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Abstract The common-ratio, common-consequence, refle-
ction, and event-splitting effects are some of the best-known
findings in decision-making research. They represent robust
violations of expected utility theory, and together form
a benchmark against which descriptive theories of risky
choice are tested. These effects are not currently predicted
by sequential sampling models of risky choice, such as
decision field theory (Busemeyer & Townsend, Psycholog-
ical Review, 100(3), 432–459, 1993). This paper, however,
shows that a minor extension to decision field theory, which
allows for stochastic error in event sampling, can provide
a parsimonious, cognitively plausible explanation for these
effects. Moreover, these effects are guaranteed to emerge
for a large range of parameter values, including best-fit
parameters obtained from preexisting choice data.

Keywords Decision-making · Sequential sampling · Risky
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Introduction

Theories of sequential sampling and accumulation present
one of the most successful approaches to studying decision-
making. These theories predict behavior across a number
of different psychological domains, using cognitive mecha-
nisms that are biologically plausible and are also, in many
cases, sophisticated enough to implement optimal speed-
accuracy tradeoffs (see e.g., Bogacz, 2007; Gold & Shadlen,
2007; Ratcliff & Smith, 2004). Decision field theory (DFT)
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has applied the sequential sampling approach to modeling
risky preferential choice (Busemeyer & Townsend, 1993).
In DFT, the available gambles are represented in terms
of the rewards they provide to the decision-maker contin-
gent on the occurrence of uncertain events. At each time
step in the decision process, a feasible event is attended to
probabilistically, with attention probability determined by
the probability of the event. The outcomes of each of the
available gambles, generated by the event, are subsequently
evaluated, and accumulated into dynamic variables repre-
senting relative preferences. This process is repeated over
time, until the relative preference for a gamble crosses a
threshold value.

By using the sequential sampling approach to model
risky decision-making, DFT is able to explain key findings
involving decision times, time pressure and speed-accuracy
tradeoffs, as well as violations of independence between
alternatives and serial position effects on preference
(Busemeyer & Townsend, 1993; Busemeyer & Diederich,
2002; Dror, Basola, & Busemeyer, 1999). Sequential sam-
pling also allows DFT to capture violations of stochastic
dominance with choices involving negatively correlated
gambles, that is, gambles that offer divergent outcomes for
the same event (Diederich & Busemeyer, 1999; Busemeyer
& Townsend, 1993). Finally, extensions to DFT allow it to
accommodate a number of behaviors pertaining to gamble
pricing and related preference elicitation methods (Johnson
& Busemeyer, 2005).

These descriptive benefits are offset by DFT’s inabil-
ity to account for well-known paradoxes of risky choice.
These paradoxes, such as the common-ratio, common-
consequence, reflection, and event-splitting effects, are
some of the best-known and most studied findings on risky
and uncertain decision-making. The common-consequence
and common-ratio effects have, for example, been seen as
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providing strong evidence against expected utility theory
since Allais (1953). Both of these effects (as well as their
reversal with the reflection effect) feature prominently in
Kahneman and Tversky’s seminal prospect theory paper1

(Kahneman & Tversky, 1979), as well as in more recent
theory papers on risky choice (Brandstätter, Gigerenzer, &
Hertwig, 2006; Loomes, 2010; Loomes & Sugden, 1982;
Machina, 1987; Mukherjee, 2010). Likewise event-splitting
effects are now seen as providing strong evidence against
prospect theory, and critics of prospect theory have used its
inability to account for event-splitting effects to motivate
newer descriptive theories of risky choice (see Birnbaum,
2008 for a discussion).

DFT’s difficulty in explaining these paradoxes is due to
the strong restrictions it imposes on the decision process.
Unlike generalized utility models, which admit any uncon-
strained combination of non-linear probability weighting
functions and non-linear utility functions, DFT assumes a
fairly strict sequence of cognitive operations, with flexibility
only in stochastic event attention, and the linear dynamics
of preference accumulation. Common explanations for risky
choice paradoxes, such as cumulative prospect theory’s
(CPT) outcome-rank based probability weighting (Tversky
& Kahneman, 1992), are not easily accommodated within
the sequential sampling and accumulation framework.

The goal of this paper is to explain these important
risky paradoxes within the set of restrictions imposed by
the sequential sampling and accumulation framework. Par-
ticularly, this paper presents a minor extension to decision
field theory, which allows for stochastic errors in event
attention. In the proposed model, attention probabilities are
described by a mixture distribution. With some probability
π , the decision-maker attends to events with probabili-
ties equal to the events’ occurrence probabilities. However,
with some probability 1 − π , the decision-maker gets dis-
tracted, and attends to events at random (that is, uniformly).
For sufficiently high distraction probabilities, the proposed
extension to decision field theory is able to generate the
common-ratio effect, the common-consequence effect, the
reflection effect, and event-splitting effects, thereby captur-
ing four of the most important paradoxes of risky choice.

Explaining these paradoxes using DFT has a number
of benefits. Firstly, it allows for some of the most stud-
ied findings in risky choice to be accommodated within the
sequential sampling and accumulation framework, a frame-
work that forms the basis of much theoretical inquiry on
decision-making in psychology and neuroscience. Modify-
ing DFT to explain these paradoxes can also be used to
identify incorrect assumptions within DFT itself. Indeed this

1Indeed these effects are the main probability based paradoxes in
Kahneman and Tversky (1979). The other paradoxes discussed in
their paper pertain to either valuation or the evaluation of multi-stage
gambles.

paper finds that allowing for the possibility of distraction
not only explains highly specific paradoxes but also gener-
ates a significantly better quantitative fit to choice data over
randomly generated gambles, compared to DFT without dis-
traction. Finally, using DFT to explain risky paradoxes is
useful for understanding the cognitive determinants of these
behaviors. While alternate behavioral theories are equally
powerful in describing choice, the mathematical manipu-
lations stipulated by these theories are often too complex
to be psychologically realistic. In contrast, the proposed
model shows that probabilistic distraction, when added to a
simple sequence of cognitive steps already known to be at
play in decision-making, is sufficient to explain the many
paradoxes of risky choice.

Model

Sequential sampling

The standard sequential sampling model presents decision-
making as a dynamic, stochastic process, in which infor-
mation regarding the responses in consideration is sampled
probabilistically, and aggregated over time into one or more
decision variables. These decision variables represent the
relative support for the available responses, and decisions
are made when one of these variables exceeds a threshold
value. The dynamics of these variables can be formalized
using random walks and diffusion processes, and sequen-
tial sampling models are able to make formal predictions
regarding a number of different outcomes of the decision
task, including choice probabilities, decision times, and
post-choice confidence levels (Brown & Heathcote,2005;
Busemeyer & Townsend, 1993; Laming, 1968; Pleskac &
Busemeyer, 2010; Ratcliff, 1978; Ratcliff & Smith, 2004;
Usher & McClelland, 2001; Wagenmakers, Van der Maas,
& Grasman, 2007).

Accumulation processes involving one decision vari-
able with two thresholds, or two perfectly and negatively
correlated variables with one threshold each, are able to
instantiate optimal speed–accuracy tradeoffs for a variety
of sequential hypothesis tests (Bogacz, Brown, & Moehlis,
2006; Laming, 1968). Sequential sampling models also pro-
vide a biologically inspired approach to studying decision-
making: accumulation to threshold is a basic feature of
individual neurons and neural networks, and computa-
tions corresponding to sequential information accumulation
have been observed in human and animal brains (Gold &
Shadlen, 2007).

Due to these desirable mathematical, statistical, and bio-
logical properties, the sequential sampling and accumula-
tion framework has been applied across a variety domains
within psychology and neuroscience (Bogacz, 2007;
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Gold & Shadlen, 2007). This framework has also been used
to generate a number of unique insights with regards to pref-
erential choice.2 When applied to this domain, sequential
sampling models can explain behavioral findings as diverse
as context dependence, reference dependence, response
time effects, and speed–accuracy tradeoffs (Bhatia, 2013;
Busemeyer & Townsend, 1993; Diederich, 1997, 2003;
Johnson & Busemeyer, 2005; Krajbich, Armel, & Rangel,
2010; Roe, Busemeyer, & Townsend, 2001; Tsetsos, Chater,
& Usher, 2012; Usher & McClelland, 2004).

