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Analysis of binary choice behavior in iterated tasks with immediate feedback reveals robust deviations
from maximization that can be described as indications of 3 effects: (a) a payoff variability effect, in
which high payoff variability seems to move choice behavior toward random choice; (b) underweighting
of rare events, in which alternatives that yield the best payoffs most of the time are attractive even when
they are associated with a lower expected return; and (c) loss aversion, in which alternatives that
minimize the probability of losses can be more attractive than those that maximize expected payoffs. The
results are closer to probability matching than to maximization. Best approximation is provided with a
model of reinforcement learning among cognitive strategies (RELACS). This model captures the 3
deviations, the learning curves, and the effect of information on uncertainty avoidance. It outperforms
other models in fitting the data and in predicting behavior in other experiments.
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learning in games

Experimental studies of human decision making in iterated tasks
reveal a general tendency to respond to immediate feedback in an
adaptive fashion. In line with the law of effect (Thorndike, 1898),
the probability of successful responses tends to increase with time.
Nevertheless, under certain conditions, human adaptation does not
ensure maximization. Early research demonstrated robust devia-
tions from maximization that can be summarized with the proba-
bility matching assumption (see Estes, 1950, and our discussion
below). Under this assumption, the proportion of time an alterna-
tive is selected is identical with the proportion of time in which this
alternative provides the best outcome.

The main goal of the current research is to improve our under-
standing of the relationship between adaptation and maximization.
In particular, we try to integrate the knowledge accumulated in
early studies of probability matching with observations drawn
from more recent studies of decisions from experience (e.g., Bar-
ron & Erev, 2003; Busemeyer, 1985). We focus on simple situa-
tions in which decision makers (DMs) repeatedly face the same
binary choice problem and receive immediate feedback after each
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choice. The main results of the current analysis are summarized in
four sections.

In the first section, we review the known deviations from
maximization and show that they can be attributed to three distinct
effects. One set of deviations can be classified as indicating a
payoff variability effect (Busemeyer & Townsend, 1993; Myers &
Sadler, 1960): An increase in payoff variability seems to move
choice behavior toward random choice. A second set of deviations
indicates underweighting of rare events (Barron & Erev, 2003):
DMs tend to prefer the alternative that provides the best payoff
most of the time, even when this alternative is associated with a
lower expected return. A third set of deviations involves loss
aversion (see Kahneman & Tversky, 1979): In certain cases,
subjects tend to prefer alternatives that minimize losses over those
that maximize payoffs.

The second section highlights the relationship of the results to
the probability matching assumption. It shows that this simple
assumption provides a good prediction of the main results. Yet the
predictions are biased in five ways. The main biases can be
captured with an extended probability matching model.

The third section clarifies the implications of the current results
to the attempt to develop descriptive learning models. In it, we
develop and compare alternative models of the joint effect of the
observed behavioral tendencies. The results demonstrate the value
of models that assume that the different deviations from maximi-
zation can be summarized as negative by-products of three rea-
sonable cognitive strategies. The best fit of the experimental data
and of a related thought experiment is provided by a four-
parameter model that assumes reinforcement learning occurs
among the different cognitive strategies.

In the fourth section, we explore the predictive validity of the
proposed models. The results highlight the robustness of the learn-
ing models that best fit the data. With the original parameters,
these models provide good predictions of the outcomes of 27 tasks
studied by Myers, Reilly, and Taub (1961, in a systematic exam-
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ination of the relative effects of incentives and probabilities) and
capture the results obtained in studies of repeated plays of matrix
games with a unique mixed-strategy equilibrium (the 10 conditions
studied in Erev, Roth, Slonim, & Barron, 2002).

Three Paradigms and the Observed Deviations From
Maximization

The current review focuses on three related experimental para-
digms. In all three paradigms, the DMs are faced with the same
decision problem many times and have limited initial information.
The DMs are instructed (and motivated) to try to use the (imme-
diate and unbiased) feedback they receive after each choice to
maximize their earnings.' The first paradigm considered here,
known as probability learning, was extensively studied in the
1950s and 1960s in research that focused on the probability match-
ing assumption (see reviews in Estes, 1964, 1976; Lee, 1971; Luce
& Suppes, 1965; Shanks, Tunney, & McCarthy, 2002; Vulkan,
2000). In each trial of a typical probability learning study, the DM
is asked to predict which of two mutually exclusive events (E or
not-E) will occur—for example, which of two lights will be turned
on. The probability of each event is static throughout the multitrial
experiment. The DMs receive no prior information about proba-
bilities but know the payoff from correct and incorrect predictions.
Immediately after each prediction, the DMs can see which event
occurred and can calculate their payoffs (and forgone payoffs).
The left column in Figure 1 summarizes a typical trial.

The second paradigm involves a choice between two unmarked
buttons on the computer screen (see the center column in Figure 1
for an example). In each trial, the DM is asked to click on one of
the buttons. Each click leads to a random value drawn from a
payoff distribution (a play of a gamble) associated with the se-
lected key. The distributions do not change during the experiment.
The DM receives no prior information concerning the relevant
payoff distributions but can see the drawn value (the obtained
payoff) after each trial. We refer to this basic setting as the minimal
information paradigm.

The third paradigm is a variant of the minimal information
paradigm with more complete feedback. After each choice, the
DM is presented with random values drawn from the payoff
distributions of each of the two buttons—but payoffs are deter-
mined on the basis of the value of the selected button. The
additional feedback is often referred to as information concerning
forgone payoffs. A typical trial in this complete feedback paradigm
is presented in the right column of Figure 1.

To demonstrate the observed deviations from maximization,”
we summarize in the current section the results of 40 experimental
conditions, each of which involves at least 200 trials. To facilitate
an efficient summary of this large set of data, we focus our analysis
on the aggregate proportion of maximization in blocks of 100
trials.

Recall that in the first trial of the experimental conditions
considered here, subjects are expected to respond randomly (at an
expected maximization rate of around .50). Over the 40 conditions
considered here, the rate of maximization in the second experi-
mental block (Pmax2) was over .72. Thus, on average, experience
leads toward maximization. Nevertheless, examination of the dif-
ferent conditions reveals that they highlight three classes of devi-
ations from maximization.

The Payoff Variability Effect

The most obvious class of failures to maximize immediate
payoffs involves situations with high payoff variability, such as
casino slot machines (see Haruvy, Erev, & Sonsino, 2001). A
particularly clear and elegant demonstration of this effect ap-
pears in a series of articles by Myers and his associates (see
Myers & Sadler, 1960; see also the recent analysis by Buse-
meyer & Townsend, 1993). A simplified replication of this
demonstration is summarized in the top panel of Figure 2. All
three problems displayed in this panel present a choice between
alternative H (high), with an expected value (EV) of 11 points,
and alternative L (low), with an EV of 10 points. The problems
differ with respect to the variance of the two payoff distribu-
tions:

Problems 1-3 (minimal information, 200 trials, n=14, 0.25¢)
Problem 1 11 points with certainty Pmax2 = 0.90
10 points with certainty

Problem 2 11 points with certainty Pmax2 = 0.71
19 points with probability 0.5

1 otherwise

|apii== i et

Problem 3

e

21 points with probability 0.5 Pmax2 = 0.57
1 otherwise

10 points with certainty

=

These problems were examined (see Haruvy & Erev, 2001)
using the minimal information paradigm in a 200-trial experi-
ment with a conversion rate of 0.25¢ per point. The experimen-
tal task was described as the operation of a two-key money
machine that was presented on the computer screen. The sub-
jects were told that each selection would lead to an immediate
payoff and that their goal was to maximize total earnings.
Pmax2 was .90 in Problem 1, .71 in Problem 2, and .57 in
Problem 3 (a summary of individual differences and standard
deviations is presented below).

Notice that the difference between Problems 1 and 3 appears to
reflect risk aversion (H is less attractive when its payoff variability
increases), but the difference between Problems 1 and 2 appears to
reflect risk-seeking behavior (L is more attractive when its payoff
variability increases). This observation suggests that the risk atti-
tude concept found to provide a useful summary of choice behav-

! The focus on immediate feedback implies that the current review does
not include the important effects of delayed payoff and the related Melio-
ration phenomenon explored by Herrnstein and his associates (see Herrn-
stein et al., 1993). The relationship between melioration and the results
reviewed here is discussed in below under the heading Boundaries. In
addition, to facilitate the relationship to the economic literature, the current
review does not consider studies that did not use monetary incentives (see
Hertwig & Ortmann, 2001, for a discussion of this issue).

2 Notice that in the current settings almost any behavior can be justified
as rational; it is possible to find a particular set of prior beliefs that would
lead Bayesian agents to exhibit this behavior. One example emerged from
informal discussion with the subjects of the experiment. One subject said
that he had selected an option that led to bad outcomes in the previous trials
because he felt that it was about time for this option to yield good
outcomes. Finding the optimal response in the current paradigms is more
difficult than in bandit problems (see Berry & Fristedt, 1985) because our
DMs are not informed that the payoff distributions are stable. Thus, the
current paper focuses on deviations from maximization that may not imply
violations of the rationality assumption.
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Experimental Paradigm
Probability Learning Minimal Information Complete Feedback
Typical The current experiment The current experiment includes The current experiment includes
Instructions | includes many trials. Your many trials. Your task, in each many trials. Your task, in each
task, in each trial, is to guess trial, is to click on one of the two trial, is to click on one of the two
which of the two light bulbs keys presented on the screen. keys presented on the screen.
presented on the screen will Each click will result in a payoff Each click will result in a payoff
light up next. One of the two that will be presented on the that will be presented on the
bulbs will light up immediately | selected key, and will be added selected key, and will be added
after your guess. You will win to your fotal payoff. Your goalis | to your total payoff. The payoff
4 Agorot if you have guessed to maximize your total payoff. that you could have obtained
correctly, and win nothing from clicking the second key will
otherwise. Your goal is to be presented on that key. Your
maximize your total payoff. goal is to maximize your fotal
payoff.
Typical trial
1. Initial Predict which side will be | Click on one of the two Click on one of the two
display turned on: keys keys
(the task)
2.
Response X X X
3. Display
after the ® 10 10 | 21
response . - — —
(feedback) | Right was lit. Payoff for this trial: 10 Payoff for this trial:10
Payoff for this trial: 0 Total payoff: 2040 Total payoff: 2040
Total payoff: 2040
Figure 1. The typical instructions and sequence of displays in a typical trial under the three experimental
paradigms.

