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We study the role of investor experience in the formation of asset price bubbles. We conduct
a call market experiment in which participants trade assets with each other and a learning-
to-forecast experiment in which participants only forecast future prices (while trade based
on these forecasts is computerized). Each experiment comprises three treatments varying
the information that participants receive about the fundamental value. Each experimental
market is repeated three times. Throughout, we observe sizable bubbles that persist despite
participant experience. Our findings in the call market experiment contrast with those in the
literature. Our findings in the learning-to-forecast experiment are novel. (JEL G40, G10,
C92, D90)
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Experimental investigations of asset markets have considerably improved
our knowledge of the workings and the efficiency of financial markets. One
regularly reappearing finding is that prices substantially rise above fundamental
values when participants first take part in an experimental asset market, but
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that such large price deviations are no longer observed after the same market
is repeated multiple times. In short, bubbles disappear with (participant)
experience.

Whether or not bubbles disappear with experience is relevant in a variety
of ways outside the laboratory. If bubbles are indeed a phenomenon of
inexperienced investors only, authorities responsible for financial stability
should not be too concerned about price movements in markets with mainly
professional investors, such as the stock market (as these investors would price
the assets generally well). Markets with many inexperienced investors, for
example, markets of so-called “cryptocurrencies,” then may be fundamentally
different and still be prone to bubbles. Similarly, if mainly inexperienced
traders are prone to mispricing, one may wonder about the effects of policies
encouraging nonprofessional investors to hold more stocks, for example, as
retirement savings, on price accuracy. Such policies may lead to an inflow of
inexperienced traders into the market and thus to more bubble formation. The
topic is similarly relevant for consumer protection. If experienced traders are
not prone to severe mispricing, financial regulation could be relatively mild
regarding those investors, while more protection may be appropriate if severe
mispricing does not disappear with experience.

Unfortunately, however, studying the effects of experience on bubble
formation with observational data is extremely difficult. It may already prove
difficult to obtain data on markets with the necessary individual-level trader
characteristics. A variety of problems arise even when this information is
available. For example, true fundamental values cannot be observed outside
the laboratory, and a variety of confounding factors may drive the results as
there is no random assignment to treatments. Making sound statements about
causality on this topic based on observational data is thus very difficult. The
high level of control available in the laboratory setting is the main reason for
the development of a rich literature on experimental asset markets.

In most experimental asset markets, participants trade financial assets with
others making use of a continuous double auction or a call market mechanism.1

The finding that bubbles disappear when identical markets are repeated is very
robust in these settings, in which participants trade for a finite number of
periods, with usually about 10–20 periods per market (e.g., Smith, Suchanek,
and Williams 1988; King et al. 1993; Van Boening, Williams, and LaMaster
1993; Dufwenberg, Lindqvist, and Moore 2005; Haruvy, Lahav, and Noussair
2007; Hussam, Porter, and Smith 2008; the findings can even persist in
considerably more difficult variations, e.g., Weber, Duffy, and Schram 2018;

1 For very early studies, see Smith, Suchanek, and Williams (1988) and Plott and Sunder (1988). For more recent
studies, see Haruvy and Noussair (2006), Bossaerts, Plott, and Zame (2007), Haruvy, Lahav, and Noussair (2007),
Bossaerts et al. (2010), Palan (2010), Cheung and Palan (2012), Kirchler, Huber, and Stöckl (2012), Sutter, Huber,
and Kirchler (2012), Huber and Kirchler (2012), Cheung, Hedegaard, and Palan (2014), Füllbrunn, Rau, and
Weitzel (2014), Noussair, Tucker, and Xu (2016), Holt, Porzio, and Song (2017), Hoshihata et al. (2017), and
Bosch-Rosa, Meissner, and Bosch-Domènech (2018). Bossaerts (2009), Noussair and Tucker (2013), Palan
(2013), and Nuzzo and Morone (2017) review the literature.
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Füllbrunn, Neugebauer, and Nicklisch 2019). Nevertheless, how robust this
finding is to changing the whole market environment is unclear. It is also unclear
how much it hinges on the provision of full information about the fundamental
value that is in general given to participants in these settings.

Markets in which participants directly trade assets with one another in the
laboratory are not the only type of experimental asset markets. Learning-to-
forecast experiments have become increasingly important. In such experiments,
participants only forecast future prices. The trading, which determines market
prices, is carried out by computerized mean-variance maximizers that base
their supply and demand decisions on the participants’ price forecasts.2 The
advantage of the learning-to-forecast setting is that the forecasting decision
is separated from the optimizing decision, so that the results on pricing
inarguably originate from the forecasting behavior. These learning-to-forecast
markets usually have a longer horizon of about 50 periods. Similar to the
experiments with actual trade in the laboratory, sizable price bubbles are
regularly observed in the learning-to-forecast setting. However, whether these
bubbles disappear with experience is unclear as no prior literature has explored
repeated learning-to-forecast asset markets. Hennequin (2019) comes closest
to repeating identical markets. In that study, participants take part in one round
with computerized players (with predetermined forecasts) before playing one
round with humans. In Hennequin (2019), bubbles in the round with only
human traders are observed when the computer players in the first round submit
forecasts very far from the fundamental value, while no bubbles arise in the
round with human traders when the computer players submit forecasts close to
the fundamental value in the first round.

One of the main goals of this paper is to investigate whether bubbles
also disappear with experience in the learning-to-forecast setting, and, if not,
understand which difference between the two market paradigms drives this
result. Our prediction before designing the experiment was that bubbles do
not disappear with experience in the standard learning-to-forecast setting. This
prediction is based on the fact that in previous learning-to-forecast markets
(which are not repeated markets but markets with many periods) new bubbles
often form if a first bubble forms and deflates early in the market. Such
consecutive bubbles seem to speed up rather than slow down and prices do
not converge to the fundamental value.

