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Abstract possibility that event probabilitiep were also somehow
transformed into a subjective belief or weightp). These
For centuries, theorists have focused almost eimﬂlyson two assumptionS, Concerning Subjective assessnhead e
the use of additive utility representations in @us to and belief, give rise to the general subjective eeted

describe decision behavior. This basic frameworks ha
constantly been modified in order to account foallemging
empirical results. However, each revision to thsib#heory
has in turn consistently been confronted with dotifig

utility form for an option X with outcomeg occurring with
probabilityp; (Savage, 1954):

evidence. Here, we summarize an alternative viesusing U(X)= W(p)V(x) (1)

on the decision-making process. By employing comjral

models that offer a different—and arguably superiavel of Subsequent empirical examination has placed an

analysis, we provide a more comprehensive accdumiroan increasing number of constraints on the feasibtetfanal

decision behavior. A survey of applications anddssion of forms for both thevalue function, V(x), and theweighting

parameter interpretation and estimation is alstude. function, w(p). This has in turn led to increasingly complex
. . algebraic equations that attempt to describe dutisi

Utility modeling outcomes. Currently;ank-dependent utility theories, a class

One can tentatively extract basic principles thens to  including prospect theory (Kahneman & Tversky, 1979
describe decision-making behavior. Some sort afcsiffe = seem the most promising in terms of ability to actdfor
value, or utility, is (at least theoretically) attached to empirical results. However, even this family of retsdis
possible outcomes or events. In cases of prob@ébilis  limited in terms of explanatory power and predietscope
uncertain outcomes, degrees of beliefdecison weights  (e.g., see Rieskamp, Busemeyer, and Mellers, 2f@05a
determine the relative perceived impact of différen review).
dimensions or potential outcomes. Somehow, thesegs The goal of this paper is to summarize an alteveati
of information are presumably integrated to produce approach that enjoys advantages over even thepuopstar
preference for each option under considerationallina  theories cast in the traditional utility frameworkirst, we
decision rule states which option to select, rgsylin a introduce a specific computational modeling apphoé@
corresponding action. decision making including treatment of each of dleeision

The calculus of probability and logic suggests thatcomponents mentioned above. We contrast this approa
calculation of expected value provides a normatieans to  with the utility framework to highlight its strerdtg and
enact the decision program outlined above. By assjgy gains in explanatory power. Then, we offer a bsefvey
values to possible outcomes, weighting each outdoyries  from among the extensive successful applicationghef
likelihood of occurrence, summing these products tdasic model. We conclude with a discussion of irtgour
compute arexpected value, and selecting so as to maximize issues such as parameter estimation and interioretat
expected value, one could adhere to an optimalsieci
policy. Descriptively, however, this “rational” ament of ~Computational modeling via Markov processes
decision making i_s subject to empirical verificati@nd has Our approach to modeling decision behavior religsao
been overwhelmingly refuted. As a result, theorist&e  f5-ma| mathematical model of the deliberation pssce
tried to identify and Iremedy descriptive inaccueacin one Specifically, we use Markov processes to model egtial
or more of the constituent elements. sampling of information and accumulation of the phd

Pioneers in decision research suggested that pethap intormation over time. At this point, we have deygd
failure of expected value as a descriptive modsullted specific models for each of the component processes
from subjective utility or evaluatioW(x) of valuesx (von  antioned earlier. Before introducing these, it | vk
Neumann & Morgenstern, 1944). This line of thougate helpful to provide a brief introduction to compitaal
rise toexpected utility models of decision making. However, modeling using Markov methods.
this e>_<p|anat|on still did not ac_count for certarends in Markov models describe the state of a sys&hat time
behavior. As a result, theorists next focused o thy anq are specified by defining some sek pbssible states



for a systems = {s,, ..., S}; a probability distribution over of the model, we ground the model introduction wéh
initial states of the systent = {z, ..., z}, where z =  concrete example. We will use a decision task tlat
Pr[S(0) = s]; valid transitions among states, and valid ubiquitous in experimental settings: choosing framongn
terminal (or absorbing) statesThe latter two concepts are Probabilistic options, such as gambles, where apXois
formalized respectively in a transition mat@x whereq;  defined by outcomesq occurring with probability ;.
gives the probability of transiting from stdtéo statg, and ~ Following Busemeyer and Townsend (1993), we intoedu
an absorption vecta, whereg; gives the probability of the the case ofn = 2 for simplicity, but extensions to the
system terminating when in stdteA schematic illustration Multialternative case are provided by Roe, Busemeyed
of a simple Markov model is shown in Figure 1. tiwkd be ~ 1ownsend (2001).

