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Abstract

We design an experiment to study how investors form their expec-
tations and make risky investments under different market conditions.
Together with the past realizations of a risky asset, our subjects ob-
serve a signal a that, in some rounds, helps predict future returns.
When subjects perceive a as useless, they irrationally extrapolate from
recent return realizations. When they perceive a as useful, instead,
they correctly incorporate it and extrapolate much less. We interpret
those findings in a forecast model in which subjects have imperfect
ability to detect predictability and face uncertainty about the correla-
tion between signal a and future returns. We also find that the level of
risky investment and its elasticity to forecasts are larger when a is per-
ceived as useful, suggesting that subjects recognize that predictability
in our setting reduces risk. Yet, the elasticity of investments to fore-
casts remains low — a puzzle relative to their high risky investment.
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1 Introduction

How do investors form expectations about risk and returns? How do these
expectations affect their investment decisions? We investigate these ques-
tions in an experimental asset market in which we let subjects have access
to information that may or may not be helpful to predict future returns.

Subjects in our experiment have access to the history of realized re-
turns of a risky asset. Observing past returns may affect their expectations
of future returns; in particular, it may induce them to extrapolate from
past returns. For example, investors may think that if prices have gone
up yesterday, they are likely to go up again today. Surveys of investors’
expectations have documented various forms of extrapolation. Moreover,
extrapolation has been shown to influence investment decisions, leading to
important effects on investors’ welfare and on market dynamics. Motivated
by this evidence, several scholars have proposed asset pricing models featur-
ing extrapolative investorsﬂ

While extrapolating from past returns is not rational in our setting (and
typically also in actual financial markets), we let our subjects have access to
the time series of another variable which, in some treatments, provides useful
information to forecast future returns. We build on a large literature on
return predictability in financial markets, which has documented for example
that the ratio between dividend and prices in the stock market is positively
correlated with subsequent returns. The observation dates back to Fama
and French (1988) and Campbell and Shiller (1988); more recently, Golez
and Koudijs (2018) have shown a significant relation between dividend yields
and returns five years ahead in several countries and over five centuries of
data.

Predictability in financial markets has important implications, motivat-
ing a fundamental debate on the notion of market efficiency and on the
quest for asset pricing models with time-varying expected returns (Cochrane
(2011), Campbell (2014)). For our purposes, a key observation is that pre-
dictability can affect not only expectations but also investment decisions.
In particular, predictability may induce larger investment in risky assets,
especially so for investors with longer time horizons (Campbell and Viceira
(2002)).

'Survey evidence include Shiller (2000); Dominitz and Manski (2011); Greenwood and
Shleifer (2014), Landier, Ma and Thesmar (2019). The effects of extrapolative investment
are shown e.g. in Benartzi (2001), Greenwood and Nagel (2009), Bianchi (2018). Mod-
els based on extrapolative investors include De Long, Shleifer, Summers and Waldmann
(1990), Barberis, Shleifer and Vishny (1998), Rabin (2002), Rabin and Vayanos (2010),
Bianchi and Jehiel (2015), Bianchi and Jehiel (2020).



Our first key question is how investors form expectations when, on top
of the history of returns, they observe a predictive variable such as the
dividend price ratio. It has been long documented that agents tend to
perceive regularities in the data, even when facing completely i.i.d. processes
(Chapman (1967), Tversky and Kahneman (1973), Whitson and Galinsky
(2008)), and extrapolation may in part respond to such a desire. Under
this perspective, one may ask whether extrapolative tendencies are robust
when a (simple) rational forecasting model is made available to agents. We
elicit investors’ expectations while exogenously varying the information that
they have access to: in some treatments, the additional variable provided
to investors is uncorrelated to future returns; in other treatments, it has a
significant predictive power.

Our second key question is how expectations, possibly influenced by the
perception of return predictability, are incorporated into investment deci-
sions. We observe the extent to which investors rely on their expectations
when deciding the fraction of wealth invested in the risky asset, and whether
return predictability affects both the level of investment and its sensitivity
to expectations. This allows us to test, in an experimental setting, the im-
plications of predictability for portfolio choices. More broadly, this allows
us to derive estimates of investment elasticities to expectations, a key in-
gredient in most asset pricing models. A classic question, dating back at
least to Shiller (1981), is whether volatility in stock prices is too large rela-
tive to fundamentals, and whether erratic investors’ expectations — Keynes’
animal spirits - may significantly contribute to such volatility. The experi-
mental setting is particularly useful as it allows not only to directly observe
expectations and investment, but also to abstract from frictions that may
contribute to portfolio inertia.

We design our experiment to specifically address the two questions of
interest stated above. As mentioned, in every round, subjects are provided
with a visual graph of past simulated realizations of a risky index returns and
with the past realizations of another variable (called variable a), which in
half of the rounds, helps predicting next-period returns. Subjects are asked
to make forecasts of future returns, and they choose how much to allocate
to the risky asset from a given wealth endowment. In addition, they state
whether they view the information in variable a as useful or not. Each round
corresponds to a new independent simulation of the same underlying risk
and signal distributions, and to a new wealth endowment.

We simulate the process of returns and of the variable a according to a
VAR model on US equity markets over 1927-1998, as estimated by Cochrane
(2009). The risk index subjects are asked to forecast, and allocate wealth
to, mimics US equity returns five-year averages, and the signal provided via
variable a has the same predictive power in our experiment as the US market
price-dividend ratio over the next five-year index returns.

We find, first, that subjects extrapolate from past returns, consistently



with existing literature. However, this tendency is considerably reduced -in
some cases, it is completely eliminated- when subjects perceive predictabil-
ity. In rounds perceived as predictable, variations in forecasts correctly load
on the conditional expectation, i.e. the predictive variable a. The load is
however significantly lower than one.

We consider alternative treatments in which we make predictability eas-
ier or harder to apply, and find that when applying predictability becomes
harder, subjects revert to extrapolation; when applying predictability be-
comes easier, the tendency to extrapolate is reduced even further. More-
over, we observe higher tendency to extrapolate, and lower reliance on the
predictive variable a, when subjects have little experience in the experiment
(i.e., in earlier rounds), when they take longer time to complete the tasks,
and when they have lower ability to correctly assess predictability.

Overall, our results point at the view that extrapolation may just respond
to subjects’ needs to perceive some pattern in the data. Indeed, as we show,
it is precisely subjects who overestimate the occurrence of predictability who
also tend to extrapolate more. At the same time, extrapolative tendencies
can be minimized by offering them with an alternative and relatively simple
rational model. We believe these findings have important implications for
the above mentioned literature on extrapolation in financial markets.

Motivated by this evidence, we develop a model of expectation formation
which incorporates two forms of uncertainty. First, subjects may be uncer-
tain on whether variable a is actually helpful to predict returns. Second,
in case a is indeed predictive, they may be uncertain on what is the exact
relation between variable a and expected returns. We assume that subjects
process information based on rational expectations about their ability to
perceive correlations, without introducing any extrapolation from past re-
turns or other biased perceptions of correlations. We show that our model
provides a good fit to the data, thereby suggesting that our subjects are
fairly sophisticated in dealing with those forms of uncertainty.

In terms of investment, we find that subjects are more prone to take risk
in rounds perceived as predictable than in rounds perceived as i.i.d. More-
over, their investments depend on their own forecasts, and this elasticity is
significantly higher when subjects perceive predictability. This is consistent
with the view that our subjects perceive that predictability reduces invest-
ment risk, which again points at a rather high level of sophistication. In
order to form this perception, subjects need to get a sense of the specific
form of predictability they are facing: predictability per se is not necessarily
associated to lower risk; this is so in our setting as it leads to mean reversion
in returns.

At the same time, overall elasticities remain small. This is consistent
with a number of recent studies (reviewed below), and as mentioned our
experimental setting allows us to rule out that these estimates are driven by
frictions such as transaction costs, trading constraints, limited attention and



measurement errors in investment. Moreover, we show in a simple Merton-
Samuelson investment model, that these elasticities are difficult to reconcile
with relatively high levels of risky investment. As we discuss below, these
findings have important implications for asset pricing models studying how
shocks to expectations translate into price volatilities or other equilibrium
outcomes.

Our paper builds on the literature analyzing expectations in surveys and
in experimental settingsﬂ Our key innovation is the focus on return pre-
dictability, while abstracting from an analysis of dynamic expectations (we
let our subjects make forecasts over a series of independent rounds). We
also relate to the literature documenting how expectations affect stock mar-
ket investmentsﬂ The key novelty of our study is to experimentally shock
subjects’ expectations using predictability, while abstracting from other fric-
tions that may impact how much investments respond to expectations.

2 Experiment

2.1 Design

The purpose of our experiment is to analyze how investors form their forecast
and risk taking decisions when market returns become predictable. To do so,
we simulate two different risk processes, one loading on a predictive variable
and the other a random walk.

In the random walk case, the return process r; is simulated according to:

Tir1 = [+ g1, (1)

where {¢;} are i.i.d. normally distributed shocks ¢; ~ N(0,02).

In the predictable case, the return process 77 is simulated according to:

Tfﬂ =ar + EItDHa (2)

where a; is a predictive variable with mean p and {€} are i.i.d. normally
distributed shocks €/ ~ N(0, 03).

For convenience purpose, we refer to the process as the "i.i.d." case
and to the process as the "predictable" case. At any time t, the condi-
tional mean in the i.i.d. case, E(r4+1), is constant equal to p, whereas, in
the predictable case, the conditional mean Eq(r{, ;) is the time-varying a;.

The predictive process is simulated using the parameters of the
return-dividend yield ratios VAR model estimated by Cochrane (2009) on

?See e.g. Assenza, Bao, Hommes, Massaro et al. (2014), Manski (2018), Beshears,
Choi, Laibson and Madrian (2018) for reviews, and the references mentioned above.

3See e.g. Vissing-Jorgensen (2003), Kézdi and Willis (2011), Amromin and Sharpe
(2014), Arrondel, Calvo-Pardo and Tas (2014), Merkle and Weber (2014), Drerup, Enke
and Von Gaudecker (2017), Das, Kuhnen and Nagel (2020), and the references above.



US equity returns (CRSP data, period 1927-1998): the variable a and its
ability to predict the returns r? mimics dividend yield ratios and their ability
to predict market returns over the next five years in the data. The uncondi-
tional distributions of the depicted returns are statistically indistinguishable
between the two cases, and match the mean and standard deviation of US
equity returns averaged over 5-year periodsﬁ

In both processes and , the unconditional mean of returns is
i = 6.07%. The conditional variance of returns is however lower in the
predictable case. The correlation between shocks to a; and r; is negative,
which leads to mean reversion in returns. Given our parameters, we have
that Var(ry,,) = 0.67Var(ri11). Appendix |§| provides further details of the
simulations of processes and .

