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a b s t r a c t

In a given period, a diversified fund, by virtue of being a weighted average, will perform
somewhere in the middle range of its components’ respective performances. This means
that adaptive investors who look to the past to adjust expectations about future returns
will shun diversified funds. That is, adaptive reaction to feedback implies under-diversifi-
cation when the investor gets complete feedback on the performance of the diversified
fund as well as its components in a given period. Three laboratory experiments and one
quasi field experiment explore this possibility and its implications. We find that the avail-
ability of complete feedback drastically reduces diversification. Under-diversification is
observed even when the decision makers receive a complete description of the payoff dis-
tributions and when under-diversification lowers expected return.

� 2010 Elsevier B.V. All rights reserved.

1. Introduction

Studies of adaptation in economic settings have resulted in different models (see overview in Erev & Haruvy, 2010) that
are based on different assumptions and processes, but the common element to nearly all adaptive models is the law of effect
(Thorndike, 1898). The law of effect states that choices that have led to good outcomes in the past are more likely to be re-
peated in the future, whereas choices that have led to unpleasant outcomes in the past are likely to decline in the future. We
use the term adaptive behavior in this work to describe behavior that follows the law of effect.

In environments with probabilistic outcomes, it is not necessarily the case that the adaptive behavior guarantees maximi-
zation of expected return. This is most likely to be the case when the payoff-maximizing choice has a low variance and the alter-
native choices have high variances. This type of scenario is especially prevalent in financial markets where risky assets can lead
to really high payoffs for a time and individual investors or even institutions that exhibit adaptive behavior will invest in these
assets (e.g., subprime mortgage pools), sometimes resulting in a global financial meltdown as happened recently.

In financial markets, adaptive behavior is sometimes referred to as chasing of past returns. There is extensive evidence
that investors chase past returns (Chevalier & Ellison, 1997; Hendricks, Patel, & Zeckhauser, 1993; Ippolito, 1992; Sirri &
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Tufano, 1998). Recent advances in behavioral finance (e.g., Choi, Laibson, Madrian, & Metrick, 2009) have established adap-
tive behavior as a key factor in such behavior. Specifically, Choi et al. (2009) showed that investors who experience higher
returns on their retirement savings increase those savings more than investors who experience less rewarding outcomes and
that the link between returns and adaptation is independent of competing explanations that invoke rationality. Chasing of
past returns is also closely related to market overreaction (Chopra, Lakonishok, & Ritter, 1992; De Bondt & Thaler, 1985,
1990; Nosic and Weber, 2009; Offerman & Sonnemans, 2004) where demand overshoots in response to positive recent
returns.

A pattern of adaptive behavior can potentially resolve various investment puzzles. For example, Choi, Laibson, and Madri-
an (2010) showed that the willingness to pay excessive fees was driven by the chasing of returns. The main goal of the cur-
rent paper is to highlight the role of adaptive behavior in under-diversification. Under-diversification is commonly observed
(e.g., Blume & Friend, 1975; Goetzmann and Kumar, 2004; Jacobs, Muller and Weber, 2009; Kelly, 1995; Odean, 1999; Pol-
kovnichenko, 2005; Statman, 1987, 2004) but contradicts standard portfolio theory since diversification can reduce volatility
without reducing expected returns.1

The reason adaptive behavior, particularly chasing of returns, leads to under-diversification is that a diversified asset
(yielding a weighted average of other assets’ returns) can never have a greater yield than the maximum of its components.
Note that the implication that return-chasers will shun the diversified funds depends on the assumption of a particular feed-
back structure. Specifically, if an investor receives feedback each period about the returns on all investment alternatives,
then the diversified fund will never be the ‘‘winner” in any one period. However, if the investor pays attention to returns
only on assets that he owns, then the diversified fund may look much more attractive. This prediction about the relationship
between feedback and diversification is what we set out to test in this work.

