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ABSTRACT
The current paper explores choice among alternatives that can be classiﬁed into distinct
classes. All the members of a particular class were ‘replicated alternatives’: they
promised the same payoff distribution. Information to decision makers was limited to
feedback concerning the realized (obtained and foregone) payoffs. Experiment 1
demonstrates that increasing the number of replicated alternatives creates confusion
(which facilitates random choice) and changes the implications of the tendency to chase
recent returns (i.e., select the alternative with the best recent outcomes). This effect,
termed ‘confused chasing,’ facilitates risk seeking even when this behavior impairs
expected earnings. Experiment 2 reveals that increasing the number of replicated
alternatives can reduce (but does not eliminate) the tendency to underweight rare events.
Experiment 3 shows that the relative importance of chasing and confusion is sensitive to
the likelihood of realizing lower payoffs than the forgone payoffs. The main results are
summarized with a simple model assuming that payoff sensitivity decreases with
experienced regret. Copyright # 2007 John Wiley & Sons, Ltd.
key words reinforcement learning; ﬁctitious play; momentum trading; the reversed
certainty effect; independence of irrelevant alternatives; decisions from
experience

INTRODUCTION
Many natural decision problems involve choices among multiple alternatives that can be classiﬁed into
several classes. For example, an investment decision involves a choice between many feasible portfolios that
can be classiﬁed, based on the expected returns and risks, into a small set of distinct investment policies.
Similarly, gambling in a casino involves choices between many tables that can be classiﬁed based on the
game they offer.
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When the alternatives within each class are associated with similar payoff distributions, it is natural to
assume that the important decision is the choice among the different classes. Indeed, mainstream research
tends to simplify situations of this type in just this way. An important example involves the inﬂuential
generalization of the basic study of reinforcement schedules (see Ferster & Skinner, 1957). While the basic
research focuses on the choice between two possible actions (pressing or not pressing a lever), the results are
generalized (e.g., Hellriegel, Slocum, & Woodman, 1998) to address behavior at the workplace. In this case,
employee behavior is abstracted as a choice between two classes of actions: ‘high effort’ and ‘low effort.’
Another example involves the attempt to use basic decision-making research to capture the effect of rare
terrorist attacks. Yechiam, Barron, and Erev (2005) address this problem by focusing on binary choice tasks
in which decision makers are asked to select between a risky and a safe prospect.
Unspoken in these abstractions is the assumption that the implicit choice among classes (the probability
that the selected alternative belongs to a particular class) is independent of the number of similar alternatives
within each class. The current investigation examines the value of this assumption in a simpliﬁed
environment that satisﬁes four conditions. First, all the alternatives within each class are assumed to have the
same payoff distributions—that is, they are all ‘replications’ of the class’s ‘basic gamble.’ For example, all
the alternatives that belong to the class ‘basic gamble H’ in Problem 1 (studied in Experiment 1 below) yield a
draw from a normal distribution with a mean of 11 and standard deviation of 3. Second, the realized payoffs
(the draws from the basic payoff distributions) of the different alternatives are assumed to be independent.
The third condition involves symmetry. The current analysis focuses on conditions in which each of the basic
gambles has the same number of replications. Finally, the current analysis considers pure decisions from
experience: choice situations in which decision makers are given no prior information concerning the payoff
distributions of the different alternatives (and are not informed that they belong to distinct classes), but face
the same problem repeatedly and observe the payoff from each alternative after each trial.
The assumption that the implicit choice between classes is independent of the number of replicated
alternatives is a special case of the independence of irrelevant alternative assumptions introduced by Arrow
(1959).1 Direct examinations of the descriptive power of this assumption have documented robust violations
(see Elrod, Louviere, & Davey, 1992; Goldstein & Mitzel, 1992; Tversky, 1972; Tversky & Simonson, 1993).
A particularly important set of violations was observed in environments in which one class has
more replicated alternatives than the other. In this environment, behavior appears to reﬂect a bias toward the
class with more members (Benartzi & Thaler, 2001; but see also boundary conditions in Huberman & Jiang,
2006).
Analysis of the simpliﬁed set of decision situations considered here reveals two reasonable predictions
concerning the effect of an increase in the number of replicated alternatives in each class. The ﬁrst prediction
is derived from studies of cognitive limitations (e.g., Miller, 1956). Once these limits are surpassed, behavior
tends to become confused and dysfunctional (Jacoby, Speller, & Kohn, 1974; Keller & Staelin, 1987). Under
this ‘confusion hypothesis,’ an increase in the number of replicated alternatives is likely to impair learning.
Thus, it is expected to move behavior toward random choice.
A second prediction is suggested by previous studies of decisions from experience (see Barron & Erev,
2003) and investment decisions (see Hong, Lim, & Stein, 2000; Hong & Stein, 1999; Jagadeesh & Titman,
1993; Rouwenhorst, 1998). This research reveals a tendency to select the alternative with the best recent
payoff. The effect of this ‘chasing’ of recent outcomes interacts with the number of alternatives in each class.
As the number of alternatives within each class grows, the probability that one of the riskier options will be
associated with the best recent outcome tends to increase accordingly. Thus, under a ‘chasing hypothesis’ a
1
Written as axiom C4. See also an earlier version of this condition by Nash (1950), presented as assumption No. 5. Luce (1959) presents
an elegant probabilistic generalization of this principle. The basic assumption can be described as follows: if alternative x is chosen from
choice set {w,x,y,z} containing alternatives w,x,y,z, then x is considered to be at least weakly preferred to w,y,z. The value of a choice set
(and subset) can, accordingly, be equated with the best alternatives available.
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rise in the number of replicated alternatives is expected to increase risk seeking (see Grosskopf, Erev, &
Yechiam, 2006; Shavit, Ben Zion, Erev, & Haruvy, 2005).
The three experiments described below were designed to evaluate the confusion and chasing hypotheses.
The results reveal an interesting interaction between the two hypothesized effects. Experiment 1 shows that a
rise in the number of replicated alternatives increases the attractiveness of the riskier class only when this
class is associated with a lower expected return. These results are consistent with a joint effect of confusion
and chasing. Experiments 2 and 3 shed light on the properties of this joint effect. Experiment 2 suggests that
the effects of confusion and chasing are not additive. Experiment 3 shows that the relative importance of the
two factors is sensitive to experienced regret. Confusion appears to drive behavior when experienced regret is
likely, and chasing is more important when experienced regret is unlikely. This pattern can be summarized
with a simple model assuming that payoff sensitivity decreases with experienced regret.