If bubbles indeed turn out not to disappear with experience in the learning-
to-forecast setting, the question arises what drives this difference between the

2 For recent contributions using the learning-to-forecast paradigm to analyze financial asset markets, see Hommes
et al. (2005, 2008), Sonnemans and Tuinstra (2010), Hüsler et al. (2013), Bao, Hommes, and Makarewicz
(2017), Colasante et al. (2017, 2018), Hennequin (2019), Bao et al. (2020), and Hommes, Kopányi-Peuker, and
Sonnemans (2020). Learning-to-forecast experiments also have been used in other environments, including goods
markets (e.g., Sonnemans et al. 2004; Hommes et al. 2007; Bao, Duffy, and Hommes 2013) and macroeconomics
(e.g., Pfajfar and Žakelj 2014; Arifovic and Petersen 2017; Cornand and M’baye 2018; Hommes, Massaro, and
Weber 2019). See Hommes (2011) or Assenza et al. (2014) for a review.
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two market paradigms. Our idea was that the difference lies in the way that
information about the fundamental value is provided to participants. In the
markets with trade, participants are told directly what the fundamental value
in the terminal period (the buyout price) is. In learning-to-forecast markets,
participants usually have enough information to calculate this value, but they
are not provided with the fundamental value directly.

To investigate the effects of information provision on bubble formation
in repeated markets, we design two experiments. One is a learning-to-
forecast experiment and one is an experiment with trade in the laboratory,
making use of a call market mechanism (we refer to these as the learning-
to-forecast experiment and the call market experiment). The designs try to
make the experiments as similar as possible, with the possibility of varying
the information that participants receive about the fundamental value. Our
designs allow us to give no direct information about the fundamental value to
participants, some information, or full information. Not giving full information
directly to participants seems valuable from the point of view that the direct
communication of the fundamental value is something that does in general not
exist in markets outside the laboratory (people have to infer the fundamental
value from asset characteristics and past history).

In both experiments and all treatments, bubbles do not disappear with
experience. This means the finding that bubbles disappear with experience
in markets with actual trade in the laboratory is not as robust as previously
thought. However, we believe that our findings are nevertheless reassuring for
the experimental method: there is no important difference between the two
market paradigms in such an important characteristic as whether bubbles keep
arising when the experiments are designed to resemble each other.

We also analyze how the general pricing pattern changes over time and how
the shapes of bubbles differ between the experiments. We find that pricing
only becomes slightly more accurate in the last round of the experiment in
the two treatments with information in the call market experiment, while
pricing does not improve in the no-information treatment and in all treatments
of the learning-to-forecast experiment. Bubbles have different shapes in the
two experiments. While bubbles are often relatively flat in the call market
experiment, clear boom-and-bust cycles are observable in the learning-to-
forecast experiment. In both experiments, bubbles appear earlier in later
repetitions of the markets.

We provide two variations of a model that can explain the predictions
and the data observed in the experiment. The model is based on level-k
reasoning (for recent contributions on level-k reasoning, see, e.g., Mauersberger
and Nagel 2018; Hanaki et al. 2019; Khaw, Stevens, and Woodford 2019).
Level-0 reasoners base their forecasts on trend-extrapolation and some of the
agents learn over the course of the experiment. The ex ante predictions for
the experiment arise in the model if level-0 agents slowly incorporate their
knowledge about the fundamental value into their forecasts. Behavior similar
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to that actually observed in the experiment arises if instead agents slowly learn
to base their forecasts on higher levels of reasoning.

Our findings in the call market experiment stand in contrast to the literature.
In the concluding remarks to the previous version of this paper, we hypothesized
that this may be due to the high cash-to-asset ratio in our experiment (it is a
well-known finding that a high cash-to-asset ratio facilitates bubble formation
in nonrepeated markets, as, e.g., discussed in the review article by Palan 2013).
In response to the comments by the reviewers of this journal, we now test this
hypothesis with an additional treatment mimicking our call market treatment
with full information, in which we use a lower cash-to-asset ratio. We receive
much more accurate pricing in that treatment. Note that we consider the high
cash-to-asset ratio the more relevant case; considering for instance equity
markets outside the laboratory, total means are many times greater than total
equity market capitalization (bond market capitalization alone is already much
larger; e.g., Roxburgh, Lund, and Piotrowski 2011).

1. Experimental Designs

With our design, we attempt to make the two market paradigms as comparable
as possible while leaving the underlying principles of these types of experiments
untouched.3 Experiments with trade in the laboratory are usually relatively short
compared to the learning-to-forecast ones (around 10-20 periods per round as
compared to about 50). We opt for an intermediate number, so that we have, on
the one hand, a sufficient number of periods to be able to observe bubbles in
both experiments (earlier learning-to-forecast experiments often show bubbles
appearing only after about 20 periods), while, on the other hand, rounds are
short enough so that we can run three of them in an experimental session. As
we desire one treatment in which subjects are not explicitly informed about the
fundamental value in the terminal period of the experiment, while they still need
to have enough information to infer the fundamental value, we use a constant
fundamental value and an indefinite number of periods per round. A constant
fundamental value is standard in the learning-to-forecast asset pricing literature
and also not uncommon in the literature with trade in the laboratory. An
indefinite number of periods is useful in the call market experiment (sometimes
abbreviated as CME, henceforth) to have a clear benchmark of what the buyout
price is when it is not explicitly communicated to subjects (the buyout price is
the fundamental value of the infinitely lived asset; with a fixed finite horizon,
the fundamental value would be less straightforward, as a value of zero in the
last period might appear natural). We also believe that indefinite end times are a
more natural setting when investigating bubbles in asset markets: when talking

3 Therefore, some of the design choices are compromises between the two market paradigms, such as choosing
an intermediate number of periods. If in doubt, we have a slight bias in favor of the standard learning-to-forecast
experiments, as our contribution is the first experiment with repetition within this paradigm.
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about bubbles, one has often equity markets in mind, which do not have a
predetermined final period (as opposed to bond markets, e.g., where the bonds
mature at a predetermined time).

In both experiments, subjects are randomized to groups of six. The group
composition remains fixed throughout the experiment. In both experiments,
each multiperiod market is repeated three times (this equals three rounds).
Subjects do not know the number of periods per round. However, they do
know that the number of periods lies between 25 and 40.4 The rounds are
otherwise identical. In both experiments, only one round is paid out. The round
for payment is randomly selected by the computer at the individual level. In
both experiments, subjects receive one euro for 900 points. Interest rates and
dividend processes are identical in the two experiments. Consequently, the
fundamental values are identical. As experiments with trade in the laboratory
are more common, we start by describing the call market experiment.