In a series of experiments, we show that investors are indeed adaptive and that adaptive behavior leads to more under-
diversification when feedback is given over all alternatives relative to when feedback is limited to purchased alternatives.
Experiments 1 and 2 examine this pattern under imperfect information conditions, where investors learn about asset returns
by observing period-by-period outcomes. Experiment 3 examines an environment in which decision makers receive a com-
plete prior description of the payoff distributions, and complete feedback (about the performance of all alternatives) after
each trial. We find that the pattern predicted by the adaptive models emerges even under this setting: experience was found
to decrease diversification. Experiment 4 highlights the robustness of the results in a quasi field experiment.

2. A simplified problem and adaptation

The current analysis focuses on a simplified multi-period investment problem. In each period, a single investor is asked to
invest one unit is one of three assets: A, B or M. Assets A and B represent stocks with the same expected return and negative

Fig. 1. Conditions U0 and U2. Choice proportions of diversified fund M. The left-hand column presents the three alternatives. The central columns present
the predicted choice proportions of M under two learning models as a function of feedback and time. The right column present the results of Experiments 1
and 2 described below.

1 Uppal and Wang (2003) have a framework that explains under-diversification with a model that allows for ambiguity regarding the joint distribution of
returns.
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correlation between their returns. Asset M represents a diversified fund. The return from asset M is the mean of the returns
from A and B plus a premium c P 0.

The left-hand column in Fig. 1 presents two numerical examples. The exact payoffs in these examples depend on two
draws from uniform distributions: u is a draw from a uniform distribution between 0 and 1, and e is uniform between
�0.05, and 0.05. Asset A pays u, asset B pays 0:75� u

2þ e, and asset M pays the mean of A and B plus a premium c P 0.
The value of c is 0 in condition U0, and 0.02 in condition U2.

It is natural to begin the investigation of adaptive behavior with a focus on the fictitious play rule (Brown, 1951; Fudenberg &
Levine, 1998). Fictitious play assumes that the agent computes the average payoff from each asset, and selects the asset with the
highest historically weighted average. Specifically, the historically weighted average of asset k in period t + 1 is

Wkðt þ 1Þ ¼ t � 1
t

WkðtÞ þ
1
t

Vk ð1Þ

where Vk(t) is the payoff from k in period t. As noted by Fudenberg and Levine (1998, p. 204) this simple model implies
Bayesian reasoning under uniform priors and the belief that payoffs come from a fixed but unknown distribution. Note that
this model is parameter-free and thus does not depend on any particular model parameterization.

The dark curve in the top-left cell of Fig. 1 presents the predictions of the fictitious play rule in condition U0 under com-
plete feedback. It shows that the fictitious play rule moves away from diversified asset M after the first trial. The intuition is
simple: Fictitious play selects the alternative with the highest historical weighted average, and since the weighted value of M
is the mean of the weighted values of A and B it cannot be the maximum. The bottom left cell considers condition U2. In this
case, diversified asset M maximizes expected value. The results show slow movement towards the diversified asset. The sim-
ulated rate of M choices is about 25% after 10 trials, 65% after 100 trials, and almost 100% after 10,000 trials.

The light curve in Fig. 1 presents the prediction of fictitious play under limited feedback. Eq. (1) still applies, but t repre-
sents only periods in which the return to asset k was observed, and the historical weighted average for asset k is updated
only after selecting k.

The simulation reveals that when the feedback is limited to the obtained payoff the fictitious play implies a strong pref-
erence to select the diversified asset. Denrell and March (2001) refer to this pattern as the hot stove effect. Denrell (2007)
shows that a similar pattern is predicted even under the optimal rule assuming a bandit problem.

The center columns in Fig. 1 presents the predictions of the stochastic variant of the fictitious play rule that was found
(see Erev et al. (2010), Ert & Erev (2007), and Marchiori & Warglien (2008); and see related idea in Grosskopf, Erev, &
Yechiam (2006)) to provide good approximation of human behavior. The exact assumptions of this model, referred to
as normalized fictitious play (NFP), are presented in Appendix A. The predictions in the second column were derived
with the parameters estimated by Ert and Erev (2007, referred to in the graph as EE) to fit learning with complete
feedback.

The third column presents the prediction with the parameters estimated by Erev (2009, hereafter EER) to fit adaptive
behavior with limited feedback. The three models offer very different quantitative predictions from one another. But the
important result is that all models, despite their differences, capture the key patterns and the direction of the divergence
between the conditions. Specifically, the diversified asset M is predicted to be the least popular choice under complete feed-
back, and the most popular choice under limited feedback.