EXPERIMENT 1–CONFUSION VERSUS CHASING
Previous studies of decision making from experience (see review in Erev & Barron, 2005) reveal relatively
ﬂat learning curves. That is, most of the aggregate effect of experience occurs during the ﬁrst 50 trials. This
observation led us to use a within-participant experimental design in which each participant is faced with
each of the decision problems for 50 trials. In each trial, participants were asked to select one of the available
alternatives. The different alternatives included m replications of two basic gambles: Gamble H and
Gamble L. The names of the two basic gambles reﬂect the fact that H had higher expected value (EV). Thus,
each ‘class’ included m replications of one of these basic gambles. Experiment 1 focused on three variants of
the following two basic choice problems:
Problem 1:
 H (EV ¼ 11)
 L (EV ¼ 10)

A draw from a normal distribution with a mean of 11 and standard deviation of 3.
A draw from a normal distribution with a mean of 10 and standard deviation of 1.

Problem 2:
 H (EV ¼ 11)
 L (EV ¼ 10)

A draw from a normal distribution with a mean of 11 and standard deviation of 1.
A draw from a normal distribution with a mean of 10 and standard deviation of 3.

Three ‘replication’ (value of m) Levels, 1, 3, and 25 were compared. In Level 1 (‘binary choice’), each
basic gamble was presented once. In Levels 3 (‘6 alternatives’) and 25 (‘50 alternatives’), each basic gamble
was replicated 3 and 25 times, respectively.
Each of the 50 trials under each condition opened with the presentation of 2m unmarked buttons on the
computer screen. The m replications of each basic gamble were randomly placed before the ﬁrst trial (and
their location was not changed during the 50 trials). After each choice the participant was presented with both
the obtained payoff and the forgone payoff (the payoff from each of the other 2m-1 alternatives). Figure 1
presents an example of this feedback screen under each of the three m levels.
According to the ‘confusion’ hypothesis, maximization rate (selection of the class associated with Gamble
H) is expected to decrease with m.2 This effect is not expected to depend on the problem type. Highest
maximization rate is predicted in the binary choice task (m ¼ 1), and it should move toward random choice as
the number of alternatives increases.
2
Notice that we focus on maximization of expected value as a benchmark. We do not argue that deviations from expected value
maximization reﬂect deviations from rational behavior. Indeed, in decisions from experience any behavior can be rational under certain
prior beliefs (see Budescu, Erev, Wallsten, & Yates, 1997 for a discussion of the value of ‘rationality free’ decision research).
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Figure 1. Typical experimental screens after the ﬁrst choice in Experiment 1 in the three m levels. The selected button is
highlighted (with white)