Subjects are provided, at each round of the experiment, with a new
simulated snapshot of either the i.i.d. process or the predictable process
(2). The snapshots provide the time series of variables r; and a;—1 for a
40-periods history r_4g, ...,7—1 and a_4g, ..., ag. In the predicable treatment,
variable a is as informative as the publicly available dividend yield ratios;
in the i.i.d. treatment, subjects still observe a signal, simulated to have the
same distribution as a, but now uninformative about future returns. Figure
in Appendix [0 provides an example of the predictable and of the i.i.d.
treatments.

Subjects are told that the variable a may or may not be useful to predict
returns and that, in all round, the average return is equal to 6.07%. They are
not given any other information about the processes and . They are
placed at ¢ = 0, where they see the realization ag and they are asked, first,
to predict the return rg and, second, to report whether variable a is useful
to predict returns. Third, they need to allocate their endowment between a
riskless asset giving zero returns and the risky asset with returns r;. Finally,
at the end of each round, we provide subjects with feedback on the realized
returns, on whether the variable a was useful, and on their investment profit.

Our main goal is to observe i) if subjects correctly identify when the
signal a is informative or not; ii) how they form their returns forecasts, in
both the i.i.d. and the predictable treatments, and whether they use the
available signal a to do so; and iii) how they make risk investment decisions,
and whether they use their own forecasts to do so.

4We do a Kolmogorov-Smirnov test for distributions on arbitrary pairs of displayed
simulated returns from the i.i.d process and the predictable process (2). The average
p-value we find is 0.497, so the distributions of returns in the two types of graphs do not
significantly differ from each other, given the number of draws displayed in each graphs
to the subjects in the experiment.



2.2 Implementation

We have conducted the experiment in two waves. In the first wave (January
2019), we have recruited 58 participants, students in the Master of Finance
at Toulouse School of Management (T'SM). The second wave (January 2020)
includes 36 students from the same Master. The experiment took place
in the University computer lab on an application we have built using the
Otree framework (Chen, Schonger and Wickens (2016)). After logging in,
subjects saw detailed instructions, including a description of the tasks and
the payment rules, as included in Figure [2[in Appendix

Subjects are informed that they would play an investment game, and face
a variable that may or may not be useful to predict returns. We provide
subjects with an example for each type of graph, in the introduction, and
tell that the average return is 6.07% in all rounds and that rounds are
independent.

In the baseline treatment, common to both waves, we let subjects play for
20 rounds, half are i.i.d. and half are predictableﬁ The order of the graphs
is randomized across subjects. Each round includes a Question Page and a
Result Page. In the Question Page, subjects are presented a new simulated
graph and they are asked to provide a forecast for the next-period risky
returns, to state whether they think that variable a was useful to forecast
returns, and to allocate a 100 ECU endowment between the riskless asset
and the risky asset. Upon submitting their answers, subjects click onto the
Result Page, where they see the simulated realization of returns and they
are told whether variable a was indeed predictive and whether their forecast
was "precise", meaning that it lied in a (—1%,+1%) interval of the return
realizationm They are also shown the realized payoffs of their investment.
An example of those pages is provided in Figures [3|and {4 in Appendix [9

As compensation for participating in the experiment, subjects receive 5
ECU for every correct answer regarding whether the variable a is predictive
and 10 ECU for every "precise" forecast; in addition, they receive their
full portfolio value from a round that is randomly drawn at the end of the
experiment.

We have verified that the simulated data correctly represent either the
i.i.d. process or the predictable process by regressing the returns
{r:} in each simulation on both the predictive variable {a;—1} and on the

®They could ask questions at any time during the session. All questions were answered
privately.

%In addition, in the first wave, we have asked to make 5-period forecasts and invest-
ments. In the second wave, we have provided 20 additional rounds. In half of them, we
state that variable a is useful and in half of them we state that variable a is not useful to
predict returns. These additional treatments are discussed in Section

"This chosen interval helped us incentivize subjects, in a clear and easily understandable
way, to provide their true expectations. In our sample around 8% of forecasts turned out
to be accurate according to this definition.



previous realized returns {r;_1}. Results are provided in Table|10|in Appen-
dix @ Regression coefficients of 7, on a;—1 are indeed around 1 (and highly
significant) in the predictable case and around 0 (and not significant) in the
ii.d. case, while regression coefficients of 7, on 7,1 are around 0 (and not
significant) in both casesﬂ

2.3 Summary Statistics

In Table[l], we provide some descriptive statistics of the data collected during
the experiment. We notice some interesting patterns, which we confirm and
interpret in the next analysis.

First, subjects have a good ability to detect predictability. Conditional
on being in a predictable round, subjects’ answers about the usefulness
of variable a are correct 80.6% of the time (see Pr(a useful| predictable)).
Conditional on being in a i.i.d. round, they are correct 70.4% of the time
(see Pr(a useless| i.i.d.)). Both results are significantly greater than 50%,
as would implied by random guesses (p-value = 0.00). This also implies
that they tend to slightly overestimate the proportion of predictable rounds,
estimated to be 55.1% as opposed to the true proportion 50% (the difference
is significant with p-value = 0.00).

Though all simulations in which variable a is predictive derived from the
same model, one simulated graph may have randomly been "more predic-
tive" than the next, in the sense that the regression of r; on a;_1 may have
a higher R? (see Table [10] in Appendix E[) We do not find, however, that
subjects were more likely to correctly identify variable a as predictable in
graphs with larger R?. The correlation between the probability of noting a as
predictable and the R? of the regression of r; on a;_1 in a given predictable
graph is equal to —0.1.

We also notice that the average forecast is 5.28%, which is significantly
below the true mean of 6.07% (p-value = 0.00). That agents tend to make
overall pessimistic forecasts, on average below the true statistical mean, is
a common feature of survey data; and our result is consistent with evidence
in e.g. Dominitz and Manski (2007), Hurd and Rohwedder (2012), Giglio,
Maggiori, Stroebel and Utkus (2019). Pessimism in forecasts is however
moderated by the perception of predictability: when subjects perceived re-
turns as predictable by variable a, their average forecast is 5.74%, which
is significantly larger than 4.72%, the average forecast when they perceive
returns as not predictable (p-value = 0.00), and not significantly different
from 6.07% (p-value = 0.13).

81n two outlier i.i.d simulations, r:—1 is negatively correlated to r; with p-value around
5%. We find that subjects displayed the same forecast biases in these two outlier rounds;
and extrapolated from past returns to next-period returns no less strongly than in other
i.i.d rounds.



Moreover, forecasts tend to be more accurate in rounds where a is per-
ceived as useful. The variable Forecast Distance reports the distance be-
tween the subject’s forecast and the returns effectively realized in the next
period. On average, the distance is 7.7% in rounds perceived as predictable
and 10.1% in rounds perceived as i.i.d. (p-value = 0.00).

Finally, subjects’ risk allocations follow the same patterns as their fore-
casts. The average allocation is 48.6 ECU when returns were perceived as
predictable, significantly higher than the 40.6 ECU average investment when
returns were perceived as i.i.d. (p-value = 0.00).

3 Main Results

We now provide the main results of our analysis regarding subjects’ forecasts
and risky investments. The interpretation of these results is in Section [6]

3.1 Forecasts

The simulated returns subjects observe in each graph have a simple rational
expectation rule: when returns are simulated from the i.i.d. process (1)),
the best forecast for next-period return is always the unconditional mean
1 = 6.07%; when returns are simulated from the predictable process , the
best forecast for next-period return is the last realized value of variable a.
For any graph g of simulated returns:

{E (rg liia) = 1

E (Tg |predictab1e) = Qg

7 (3)

where a4 is the latest realized value of variable a in graph g (to simplify the
notations, we write a4, 7, instead of rg 4, ag,g).

3.1.1 Predictive Variable

To evaluate how subjects’ forecasts relate to the rational expectation rule of
Equation (3]), we consider the following regression:

Fi; = a; + P + Brag + BaagP +n + €, (4)

where Fj; is the forecast on next period returns made by subject ¢ in round
[ (while facing graph g), P;; is a dummy taking value 1 if subject i believes
that returns are predictable by variable a in round [ and taking value 0
otherwise, a; and n; are respectively individual and round fixed effects.
The results of regression are presented in Table In column 1,
we include no fixed effects; in column 2, we add individual fixed effects; in
column 3, we add round fixed effects. Results in all these specifications are



robust: subjects’ forecasts for next period returns load on variable a only
when it is perceived as predictive. The same result appears in columns 4
and 5, where we split the sample according to the values of Pi,lﬂ

This is a first key result of our experiment: subjects are fairly compe-
tent at spotting when a given signal helps predict next period returns (as
mentioned their probability of correctly identifying variable a as useful is
80.6%), and they are rational in that they then, and only then, use said
signal to make their own forecasts of returns.

This behavior is qualitatively consistent with the rational expectations
of Equation , but the estimates for coefficient 8, are significantly lower
than 1. Relative to Equation , subjects under-react to the value of ag,
even when they perceive that a is predictive. A 1% increase in a4, corre-
sponding to a 1% increase in the rational expectation of next-period return
rg, would result in a 0.36% increase in subjects’ forecasts (considering e.g.
the estimates in column 4). We come back to these results in Section

3.1.2 Past Returns

While we show in Table [2| that subjects rely on variable a if (and only if)
they deem it as predictive, they may also seek other information when form-
ing their expectations. In particular, previous work in the literature suggest
that they may use past realized returns to predict next-period returns (see
e.g. Shiller (2000), Dominitz and Manski (2011), Greenwood and Shleifer
(2014), and Landier et al. (2019)). As mentioned, there is no rational basis
for such extrapolative forecasts in US equity markets: annual returns are
not positively autocorrelated in the data. Further, as shown in Table |10 in
Appendix [9 7¢—1 does not help positively predict r; in any of the simula-
tions of returns in our experiment. Any form of extrapolative forecast can
therefore be deemed as irrational in the context of our experiment.

To evaluate subjects’ tendency to extrapolate, we include the last real-
ized return r_; 4 as regressor in specification together with its interaction
with the dummy P; ;. The results are presented in Table Consistently with
previous works, in column 1, we show that subjects rely on past returns in
their forecast: a 1% increase in r_1, would result in a 0.12% increase in
subjects’ forecasts. In column 2, however, we observe a stark difference in
extrapolative behaviors depending on whether a is perceived as predictive.
When subjects perceive a as useless, they heavily rely on past returns: a
1% increase in r_y4 increases forecasts by 0.19%. When a is perceived
as useful, the effect is much weaker: a 1% increase in r_; 4 increases fore-

9Tn column 5, the number of subjects is 93 since one subject declares variable a as useful
in 19 out of 20 rounds. When we restrict to P;; = 0, the subject has only one observation
and since our regression includes individual fixed effects and standard errors are clustered
at the individual level, singleton groups are dropped (hence the missing observation in
column 5).