1.1 The call market experiment
In the call market experiment, subjects can trade assets with each other. Each
subject starts with an initial endowment of three assets and 5,500 points in their
cash account. Each subject interacts with five others throughout the experiment.
In each period, subjects can buy or sell assets in the market by submitting
marginal bids and asks simultaneously. The computer then calculates the
aggregate demand and supply schedules, and the market price is determined
by market clearing, where the demand and supply functions intersect. When
the lowest ask price is higher than the highest bid price, or when there is no
bid or ask, there is no trade in the given period. Furthermore, in case of excess
supply or demand at the realized market price, which bids or asks are successful
is decided at random among the bids or asks submitted exactly at the market
price. In case of a possible price interval for the equilibrium price, the realized
price is the midpoint of the interval. Subjects are allowed to submit as many
bids and asks as they want with the following restrictions:

1. Both bid and ask prices can be at most 1,500.5

2. Subjects cannot try to sell more assets than they hold. Similarly, they
cannot try to buy more assets than the available number on the market
(18 minus their own holdings).

3. Subjects cannot enter bids that they would not be able to pay for with
the points in their cash account.

4 The number of periods with a market price is 28 in the first round, 32 in the second round, and 26 in the third
round. This means that the number of periods in which subjects trade in the call market experiment is also 28,
32, and 26, while the number of periods for which subjects forecast prices in the learning-to-forecast experiment
is 29, 33, and 27. This is so, because in that experiment the market price in period t depends on the expectations
of the price in period t +1.

5 An upper limit is standard in learning-to-forecast experiments. We thus also use an upper limit in the call market
experiment to keep both experiments comparable.
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4. Ask prices have to be higher than bid prices. That is, subjects cannot
buy assets from themselves.

If any of these conditions is violated, the software displays an error message.
Subjects can then adjust their bids and offers.

After the trade in a period is realized, dividend and interest earnings are
paid (“overnight”). Both dividend and interest earnings are paid to a separate
savings account, which yields interest but cannot be used for buying assets.
Therefore, the cash-to-asset ratio is constant over time. The realized dividend
from an asset in each period is either 10 or 0 (uniform for everybody), each
with equal probability. The interest rate is 4%, both for money in the cash and
in the savings account. This means that the fundamental value is constant at
125 (this is the value that equalizes expected earnings from the dividends and
interest payments for this value; for details, see Section 1.3).

When a round ends (abruptly), each asset is bought back from subjects for a
“fair price”, which is the fundamental value of 125. Depending on the treatment
(discussed in Section 1.3), subjects receive differential information about this
buyout price. Subjects’ round earnings are the sum of the money in the cash
and savings accounts and the money they receive for the assets that they hold
once the round is terminated.

Subjects have the possibility to submit an empty schedule when they do not
want to trade. Once all subjects submit their bids and offers, the market price
is determined, and trade takes place. Each period, a history table is displayed
on the screen containing information about past market prices (which are also
shown on a graph), cash holdings, savings, asset holdings, and trades. However,
subjects do not have any information on others’ trades or cash balances. Internet
Appendix A offers a screenshot of a subject’s decision situation.

We impose a time limit on subjects’ decisions. Subjects have 2 minutes in
the first 10 periods of the first round and 1 minute in all other periods to make a
decision. If subjects do not make a decision in time, the computer automatically
proceeds to the next period. No decision by a subject is equivalent to this subject
submitting an empty schedule of bids and asks (i.e., this subject does not trade
in the given period).

The ratio of cash to assets priced at the fundamental value in our call
market experiment is 5,500/375=14.6̄, which is very high in comparison
to similar experiments. We choose such a high cash-to-asset ratio for the
following reasons: (a) there are no cash constraints in the learning-to-forecast
experiment (sometimes abbreviated as LtFE, henceforth), so that we do not
want cash constraints to play an important role in the call market experiment;
(b) considering actual equity markets, the ratio of available wealth to the
value of equities is very high (this can, for instance, be seen from the fact
that total bond market capitalization alone is a multiple of total equity market
capitalization; e.g., Roxburgh, Lund, and Piotrowski 2011); and (c) we want
to examine whether bubbles disappear with experience, therefore we need to
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have bubbles to start with (that higher cash-to-asset ratios lead to higher asset
prices with inexperienced subjects has been shown by, e.g., Caginalp, Porter,
and Smith 1998).

The fundamental value is the equilibrium price assuming risk-neutral
subjects. Note that it is also a very good approximation of the equilibrium price
assuming risk-averse subjects, as long as this risk aversion takes the classical
form commonly assumed in economics (expected utility theory with asset
integration and nonexcessive levels of risk aversion). The following example
illustrates this. Assume a decision-maker with a constant absolute risk aversion
(CARA) utility function (similar examples can be constructed with a constant
relative risk aversion [CRRA] utility function), who is indifferent between
participating and not participating in a gamble with a 50/50 chance of winning
20 or losing 5 euros (we consider this a high level of risk aversion). Assuming
a fixed end time of the asset after two more dividend payments, the value of the
asset for this risk-averse person would still be at about 124.4 points (with an
exchange rate of 900 points = 1 euro). Risk aversion has such a small impact
on equilibrium prices because utility is almost linear for very small stakes with
reasonable calibrations of risk aversion parameters. Rabin (2000) discusses
this in detail. There are thus good reasons to use the fundamental value as a
benchmark (as done in a large part of the experimental asset market literature).
Risk aversion would lead to slightly lower equilibrium prices, so that mispricing
in bubbles would be slightly more severe when put in relation to an equilibrium
price calculated with risk aversion.6

1.2 The learning-to-forecast experiment
The structure of the learning-to-forecast experiment is similar to the experiment
conducted in Hommes et al. (2008). Subjects take the role of advisers
to a company. Their only task is to predict the future price of a risky
asset. Computerized companies then trade based on the advisers’ forecasts
(computerized trading in period t is based on the forecasts of prices in period
t +1 and determines market prices in period t).