The ‘chasing’ hypothesis predicts a difference between the two problems: in Problem 1, Gamble H, which
maximizes expected payoff, is associated with higher variance (i.e., is the riskier gamble). As a result, a rise in
m (the number of replicated alternatives) increases the probability that chasing implies maximization. To
clarify this point, the current analysis focuses on ‘perfect chasing’: a choice of the alternative with the highest
most recent payoff. The predicted maximization rates under perfect chasing in Problem 1 are 64%, 95%, and
99.9% for m levels of 1, 3, and 25, respectively. Thus, under the chasing hypothesis the maximization rate in
Problem 1 is expected to increase as the number of alternatives grows. The opposite pattern is predicted in
Problem 2. Here, Gamble H is associated with lower variance. As a result, a rise in m decreases the probability
that perfect chasing implies maximization. The exact rates are 63%, 27%, and 2% for m levels of 1, 3, and 25,
respectively. Thus, under the chasing hypothesis, the maximization rate in Problem 2 is expected to fall as the
number of alternatives grows.
Copyright # 2007 John Wiley & Sons, Ltd.
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Design and procedure
Participants were told that the experiment would include several independent sections, in each of which they
would operate a different ‘computerized money machine’ with a certain number of unmarked buttons for an
unspeciﬁed number of trials. In each trial, the participants were asked to select one of the buttons. After a
button was pressed, the outcome associated with each button appeared on the computer screen. The
participants were informed that their payoff for that trial would be the outcome that appeared on the selected
button, and this value was added to their accumulated earnings. The participants were told that their goal was
to maximize their earnings, and that at the end of the experiment their accumulated points would be converted
to cash at the conversion rate of 1 agora (about 0.023 US cent) per point.
The participants received no prior information about the game’s payoff structure, nor were they told in
advance that the experiment included six sections of 50 trials each (though they were informed when a section
ended and a new section was about to start). Thus, the participants had to rely on their obtained feedback: the
realized payoffs after each choice.
The six sections corresponded to the six conditions (2 basic problems  3m levels). The order of the six
conditions was randomized over participants. In each section, each button related to one of the alternatives;
the payoffs associated with this button (alternative) were determined by random draws from the
corresponding payoff distribution. For example, a selection of each of the m replications of the basic gamble
H in Problem 1 resulted in a draw from a normal distribution with a mean of 11 and standard deviation of 1.
The exact payoffs were rounded to the nearest decimal. The assignment of alternatives to buttons was
randomly determined for each participant at the beginning of each section and was ﬁxed during the section.

Participants
Twenty Technion students served as paid participants in the experiment. Payment was made according to
participants’ obtained payoffs in the experimental task. Final payoffs ranged between 31 sheqels (about $7)
and 34 sheqels (about $7.7).

Results and discussion
The left-hand column of Figure 2 presents the observed maximization rate (selection of alternatives from
class H) in the two problems as a function of the number of replicated alternatives. (The central column
depicts the predictions under perfect chasing, and the right-hand column presents the predictions of the post
hoc model to be discussed below.) The results reveal no signiﬁcant linear relationship between the number of
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Figure 2. Proportion of maximization, P(H), as a function of the number of replications (m) of each basic alternative in
the two problems studied in Experiment 1. The notation N(x,y) implies a draw from a normal distribution with mean x and
standard deviation y
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alternatives and the maximization rate in Problem 1 [t(19) ¼ 0.23, NS for the linear trend computed as the
difference between m ¼ 1 and m ¼ 25]. The observed maximization rates are 0.71 (SD ¼ 0.16), 0.71
(SD ¼ 0.21), and 0.70 (SD ¼ 0.26) with m levels of 1, 3, and 25, respectively. A different pattern was observed
in Problem 2. The results in this problem show a signiﬁcant negative linear relationship between the number
of alternatives and the maximization rate [t(19) ¼ 5.98, p < 0.0001]. The maximization rate in the binary
choice condition (mean ¼ 0.75, SD ¼ 0.15) is higher than in both the 3-replications condition (mean ¼ 0.55,
SD ¼ 0.2) and the 25-replications condition (mean ¼ 0.44, SD ¼ 0.23).
These results can be summarized as the combined effect of confusion and the tendency to chase returns on
choice. We refer to this pattern as ‘confused chasing.’ In Problem 2 (where there is a higher variability in the
lower mean), confusion and chasing work in the same direction. As the number of alternatives increases, the
tendency to chase returns leads investors to prefer the riskier (and in this case inferior) prospect. Confusion
leads investors toward random choice. Together, the two create a strong effect that shifts choices away from
maximization. In contrast, in Problem 1, these two effects work in opposite directions and appear to cancel
each other out.

EXPERIMENT 2: REPLICATED ALTERNATIVES AND RARE EVENTS
The second experiment was designed to examine the robustness of the joint effect of confusion and chasing to
situations that involve rare events. In these situations, the implications of perfect chasing can be extremely
sensitive to the number of replicated alternatives. The current experiment focuses on environments in which
perfect chasing implies a strong tendency to select one class when m ¼ 1 and a strong bias in the opposite
direction when m is large. Under the assumption that the effect of confusion and chasing is additive, chasing is
expected to have a larger effect than confusion in the current setting (relative to Experiment 1).
Experiment 2 focuses on the following basic problems:
Problem 3:
 H (EV ¼ 3)
 L (EV ¼ 2.88)

A draw from the set {1,2,3,4,5}
32 with probability 0.09, 0 otherwise

Problem 4:
 H (EV ¼ 3.2)
 L (EV ¼ 3)