3. Experiments

The main goal of the experiments presented below is to clarify the relationship between human adaptation and under-
diversification. Experiments 1 and 2 examine U0 and U2 under the conditions assumed by the learning analysis. Experiments
3 and 4 examine the robustness of the observed pattern.

3.1. Experiment 1

The basic task in Experiment 1 was a 100-trial repeated play of condition U0. Participants were 40 paid volunteer under-
graduate subjects who had taken at least one course in statistics. The experiments took place at a computer laboratory in a
major Israeli university and lasted approximately half an hour. The average final payment was 25 NIS (approximately $5).

The choice task was presented as an investment problem. The participants were asked to invest 100 tokens in one of the
assets in each trial. All 100 tokens had to be invested in one single investment (participants could not split the 100 tokens
between assets in any given trial). Participants were told that the tokens they earn would be converted to money at the end
of the experiment. The conversion rate was 1 NIS = 200 tokens. Thus, the average payoff per trial was 0.25 NIS. Ten practice
trials were conducted before the 100 experimental trials.

The instructions (Appendix B) spelled out, in a simple and non-technical way, the experimental procedure with no feed-
back about the actual payoff distribution of each asset. After handing out the written instructions, we gave participants time
to carefully review and understand the experimental procedure and ask questions.

The participants were divided into two feedback conditions – full feedback and limited feedback – of 20 subjects each.
The groups differed with respect to the feedback provided after each trial. After each trial in the full feedback condition, par-
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ticipants observed their earnings from all assets. In the limited feedback condition, the feedback was limited to the payoff
obtained from the selected asset only.

3.1.1. Experiment 1 Results
The top-right cell in Fig. 1 presents the choice proportions as a function of experience in the two conditions. The diver-

sified option was selected in 14% of the trials in the full feedback condition, and in 39% of the trials in the limited feedback
conditions. For the purpose of a statistical test, only the individual proportions can be considered as independent observa-
tions. That is, our sample consists of 40 independent individual proportions, 20 in each feedback condition. Under a two-
tailed t-test with a pooled variance, this difference is significant (t[38] = 4.9, p < 0.01). Thus, we reject the null hypothesis
of zero difference in favor of the ‘‘sensitivity to feedback” hypothesis (positive difference).

In order to clarify the way in which the subjects responded to their past payoffs it is convenient to distinguish between
the predictions of two best reply models: the fictitious play model that assumes ‘‘best reply to the average”, and the predic-
tion of a model that assumes ‘‘best reply to the most recent experience.” In the full (limited) feedback condition, 55% (52%) of
individual choices are to the option with the highest (observed) recent payoff. The fictitious play model does almost as well:
51% (47%) of choices are to the option that yielded the highest average (observed) payoff in past trials (fictitious play). These
two best reply models do not always agree. In fact, they only intersect 56% (49%) of the trials (largely the earlier trials). When
they intersect, 63% (60%) of choices correspond to that prediction. The percentages corresponding to the two separate mod-
els are both significantly different from 1/3 (uniform choice) at the 1% significance level. In other words, subjects are more
likely than not to exhibit some form of best reply to the past.

Comparison of the observed learning curves and the predictions of the three models reveals high correspondence with
previous studies: the results in the full feedback condition are closest to the prediction of the NFP model with parameters
estimated on previous studies with full feedback (EE), and the results in the limited feedback conditions are closest to the
prediction of the NFP model with estimated parameters from previous studies with limited feedback (EER).2

3.2. Experiment 2

Experiment 2 involved 40 new undergraduate participants. This experiment is a direct replication of Experiment 1 with
one exception: it examines behavior in condition U2. Whereas in U0, the three assets have equal expected returns, U2 makes
the diversified asset’s return strictly higher in expectation (the value of c is 0.02).