1.2.1 Market structure. The companies allocate their money between the
risky financial asset and a risk-free investment based on mean-variance
optimization. The asset pays a dividend of yt in period t (the distribution of
yt is the same across time periods), and the risk-free investment yields a gross
rate R =1+r . The companies choose how many assets to hold by maximizing

6 Similarly, the equilibrium price with risk-averse subjects depends on subjects’ beliefs about the number of trading
periods. A later end of the market includes more dividend payments, which are risky, so that an equilibrium with
risk-averse participants that expect a late termination of the market would be lower than the equilibrium calculated
with the same market participants expecting an early termination. Here as well, the quantitative effects of different
beliefs would be very small (as rounds can last no longer than 40 periods). Reasonable belief structures would
also lead to a slightly lower equilibrium price, as the markets terminate relatively early.
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their utility

max
zi,t

{
Ei,tWi,t+1 − a

2
Vi,t (Wi,t+1)

}
, (1)

where Wi,t+1 =RWi,t +zi,t (pt+1 +yt+1 −Rpt ) denotes the wealth of firm i in
period t +1, pt is the price of the risky asset in period t , and a is a parameter of
risk-aversion. Ei,t and Vi,t are a company’s individual expectations about their
future wealth and the variance of their future wealth. The latter is assumed to
be homogeneous across agents and constant over time, Vi,t =σ 2. Taking the
first-order condition and solving for zi,t yields the net demand schedule for the
risky asset in period t by firm i:

z∗
i,t =

Ei,t (ρt+1)

aVi,t (ρt+1)
=

pe
i,t+1 +ye

i,t+1 −Rpt

aσ 2
, (2)

where ρt+1 =pt+1 +yt+1 −Rpt is the excess return and pe
i,t+1 is the price

expectation of company i for period t +1. We assume that expectations about
the dividend payment are correct, that is ye

i,t+1 = ȳ is constant. The price is then
set by market clearing. For simplicity, we assume that the outside supply of
the risky asset is zero (companies only trade with each other). This leads to the
market-clearing equation:

N∑
i=1

z∗
i,t =0 ⇒

N∑
i=1

pe
i,t+1 +yt+1 −Rpt

aσ 2
=0. (3)

This, in turn, leads us to the market-clearing price

pt =
1

R
(p̄e

t+1 + ȳ), (4)

where p̄e
t+1 is the average of the companies’ expectations of the price in period

t +1 (i.e., the average of the advisers’ price forecasts for period t +1). Taking
into account that the fundamental price is pf = ȳ/r , we arrive at the pricing
equation

pt =pf +
1

R
(pe

t+1 −pf ). (5)

In the experiment, we use the same values for the interest rate and the dividend
process as in the call market experiment, namely, r =0.04 and yt ∈{0,10} with
50% probability each. This results in ȳ =5 and the fundamental value pf =125.7

7 The assumed myopic mean-variance optimization and the homogeneous expectations about the variance are
standard assumptions in the LtFE literature. Relaxing these assumptions makes the model less tractable. The
mean-variance assumption is intuitively convincing, as it is a straightforward formalization of the trade-off agents
face, when they try to increase their expected wealth, while disliking risk. Evidence suggests a larger agreement
in volatility expectations than in mean expectations (see, e.g., Merton 1980).
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1.2.2 Experimental implementation. Subjects are randomized to groups of
six. Their task consists of submitting price forecasts two periods ahead. That
is, they make a forecast for period t +1 after observing the price in period
t −1. Market prices in period t are then calculated based on the computerized
trading of the six companies that the six subjects in the group advise (each
company bases its trading decision on the price forecast it receives from its
adviser). Subjects are supposed to predict future prices as accurately as possible.
Therefore, their earnings only depend on their forecasting accuracy, according
to the following formula:

πi,t+1 =max

{
1,300 ·

(
1− (pe

i,t+1 −pt+1)2

100

)
,0

}
. (6)

πi,t+1 is the payment for a subject’s forecast for period t +1. Subjects receive
this formula along with a payoff table summarizing their earnings for different
forecasting errors (this information is reproduced in Internet Appendix C.4).
Subjects’ earnings from a round are the sum of their earnings in each period of
a round.

Subjects receive qualitative, but not quantitative, information about the
environment in which they operate. To be more precise, they do not know that
the market price is determined by (5), but they know that the price positively
depends on the submitted forecasts. Furthermore, they know r and the details
of the dividend process (which allows them to calculate the fundamental
value).8

To reduce the effects of extreme forecasts and to mimic possible liquidity
constraints, companies are programmed to base their decisions on subjects’
forecasts only up to a certain deviation from the last observed price. If a price
forecast deviates from the last observed price by more than a third of it and by
more than 40, the company trades as if the prediction deviated by exactly one
third of the last observed price or by 40 (whichever of the two deviations
is greater in absolute terms). Subjects know these limits. Furthermore, we
implement an upper limit of 1,500 on the forecasts (similarly to the call market
experiment, where we prohibit bids and offers above 1,500), which is also
common knowledge.

In each period, subjects have access to a history table and a history graph. In
the table they can track past prices, forecasts, and earnings, as well as cumulative

8 Not providing subjects with the market equations is standard practice in the learning-to-forecast literature. In
real markets, agents also do not know the underlying equations; they need to learn how the market works from
participating in it (or from simply observing it). Even though subjects do not know quantitative information
about the market, they could possibly learn the equilibrium price. In negative feedback settings, when higher
expectations lead to lower prices, subjects usually learn the equilibrium price (e.g., Bao et al. 2012). There are
also more complex, two-dimensional systems, where subjects can learn the fundamentals without knowing the
exact equations (e.g., Assenza et al. 2019; Hommes, Massaro, and Weber 2019). Sonnemans and Tuinstra (2010)
show that variations in feedback strength determine whether or not learning of the fundamental takes place, in
markets without common knowledge of the equations.
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earnings. The graph shows past prices and own predictions. Subjects do not
receive any information about other subjects’ forecasts. Internet Appendix A
offers a screenshot of a subject’s decision situation.

We impose the same time limit as in the call market experiment. That is,
subjects have 2 minutes in the first 10 periods of the first round and 1 minute
in all other periods to make their decision. If subjects do not make a decision
on time, the computer automatically proceeds to the next period. If a subject
does not submit a forecast, the corresponding company remains inactive and the
subject earns no points for the given period. The average forecast in Equation (5)
is then calculated as the average of submitted forecasts (which are adjusted as
explained above if they are outside the mentioned limits).

1.3 Treatments and hypotheses
In both experiments, we implement three information treatments. The treatment
differences consist in the information that subjects receive about the fair price
of the asset (i.e., the fundamental and buyout price). Subjects always have full
information about the interest rate and the dividend process, so that they can
always calculate the fundamental value.