10



casts by 0.03%, which is not significantly different from zero (p-value=0.33).
A purely extrapolative model would not predict any systematic difference
depending the perception about a, suggesting that the way in which our
subjects make forecasts cannot be simply described as extrapolative.

The result is confirmed in column 3, where we include also variable
ag and its interaction with P;;, and in columns 4 and 5, where we split
the sample according to the value of P;;. The load on a4 is similar to the
one estimated in Table 2| (if anything, it is larger). The load on r_1 4 is
significantly reduced in graphs in which a is perceived as predictive.

This is the second key result of our experiment: subjects remain fairly
competent at spotting when variable a is not useful to predict returns (their
probability of correctly identifying variable a as useless is 70.4%), but they
then, and only then, resort to a "default option" irrational forecast model
whereby they extrapolate from past returns.

3.2 Investments

The second core question of interest in our experiment concerns the allo-
cations to risk subjects choose to make, and crucially i) if and how their
investment decisions depend on their own forecasts of returns; and ii) if
their investments differ across rounds, depending on whether they perceive
returns as predictable or not. We analyze the two questions jointly via the
regression:

Oig = i + aoPyy + 01 Fy g + 0o F Py +my + €15 (5)

where 6;; is subject i’s investment into the risky fund (out of her 100 ECU
endowment) in round . As before, F;; is subject i’s forecast of next period
return, P;; is a dummy indicating whether subject ¢ believes that returns are
predictable by variable a, and «;, 7; are respectively individual and round
fixed effects.

The results of regression are provided in Table |4, We start by con-
sidering the direct effect of the forecast F;; on investment. In column 1,
we include no fixed effects; in column 2, we include individual fixed effects;
in column 3, we add round fixed effects. The estimated elasticity is stable
across specifications: a 1% increase in next-period return forecast translates
into an increase of 2.2% in the risky asset. A similar estimate appears in
column 4, where instead of including individual fixed effects we regress the
change in investment relative to the previous round over the change in fore-
cast over the previous round.

We next consider the effect of predictability. In column 5, we observe
that risky investment is significantly larger when returns are perceived as
predictable (as also shown in the statistics of Table[I)). An increase of 8.68
ECU corresponds to a 21% increase relative to the average investment in

11



the i.i.d. case (equal to 40.6 ECU). Moreover, in column 6, we observe
that subjects rely on their own forecasts more when they perceive returns
as predictable: the estimates for ¢, in Table [4] are also significantly greater
than zero. A 1% increase in next-period return forecast translates into an
extra 0.66 ECU in the risky asset under predictability, which corresponds
to a 37% increase relative to the average elasticity in the i.i.d. case (equal
to 1.8 ECU).

That subjects make investment decisions consistent with their own fore-
casts is a key result, and an important contribution, of our experiment.
Indeed, various work in the macroeconomics and finance literature infer
general equilibrium pricing implications from investors’ beliefs, obtained via
surveys of expectations. Such models implicitly assume that investors ad-
just their risk decisions perfectly in line with their own expectations. The
results of Table [] indicate they actually do so.

Crucially, however, the results of Table [4] also make clear how limited
the magnitude to which subjects vary their risk decisions depending on their
stated forecasts. A level increase of 1% in their next-period return forecast
—i.e. a 19% increase relative to the 5.28% average forecast — translates into
an increase of 2.2 ECU, i.e. 4.9% greater risk taking relative to the 45 ECU
average. These magnitudes are pretty similar in " perceived i.i.d." and in
"perceived predictable" rounds. Elasticities of investments to expectations
as low as 0.26 may cast a doubt on the general equilibrium impact of varia-
tions in investors’ expectations. We discuss these results further in Section
0.2)

4 Additional Treatments

In some replications of our experiment, we have performed some additional
treatments. In the first replication (January 2019), we have added a "long-
horizon" treatment in which we ask subjects also their forecast and invest-
ment for a longer period. As we detail below, while predictability has po-
tentially even stronger effects at longer horizons, applying it becomes more
difficult from our subjects’ perspective. In the second replication (January
2020), we have added a "reveal" treatment in which we explicitly tell to sub-
jects whether or not variable a is useful to predict returns, thereby removing
some uncertainty and making it easier to employ predictability.

Overall, we observe that, when predictability becomes harder to apply,
subjects revert to extrapolation. Conversely, in treatments in which applying
predictability is easier, the tendency to extrapolate is reduced even further.
This confirms our interpretation that extrapolation may just respond to
subjects’ needs to perceive some pattern in the data and this tendency can
be minimized by offering them with an alternative and relatively simple
rational model.

12



We also observe that when choosing their investments, subjects rely more
on their forecast in treatments where predictability is easier and much less
so when predictability is harder, confirming our findings in Section and
highlighting again the possibly important effects of predictability on risk
taking.

4.1 Longer Horizon

In the "long-horizon" treatment, we ask subjects to provide their forecasts
for the average return over the next five periods, and to allocate a portion
of another 100 ECU endowment to risk, locked in for five periods, which in
our setting corresponds to a 25 years horizon. These questions were asked
while subjects faced exactly the same graphs as in the baseline treatment,
10 graphs with predictable returns and 10 graphs with i.i.d. returns.

Predictability has potentially even larger impacts on investment in the
five-period than in the one-period horizon. The reason is that the conditional
variance of returns is even lower at such horizonm At the same time, if
subjects are uncertain about the parameters of the return process, the effect
can be even reversed as parameter uncertainty is amplified at longer horizons
(Barberis (2000), Pdstor and Stambaugh (2012)).

Indeed in our case, while the simulated returns observed in each round
have a straightforward rational expectation rule at the one-period horizon
(Equation (3))), the rational expectation rule for the predictable returns is far
less obvious at the five-period horizon. Making a forecast at long horizons
requires estimating the dynamics of the predictive variable a, the process
of which was not provided, or even mentioned, in the experiment. When
simulating returns from process , we follow Cochrane (2009) and simulate
the variations of a around its mean p as a contracting AR(1) process. As
detailed in Appendix the correct rational expectation rule at the five-
period horizon is given by:

{E (Tg.5 liid.) =p (6)

E (?g,f) |predictable) = Kag + (1 — /{)'UJ ’

where 7,5 is the average return over five periods starting at ¢t = 0, a4 is
the last realized value of variable a in graph g, and x < 1 depends on the
persistence of the variable (a — ,u)ﬂ To replicate the rational expectations
of Equation @, subjects would thus need to infer either that variable a
follows an AR(1), and how persistent it is; or that the past realized {a;} are
correlated not only with the returns {ry,;} but also with the return averages

'"From our parameters, as shown in Appendix we have Var(r}, ;) = 0.67Var(rey1)
for one period and Vart(rfﬂ) = 0.61Var:(ri4+1) for five periods.

"Tet 6 # 1 be the persistence parameter in the AR(1) process of variable (a — ). Then
_11-6°
= 51-6"
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{(r¢+1 + Te42 + re43 + 1444+ 1445)/5}. In this sense, applying predictability
is considerably harder here relative to the baseline treatment.

We analyze subjects’ forecast and investment following the same analysis
as in Section |3 and report our results in Table [5| In columns 1-2, we look
at forecasts of the average returns over the next five periods. We observe
that subjects stop using variable a to make their long-horizon forecasts, even
when they view it as useful. By contrast, they always rely, significantly, on
past returns, irrespective of whether they perceive a as predictive. This
is in stark contrast to their one-period forecasts (Section , which as
mentioned is likely to reflect the difficulty at correctly identifying the rational
expectation rule of Equation @, compared to the easier rule of Equation
B).

In columns 3-6, we look at the fraction of the endowment invested in the
risky asset for the next five periods. We observe that the sensitivity of in-
vestment to forecast is still significantly positive, but its magnitude is much
smaller than in the one-period case. Estimated elasticities are around 0.7%
(0.9% when we regress changes in investment over changes in forecasts rela-
tive to the last round), anyway significantly smaller than 2.2% as estimated
in Section Moreover, and again in contrast with the baseline treatment,
both these elasticities and the investment levels do not differ significantly
depending on whether variable a is considered predictive. This is again con-
sistent with the view that, even if subjects perceive that a is correlated to
returns, they find it hard to use such predictability.

4.2 Revealing Predictability

In the "reveal" treatment, we let subjects face 10 predictable graphs and we
explicitly tell them at the beginning of the sequence that in those graphs
variable a is useful to predict returns (we call this treatment "Predictive").
We also let them face 10 i.i.d. graphs for which they are told that that a
is not useful to predict returns (we call this treatment "Not Predictive").
These sequences are always presented after the baseline treatment in which
we do not tell whether a is predictive and the order between "Predictive"
and "Not Predictive" is randomized across subjects.

We analyze subjects’ forecast and investment following the same analysis
as in Section [3] and report our results in Table [(] In columns 1-2, we
analyze forecasts of next period returns. In column 1, Predictive is a dummy
equal to 1 if the treatment is "Predictive" and to zero if subjects are not
told whether a is useful (i.e., the baseline treatment). In column 2, Not
Predictive is a dummy equal to 1 if the treatment is "Not Predictive" and
to zero if subjects are not told whether a is useful. We observe that, when a
is revealed as predictive, subjects stop relying on past returns to form their
forecasts. When Predictive equals 1, the coefficient on past return is not
significantly different from zero (p-value=0.210). Revealing that a is useful

14



removes subjects’ tendency to extrapolate. Instead, revealing that a is not
useful does not affect the tendency to rely on past returns (see column 2). In
these columns, the tendency to rely on a is instead not significantly affected
by the "reveal" treatment.

In columns 3-4, we analyze risky investments for the next period. We
observe that revealing that a is useful increases the elasticities of investment
to forecasts. This shows that, consistently with our previous findings, sub-
jects rely more on their forecasts in treatments where predictability is easier

to apply.

5 Heterogeneous Behaviors

In Section [4} we have considered treatments where predictability is made
harder or easier to apply. At the same time, subjects may find it harder or
easier to apply predictability depending on their ability and on the accumu-
lated experience in the experiment. We now explore these potential sources
of heterogeneity.

First, we look at whether subjects display different behaviors in early
vs. late rounds, thereby uncovering the possible effects of learning. Second,
we look at subjects’ response time, which may be correlated to how difficult
they find it to complete their tasks. Finally, we measure each subject’s
ability to detect predictability by computing the number of correct answers
to the question on whether variable a is predictive. Throughout this section,
we restrict to our baseline treatment described in Section [3

Overall, the picture we draw confirms our previous findings. We observe
lower tendency to extrapolate, and higher reliance on variable a, in i) later
rounds, ii) responses given with shorter delay, iii) subjects with higher ability
to detect predictability. This reinforces the view that extrapolation can be
considerably reduced in situations where subjects appreciate the availability
of an alternative rational model.