3.2.1. Experiment 2 Results
The bottom-right cell in Fig. 1 presents the choice proportions as a function of experience in the two conditions. The

diversified option was selected in 27.8% of the trials in the full feedback condition, and in 43.3% of the trials in the limited
feedback conditions. The difference reflects a negative effect of complete feedback on earnings. Under a two-tailed t-test
with a pooled variance, under the null hypothesis of zero difference, this difference is significant (t[38] = 2.19, p = 0.035).

Comparison of the observed learning curves and the predictions of the three models reveals the pattern observed in
Experiment 1: the results in the full feedback condition are closest the prediction of the NFP model with the parameters that
best fit previous studies with full feedback (EE), and the results in the limited feedback conditions are closest to with the
parameters that best fit previous studies with limited feedback (EER).

As in Experiment 1, best reply to the past was clearly evident in individual choices. However, the percentages of choices
corresponding to best reply, while significantly different from being coincidental, are smaller than the corresponding per-
centages in Experiment 1. This is to be expected given the higher incentive to choose the diversified option. The full (limited)
feedback condition had 45% (49%) of individual choices match the option with highest recent (observed) payoff. Likewise,
44% (47%) of individual choices corresponded to the option with the highest average (observed) payoff up to that point.

3.3. Experiment 3

The significance of the analysis presented above can be questioned on the ground that the assumption of uninformed pri-
ors is not likely to hold in the context of investment decisions. Investors are likely to know that the diversified assets are
associated with lower variability, and are likely to hold other beliefs that can mask the effect of the feedback. In order to
evaluate this possibility, Experiment 3 examines behavior in an extreme case in which the decision makers receive a com-
plete prior description of the payoff distributions of the different assets.

Since Experiment 3 has full description of the underlying payoff structure, it can be thought of as an extreme case of full
information condition. However, in this condition, the feedback does not provide any additional information and should be
ignored by rational decision makers.

A second goal of Experiment 3 was to relate the current results to the loss aversion assertion (Kahneman & Tversky, 1979).
In order to achieve this goal Experiment 3 focuses on problem that involves gains and losses. The loss aversion implies a

2 We do not estimate and/or test models here because we feel that such an exercise is likely to over-fit learning models on a small set of conditions. Readers
interested in model comparison are encourage to see Erev et al. (2010) that compares learning models based on 120 experimental conditions without forgone
payoffs, and Erev, Ert, and Roth (2010) that compare models based on 80 experimental conditions with forgone payoffs.
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strong tendency to prefer the safer alternative in this setting. The new problem (condition N5) and the predictions of the
three learning models are presented on the left-hand side of Fig. 2.

3.3.1. Method
The experiment involved a new group of 30 undergraduate subjects from the same subject pool. The experimental pro-

cedure was similar to the procedure in the previous two experiments with the following changes:

(1) In the instructions (Appendix B), subjects were told the distribution of payoffs, verbally and in a table, and the corre-
lation of the assets’ returns was stressed as well as the fact that the diversified asset yields in each period a return
higher than the average of the other two assets.

(2) Payoffs could be negative, thus allowing for loss aversion considerations.
(3) Only one condition, full information, was run. Thus, the feedback after each trial included the payoffs from all three assets.
(4) The participants were paid for only one trial, randomly selected at the end of the study. The payoff was in agorot,

where 100 agorot = 1 NIS. The final payoff was a show up fee of 30 NIS plus the payoff in this random trial. This change
was introduced to insure that the difference between the early and late trials is not a result of the accumulation of
wealth, gains or losses.

(5) The practice trials were eliminated.

Other aspects remained the same, including the number of assets and the number of periods, and the administration of
the instructions with time to ask questions.

3.3.2. Experiment 3 Results
The right-hand column in Fig. 2 presents the choice proportions as a function of experience in blocks of 20 periods3. The

diversified option was selected in 23.6% of the trials. Recall that this asset yielded greater expected payoff and lower volatility
than the other two assets. Also recall that this aspect was given and stressed to participants in unambiguous terms.

Evaluation of the effect of experience reveals a decrease in M choices with experience. The choice rate of the payoff-max-
imizing diversified-assert was 28% in the first block of 20 trials, and only 21% in the last block. The difference between the
two rates, accounting for individual differences with a pairwise t-test (testing the individual difference between blocks is
zero), is significant (t = 2.38, df = 29, p = 0.024).

