6 and 7),
a set of valid cueRealkennzeichéris specified, which has to be considered in the
assessment. With this prescription, the institugosures that these cues are included in the
primary network. On a more general level, the pplecof the exhaustive appreciation of
relevant evidence is a fundamental requirement segdy the German code of criminal
procedure (Schoreit 2003; StPO 8§261). The code ebkgates judges to take into account
not only the formal evidence of the case, but atsgnitions formed on the basis of the
holistic impression of the trialdesamteindruck der Hauptverhandly&ghoreit 2003].
Ensuring Objectivity and the Requirement to Consilernative Interpretations

Another basic aim of the legal system is that desgsbe made objectively, and that
alternative interpretations be considered (cf.djateons 2 and 3). For instance, the different
roles of prosecutors and defenders should ensat@liithe relevant information is available
to be included in the primary network and thatetiint interpretations are considered. This
should allow the neutral judge to weigh interprietag against each other and to find global

instead of local maxima of consistency. Likewise German code of criminal procedure
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obligates judges to consider all plausible alteveaissessments (or interpretations) of the
evidence (Schoreit 2003). A consideration of evadeis erroneous if only one of various
equally plausible interpretations is looked at @eit 2003).
Decision Rules in Multiple-Judge Courts
Legal institutions have implemented voting rulesltow making decisions even if different
stable interpretations of the case have been fobygaddges of multiple-judge courts (cf.,
prediction 4). It is sometimes not necessary to/ome all the judges to agree with one
interpretation; often majority rules are appliadQerman law, this is, for instance, the case in
the Federal Constitutional Court. Interestinglyiticallar decisions of the Federal
Constitutional Court are used as objective argunmefurther legal argumentations (cf.,
prediction 5).
Installing Revision Units
Appellate courts can be considered revision unithé German legal system. The German
code of criminal procedure regulates that decisimeevised if decisions are erroneous
because of procedural violations. This is for instathe case if it can be proved that relevant
aspects have not been included in the consideratiatternative interpretations of the
evidence have not been considered (Schoreit 20Q03redictions 1 and 11).
Making use of Expert Decision Makers
Taking a somewhat broader perspective, German tegatine can be interpreted as
providing a large set of features that have todesiclered as a complex constellation in legal
cases. It can be assumed that, when thinking aboase, experienced lawyers automatically
and unconsciously include many (or hopefully aflji@ relevant aspects in their primary
network, whereas law students use deliberate-agigin strategies to include them in a
stepwise manner (cf., predictions 8 and 10). Funtloee, within defined intervals German
law allows judges latitude in their judgment andgtfallows judges to rely on impressions that
result from automatic PCS processes (cf., predicio

In sum, there is tentative evidence from Germantteat supports the PCS rule. Many
of the predictions for efficient institutions areeady implemented. However, a further
systematic investigation will be needed to streagtthis argument and to inspire a purposeful
improvement of the institution of German law ashaslthe improvement of other
institutions, if necessary.
CONCLUSIONS AND OUTLOOK
The PCS rule is a very complex model, and at thenemd it has to be considered a work in

progress. Particularly to strengthen the modés, iecessary to further specify the secondary
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network and carry out empirical tests on the irdioa between the networks. Nevertheless,
evidence already clearly supports its central clangividuals are capable of quickly
integrating a great deal of information in decismaking. Based on this finding, some
suggestions for institutions that have been derfv@u the bounded-rationality approach
should be rethought; others are being highlighteshenore. As argued by Gigerenzer et al.
(2001), it is very important to understand the emvnental structure of decision tasks in
order to enhance the quality of decisions. Howeaecording to the PCS rule, institutions
should try to support individuals in constructingne adequate mental representations of the
decision task (cf., Gigerenzer and Hoffrage 1985%ome cases this might be achievable by
instructing individuals to include only the mostidanformation in the network, but in most
complex decision tasks this will probably not be tase.

Besides investigating the PCS rule from a psydiodd and an institutional
perspective, it would be very fruitful to investigahe model from a neuroscientific
perspective. The fact that the PCS rule is basatebmork models which partially rest on a
rough abstraction from neuronal connections sp&aktis. Wagar and Thagard (2004)
suggest a sub-symbolic network that more closedgmidbles neurons and aims to copy
relevant areas in the brain. However, it may bestioeed whether the symbolic
representations used in the PCS rule (in contoasiith-symbolic ones as used by Wagar and
Thagard 2004) are sufficient to catch the majorlmatsms of decision making. Furthermore,
the close relation of the PCS rule to models of@gtion might allow for comparing patterns
of activation using neuroimaging techniques andhtaknto account recent neuroscientific
findings on perception and perceptual decision nkiHeekeren et al. 2004; Summerfield et
al. 2006). Finally, proving a double dissociati@iieen primary network activations and
deliberate constructions would strongly supportrtizelel.

Obviously, evolution has equipped animals and hub®angs with powerful
automatic mechanisms to integrate large amountgaination. According to the PCS rule,
humans have additionally developed the abilitygblerately supervise and manipulate the
primary network. Although the deliberate processesrather limited in their computational
capacity, they allow for better and faster adaptetiby providing further information and
temporarily changing the network so as to quicktg fa consistent solution and a global
maximum of consistency.

It seems that evolution was miles ahead of sciergiideavours: while decision
researchers were still focusing on deliberate dwtistrategies and arguing about the

boundaries of rationality, evolution had long takame of the problem by enduing humans
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(and animals) with powerful computational capaia$it This paper aims to make a
contribution so that we might catch up with thecfaating inventor, evolution. Here, we may
take it as a positive sign that the father of badhdationality already considered the
possibility of unconscious processing:

My first empirical proposition is that there is @ngplete lack of evidence that, in
actual choice situations of any complexity, thesegcted utility] computations can
be, or are in fact, performed... but we cannotaefrse, rule out the possibility that the
unconscious is a better decision maker than theatowms (Simon 1955, p. 104).
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Figure Captions

Figure 1.The general structure of the PCS network for podiséic decision tasks.
Boxes represent nodes. The activaaarf the nodes is modified within the PCS process.
Lines represent links between nodes that are dilidational and can be inhibitory or
excitatory. Links have different weightsand are fixed constraints in the network thatltesu
from learning or from explicitly provided informat.

Figure 2.Example for a city-size decision task.

Figure 3.Decision tasks with less consistency (left-hae)sand more consistency

(right-hand side).

Figure 4.Schematic process model of the PCS rule.
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Figure 4
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