quite ambitious to make specific predictions alibet state Formally, def'ne states a'ndsk as states of prefgrence
of the system at any given point in time, S = s, for i = that warrant choice of the first (Xor second (%) option,

1 k' more interesting and applicable for our PUrDASES respectively; the remaining statessiare intermediate states
P - g PP e for our purp of preference between these two extremes. We thfirsech
to derive predictions about the probability distitibn over

i A =[10 ... 0 1] because only these states producevart 0
terminal states of the systeR which is given by (see cngice (terminate deliberation). At the beginning @
Diederich & Busemeyer, 2003): decision, prior to any consideration of the optiofisand
. 1 X,, one may be in any intermediate state of preferenc

P=Z[1-Q] a 2) defined by the probabilities in = [0 2 ... z. 0], which
) o must sum to one. Consideration of information athea
We can also easily compute the distributibrof mean  moment in the decision task results in either aneiment in

times to reach each terminal st&fe] | St') =s: preference for X t+1 |(t) =) = s.1, or an increment in
preference for X St+1 |S(t) =S) = S+1, fori # 1, k. The
T=(Z[1-QJ%a)./P 3) probability of each of these (exhaustive and miyjual

exclusive) events are precisely what we define he t
transition matrixQ: the former event given by;.;, and the

Initlate latter given byq ;.. Note that, as formalized here, other
transitions are not valid, and the system cannoiseo-
z, Z, Zy b4 utively stay in the same state (i.g;= 0, forj #i-1,i+1).
PR Lo The crux of deliberation is sampling informationoab
41> a3 P EX RN (BTN the options X and X over time that results in these

properties of X and X result in the transition probabilities
in Q. We assume that at each moment in time, some
: ! information x; about each option is retrieved. This

1

., q ¥ momentary transitions. We therefore must define liogv
kk( C

NDio) S/ momentary attention to some specific attribute athe
S’ option produces a transient evaluation of,varence for,
a, each optionV(X;) and V(X,). These momentary valences
are compared to produce a difference vaMes V(X,) —
Terminate V(X2). Attention to different outcomes produce different

valences, and we can therefore define a sampling
distribution of possible difference valudsé~ (u,c). Then a
simple relationship exists between the parametérthie
distribution and the elements @f if we defined = /o as a
measure of discriminability, then:

Figure 1: Generic Markov model representation

Information integration (preference accumulation)
The first application of the Markov model to deoisi

=141
making considered here is ttaecision field theory of G =3 +2d (4)
Busemeyer and Townsend (1993). Decision field theor 4. =3-3d
(DFT) specifies preference states and formalizes
deliberation as transitions among states of diffeaé In terms of the components of decision making oali

preference for each of options in a choice set. The actual earlier, DFT describes the integration of inforratilt does
process modeled is the integration and accumulatibn so py specifying accumulation of preference resglfrom
sampled information over time. The resulting prédits sequential sampling, rather than instantaneous hieig
are the probability of terminating in states whechirespond  symmation implied by utility models. However, theadel
to sufficient preference for selecting (choosingg ®f then  jtself does not make specific claims about the watisn and
options. In order to facilitate understanding apglication weighting components of the decision process. These
elements correspond to the valenc®s, and attention
probabilities, PN/(t) = V|], used to derival. Extensions of

" Note that in the current paper we are dealingifipatly with 8 the DFT framework have specified these elementagusi
discrete apprOXImatlon to a continuous Markov psscassuming similar mathematical methods

unitary time steps and discrete states.




Evaluation and weighting choice model. That is, the weights here are atth¢behe

The definition of the mean and variance of a randonﬁgﬂgﬁig?jni%g‘zr%ujiﬂeézzj’a?itoig (52(;?%) g‘ﬁgjﬂgg of
variable, such ag(t), are given respectively by: which in turn becomes for determining thé transition

probabilities of the choice model via Equation 4.
1 =ENWOI =2V, Priv(t) =V] (5)
Decision and response