Notice that the results reflect a reverse loss aversion bias: The observed deviation from maximization implies that people
behave ‘‘as if” gains loom larger than losses4. We believe that this pattern suggests that in the current context the effect of feedback
is larger than the effect of loss aversion. Additional indication of the limited effect of loss aversion is provided by an evaluation of the
choice rate in the very first trial. The proportion of M choices in this trial is 33% (standard deviation 48%), which is 10 people out of
30. This value is as expected under random choice. Ert and Erev (2008) explain similar results with the assertion that loss aversion is
better described as a heuristic that affects choice behavior in certain settings rather than as a general tendency.

3.4. Experiment 4

3.4.1. Method
Experiment 4 was designed to examine the robustness of the current results in a more realistic investment scenario. It

focuses on investment decisions of upper-division (juniors and seniors) economics students and MBA business students
in a online environment over time. The subjects had all taken courses in finance and statistics.

Fig. 2. Condition N5. Choice proportions of diversified fund M. The left-hand column presents the three alternatives. The central columns present
the predicted choice proportions of M under two learning models as a function of feedback and time. The right-hand column presents the results of
Experiment 3.

3 Blocks are used to facilitate comparison with the noisy experimental results.
4 Notice that this observation does not rule out the possibility that a certain proportion of the population exhibits loss aversion. It only means that the typical

deviation from maximization does not reflect loss aversion.
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In addition to the main study, the participants were asked to answer a short optional survey (selected questions Appendix
C) that examined their investment and risk attitudes. The results (Appendix D) show that 40% of the participants have pur-
chased stocks or mutual funds (answer to Q4), and the vast majority of respondents to Q6 (95.6%) exhibit risk aversion in
portfolio choices based on a description.

Of the subjects who completed the experiment, 36 subjects participated in the limited feedback condition and 42 partic-
ipated in the full feedback condition.

Participants were asked to log into an investment web site and to make investment choices among five Vanguard mutual
funds: Vanguard Total Stock Market Index Fund, Vanguard Total Bond Market Index Fund, Vanguard European Stock Index
Fund, Vanguard Pacific Stock Index Fund, and Vanguard Target Retirement 2015 Fund. The last fund was a composite of the
other funds with the following percentages: 51.2% in Total Stock Market Fund, 36.0% in Total Bond Market Fund, 7.4% in
European Stock Index Fund, 3.4% in Pacific Stock Index Fund and 2.0% in other. The composition of each of the funds was
available in each fund’s prospectus, which was available via a link to the Vanguard site.

To complete the experiment, participants had to make 30 separate investment decisions on 30 different days. Each day
they logged in they received feedback regarding the most recent previous decision. The feedback on that decision was deter-
mined by the actual stock market performance of the different funds. Note that payoffs could be negative and loss aversion
could play a role. There were two treatments: limited feedback and full feedback. The feedback common to the two treat-
ments was the percentage return from the last decision, the cumulative return, and the number of periods remaining. In the
full feedback treatment, subjects received feedback on the main screen about the returns on all five mutual funds on the last
day visited, whereas in the limited feedback condition, subjects received feedback on the main screen only about the return
on the mutual fund last chosen.

The mutual fund choices on the experiment’s main screen all contained links to the prospectus and historical perfor-
mance of the funds. To make it clear, the performance of any Vanguard fund is publically available with some search. We
also provided a link on the main page next to each fund where this information was available. So the difference between
the full information and limited information treatments is not in the availability of information (it was available in both),
but in whether the information was presented on the main screen or required additional search by subjects (we do not have
data on whether subjects searched for recent performance information on other funds).

Subjects received cash payment upon completion of the experiment for the returns they made in the experiment. To
avoid scale effects (1% return could be different depending on the capital it is multiplied by), we paid subjects the sum of
the percentage daily returns instead of the multiplicative returns (so returns of 1%, 3% and 2% on consecutive days would
give a payoff of 6% instead of 6.1%). The exchange rate was 10 NIS per 1% gain, for an average payment of 28.6 NIS. There
was no show up fee. The summation of percentage returns took away some of the realism but helped make the incentives
comparable across subjects.