5.1 Learning

In columns 1-2 of Table [7] we explore whether subjects behave differently
depending on the experience they have accumulated in our experiment. As
mentioned, at the end of each round, we provide to subjects an "answer
page" that reports the realized next period returns, whether their forecast
was accurate, and whether variable a was predictive. This may induce some
learning, and we capture its potential effects simply by looking at the round
number in which subjects are playing. In particular, we distinguish between
early rounds between 1 and 10 and late rounds between 11 and 20.

In column 1, we observe that in late rounds subjects rely significantly
less on past returns, and significantly more on a, when they perceive that a
is predictive. In fact, in late rounds and when a is perceived as useful, the
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load on past returns is not significantly different from zero (p-value=0.33).
The effects in early rounds are weaker, and the load on past returns is always
positive.

Considering the effects on investment, we observe that the average invest-
ment in late rounds is 4.8 ECU larger than in earlier rounds (p-value=0.05),
that is an increase of 10.7% from the average investment of 45 ECUE The
sensitivity of investment to forecast does not however vary significantly over
rounds (column 2).

5.2 Fast and Slow Responses

We now explore whether forecasts and investments are different depending
on how much time subjects take when answering the required questions,
which we record for each subject in each round. We construct the dummy
Fast Replies, which is equal to 1 if the number of seconds the subject takes
for submitting the answers in a given round is below the sample median
(equal to 61 seconds).

We first notice that Fast Replies are associated to a larger probability to
a correct response to the question on whether a is predictive (the probability
of being correct is increased by 4%, p-value=0.02). In column 3 of Table
we show that responding fast is associated to a significantly lower reliance on
past returns, and a significantly higher reliance on a, based on the perceived
predictability. In fast decisions and when a is perceived as useful, the load on
past returns is not significantly different from zero (p-value=0.13). These
patterns cannot be observed for slow decisions. Finally, in column 4, we
observe that faster decisions are also associated with higher sensitivity of
investment to forecast.

5.3 Detection Ability

We can measure subjects’ ability detect predictability by looking at the
fraction of correct answers to the question on whether « is useful to predict
returns in a given round. As mentioned, over the 20 rounds, the average
number of correct answers is rather large and exceeding 15. At the individual
level, the number of correct answers ranges from 10 (corresponding to purely
random answers) to 20. We say a subject has high ability if the number of
correct answers is above the sample median, equal to 15.

In columns 5 of Table [T} we observe that high ability subjects display
lower loads on past returns, especially so in rounds perceived as predictable.
For high ability subjects and when a is perceived as useful, the load on past
returns is not significantly different from zero (p-value=0.16). This is not
the case for low ability subjects.

1 . . .
2 At the same time, we observe no time trend in average forecast.
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At the same time, the tendency to extrapolate is similar across subjects
when Perceive is equal to 0. Put differently, subjects with larger tendency to
extrapolate are those who more likely to be mistaken when they perceive that
a is useful (as opposed to subjects who make mistakes when they perceive
that a is not useful). These are subjects who overestimate the occurrence of
predictability, which may be driven by a larger desire to perceive patterns in
the data. Under this perspective, it appears once again that extrapolation
may be a response to subjects’ desire to detect correlations.

Finally, in column 6, we observe that the sensitivity of investment to
forecast is larger for high ability subjects.

6 Interpretation

In this section, we interpret our main findings first by developing a simple
forecast model aimed at uncovering how much sophistication our subjects
display. Second, we apply a standard investment model to discuss the im-
plicit risk aversion that can be estimated from their behaviors.

6.1 Forecasts

In order to analyze how forecasts are made, we start by noticing that our
subjects face two forms of uncertainty. First, they may not be sure that their
assessment on whether a is useful is indeed correct. Second, conditional on
perceiving that a is useful, they may not know exactly how to apply variable
a. Our subjects are not told that Ey(ry 1) = a; when a is useful, they have
to infer this relation from the observed graphs. As we highlight below, this
inference too is affected by the uncertainty on whether they are correctly
perceiving the usefulness of variable a.

We incorporate these two dimensions of uncertainty in the following fore-
cast model. Suppose that subjects have in mind a model to estimate returns
when a is useless, which determines an expectation denoted as E*(ry11). Sub-
jects have in mind a (possibly different) model to estimate returns when a is
useful, which in turn determines an expectation denoted as EP(ry1). Their
forecast conditional on their perception about a can be written as

)

E (rtJrl |a useless) = )‘uEu(TtJrl) + (1 - )‘U)Ep(rtJrl)
E (Tt-i-l |a useful) — )\pEp(Tt-i-l) + (1 - )‘p)Eu(rt-i-l)

where )\, is the weight subjects assign to model E*(ry11) when they perceive
that a is useless and A, is the weight they assign to model EP(ryy1) when
they perceive that a is useful. These weights can be interpreted as the
probability that the subject assigns to the fact that a is indeed useful or
useless, conditional on the fact that the subject perceives it as such.
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Suppose the agent is aware that her ability to perceive predictability may
be imperfect, and she determines the weights A, A, as posterior probabilities
in a standard Bayesian way. Define m as the prior about the proportion
of predictable rounds, p as the probability of correctly identifying when
a is predictive and g as the probability of correctly identifying when a is
not predictive. We have that the probability of declaring that a round is
predictable is

7ATZP7T+(1—Q)(1—7T)a

the probability that a is indeed useful conditional on being perceived as such

is
Pr(predictable |4 ysetul) = oy (7)

and the probability that a is indeed not useful conditional on being perceived
as such is
q(1 —)

Pr(iid. o usetess) = o

=7 (8)
In this setting, the agent would set

Ay =¢q and A, =D.
Consider now how the subject estimates the models to determine E"(ry1),
EP(ri41). Subjects are told that the average return in each round is equal to
1 =6.07%. A natural benchmark is then to set

Eu(rt-i-l) = W,

as the expectation that subjects hold when a is not useful (notice we do not
introduce any tendency to extrapolate from past returns here). Subjects are
not told anything about the mapping between a; and 7441 in the case in
which a is useful, we assume they try to estimate a model of the form

Ep(’l“t_H) = 9@23 + (1 — 9)#,

where @ is the estimated weight on a;. Assuming that subjects indeed per-
ceive that a; and 7441 are positively correlated, we can set 6 € (0, 1).
Subjects may try infer the value of # from the graphs in which they
perceive that a is useful. If they take into account that their perception
in not perfect, they may also try to extract some information from the
graphs in which they perceive that a is useless. Denote with 9p the average
correlation between r; and a;—1 perceived when a is considered useful (recall
that subjects observe a 40-periods history, so ¢ = —40,...,0). Similarly, let
6. be the average correlation perceived when a is considered useless. The
perceived correlation is ~ -
Npfp + M0
TIp + UM

é:

)
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where 7, and 7, are the weights the subjects assign to 6, and 0, respectively.
These weights can be interpreted as the perceived degree of informativeness
of 6, and 0,.
We assume that ¢, and 60, coincide with the true average correlations in
the two sets. That gives
7 %p*l—l—%(l—q)*O
: p+3zl—q)

where p/2 is the fraction of predictable graphs perceived as such and (1—¢)/2
is the fraction of i.i.d. graphs perceived as predictable. Similarly, we have

u = )

a+3(1—p)

7 2gx0+3(1—p)x1

where ¢/2 is the fraction of i.i.d. graphs perceived as such and (1 — p)/2 is
the fraction of predictable graphs perceived as i.i.d..
We also assume that

np:ﬁandnuzl—q.

That is, the agent assigns a weight 7, equal to the probability of being right
when a is considered (which corresponds to the proportion of true positives)
and a weight n,, equal to the probability of being wrong when considering a
as useless (which corresponds to the proportion of false negatives).
According to this model, the estimated coefficients in are

ar = p— (1 =q)0, and ay +ay = p— po, (9)

B1=(1-79)0, and 5, + 3, = p. (10)

As a simple benchmark, we can define an omniscient subject who perfectly
perceives whether a is useful or not and knows the true models for expected
returns. If we set 7 =1/2 and p = ¢ = 1, which gives

0 =77 =" =1,

and so
EC (Tt+1 ’a useless) = U
EO (Tt-l—l ’a uscful) = Q¢

as in Equation . In the baseline regression

Fii = o1+ aoPy + Brag + Baag Py + €4, (11)
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with omniscient subjects we would get estimated coefficients as
a1 =pu=6.07%, 01 +a2=0,8,=0,8, =1. (12)

As noticed, these predictions can be rejected in our data. We observe for
example that (34 is significantly smaller than 1.

Consider instead a subject who has imperfect ability to detect pre-
dictability and imperfect knowledge of the return processes. Suppose the
subject is sophisticated in the sense of being aware of these limitations and
who is also rational in the sense of holding correct expectations about the
proportion of predictable graphs and about the (average) probabilities of
correctly identifying when a is predictive and when a is not predictive. For
this subject, we can set

r=1/2, p=0.8064, ¢ =0.7043.

This gives -
p=0.7317, ¢ = 0.7843, 6 = 0.6142, (13)

and substituting into @D—, we get the estimated coefficients in as
a1 = 5.2658, ap = —2.1198, 5, = 0.1325, (5 = 0.3169. (14)

We confront the predictions in with our experimental results in Table
In the top panel, we report the estimated coefficients of regression (|11
in our data as well as the associated 95% confidence intervals. In the bottom
panel, we report the p-value of the t-test of the restrictions in for each
estimated coefficient. In column 1, we report estimates on the full sample; in
column 2, we restrict to late rounds (those between 11 and 20); in column 3,
we restrict to fast decisions (those submitted with a delay below the sample
median, equal to 61 seconds); in column 4, we restrict to subjects who have
more than 15 correct answers on whether variable a has predictive power
(that is the median detection ability). These sample restrictions correspond
to the heterogenous behaviors uncovered in Section

We observe that in all these samples we fail to reject that the estimated
coefficient is equal to the value predicted in , at conventional levelsm
This is remarkable as the model behind assumes a rather high level
of sophistication on subjects. Moreover, in our predictions , we have
not allowed ourselves any degree of freedom in picking parameter values
which would accommodate possibly subjective perceptions. As mentioned,
all values in ((14)) are derived by assuming fully rational expectations, so that

3The lowest p-value is always associated to the coefficient B, whose estimates are
somewhat smaller than those predicted in . According to , this implies that the
estimated g is somewhat larger than what assumed in , which may be interpreted as
subjects overestimating their ability to detect when returns are not predictable.
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the values of m, p, ¢ correspond to those actually observed in the data.

We also observe that the model performs better, in that its predictions
are closer to the estimated coeflicients, in samples which we have described
in Section [5| as closer to the theoretical benchmark in Equation . This
is the case after some learning has taken place or for subjects which have
higher detection ability. This confirms the view that the model proposed in
(14) entails minimal departures from the omniscient model. In particular,
it does not feature any systematic bias in the perception of ability and of
correlations nor any departure from Bayesian reasoning nor any form of
extrapolation from past returns.