Decision field theory

One of the earliest models of sequential sampling and accu-
mulation in preferential choice is titled decision field theory
(DFT). DFT is a theory of choice in risky and uncertain
environments. Choice options, or gambles, within these
environments are represented in terms of outcomes, con-
tingent on probabilistic events, and decision-makers are
required to select the gambles that they find most desirable.
An example of a problem in this domain would involve the
choice between a gamble in which the decision-maker wins
$10 in the event that a coin flip lands heads and loses $10 in
the event that a coin flip lands tails, and a gamble in which
the decision-maker wins $5 in the event that a coin flip lands
heads and loses $5 in the event that a coin flip lands tails.
A more general setting would involve the choice between
gambles x and y, yielding outcomes x1 and y1 in the event
e1, outcomes x2 and y2 in the event e2, and so on. If there
are N possible events, then we can write the probability of
each event i as pi > 0, with

∑N
i=1 pi = 1.

As in most other theoretical approaches to studying risky
choice, the outcomes generated by a gamble are assumed to
have a utility value. This is generally given by a function
U(·), which maps a real-valued outcome (such as monetary
payoff) onto a real-valued utility. We can write the vector
of outcome utilities of x and y, generated by the N possible
events, as Ux and Uy , respectively. With this notation, x has
an expected utility of p ·UT

x and y has an expected utility of
p · UT

y .
Axiomatic decision theory generally assumes that the

preference for a gamble can be described by its expected
utility (Savage, 1954; von Neumann & Morgenstern, 1944).
Common behavioral approaches to modeling risky choice,
such as cumulative prospect theory, extend this approach by
assuming that the weights on outcome utility are given by a
nonlinear probability weighting function, which transforms
probabilities based on their magnitudes and the relative

2Note that sequential sampling models of preferential choice differ
from related decision by sampling models (see e.g., Stewart, Chater,
& Brown, 2006). Decision by sampling models assume that decision-
makers sample past experiences from memory and perform ordinal
comparisons with these experiences during the deliberation process.

ranks of the outcomes they are associated with (Tversky
& Kahneman, 1992). These approaches are both determin-
istic, as preference is described by a nonrandom variable,
and static, as preference does not change across time. DFT
in contrast is probabilistic and dynamic. It assumes that
decision-makers attend to each event stochastically and
sequentially, and accumulate utility differences between the
outcomes of the available gambles for that event, into a
relative preference variable. Relative preference changes
stochastically over time, and choices are made when the
relative preference variable crosses a threshold value.

More formally, DFT posits a stochastic weight vector
w(t) = [w1(t), w2(t), ..., wN(t)], which, for j �= i, is
generally assumed to be described by the distribution:

Pr[wi(t) = 1 & wj (t) = 0] = pi (1)

Note that w(t) is independent and identically distributed
over time. We can thus write the expected weight vector at
any time t as W = p.

At time t , the weight vector is multiplied by a vector of
utility differences U = Ux − Uy , and added to the relative
preference for x over y at t − 1, P(t − 1). This gives the
relative preference for x over y at t , P(t), written as:

P(t) = P(t − 1)+ w(t) · UT (2)

The decision is generally assumed to begin with P(0) =
0, and terminate when P(t) crosses either an upper thresh-
old θ > 0 or a lower threshold −θ < 0. If the upper
threshold is crossed, then option x is selected, and if the
lower threshold is crossed, then option y is selected. Addi-
tionally, the time to cross the threshold is equal to the
decision time.

As an example of the decision process, consider a choice
between a gamble x in which the decision-maker wins $10
in the event that a coin flip lands heads and loses $10 in the
event that a coin flip lands tails, and a gamble y in which
the decision-maker wins $5 in the event that a coin flip
lands heads and loses $5 in the event that a coin flip lands
tails. In deliberating between these gambles, the decision-
maker would attend to the two possible events, the coin
landing heads and the coin landing tails, sequentially. As
these events are equally likely, each event would be sam-
pled with the same probability. If heads is sampled, then
the decision-maker’s relative preferences for x over y, P(t),
would change by U(10) − U(5). If tails is sampled, then
P(t) would change by U(−10) − U(−5). This would con-
tinue until either the upper threshold θ or the lower threshold
−θ is crossed, that is until time t such that either P(t) > θ

or P(t) < −θ .
Additional assumptions are also imposed on this frame-

work (for psychological realism or mathematical tractabil-
ity). For example, preferences are assumed to accumulate
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imperfectly, with decay, and a zero mean normally dis-
tributed noise term is assumed to add to the preference
variable at each time period. The former assumption allows
for a more flexible (but linear) time dependency in prefer-
ence accumulation, whereas the latter assumption permits
sources of noise other than probabilistic attention. When
the above framework is combined with these assumptions,
DFT is able to provide a comprehensive explanation for
a range of behavioral findings not easily admissible by
static, deterministic models of risky choice. These find-
ings include violations of stochastic dominance caused by
correlations between gamble outcomes, violations of inde-
pendence caused by changes to gamble variance, serial posi-
tion effects on preference, observed relationships between
choice probability and decision time, and the observed
effects of time pressure on decision accuracy (Busemeyer &
Diederich, 2002; Busemeyer & Townsend, 1993; Diederich
& Busemeyer, 1999; Dror et al., 1999).

Sampling with distraction

While decision field theory has a number of valuable
descriptive and theoretical properties, it ultimately pro-
poses that the rate of accumulation is equal to the expected
difference in utility values of the two available options.
Particularly, the expected change in preferences at each
time period, E[P(t) − P(t − 1)] can simply be written as
W · UT = p · UT

x − p · UT
y . This implies that preferences

accumulate in favor of the gamble with the higher expected
utility. When thresholds are not too small or certain sim-
plifications regarding event sampling are made, this gamble
is the one that is most likely to be chosen.3 Subsequently,
altering gambles x and y in such a way that the order of
their expected utilities remains constant, does not change
the modal choice predicted by DFT. DFT with additional
assumptions, such as preference decay, generates a similar
prediction. Particularly, the expected change in preference
at time t , conditioned on P(t − 1), is an increasing linear
function of the expected utility difference between the avail-
able options. Thus, as with the model presented here, DFT
with preference decay predicts that the choice option with
the higher expected utility will be more likely to be chosen.

Considerable behavioral evidence does however sug-
gest that modal choices can change, even if the order
of expected utility does not. Altering outcome probabil-
ities, while keeping their relative ratios fixed, can affect
choices despite the fact that this change does not alter
the direction of the expected utility difference. A similar

3Expected utility does not necessarily determine modal choice when
the choice thresholds are very small, for the weight vector distribu-
tion described in Eq. 1. In this setting, the gamble that has the highest
outcome on the most likely event is the one that is selected most
frequently.

effect is observed when two identical, equally likely, out-
comes of the two gambles are replaced with two other
identical outcomes. Additionally, both these effects can be
reversed for negative gamble outcomes. Finally, altering the
presentation of the gambles by either joining or splitting
their component outcomes (without affecting their expected
utility) can affect modal choices. These findings, known
as common-ratio, common-consequence, reflection, and
event-splitting effects, provide strong evidence against the-
ories that use expected utility to describe choice (Birnbaum,
2008; Brandstätter et al., 2006; Kahneman & Tversky, 1979;
Loomes, 2010; Loomes & Sugden, 1982; Machina, 1987;
Mukherjee, 2010; Starmer, 2000). They also contradict the
predictions of decision field theory, as it has been formal-
ized and applied thus far (a more detailed discussion of these
findings will be provided in subsequent sections).4

We can avoid these problems by incorporating additional
variability into event sampling. Variability in accumula-
tion rates, starting points, and decision thresholds has been
used by numerous sequential sampling models to explain
response time and error/accuracy data in simple perceptual
and lexical decisions (see e.g., Ratcliff & Smith, 2004 for an
overview). With regards to risky preferential choice, we can
extend DFT by introducing variability, or stochastic error,
in event attention. Particularly, even though attention prob-
abilities should be equal to underlying event probabilities,
we can assume that decision-makers occasionally get dis-
tracted, and attend to possible events at random (with a
uniform probability). Attention can thus be described by a
mixture distribution, in which attention sampling is driven
by event probabilities, with some probability π , and deter-
mined by random, uniform sampling, with probability 1−π .
If we incorporate distraction into DFT, then for j �= i, we
can modify Eq. 1 to write the probability distribution of the
weight vector w(t) as:

Pr[wi(t) = 1 & wj (t) = 0] = π · pi + (1 − π) · di (3)

with di = 1
N

Here, i is some possible event, N is the total number
of possible events, and di is the uniform probability of
sampling event i if the decision-maker is distracted. The
probability of attending to impossible events is assumed to
be zero. Note again that w(t) is independent and identically
distributed over time. The expected weight vector at any
time t , is subsequently W = π · p + (1 − π) · d.