o =D N~ Pry(t) =V] (6) Up to this point, we have given an overview of hasive
mathematical description of outcome evaluation conure
Thus, if we can formalize the exact valugs and the Weighting, and the process that uses these elements
associated probabilities we can completely spettiyDFT ~ accumulate preference during deliberation. In gestion,
model. Busemeyer, Townsend, and Stout (2002) give We complete the computational framework by specgythe
description of the former, and Johnson and Busemeydlecision rule and response selection mechanismsai$ion
(2005) give a model for the latter. making. The decision rule is guided by the traaositinto a
Busemeyer, et al (2002) have provided a specifipanf terminal preference states; or s. Conceptually, if
the evaluations associated with the attributes lodice  deliberation is described as the evolution of retat
options. They model these evaluations as the coeseg Preference to options over time, then the deciside can
of motivational dynamics in the level of need versatiety ~—be thought of as threshold level of preference required to
for Specific outcomes. The function of this SystemStOp deliberating and make a choice. This threshald be
corresponds to the value function in utility modedat use adjusted by moderating the number of intermeditttes—
stated values as a basis for deriving subjectiveega The for example, increasing will result in a stronger required
model of Busemeyer, et al (2002) achieves this ringplpy Ievel_ of preferen.ce Whlch ywll amplify choice prdiilities
assuming that the objective values are weighted byrrent ~ and increase deliberation time.
need state, which is determined by the differenesvéen In some situations, the required response of asitecis
an ideal or desired level of each outcomand the current Nnot about selecting from among a given set of otidut
level of that outcome. For example, the greater th@ssigning an appropriate value to a single optiery.(
discrepancy between a current and desired levehrof pricing). In these instances, DFT as a model oficgho
attribute, the greater perceived magnitude of gatbute. ~ cannot be applied directly. However, Johnson and
Over time, newly-acquired outcomes update the otrre Busemeyer (2005a) have formulated a third Markoweho
attainment, which in turn updates the need staighwthen  that uses the outputs of DFT as inputs in ordegeterate
alters current evaluations. reported values. In this context, the states of dpstem
Johnson and Busemeyer (2005b) use a Markov model {@ﬁcome consideration of candidate values, and utubis
describe how the sampling over these evaluatiokesta the probability of reporting each value (e.g., gissig one
place. Specifically, they define a Markov model vénéhe ~ Of many possible prices). The initial distributignthen the
states correspond to momentary attention to eaaluation.  Probability of first considering each candidate ueal
The output of this system is selection of an euinav/(t)  Allowing terminal responses from any state (i.eparting
to contribute to preference accumulation. Pradjicghe any candidate value) suggests all nonzero elementise
model produces the probabilities Y() = V|, or attention absorption vector. The innovation of this modelthat it
weights. In other words, this model controls exactly whichrecruits the DFT choice model to determine traosi
outcome x;, determines the momentary valence for eactmong candidates, as follows.
option at each point in time. So, whereas DFT dessr The transition probabilities of the value respomzaadel
transitions among preference states, Johnson asenBayer ~are the output probabilities of the DFT choice niegplied
(2005b) show how a Markov model can detail theto the choice pair of the current candidate andtsnget
transitions in attention among evaluations thawvedrihis ~ option. Specifically, the probability that the coangon of
evolution of preference. This model is similar irpose to ~ candidate G, and the target option produces terminal
the weighting functions in utility models that teform  preference (i.e. enters staig for C—suggestingG; is too
objective probabilities into decision weights. high—becomes the probability of transition to caatdC;
Formalized as a Markov model—distinct from the DFT< Ci. Likewise, the probability of terminal preferen(ztate
model—it specifies initial attention to each outcoameeach S1) for the target option determines the probabildy
moment inz. The model further assumes that the absorptioffansition to candidat€; > Ci. The probability thaC; is a
probabilities are simply equal to the objective come “good” value for the target option dictates the apsion
probabilities,a; = p,. The model also allows for “dwelling” Probability for that value,a. This is determined by
in the current state, or focusing on a given outedon more  additionally allowing for absorption in the DFT dbe
than one moment, which is controlled by a param@ter model from the intermediate state where the diffeee

<1. Due to mutually exclusive transitions, thisgesfsy;; =  valueV = 0 (see Johnson & Busemeyer, 20053, for details).
(1 —a&) p for alli. The transitions to other states, or attention ]
to other outcomes, occurs with sum probability (441 — Modeling summary

f), which is then apportioned among the remainiegneints We have shown how the use of a Markov architeatare

q; for j #i. Using Equation 2, the model produces outputhe implemented at various stages of the decisiokinga
probabilities that are interpreted as attentionghs in the



process. In combination, the models reviewed alpoveide
a complete computational model of decision behanate
that there is also opportunity for modifying sonmkte
assumptions of the various models. For exampleitiaddl
dependencies could be included, or valid transstioauld