6.2 Investments

To analyze our results on investment, we rely on a standard Merton-Samuelson
portfolio choice model with power utility and log normal returns, whereby
an agent with coefficient of relative risk aversion «; invests a fraction 6; of
her wealth into a risky asset with expected returns E;(r) and variance o2(r)

under the allocation rule:
1 E;(r)

Vi 07 (r)
Denote with o2(r) and with o?(rP) the variance in the ii.d. and in the
predictable case, respectively. Suppose that subjects correctly assess that
o(r) > o%(rP) and that they have some (even limited) ability to correctly
perceive predictability. In the notation of Equations —, suppose p; >
0.5 and g; > 0.5, which is indeed the case for respectively 91% and 77% of
our subjects. The perceived variance is then lower when they perceive a as
predictive. According to Equation , for a given forecast E;(r), both the
level of investment and the sensitivity of investment to forecast are larger in
rounds perceived as predictable. This indeed what we have found in Section
0.2

More generally, equation predicts a tight link between the level of
investment and its sensitivity to forecast, both of which can be observed in
our data. This allows us to derive some estimates of subjects’ risk aversion
as implied by their choices.

Suppose that for investor ¢ we observe different investment choices 0;;
associated to different forecasts F;; over a set € of rounds in which the
investor perceives the same variance, Uil(r) = o; ( ) for all I € Q. Since
risks are independent across rounds, Equation (|15]) gives

] ZleQ F (16)

(15)

’Yz

and
1 00;

- ‘leﬂ-
viop  OFy

(17)
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These relations simply make explicit that, for a given variance of risk 0'22,
both the average ratio of investment to forecast and the elasticity of invest-
ment to forecast are equal, and determined by the investor’s risk aversion 7.
To simplify the exposition, in what follows, we denote with [y;07]4 the es-
timated ;02 obtained from Equation and with [y;07]g those obtained
from Equation .

Our estimates of [y,02]4 and [y;07] g are displayed in Table |§|, where we
assume that the perceived variance differs between rounds perceived as i.i.d.
vs. rounds perceived as predictable (which is consistent with the results in
Section , while being constant within each group of roundsE In Panel
A, the sample includes all rounds in which a is perceived as useful; in Panel
B, the sample includes all rounds in which a is perceived as useless. For each
panel, we report several statistics. First, we report the average [’yiag] 4 and
[v;02] g, together with the 95% confidence intervals. Since these estimates
feature a few outliers with very large values, we also report the median
estimates.

Second, we perform a standard t-test of equality of the means. We report
the difference between the average [y,02] 4 and the average [y;07] g, the 95%
confidence intervals of the difference, and the p-value of the t-test of equality
of the means (denoted as p-value(D)).

Third, we take the stronger view that Equations and should
give consistent estimates not only on average but also individual by individ-
ual. We report the fraction of individuals for which [y;0?%] 4 falls within the
95% confidence intervals of [y;0%] g, and we denote this fraction by Pr(l, h).
Similarly, Pr(< () (resp., Pr(> h)) is the fraction of individuals for which
[v,02]4 falls below (resp., above) the 95% confidence intervals of [y;07]g.
Finally, we report p-value(W), that is the p-value of the Wilcoxon signed-
rank test that the estimates from Equations and are drawn from
the same distribution.

We show first, that [y;0%]4 are significantly lower than [y;02]g. The
median is 0.106 vs. 0.311 for "perceived predictable" rounds and 0.139 vs.
0.354 for "perceived i.i.d." rounds. At the same time, the equality of mean
cannot be rejected at conventional levels (p-values are respectively equal to
0.075 and 0.977).

Second, we notice that the fraction of individuals for which [y,0?]4 falls
within the 95% confidence intervals of [y,02]g is equal to 65% for "per-
ceived predictable" and to 72% for "perceived i.i.d." rounds. In most of the
remaining cases, [y;0%]g is too large relative to [y;07]4. Third, the hypoth-
esis that the estimates from Equations and are drawn from the
same distribution can be rejected.

""We have repeated our estimates also distinguishing between early and late rounds
(early rounds are from 1 to 10 and late rounds are from 11 to 20) and found similar
results.
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Overall, these results point to the fact that the elasticity of investment
to forecast appears too small relative to the average investment level. It
is difficult for a standard model in Equation to make sense of both
magnitudes at the same time.

To explore this observation further, in Panels C and D of Table [9] we
compute the relative risk aversion coefficient implied by the estimates of
%-a? obtained from Equations and . Consistently with the forecast
model in Section [6.1] we assume that the perceived variance coincides with
the true average variance, conditional on the perceived predictability. That
is, the variance when a is perceived as useful is

po?(r?) + (1 — q)o*(r)
p+(1-gq)

02 ‘a useful = 5
where p is the probability that a predictable graph is perceived as such and
(1 —gq) is the probability that an i.i.d. graph is perceived as predictable, and
o2(rP), o%(r) are the variance of returns in predictable and in i.i.d. rounds,
respectively. Similarly, the variance when a is perceived as useless is

qo’(r) + (1 = p)a®(rP)
g+ (1—-p)

Substituting the actual values of p = 0.8064, ¢ = 0.7043, o%(r?) = 0.548%
and o2(r) = 0.814%, we get

2 _
g |a useless =

02 |4 wsefu= 0.62%, and 0 |, yseless= 0.76%. (18)

We obtain our estimates of v, in Panel C and D by substituting the values in
into the median estimates of ;07 from Panels A and BE The median
estimate of «v; from Equation is equal to 17.11 when a is considered
useful and to 18.37 when a is considered useless. These are large but not
too far from other estimates provided in asset pricing models.

At the same time, the median estimates of 7, from Equation are re-
spectively 50.21 and 46.79, which are almost 3 times larger than those from
Equation (comparing the means would give even larger differences).
While low elasticities have been shown in a number of recent studies (see
e.g. Ameriks, Kézdi, Lee and Shapiro (2019) and Giglio et al. (2019)), it is
remarkable to observe them also in our experimental setting, which allows
to precisely estimate investments and to abstract from several constraints
conductive to inertia such as transaction costs, inattention, investment con-
straints.

These sets of results make salient a crucial, and new, investment puzzle:

15 As mentioned, we view median estimates as more informative as our average estimates
tend to be inflated by some outliers. Our results would be even stronger if we were to use
average estimates.
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even absent these constraints, the variations in risk allocations with respect
to variations in forecasts are too small, when compared to the average risk
taking decisions subjects choose to make.

7 Conclusion

The experiment we designed allows us to analyze how investors form their
expectations and how they choose to allocate their wealth to a risky asset
under different market conditions.

Our results indicate that when they are provided with a simple pre-
dictability model, our subjects utilize the relevant information and form
rational forecasts. On the other hand, when no such "easy" model is given,
subjects default to irrational extrapolative expectations, similar to those
documented in previous studies. We have interpreted our findings with a
simple model of expectation formation which accommodates subjects’ un-
certainty on whether they are facing predictable returns and, if so, on how
to apply predictability. This model provides a good fit to the data without
having to introduce extrapolative tendencies or other biased perceptions.

We also find that subjects do use their own forecasts to choose their
wealth allocations, and both the level of risky investments and the elasticity
of investments to forecasts are larger when they perceive predictability, again
pointing at an important effect of predictability on investments.

Nonetheless, portfolios display a form of "inertia": variations in risk
positions around their mean are small relative to the changes in expectations.
This result obtains even though each round of our experiment corresponds to
a new simulated risk and to a new portfolio to invest; investment is precisely
measured; and transaction costs, inattention or investment constraints do
not play any role.

These small elasticities could be explained by our subjects being highly
risk averse. This is however inconsistent with the relatively large average
wealth allocations into the risky asset — a key new puzzle. We note this
"puzzle" holds true even when subjects behave rationally in their forecast
formations and it indicates that variations in investors’ expectations may be
of limited help to justify large variations in market prices and to rationalize
equilibrium outcomes.

References

Ameriks, J., Kézdi, G., Lee, M. and Shapiro, M. D. (2019), ‘Heterogeneity
in expectations, risk tolerance, and household stock shares: The atten-
uation puzzle’, Journal of Business & Fconomic Statistics pp. 1-27.

24



Amromin, G. and Sharpe, S. A. (2014), ‘From the horse’s mouth: Economic
conditions and investor expectations of risk and return’, Management
Science 60(4), 845-866.

Arrondel, L., Calvo-Pardo, H. and Tas, D. (2014), ‘Subjective return ex-
pectations, information and stock market participation: Evidence from
france’.

Assenza, T., Bao, T., Hommes, C., Massaro, D. et al. (2014), ‘Experi-
ments on expectations in macroeconomics and finance’, Ezperiments
in macroeconomics 17(2014), 11-70.

Barberis, N. (2000), ‘Investing for the long run when returns are predictable’,
Journal of Finance 55(1), 225-264.

Barberis, N., Shleifer, A. and Vishny, R. (1998), ‘A model of investor senti-
ment’, Journal of Financial Economics 49(3), 307-343.

Benartzi, S. (2001), ‘Excessive extrapolation and the allocation of 401(k)
accounts to company stock’, Journal of Finance 56(5), 1747-1764.

Beshears, J., Choi, J. J., Laibson, D. and Madrian, B. C. (2018), Behavioral
household finance, in ‘Handbook of Behavioral Economics: Applica-
tions and Foundations 1’, Vol. 1, Elsevier, pp. 177-276.

Bianchi, M. (2018), ‘Financial literacy and portfolio dynamics’, Journal of
Finance 73(2), 831-859.

Bianchi, M. and Jehiel, P. (2015), ‘Financial reporting and market efficiency
with extrapolative investors’, Journal of Economic Theory 157, 842—
878.

Bianchi, M. and Jehiel, P. (2020), ‘Bundlers’ dilemmas in financial markets
with sampling investors’, Theoretical Economics 15(2), 545-582.

Campbell, J. Y. (2014), ‘Empirical asset pricing: Eugene fama, lars pe-
ter hansen, and robert shiller’, Scandinavian Journal of Economics
116(3), 593-634.

Campbell, J. Y. and Shiller, R. J. (1988), ‘Stock prices, earnings, and ex-
pected dividends’, Journal of Finance 43(3), 661-676.

Campbell, J. Y. and Viceira, L. M. (2002), Strategic asset allocation: port-
folio choice for long-term investors, Clarendon Lectures in Economic.

Chapman, L. J. (1967), ‘Illusory correlation in observational report’, Journal
of Verbal Learning and Verbal Behavior 6(1), 151-155.

25



Chen, D. L., Schonger, M. and Wickens, C. (2016), ‘otrecaATan open-source
platform for laboratory, online, and field experiments’, Journal of Be-
havioral and FExperimental Finance 9, 88-97.