While we have assumed that di = 1/N—that is, distrac-
tion leads to uniform event sampling—this is by no means

4Note that DFT with small thresholds for the model described in Eq. 1,
can lead to gambles with lower expected utilities being selected more
frequently. Thus, the argument presented here does not directly transfer
to DFT more generally. That said, DFT with small thresholds itself
cannot explain the common-ratio, common-consequence, reflection, or
event-splitting effects.
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the only probabilistic specification of distraction that is
compatible with our approach. Distraction could, for exam-
ple, be driven by event salience or vividness, which in turn
would depend on the contextual cues provided during the
decision task (see e.g., Loewenstein, Weber, Hsee, & Welch,
2001), or event accessibility, which would depend on prior
experiences with the available gambles (see e.g., Gonzalez,
Lerch, & Lebiere, 2003). Decision-makers could also be
distracted towards events with especially high or low out-
comes, which would allow the model to approximate
the transfer of attention exchange (TAX) model (e.g.,
Birnbaum, 2008; Birnbaum & Chavez, 1997). That said,
uniform distraction seems to be a plausible and parsimo-
nious first step to understanding the dynamics of event
attention in DFT. Uniform distraction makes no assump-
tions about the decision environment or the decision-
maker’s past experiences, but is fully compatible with alter-
native approaches designed to model the effect of these
exogenous factors on risky behavior.

Overall distraction weakens the relatively strong assump-
tion that event attention is determined entirely by event
probability. If π = 1, then this assumption is satisfied and
we obtain the standard DFT model. However, if π < 1 then
event sampling is vulnerable to error. As π reduces, this
error increases, and at π = 0 event attention is completely
random, and every event is equally likely to be sampled.
In this paper we will refer to the DFT model with π = 1
as standard DFT, and to the extended DFT model, which
allows for π < 1 as distracted DFT.

Implications

Attention

Distraction can provide a simple explanation for the para-
doxes that are a key feature of risky choice behavior.
Although sampling errors are random in the sense that each
event is equally likely to be sampled when the decision-
maker is distracted, the effect of these errors is systematic.
The rate of accumulation when π < 1 is not equal to the
expected difference in utility values of the two available
options. Altering the ratio of event probabilities, replacing
identical outcomes, making outcomes negative, and splitting
or combining events, can all affect the rate, and more impor-
tantly, the direction of accumulation, and subsequently
reverse modal choice.

Distracted accumulation diverges from expected utility
difference due to event attention. Distraction distorts an
event’s attention probability away from its occurrence prob-
ability. As certain events are sampled more frequently under
distraction, the accumulation of preferences is also changed.
The specific effect of distraction on event attention, and
subsequently on preference accumulation, depends on the

events’ occurrence probabilities, p, and the total number of
events in the task at hand, N . Recall that the expected atten-
tion weight vector at any time is given by W = π ·p+ (1−
π) · d. This implies that Wi is determined by the weighted
combination of pi and di = 1/N . If pi < 1/N we get
Wi > pi for π < 1. In contrast, if pi > 1/N we get
Wi < pi for π < 1.

We can draw out two implications from this. Firstly,
unlikely events, with pi < 1/N , will benefit from distrac-
tion, and the outcomes that these events generate will be of
greater importance than would be justified by their occur-
rence probability. Intuitively, decision-makers are more
likely to get distracted away from high probability events
and attend to low probability events, than they are to do
the opposite. Secondly, keeping pi constant, increasing the
total number of possible events will decrease the attention
to event i. Intuitively, when decision-makers are distracted,
they are less likely to attend to an event, if there are many
other possible events to attend to.

The first of these implications can be interpreted as a
form of probability weighting, one which resembles cumu-
lative prospect theory’s overweighting of low probabili-
ties and underweighting of high probabilities (Tversky &
Kahneman, 1992). That said, there are many crucial dif-
ferences between the proposed distraction account of event
attention and CPT’s probability weighting function. For
example, CPT’s probability weighting function is insensi-
tive to the number of events or outcomes that are possible
for the available gambles. Allowing for additional outcomes
in a gamble while keeping both the probability of an out-
come j , and the cumulative probabilities of outcomes that
are more desirable and less desirable than j constant, does
not change the weight CPT places on j . In contrast, increas-
ing the total number of possible events (and subsequently
outcomes) necessarily reduces the attention probability of
event i in the proposed distraction model. This plays an
important role in allowing distracted decision field theory to
account for violations of CPT’s predictions, such as event-
splitting effects (Birnbaum, 2008). These violations will be
discussed in subsequent sections.

A related difference pertains to the fact that CPT gener-
ally overweighs (underweighs) probabilities below (above)
0.33,5 whereas DFT overweighs (underweighs) probabili-
ties below (above) 1/N , where N is the total number of
events possible in the choice at hand. This means that

5The specific probability values that are overweighted or under-
weighted in CPT can technically vary with the parameters of the
probability weighting function, however nearly all CPT probability
weighting functions adopt a probability cut-off of 0.33 (see e.g.,
Prelec, 1998; Tversky & Fox, 1995; Tversky & Kahneman, 1992; Wu
& Gonzalez, 1996)
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certain probabilities that would be overweighted by CPT
will be underweighted by DFT, and vice versa, and that CPT
and distracted DFT diverge in their behavioral predictions
in numerous settings.

Another crucial difference pertains to the fact that deci-
sion field theory involves the sampling of events and not
outcomes (see e.g., Busemeyer & Townsend, 1993). It is
the probabilities for these events that appear to be over-
weighted or underweighted by distraction. In contrast, CPT
probability weighting affects only outcome probabilities.
Subsequently, it its seldom the case that DFT and CPT dis-
tort the same probability values. This divergence allows
DFT to capture a number of behaviors not possible with
CPT, and additionally for these behaviors to be sensitive to
distraction and its implied probability distortion.

There is one difference between the two theories that
does not necessarily affect choice behavior. This pertains to
psychological plausibility. The probability weighting func-
tion imposed by CPT assumes that decision-makers rank
the outcomes of an available gamble, then, for an outcome
j , take two sets of cumulative probabilities for outcomes
that are superior to j and apply a sophisticated non-linear
transformation to these cumulative probabilities, before sub-
tracting one set of cumulative probabilities from the other,
to determine the probability weight applied to outcome j .
All outcomes across all available gambles are similarly
weighted, before being aggregated into a utility measure,
and the gamble with the highest weighted total outcome
utility is selected (Tversky & Kahneman, 1992). This is
not the easiest way to weigh probabilities, and it is likely
that decision-makers do not actually use this method while
deliberating between gambles. Distracted DFT in contrast
does not assume that decision-makers explicitly reweigh
probabilities. Rather, it merely imposes non-systematic
probabilistic error in event attention. This psychologically
realistic assumption generates behavior corresponding to
many of the best-known paradoxes in risky choice, behav-
ior that can in some sense be understood in terms of
biased probability weighting. Indeed, one interpretation of
this is that distracted DFT provides a psychological jus-
tification for the probability weighting biases observed in
decision-making research.

Note that the proposed account also resembles the trans-
fer of attention exchange (TAX) model (Birnbaum, 2008;
Birnbaum & Chavez, 1997). The TAX model assumes that
attention is directed not only towards high-probability out-
comes but also towards low-valued outcomes. This can
generate risk-aversion, loss-aversion, as well as many other
important phenomena in the domain of risky choice. While
the predictions of distracted DFT and the TAX model
converge in settings where low outcomes are generated
with a low probability, there are many important differ-
ences between the two theories. Firstly, as with cumulative

prospect theory, TAX assumes that gambles are evaluated
in terms of their outcomes, and that the various paradoxes
emerge from biased attention towards different types of out-
comes rather than biased attention towards different events.
DFT in contrast is an event based framework. Addition-
ally, the TAX model assumes that attentional biases are
systematic; that is, decision-makers explicitly direct their
attention to some types of outcomes and not to others. In
contrast, distraction in the proposed DFT model is not sys-
tematic. Every event is equally likely to be attended to when
the decision-maker is distracted, and attentional biases and
their associated paradoxes only emerge due to the complex
interplay between non-systematic distraction and underly-
ing event probabilities. Finally, the predictions of TAX and
distracted DFT diverge strongly when low outcomes are
not generated by low-probability events. In these settings,
TAX and distracted DFT would predict different attention
weights and subsequently different patterns of choice.

Behavior

What are the behavioral implications of distraction? In
binary choice, increased attention towards low-probability
events translates into an increased tendency to prefer the
gamble that offers high outcomes for these events. This
is often a risky gamble, and one effect of distraction is
increased risk taking in such settings. If distraction is espe-
cially strong, then this can dominate the risk-aversion gener-
ated by concave utility, and generate risk-seeking behavior.
Such behavior is often observed with lottery choices, where
gambles that offer highly unlikely but highly desirable
rewards are often chosen over certain payoffs with higher
expected value. Note that these tendencies reverse when
risky gambles offer highly negative (loss) outcomes for
low-probability events. In these settings, the risk-seeking
tendencies generated by concave utility in losses can be
dominated by distraction, and decision-makers can instead
display risk aversion.