Furthermore,

predictions,

DFT specifies preference strength and
appreciates human variability via probabilistic aoarhe
rather than the deterministic and tyina
consequences implied by the strict decision ruleutdity
maximization. Computational models, with their atien to

presented here can also be thought of as morenaidzling
framework than a specific claim about the detafisany
given component. One admirable quality of this apph is
the use of a single mechanism, albeit operatinyasious
levels, to describe the components of decision ngaki
Validation of this mechanism, then, becomes comaurr
support for each of the component models. Tabladwvs
how the different component models are mapped @&to
common (Markov process) architecture as depicted

Figure 1.

Comparison to utility models The key property that sets
the computational approach apart from utility meded
acknowledgement of the decision process, rather sbéely
the decision outcome. Where utility models may bke @0
specify a static preference ordering among a septbns,
DFT postulates a specific model of the dynamictahtion

predictions regarding deliberation time. This akotheory
verification that is not possible with static, canee-oriented
utility equations that fail to specify how choicedate to
deliberation time.
One benefit from using the computational approach
outlined above is that it can, in fact, also enmailexpected
utility models. In the limit, as the decision thnefd
iincreases, the predictions of the Markov model cidi
with those of expected utility,

assuming the proper

definition of the parameters of (using Equation 1).

Furthermore, lowering the threshold can be condtag a
move to more “heuristic” processing, allowing thearov
model to mimic predictions from simpler models asl\cf.
Lee & Cummins, 2004). In this sense, the Markov etasl

a more general model that subsumes other approashes
special cases

process that (effectively) produces this ordering.
Markov Choice model (DFT) Evaluation model Weighting model Value response model
component
Busemeyer & Busemeyer, Townsend, &  Johnson & Busemeyer  Johnson & Busemeyer
Townsend (1993) Sout (2002) (2005b) (2005a)
Initial state Initial relative Current need state Probability of initial Probability of first
distribution preference across (differences in attained  attention to each considering each
options and desired levels) outcome candidate value
System States of relative Motivational tendencies Attention to each Currently considered
states preference for each towards each outcome  outcome value
option
Transition  Probability of Changes in need state duérobability of shifting  Probability of
matrix increasing preference to changes in attainment attention to each other considering each
for each option outcome or dwelling on subsequent candidate
current outcome value
Driving Momentary attention Evaluation of objective  Shifting attention to Comparison of
force to specific values relative to current produce momentary  candidate values to
evaluations need state focus target option (via
choice model)
Absorption  Correspond to Correspond to current Probability of Probability of reporting
states sufficient (threshold) levels of motivation incorporating each candidate value
preference for an towards each outcome  associated outcome
option into preference state
Output Choice of option Motivational values Decision weights feed Reported values

(evaluations) feed into
choice model

into choice model

Table 1: Markov models of decision making composent



task, to which a third option C is then added.n& ®f the

Applications original options (A) transparently dominates thalidnal

ption (C), then this original option (A) is prefed in the

ernary choice set. However, if the additional opt{C) is

similar to, but not dominated by, the same origiogtion

(A), then the alternative option (B) is preferred the
ternary set.

Note that inconsistencies in this case are not tivdyone
option is preferred in the ternary set (althougvats not in
the binary set), but also the preferred option gkearbased
on the properties of the additional option. Bothtbése
results contradict entire classes of algebraigtyitihodels.
Roe et al. (2001) show how DFT accounts for theseilts
through competitive feedback incorporated in the
multialternative extension of the valence differen¥.
Other empirically-observed context effects that ehdeen
explained using the computational models outlinedeh
include loss aversion (see Johnson & Busemeyer5t900
gnd endowment effects (see Busemeyer & Johnsod,)200

Beyond characteristics of the stimulus set, decanfes

We have provided a survey of a comprehensiv
computational approach to modeling decision makKirgs
approach offers benefits over algebraic utility misdin
terms of the scope of predictions that can be mhttee
importantly, this approach should provide a goocbaat of
empirical data on human decision making. It is tmeg to
be able to make novel predictions, but it is gtilperative to
determine how accurate these predictions are. mddels
reviewed above have been applied to a humber udtgins
that have challenged traditional utility models d#cision
making. Our goal here is not to provide an exhaasti
review of these applications. However, by summagzi
some of the successes of the computational appraaeh
can see that it is a viable and superior alteraativ utility
models in capturing many robust empirical trends.