32 with probability 0.1, 0 otherwise
A draw from the set {1,2,3,4,5}

Both problems study choice between a class of ‘long shot’ gambles and a class of safer prospects.
Previous studies on variants of Problem 4 with m ¼ 1 (binary choice) show deviations from maximization
in the direction of the perfect chasing predictions (see Barron & Erev, 2003; Yechiam & Busemeyer, 2006;
Yechiam et al., 2005b). These studies show that individuals behave as if they underweight rare outcomes.
Accordingly, maximization rates are signiﬁcantly below 50%.
Experiment 2 focused on the three m levels (number of replications) examined in Experiment 1. In
Problem 3, perfect chasing implies maximization rates of 91%, 62%, and 10% for m levels of 1, 3, and 25,
respectively. In this problem, both chasing and confusion imply lower maximization rates for higher levels of
m. In Problem 4, however, perfect chasing implies maximization rates of 10%, 40%, and 92% for m levels of
1, 3, and 25, respectively. Here, both chasing and confusion imply higher maximization rates as m rises.
Notice that in both problems the joint effect of confusion and chasing is expected to moderate the tendency of
individuals to underweight rare positive outcomes (e.g., getting a relatively high payoff of 32). Yet the two
hypotheses differ with respect to the magnitude of the predicted effect. Whereas confusion implies that the
Copyright # 2007 John Wiley & Sons, Ltd.
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maximization rate moves toward 50%, chasing (and an additive combination of confusion and chasing)
implies a greater fall (toward 10%) in Problem 3, and a bigger rise (toward 92%) in Problem 4.

Design and procedure
The design and procedure were identical to Experiment 1, with the exception of the basic alternatives.
Experiment 2 focused on Problems 3 and 4. Conversion rate in this experiment was 3 agorot (about 0.07 US
cent) per point.

Participants
Twenty Technion students who did not participate in Experiment 1 served as paid participants in the
experiment. Payment was made according to participants’ obtained payoffs in the different conditions. Final
payoffs ranged between 25 sheqels ($4.7) and 30 sheqels ($6.8).

Results and discussion
The results, presented in Figure 3 (using the same format as Figure 2), show a signiﬁcant negative relationship
between the number of alternatives and the maximization rate in Problem 3 [the difference between m ¼ 1
and m ¼ 25 is signiﬁcant, t(19) ¼ 3.93, p < 0.001]. The maximization rate in the binary choice condition
(mean ¼ 0.82, SD ¼ 0.19) is similar to that in the 3-replications condition (mean ¼ 0.81, SD ¼ 0.32) and
signiﬁcantly higher than in the 25-replications condition (mean ¼ 0.62, SD ¼ 0.23). In Problem 4, however,
the results reveal a signiﬁcant positive relationship between the number of alternatives and the maximization
rate [the difference between m ¼ 1 and m ¼ 25 is signiﬁcant, t(19) ¼ 3.68, p < 0.001]. The maximization rate
in the binary choice condition (mean ¼ 0.23, SD ¼ 0.22) is much lower than in the 3-replications condition
(mean ¼ 0.39, SD ¼ 0.32) and in the 25-replications condition (mean ¼ 0.41, SD ¼ 0.28).
The results suggest that the joint effect of chasing and confusion moderates the tendency of individuals to
underweight rare positive outcomes. Consequently, the increase in the number of alternatives impairs
maximization in Problem 3, but facilitates maximization in Problem 4. In addition, the results suggest that the
joint effect of chasing and confusion cannot be captured with a simple additive model assuming that the
observed behavior falls between the predictions of pure chasing and confusion (random choice). When m ¼ 3
and 25 the observed maximization rates fall outside the interval between perfect chasing and random choice
in both problems. For example, when m ¼ 25 in Problem 4, perfect chasing implies a maximization rate of
92% while the observed rate is 40%. This pattern suggests that for large levels of m, the effect of confusion
eliminates the effect of chasing.
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Figure 3. Proportion of maximization, P(H), as a function of the number of replications (m) of each basic alternative in
the two problems studied in Experiment 2. The notation (32, 0.1) implies a gamble that pays 32 with probability 0.1 and 0
otherwise. The notation {1,2,3,4,5} implies a gamble that pays each of the ﬁve outcomes with equal probability
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EXPERIMENT 3–REGRET AND THE REVERSED CERTAINTY EFFECT