Behaviorally, distraction can also generate changes in
choice probabilities when gambles are altered in ways that
do not affect their relative expected utility. The settings
in which these changes are especially interesting involve
the common-ratio, common-consequence, reflection, and
event-splitting effects. In the remainder of this paper, we
shall see how the behavioral implications of random dis-
traction can provide a parsimonious, cognitively plausible
explanation for these effects.

Testing fit: randomly generated gambles

Before we explore how probabilistic distraction explains
highly specific paradoxes, let us first test whether it is
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a reasonable assumption in more general decision-making
scenarios. Rieskamp (2008, study 2) presents a dataset of
choices on randomly generated gambles. These gambles
consist of 180 pairs of probabilistic outcomes involving
both gains and losses (with values between −100 and 100
in experimental money units), and choices involving these
gambles are elicited from 30 subjects. In this section, we
fit both standard DFT and DFT with distraction to these
choices, to examine whether distracted DFT provides a
better fit to the data than standard DFT.

As in Rieskamp (2008), we use a simplification of
decision field theory, which assumes that the change in
preference is normally distributed (see also Busemeyer &
Townsend, 1993, pg 439–440). According to this simplifi-
cation, the change in preference at time t is given by the
following modified version of Eq. 2.

P(t) = P(t − 1)+ δ + ε(t) (4)

In Eq. 4, δ is equal to the expected sampling utility dif-
ference between x and y. More specifically, we have δ =
W · UT , with W, the expected weight vector, derived from
Eqs. 1 and 3. ε is a normally distributed error term with
mean 0 and variance σ 2. σ 2, which is the variance of the
sampling utility difference is specified as σ 2 = σ 2

x +σ 2
y −2·

σxy . Here, σ 2
x is equal to the sampling variance of the utility

of x, written as
∑N

i=1 Wi · [U(xi) − W · UT
x ]2. σ 2

y is sim-
ilarly defined, and σxy is equal to the sampling covariance
between these two utilities,

∑N
i=1 Wi · [U(xi) − W · UT

x ] ·
[U(yi)−W·UT

y ]. Again, for σ 2
x , σ 2

y and σxy , W, the expected
weight vector, is derived from Eqs. 1 and 3. Preferences
are assumed to accumulate to a threshold θ . This threshold,
as in Rieskamp (2008), corresponds to θ∗/σ of the origi-
nal model of Busemeyer and Townsend (1993), so that it is
assumed that the decision-maker chooses a threshold θ∗ that
is proportional to σ .

With this simplified form, we are able to analytically rep-
resent the choice probabilities for options x and y for any
given threshold θ and any distraction probability 1−π . This
is given in Eq. 5 (which is taken from Eq. (3c) in Busemeyer
and Townsend (1993). Here, F is the logistic cumulative
distribution function, given by F(z) = 1/[1 + e−z]. Note
that this simplification retains the key features (such as the
rate of preference accumulation) of the model outlined in
the above section, while also permitting a closed form solu-
tion for choice probability and decision time. Such a deriva-
tion is very difficult without these simplifying assumptions
(but see Busemeyer & Diederich, 2002; Diederich, 1997).

Pr(x chosen) = F

[
2 · δ · θ

σ

]

(5)

We assume that the utility function is non-linear and that
it is described by a power function U(z) = zα for z ≥ 0 and
U(z) = −(−z)α for z < 0, with α constrained to the inter-
val (0,1). This is a common assumption in decision model-
ing and has frequently been used when fitting risky choice
data (e.g., Glöckner & Pachur, 2012; Nilsson, Rieskamp, &
Wagenmakers, 2011; Stott, 2006). For our purposes, allow-
ing for non-linear utility does not alter the relative fits of
standard DFT and distracted DFT to Rieskamp’s (2008)
choice data. Additionally, non-linear utility cannot by itself
provide an account for any of the risky paradoxes discussed
in this paper. Non-linear utility does, however, allow us to
use our fits to this data to make predictions regarding other
choice sets, which present decision-makers with outcomes
of much larger or much smaller magnitudes than the choices
used in Rieskamp (2008).

With our assumption of non-linear utility, fitting standard
DFT requires finding two parameters, θ and α, whereas fit-
ting distracted DFT requires finding three parameters, θ ,
α, and π . Subsequently, standard DFT is nested in dis-
tracted DFT, and can be obtained by setting π = 1 in
distracted DFT. We can thus determine whether distracted
DFT provides a better fit than standard DFT by using the
likelihood-ratio test, which tests whether allowing for π to
vary leads to a significantly better likelihood value. The
likelihood-ratio test statistic is written as D = −2 · [Ls −
Ld ], where Ls and Ld are the log-likelihoods of standard
DFT (π = 1) and distracted DFT (π flexible), respectively.
D is distributed Chi-squared with one degree of freedom,
corresponding to the one additional parameter in distracted
DFT.

We can also compare the fits of the models using
the Bayes information criterion (BIC). BIC asymptotically
approximates a transformation of the Bayesian posterior
probability of the candidate model, and in certain settings
comparing two models using BIC is equivalent to model
selection based on Bayes factor. The BIC for a model is for-
mally defined as BIC = −2 ∗ L + k · ln(n). Here, L is the
best-fit log-likelihood of the candidate model, k is the num-
ber of free parameters in the model, and n is the number
of observations the model is fit on. In model comparison,
models with lower BIC are considered to have a better
fit.

We fit standard DFT and distracted DFT to Rieskamp’s
(2008) choice data using maximum likelihood estimation.
Note that Rieskamp’s questions were represented in terms
of outcome probabilities, and not in terms of the event
probabilities underlying these outcome probabilities. DFT,
as described by Busemeyer and Townsend (1993) and as
outlined above, however, requires event probabilities. To
fit Rieskamp’s data, we thus transformed the gambles in
outcome space to equivalent gambles in event space, with
the assumption that the outcomes of the two gambles
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Table 1 Summary of group-level model fits to Rieskamp (2008)

θ α π L BIC

Standard DFT 0.89 0.85 [1] −3200.56 6418.30

Distracted DFT 1.45 0.82 0.75 −3072.51 6170.80

L corresponds to the best-fit log-likelihood of the model and BIC is
the Bayes information criterion value for this fit. Note that π = 1 is
fixed (and not-estimated) for standard DFT.

were independent.6 We fit both individual-level parameters
and group-level parameters (in which observations across
the 30 individuals were pooled together). In each fit we
searched the parameter space to find the parameters that
maximize the log-likelihood of the model on the data. This
was done using a brute force search, with θ changing in
increments of 0.05 in the interval [0,5], and α and π chang-
ing in increments of 0.01 in the interval [0,1]. The five best
parameter values for each search were then used as starting
points in an optimization routine using the simplex method.
The parameter values yielding the highest log-likelihood out
of these five simplex searches were considered the best-
fit parameter values, and their corresponding log-likelihood
was considered the best-fit log-likelihood value.

Our results indicate that distracted DFT does indeed pro-
vide a better fit to Rieskamp’s (2008) choice data than
standard DFT. Particularly group-level estimations yield a
best-fit log-likelihood value of −3, 072.51 for distracted
DFT compared to −3, 200.56 for standard DFT.7 This is a
significant difference using the likelihood-ratio test (p <

0.01). Additionally, the BIC value for distracted DFT is
6,170.80, and the BIC value for standard DFT is 6,418.30,
indicating a better fit for distracted DFT. The best-fit val-
ues of θ in standard DFT and distracted DFT are 0.89 and
1.45, respectively, the best-fit values of α in standard DFT
and distracted DFT are 0.85 and 0.82, respectively, and the
best-fit value of π in distracted DFT is 0.75. Note that we
have a best-fit π < 1 indicating that decision-makers do, on
average, get distracted during the decision process. Table 1
summarizes group-level fits for the two models.

6Hence the choice between a gamble x, which offers outcomes x1 and
x2 with equal probability, and a gamble y, which offers outcomes y1
and y2 with equal probability, would be represented as a choice involv-
ing four events: e1, in which outcomes x1 and y1 are realized; e2, in
which outcomes x2 and y1 are realized; e3, in which outcomes x1 and
y2 are realized; and e4, in which outcomes x2 and y2 are realized. For
the example presented here, each event ei would have an equal prob-
ability (0.25), however, more generally, the probability of an event
would be determined by multiplying the probabilities of its (indepen-
dent) component outcomes. Note that this modification does not alter
the expected utilities of the gambles in consideration.
7Both these values are significantly higher than −3, 742.50 (p <

0.01), which is the log-likelihood value generated by a model that pre-
dicts choices with an equal probability. This indicates that both models
provide a fairly good fit to the data.