3.4.2. Experiment 4 Results
Over the duration of the experiment, the best performers were the stock funds. The best performing fund was the Euro-

pean Stock Index Fund (average daily return of 0.12%), followed by the Total Stock Market Index Fund (0.11%) and the Pacific
Stock Index Fund (0.07%). The most volatile by a large difference was the Pacific Stock Index Fund (standard deviation of
0.82% compared to the second highest standard deviation of 0.66% for the European Stock Index Fund). In the limited feed-
back condition, the Total Stock Index and European Stock Index were most popular. In the full feedback condition, the Total
Stock Index and Pacific Stock Index were most popular.

Fig. 3 presents the choice proportions as a function of experience in the two conditions. The diversified option, Vanguard
Target Retirement 2015 Fund, was selected in 10% of the trials in the full feedback condition, and in 13% of the trials in the
limited feedback conditions. This difference, while in the predicted direction, was not significant.

The demand for the diversified fund was low and not surprisingly since this fund was a poor performer through the dura-
tion of the experiment. Thus, we get no significant difference between treatments in the proportion of choices of this fund.
While this is unfortunate, we do observe strong differences in choices of the most volatile fund and these differences are
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Fig. 3. The observed choice proportions of the five assets of Experiment 4 as a function of experimental condition and time (three blocks of 10 periods).
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consistent with the adaptive explanation. Specifically, the biggest difference between the conditions occurred in the demand
for the Pacific Index Fund which was the most volatile fund. In the limited feedback condition the volatile Pacific Index Fund
was unpopular in the fourth place in terms of demand (16%), whereas in the full feedback condition it was the most popular
(32%), particularly following strong performances. This difference is significant (t[76] = 2.6, p = 0.01). Thus, adaptive behav-
ior, namely the chasing of returns, leads to higher choice proportion of the high variance choice in the case of full feedback.

While the choice of the diversified fund was not significantly different between treatments it was significantly correlated
with the answers to two of the questions in the survey (see Table 1), it was not correlated with others.

The survey questions that exhibited the least correlation with portfolio choices are questions pertaining to lottery valu-
ations. This is a result that is consistent with findings by Nosic and Weber (2010) and others. Specifically, Nosic and Weber
(2010) found that neither risk perceptions in lotteries nor risk attitudes as inferred from certainty equivalences are sufficient
to predict individual risk taking behavior in portfolio choice. Lack of correlation between financial portfolio decisions and
risk aversion and risk attitude measures outside of the specific investment problem are generally referred to as domain spec-
ificity (Blais & Weber, 2006; Weber, Blais, & Betz, 2002) or content effect (Rettinger & Hastie, 2001).

As Table 1 shows, diversification was positively correlated with the survey-measured risk aversion in hypothetical choice
(Q6), and negatively correlated with the survey-measured self description as risk loving (Q7). There was also positive but
insignificant correlation of diversification with loss aversion as captured by individuals’ self-described tendency to exit after
a loss (Q9).

4. Summary

Past empirical evidence on individual portfolio choice highlights a tendency by some investors towards under-diversifi-
cation. This tendency is inconsistent with mainstream finance theory.

The current research takes two steps toward clarifying this puzzle. First, it demonstrates the robustness of under-diver-
sification in controlled experimental settings. Under-diversification is evident in the choice of less efficient portfolios with
equal or lower return and higher risk. The pattern is robust even when under-diversification is known to reduce expected
returns. In other words, in the laboratory, as in real-life, investors are not particularly adept at identifying and realizing
opportunities for risk-reduction.

Second, the current analysis showed that under-diversification might be a product of a reasonable attempt to reply to
feedback. Specifically, investors attempting to maximize their returns may opt to choose the alternative that yielded the
highest return in the past. When they follow such a strategy, the diversified fund is less likely to be the highest yielding alter-
native, and so it is chosen with lower frequency over time. This pattern depends on feedback being given on all alternatives
in each period. If the feedback on alternatives is more limited, the diversified fund looks much more attractive over time. In
accordance with this explanation, we observed under-diversification when the feedback was complete and diversification
when the feedback was limited to obtained payoffs.