Experiment 3 was designed to compare two explanations for the large effect of confusion observed in the
previous experiments. The ﬁrst explanation suggests that the mere increase in the number of replicated
alternatives is sufﬁcient to cause strong confusion that can override the effect of chasing. A second
interpretation is suggested by the results summarized in Erev and Barron (2005; see related ideas in Bell,
1982; Loomes & Sugden, 1982), and see related ideas in Bell (1982) and Loomes and Sugden (1982). Erev
and Barron show that their results can be captured with the assumption that large forgone payoffs decrease
payoff sensitivity. Their abstraction of this effect implies that random responses (i.e., the apparent
‘confusion’) are actually a product of experienced regret (information concerning higher forgone than
obtained payoff).3 This assertion captures the current results because a rise in the number of replicated
options (m) might increase the likelihood of regret. Speciﬁcally, the likelihood of regret, given a choice that
maximizes EV, increases with m in Problems 1, 2, and 3 (but not in Problem 4 where a rise in m increased
maximization). In Problem 3, for example, the exact values are 9%, 40%, and 92% with m levels of 1, 3, and
25, respectively.
In order to compare these explanations, Experiment 3 focuses on basic choice problems in which a rise in
the number of replicated options has a distinct effect on the likelihood of regret. This experiment employs the
same design as Experiments 1 and 2 to study the following basic problems:
Problem 5:
 H (EV ¼ 34)
 L (EV ¼ 32)

A draw from the set {40, 41, 42, 43, 44} with probability 0.8
A draw from the set {0, 1, 2, 3, 4} otherwise
A draw from the set {30, 31, 32, 33, 34}

Problem 6:
 H (EV ¼ 10)
 L (EV ¼ 9.5)

A
A
A
A

draw
draw
draw
draw

from
from
from
from

the
the
the
the

set
set
set
set

{40, 41, 42, 43, 44} with probability 0.2
{0, 1, 2, 3, 4} otherwise
{30, 31, 32, 33, 34} with probability 0.25
{0, 1, 2, 3, 4} otherwise

Notice that the outcomes from Gamble H in Problem 5 and from the two basic gambles in Problem 6 are
determined by two lotteries. The ﬁrst lottery selects one of two sets, and the second selects one of
the members of the selected set. This two-stage lottery design did not affect the experimental procedure. As in
the previous studies the participants obtained the trial’s payoff immediately after each choice.
Problems 5 and 6 allow a comparison of the two explanations suggested above. Note that perfect chasing
implies an increasing maximization rate with a rise in the number of alternatives in both problems (e.g., 80%,
99%, and 100% in Problem 5; 50%, 70%, and 99% in Problem 6 for m levels of 1, 3, and 25, respectively).
Note further that the number of replicated alternatives in Problem 5 has a mild effect on regret. Ignoring the
relatively small differences between the different members within each outcome set, the probability of regret
(higher forgone payoff than the obtained payoff) given an H choice is less than 20%, independent of the
number of replications.4 In Problem 6, however, the number of replicated alternatives has a strong effect on
regret. In this problem, the probability of regret from choice H is 20% under binary choice, 58% under
3 replications, and 80% under 25 replications.
3
Such information might make the decision maker regret her choices and decrease her sensitivity to the payoff structure. The focus on the
maximal forgone payoff is also supported by some related studies of regret (Pyszczynski, Greenberg, & Laprelle, 1985; Tsiros, 1998).
4
The assumption that small differences are ignored is presented here to simplify the presentation. The model, suggested below, abstracts
regret in a slightly more complex way that avoids this simpliﬁcation assumption.
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Under the aforementioned analysis, the interpretation of regret predicts that in Problem 5 the chasing
effect (increase in maximization with a rise in number of alternatives) will be stronger than the effect of
confusion. However, in Problem 6 confusion will be stronger than chasing. The interpretation that raising the
number of alternatives is sufﬁcient to create confusion implies that in both problems confusion will be
stronger than chasing.
Design and procedure
The design and procedure were identical to Experiments 1 and 2 with the exception of the basic alternatives.
Experiment 3 focused on Problems 5 and 6. The conversion rate in this experiment was 0.5 agorot (about
0.012 US cent) per point.

Participants
Twenty Technion students who did not participate in Experiments 1 or 2 served as paid participants in the
experiment. Payment was made according to participants’ performance in the gambles. Final payoffs ranged
between 19 sheqels ($4.3) and 35 sheqels ($7.95).