Cochrane, J. H. (2009), Asset pricing: Revised edition, Princeton university
press.

Cochrane, J. H. (2011), ‘Presidential address: Discount rates’, Journal of
finance 66(4), 1047-1108.

Das, S., Kuhnen, C. M. and Nagel, S. (2020), ‘Socioeconomic status and
macroeconomic expectations’, Review of Financial Studies 33(1), 395—
432.

De Long, J. B., Shleifer, A., Summers, L. H. and Waldmann, R. J. (1990),
‘Positive feedback investment strategies and destabilizing rational spec-
ulation’, Journal of Finance 45(2), 379-395.

Dominitz, J. and Manski, C. F. (2007), ‘Expected equity returns and port-
folio choice: Evidence from the health and retirement study’, Journal
of the European Economic Association 5(2-3), 369-379.

Dominitz, J. and Manski, C. F. (2011), ‘Measuring and interpreting expec-
tations of equity returns’, Journal of Applied Econometrics 26(3), 352—
370.

Drerup, T., Enke, B. and Von Gaudecker, H.-M. (2017), ‘The precision of
subjective data and the explanatory power of economic models’, Jour-
nal of Econometrics 200(2), 378-389.

Fama, E. F. and French, K. R. (1988), ‘Dividend yields and expected stock
returns’, Journal of financial economics 22(1), 3-25.

Giglio, S., Maggiori, M., Stroebel, J. and Utkus, S. (2019), Five facts about
beliefs and portfolios, Technical report, National Bureau of Economic
Research.

Golez, B. and Koudijs, P. (2018), ‘Four centuries of return predictability’,
Journal of Financial Economics 127(2), 248-263.

Greenwood, R. and Nagel, S. (2009), ‘Inexperienced investors and bubbles’,
Journal of Financial Economics 93(2), 239-258.

Greenwood, R. and Shleifer, A. (2014), ‘Expectations of returns and ex-
pected returns’, Review of Financial Studies 27(3), 714-746.

Hurd, M. D. and Rohwedder, S. (2012), Stock price expectations and stock
trading, Technical report, National Bureau of Economic Research.

26



Kézdi, G. and Willis, R. J. (2011), Household stock market beliefs and
learning, Technical report, National Bureau of Economic Research.

Landier, A., Ma, Y. and Thesmar, D. (2019), ‘Biases in expectations: Ex-
perimental evidence’, Available at SSRN 3046955 .

Manski, C. F. (2018), ‘Survey measurement of probabilistic macroeconomic
expectations: progress and promise’, NBER Macroeconomics Annual
32(1), 411-471.

Merkle, C. and Weber, M. (2014), ‘Do investors put their money where their
mouth is? stock market expectations and investing behavior’, Journal
of Banking & Finance 46, 372-386.

Péastor, L. and Stambaugh, R. F. (2012), ‘Are stocks really less volatile in
the long run?’, Journal of Finance 67(2), 431-478.

Rabin, M. (2002), ‘Inference by believers in the law of small numbers’, Quar-
terly Journal of Economics 117(3), 775-816.

Rabin, M. and Vayanos, D. (2010), ‘The gambler’s and hot-hand fallacies:
Theory and applications’, Review of Economic Studies T7(2), 730-778.

Shiller, R. J. (1981), ‘Do stock prices move too much to be justified by subse-
quent changes in dividends?’, American Economic Review 71(3), 421—
436.

Shiller, R. J. (2000), ‘Measuring bubble expectations and investor confi-
dence’, Journal of Psychology and Financial Markets 1(1), 49-60.

Tversky, A. and Kahneman, D. (1973), ‘Availability: A heuristic for judging
frequency and probability’, Cognitive psychology 5(2), 207-232.

Vissing-Jorgensen, A. (2003), ‘Perspectives on behavioral finance: Does"
irrationality" disappear with wealth? evidence from expectations and
actions’, NBER macroeconomics annual 18, 139-194.

Whitson, J. A. and Galinsky, A. D. (2008), ‘Lacking control increases illusory
pattern perception’, science 322(5898), 115-117.

27



8 Tables

Table 1: Descriptive Statistics

Variable Obs. Mean  Median  Std. Dev. Min Max
Round 1,880 10.5 10.5 5.768 1 20
a useful 1,880 0.5 0.5 0.5 0 1
Forecast 1,880 5.283 5 7.086 -16 50
Invest 1,880  44.99 40 36.24 0 100
Perceive 1,880 0.551 1 0.498 0 1
a(t) 1,880 6.035 5.484 3.236 2.064 12.17
r(t) 1,880 3.192 2.95 8.603 -11.79  19.25
Change Forecast 1,786  -0.0651 0 10.03 -35 43
Change Invest 1,786 0.935 0 39.52 -100 100
Delay 1,880 82.74 61 78.71 11 1,180
Pr(a useful | predictable) 1,880  8.064 1 1.804 2 10
Pr(a useless | i.i.d.) 1,880 7.043 1 2.164 1 10
Detect 1,880 15.11 15 2.417 10 20
Forecast Distance 1,880 8.771 7.1 7.518 0.072 56.6
Perceive=1
Forecast 1,036 5.739 6 7.052 -15 40
Invest 1,036 48.58 50 36.96 0 100
a(t) 1,036 6.223 6.22 3.27 2.064 12.17
r(t) 1,036 3.783 3.37 8.148 -11.79  19.25
Forecast Distance 1,036 7.714 6.314 5.982 0.09 39.31
Perceive=0
Forecast 844 4.724 5 7.092 -16 50
Invest 844 40.58 30 34.86 0 100
a(t) 844 5.805 4.749 3.182 2.064 12.17
r(t) 844 2.467 -1.12 9.083 -11.79  19.25
Forecast Distance 844 10.07 7.723 8.887 0.072 56.6
Other Treatments
Forecast(5) 1,160  6.705 6 7.462 -15 100
Invest(5) 1,160 52.36 50 33.79 0 100
Change Forecast(5) 1,102 -0.124 0 9.562 -92 98
Change Investment(5) 1,102 0.923 0 32.07 -100 100

NoTE: This table reports descriptive statistics of our variables.
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Table 2: Forecast and Predictability

Dep Variable ‘ Forecast
(1) 2) (3) 4) (5)
Perceive*a(t) 0.343%%*%  (.387*F**%  (.396%**

(0.101)  (0.0982)  (0.0813)

a(t) 0.0118  -0.0376  -0.0422  0.359%%*  -0.0424
(0.0763)  (0.0741)  (0.0705)  (0.0562)  (0.0782)

Perceive J1114%  S1.273%  1.282%*
(0.670)  (0.645)  (0.563)

Individual FE No Yes Yes

Round FE No No Yes

Sample All Perceive  No Perceive
Number of Obs 1,880 1,880 1,880 1,036 843
Number of Clusters 94 94 94/20 93/20
R-squared 0.018 0.100 0.109 0.153 0.160

NoTE: This table reports the results of OLS regressions. The dependent variable
is the forecast of next period returns in percentage points. The variable a(t)
denotes the current value of variable a. Perceive is a dummy equal to one if the
subject declares that the variable a is useful to predict returns. Perceive*a(t) is
the interaction between Perceive and a(t). In column 4, the sample is restricted
to observations in which subjects declare that that variable a is useful to predict
returns. In column 5, the sample is restricted to observations in which subjects
declare that that variable a is not useful to predict returns. Standard errors are
in parenthesis, they are clustered at the individual level in columns 1 and 2, at
the individual and round level in columns 3-5. *, ** and *** denotes significance
at 10%, 5% and 1% level, respectively.
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Table 3: Extrapolation and Predictability

Dep Variable [ Forecast
(1) (2) 3) (4) ()
Perceive*a(t) 0.348%**
(0.0699)
Perceive*r(t) -0.158%*%*  -0.101*

(0.0536)  (0.0562)
0.0928  0.445%%* 0.0959
(0.0611)  (0.0537)  (0.0646)

r(t) 0.118%FF  0.192%%%  0.109%F%  (.0943%%  0.198%**
(0.0202)  (0.0452)  (0.0448)  (0.0387)  (0.0414)

Perceive 1.483*** -0.959
(0.367)  (0.576)

Sample All Perceive  No Perceive
Number of Obs 1,880 1,880 1,880 1,036 843
Number of Clusters 94/20 93/20
R-squared 0.109 0.122 0.142 0.163 0.217

NoTEe: This table reports the results of OLS regressions. All regressions include
individual and round fixed effects. The dependent variable is the forecast of next
period returns in percentage points. The variable a(t) denotes the current value
of variable a. The variable r(t) denotes the latest realized returns. Perceive is a
dummy equal to one if the subject declares that the variable a is useful to predict
returns. Perceive*a(t) is the interaction between Perceive and a(t). Perceive*r(t)
is the interaction between Perceive and r(t). In column 4, the sample is restricted
to observations in which subjects declare that that variable a is useful to predict
returns. In column 5, the sample is restricted to observations in which subjects
declare that that variable a is not useful to predict returns. Standard errors are
in parenthesis, they are clustered at the individual and round level. *, ** and ***
denotes significance at 10%, 5% and 1% level, respectively.
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Table 4: Investment and Predictability

Dep Variable [ Investment Change Inv [ Investment
(1) 2 (3) (4) (5) (6)
Forecast 2.225%*% 2 195%** 2 (053*F** 1.779%**
(0.194)  (0.194)  (0.216) (0.253)
Change Forecast 2.194%**
(0.0949)
Perceive 6.871+** 2.751*

(2.292)  (1.441)

Forecast*Perceive 0.488**
(0.225)

Individual FE No Yes Yes No Yes

Round FE No No Yes Yes Yes

Number of Obs 1,880 1,880 1,880 1,786 1,880 1,880

Number of Clusters 94 94/20 19 94/20

R-squared 0.189 0.565 0.602 0.361 0.482 0.607

NoTe: This table reports the results of OLS regressions. In columns 1-3 and 5-6, the
dependent variable is the fraction of the endowment invested in the risky asset, in percentage
points. In column 4, the dependent variable is the difference between the current investment
and the investment in the previous round. Forecast is the forecast of next period returns
in percentage points. Change forecast is the difference between the current forecast and the
forecast in the previous round. Perceive is a dummy equal to one if the subject declares
that the variable a is useful to predict returns. Perceive*Forecast is the interaction between
Perceive and Forecast. Standard errors are in parenthesis, they are clustered at the individual
level in columns 1-2, and at the individual and round level in columns 3,5,6 and at the round
level in column 4. *, ** and *** denotes significance at 10%, 5% and 1% level, respectively.
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Table 5: Forecast and Investment over a Longer Horizon