In fitting individual-level parameters to the choice data,
we find that the choices of 19 out of the 30 subjects are bet-
ter fit by distracted DFT than by standard DFT using the
likelihood-ratio test. All these subjects have values of π that
are significantly less than one (p < 0.05), and can be con-
sidered to be distracted while making their decisions. For
the remaining 11 subjects, the fits of standard DFT and dis-
tracted DFT are similar, with the best-fit values of π not
being significantly different to one (p > 0.05). The best-fit
parameters of the subjects are displayed in Fig. 1. Sub-
jects who are better described by distracted DFT using the
likelihood-ratio test are represented by black squares, and
those that are not better described by distracted DFT are
represented by white circles.

Note that three of the 11 subjects that are not better fit
by distracted DFT have best-fit values of θ very close to
zero. These subjects seem to be choosing randomly, and thus
their fit to distracted DFT is not much better than their fit to
standard DFT (indeed their fit to both these DFT models is
quite weak). Out of the remaining eight subjects, half have a
better (but statistically insignificant) fit with distracted DFT
compared to standard DFT, with relatively large values of
D, and a significance level of p < 0.15, whereas the other
half are equally fit by standard and distracted DFT, and have
negligible values of D, accompanied by p > 0.5.

When using the Bayes information criterion we find that
15 of the 30 subjects are better fit with distracted DFT com-
pared to standard DFT. Overall, the median and average
BIC values across subjects for standard DFT are 211.94 and
206.30, whereas the median and average BIC values for dis-
tracted DFT are 193.71 and 197.71, indicating once again
that distracted DFT provides a better fit on the individual
level (as well as on the group level).

Explaining risky paradoxes

The above section shows that permitting distraction within
DFT, according to which decision-makers occasionally
attend to events at random (that is, uniformly), allows for
a better fit to choice data relative to DFT without dis-
traction. Beyond this, allowing for distraction weakens the
fairly strong assumption that event sampling probabilities
are equal to their actual occurrence probabilities, and that
the direction of accumulation, and subsequently the modal
choice, is determined entirely by the relative expected utili-
ties of the available options.

This can allow DFT to explain a number of risky
choice paradoxes, such as the common-consequence effect,
the common-ratio effect, the reflection effect, and event-
splitting effects. Scholars of risky and uncertain decision-
making have been studying these paradoxes for many
decades (Birnbaum, 2008; Brandstätter et al., 2006;
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Fig. 1 Best-fit parameters for
subjects in Rieskamp (2008).
Black squares represent
subjects for which distracted
DFT offers a significantly better
fit (p < 0.05), and white circles
represent subjects for which
distracted DFT does not offer a
significantly better fit
(p > 0.05), using the
likelihood-ratio test

Kahneman & Tversky, 1979; Loomes, 2010; Loomes &
Sugden, 1982; Machina, 1987; Mukherjee, 2010; Starmer,
2000). They provide important insights regarding devia-
tions from the main assumptions of decision theory (Savage,
1954; von Neumann & Morgenstern, 1944), and have been
used extensively to compare the descriptive validity of
different behavioral models of risky choice. In the simpli-
fication to standard DFT, introduced in section “Testing fit:
randomly generated gambles”, the option most likely to be
chosen in the absence of distraction is the one with the
highest expected utility. This is also the case for the more
complex model, introduced in section “Model”, as long as
thresholds are not very small. This means that altering a
choice problem while keeping the order of expected utilities
of the two gambles constant does not alter standard DFT’s
predicted modal choice. Risky paradoxes violate this prop-
erty, and are thus not admissible within standard DFT. DFT
with distraction, however, allows this property to be occa-
sionally violated, thereby permitting these paradoxes. The
remainder of this paper will discuss the precise mechanisms
underlying these violations, and will show that these risky
paradoxes are generated by distracted DFT for a very large
range of parameters (including the best-fit parameters from
the model fit in section “Testing fit: randomly generated
gambles”).

Expected utility theory

The risky choice paradoxes studied in this section are con-
sidered paradoxes because they violate the predictions of
expected utility theory (EUT). EUT, initially proposed by
von Neumann and Morgenstern (1944), is one of the most

elegant models of preferential choice. It assumes8 that gam-
bles are evaluated entirely in terms of their expected utility,
and that the gamble with the highest expected utility out
of the set of available gambles is the one that is selected.
The expected utility of a gamble x offering outcomes
(x1, x2, ... xM) with outcome probabilities (q1, q2, ... qM)

is written as U(x) =
M∑

j=1
qj · U(xj ).

More general approaches, such as Savage’s (1954) sub-
jective expected utility framework, present the available
gambles in terms of events instead of outcomes. Particu-
larly, a gamble (such as x) is described in terms of out-
comes (x1, x2, ... xN) contingent on events (e1, e2, ... eN ),
with (potentially subjective) event probabilities given by
(p1, p2, ... pN). As with EUT, these approaches also
assume that gambles are evaluated entirely in terms of
their expected utility, and that the gamble with the highest
expected utility out of the set of available gambles is the
one that is selected. The expected utility of a gamble, x, can

be written as U(x) =
N∑

i=1
pi · U(xi). If the outcomes gen-

erated by the available gambles, as described in the EUT
framework, are independent, then the expected utility in
the outcome-based EUT framework and the more general
event-based framework are identical, with one framework

8This paper will refer to expected utility as an assumption of expected
utility theory. It is important to note, however, that von Neumann and
Morgenstern (1944) do not begin with this assumption. Rather, they
show that an expected utility based representation can be derived from
a number of axioms regarding the choice behavior of the decision-
maker. Empirical results demonstrating violations of EUT, in most
cases, indicate violations of these axioms.



1104 Psychon Bull Rev (2014) 21:1095–1111

translating easily into the other. For example, two inde-
pendent gambles, x and y, offering outcomes (x1, x2) with
outcome probabilities (q1, q2) and outcomes (y1, y2) with
outcome probabilities (r1, r2), can be equivalently be seen
as offering outcomes (x1, x2, x1, x2) and (y1, y1, y2, y2)

with event probabilities (q1 · r1, q2 · r1, q1 · r2, q2 · r2). Note
that DFT is an event-based framework, but many of the
paradoxes discussed in this paper (which have been formu-
lated in response to EUT) present the available gambles in
terms of independent outcomes. We will thus be transform-
ing across the two gamble representations quite frequently
for the remainder of the paper.

EUT and related expected utility-based frameworks are
mathematically very tractable, and are thus the most com-
monly used risky decision models in economics and related
social sciences (see Mas-Colell, Whinston, & Green, 1995
for an overview of applications). These frameworks are
also derived from very reasonable axioms about individual
choice, and are thus considered to be models of ratio-
nal decision-making. Individual behavior does, however,
violate many of the predictions of expected utility max-
imization. Studying these violations yields a number of
insights regarding the psychological processes underlying
decision-making, and accounting for these violations is an
important challenge for any cognitive model of risky choice.

Common-ratio effect

According to EUT, the utilities of the available outcomes
are weighted by the probabilities of these outcomes, and
added into an expected utility measure which determines
choice. Subsequently, changing outcome probabilities while
preserving their relative ratios should not alter the relative
expected utility of the available gambles, and thus should
not affect choice. This property also holds for other mod-
els, such as standard DFT, for which modal choice is often
predicted by expected utility. According to standard DFT,
altering outcome probabilities while maintaining their rel-
ative ratios would not affect the direction of accumulation,
and modal choices will be the same for all gamble sets with
the same outcome probability ratios.

As an example of this property, consider the decision
between a gamble x that offers a gain of $3,000 with cer-
tainty, and a gamble y that offers a gain of $4,000 with
probability 0.8, and a gain of $0 otherwise. If x is chosen
over y, then EUT and standard DFT predict that the gam-
ble x ′ that offers a gain of $3,000 with probability 0.25 and
a gain of $0 otherwise, should be chosen over the gam-
ble y ′ that offers a gain of $4,000 with probability 0.2 and
a gain of $0 otherwise. This is because x ′ and y ′ have
identical outcomes to x and y, and also have probabilities
with a common-ratio to x and y (as 1/0.8 = 0.25/0.2).
The opposite of this prediction is, however, observed

empirically. Using the above gamble pairs, Kahneman and
Tversky (1979) found that 80 % of respondents chose x over
y, but only 35 % of respondents chose x ′ over y ′.