Results and discussion
The results, presented in Figure 4, reveal a positive linear relationship between the number of alternatives and
the maximization rate in Problem 5. This trend (the difference between m ¼ 1 and m ¼ 25) is signiﬁcant
[t(19) ¼ 2.53, p < 0.02]. The maximization rate in the binary choice condition (mean ¼ 0.68, SD ¼ 0.2) is
lower than in the 3-replications condition (mean ¼ 0.69, SD ¼ 0.25) and in the 25-replications condition
(mean ¼ 0.80, SD ¼ 0.26). This pattern is consistent with the prediction of the experienced regret explanation
for the previous ﬁndings. It seems that the confusion effect—the bias toward random choice when the
number of replicated options goes up—does not emerge when the increase in the number of options is not
associated with an increase in experienced regret. In this case, the positive effect predicted by the chasing
hypothesis is more robust.
The results in Problem 6 reveal only a weak relationship between the number of alternatives and the
maximization rate [t(19) ¼ 1.94, NS]. The maximization rate in the binary choice condition (mean ¼ 0.42,
SD ¼ 0.27) is not signiﬁcantly different from that in the 3-replications condition (mean ¼ 0.51, SD ¼ 0.1) or
in the 25-replications condition (mean ¼ 0.56, SD ¼ 0.18).
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Figure 4. Proportion of maximization, P(H), as a function of the number of replications (m) of each basic alternative in
the two problems studied in Experiment 3. The notation ‘(x, p) þ e’ implies a payoff of x þ e with probability p, and a
payoff of e otherwise. The value e is randomly selected (independently for each option) from the set {0,1,2,3,4}
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Notice that Problems 5 and 6 are variants of the problems used by Kahneman and Tversky (1979),
following Allais (1953), to demonstrate the certainty effect. Problem 6 was created from Problem 5 by
dividing the probability of the desirable set by 4. As noted by Allais, this linear transformation is not expected
to affect preference under expected utility theory. Yet when people are faced with these problems once, and
can rely on a description of the possible payoff distributions, they prefer L in variants of Problem 5, and H in
variants of Problem 6. That is, the safer option (L) is more attractive in when it provides the desirable payoff
with certainty (in variants of Problem 5). Kahneman and Tversky (1979) referred to this pattern as the
certainty effect. Barron and Erev (2003) (see also Hertwig, Barron, Weber, & Erev, 2004) show that the
opposite pattern emerges in decisions from experience. They observed less choices of the safer option in a
variant of Problem 5 (37% L choices) than in a variant of Problem 6 (49% L choices). The current results
demonstrate the robustness of the reversed certainty effect. The safer option was less attractive in Problem 5
(when it provided the desirable payoff with certainty) than in Problem 6 in all three m levels: [t(19) ¼ 3.28,
p < 0.005; t(19) ¼ 3.36, p < 0.005; and t(19) ¼ 5.32, p < 0.001, with m ¼ 1, 3, and 25, respectively].

A QUANTITATIVE SUMMARY: THE ‘CHASING AND REGRET’ MODEL
The current results can be summarized with the assertion that the number of replicated alternatives affects
decisions from experience because it inﬂuences two factors important to the learning process: the properties
(payoff distribution) of the alternatives with the best recent payoffs, and experienced regret. This verbal
summary of the results is naturally quantiﬁed with some of the models studied in Erev and Barron (2005). The
simplest model in this set is a generalization of the basic Fictitious Play model (see Brown, 1951 and review
in Camerer, 2003) that allows for the possibility that regret reduces payoff sensitivity. This model, referred to
here as the ‘chasing and regret’ model, can be summarized with the following assumptions:
A1: Weighted adjustment.
The adjusted propensity to select alternative j at trial t þ 1 is:
qj;tþ1 ¼ ð1  wÞqjt þ w  xjt

(1)

where xjt is the payoff of j in trial t, and w is a parameter that determines the weight of this payoff. The initial
value is qjt ¼ 0.
A2: Stochastic response with sensitivity to experienced regret.
The probability that the decision maker will select strategy j in trial t is:
eqjt l=st
pjt ¼ P
n
eqkt l=st

(2)

k¼1

where l is a parameter that determines the relative importance of the different propensities, and St is the
experienced regret level of the decision maker, determined by:
Stþ1 ¼ ð1  wÞSt þ wjmaxt  xjt j

(3)

where maxt is the maximal payoff obtained in trial t over the 2m alternatives. The initial regret level is set to
equal S1 ¼ l.