Dep Variable [ Forecast(5) Invest(5) Change Inv(5) Invest(5)
(1) (2) (3) (4) () (6)
Perceive*a(t) 0.0951 0.0654
(0.0779)  (0.0842)
Perceive*r(t) -0.0455
(0.0586)
a(t) 20.0737  -0.0188
(0.0823)  (0.0679)
r(t) 0.0770%*
(0.0320)
Perceive 0.683 0.912 1.682 6.739
(0.450)  (0.779) (3.123)  (4.395)
Forecast(5) 0.711%* 1.375%*
(0.296) (0.490)
Change Forecast(5) 0.914%**
(0.231)
Forecast(5)*Perceive -0.855
(0.590)
Number of Obs 1,160 1,160 1,160 1,102 1,160 1,160
Number of Clusters 58/20
R-squared 0.152 0.156 0.545 0.089 0.525 0.525

NoOTE: This table reports the results of OLS regressions. All regressions include individual
and round fixed effects. In columns 1-2, the dependent variable is the forecast of the average
returns over the next five periods, in percentage points. In columns 3, 5 and 6, the dependent
variable is the fraction of the endowment invested in the risky asset for the next five periods, in
percentage points. In column 4, the dependent variable is the difference between the current
five-periods investment and five-periods investment in the previous round. The variable a(t)
denotes the current value of variable a. The variable r(t) denotes the latest realized returns.
Perceive is a dummy equal to one if the subject declares that the variable a is useful to predict
returns. Perceive®a(t) is the interaction between Perceive and a(t). Perceive*r(t) is the inter-
action between Perceive and r(t). Change Forecast(5) is the difference between the current
five-periods forecast and the five-periods forecast in the previous round. Forecast(5)*Perceive
is the interaction between Forecast(5) and Perceive. Standard errors are in parenthesis, they
are clustered at the individual and round level. *, ** and *** denotes significance at 10%, 5%
and 1% level, respectively.
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Table 6: Revealing Predictability

Dep Variable

Forecast

Invest

(1)

(2) 3)

4)

a(t) 0.313%%%  (.311%%*
(0.0475)  (0.0486)
r(t) 0.152%%%  (.152%%*
(0.0292)  (0.0293)
Predictive 1.388* 10.16%**
(0.730) (3.501)
Predict*a(t) -0.00519
(0.0440)
Predict*r(t) -0.212%%*
(0.0568)
Not Predictive 0.969 10.11%%*
(0.993) (3.062)
Not Predict*a(t) -0.0532
(0.126)
Not Predict*r(t) 0.0458
(0.0474)
Forecast 2. 181%*%* 2. 176%**
(0.200)  (0.198)
Predict*Forecast 0.705*
(0.352)
Not Predict*Forecast 0.162
(0.325)
Number of Obs 2,240 2,240 2,240 2,240
Number of Clusters 94/20
R-squared 0.117 0.134 0.579 0.580

NOTE: This table reports the results of OLS regressions. All regres-
sions include individual and round fixed effects. In columns 1-2, the
dependent variable is the forecast of next period returns in percent-
age points. In columns 3-4, the dependent variable is the fraction
of the endowment invested in the risky asset, in percentage points.
Predictive is a dummy equal to one if the subject is told that the
variable a is useful to predict returns and equal to zero if the sub-
ject is not told whether the variable a is useful. Not Predictive is a
dummy equal to one if the subject is told that the variable a is not
useful to predict returns and equal to zero if the subject is not told
whether the variable a is useful. The variable a(t) denotes the current
value of variable a. The variable r(t) denotes the latest realized re-
turns. Predict*a(t), Predict*r(t), Not Predict*a(t), Not Predict*r(t),
Predict*Forecast, Not Predict*Forecast are the interactions between
each dummy Predictive and Not Predictve and each variable a(t),
r(t), Forecast. Standard errors are in parenthesis, they are clustered
at the individual and round level. *, ** and *** denotes significance
at 10%, 5% and 1% level, respectively.



Table 7: Heterogeneous Behaviors

Dummy (D) Late Rounds Fast Replies High Ability
Dep Variable Forecast Invest Forecast Invest Forecast Invest
0 @ ) @ ) ©)
Perceive*a(t)*D 0.420%*** 0.460%*** 0.333%**
(0.142) (0.136) (0.102)
Perceive*a(t)*(1-D) 0.303*** 0.194 0.356**
(0.0960) (0.131) (0.147)
Perceive*r(t)*D -0.109* -0.184** -0.123*
(0.0628) (0.0733) (0.0614)
Perceive*r(t)*(1-D) -0.103 -0.0382 -0.0850
(0.0822) (0.0655) (0.0989)
a(t)*D 0.0812 0.0708 0.0856
(0.100) (0.142) (0.0581)
a(t)*(1-D) 0.0869 0.120 0.108
(0.0956) (0.112) (0.128)
r(t)*D 0.162%%* 0.250%** 0.183%**
(0.0480) (0.0645) (0.0459)
r(t)*(1-D) 0,230 0.152%% 0.230%*
(0.0637) (0.0483) (0.0870)
Forecast*Perceive*D 0.793* 0.872%* 0.580*
(0.470) (0.415) (0.290)
Forecast*Perceive*(1-D) 0.553** 0.412 0.789
(0.229) (0.252) (0.494)
Forecast*D 1.845%** 1.828%** 1.910%**
(0.441) (0.409) (0.320)
Forecast*(1-D) 1.743%** 1.755%** 1.640%***
(0.231) (0.240) (0.429)
Number of Obs 1,880 1,880 1,880 1,880 1,880 1,880
Number of Clusters 94/20
R-squared 0.146 0.596 0.150 0.597 0.144 0.596

NoTE: This table reports the results of OLS regressions. All regressions include individual
and round fixed effects. In columns 1,3,5, the dependent variable is the forecast of next period
returns in percentage points. In columns 2,4,6, the dependent variable is the fraction of the
endowment invested in the risky asset, in percentage points. In columns 1-2, D refers to the
dummy Late Rounds, which is equal to 1 for Rounds 11-20 and equal to zero for Rounds 1-10.
In columns 3-4, D refers to the dummy Fast Replies, which is equal to 1 if the number of
seconds the subject takes for submitting the answers in each "Question Page" is below the
sample median (equal to 61). In columns 5-6, D refers to the dummy High Ability, which is
equal to 1 if the subject’s correct answers to whether the variable a is useful to predict returns
is above the sample median (equal to 15 gyt of 20). The variable a(t) denotes the current value
of variable a. The variable r(t) denotes tHt latest realized returns. Perceive is a dummy equal
to one if the subject declares that the variable a is useful to predict returns. For each variable
a(t), r(t), Perceive and Forecast, *D indicates the interaction with the dummy D and *(1-D)
indicates the interaction with the dummy (1-D), taking value 1 when D=0 and value 0 when
D=1. All regressions include also the variables Perceive*D and Perceive*(1-D). In columns
3-5, the dummy Fast Replies is also included. Standard errors are in parenthesis, they are
clustered at the individual and round level. *, ** and *** denotes significance at 10%, 5% and
1% level, respectively.



Table 8: Forecast Model

Dep Variable Forecast
(1) (2) () 4)
By 0.343 0.441 0.472 0.346
[0.149 - 0.537] [0.162 - 0.719] [0.181 - 0.762]  [0.0610 - 0.631]
B -0.0118 -0.0255 -0.0502 0.0393
[-0.158 - 0.135]  [-0.242 - 0.191] [-0.281 - 0.180]  [-0.168 - 0.247]
Qs -1.114 -1.112 -0.939 -1.376
[-2.498 - 0.271] [-3.089 - 0.864] [-3.094 - 1.217]  [-3.409 - 0.658]
a 4.792 4.524 4.728 5.177
[3.767 - 5.818] [3.033 - 6.015] [3.029 - 6.427] [3.747 - 6.607]
Sample All Late Fast Detect
p(a1=5.2658) 0.365 0.329 0.535 0.903
p(a2=-2.1198) 0.154 0.317 0.283 0.473
p(B8,=0.1325) 0.0533 0.153 0.120 0.378
p(B85,=0.3169) 0.793 0.383 0.296 0.840
Number of Obs 1,880 940 945 740
R-squared 0.018 0.030 0.039 0.021

NoTE: The top part of the table reports the OLS estimates of Equation Fi =
a1+ a2Pi + Biag + Boag Py + €. 95% confidence intervals are in brackets. In the
bottom panel, we report the p-values of the t-tests that each estimated coefficient is
equal to the values in Equation . In column 1, we report estimates on the full
sample; in column 2, we restrict rounds between 11 and 20; in column 3, we restrict
to decisions submitted with a delay below the sample median (equal to 61 seconds);
in column 4, we restrict to subjects with correct answers on whether variable a has
predictive power above the sample median (equal to 15).
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Table 9: Implicit Risk

M CINE) @
Panel A Sample: Perceive=1
Average  Median CI[95%)]
vo? from Equation (T6) 0.181 0.106 0.109 0.265
~vo? from Equation 0.972 0.311 0.105 1.840
Difference CI[95%] p-value(D)
N=91 -0.785 -1.652 0.081 0.075
Pr(<1) Pr(Lh) Pr(>h) p-value(W)
34.04 64.89 1.06 0.000
Panel B Sample: Perceive=0
Average  Median CI[95%)]
vo? from Equation (16) 0.238 0.139 0.142 0.346
vo? from Equation 0.258 0.354 -0.658 1.173
Difference CI[95%)] p-value(D)
N=90 -0.014 -0.941 0.914 0.977
Pr(<l) Pr(Lh) Pr(>h) p-value(W)
26.88 72.04 1.08 0.000

Panel C Sample: Perceive=1

Variance: po>(r?) + (1 — p)o>(r:)=0.62%
Median v from Equation (|16 17.11
Median v from Equation (|17 50.21
Panel D Sample: Perceive=0

Variance: go>(r:) + (1 — q)o>(r?)=0.76%
Median vy from Equation (16 18.37
Median v from Equation (|17 46.79

NoTE: In Panels A and B, we report the estimates of yo? from Equations
and . For each equation, we report the mean and median estimates
together with the 95% confidence intervals. Difference reports the difference
in the average estimates obtained from Equation and Equation 7 and
the 95% confidence intervals of this difference. P-value(D) is the p-value of
the t-test of equality of the means. Pr(lh) is the fraction of estimates from
Equation which fall within the 95% confidence interval of the estimates
from Equation(I7). Pr(<1) (resp., Pr(>h)) is the fraction of estimates which
fall below (resp., above) the 95% confidence interval. p-value(W) is the p-value
of the Wilcoxon signed-rank test that the estimates from Equations and
(17) are drawn from the same distribution. In Panels C and D, we report
the estimates of the relative risk aversion coefficient v implied by the median
estimates of yo2 from Panels A and B, assuming that the variance in Panel
A is equal to 0.62% and in Panel B is equal to 0.76%, as derived in Equation
. In Panel A and C, the sample includes rounds in which a is perceived as
useful; In Panel B and D, the sample includes rounds in which a is perceived
as useless. N refers to the number of observations used in each panel.
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9 Appendix