ior in one-shot tasks, where decisions are made on the basis of a
description of the incentive structure, might be less useful in
summarizing feedback-based choices. Rather, it seems that the
results can be described as a negative side effect of the reasonable
tendency to increase exploration in a noisy environment. When the
payoff variability is large and exploration is counterproductive,
this tendency leads to a payoff variability effect: It moves choice
behavior toward random choice. This effect is particularly strong
when the variability is associated with the high-EV alternative.
The lower panels of Figure 2 present additional demonstra-
tions and clarifications of the payoff variability effect. The
second panel (Problems 4, 5, and 6) shows that the effect is
robust to the payoff domain (gain or loss). These problems were
run using the same procedure as was used in Problems 1, 2, and
3, with the exception that the DMs received a high show-up fee
to ensure similar total expected payoff in the gain (Problems
1-3) and loss (Problems 4—6) domains. The observed robust-
ness implies an important difference between decision making
in one-shot, description-based tasks and decision making in

feedback-based decisions. In one-shot tasks, DMs tend to be
risk averse in the gain domain and risk seeking in the loss
domain. This pattern is referred to as the reflection effect
(Kahneman & Tversky, 1979). Feedback-based decisions, how-
ever, can lead to a reversal of this pattern.

The third panel of Figure 2 (Problems 7-10) shows robust-
ness to the available information. Problems 7-10 are replica-
tions of Problems 1, 3, 4, and 5 using the complete feedback
paradigm. After each choice, the DMs observed two draws,
one from each distribution. The results show that in the current
setting, the additional information increases risk seeking. The risky
option was more attractive in Problem 8 than in Problem 3; it was
also more attractive in Problem 10 than in Problem 5. Yet this
effect is rather weak, and it does not change the basic trend. This
observation implies that the observed behavior cannot be easily
explained as rational exploration in banditlike problems (see Berry
& Fristedt, 1985). It is hard to justify persistent exploration in the
complete feedback paradigm (Problems 7-10) on the basis of
purely rational considerations.
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Subjects RELACS

Haruvy & Erev (2001, minimal information, 200 trials, n=14,
0.25¢)
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,: : [ o— (11)or (19, .5; 1)

1: (1) or (10) 05 ¢ &= A(21,5;1)or (10)
2: (1) or{19, 5, 1) 0.25 4 — L
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Haruvy & Erev (2001, complete feedback, 200 trials, n=10, —= a1 *(-10)or (-11)
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7: (1) or (10) 9: (-10) or (-11) 0.5 ,,gﬁl—x_,,, : R B21, .5 Dor (10)
8:(21,.5;:1) or (10) 10: (-10) or (-21,.5;-1) 0.25 |- _ 1 XC10)or (21,5 -1)
' 0 ,
12 12
Haruvy & Erev (2002, minimal information, 200 trials, n=12, 1 "t e N3 or N(183
0.15¢ ). G s the lotery (5,.5;-5) ors | 8 | gk e
11:N(21,3) or N(18,3)  13: N(21,3)+G or N(18,3) 05 =% | T S N(21'3)+G OrN’(183)+G
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0 |
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Myers ef al. (1963, probability learning, 400 frials, n=20, 1¢)
xif E, -x if not E.

15:x=1P(E)=.6  18:x=10 P(E)=.7
16:x=10 P(E)=.6 19:x=1P(E)=.8
17:x=1P(E)=7  20:x=10 P(E)=.8

" ex=10P(E)=8 +x=1P(E)=8
. X x=10P(E)=7 4 x=1P(E)=.

7
0.75 1 wx=10PE)=6 x=1P(E)=5

0.5

Barron & Erev (2003, minimal information, 400 trials, n=24,
0.25¢)

21: (4,.8;0) or (3)

22: (4,.2;0) or (3,.25,0)

0.76 4+ gt
o0 *(4.80)0r(3)

05 {m'-'—"" g = (4,.2,0) or (3,.25;0)

0.25 f——— - - §

Figure 2. Demonstrations of the payoff variability effect (proportion of maximization [Pmax] in blocks of 100
trials). The notation (x,p;y) describes a gamble that pays x with probability p, y otherwise. N(x,y) means a draw
from a normal distribution with mean x and standard deviation y. Boldface highlights the H (high) alternative.
RELACS = reinforcement learning among cognitive strategies.

The fourth panel of Figure 2 (Problems 11-14, a replication of
Busemeyer, 1985) shows robustness of the effect in a multiout-
come environment. These problems, studied by Haruvy and Erev
(2002; 200 trials, minimal information, n = 12, 0.15¢ per point),
involve choice among normal distributions. A comparison of Prob-
lems 11 and 12 reveals a replication of the observation that an
increase in payoff variability can increase the attractiveness of the
low-EV gamble.

The fifth panel of Figure 2 (Problems 15-20) summarizes an
examination by Myers, Fort, Katz, and Suydam (1963) of the

interaction between the variability effect and payoff magnitude.
All six problems used the following format:

Problems 15-20 (probability learning, 400 trials, n=20, p(E)>0.5)
H x if E occurs, —x otherwise
L x if E does not occur, —x otherwise

Myers et al. (1963) manipulated the value of x (1¢ or 10¢) and of
P(E) (0.6, 0.7, or 0.8) in a 2 X 3 design. The gambles were
presented in a probability learning framework: The DMs were
asked to predict which of two mutually exclusive events (E or
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not-E) would occur. Correct predictions paid x, and incorrect
responses led to a loss of x cents. The results show slow adaptive
learning and a relatively weak and insignificant payoff magnitude
effect.

A payoff variability effect can be observed in one-shot decisions
(see Busemeyer & Townsend, 1993). Yet the effect in repeated
tasks appears to be more robust. An interesting example is pro-
vided by the study of the certainty effect (Kahneman & Tversky,
1979) using a variant of Allais’s (1979) common ratio problems. In
an earlier article, we (Barron & Erev, 2003) examined the two
problems presented in the last panel of Figure 2 (400 trials,
minimal information, n = 24, 0.25¢ per point). Notice that Prob-
lem 22 was created by dividing the probability of winning in
Problem 21 by 4. This transformation does not affect the prediction
of expected utility theory (von Neumann & Morgenstern, 1947)
but does affect behavior. In the one-shot task, it reduces the
attractiveness of the safer alternative (L). Kahneman and Tversky
(1979) called this pattern the certainty effect. It is interesting that
in the repeated task, the division by 4 increases the attractiveness
of the safer alternative. We noted that the repeated choice pattern
can be a result of the payoff variability effect: The payoff vari-
ability (relative to the differences in expected value) is larger in
Problem 22 than in Problem 21. As a result, DMs are less sensitive
to the expected values and behave as if L is more attractive.

Underweighting of Rare Outcomes

A second class of problems in which adaptation does not lead to
maximization involves situations in which the alternative that
provides the best outcome most of the time has the lower expected
payoff. In these situations, the reasonable tendency to rely on the
typical outcomes implies underweighting of rare (low probability)
outcomes. One indication of this pattern is provided by the study
of Problem 23 using the minimal information paradigm (in Barron
& Erev, 2003).

Notice that H has a higher expected value (3.2 vs. 3), but in most
(90%) of the trials, L provides better payoff (3 vs. 0). The pro-
portion of maximization in Trials 101 to 200 was only 0.24.
Moreover, initially, the maximization rate decreased with experi-
ence (see Figure 3).

Figure 3 shows two additional conditions (run using the proce-
dure of Problem 23) that demonstrate the robustness of the ten-
dency to underweight rare events. Problem 24 shows this pattern

EREV AND BARRON

when both alternatives are risky. Problem 25 shows a similar
pattern in the loss domain.

Recall that studies of decision making in one-shot tasks reveal a
strong tendency to overweight small probabilities, leading to im-
portant deviations from maximization. This tendency is captured
by the weighting function of prospect theory (see Gonzalez & Wu,
1999, for a careful analysis of this concept). The results of all three
problems summarized in Figure 3 show that in feedback-based
decisions, DMs tend to deviate from maximization in the opposite
direction. On average, DMs behave as if they underweight rare
events.

The results summarized in Figure 3 could also be captured
with the assumption of an extreme reflection effect (risk aver-
sion in the gain domain and risk seeking in the loss domain; see
Kahneman & Tversky, 1979). Yet this assumption is inconsis-
tent with the results summarized in Figure 2. In addition,
Barron and Erev (2003) observed a preference for the possibil-
ity “loss of 9 with certainty” over the gamble “loss of 10 with
probability 0.9, 0 otherwise.” This pattern contradicts the pre-
diction of the reflection hypothesis and is predicted by the
assumption that low-probability outcomes (the 0.1 probability
to avoid losses) are underweighted.

Examination of how the availability of information concerning
forgone payoffs affects the tendency to underweight rare events
supports the suggestion that this information increases risk seek-
ing. Information concerning forgone payoffs was found to reduce
sensitivity to unattractive rare events (see Yechiam & Busemeyer,
2005) while increasing sensitivity to attractive rare events (see
Grosskopf, Erev, & Yechiam, 2005). Yet both effects are relatively
mild. The tendency to underweight rare events is robust over the
different experimental paradigms.