In the NO_INFO treatments, subjects receive no explicit information about
the buyout price. In the call market experiment, they know that the asset will
be bought back for a fair price, but they receive no information about what
this price is until the third and last round of the experiment is finished. In the
learning-to-forecast experiment, we tell subjects that the company that they
advise receives a fair price for the asset (subjects also know that the price that
the company receives does not affect their earnings).

In the INFO_AFTER treatments, we communicate the buyout price (i.e., the
fundamental value) of a round after the round ends. Of course, the fundamental
value is the same in the different rounds, but we nevertheless repeat giving this
information.

In the FULL_INFO treatments, we communicate the buyout price (i.e.,
the fundamental value) already in the instructions before the experiment
starts.

Table 1 summarizes the design of the experiments. The number of subjects
per treatment is indicated in the cells of the table (with the number of markets
given in parentheses). The summary table shows many similarities to a two-by-
three design. We prefer to speak of two experiments with three treatments each
instead, as there are several differences between the call market experiment and
the learning-to-forecast experiment (these are two different market paradigms
rather than a treatment variation).

Our ex ante hypotheses were that bubbles in both experiments would
disappear with experience in FULL_INFO, while they would not disappear in
NO_INFO. The treatment INFO_AFTER lies between these two treatments
and ex ante we predicted that already this way of providing information
may be enough for bubbles to mostly disappear with experience. Considering
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Table 1
Design summary

NO_INFO INFO_AFTER FULL_INFO

Call market experiment 54 (9) 42 (7) 54 (9)
Learning-to-forecast experiment 48 (8) 42 (7) 54 (9)

This table summarizes the design and shows the number of subjects per treatment and the number of markets in
parentheses.

developments of pricing accuracy more generally, our prediction similarly
was that pricing accuracy across rounds would substantially improve in
INFO_AFTER and FULL_INFO, but not in NO_INFO (and that the pricing
accuracy in INFO_AFTER would lie between the accuracy in the other two
treatments). This means learning in the information treatments and no learning
in the NO_INFO treatments. We provide a model to conceptualize these
hypotheses in Section 3.

In addition to these treatments, we show an additional treatment conducted in
response to comments by the reviewers of this journal. The additional treatment,
which we call LOW_CASH or LOW_CASH (FULL_INFO) to be clear about
the information provision, is identical to our original FULL_INFO treatment
but with a lower cash-to-asset ratio of 1.46̄, achieved through a lower initial
endowment of 550 instead of 5,500 points (such a cash-to-asset ratio is at the
lower end of what is usually used, but not an outlier: Holt, Porzio, and Song
2017, for instance, use a cash-to-asset ratio that increases from 0.42 in the first
period to 3.51 in the tenth and last period; Duffy, Jiang, and Xie 2019, who
also use a constant fundamental value, have a cash-to-asset ratio of one). The
exchange rate is adjusted accordingly to 140 points =1 euro, so that the total
earnings in a round remain constant. There are 7 groups with a total of 42
subjects in the additional treatment.

Note that in the four INFO_AFTER and FULL_INFO treatments (in both
experiments), as well as in the additionally conducted LOW_CASH treatment
in the call market experiment, the asset redemption value is completely clear
(in the two FULL_INFO treatments and the new treatment) or at least very
clear after the first one or two rounds (in the INFO_AFTER treatments), so that
the calculation of the fundamental value is straightforward. In the NO_INFO
treatments, subjects can find the fundamental value in at least two ways. First,
they may find the price of the asset that generates the same expected profit
for a holder of the asset as for somebody holding cash instead (this is the
easiest way to find the fundamental value). The expected earnings from the
dividend payments are 5 points per period, whereas the interest on cash is 4%.
The price that leads to the same expected earnings when buying or not buying
the asset is thus the solution of the equation 5=FV ·0.04, which means FV =
5/0.04=125. Second, subjects could find the fundamental value by calculating
the discounted expected cash flow of the asset, which is FV =

∑∞
t=1

5
(1.04)t , which
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can be simplified using the properties of the geometric series (to the standard
formula for pricing a perpetuity), FV =5/0.04=125.9

1.4 Procedures
The experiments were programmed in PhP/MySql and run in the CREED
laboratory of the University of Amsterdam. In total, 336 subjects participated
in 14 sessions, with two sessions per treatment in each experiment (these
numbers include the additional CME LOW_CASH treatment).10 Subjects were
mainly economics undergraduate students. None of them participated more
than once. Subjects read the instructions on paper and had to answer multiple
comprehension test questions on screen. The experimental instructions and the
comprehension test questions are presented in Internet Appendix B for the
call market experiment and in Internet Appendix C for the learning-to-forecast
experiment. Subjects were provided with pocket calculators, pens, and scratch
paper. The experiment took about 160 minutes. Average earnings were about
26 euros, including a participation fee of 10 euros.

2. Results

In this section we present the results of both experiments jointly. For the
call market experiment, our data contains 9 groups in NO_INFO, 7 in
INFO_AFTER, and 9 in FULL_INFO. There are 7 further groups in the
additional LOW_CASH treatment that will be discussed in Section 2.5 (results
of the call market experiment before Section 2.5 always refer to the original
call market experiment without the additional treatment). In the learning-to-
forecast experiment, there are 8 groups in NO_INFO, 7 in INFO_AFTER, and
9 in FULL_INFO. As the different groups do not interact with each other,
observations at the group level are statistically independent. All tests that we
conduct are two-sided. See Internet Appendix D for additional data.

Figure 1 shows the market prices in both experiments in the first round of the
experiment. The prices in the call market experiment are shown on the left side.

9 If some participants mistakenly thought that the asset would be worthless after period 40, which is the latest
termination point of a round, the fundamental value of the asset would be decreasing instead of constant. However,
in this case, the perceived fundamental value of the asset always would be below the actual fundamental value
of 125, so that the bubbles that appear in the experiment would (in relation to this perceived fundamental value)
be even larger than what we report.