Distracted DFT can explain this choice pattern. Because
of distraction, altering outcome probabilities while main-
taining their relative ratios can affect the direction of accu-
mulation and subsequently reverse modal choice. Decision-
makers, according to DFT, would represent the choice
between x and y in terms of two possible events:9 gamble x
giving $3,000 and gamble y giving $4,000, with event prob-
ability 0.8, and gamble x giving $3,000 and gamble y giving
$0, with event probability 0.2 (an event involving gamble x

giving $0 would not be considered, as this event is impos-
sible). The decision-maker would focus mostly on the first
event, as it has a higher probability. However due to distrac-
tion, the second event would be sampled more than 20 %
of the time. Overall if distraction is strong enough, the high
outcome difference caused by the second event would be
sufficient to generate a higher choice probability for x.

This would not necessarily be the case for the choice
between x ′ and y ′. This choice would be represented in
terms of four events: gamble x ′ giving $3,000 and gamble y ′
giving $4,000, with event probability 0.05, gamble x ′ giv-
ing $3,000 and gamble y ′ giving $0, with event probability
0.2, gamble x ′ giving $0 and gamble y ′ giving $4,000, with
event probability 0.15, and gamble x ′ giving $0 and gam-
ble y ′ giving $0, with event probability 0.6. Now distraction
ensures that the fourth event is sampled less frequently
than its occurrence probability, and that the three remaining
events are sampled more frequently than their occurrence
probability. Out of these three events, two (i.e., event one
and event three) yield higher outcomes for gamble y ′ com-
pared to gamble x ′. If distraction is strong enough, then
the outcome differences caused by these events would be
sufficient to generate a higher choice probability for y ′.

Indeed we can show that for the gamble pairs presented
here, group-level distracted DFT parameters estimated on
Rieskamp (2008) data would generate a modal choice for
x from the gamble pair consisting of x and y, and a
modal choice of y ′ from the gamble pair consisting of
x ′ and y ′. This would not be the case were we to con-
strain π = 1, as with standard DFT. We obtain similar
results with individual-level fits on Rieskamp’s data. Par-
ticularly, we can show that 19 of the 30 individuals from
Rieskamp’s experiment, fit using distracted DFT, generate a
modal choice for x from the gamble pair consisting of x and
y, and a modal choice of y ′ from the gamble pair consisting
of x ′ and y ′. None of the these individuals can generate this
pattern of choice when fit using standard DFT.

9Again note that two independent gambles presented in outcome for-
mat can be transformed into event format by multiplying each pair of
their outcome probabilities with each other to obtain corresponding
event probabilities.
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Common-consequence effect

Another violation of expected utility theory is known as
the common-consequence effect. EUT assumes that choice
options with the highest expected utility are selected. As
expected utility is calculated by weighing and adding out-
come magnitudes, common outcomes, which occur with
the same probability across all gambles, should be ignored.
Changing these outcomes does not change the expected util-
ity differences between gambles, and thus can not affect
choice. This property also holds for other models, such
as standard DFT, for which choice is often predicted by
expected utility. According to standard DFT, altering com-
mon outcomes would not affect the direction of accumula-
tion, or subsequently modal choice.

As an example of this property, consider the decision
between a gamble x that offers a gain of $2,400 with cer-
tainty, and a gamble y that offers a gain of $2,500 with
probability 0.33, a gain of $2,400 with probability 0.66, and
a gain of $0 otherwise. Note that x can be seen as offer-
ing $2,400 with probability 0.34 and also offering $2,400
with probability 0.66. Hence getting $2,400 with probabil-
ity 0.66 is a common consequence of the two gambles. EUT
and standard DFT predict that this consequence should not
affect modal choice. Replacing $2,400 with another out-
come, such as $0, so as to generate a different common
consequence should not change the decision-maker’s pref-
erences. Hence if x is chosen over y in the above example,
it should also be the case that the gamble x ′ offering a
gain of $2,400 with probability 0.34 and a gain of $0 oth-
erwise, should be chosen over the gamble y ′ offering a gain
of $2,500 with probability 0.33 and a gain of $0 otherwise.
This however is not what is observed. Using the above gam-
ble pairs, Kahneman and Tversky (1979) found that 82 % of
respondents chose x over y, but only 17 % of respondents
chose x ′ over y ′.

Can distracted DFT explain this? Yes it can. Because
of event based distraction, altering common outcomes
can affect the direction of accumulation and subsequently
reverse modal choice. Decision-makers, according to DFT,
would represent the choice between x and y in terms of
three possible events: gamble x giving $2,400 and gamble y
giving $2,500, with event probability 0.33, gamble x giving
$2,400 and gamble y giving $2,400, with event probability
0.66, and gamble x giving $2,400 and gamble y giving $0,
with event probability 0.01 (an event involving gamble x

giving $0 would not be considered as this event is impossi-
ble). The decision-maker would focus mostly on the second
event, as it has a higher probability. However due to dis-
traction, the third event would be sampled more than 1 %
of the time (distraction will not affect attention to the first
event for which pi = 1/N = 1/3). Overall, if distraction is
strong enough, the high outcome difference caused by the

third event would be sufficient to generate a higher choice
probability for x.

This would not necessarily be the case for the choice
between x ′ and y ′. This choice would be represented in
terms of four events: gamble x ′ giving $2,400 and gam-
ble y ′ giving $2,500, with event probability 0.11, gamble
x ′ giving $2,400 and gamble y ′ giving $0, with event prob-
ability 0.23, gamble x ′ giving $0 and gamble y ′ giving
$2,500, with event probability 0.22, and gamble x ′ giving $0
and gamble y ′ giving $0, with event probability 0.44. Now
distraction ensures that the fourth event is sampled less fre-
quently than its occurrence probability, and that the three
remaining events are sampled more frequently than their
occurrence probability. Out of these three events, two (i.e.,
event one and event three) yield higher outcomes for gam-
ble y ′ compared to gamble x ′. If distraction is strong enough
then the outcome differences caused by these events would
be sufficient to generate a higher choice probability for y ′.

Indeed we can show that for the gamble pairs presented
here, group-level distracted DFT parameters estimated on
Rieskamp’s (2008) data would generate a modal choice
for x from the gamble pair consisting of x and y, and
a modal choice of y ′ from the gamble pair consisting of
x ′ and y ′. This would not be the case were we to con-
strain π = 1, as with standard DFT. We obtain similar
results with individual-level fits on Rieskamp’s data. Par-
ticularly, we can show that 22 of the 30 individuals from
Rieskamp’s experiment, fit using distracted DFT, generate a
modal choice for x from the gamble pair consisting of x and
y, and a modal choice of y ′ from the gamble pair consisting
of x ′ and y ′. None of the these individuals can generate this
pattern of choice when fit using standard DFT.

Reflection effect

The common-ratio and common-consequence effects are
the best known violations of expected utility theory’s pre-
dictions, and have been studied in numerous experimental
settings. Although these effects are extremely robust for
gambles consisting of positive outcomes, or gains, they have
been shown to reverse with gambles consisting of negative
outcomes, or losses.

Consider, for example, the decision between a gamble x

that offers a loss of $3,000 with certainty, and a gamble y

that offers a loss of $4,000 with probability 0.8, and a loss
of $0 otherwise, and the parallel decision between a gam-
ble x ′ that offers a loss of $3,000 with probability 0.25 and
a loss of $0 otherwise, and a gamble y ′ that offers a loss of
$4,000 with probability 0.2 and a loss of $0 otherwise. Kah-
neman and Tversky (1979) find that 92 % of respondents
chose y over x, but only 42 % of respondents chose y ′ over
x ′, indicating a violation of both expected utility theory and
standard DFT. Note that these gambles are mirror images of
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the common-ratio gambles described above, for which Kah-
neman and Tversky (1979) have found the opposite modal
choice pattern.

Although not studied in Kahneman and Tversky (1979),
similar results also hold for the common-consequence
effect. Using a different set of gambles Weber (2007) has
shown that the common-consequence effect reverses when
the gambles are reflected around the origin. Thus, with the
gamble sets described above, these results suggest that a
gamble y that offers a loss of $2,500 with probability 0.33,
a loss of $2,400 with probability 0.66, and a loss of $0 oth-
erwise would be, on average, selected over a gamble, x that
offers a loss of $2,400 with certainty, but that a gamble x ′
offering a loss of $2,400 with probability 0.34 and a loss
of $0 otherwise, should be chosen over the gamble y ′ offer-
ing a loss of $2,500 with probability 0.33 and a loss of $0
otherwise.

Both these sets of results are generated by distracted
DFT. According to distracted DFT, the common-ratio and
common-consequence effects are caused by distraction,
which affects the sampling of the events involved in the
available gambles. Reversing the sign of the outcomes gen-
erated by these events does not affect these attentional
biases; it merely reverses the direction that the accumulat-
ing preference moves when these events are sampled. Thus
a preference for a gamble x over a gamble y, when the out-
comes are positive, can be reversed by making the outcomes
of these gambles negative.