Barron and Erev (2003) noted that the underweighting of rare
events in repeated decisions can be a product of a tendency to rely
on recent experiences and/or reliance on small samples (see Fied-
ler, 2000; Kareev, 2000). According to the recency argument, rare
events are underweighted because they are not likely to have
occurred recently. Examination of this hypothesis shows that the
recency effect is robust but is only one contributor to the tendency
to underweight rare events. For example, in Problem 25 (“loss of
3 with certainty” or “loss of 32 with probability of 0.1; O other-
wise”), 21 of the 24 subjects exhibited the recency effect: They
were less likely to select the gamble again after a loss of 32. Yet
most subjects (14 of 24) selected the gamble again (in more than

Barron & Erev (2003, minimal information, 400 trials,
n=24, 0.25¢)

23: (32,.1;0) or (3)

24: (32,.025;0) or (3,.25;0)

25:(-3) or (-32,.1;0)

Subjects  RELACS
PMax 1
0751 e B
%1 & ©A(3)or (-32,10)
0.25 .,33”4‘333 = (32,0250) or (3,25,0)
* (32,10 or (3)
0 —
123 4B|00k1 2 3 4

Figure 3. Demonstrations of underweighting of rare events (proportion of maximization [Pmax] in blocks of
100 trials). Boldface highlights the H (high) alternative. RELACS = reinforcement learning among cognitive

strategies.
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50% of the cases) even immediately after a loss of 32. This
observation can be described with the suggestion that at least part
of insensitivity to rare events is a result of reliance on small (and
not necessarily recent) set of experiences.

Loss Aversion and Probability Matching

Studies of behavior in the stock market have led to the
discovery of a third class of maximization failures. Thaler,
Tversky, Kahneman, and Schwartz (1997, and see Gneezy &
Potters, 1997) showed that when the action that maximizes
expected value increases the probability of losses, people tend
to avoid it. That is, the reasonable tendency to avoid losses can
lead to a counterproductive loss aversion. This idea helps
explain the observation that many investors are underinvested
in the stock market (relative to the prescription of reasonable
models). In a replication of these studies, Barron and Erev
(2003) considered the following problem:

Problem 26 (minimal information, 200 trials, n=12, 1¢ per 100 points)
H A draw from a normal distribution with a mean Pmax2 = 0.32
of 100 and standard deviation of 354.
L A draw from a truncated (at 0) normal distribution
with a mean of 25 and standard deviation of 17.7.
(Implied mean of 25.63.)

The proportion of maximization after 200 trials with immediate
payoff was 0.32. Similar results were obtained in the original
studies (Gneezy & Potters, 1997; Thaler et al., 1997) in which
the subjects received more information (including forgone
payoffs).

To establish that the suboptimal behavior observed in Problem
26 is a result of loss aversion, Thaler et al. (1997) compared this
condition with an inflated condition. In Barron and Erev’s (2003)
replication, adding 1,200 to the means of the two distributions
created the inflated condition. That is,

Problem 27 (minimal information, 200 trials, n=12, 1¢ per 100 points)
H A draw from a normal distribution with a mean of Pmax2 = 0.56
1,300 and standard deviation of 354.
L A draw from a normal distribution with a mean of
1,225 and standard deviation of 17.7.

The elimination of the losses increased the proportion of maximi-
zation in the last block to 0.56. The top panel in Figure 4 summa-
rizes the learning curves in the two replications of Thaler et al.
described above. In addition, Figure 4 shows a third condition
(Problem 28) that reveals a further and larger increase in maximi-
zation, obtained by reducing payoff variability.

Thaler et al. (1997) showed that their results are consistent with
the predictions of a myopic version of prospect theory (Kahneman
& Tversky, 1979). According to this theory, loss aversion is a
reflection of the fact that the subjective enjoyment from gaining a
certain amount tends to be smaller than the subjective pain from
losing the same amount. Under this interpretation of Thaler et al.’s
results, loss aversion in repeated-choice tasks resembles loss aver-
sion in one-shot decisions from experience (the decisions captured
by prospect theory). However, other studies of repeated decisions
show important differences between the tendency to avoid losses
in one-shot decisions and loss avoidance in repeated-choice tasks.
A clear demonstration of this difference is provided in Katz
(1964). He found, for example, that in repeated tasks, decision
makers are indifferent between “equal chance for 1 and —1” and

“equal chance for 4 and —4.” Thus, they behave as if their value
function has the same slope in the gain and the loss domains.

Additional data concerning the effect of losses come from
probability learning studies that manipulated payoff signs. Seven
of the experimental conditions considered here focused on the
following task:

Problems 29-35 (probability learning, 400-500 trials, P(E)>0.5)
H G if E occurs, B otherwise
L G if E does not occur, B otherwise

The second panel in Figure 4 summarizes Siegel and Gold-
stein’s (1959) study that compared two problems with P(E) = 0.75
and G = 5¢. The value of B was 0 in Problem 29 and —5¢ in
Problem 30. Thus, G stands for the good payoff, and B stands
for the (relatively) bad payoff. The proportion of maximization
in the second block was 0.85 and 0.95 in Problems 29 and 30,
respectively.

The higher maximization rate in Problem 30 can stem from the
larger difference between G and B (5 or 10) and/or a positive effect
of the losses. To evaluate the possibility that losses can facilitate
maximization, Erev, Bereby-Meyer, and Roth (1999, and see
Bereby-Meyer & Erev, 1998) examined Problems 31-35 (n = 14).
They used the parameters P(E) = 0.7, G = 6, 4, 2, 0 or —2; and
B = G — 4 (with a conversion rate of 0.25¢ per point). The results,
presented in the third panel of Figure 4, show a nonlinear effect of
G on learning speed: Maximal learning speed was observed when
G was 2 or 0.

To compare alternative explanations of the nonlinear effect of G
in Problems 30-34, Erev et al. (1999) ran four additional condi-
tions that can be summarized as follows:

Problems 36-39 (probability learning and minimal information, n=9,
550 trials, P(E)=0.7, P(F)=0.9, 0.25¢ per point)
H G if E and F occur, B if not-E and F occur, O otherwise
L G if not-E and F occurs, B if E and F occur, 0 otherwise

The value of G was 6 (Problems 36 and 38) or —2 (Problems 37
and 39). As in Problems 31-35, B = G — 4. Problems 36 and 37
were studied in a probability-learning paradigm and Problems 38
and 39 in a minimal information paradigm. The results (displayed
in the fourth panel of Figure 4) show very small (and insignificant)
differences between the four conditions.

An evaluation of Problems 26-39 suggests that the main results
can be summarized as a loss-aversion—probability matching effect:
That is, the availability of an alternative that minimizes the prob-
ability of losses moves choice behavior from probability matching
toward preferring this alternative. Recall that probability matching
implies a matching of the choice probabilities to the proportion of
trials in which the selected alternative maximizes earnings. In
Problems 30, 33, and 34, probability matching implies a lower
maximization rate (75% or 70%) than does selecting the action that
minimizes the probability of losses (Action H). In Problem 27,
however, probability matching implies a 58% maximization rate,
and the action that minimizes the probability of losses is L.

The lower panel in Figure 4 presents a comparison that high-
lights the possible trade-offs and interactions between loss aver-
sion and the payoff variability effect. Notice that the payoff vari-
ability effect implies a higher maximization rate in Problem 40
than in Problem 21 (because in Problem 40, H involves less
variability). Loss aversion implies the opposite (because in Prob-
lem 40, H involves a higher loss rate). The results (minimal
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Figure 4. Demonstrations of the loss rate effect (proportion of maximization [Pmax] in blocks of 100 trials).
N(x, y) means a draw from a normal distribution with mean x and standard deviation y. E and not-E are two
mutually exclusive events. Boldface highlights the H (high) alternative. “TN(25, 17.7) is a truncated (at 0) normal

distribution.

information, 400 trials, n = 24, 0.25¢ per point) show an insig-
nificant difference between the two problems. Thus, in the current
example, the two effects appear to cancel each other out.

Comparison of the Three Paradigms

The previous section focuses on behavioral regularities (devia-
tions from maximization) that appear to occur under all three
experimental paradigms considered here. Obviously, however,
there are also interesting differences between the paradigms. Two
differences are particularly relevant to the current analysis. The
first of these involves a correlation effect. As demonstrated by
Diederich and Busemeyer (1999), when the payoffs of the two
alternatives are positively correlated, the availability of informa-
tion concerning forgone payoffs eliminates the payoff variability
effect. Specifically, when Alternative H dominates L in all trials,
payoff variability has little effect.

The second difference involves the effect of forgone payoffs on
implied risk attitude. As noted above, the availability of informa-

tion about forgone payoffs increases the tendency to select the
riskier alternative. This pattern can be described as the outcome of
a stickiness effect: In the absence of information about forgone
payoffs, sequences of bad outcomes (that are likely to come from
the riskier alternative) have a lasting effect because they inhibit
future updating of the tendency to select this alternative. This
effect is an example of the more general hot stove effect high-
lighted in Denrell and March (2001).

The Relationship to Probability Matching

Early attempts to summarize the behavioral regularities ob-
served in experimental studies of iterated decision tasks have
demonstrated the value of the probability matching assumption
(see Estes, 1950). To clarify the relationship of the current results
to probability matching, we derived the predictions of this assump-
tion to the experimental conditions summarized above. The pre-
dictions were derived by computing (for each problem) the prob-
ability that Alternative H provides the best outcome in one
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randomly selected trial. According to the probability-matching
assumption, the observed H rate matches this probability. Notice
that the probability-matching assumption implies sensitivity to
forgone payoffs and to the correlation between the outcomes of the
two alternatives. When forgone payoffs are known, the best alter-
native is determined by comparing the outcomes in the same trial.
When forgone payoffs are unknown, the computation of the best
alternative is based on pairing different random trials for each
alternative.

Table 1 presents the 40 experimental conditions considered
above (in the leftmost column), the observed H rate in the second
block (in the Pmax2 column), and (in the Probability matching
column) the predicted H rate under the probability matching as-
sumption. The results show high correlation (r = .81) between the
observed and predicted proportions (see the related observation in
Blavatskyy, 2004). The mean squared deviation (MSD) between
the observed and predicted rates is 0.017. This value is much better
than the MSD of the maximization assumption (0.120) and the
expected MSD under random choice (0.080).