10 Initially, two additional groups started the experiment. One of these groups was excluded due to a serious
software failure during the experiment (in CME INFO_AFTER). One group (in LtFE NO_INFO) was excluded
as a participant refused to sign the data consent form. Minimal software failures appeared in three of the groups
that we did not exclude. In one group, this consisted in a subject proceeding to the third round after the first round
ended. This was realized almost immediately and the subject was moved to the correct second round. A light-blue
to turquoise line in Figures 1 to 3 represents this group in LtFE FULL_INFO (as only the online version contains
color figures: this is the group bubbling first in all three rounds). In two further groups, one subject skipped one
period in one round. The pink (LtFE INFO_AFTER) and purple (CME INFO_AFTER) lines in Figures 1 to 3
represent these groups (the group in LtFE INFO_AFTER is the one with the highest starting values in round 1,
bubbling first in round 2, and bubbling second in round 3; the group in CME INFO_AFTER is the one starting
at a price of about 500 moving almost horizontally in round 1, with a sudden v-shaped drop in period 8 in round
2, and hardly any trade in round 3).
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Figure 1
First round prices in all treatments in both experiments
This figure shows prices in the first round in the treatments of the call market experiment (left) and the learning-to-
forecast experiment (right). Market prices are represented by circles. In the CME, crosses represent the midpoints
between the highest bids and the lowest asks in periods without trade (but with both bids and asks present). Each
(possibly interrupted) line represents one group.

Each (possibly interrupted) line represents one group. The circles show realized
market prices. The crosses show the midpoints between the highest submitted
bid price and the lowest submitted ask price if there is no trade in a period (while
both bids and offers are present). Circles and crosses in subsequent periods are
connected (if the line representing one group is interrupted, this represents
one or more periods without trade and without bids or offers). The prices of
the learning-to-forecast experiment are shown on the right. In that experiment,
there are no periods without trade, so that there is a circle representing the
realized market price in each period. Figures 2 and 3 show the market prices
for both experiments in the second and third rounds, respectively.
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Figure 2
Second round prices in all treatments in both experiments
This figure shows prices in the second round in the treatments of the call market experiment (left) and the
learning-to-forecast experiment (right). Market prices are represented by circles. In the CME, crosses represent
midpoints between the highest bids and the lowest asks in periods without trade (but with both bids and asks
present). Each (possibly interrupted) line represents one group.

2.1 Experience and bubbles
Our main research question is whether bubbles disappear with experience. As
can be seen from the graphs of the market prices in Figure 3, this is not the
case.

In our case, a good measure for the mispricing in a given round is the mean
price. In general, other measures of mispricing may be more suitable, such as
the relative absolute deviation (RAD; see Stöckl, Huber, and Kirchler 2010; for
an adaption to call markets, see Weber, Duffy, and Schram 2018). However,
as the fundamental value is constant in our experiment, and as we observe
a lot of overpricing and hardly any underpricing, using the mean or RAD
for the analysis are almost equivalent (they are fully equivalent for constant
fundamentals when only overpricing is observed). We therefore only use mean
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Figure 3
Third round prices in all treatments in both experiments
This figure shows prices in the third round in the treatments of the call market experiment (left) and the learning-to-
forecast experiment (right). Market prices are represented by circles. In the CME, crosses represent the midpoints
between the highest bids and the lowest asks in periods without trade (but with both bids and asks present). Each
(possibly interrupted) line represents one group.

values. There is no generally accepted definition of what a bubble is, but how
a bubble is precisely defined does not influence our conclusions (as long as the
definition is somewhat reasonable). When the average price across all periods
of a round is at least twice the fundamental value, one can certainly speak
of (at least one) bubble being present in that round.11 In the call market
experiment, we only consider realized market prices for our analyses (i.e., only
the prices represented by circles in Figures 1 to 3, not the prices represented by
crosses).

11 This is a rather strict criterion in the sense that there could be price developments that one may consider to be
bubbles that do not fulfill this criterion. Imagine, for example, a price that sharply increases to a multiple of the
fundamental value in the first few periods and collapses after, staying close to the fundamental value for the rest
of the round. There clearly would be a bubble, while the mean price may still fail to be twice the fundamental
value due to the many periods with accurate pricing after the bursting of the bubble.
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Figure 4
Mean prices in all rounds and treatments in both experiments
This figure shows the mean market prices across all periods of a round. Each thin line corresponds to one group.
Thick black lines represent the mean values of these lines per treatment.

Figure 4 depicts the mean prices across all periods of a round. Each line
corresponds to the mean prices in one group (the round number is on the
horizontal axis). Which treatment a group belongs to is indicated by line
type. The thick black lines correspond to the mean across all groups of a
treatment. Table 2 summarizes the graph by showing the average value of
the mean prices across all groups of a treatment (the values of the thick black
lines in Figure 4). Figure 4 shows that in almost all groups and rounds, mean
prices are considerably above the fundamental value (i.e., more than twice
the fundamental) in both experiments. Notably, we hardly observe any trend
in the mean prices across the rounds in all treatments in both experiments.
At best, we observe a very slight downward trend in the INFO_AFTER and
FULL_INFO treatments of the call market experiment, but even such a trend
is hardly visible.12 Note that the results in the call market experiment are
not driven by a single share selling at high values. Considering only market
prices from periods with at least two trades gives a similar picture (see Internet
Appendix D.3).

For the question of whether bubbles disappear with experience, the results are
clear-cut. They do not disappear, independent of the amount of information that
subjects receive about the fundamental value (the treatments) and independent
of the market paradigm employed (call market or learning-to-forecast setting).
We state these results in the following and briefly discuss and situate them
within the literature.

Result 1: In the call market experiment, bubbles do not disappear with
experience.

12 The exact numbers of bubbles (according to the definition stated above) is as follows. In the call market experiment,
the number of bubbles in NO_INFO is 9 in the first round, 8 in the second round, and 8 in the third round (of 9
markets). For INFO_AFTER, bubbles occur in the three rounds in 7, 6, and 6 markets (of 7). For FULL_INFO,
these numbers are 9, 8, and 6 (of 9). In the learning-to-forecast experiment, the respective numbers are 6, 8, and
8 (of 8) for NO_INFO, 7, 7, and 7 (of 7) for INFO_AFTER, and 8, 9, and 9 (of 9) for FULL_INFO.
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Table 2
Mean prices

Treatment Round 1 Round 2 Round 3 Fundamental

CME
NO_INFO 705 717 684 125
INFO_AFTER 552 564 448 125
FULL_INFO 583 540 500 125

LtFE
NO_INFO 376 459 441 125
INFO_AFTER 471 440 478 125
FULL_INFO 475 481 474 125

This table shows the mean prices across groups and periods in all treatments of the experiment (rounded to
integers and corresponding to the thick black lines in Figure 4).