Indeed we can show that for both the common-ratio
and the common-consequence reflection effects, group-
level distracted DFT parameters estimated on Rieskamp’s
(2008) data would generate a modal choice for y from the
gamble pair consisting of x and y, and a modal choice of
x ′ from the gamble pair consisting of x ′ and y ′. This would
not be the case were we to constrain π = 1, as with stan-
dard DFT. We obtain similar results with individual-level
fits on Rieskamp’s data. For these individual-level fits, the
same subjects that generated the standard common-ratio
and common-consequence effects, would also generate their
reversals with the reflection effect.

Event-splitting effect

A final paradox discussed in this paper is known as
the event-splitting effect. As with the common-ratio and
common-consequence effects, this effect demonstrates vio-
lations of the additive probability weighting assumption,
which is the defining characteristic of expected utility the-
ory. According to EUT, altering the presentation of a gamble
so that the probability of a single outcome is split, and that
outcome is represented as two equal outcomes (with the
cumulative probability equal to that of the outcome in the
initial presentation) should not affect the decision-maker’s

expected utility for the gamble, or, subsequently, the choice
between that gamble and other gambles. This property
also holds for other models, such as standard DFT, for
which modal choice is often predicted by expected utility.
According to standard DFT, splitting an outcome would not
affect the direction of accumulation, or subsequently modal
choice. Cumulative prospect theory (although it does not
assume expected utility) also predicts that event-splitting
should not have an effect on choice (Birnbaum, 2008).

Consider for example, the choice between a gamble x

that offers a gain of $100 with probability 0.85 and a gain
of $50 with probability 0.15, and a gamble y that offers a
gain of $100 with probability 0.95, and a gain of $7 with
probability 0.05. If choice is determined only by expected
utility, then splitting the $50 outcome in x to generate a new
gamble x ′ that offers a gain of $100 with probability 0.85
and a gain of $50 with probability 0.10, and another gain
of $50 with probability 0.05 should not affect the decision-
maker’s preferences. Likewise splitting the $100 outcome in
y to generate a new gamble y ′ that offers a gain of $100 with
probability 0.85, another gain of $100 with probability 0.10,
and a gain of $7 with probability 0.05, should not affect
final choice. Birnbaum (2004) however found that 74 % of
decision-makers chose x over y, but only 38 % of decision-
makers chose x ′ over y ′. In general, splitting a high valued
outcome, such as $100 in y, increases the relative preference
for the gamble, but splitting a low valued outcome, such as
$50 in x, decreases the relative preference for the gamble.

As with the common-ratio, common-consequence, and
reflection effects, distracted DFT is able to explain event-
splitting effects. Particularly, splitting an outcome into two
or more component outcomes increases the number of
events involving that outcome, subsequently increasing the
likelihood that the decision-maker would get distracted and
attend to an event generating the outcome. This increases
the outcome’s weight in the gamble. If the outcome has a
high value, then the gamble appears more desirable to the
decision-maker. In contrast, if the outcome has a low value,
then the gamble appears less desirable to the decision-
maker.

More specifically, decision-makers, according to DFT,
would represent the choice between x and y in terms of four
possible events: gamble x giving $100 and gamble y giving
$100, with event probability 0.81, gamble x giving $100 and
gamble y giving $7, with event probability 0.04, gamble x

giving $50 and gamble y giving $100, with event probabil-
ity 0.14, and gamble x giving $50 and gamble y giving $7,
with event probability 0.01. Here the first event would be
sampled the most frequently, but, due to distraction, would
be sampled less frequently than its actual occurrence prob-
ability. Out of the remaining three events, two (i.e., event
two and event four) yield higher outcomes for gamble x

compared to gambles y. If distraction is strong enough then
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the outcome differences caused by these events would be
sufficient to generate a higher choice probability for x.

This would not necessarily hold for choices between x ′
and y ′. This choice would be represented in terms of nine
events, out of which eight events would be oversampled
relative to their occurrence probability. Out of these eight
events four generate a higher outcome for y ′, three generate
a higher outcome for x ′, and one generates the same out-
comes for x ′ and y ′. Thus if distraction is strong enough
then the outcome differences caused by the four events sup-
porting y ′ would be sufficient to generate a higher choice
probability for y ′.

Indeed we can show that for the gamble pairs presented
here, group-level distracted DFT parameters estimated on
Rieskamp’s (2008) data would generate a modal choice
for x from the gamble pair consisting of x and y, and
a modal choice of y ′ from the gamble pair consisting of
x ′ and y ′. This would not be the case were we to con-
strain π = 1, as with standard DFT. We obtain similar
results with individual-level fits on Rieskamp’s data. Par-
ticularly, we can show that 22 of the 30 individuals from
Rieskamp’s experiment, fit using distracted DFT, gener-
ate a modal choice for x from the gamble pair consisting
of x and y, and a modal choice of y ′ from the gamble
pair consisting of x ′ and y ′. None of the these individuals
can generate this pattern of choice when fit using standard
DFT.

Note that distracted DFT predicts that these event-
splitting effects should also reverse when they contain
negative outcomes, that is, that the reflection effect should
extend to gambles generated to test event-splitting. This
happens for the same reason that the common-ratio and

Table 2 Summary of model fits to Kahneman and Tversky (1979)

θ α π L BIC

Standard DFT 1.28 0.75 [1] −714.95 1443.84

Distracted DFT 2.24 0.46 0.74 −594.35 1209.61

L corresponds to the best-fit log-likelihood of the model and BIC is
the Bayes information criterion value for this fit. Note that π = 1 is
fixed (and not-estimated) for standard DFT.

common-consequence effects reverse for negative out-
comes. Particularly, changing the sign of the outcomes
generated by various gambles does not affect the atten-
tional biases responsible for event-splitting effect, rather
it reverses the direction that the accumulating preferences
move when these events are sampled. Thus the preference
for gamble x over y and the preference for gamble y ′ over
x ′ when the outcomes are positive, can be reversed by mak-
ing the outcomes negative. To our knowledge, this has not
been tested thus far.

Testing fit: Paradox gambles

Section “Explaining risky paradoxes” has shown that dis-
tracted DFT is able to generate many of the best known
paradoxes in risky choices. These effects include standard
violations of expected utility, as well as additional findings
such as the event-splitting effect, not easily accommo-
dated by cumulative prospect theory and related approaches.
The discussion of these effects in Section “Explaining
risky paradoxes”, is, however, qualitative (involving modal

Fig. 2 Values of π and α that
can predict the modal choice in
all 14 of Kahneman and
Tversky’s gambles. These
values are indicated in black
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Fig. 3 The choice probabilities predicted by best-fit standard DFT and distracted DFT, for Kahneman and Tversky’s (1979) gambles are plotted
alongside actual observed choice probabilities for these gambles. These gambles are ordered in terms of increasing observed choice probability
for gamble x

choices instead of actual choice probabilities). It is unclear
how much better distracted DFT is compared to standard
DFT in accounting for these findings, and additionally
whether distracted DFT is even able to provide a compre-
hensive explanation for these effects for a plausible range
of parameter values. The model fits to Rieskamp’s (2008)
data are useful for demonstrating the superiority of dis-
tracted DFT in general settings, but do not provide a strong
enough test of the theory for the specific types of anomalies
explored in this paper.

In order to address these issues we must fit dis-
tracted DFT to a gamble set formulated specifically to
test risky paradoxes. One candidate for this is Kahneman
and Tverksy’s (1979) influential prospect theory dataset.
This dataset consists of 1064 responses for a total of 14
single-stage monetary gamble pairs.10 Some of the gam-
ble pairs described in the above sections are obtained from
this dataset. In this section we will use all of the gamble
pairs in this dataset to compare standard and distracted DFT.
As above we will fit the two models described in Section
“Testing fit: randomly generated gambles” using maximum
likelihood estimation, and compare these models using their
relative log-likelihood values, as well as the likelihood-ratio
test and the Bayes information criterion.

10This dataset also has additional non-monetary gambles and two-
stage gambles. These gambles will not be used for fitting our models,
as our models do not make predictions for non-monetary or two-stage
settings.

We can first check how well our existing distracted DFT
parameters (estimated on Rieskamp’s (2008) data) predict
responses in this dataset. We find that standard DFT has a
log-likelihood value of −722.80, and that distracted DFT
has a log-likelihood value of −649.63, when fit using the
parameters estimated in Section “Testing fit: randomly gen-
erated gambles” and presented in Table 1. Additionally,
for these parameters, standard DFT can predict the modal
choice in only seven out of the 14 gambles, whereas dis-
tracted DFT can predict the modal choice in 12 out of the
14 gambles.