The implications of the present set of observations may be intuitive, but they mount a serious challenge to economic the-
ory as it pertains to investment settings. Learning theory has long been seen as complementary to rationality assumptions in
that if economic agents are not perfectly rational, experience will take them in that direction. Here, we have shown a set of
instances where experience can be detrimental to rational choice. This evidence is consistent with recent events in financial
markets, were some of the most seasoned members of the financial community exhibited serious allocation errors (Becker,
2008). It appears as if experience was in many cases detrimental to prudence. While the current research offers no solutions
to financial mismanagement by top executives, it does offer simple solutions for financial mismanagement by individual
investors, namely the organization of feedback on returns in a way that is less conducive to chasing of returns.

Appendix A. Normalized fictitious play (source: Ert and Erev, 2007)

The model can be summarized by two assumptions: (1) the adjusted propensity to select alternative j at time t + 1 is:

qj;tþ1 ¼ ð1�wÞqjt þwxjt ; ðA:1Þ

Table 1
Pearson correlation between three of the questions in the questionnaires and the proportion of choices of the diversified assets. Bottom number denotes
p-value.

Q6 Q7 Q9 Choice of diversified asset

Q6 (risk aversion in hypothetical choice) 1.00 �0.421
<0.001

0.509
<0.001

0.341
0.005

Q7 self description as risk loving �0.421
<0.001

1.00 �0.375
0.002

�0.388
0.001

Q9 tendency to exit after loss 0.509
<0.001

�0.375
0.002

1.00 0.145
0.250

Choice of diversified asset 0.341
0.005

�0.388
0.001

0.144
0.249

1.00
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where xjt is the payoff of choice j in trial t, and w is a parameter that determines the weight of this payoff. (2) The probability
that the decision maker will select strategy j in trial t is:

pjt ¼
expðqjtk=StÞ

Pn
k¼1 expðqktk=StÞ

ðA:2Þ

where k is a parameter that determines the relative importance of the different propensities, and St is a normalization factor.
Under full feedback, St is the experienced regret level of the decision maker:

Stþ1 ¼ ð1�wÞSt þwjmaxt � xjt j ðA:3Þ

where maxt is the maximal payoff obtained in trial t over the k alternatives. Under limited feedback, St captures the differ-
ence between the current payoff (xt) and the last payoff (xt�1):

Stþ1 ¼ ð1�wÞSt þwjxt�1 � xtj ðA:4Þ

The initial level is set to equal S1 ¼ k (and the first adaptation under limited feedback occurs in trial t = 2). When the feed-
back is limited to the obtained payoffs, the decision makers sample each of the k alternatives in the first k trials.

Appendix B. Experiment instructions (translated)

B.1. Experiments 1–2 instructions sheet (translated from Hebrew)

Welcome to an experiment in decision making. The experiment includes 100 rounds. In each round you will get 100 to-
kens and will be asked to invest all your tokens in one of three assets. The asset returns come from a distribution that is
unknown to you. The profit in each round is calculated as follows:

Profit ¼ Rate of return on the chosen asset� 100

Hypothetical example: You have 100 tokens to invest in one of the assets A, B or C. Please select one of the assets. After
choosing the asset, you will see the following feedback:

Asset Profit in NIS for this round Profit for 100 token investment Rate of return Investment

A
B
C

After receiving the feedback you will begin a new round with 100 tokens. You are not able to reinvest your profit. In each
round you will know your cumulative profit. Payment for participation in the experiment: 200 tokens = 1 NIS.

B.2. Experiment 3 instructions sheet (translated from Hebrew)

Welcome to an experiment in decision making. In this experiment, you will make decisions in 100 rounds. In each round,
you will invest in one of three assets, A, B, and C.