This result, found in all three treatments, stands in contrast to the literature
concerning similar call market or double auction experiments.13 Of course, we
cannot say that bubbles would never disappear; they might disappear if we
repeated the market many times (we discuss this in more detail in Section 2.2).
Nevertheless, the literature on such markets usually shows the disappearing of
bubbles after already one or two repetitions of an identical market.

There are three main differences between our FULL_INFO treatment and
the majority of the literature: (1) we use an indefinite horizon instead of a fixed
horizon; (2) we use a longer time horizon; and (3) we use a higher cash-to-
asset ratio.14 No matter which of these drive the results, a longer horizon and
an indefinite end time seem to be the most relevant setting with actual equity
markets in mind, and the same holds for a high cash-to-asset ratio (it turns out
that the cash-to-asset ratio is the crucial difference between our paper and the
literature: we discuss the new treatment showing this in Section 2.5).

Result 2: In the learning-to-forecast experiment, bubbles do not
disappear with experience.

This is a novel finding. As thus far no literature investigates how the pricing
behavior changes when the markets are repeated, we cannot compare our
findings to the existing literature. The finding arises in all three treatments.

Taking both of these findings together, we believe that it is reassuring for
the experimental method that the results mirror each other. If many features
are kept similar between the two experiments, relying on the one or the other
market paradigm does not lead to strikingly different results concerning such an

13 A few studies deviate considerably from the standard designs and still find bubbles with experienced traders.
Oechssler, Schmidt, and Schnedler (2011) consider the trading of multiple assets simultaneously and find
repeated bubbles when they introduce asymmetric information about dividend payments. Shestakova, Powell,
and Gladyrev (2019) investigate bubble formation in markets with a mix of experienced and inexperienced traders
and find some reoccurring bubbles (with a decreasing fundamental value; the bubbles that reoccur are of moderate
magnitudes). Weber, Duffy, and Schram (2019) consider trade in bonds and credit default swaps and find that
bubbles disappear with experience in the bond markets, but not in the credit default swap markets. Weitzel et al.
(2020) show that bubbles appear when experimental subjects are experienced financial professionals (they do
not consider repeated markets but provide evidence that outside experience does not lead to accurate pricing in
experimental markets).

14 As a minor difference, the typical markets in the literature do not have an upper price limit (which our market
features for reasons of comparability with the LtFE). In addition, the provision of information is mildly different
in the INFO_AFTER treatment and very different in the NO_INFO treatment.
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important characteristic as whether bubbles occur (with or without experience).
However, given that markets outside the laboratory are basically never repeated
in an identical manner, the fact that we do not observe the disappearance of
bubbles even when repeating the same market in such simple settings sheds
doubt on the view that the classical finding of bubbles disappearing fast with
experience carries over to the field.

2.2 Development of pricing accuracy across the rounds
Bubbles do not disappear with experience in our experiments. However, we
have not yet discussed whether or to what extent the pricing of the asset
improves over the rounds. Figure 4 and Table 2 suggest that pricing improves
slowly in the call market experiment in the information treatments, while it
stays roughly similar in the NO_INFO treatment. In the learning-to-forecast
experiment, pricing seems to remain similarly accurate across the rounds in the
information treatments while it even seems to worsen over time when subjects
receive no information on the fundamental value.

Testing whether mean prices are significantly different in the third and first
rounds with a two-sided Wilcoxon signed-rank test leads to the following
results. In CME NO_INFO pricing is not significantly different (p=0.426).
It is also not significantly different in CME INFO_AFTER (p=0.109), but it
is marginally different in CME FULL_INFO (p=0.098). In the learning-to-
forecast experiment differences are not significant in any treatment (p-values
are .383, .938, and .570, in the order of increasing information provided to
subjects).

We interpret these results overall as weak evidence for very slow learning in
the treatments CME INFO_AFTER and CME FULL_INFO and as evidence
for no learning in CME NO_INFO and all treatments of the learning-to-forecast
experiment. How slow the learning is can be seen by the following thought-
experiment. Imagining that one can extrapolate the linear trend between rounds
1 and 3 (this is of course highly problematic, it should be seen as no more
than a thought-experiment), average pricing across groups would be no longer
considered a bubble after 7 rounds in CME INFO_AFTER and 10 rounds in
CME FULL_INFO (and much more or even never in the other 4 cases). Note
that this only means that average pricing across groups then would not be
considered a bubble anymore, not that no more bubbles would arise after this
time period (in addition, remember that the definition of a bubble that we use is
rather strict, as discussed in footnote 11). Given this and given how simplistic
these call markets are, the repetition of a perfectly identical market setting for 7
or 10 rounds until the average behavior would no longer be considered a bubble,
seems very long (looking at markets outside of the laboratory, no situation ever
repeats in exactly the same way and fundamental prices are often difficult to
estimate even for experts). We summarize the above discussion in the next two
results.
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Result 3: In the call market experiment, we observe no more accurate
pricing in later rounds in NO_INFO, while we observe very slow
improvements of pricing in the information treatments.

Comparable markets in the literature, however, always provide (at least
some) information about the fundamental value explicitly to subjects. As
such, our result of no more accurate pricing in the later rounds of NO_INFO
is novel. Some studies provide partial information about the fundamental
value to subjects. Most closely related to our experiment is the work by
Sutter, Huber, and Kirchler (2012), who provide partial information about
dividend payments (other, but less comparable, experiments with a focus on
information are Huber, Kirchler, and Sutter 2008, and Stanley 1997). With their
treatments, Sutter, Huber, and Kirchler (2012) vary whether there is asymmetry
across subjects in the information that is provided. They find that the assets are
priced more accurately in the third and last round of the experiment in all
treatments but find particularly accurate pricing in the asymmetric treatments
where some subjects have better information than others. The second part of
result 3, which states that the accuracy of pricing only increases very slowly
in the information treatments (which are most comparable to the standard
literature), differs from the literature as the learning is slower in our experiment,
while the tendency is the same. We attribute the slowness of learning to the fact
that we have a high cash-to-asset ratio (that the end time is indefinite and
that rounds are a bit longer than usually in the literature seems to play only a
minor role, as we argue in Section 4), which should not matter according to
economic theory, but which seems to be sufficient for subjects to have much
bigger problems learning to price the assets accurately.