First, we consider some “basic” properties thatnsde
characterize human decision behavior. Many of thes

roperties serve as a sort of collective litmus fiasjudgin ; .
Fnogels of preferential decision making (seeJ Riges',i?am research have shown how the task itself (i.e. mespo

Busemeyer, and Mellers, 2005). For example, assiate methpd) can also produce inconsistencies in _p_mtﬁere
Pr[Choose A | {A, B}] > 0.50 %A* and Pr{Choose B | {B, orderings. Johnson and Busemeyer (2005a) revieipusr

_ ; : instances of how changes in the response moder riitan
C}] > 0.50 = B*. One basic propertystrong stochastic Ins . . .

transitivity (a probabilistic extension of transitivity), chafractenshcsdof thFe task |tse||f, can produc_eng?a In
requires PrfChoose A | {A, C}] > ma&f, B¥]. Empirically pr(.atr(]arens[:e' Orders. i or examF e, g|ve2 a pair_of bjasn
this property is violated, but DFT predicts thesalations (with certain properties), people may choose ormabga in

(Busemeyer & Townsend, 1993). A second propertya forced choice,_ but agsign a higher price to anothlso,
stochastic dominance, occurs when the cumulative density people may assign a higher buying price to one éarhint

; ; . higher selling price to another. Johnson and Beger
function for one option wholly exceeds another optiif a . -
Prix > x | A] > Prx > x | B] for allx then A stochastically (2005a) not only explain why utility models (andhet
dominates B. In experimental settings where padicis approaches) cannot account for a wide range ofethes
choose (hontransparently) stochastically dominafgibns, phenomena, but show how the computational response

N . I model above can.
:,?§|avt\€glr?shwghrrggieé%rgg;r%eei/gyelz%rggbt)hat gen € The models described herein can also make novel

The weighting model also correctly predicts certainper'Ct;msD""I?T(_)ut th? _dynatnr:ms |nbdetC|st|or(1j bifha\t;ﬁnt]r
changes in preference across situations that shbeld gx?énp et" i ex%ams e rg ust tra eg T edween
mathematically equivalent according to standardityiti eliberation time and accuracy (Busemeyer owasen

models (see Johnson & Busemeyer, 2005b, for detail1:993)' Some; O.f the effects_ aboye are strengthemred 0
regarding the following examples). ~Consider “event attenuated with increased deliberation time as,veslbther

splitting” effects, where preferences change when aapplication of the models (e.g., Roe, et al, 2aDiederich,

outcome is decomposed into equivalent constituen?ooe’)' These models can also help understand tigetésm

Lo : dynamics in decision behavior. Johnson and Busemeye
outcomes (e.g., a 10% chance of winning $20 is tcoed ; Do
as a 5% cgagce of winning $20 and anogtlher 5% chahce (2005c) have incorporated feedback_ from one tmab i
winning $20). Even simply adding a common outcome t model parameters for subsequent trials to expléfiects

. : such as the emergence of routine behavior. Furibresm
two options (common consequence effects) or myltigl . ’
outcomes of two options by a common value (comnadio r Johnson and Busemeyer (2001) detail how DFT caoustc

effect) can induce changes in preference orderiAgain, for dynamic inconsistency in choice behavior (ichanges

these phenomena are emergent behaviors of tH(?epreference as a function of delay between that paf

computational weighting model, but cannot be exwldiby CiISi?R and out(t:otme rIe?Iization).kB:[usem(Iayer,.e((ﬁQDZl)
traditional utility models. apply the computational framework to explain mdiivaa

An abundance of research has also shown differerﬂynamiCS driven by need and satiation that have beend

context effects on decision making. Broadly spegkihis experimentally.
means that changes in the context of the decistaat®n . . . .
can result in changes in preferences. Simple métipos Parameter estimation and interpretation

of context are achieved by adding options to aahsiet =~ One may criticize the computational models presknte
and measuring choice probabilities. Depending oe thhere on a number of grounds. First, one may arfgatethese
attributes of the additional option, preferencesomagnthe models are too complex for practical applicationredated
first two options are inconsistent. For examplesuase two  conjecture is that the models are complex in aorinétion-
options A and B are equally preferred in a binanpice  theoretic sense, and that is the reason they deet@inake



such extensive predictions. In reality, these m®odeintain  superiority over competing models, the applications
relatively few free parameters. Furthermore, in thereviewed here indicate remarkable initial success.
applications described above, these parameters wseialy
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