In addition, the results reveal five types of deviations from
probability matching. First, in most cases (27 out of 40), the
observed maximization rate is larger than the probability matching
predictions (see early observations in Edwards, 1961; Siegel &
Goldstein, 1959). A second bias involves situations in which
probability matching implies maximization. In these cases (Prob-
lems 1, 4, 7, 9, and 28), the observed maximization rate deviates
from this prediction in the direction of random choice. A third bias
emerges in the minimal information paradigm when H has higher
payoff variability than L and probability matching implies a mod-
erate (38% to 80%) maximization rate. In six of the seven prob-
lems with these characteristics (Problems 6, 21, 22, 24, 26, and 27,
the sole exception is Problem 3), the observed maximization
rate is lower than the probability matching predictions. This
bias can be described as an indication of the stickiness effect. A
forth bias is suggested by Problem 40 and the larger deviation
from probability matching in Problem 26 relative to Problem
27: a deviation from probability matching toward the low-EV
alternative that minimizes the probability of losses. Finally,
Problem 13 reflects a small deviation toward random choice
that can be described as an indication of slow learning in
situations with high payoff variability.

An Extended Probability Matching Model

The observation that the predictions of the probability matching
assumption are useful (highly correlated with the data) but biased
in easy-to-describe ways suggests that it should be easy to refine
this assumption so as to capture the data without losing the original
insight. To explore this possibility, we considered (and present in
Table 1) six variants of the probability-matching assumption. The
first variant, referred to as PM2, assumes that the observed H rate
matches the proportion of time in which Alternative H provides the
best outcome in a sample of two randomly selected trials.

We also consider extensions of this idea with larger sample
sizes. Variant PMk assumes that the observed H rate matches the
proportion of time in which Alternative H provides the best out-
come in a sample of k randomly selected trials.

The final variant of probability matching considered here was
motivated by the data summarized in Figure 4. It assumes there is
an interaction between loss aversion and probability matching.

Under this variant, referred to as PM-LA, the DMs follow the
probability matching predictions when the two alternatives lead to
identical loss rates but prefer the alternative with the lower loss
rate otherwise.

High Correlation and Five Deviations

The bottom panel in Table 1 presents the correlation between
the different variants and the observed H rate, as well as the
relevant MSD scores. The results show that the data are best
captured with the PM3 and PM4 predictions. This observation is
consistent with recent demonstrations of the tendency to rely on
small samples (see Fiedler, 2000; Kareev, 2000). When all seven
variants are entered into a regression analysis, five of the seven can
be eliminated without impairing the fit. The predictors that cannot
be eliminated are PM4 and PM-LA (p < .05). The advantage of
these predictors is robust to the method of analysis (linear regres-
sion or logistic regression).

To simplify the interpretation of the regression analysis, we
focus on a linear model that allows random choice and that
predicts rates between 0 and 1. That is, we focus on models of the
type Prediction = b1(PM4) + b2(PM-LA) + 53(0.5) with the
constraint b1 + b2 + b3 = 1. The estimated free parameters are
bl = .62 and b2 = .22 (and the hypothesis b1 + b2 + b3 = 1
cannot be rejected). Thus, our favorite variant of the probability-
matching assumption, referred to as the extended probability
matching (EPM) model, assumes that the proportion of H choices
is given by P(H) = .62(PM4) + .22(PM-LA) + .16(0.5). The
correlation of this model with the data (Pmax2) is .94, and the
MSD is 0.005.

An Abstraction of the Learning Process

The main shortcoming of the EPM model presented above is its
static nature. This model cannot capture either the stickiness effect
or the observed increase in maximization with experience. To
capture the observed learning curves, we explore in the current
section models that describe the basic ideas of the EPM model as
properties of a learning process.

Reinforcement Learning Among Cognitive Strategies
(RELACS)

The first learning model considered here assumes that reinforce-
ment learning occurs among cognitive strategies (see Erev & Roth,
1999, and related ideas in Busemeyer & Myung, 1992; Erev, 1994,
1998; Luce, 1959; Payne, Bettman, & Johnson, 1993; Skinner,
1953; Stahl, 1996). Specifically, the model assumes that in each
trial, the DM follows one of three cognitive strategies (decision
rules). The probability that any given rule will be used is deter-
mined by reinforcements derived from previous experiences with
the rule. The model, referred to as RELACS, can be summarized
with the following assumptions.

Fast Best Reply

The observation that the PM4 rule provides good fit to the
current data is captured here by the assumption that one of the
cognitive strategies considered by the decision makers is a
weighted adjustment rule (and see similar abstractions in Bush &
Mosteller, 1955; Estes, 1950; March, 1996; Sarin & Vahid, 2001):
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Evaluation of the Probability Matching Predictions

Variants of probability matching (PM)

Problem and Probability
paradigm Alternative H Alternative L Pmax2 matching PM2 PM3 PM4 PMS PM6 PM-LA EPM
1 MI (11) (10) 0.87* 1.00 .00 1.00 1.00 1.00 1.00 1.00 0.92
2 MI (11) (19, .5; 1) 0.74 0.50 0.75 050 069 050 0.66 0.50 0.62
3MI (21, .55 1) (10) 0.59 0.50 0.75 050 0.69 050 0.66 0.50 0.62
4 MI (—10) (—11) 0.97* 1.00 1.00  1.00 1.00 1.00 1.00 1.00 0.92
5MI (—10) (21, .5; 1) 0.57 0.50 0.75 050 0.69 050 0.65 0.50 0.62
6 MI (=19, .5; —1) (—11) 0.46* 0.50 0.75 050 069 050 0.65 0.50 0.62
7CF (11) (10) 0.96* 1.00 .00 1.00 1.00 1.00 1.00 1.00 0.92
8 CF (21, .55 1) 10 0.68 0.50 0.75 050 069 050 0.66 0.50 0.62
9 CF —10 —11 0.95 1.00 .00 1.00 1.00 1.00 1.00 1.00 0.92
10 CF —10 (=21, .5; —1) 0.55 0.50 0.75 050 068 050 0.66 0.50 0.61
Problems 11-14: G is the gamble (=5, .5; +5)
11 MI N(21,3) N(18,3) 0.91 0.76 0.84 0.89 092 094 096 0.76 0.82
12 MI N(21,3) N(18,3) + G 0.81 0.64 0.73 078 081 0.85 0.87 0.64 0.73
13 MI N21,3) + G N(18,3) 0.62* 0.64 0.73 078 081 0.84 0.87 0.64 0.73
14 MI N21,3) + G N(18,3) + G 0.65 0.64 0.69 073 076 079 0.81 1.00 0.77
Problems 15-20: H = (x if E; —x if not-E); L = (—x if E; x if not-E)
15PL x=1, P(E)y= .6 0.58* 0.60 0.65 0.68 071 073 0.75 1.00 0.74
16 PL x=10,PE) = .6 0.60 0.60 0.65 068 071 074 0.75 1.00 0.74
17 PL x=1, P(E)y=.7 0.78 0.70 0.79 0.84 088 090 0.92 1.00 0.84
18 PL x=10,PE) =.7 0.82 0.70 0.78 0.84 087 090 0.92 1.00 0.84
19 PL x=1, P(E)y=.8 0.89 0.80 0.89 094 097 098 0.99 1.00 0.90
20 PL x=10,PE) = .8 0.88 0.80 0.89 094 097 098 0.99 1.00 0.90
21 MI (4, 0.80; 0) 3) 0.62* 0.80 0.64 052 062 074 0.65 0.80 0.64
22 MI (4, 0.20; 0) (3, 0.25; 0) 0.48* 0.50 0.52 053 054 055 054 0.50 0.52
23 MI (32; 0.10; 0) 3) 0.24 0.10 0.19 028 035 041 047 0.10 0.32
24 MI (32, 0.025; 0) (3, 0.25; 0) 0.30* 0.39 032 027 024 022 022 0.39 0.32
25 MI (—=3) (=32, 0.10; 0) 0.41 0.10 0.19 027 034 041 047 0.10 0.32
26 MI N(100, 354) TN(25, 17.7) 0.32% 0.58 0.62 064 0066 0.68 0.70 0.00 0.49
27 MI N(1300, 354) N(1225, 17.7) 0.56* 0.58 0.62 0.64 066 0.68 0.70 0.58 0.62
28 MI N(1300, 17.7) N(1225, 17.7) 0.94* 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.92
Problems 29-35: H = (G if E; B if not-E); L = (B if E; G if not-E)
29 PL P(E)=.75,G =5 B=0 0.85 0.75 0.84 090 093 095 097 0.75 0.82
30 PL P(E)=.75,G =5 B=-5 0.95 0.75 0.84 089 093 095 097 1.00 0.88
31 PL PE)=.7 G=6, B=2 0.80 0.70 0.78 0.84 087 090 0.92 0.70 0.78
32 PL PE)=.7 G=4 B=0 0.78 0.70 0.78 0.84 087 090 0.92 0.70 0.78
33 PL PE)=.7 G=2, B=-2 0.89 0.70 0.78 0.84 087 090 0.92 1.00 0.84
34 PL PE)=.7 G=0, B=—4 0.88 0.70 0.78 0.84 087 090 0.92 1.00 0.84
35PL PE)=.7 G=-2,B= -6 0.80 0.70 0.78 0.84 087 090 0.92 0.70 0.77
Problems 36-39: P(E) = .7; P(F) = .9; H = (G if E&F, B if not-E&F, 0 otherwise); L = (B if E&F, G if not-E&F, 0 otherwise)
36 PL G=6, B=2 0.82 0.68 0.76 0.82 086 089 091 0.68 0.76
37PL G=-2,B=-6 0.81 0.68 077 082 086 0.89 091 0.68 0.76
38 MI G=6, B=2 0.76 0.66 0.74 078 082 0.85 0.87 0.66 0.73
39 MI G=-2,B=-6 0.78 0.66 0.74 079 082 085 0.87 0.66 0.81
40 MI (—=3) (—4, 0.80; 0) 0.61* 0.80 0.64 051 061 074 0.65 0.80 0.64
Correlation with Pmax2 0.81 0.86 0.89 092 0.87 0.90 0.81 0.94
MSD (X100) 1.71 1.07 092 1.03 142 1.56 2.70 0.50

Note. The left-hand columns present the 40 problems and the observed maximization rate in the second block (Pmax2). MI = minimal information; CF =
complete feedback; PL = probability learning; E and not-E = two mutually exclusive events; B = the relatively bad payoff; MSD = mean squared
deviation; PM-LA = probability matching with an interaction with loss aversion; H = high; L = low. The notation (x,p;y) describes a gamble that pays
x with probability p, y otherwise. The notation (x if E; y if not-E) implies a gamble that pays x if E occurs and y otherwise. N(x,y) means a draw from
a normal distribution with mean x and standard deviation y, TN(X, y) is a truncated (at zero) normal distribution. Asterisks (*) stand for lower maximization
rate than the prediction of probability matching. The right-hand columns present the prediction of the probability matching assumption, different variations
of this assumption, and the extended probability matching model (EPM).
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Assumption 1. In certain trials, the DM follows a fast best
reply strategy that implies the selection of the action with the
highest recent payoff. The recent payoff of action j is:

Ri(t+ 1) =R(»[1 — B] + v(1),8 (D

where v(7) is the observed payoff from j in trial #, and B8 (0 < B <
1) is a recency parameter: High values imply extreme overweight-
ing of recent outcomes. Random choice is assumed when both
actions have the same recent payoff. The recent value of action j
is not updated in trials in which the payoff from j is not observed.
The initial value R,(1) is assumed to equal the expected payoff
from random choice (e.g., 10.5 in Problem 2).