Descriptive value
To test if the chasing and regret model can capture the current results, we ran computer simulations in which
virtual agents that behave in accordance with the model’s predictions participate in the 18 experimental
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conditions. The simulations were run with different sets of parameters, in an effort to ﬁnd those that minimize
the mean squared deviation (MSD) between the model’s prediction and the observed maximization rates
(presented in the left-hand columns of Figures 2–4). The mean squared deviation between the data and the
predictions was minimized when the two free parameters were set to w ¼ 0.52, and l ¼ 2.75. The model’s
predictions with these parameters are presented in the right-hand columns of Figures 2–4. The ﬁgures show
that the model captures the main trend of the results. Over the 18 conditions, the correlation between the
observed and the predicted proportions is 0.90. The MSD score is 0.0013.
Learning patterns
Figure 5 presents the observed and predicted maximization rates in ﬁve blocks of 10 trials in each of the 18
experimental conditions. The experimental results reveal relatively ﬂat learning curves. Indeed, in only 7 of
the 18 cases did the observed rate increase from the ﬁrst to the last block. The predictions of the model show a
similar pattern.
Sequential dependencies
Figure 6 presents two measures of the dependencies between sequential trials. The ﬁrst measure is the
‘chasing rate’: the proportion of times in which the option with the highest return in trial t was selected in trial
t þ 1. The second measure, referred to as ‘repetitions,’ is the proportion of times in which the alternative
selected in trial t was selected again in trial t þ 1.
These results show that both proportions exceed random choice in all conditions. In addition, the results
reveal an interesting nonlinear relationship between the number of replicated alternatives and the repetition
rate. It seems that the increase from 3 to 25 replicated alternatives had very little effect on the repetition rate.
The right-hand column of Figure 6 shows that the chasing and regret model captures the observed chasing
rate, but fails to capture the nonlinear repetition rate. This failure can be addressed by modifying the choice
rule to allow for the possibility that with probability q, the decision maker simply repeats his or her last choice
(see Erev & Haruvy, 2005). Another possibility is that the decision makers handle a presentation with large
set of alternatives by limiting their attention to a subset of these alternatives. Such a tendency facilitates
repetitions and can be captured with the addition of an attention parameter to the current model.
More complex models
Erev and Barron (2005) show that the chasing and regret model is outperformed by a four-parameter model
referred to as RELACS (reinforcement learning among cognitive strategies). RELACS assumes that the
decision maker learns among three strategies that can be referred to as ‘stochastic best reply,’ ‘deterministic
best reply,’ and ‘case-based reasoning.’ The chasing and regret model is a simpliﬁcation of RELACS in which
only one of the three strategies, stochastic best reply, is used. A comparison of RELACS with the chasing and
regret model on the current data reveals that in the current setting the added complexity assumed by RELACS
is not necessary. The two-parameter simpliﬁcation is as accurate as the four-parameter model5.
A look at the difference between the relative value of the simple chasing and regret model here and in Erev
and Barron (2005) suggests that the current ﬁndings arise from the effect of the available feedback. The
chasing and regret model provides a very good approximation of learning in situations with complete
feedback (here and in Erev & Barron, 2005). This model is much less useful in accounting for learning in
5
RELACS was designed to address binary choice tasks. It has to be generalized to address the current tasks. Under one generalization that
captures the current results the decision maker updates only two alternatives after each choice: the selected option, and the option that led
to the best payoff in the previous trial. The MSD of this generalization is practically identical to the MSD of the simpler chasing and regret
model.
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Figure 5. Observed and predicted learning curves: P(H) in blocks of 10 trials, by problem and number of replications (m).
The left-hand columns present the experimental results. The right-hand columns present the predictions of the chasing
and regret model
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Figure 6. Chasing rate (selecting the alternative with the best payoff in the most recent trial) and repetition rate (repeating
most recent choice) by problems and number of replications (m). The left-hand columns present the experimental results.
The right-hand columns present the predictions of the chasing and regret model
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environments where the available feedback after each choice is restricted to the obtained payoff. The more
complex process assumed by RELACS is necessary in order to capture learning in situations with restricted
feedback.

GENERAL DISCUSSION
The current paper explores decision making between alternatives that belong to two distinct classes. Previous
studies of these environments have focused on the effect of asymmetry in the number of alternatives in each
class (e.g., Benartzi & Thaler, 2001). That research shows a bias toward the class with more members. The
three experiments presented here examine the symmetrical case, exploring the effect of a constant increase in
the number of replicated alternatives in the different classes. The results show that when the prior information
available to the decision maker is limited, the increase in the number of replications has interesting effects.
Experiment 1 represents an environment in which a rise in the number of replicated alternatives increases
the attractiveness of the class associated with a lower expected return and higher risk. These results can be
summarized with the assertion that replicated alternatives create confusion and change the implications of the
tendency to chase recent returns. Experiment 2 presents a situation in which a rise in the number of replicated
alternatives increases the implied weighting of rare events. Experiment 3 suggests that the relative strengths
of chasing and confusion effects are determined by experienced regret. It demonstrates that this
understanding can be applied to enhance maximization in variants of the Allais paradox.
The main experimental results can be summarized with a simple model, which assumes that payoff
sensitivity decreases with experienced regret. This ‘chasing and regret’ model relies on the observation that
an increase in the number of replicated alternatives has two objective effects. First, it tends to increase the
experienced regret (the difference between the obtained payoff and the ex-post best payoff). Second, it tends
to increase the probability that one of the members of the riskier class will yield the best payoff. The model
captures the main results with the assumption of a simple cognitive process whose output is sensitive to these
two objective effects.

The role of information concerning the underlying categories
It is important to recall that the current investigation focuses on situations in which the decision makers are
not informed that the different alternatives can be classiﬁed into two classes. Examinations of situations in
which the participants are informed that the alternatives belong to two classes reveal that this information can
erase the effect of the number of alternatives. For example, Ert (in preparation) ran a variant of Experiment 2
in which the difference between the two classes was highlighted with distinct colors. The participants were
informed that all the keys with the same color are associated with the same payoff variability level. The
experiment was identical to Experiment 2 in all other respects. The observed maximization rates were not
affected by the number of alternatives. The observed means in Problem 3 were 0.71, 0.70, and 0.71 for m
values 1, 3, and 25; the means in Problem 4 were 0.34, 0.36, and 0.32 for m values 1, 3, and 25, respectively.
These results suggest that the confused chasing pattern can be reduced by reliable information concerning
the distinct classes. It seems that in these cases the assumption that decision makers choose among the basic
classes can be a reasonable simpliﬁcation of the choice task. We return to this suggestion below in the
discussion of the practical implications of the results.