9.1 Return Process

Case with Predictable Returns. We simulate predictable annual re-
turns according to the VAR process:

p —
Tli+1 = QT+ E€1¢41, (19)

141 = Bris + 01441,

where r1; is the demeaned annual excess log return and x1; is a state vari-
able, estimated from the demeaned annual log dividend yield. The two
shocks g1 and ¢7 follow normal distributions with mean 0 and standard de-
viation o(e1) and o(d1) respectively, and have correlation p, 5. We use the
estimated parameters from Cochrane (2009) on US equity (CRSP, 1927-
1998): o = 0.16, B = 0.92, 0(d1) = 15.2%, o(e1) = 19.2%, pepr 5 = —0.72.
The returns in the predictable process displayed to subjects in the
experiment correspond to a compounded 5-year average of returns simulated
from annual process above. For any simulated series from process (19))
of length 5 x T {x171,x172...x1,5xT} and {7”1,277"1,3-'-7"1,5><T+1}; we extract

the returns {r§,rf,...,rh,  } where 75 = p + r1o+ry, 3+r15_4+7"1 S+, o
r1,7+71,8+71, 9+7‘1 10+71, 11 r157—4+r157—2+r1 57—1+"1 57 +71,5T+1
pr STy = B ,

5
where u = 6. 07% (again from Cochrane (2009)). Iterating from rq 441, we
obtain

1 1-p°
T = /H‘g 1_B$1,t
expected return a
1| 1—-p°1 1_ g5-2 5
= |lae——79 —0 .. ) _
+5 [0 1-3 1+1 + 1-8 1442 + .. + @015 1+;51,t+1 ,

P
shock €11

corresponding to the predictable returns process .
From a simulated series from process (19): {r12,713...r15x7+1} and

{z11,%12...21 57}, we also extract the conditional expectations {a1, as...ar}
5

for the predictable returns {rj,r5...r,, ;} where a1 = pu + %aﬁxm;

-1 L _ 55
13 Z1,65-; ar = [+ 59T "5 3
as above. The predictive variable a thus constructed is such that (a — p)
follows an AR(1) process with persistence (3°.

as = p+ %a T157—4, Where p = 6.07%
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Case with i.i.d. returns. We simulate i.i.d. annual returns according
to process:

T1t41 = M+ €14+41, (20)
where p1 = 6.07% as in and e; ~ N(0,02(e1)). We set 0(61) = 20.18% so
that the uncond1t10nal variance is the same as for rf 441D . The returns

in i.i.d. process (|1]), displayed to subjects in the experlment correspond to a
compounded 5- year average of returns simulated from annual process .

Conditional Variance of Returns. Let ry; be the N-year demeaned
average return in the i.i.d. case

1t + T+l + o F LN
N .

Nt =
The conditional variance (equal to the unconditional variance) of N7y is
Var(Nryii1) = No?(eq). (21)
Let r?v?t be the N-year demeaned average return in the predictable case:

p P p
Tt et N

T]Q/,t = N )
such that:
N— 1
1— BN _ IBZ
NT?V,t—i-l: al—ﬁml’t +(az; = B51t+2+251t+1
\‘/_/ = ?
expected return Nz ¢ b k‘;\f P
snoc £t+1
with conditional variance:
N-1 1_ 5@
Vary(Nri,,,) = No?(e1) + a?o? Z 5
i=1
N—1 _pi
+2ap. s0(e1)0(01) Y —— 5
=1

Given our estimated parameters, the negative term in p, 5 dominates the
positive term in «?, so that Vart(rfv’tﬂ) < Vary(ryis1), for N suffi-
ciently low. For our experiment, we are interested in N = 5 for the one-
period returns and N = 25 for the five-period averages, for which we have

Vart(r5 t+1) =0.67Vary(rs41); Van"t(r25 i1) = 0.61Vary(ras i11).
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9.2 Experimental Protocol

The experiment starts with the instruction page (as in Figure , followed
by 20 rounds of Question Page / Result Page (as in Figures [3| and . Each
round corresponds to a new simulation of returns, 10 rounds for the i.i.d.
process and 10 rounds for the predictable process (2).

For the predictable rounds, we obtain the simulated returns of process
via a simulation of length 225 of the VAR process , averaged over
5-year periods to obtain 45 points for the expected return process r} 41 and
45 points for the conditional expectations a;. We repeat this procedure to
get 1,000 simulations, among which we choose the 10 simulations that have a
statistical correlation between the simulated returns r? 1 and the conditional
expectations a; closest to 0.6, the theoretical correlation between the returns
process and the predictive variable a.

For the i.i.d. rounds, we obtain the simulated returns of process via
a simulation of length 225 of the annual i.i.d. process , averaged over
5-year periods to obtain 45 points for the expected return process riy1. In
addition, and independently, we add a simulation of length 225 of the state
variable z1; from VAR process to obtain 45 points with same distribu-
tion as the variable a; in the predictable rounds. We repeat this procedure to
get 1,000 simulations, among which we choose the 10 simulations that have
a statistical correlation between the simulated returns 7441 and the variable
a; closest to 0, the theoretical correlation between the returns process and
the variable a in the i.i.d. case.

We verify for each of the 20 rounds displayed to our subjects, the statis-
tical regressions of the returns r; on the variable a;_1, and on past returns
ri—1. The results are displayed in Table [I0] below. In all rounds, the graph
displayed in the Question page shows the first 40 points for the returns ry,
from t = —40 to t = —1 in red, and the first 41 points for variable a;_1,
from ¢ = —40 to t = 0 in blue (shifted so that r; and a;—1 are one above the
other); with a_1, the best predictor for next-period returns ro displayed as
a fat yellow dot at ¢t = 0.
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Figure 1: Simulations: i.i.d. case (top panel) and predictable case (bottom
panel)
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Figure 2: Instruction page

Instruction

At the beginning of each round, you will be shown a graph of the past realizations of the returns of an index. You will also see
the past realizations of a second variable (Variable A ) in the same graph. In some rounds, Variable A is useful for predicting the
index returns. In other rounds, the two variables are independent and Variable A cannot be used to predict the index returns .

Your task:
For each round, you will be endowed with 100 ECUs. Your task in each round includes 3 parts:

® Decide whether variable A is useful to forecast the index returns .
® Make forecasts on the index returns at different horizons .

¢ Choose how much of the 100 ECU you own to invest in the index. You will have to make two choices. One choice refers to
an investment over one period, the other to an investment over five periods.

There are 20 rounds in this experiment. Every round is independent.
In all rounds, the average value of returns is 6.07%.

After each round, you will be shown information related to the realization of the index returns and whether Variable A was
useful or not to make forecasts on the index returns . You will also be informed about the precision of your forecasts and about
the total wealth you earn in that round.

How payoff is computed?
Your final payoff comprises of three parts:
(1) Usefulness of variable A: You will receive 5 ECU for every correct answer.

(2) Forecast: You will receive 10 ECU for every precise forecast. A forecast is considered precise if it lies between -1% and +1%
of the realization.

(3) Investment:

Your final wealth in a given round is computed both for the one-period and the five-period horizon.

It is computed as: The value of your investment in the index over one period or five periods; plus the ECUs you did not
invest, which stay unchanged.

At the end of the experiment, we will randomly choose one round and an investment horizon in order to compute the
final payoff.

Your final payoff in ECU is the sum of payoff (1) and (2) for the entire 20 rounds and payoff (3) of one randomly chosen round
and horizon.

Your final payoff in EUR is the final payoff in ECU divided by 20. This final payoff will be paid to you in cash at a future class.

If you have questions, please raise your hand and we will come to assist you.
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Figure 3: Question page

See General Instruction
See Examples

Round 1: Forecasting and Investing

Below is the realization of the index returns and Variable A for the last 40 periods. You are at date 0, today.

—30%

— 20%

— 10%

—-10%

-20%
40 35 30 25 20 5 10 5 o 5

You are endowed with 100 ECUs.

Your forecast (in percentage):

What is your forecast of the index return over the next period?

Investment amount (in ECU):

If your investment is for 1 period , how many of your 100 ECU do you want to invest in the stock index?

Your forecast (in percentage):

What is your forecast of the average 1-period returns over the next 5 periods?

Investment amount (in ECU):

If your investment is for 5 periods, how many of your 100 ECU do you want to invest in the index?

In this graph, do you think Variable A (blue line) is useful to predict the index returns (red line)? No
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Figure 4: Answer page

See General Instruction
See Examples

Round 1: Realization

The graph below shows the realizations of the index returns for the next 5 periods.

In this round, Variable A was not useful to predict the index returns .

Forecasting and investment result

HORIZON: 1 PERIOD

Description Index Return (Next period) Forecastresult  Value before realization Value after realization
Investment in the index 1539 % imprecise 50 58.32
Total Wealth - - 100 108.32

HORIZON: 5 PERIODS

Description Index Return (average over 5 periods) Forecast result Value before realization  Value after realization
Investment in the index  6.11 % precise 50 67.86
Total Wealth - - 100 117.86

Click the "Next Button" to go to the next round.
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Table 10: Regression Coefficients of r: on a;—1 and 7;_1.

Graph no. Predictability —a(t-1) p-value R2  r(t-1) p-value
(1) ) () (4) ) (6 (M
1 No 0.07 0.79 0 -0.13 0.45
2 No -0.05 0.88 0 -0.01 0.96
3 No 0.09 0.78 0 0.16 0.34
4 No -0.02 0.95 0 0.02 0.89
) No -0.27 0.4 0.02 0.13 0.44
6 No -0.12 0.58 0.01  0.58 0.6
7 No -0.02 0.94 0 -0.1 0.52
8 No -0.05 0.91 0 -0.3 0.06
9 No 0.01 0.96 0 -0.34 0.04
10 No -0.01 0.98 0 -0.04 0.81
11 Yes 1.17 0 0.34 0.21 0.21
12 Yes 1.53 0 0.38 -0.07 0.67
13 Yes 1.19 0 0.38 0 0.99
14 Yes 1 0 0.36  0.03 0.87
15 Yes 0.96 0 0.33 0.07 0.64
16 Yes 0.99 0 0.32  0.04 0.79
17 Yes 1.11 0 0.4 0 0.99
18 Yes 1.09 0 0.35 0.14 0.4
19 Yes 1.06 0 0.35 -0.11 0.5
20 Yes 0.85 0 0.32 -0.14 0.39

NoTE: This table reports the results of OLS regressions. The dependent
variable is the returns r; either for the i.i.d process or the predictable
process (2). Columns (3), (4) and (5) report the coefficient, p-value and
R? of the regression on a;—1. Column (6) and (7) report the coefficient
and p-value of the regression on ri_1.
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