When forgone payoffs are available, the correlation between the
predictions of this rule (with 8 = .5) and the prediction of the PM4
rule is .98. Thus, the two rules capture very similar tendencies. The
fast best reply abstraction is preferred here because it is consistent
with the evidence of recency and stickiness effects considered
above.

Loss Aversion and Case-Based Reasoning

The relationship between payoff sign and probability matching
(and the value of the PM-LA rule) is assumed here to result from
the use of a case-based decision rule. This rule implies an initial
tendency to select whatever action led to the best outcome in a
similar case in the past (see related ideas in Gilboa & Schmeidler,
1995; Logan, 1988; Riesbeck & Schank, 1989). Because all pre-
vious trials (cases) are objectively equally similar (in the condi-
tions considered here), the current implementation of this rule
assumes that one of the similar cases is randomly selected.

Loss aversion is abstracted with the assertion that when the
initial tendency implies a selection of the action associated with
higher recalled loss rate, it is reversed.

Assumption 2. One of the strategies considered by the DM
involves case-based reasoning with a loss-minimizing consistency
check. When this strategy is used before observing at least one
outcome from each action (or if all previous outcomes were
identical), it implies random choice. In other situations, this strat-
egy implies selection of the action expected to be more attractive
on the basis of the following two-stage belief-forming rule.

In the first stage, one of the previous trials is (randomly)
recalled, and the observed outcomes in that trial form the beliefs
for the current trial. If the forgone payoffs from that trial are not
known, a second trial is (randomly) recalled from the set of trials
for which the DM has knowledge of payoffs from the action not
observed at the first recalled trial. If the two actions have the same
payoffs in the sample (but are not identical to all previous payoffs),
the operation is repeated to break the tie.

In the second stage, the DM is assumed to check the beliefs
formed in the first stage and reject them if the action with the
higher payoff in the initial stage is recalled to be associated with
more frequent and larger average losses. To perform this “loss
consistency test,” the DM recalls k additional past outcomes and
computes the number of losses and the total losses from each
action over the k + 1 recalled trials per action. The exact number,
k=0,1,2,...,1s afree parameter that captures sensitivity to rare
losses. If both measures point in the opposite direction of the initial
belief (i.e., if the action with the higher payoff in the first stage is
associated with more losses and higher total losses over the k + 1

trials), the belief is reversed. In other words, the action associated
with fewer and smaller losses is believed to be more attractive.

Notice that this case-based rule is a refined version of the
PM-LA rule. The refinement involves the assertion that the LA
criteria are less likely to be used when it is not easy to see which
alternative minimizes losses. In the current setting, the correlation
between the two rules (with k = 10) is .98.

Diminishing Random Choice and Slow Best Reply With
Exploration

The observations that a certain percentage of random choices
improves the fit of the EPM model and that maximization tends to
increase with experience are captured here with the assumption
that one of the strategies considered by the DMs involves a slow
best reply process. This strategy implies there is approximately
random choice at the beginning of the learning process and a slow
learning toward preferring the strategy likely to maximize earn-
ings. The learning speed is assumed to depend on the payoff
variability effect (see similar abstractions in Busemeyer, 1985;
Erev et al., 1999; Friedman & Mezzetti, 2001; Myers & Sadler,
1960; Weber, Shafir, & Blais, 2004).

Assumption 3. The third strategy considered by the DM can be
abstracted as a slow best reply rule. This strategy assumes a
stochastic response rule that implies continuous but diminishing
exploration. The probability that alternative (action) j is taken at
trial 7 is

2
pit) = eWioVsw / E(ewk(rwsm) )
J

k=1

where A is an exploitation—exploration parameter (low values
imply more exploration), W;(7) is the weighted average payoff
associated with alternative j, and S(f) is a measure of payoff
variability.

The weighted average rewards are computed like the recent
payoffs with the exception of a slower updating parameter o (0 <
a < B). That is, W(1) = R;(1) and

Wt + 1) = W[l — a] + v(D,a 3)

The initial value of the payoff variability term, S(1), is computed
as the expected absolute difference between the obtained and
expected payoffs from random choice. For example, in Problem 2,
where H = 11 and L = 19 with a probability of 0.5, 1 otherwise,
S(1) = 0.5Abs(11 — 10.5)+ 0.5[0.5Abs(1 — 10.5) +0.5Abs(19 —
10.5)] = 4.75. This definition implies a large initial payoff vari-
ability effect. To capture the observation that the payoff variability
effect is more sensitive to the variability of Alternative H, we
assume that the payoff variability measure moves toward the
observed mean absolute difference between the obtained payoff
v(¢) and the maximum of the last observed payoffs from the two
actions (Last, and Last,). That is,

S(t+1) =801 — a] + ABS[v(?)
— Max(Last,, Last))Ja  (4)

Notice that when forgone payoffs are known and the selected
action has a higher payoff, v(r) = Max(Last,, Last,). Thus, in
this case, S(r + 1) moves toward 0. In addition, the current
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abstraction captures the effect of correlated outcomes. When
forgone payoffs are known, positive correlation reduces the
expected value of S(z + 1).

Choice Among Strategies

The final assumption implies reinforcement learning among the
cognitive strategies.

Assumption 4. Choice among strategies follows the stochastic
choice rule described in Assumption 3, with one exception: The
strategy’s weighted average is updated only in trials in which the
strategy was used. As in Assumption 3, the initial values are
assumed to equal the expected payoff from random choice.

In other words, when a strategy leads to a desired outcome (the
outcome is higher than the current propensity), the probability that
it is used again increases. An undesired outcome has the opposite
effect. This updating process is assumed to occur only after a
selection of the strategy because the derivation of the forgone
payoff from an unselected strategy requires costly computations.
The DM has first to derive the implications of each of the three
strategies that are updated according to the observed payoffs.
Thus, it is natural to assume that these computations are not made.

Descriptive Value

To fit the model (i.e., estimate the parameters), we ran computer
simulations in which virtual DMs that behave according to the four
assumptions discussed above participated in a virtual replication of
the 40 experimental conditions. (To reduce the risk of program-
ming errors, the simulations were run using two independent
computer programs, one in SAS [Version 9.1] and the other in
Visual Basic [Version 6]). The four parameters were fitted by
considering a wide set of possible values (on the space 0 < o <
1,0<A<20,a<pB<1,and 1 < k < 20). Then 200 simulations
were run in each of the 40 problems under each set of parameter
values. The following steps were taken in trial 7 of each simulation:

1. The virtual DM selected a cognitive strategy that deter-
mined an action.

2. The payoff of the observed actions was determined on the
basis of the problem payoff rule. (To facilitate compari-
son with models that imply sensitivity to payoff magni-
tude, we converted the payoffs to their current value in
cents. The conversion rate from the late 1950s—early
1960s data was 1:5.)

3. The maximization rate was recorded.

4. The values assumed to affect future choices were up-
dated.

Each set of simulations resulted in a predicted learning curve in
each of the 40 problems under each set of parameters. Like the
experimental data set, the predictions were summarized by the pro-
portions of Pmax in blocks of 100 trials. The fit of each set of
simulations was summarized by the MSD between the aggregated
observed and the predicted curves. The average MSD of each prob-
lem (over the 2 to 5 blocks) received the same weight. The parameters
that minimize this score are A = 8, a = .00125, 3 = 0.2, and k = 4.

Table 2 summarizes the MSD scores of the models studied here
(the first MSD column shows the results for the current data set, while
the other columns and the lower rows show generalization scores and
scores of alternative models, described below). It shows that the score
of RELACS is 0.0036. This score implies that the average distance
between the observed and predicted proportions (that can assume
values between 0 to 1) is below .06. A more informative evaluation of
the magnitude of this score is provided below.

The cells on the right side of Figures 2-5 show the learning
curve implied by the model. A comparison of the data with the
model reveals good qualitative fit. For example, the model repro-
duces the nonmonotonic trend observed in Figure 3 and the top
panel of Figure 4. In Problems 23, 25, and 26, the model captures
the initial learning to prefer L, as well as the slight increase in the
proportion of H choices with experience.

In an initial evaluation of the model, it was compared with four
baseline models: the EPM rule described above, expected value
maximization (Pmax of 1), random choice (Pmax of 0.50), and a
five-parameter model that fits the mean of each block (over the 40
curves) to each of the curves. As noted above, the MSD of EPM
for the second block (the block used to fit this model) is 0.005, and
the MSD of RELACS in that block is 0.0035. This comparison
suggests that the added assumptions needed to capture the dynamic
do not impair the fit. The MSD scores of the other baseline models
(cf. second panel in Table 1) are 0.0792, 0.0528, and 0.0211,
respectively. The advantage of RELACS over the five-parameter
baseline suggests that it captures some of the robust differences
between the different problems.