It is possible to improve this fit. Figure 2 displays the val-
ues of the π and α parameters that are able to predict the
modal choice in all of 14 gambles in Kahneman and Tver-
sky’s dataset. Note that parameter combinations with π = 1
are unable to predict all modal choices, though high values
of π can do this given suitable values of α. Also note that
these results are independent of the threshold parameter θ
as this parameter does not affect modal choice probabilities.

We can also search the parameter space for DFT parame-
ters that are able to generate the highest likelihoods in their
fits to Kahneman and Tversky’s choice data. We find that
the best-fit values of θ for standard DFT and distracted DFT
are 1.28 and 2.24 respectively, the best-fit values of α for
standard DFT and distracted DFT are 0.75 and 0.46 respec-
tively, and the best-fit value of π for distracted DFT is 0.74.
Once again, the best-fit value of π is lower than 1, indi-
cating that decision-makers are distracted when deliberating
between Kahneman and Tversky’s (1979) gambles.

These estimations also yield a best-fit log-likelihood
value of −594.35 for distracted DFT compared to a value of
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−714.95 for standard DFT.11 This is a significant difference
using the likelihood-ratio test (p < 0.01). Additionally, the
BIC value for standard DFT is 1,443.84, and the BIC value
for distracted DFT is 1,209.61, indicating a better fit for
distracted DFT. Note that both the log-likelihood ratios and
the BIC ratios are higher in favor of distracted DFT for the
model fits on Kahneman and Tversky’s (1979) data com-
pared to Rieskamp’s (2008) data, indicating that distracted
DFT provides a larger improvement over standard DFT for
the former dataset. This is because Kahneman and Tversky’s
(1979) data consists of the specific gambles and paradox-
ical choices that distracted DFT was generated to explain,
whereas Rieskamp’s (2008) data consists of more gen-
eral randomly generated gambles. The summary of model-
fits for standard and distracted DFT on Kahneman and
Tversky’s data is displayed in Table 2. Finally, Fig. 3 plots
predicted choice probabilities from the best-fit DFT models
against actual observed choice probabilities, for Kahneman
and Tversky’s fourteen gambles. Actual observed choice
probabilities are represented by plus signs, the predictions
of standard DFT are represented by white circles, and the
predictions of distracted DFT are represented by black
squares.

Discussion

Decision field theory is one of the best-known cogni-
tive models of risky choice. It assumes that preferences
are formed through the sequential sampling of possible
events, with the attention towards the events equal to their
occurrence probability. As a result of this, the direction
of preference accumulation within DFT is determined by
the relative expected utilities of the gambles in consid-
eration, with preferences moving in favor of the gamble
with the higher expected utility. This implies that the gam-
ble with the higher expected utility is also the one that is
the most likely to be selected. The relationship between
modal choice and expected utility, posited by decision
field theory, makes it unable to account for the common-
ratio, common-consequence, reflection, and event-splitting
effects, four important empirical findings in the domain of
risky decision-making.

This paper has introduced a modification to decision field
theory, that is capable of accounting for these effects. Par-
ticularly, it has assumed that event attention is vulnerable to
stochastic error. With some probability π , decision-makers
attend to events in accordance with their occurrence proba-
bility, but with some probability 1−π , decision-makers get

11Both these values are significantly higher than −739.48 (p < 0.01),
which is the log-likelihood value generated by a model that predicts
choices with an equal probability. This indicates that both models are
providing a fairly good fit to the data.

distracted, and attend to events uniformly. While the pro-
posed stochastic error is not systematic, as every event is
equally likely to be sampled when the decision-maker is dis-
tracted, it can nonetheless affect the direction of preference
accumulation. Preferences do not necessarily accumulate
in favor of the gamble with the highest expected utility,
and additionally, changing various properties of the avail-
able gambles, while keeping the ranking of their expected
utilities the same, can affect the direction of accumulation.
This can reverse modal choice, and subsequently explain
the common-ratio, common-consequence, reflection, and
event-splitting effects.

The behaviors that this paper seeks to explain are some
of the most important and robust results on preferential
decision-making. They form a descriptive benchmark for
any theory of risky choice. The fact that a minor exten-
sion to decision field theory can predict these behaviors,
shows that these important results are within the descrip-
tive scope of the sequential sampling and accumulation
framework. Sequential sampling and accumulation is a pop-
ular approach to studying decision-making in psychology
and neuroscience. It involves decision mechanisms that
are neurally and cognitively feasible, and incorporating
risky choice paradoxes within this framework yields valu-
able insights regarding the psychological substrates of risky
choice. Note that current behavioral approaches to modeling
these choices, such as cumulative prospect theory, involve a
sequence of highly sophisticated mathematical steps; steps
that are unlikely to be implemented successfully by human
decision-makers.

In addition to specifying the psychological processes
underlying preferential decision-making, incorporating
the common-ratio, common-consequence, reflection, and
event-splitting effects within the sequential sampling frame-
work can yield valuable insights regarding the relationship
of risky decision-making with behaviors in other psycho-
logical domains, such as perceptual and lexical choice.
In fact, many key findings in these other domains have
also been explained through stochastic error in sequential
sampling models (see e.g., Ratcliff & Smith, 2004 for a
review). While error has a very different role in models
of perceptual and lexical decision-making compared to dis-
tracted decision field theory (affecting, for example, starting
points and accumulation strength instead of event atten-
tion), all of these models are similar in that they explain
systematic behaviors using non-systematic stochastic noise.
These similarities are especially striking when we con-
trast distracted DFT with existing explanations for the risky
choice paradoxes, almost all of which are non-dynamic and
deterministic.

The proposed distraction mechanism is highly simplified,
but can be modified to incorporate other attentional biases.
Instead of being described by a uniform distribution, as in
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this paper, distraction could be a function of event salience
and vividness, due to exogenous contextual factors, or event
accessibility, due to past experiences (Gonzalez et al., 2003;
Loewenstein et al., 2001). This mechanism can also be inter-
preted in ways other than distraction. This paper has, for
example, discussed the similarities and differences between
the proposed distraction account of risky choice, and biased
probability weighting as assumed in cumulative prospect
theory and related approaches. While distraction differs
from probability weighting in several important ways, it is
nonetheless possible to interpret distraction as a psycholog-
ical explanation for observed probability weighting biases
in risky choice. Attention probabilities that depart from true
event probabilities can also be seen as products of an explo-
ration process, one in which decision-makers pay equal
attention to all events while they familiarize themselves with
gamble outcomes. Later in the decision, attention proba-
bilities may begin to equal event probabilities, culminating
in expected utility based accumulation. Such an interpreta-
tion would make novel predictions regarding the effect of
factors such as speed stress on the magnitude of the above
paradoxes. These are predictions that can be tested in future
work.

The proposed modification to decision field theory does
not only predict modal choices for common-ratio, common-
consequence, reflection and event-splitting gambles. It is
also able to provide a powerful quantitative fit to Kahneman
and Tversky’s (1979) dataset consisting of a large number
of different choices made over these gambles. Additionally,
a model comparison using Rieskamp’s (2008) choice data
shows that distracted DFT also provides a good fit to choices
involving randomly generated gambles. The assumption of
stochastic error in event attention is thus necessary for both
capturing the highly specific qualitative results regarding
expected utility theory’s violations, and for improving the
quantitative predictions of decision field theory in particu-
lar, and the sequential sampling framework in general.

Distracted decision field theory is also able to explain
a number of additional risky behaviors. These include the
possibility effect and the four-fold pattern, two paradoxes
whose gambles are in fact included in the Kahneman and
Tversky (1979) dataset that this model is fit on. Addi-
tionally, explaining risky choice paradoxes using decision
field theory implies that other effects uniquely predicted
by sequential sampling models are fully compatible with,
and can emerge alongside, these risky choice paradoxes.
These include findings involving decision times, time
pressure, speed-accuracy tradeoffs, violations of inde-
pendence between alternatives, serial position effects on
preference, and violations of stochastic dominance with
non-independent gambles (Busemeyer & Diederich, 2002;
Busemeyer & Townsend, 1993; Diederich & Busemeyer,
1999; Dror et al., 1999). Finally, the fact that the

common-ratio, common-consequence, reflection, and
event-splitting effects are easily accommodated within
DFT implies that more subtle risky choice findings, such
as stochastic dominance effects with event-splitting, viola-
tions of gain-loss separability, and violations of upper-tail
independence and lower cumulative independence (see e.g.,
Birnbaum, 2008) may also be predicted by this framework.
While this paper has limited its focus to explaining the
four main paradoxes of risky choice, future research can
examine these additional findings, with the hope of gener-
ating a richer and more powerful cognitive theory of risky
decision-making.
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