In each round, the computer will randomly sample X and Y as follows: X comes from a normal distribution with a mean of
0 and standard deviation of 300. Y comes from a normal distribution with a mean of 0 and standard deviation of 10. The
payoff will be rounded up to the nearest integer above it. The payoff on each asset will be determined as follows:

Asset Payoff in agorot

A 4X
B 2Y � 2X
C X + Y + 5

B.2.1. Attention!!!
The payoff you obtain from asset C is the average of the payoffs of assets A and B, plus an additional 0.05 NIS. To see this,

note that AþB
2 ¼ 4Xþ2Y�2X

2 þ 5 ¼ X þ Y þ 5.
Hypothetical example:

Step A. Select an asset. Please press the button corresponding to the selected asset.
Step B. Summary of results from the current round.
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Asset Payoff

A
B
C

Earnings are not cumulative and you may not reinvest earnings from previous rounds.
Payment from the experiment:
One round will be selected in random for payment and you will receive your earnings from that round plus 30 NIS show

up fee.

Appendix C. Selected questions from survey administered to participants

Q4. Have you ever invested in stocks or mutual funds? Yes/No.
Q6. The table below demonstrates a trade off between average return and the likelihood of losing money in any 1 year.

Please select the portfolio that, for you, best balances these tradeoffs between risk and return.

Potential average
return (%)

Chance of losing
$ in any 1 year

Worst year
of 70 years (%)

Worst year of
20 years (%)

Portfolio A 17.6 1 in 3 �58 �33
Portfolio B 13.3 1 in 4 �43 �18
Portfolio C 11.7 1 in 5 �27 �9
Portfolio D 8.5 1 in 6 �19 �5
Portfolio E 6.2 1 in 10 �6 �1
Portfolio F 5.0 1 in 50 �2 0

Q7. Which of the following best describes your attitude towards balancing a desire for returns relative with the risk you
feel you can tolerate?

(a) My primary goal is preservation of principal and risk avoidance. I will accept lower returns in an effort to avoid invest-
ment risk.

(b) I want to avoid risk, but will accept a relatively small amount to achieve a slightly higher return.
(c) I can tolerate a moderate amount of risk in an effort to achieve a moderate amount of growth.
(d) I want to achieve potentially high returns, and I am willing to accept the high amount of risk associated with this goal.

Q9. The following graph shows the potential range of results of six portfolios in any 1 year. The best potential (top 5%
return) and worst potential (worst 5%) returns are represented. Please note that the highest potential returns also have
the greatest potential losses. Which of these portfolios would you prefer to hold?

.
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Appendix D. Survey raw data for selected questions

ID 1 3 4 5 7 8 9 10 11 12 13 15 17 18 19 20 21
Q4 1 2 2 1 2 2 2 2 1 2 2 1 2 1 1 1 1
Q6 1 4 4 3 3 4 4 4 5 4 4 3 3 5 1 2 3
Q7 2 3 3 3 3 3 2 2 2 2 2 3 2 3 3 3 3
Q9 2 4 4 3 3 4 4 4 5 4 4 4 3 3 3 2 5
ID 23 24 25 26 27 28 29 31 32 33 34 35 36 37 38 39 42
Q4 2 2 2 2 2 2 2 1 1 1 1 2 2 1 2 2 1
Q6 3 3 2 3 5 4 5 4 3 5 6 3 6 6 3 6 5
Q7 3 2 4 2 1 2 2 2 3 2 3 2 2 3 3 2 2
Q9 1 5 3 3 6 4 5 4 2 4 4 4 5 4 2 5 5
ID 43 44 45 46 47 48 49 50 53 54 55 56 57 58 59 60 61
Q4 1 1 1 2 2 2 2 1 2 1 1 2 2 2 2 2 1
Q6 4 3 6 3 3 2 4 5 6 5 4 4 3 5 4 3 3
Q7 2 3 2 2 3 3 2 3 2 2 3 2 3 2 2 3 4
Q9 4 5 4 2 4 1 5 4 4 4 2 1 3 5 4 5 4
ID 62 64 65 66 67 69 70 71 73 74 75 76 77 78 79 80 81
Q4 2 1 1 2 1 1 1 2 2 2 2 2 1 2 2 2 2
Q6 3 3 2 4 5 6 5 6 1 3 3 6 3 6 5 3 2
Q7 2 3 3 2 2 2 3 2 2 3 3 2 3 2 2 3 3
Q9 3 2 2 4 5 3 2 4 3 3 4 5 4 5 4 4 2
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