Simpler Models and the Role of the Different Assumptions

Three sets of analyses were conducted in an attempt to clarify the
relative importance of the different assumptions captured in
RELACS. The first set of analyses, summarized in the second section
of Table 2, focuses on simpler models proposed in previous research.
Those models, which include stochastic fictitious play (see Cheung &
Friedman, 1998; Fudenberg & Levine, 1998) and reinforcement
learning (see Roth & Erev, 1995), can be described as variants of a
simplification of RELACS that assume that only one cognitive strat-
egy, slow best reply, is used in all trials. The results of these analyses
highlight the importance of the abstraction of the payoff variability
effect, the division by S(#). Table 2 shows that this assumption reduces
the MSD of the simple models by more than 50%. In addition, the
results suggest that these simple models are too simple. Even with
abstraction of the payoff variability effect, their MSD scores are
higher than the RELACS score by more than 100%. The failures of the
basic models suggest that they tend to overpredict the stickiness effect.

A second set of analyses focuses on versions of RELACS that
assume that only two of the cognitive strategies are used. Com-
parison of the different models shows, again, the importance of the
slow best reply rule that captures the payoff variability effect. The
abstraction of fast best reply seems to be less important: The MSD
of the model that ignores this tendency is 0.0053.

The third set of analyses considers variants of RELACS that
abstract all three cognitive strategies. These analyses lead to the
surprising finding that the assumption of learning among the
different strategies is not very important in the current context.
That is, a model that assumes random choice among the three
cognitive strategies fits the data almost as well as RELACS does.
Another interesting observation is the weak sensitivity to the
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MSD (X100) by data set

Model Parameters Devi Rep Rand
RELACS A=38,a=000125 =02k =4 0.36 0.40 0.53
Baseline
Extended probability matching (EPM) (MSD for the Devi
set computed on second block) bl = 0.62, b2 = 0.22 (0.50) 0.91
Maximization and/or equilibrium® 7.92 9.02
Random 5.28 8.49
No-problem effect (the parameters are the blocks’ means bl = 0.65, b2 = 0.72, b3 = 0.73, 2.11
over problems) b4 = 74, b5 = .88
One-strategy variants of RELACS
Stochastic fictitious play (SFP): RELACS with the
constraints that the slow best reply rule is used in all
trials and S(z) = 1 A=1, a=0.033 1.89 1.87 0.82
SFP-pv: (with payoff variability effect): Like SFP without
the constraint S(r) = 1 A =3, a=001 1.09 1.71 1.43
Reinforcement learning (RL): Like SFP with the additional
constraint that propensities are updated only in trials in
which the alternative was selected A=1, a=0.033 2.13 1.43 0.82
RL-pv (with payoff variability effect): Like RL without the
constraint S(t) = 1 A=3, a=00l 1.03 0.67 1.43
Two-strategy variants of RELACS
Without slow best reply A=3, «a=00014, B=0.02 k=4 1.69 1.05 0.64
Without fast best reply A=38, a=0002 k=4 0.52 0.70 0.67
Without case based A=15, a=000125 B8 =02 0.68 0.57 0.54
Three-strategy variants of RELACS
RELACS w/o learning among cognitive strategies (random
choice among the three strategies) A =16, « = 0.0006, B=02,k=4 0.36 0.42 0.53
RELACS with the constraint S(f) = S(1) (with stable payoff
variability effect) A=9, a=00011, B=02,k=4 0.38 0.41 0.56
RELACS with the constraint 3 = 1 (maximal recency) A =10, « = 0.0033, k=4 0.54 0.53 0.60
RELACS with the constraint k = ¢ A=7, a=0.0014, B=02 0.50 0.58 0.65
RELACS with the constraint k = round(1/8) A=12, « = 0001, B=02 0.37 0.41 0.54
RELACS with the constraint « = B/t A=16,8=02, k=4 0.40 0.60 0.54
RELACS with the constraint that the weighted values of the
actions are updated only after selection. A=11,a=0.0011, B=02, k=4 0.40 0.41 0.51

Note. The parameters were estimated on the 40 problems used to demonstrate the deviations from maximization (the Devi set). The cross-validation
focuses on the 27 problems representatively sampled by Myers et al. (1961; the Rep set), and the 10 randomly selected games studied by Erev et al. (2002;
the Rand set). RELACS = reinforcement learning among cognitive strategies; MSD = mean squared deviation.

# Maximization in the Devi and Rep sets and equilibrium in the Rand set.

assumption of a diminishing payoff variability effect: The con-
straint S(#) = S(1) increases the MSD score by less than 2%. These
results are important because they show that some of the details
assumed in RELACS are not necessary to capture the current data
set. Yet we favor the complete version of RELACS, because it is
easy to come up with situations in which the simplifications
examined here lead to unreasonable predictions. A clarifying
thought experiment involves the following problem:

Problem 41 (complete feedback)
H 1,000 with certainty
L 1,001 with p = 0.9, 0 otherwise

The random choice version of RELACS implies at least 30% L
choices (even after long experience); a similar prediction is made

under reinforcement learning among strategies with the constraint
S(#) = S(1). The complete version of RELACS, however, leads to
the reasonable prediction that experience moves behavior toward
maximization in Problem 41.

Additional results, summarized in the last section of Table 2,
show weak sensitivity to the amount of information used to com-
pute the implications of the different strategies.

Generalization Test

Recall that the 40 experimental conditions studied above were
selected to demonstrate robust deviations from maximization.
Thus, the results might have limited implications. It is possible that
the models that fit the data well are biased to address interesting
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deviations that occur in a narrow set of situations but cannot
predict behavior in less interesting but more common problems.
Two generalization tests (see Busemeyer & Wang, 2000) were
conducted to explore this possibility. The first focuses on a rep-
resentative set of choice problems (see Gigerenzer et al., 1991) and
the second on a random set of games.

A Representative Sample of Probability-Learning Tasks

The representative set of problems considered here was col-
lected in Myers et al.’s (1961) systematic evaluation of the relative
importance of cost, gain, and probabilities in a binary probability-
learning paradigm. They examined the 27 pairs of gambles pre-
sented in Table 3 (with the conversion rate of half a cent for each
chip). Eight DMs were presented with each pair of gambles for 150
trials. The DMs’ goal was to predict which of two lights would be
turned on, and the payoffs represented the outcomes of the possible
contingencies. After each choice, one of the two lights was turned
on (on the basis of the relevant probabilities).

The main conclusion of this elegant study was that choice
probabilities are very sensitive to differences in expected values
(DEV). In the last block of 50 trials (all the data presented by
Myers et al., 1961), the correlation between the observed propor-
tion of choices and the DEV was .94. This conclusion is reinforced
with the observation that the stochastic fictitious play model pro-
vides a very good fit to this data set (MSD of 0.0043 with the
parameters « = .67 and A = 1, but MSD of 0.0187 with the
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parameters estimated above). However, the large difference be-
tween the fit of SFP in the two data sets may not reflect a large
difference in behavior. As shown in Table 2, RELACS and its
variants considered here provide even better predictions of Myers
et al.’s results on the basis of the parameters estimated in the first
section. Over the 27 conditions, the correlation between the ob-
served proportions and the RELACS predictions is .98 and the
MSD score is 0.0040.

Katz (1964) replicated five of the conditions run by Myers et al.
(1961). He used a similar paradigm, but the experiment lasted 400
trials. The column on the far right of Table 3 shows the estimated
proportion of “left” choices between Trials 101 and 150 in Katz’s
study. (Katz presented the data in blocks of 100 trials. The estimate
was computed as 0.25[first block] + 0.75[second block].) An
examination of these values shows that in four out of the five
cases, Katz’s results are closer to RELACS than to Myers et al.’s
results. Given that Myers et al. ran 8 subjects in each condition,
this finding implies that in the current context RELACS is more
accurate than a (50-trial) experiment with 8 subjects. These results
support the optimistic hypothesis presented above. It seems that
the effect of the three behavioral tendencies studied here is robust.

In addition to the good quantitative approximation, RELACS
provides a simple verbal explanation for the good descriptive value
of the EV rule in this 27-problem data set. Under RELACS, choice
probability is expected to be sensitive to differences between the
normalized payoffs, DEV/S(7). In Myers et al. (1961), payoff

Table 3
The 27 Problems Studied by Myers et al. (1961)
The gambles’ parameters Expected value (EV) P(A) (X100)
Problem P(E) L G EV(A) EV(B) DEV Observed RELACS Katz
1 0.5 -1 1 0.0 0.0 0.0 55 50 49
2 0.7 -1 1 0.4 -04 0.8 80 83
3 0.9 -1 1 0.8 -0.8 1.6 96 96
4 0.5 -1 2 0.0 0.5 -0.5 35 36 40
5 0.7 -1 2 0.4 —0.1 0.5 63 74
6 0.9 -1 2 0.8 -0.7 1.5 96 95
7 0.5 -1 4 0.0 1.5 -1.5 33 25 35
8 0.7 -1 4 0.4 0.5 -0.1 46 58
9 0.9 -1 4 0.8 -0.5 1.3 86 92
10 0.5 -2 1 -0.5 0.0 -0.5 28 36 39
11 0.7 -2 1 0.1 -0.4 0.5 76 74
12 0.9 -2 1 0.7 -0.8 1.5 91 95
13 0.5 -2 2 -0.5 0.5 -1.0 23 29
14 0.7 -2 2 0.1 -0.1 0.2 60 66
15 0.9 -2 2 0.7 -0.7 1.4 90 94
16 0.5 -2 4 -0.5 1.5 -2.0 34 23
17 0.7 -2 4 0.1 0.5 -04 54 52
18 0.9 -2 4 0.7 -0.5 1.2 92 91
19 0.5 —4 1 -1.5 0.0 -1.5 11 26 38
20 0.7 —4 1 -0.5 -0.4 =0.1 65 58
21 0.9 —4 1 0.5 -0.8 1.3 91 92
22 0.5 —4 2 -1.5 0.5 -2.0 18 23
23 0.7 —4 2 -0.5 —0.1 -04 47 51
24 0.9 —4 2 0.5 -0.7 1.2 89 91
25 0.5 —4 4 -1.5 1.5 -3.0 16 21
26 0.7 —4 4 -0.5 0.5 -1.0 33 42
27 0.9 —4 4 0.5 -0.5 1.0 82 87
Note. All the gamble pairs were of the following form: A (1 if E occurs, L otherwise) or B (G if E occurs, —1 otherwise). The right columns show the

proportion of A choices in the last block of 50 trials (Trials 101-150) in Myers et al. (observed), according to RELACS’s predictions, and in Katz (1964).
DEV = differences in expected value; RELACS = reinforcement learning among cognitive strategies.
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variance is generally stable across the 27 problems. Thus, corre-
lation with DEV/S(#) implies correlation with DEV (e.g., the
correlation between DEV and DEV/S(1) is .97). In the other data
sets considered here and in other studies by Myers and his asso-
ciates, S(f) varies from problem to problem. For example, in Myers
et al. (1963, Problems 15-20), the correlation between DEV and
DEV/S(1) is only .42. As a result, the correlation between DEV
and choice probability over these problems is only .43.