Relationship to the detrimental effect of choice
In many natural multi alternative choice problems, the decision makers can decide to reject all the
alternatives. For example, supermarket shoppers can select one of many jams, or not to buy jam at all.
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Examination of this setting (e.g., Boatwright & Nunes, 2001; Iyengar & Lepper, 2000) led to the interesting
observation that an increase in the number of choice alternatives (e.g., distinct jams) can reduce the
probability that one of the alternatives will be selected.
The common explanation for this ‘detriments effect of choice’ assumes that adding choices increases
choosers’ confusion (Huffman & Kahn, 1998; Iyengar & Lepper, 2000) and leads to weaker preferences
(Chernev, 2003; Dhar, 1997; Gourville & Soman, 2005; Iyengar & Lepper, 2000). The current research
highlights another possible contributor to this effect. The chasing and regret pattern implies that under certain
settings an increase in the number of alternatives reduces the probability that the best alternative will be
selected. Reaction to this effect can increase the tendency to avoid the choice among the different alternatives
when the number of alternatives increases.

Practical implications
We believe that the most important practical implications of the current analysis involve the observation that
an increase in the number of alternatives increases risk seeking in pure decisions from experience. This effect
is particularly large when the risky alternatives are counterproductive (associated with low EV), and it
emerges even when all the alternatives are replicas of two basic gambles.
One set of implications of this observation involves the design of decision environments that enhance
safety. For example, our ﬁndings imply that rules and constraints that reduce the number of acceptable
behaviors can be effective in bolstering safety even if they do not change the ratio of safe and risky behaviors.
The mere reduction in the number of acceptable behaviors (both risky and safe) is predicted to result in more
people choosing safe over risky alternatives. A second intervention that can reduce risk seeking in the current
context is reliable categorization of the different behaviors. As noted above, clear information concerning the
distinct categories can eliminate the effect of the number of alternatives.
The same observation can also be used to facilitate the design of decision environments that enhance risky
behavior. It seems that the value of this suggestion is well known to casino designers. They apply a similar
idea by investing money and space in order to increase the number of replicated options like slot machines.
A third set of implications involves investment decisions. The current results provide a possible
explanation for the observation that the typical investor appears to avoid risky investments while selecting
between bonds and stocks (see Mehra & Prescott, 1985; Thaler, Tversky, Kahneman, & Schwartz, 1997), but
tend to exhibit risk seeking (e.g., by holding poorly-diversiﬁed portfolios) while comparing different stocks
portfolios (e.g., Barber & Odean, 2000; Blume & Friend, 1975; Kelly, 1995). Under the current explanation
this pattern reﬂects the fact that in the ﬁrst decision the distinction between the two categories (stocks and
bonds) is explicit. Thus, the large number of alternatives has little effect. The distinction between risky and
safe prospects is much less obvious during the selection among stocks portfolios (and/or mutual funds). In
this case, the implied risk is a function of the correlation between the different investments. Thus, this
behavior is more sensitive to the confused chasing effect discussed here.
A ﬁnal set of implications involves the robustness of the tendency to underweight rare events in decisions
from experience (see Barron & Erev, 2003; Erev & Barron, 2005; Hertwig et al., 2004). The current results
suggest that when the rare events are unattractive (like accidents, terrorist attacks, and the outcome of zero in
Problem 5), this tendency is enhanced by an increase in the number of alternatives. This suggestion is
consistent with the observation that the terrorist attacks have larger effect on the (binary) decision whether to
visit an area under attack, than on the selection among the different activities in that area (see Yechiam et al.,
2005a). An increase in the number of alternatives appears to increase the effect of rare attractive outcomes
(low probability prizes and the 32 outcome in Problem 4). However, this increase is relatively small (see
Problem 4), and is eliminated by the provision of information concerning the different categories.
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Summary
The current analysis suggests that an increase in the number of replicated alternatives has two objective
effects that trigger interesting behavioral phenomena. The ﬁrst objective effect involves an increase in the
probability that one of the riskier alternatives will yield the best payoff. The results suggest that human
behavior is sensitive to this effect because people tend to select one of the alternatives with highest recent
payoffs. The second objective effect involves an increase in experienced regret (the difference between the
obtained payoff and the ex-post best payoff). The results suggest that an increase in experienced regret
reduces payoff sensitivity. The joint effect of these tendencies can be captured with a simple ‘chasing and
regret’ model.

APPENDIX—INSTRUCTION
In this experiment you are operating a computerized money machine. Upon pressing a button you will win or
lose some points (the button’s ‘payoff’ in that trial). Your goal is to collect as many points as possible. The
buttons may be different from each other. Your ﬁnal payment will be determined by the number of points you
earn (1 point ¼ 1 agora). For your information, the machine is likely to differ between participants. Good
luck.6
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