Predicting Behavior in Games

RELACS is an extension of models that were designed to
capture learning in simple games (Erev et al., 1999; Erev & Roth,
1998; Roth & Erev, 1995). As Table 2 shows, RELACS outper-
forms the original models in summarizing the individual decision
tasks studied here. To evaluate whether this advantage arises from
differences between the types of tasks or better abstraction of the
adaptation process, it is constructive to ask if RELACS, with the
parameters estimated above, can capture the results of the simple
games considered by the original models.

To answer this question, we derived the RELACS predictions
for 10 randomly selected games with the mixed strategy equilib-
rium studied in Erev et al. (2002). Using the same unit of analysis
as the previous research, we found that the MSD of RELACS in
predicting the proportion of “left” choices in blocks of 100 trials is
0.0053. This score is similar to the MSD score of the basic
reinforcement learning supported by the original article (and lower
than the score of the basic model with the parameters estimated
here). Erev et al. showed that the predictions of their model are as
accurate as the predictions of an experiment with 9 pairs of
subjects. RELACS is only slightly less useful. Its estimated equiv-
alent number of observations (see Erev, Roth, Slonim, & Barron,
2002) in predicting choice behavior in blocks of 100 trials is larger
than 7.

Model Comparison

The columns on the right side of Table 2 compare the cross-
validation MSD scores of the models considered here. The results
reveal a similar advantage of RELACS and its close (three strat-
egies) variants over the simpler models in the fitted and general-
ization sets. This pattern suggests that the observed advantage of
the three-strategies abstraction documented above is not likely to
result from data overfitting.

Limitations, Boundaries, and Related Phenomena

Although the present research considers a relatively large set of
data and with it we try to develop a relatively general model, the
research has clear limitations and boundaries. The limitations arise
from the focus on a particular statistic. Because the current model
is only an approximated summary of the statistics we analyzed, it
is unlikely that it will provide good predictions of statistics that are
weakly correlated with the fitted statistics.

Boundaries come from the focus on the effect of immediate
feedback on maximization rate in repeated binary decision tasks
given a static environment. Many important learning phenomena
occur outside this set of situations.

Limitations

Human behavior is a product of the interactions between 100
billion neurons (Williams & Herrup, 1988) and many environmen-

tal variables. Thus, it is unlikely that a model with a small number
of parameters will provide an accurate fit of observed behavior.
Rather, models are summaries of particular sets of statistics, and it
is often the case that different models best capture different sta-
tistics (Haruvy & Erev, 2001; see also Feltovich, 2000). To dem-
onstrate the implications of this for the current analysis, we discuss
four statistics that are not well captured by RELACS. Although
RELACS can be extended to address these statistics, the current
cost (in terms of the number of parameters relative to the number
of observations) seems too high.

Individual Differences

The white bars in Figure 5 show the observed distributions of
Pmax in the second block (Trials 101-200) over all the subjects in
32 of the conditions presented in Figures 2—4 (all the conditions
for which individual data were available). The results reveal ex-
tremely large individual differences (and a similar pattern was
observed in the other blocks). Indeed, a bimodal U-shaped distri-
bution was observed in some of the problems. The light curves in
Figure 5 display the distributions predicted by RELACS. Although
RELACS predicts large individual differences, it clearly underpre-
dicts the observed differences.

One version of RELACS that captures the observed individual
differences involves a modified abstraction of the loss aversion
and probability matching strategy. The original version assumes
independence between the k previous outcomes recalled by the
DM in each trial. The modified abstraction relaxes this constraint
and allows for the possibility that certain experiences are more
memorable. For example, in one version, the first recalled outcome
(used in the case-based strategy) is always the first outcome the
DM observed during the experiment. This modification does not
affect the fit of the aggregate curves (the MSD of this version of
RELACS is 0.0036), but it increases the between-subjects vari-
ability to the level observed in the experiments.

Spontaneous Alternations and Sequential Dependencies

While studying the behavior of rats in a simple T-maze task,
Tolman (1925) discovered a robust violation of the law of effect.
In each trial of his study, rats had to choose an arm in the T maze.
Whereas the law of effect predicts an increase in choice probability
after a reward, Tolman found a decrease. His subjects tended to
alternate even after winning a reward in one of the two arms (for
a review of this line of research, see Dember & Fowler, 1958).

Rapoport and Budescu (1992) have found a similar phenomenon
in human behavior. In one of their experimental conditions, human
subjects played a symmetrical zero-sum matching pennies game.
Whereas their aggregate results (each alternative was chosen an
almost equal number of times) are consistent with equilibrium and
the RELACS predictions, analysis of sequential dependencies re-
veals a clear violation of these two models. Like Tolman’s (1925)
rats, Rapoport and Budescu’s subjects exhibited a strong overalter-
nation effect. In violation of the reinforcement learning prediction
of a weak win—stay lose—change dependency, their subjects tended
to alternate even after winning.

Another robust sequential dependency that violates the law of
effect has been called the gamblers’ fallacy (or negative recency):
At least in early stages of some probability learning studies (see
Estes, 1964; Lee, 1971), DMs tend to predict a change in the state
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Figure 5. The distribution of the proportion of maximization in the second block (Pmax2) over decision makers
(DMs) and simulated subjects in 32 binary choice problems. The x-axis shows the midpoint of Pmax2; the y-axis
shows the proportion (Prop) of DMs (white bars) and simulated subjects (black bars) with this midpoint. The
standard deviations for real and simulated subjects appear at the top of the graph. The graph titles denote the
problem number and the gamble with higher expected values. N(x, y) means a draw from a normal distribution

with mean x and standard deviation y.

of the world. Other studies (Bereby-Meyer, 1997) show large
between-DM differences in sequential dependencies. Few DMs
show an initial negative recency, and the large majority show
initial positive recency.

The existence of negative recency and spontaneous alternations
are clear violations of RELACS. Nevertheless, we do not believe
they imply that the model is either not useful or should be imme-
diately extended to account for these phenomena. Our belief is
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based on the observation that the class of models considered here
implies (in the current setting) a very weak relationship between
the predicted maximization rate and the predicted sequential de-
pendencies. (This assertion is not likely to hold in situations in
which the environment is not static and maximization requires a
response of sequential dependencies in the world. E.g., Green,
Price, and Hamburger, 1995, showed that even pigeons can learn
to maximize by alternation.) For example, the addition of an
alternation or a negative recency strategy (see Rapoport, Erev,
Abraham, & Olson, 1997) does not change the main results. This
observation implies that the current goal (understanding maximi-
zation rate) can be achieved even without a good understanding of
sequential dependencies. Rather, sequentially pursuing the two
goals may be a good research strategy.

Predicting Trial t + 1 on the Basis of the First t Trials

Assume that you have observed the first 316 choices made by a
particular DM in a particular choice problem and the obtained
feedback. You are now asked to predict the DM’s next choice
(Trial 317). Should you use RELACS to make this prediction? The
answer is clearly no. The large between-subjects variability pre-
sented in Figure 5 implies that a weighted average of the observed
choices—for example, the single parameter model: P,(t + 1) =
wlP, (0] + (1 — w)[C(n)] where C(r) = 1 if j was selected at r and
0 otherwise—will provide a better prediction.

The weighted average model is outperformed by models that
were designed to predict trial # + 1 on the basis of the first 7 (see,
e.g., Camerer & Ho, 1999; Rapoport, Daniel, & Seale, 1998). Yet,
like the weighted average model, these models do not provide a
good summary of the current statistic. Indeed, they require
situation-specific parameters and cannot be effectively used to
predict behavior in new situations (see Haruvy & Erev, 2001; but
see Rieskamp, Busemeyer, & Laine, 2003, and Yechiam & Buse-
meyer, 2005, for a demonstration of conditions under which the
two methods provide converging results).

Predicting the Long Term

Recall that the current analysis focused on experimental condi-
tions that include a few hundreds trials. Can the model that best fits
these data provide reliable predictions of behavior in the long term
(e.g., after millions of trials)? We think that the answer is no. Our
assertion is based on the observation (see Roth & Erev, 1995) that
the long-term predictions of learning models can be highly sensi-
tive to details that have little effect on the fit in the intermediate
term (the observed experimental results). Thus, the current data
cannot be used to decide between variants of RELACS that lead to
very different predictions of the long term.

Boundaries

To demonstrate the boundaries of the present research, we
discuss in the current section four important learning regularities
that are not addressed here.

Melioration and the Effect of Delayed Feedback

Herrnstein and his associates (see a review in Herrnstein, Loe-
wenstein, Prelec, & Vaughan, 1993) have demonstrated that in
certain settings, experience leads DMs to meliorate (maximize

immediate payoffs) rather than to maximize long-term expected
utilities. This observation is extremely important because there are
many problems in which maximization of immediate rewards can
impair long-term performance.

The focus of the current research on situations with immediate
feedback implies that it cannot address these important findings.
We chose not to address these findings here because the current
understanding of the factors that mediate the effect of delayed
outcomes is rather limited. For example, Herrnstein et al. (1993)
found that a change in display can lead DMs toward maximization.
Although they proposed a good qualitative summary of their
findings, additional data have to be collected to allow the devel-
opment of a general quantitative summary.

Multialternative Choice Tasks

Study of repeated choice among a wide set of alternatives
reveals a deviation from maximization that can be described as
indicating a neighborhood effect: Decision makers tend to prefer
alternatives that are displayed next to other relatively good alter-
natives (see Busemeyer & Myung, 1987; Rieskamp et al., 2003). It
is easy to see that the current version of RELACS cannot capture
this important pattern. One generalization of RELACS that cap-
tures the observed results assumes that when the strategy space is
large (and there are no forgone payoffs), the fast best reply rule is
generalized to imply a hill-climbing process (Yechiam, Erev, &
Gopher, 2001).

Extinction, Transfer, and Humphreys’s Paradox

Humphreys (1939) noted that payoff variability slows the learn-
ing speed but leads to more robust learning. That is, it takes more
time to extinguish behavior learned in a high-variability payoff
condition. Grant, Hake, and Hornseth (1951) demonstrated this
effect in the probability learning paradigm.

The common explanation of Humphreys’s paradox assumes that
extinction speed is sensitive to the organism’s ability to detect a
change in the environment (see, e.g., Mazur, 1994). This requires
more time in a noisy environment. Thus, to capture this effect with
the current model, the process of detecting change will have to be
quantified. In addition, a precise assumption concerning the effect
of the detected change on the propensities (e.g., fast forgetting
and/or moving toward random choice) will be necessary (see Shor,
2002). The modeling of transfer from one environment to another
might require additional modifications.

The Effect of Prior Information

Recall that the current research focuses on situations in which
DMs do not have prior information concerning the payoff
distributions. This facilitates the examination of learning inde-
pendent of the initial choice propensities and reduces the num-
ber of parameters. Obviously, this uniform initial assumption
will have to be relaxed to address situations with known payoff
distributions. One approach to this problem (see Barron, 2000)
is to use a variant of prospect theory to capture the initial
propensities. However, this solution is rather costly, as prospect
theory has five free parameters.

Summary and Implications

Early studies of decision making in iterated probability learning
tasks revealed interesting deviations from maximization that can
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be captured with the probability matching assumptions (see Estes,
1950; Grant et al., 1951). However, direct examination of this
assumption shows that in many settings behavior is closer to
maximization than to probability matching (see Edwards, 1961;
Myers et al., 1961; Shanks et al., 2002; Siegel & Goldstein, 1959).
Moreover, recent research that uses different experimental para-
digms documents behavioral regularities that appear to be incon-
sistent with probability matching (see Barron & Erev, 2003). In the
current review, we try to clarify this complex picture. We suggest
that the availability of immediate feedback is not sufficient to lead
choice behavior toward maximization (at least not during an ex-
perimental session that consists of 500 trials). The observed devi-
ations from maximization can be attributed to three distinct be-
havioral effects. One set of deviations can be classified as
indicating a payoff variability effect (Busemeyer & Townsend,
1993; Myers et al., 1961): An increase in payoff variability seems
to move choice behavior toward random choice. A second set of
deviations indicates underweighting of rare events (Barron & Erev,
2003): DMs tend to prefer the alternatives that lead to the best
payoff most of the time even when those alternatives are associ-
ated with slightly lower expected return. A third set of deviations
involves loss aversion (see Kahneman & Tversky, 1979): In cer-
tain cases, subjects tend to prefer alternatives that minimize losses
over those that maximize payoffs.

The probability matching assumption (Estes, 1950) provides a
useful approximation of the observed results. In most cases, the
observed choice proportions deviate from maximization in the
direction of matching the probability that the selected alternative
will lead to the best outcomes. In the first 200 trials, the observed
choice proportions are much closer to probability matching than to
maximization. However, this approximation is biased in five ways.
Four of the five biases can be addressed with an extended proba-
bility matching model that allows for matching samples (matching
the probability that the selected alternative will produce the best
outcome in samples of four observations), random choice, and loss
aversion.

The main shortcomings of the extended probability matching
model involve its failure to capture the dynamic process. This
model ignores the observation that maximization tends to in-
crease with experience, as well as the stickiness effect: the
observation that the effect of negative experiences is longer
lasting when feedback is limited to the obtained payoffs. These
shortcomings are naturally addressed with a model, referred to
as RELACS, that assumes there are reinforcement learning
processes among three cognitive strategies. Although we se-
lected the three cognitive strategies to fit the three deviations
from maximization, there is no one-to-one correspondence be-
tween the assumed strategies and the observed deviations.
Rather, under RELACS, the three deviations emerge as negative
by-products of reasonable and well-known behavioral tenden-
cies: fast best reply to recent outcomes (see Bush & Mosteller,
1955; Estes, 1950; March, 1996; Sarin & Vahid, 2001), loss
aversion and case-based reasoning (see Gilboa & Schmeidler,
1995; Kahneman & Tversky, 1979; Logan, 1988; Riesbeck &
Schank, 1989), and slow best reply with exploration (see Buse-
meyer, 1985; Erev et al., 1999; Friedman & Mezzetti, 2001;
Myers & Sadler, 1960; Weber et al., 2004).

The value of RELACS was demonstrated in five analyses.
The first showed that with a single set of four parameters,
RELACS provides a good quantitative fit of the observed

maximization rates in all 40 problems reviewed here. A second
analysis revealed that it is not easy to find a simpler model with
similar descriptive value and that all the assumptions made in
RELACS appear to be necessary. A third (sensitivity) analysis
suggested that the good fit provided by RELACS is not a result
of overfitting the data with the assumptions implicit in the
quantification of the different principles. The good fit is not
sensitive to the details of the quantification. A fourth analysis
illustrated the high predictive power of RELACS in forecasting
behavior in the 27 tasks studied by Myers et al. (1961; a
correlation of .98). A fifth analysis showed generality to a set of
randomly selected matrix games.

This “three reasonable strategies” summary of the experimental
findings supports two suggestions. The first concerns the robust-
ness of the observed deviations from maximization. The fact that
the deviations occur naturally as likely by-products of reasonable
and well-known tendencies suggests that they do not reflect rare
exceptions that can be ignored. It seems that in the settings
examined here (adaptation given limited information), ecologically
reasonable behavioral tendencies do not ensure maximization.
Moreover, the deviations from maximization appear to be stable
even after hundreds of trials with immediate feedback.

The second suggestion has to do with the relation between the
behavioral tendencies documented here (in iterated choice set-
tings) and those documented in studies of decision making in
one-shot tasks (e.g., the research summarized by prospect theory;
Kahneman & Tversky, 1979). Although DMs tend to deviate from
maximization in both settings, in three cases, the direction of the
deviations can be reversed. In particular, (a) DMs behave as if they
overweight rare outcomes in one-shot tasks but underweight them
in iterated tasks; (b) outcomes that are provided with certainty are
overweighted in one-shot tasks but can be underweighted in iter-
ated tasks; and (c) in certain problems, DMs show the reflection
effect (risk aversion in the gain domain and risk seeking in the
loss) in one-shot tasks but the reverse pattern in iterated tasks.
These large differences imply that March’s (1996) assertion that
adaptation can lead to the behavior predicted by prospect theory
is too optimistic. Different psychological processes seem to
inform behavior in the two cases. Thus, additional experimental
research is needed to highlight the factors that trigger the different
processes.

Relationship to Decision Field Theory (DFT)

The choice rule described in Equation 2 is closely related to the
choice rule assumed by DFT (Busemeyer & Townsend, 1993; Roe,
Busemeyer, & Townsend, 2001). DFT’s choice rule (the random
subjective expected utility rule initially proposed by Busemeyer,
1985) can be summarized by Equation 2 with g,(?) as the expected
utility from selecting j and S(#) as the standard deviation of the
payoff differences. This similarity implies that in many situations,
RELACS and DFT yield similar predictions. One example in-
volves the data presented in Table 2. The correlation between the
predictions of RELACS and DFT (Busemeyer & Townsend, 1993,
estimated the parameters of DFT on the basis of 29 similar con-
ditions run by Myers, Suydam, & Gambino, 1965, and Katz, 1964)
for this data set is .995. The MSD of DFT is 0.0039, slightly better
than RELACS (MSD = 0.0040).

This similarity, however, is not general. There are important
differences between RELACS and DFT. DFT was proposed to
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capture choice probability and reaction time. It does not predict the
learning curve (DFT’s predictions can be thought of as the result
of experience), and it assumes choice among actions (rather than
cognitive strategies). This observation suggests that when cogni-
tive strategies are important, RELACS and DFT make different
predictions. Indeed, DFT does not predict the underweighting of
rare events. And additional parameters have to be added to DFT to
capture loss aversion.

Yet the apparent advantage of RELACS over DFT in predicting
choice probabilities does not imply that RELACS is an alternative
to DFT. DFT offers useful insights into many phenomena that are
outside the scope of RELACS. We therefore hope to examine, in
future research, the possibility of combining DFT and RELACS in
a single model that predicts RELACS-like adaptation and DFT-
like deliberation and reaction time.

Practical Implications

The current review implies that relatively small modifica-
tions of the available feedback can have large and predictable
effects on expected behavior. This observation has many non-
trivial implications. One set of implications involves manipu-
lations that eliminate the risk that DMs will underweight rare
events. For example, consider the design of red light cameras.
Typically, these cameras operate (and the cameras’ flash can be
observed) when a car enters the junction more than 1 s into the
red light. Thus, the typical feedback from running a red light is
positive: The driver can see that he or she was not detected. As
a result, underweighting of rare events is expected to increase
the tendency to run red lights. To address this problem, Perry,
Haruvy, and Erev (2002) proposed to reduce the delay between
the beginning of the red light and the operation of the cameras’
flash. On the basis of the current analysis, they show that this
change can be effective even if the probability of a fine given
a flash is not high (and the change does not modify the relevant
expected payoffs).

Other applications include methods to reduce payoff variance,
such as the auction mechanism proposed by Erev et al. (2004).
They show that this mechanism facilitates efficiency when incor-
porated in new flight regulations designed to determine right-of-
way when two aircraft meet in midair.

Obviously, the current results can also be used to take advantage
of naive agents. Many of these problematic implications are al-
ready in use. Indeed, the design of casino slot machines (e.g., high
payoff variability that impairs learning) is one example. We hope
that the current explicit presentation of these principles will help
reduce this risk.
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