Result 4: In the learning-to-forecast experiment, we observe no more
accurate pricing in later rounds in all treatments.

This is again a novel finding as no repeated learning-to-forecast asset markets
have previously been conducted. We are surprised to observe absolutely no more
accurate pricing in later rounds even in the information treatments.

2.3 Shapes of bubbles
The first results are similar for the two market paradigms. However, Figures 1
to 3 also show differences in the patterns of market prices across the
experiments.

In the call market experiment, we often observe long periods of severe
mispricing in which the market price does not change a lot from period to
period. Such bubbles have been termed flat bubbles by Hoshihata et al. (2017).
In our experiment, we observe different variations of such flat bubbles. The
bubbles can burst, which means that after market prices have been high, there
is an abrupt change in one period with no further trade or trade only close to
the fundamental price in subsequent periods (e.g., the line in Figure 1e with a
last realized price of more than 1000 and no more trade in the last few periods
of the round). The bubbles can also deflate, which signifies a slow decrease
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Figure 5
Standard deviation of prices in both experiments
This figure shows the standard deviation of market prices in a round. Each thin line corresponds to one group.
Thick black lines represent the mean values of these lines per treatment.

Table 3
Standard deviation of prices

Treatment Round 1 Round 2 Round 3

CME NO_INFO 184 107 65
INFO_AFTER 184 144 100
FULL_INFO 164 119 127

LtFE NO_INFO 322 399 364
INFO_AFTER 386 424 427
FULL_INFO 410 396 385

This table shows the standard deviations of market prices in a round (rounded to integers and corresponding to
the thick black lines in Figure 5).

of market prices toward the fundamental value (e.g., the line in Figure 3e that
slowly starts to decrease continuously after period 11). In addition to these
two types of bubbles, there also can be sustained flat bubbles that last until the
market is terminated without showing prior signs of bursting or deflating (e.g.,
the line in Figure 2a with market prices of about 1000 in the end of the round).
In the learning-to-forecast experiment, on the other hand, we always observe
boom-and-bust cycles. Prices increase and decrease smoothly, but with large
amplitudes. The developments of market prices here look very homogeneous
across groups.

This discussion can be quantified by considering the standard deviation of
market prices per round. Flat bubbles go hand in hand with relatively low
standard deviations of prices, while boom-and-bust cycles go together with a
high standard deviation. This is the case as flat bubbles arise because many
consecutive prices are similar; boom-and-bust cycles, on the other hand, have a
high standard deviation as they feature a lot of very different prices. The mean
standard deviations across groups are presented in Figure 5 and Table 3, split
according to treatment and round.

4470

D
ow

nloaded from
 https://academ

ic.oup.com
/rfs/article/34/9/4450/5926134 by U

niversitat St G
allen user on 08 Septem

ber 2021



[10:01 6/8/2021 RFS-OP-REVF200129.tex] Page: 4471 4450–4485

Experience Does Not Eliminate Bubbles: Experimental Evidence

The standard deviations confirm the results of the eye inspection. Standard
deviations in the call market experiment are much lower than in the learning-to-
forecast experiment. These differences are also statistically significant.15 This
leads us to the next two results, which we subsequently compare to the existing
literature.

Result 5: Market prices in the call market experiment usually exhibit
flat bubbles.

Flat bubbles are also observed by Hoshihata et al. (2017). They consider
a very long but fixed horizon of 100 periods. The fact that flat bubbles are
observed in the call and continuous double auction markets in their paper and
in the call markets in this paper, but not in the typical asset market experiments,
could be because the horizon is longer in these two papers (much longer in
the case of Hoshihata et al. 2017 and moderately longer and indefinite in
our experiment). Comparing our results to those of Hoshihata et al. (2017),
a difference consists in the fact that we also observe bubbles that continue until
the market terminates. This does not happen in their study. The most likely
explanation for this difference (at least when looking at our INFO_AFTER
and FULL_INFO treatments) is that it is due to the indefinite end time. Some
subjects may expect the market to continue for longer and therefore trade at
higher prices (note that there are not many bubbles that do not burst or deflate
before the market ends in the later rounds of INFO_AFTER and FULL_INFO).
In NO_INFO and the first round of INFO_AFTER, the fundamental value has
to be inferred from subjects instead of being presented directly to them; this
may in addition drive such bubbles as subjects may have a wrong perception
of the fundamental value.

Result 6: Market prices in the learning-to-forecast experiment follow
boom-and-bust cycles.

Such boom-and-bust cycles are generally observed in financial market
experiments using the learning-to-forecast paradigm. Subjects seem to
coordinate on trend-following behavior, which results in large bubbles and
eventually crashes (e.g., Bao et al. 2020). However, while we are not surprised to
observe similar shapes of bubbles in later rounds (given that bubbles still appear
in those rounds), the repetition of these dynamics has not been documented
hitherto.

One reason for the bubble shape being different across the two experiments
could be related to the fact that subjects have the option not to trade in the
call market experiment, so that there is not necessarily a market price: if no
trade occurs in a period, it is unclear how this affects subjects’ strategies. A
second reason might lie in the nature of the tasks. In the learning-to-forecast

15 Differences between CME and LtFE are statistically significant for all treatment-round combinations, tested
with two-sided Wilcoxon-Mann-Whitney tests (p-values are .046 (NO_INFO R1), <.01 (NO_INFO R2),
<.01 (NO_INFO R3), .011 (INFO_AFTER R1), <.01 (INFO_AFTER R2), <.01 (INFO_AFTER R3),
<.01 (FULL_INFO R1), <.01 (FULL_INFO R2), and <.01 (FULL_INFO R3).
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Table 4
Mean prices in the first half of a round as fraction of mean prices

Treatment Round 1 Round 2 Round 3

CME NO_INFO 0.91 1.06 1.04
INFO_AFTER 0.92 1.15 1.08
FULL_INFO 0.98 1.14 1.07

LtFE NO_INFO 0.74 1.04 1.03
INFO_AFTER 0.73 1.58 1.42
FULL_INFO 0.70 1.28 1.38

This table shows the mean across groups of mean prices in the first half of a round divided by mean prices in the
same round.

experiments, subjects’ decisions are strategic complements: if subjects expect
others to submit high forecasts, their best decision is to also submit high
forecasts. When subjects trade assets, there are no such clear incentives to
complement others’ actions; at a time when prices are already high, subjects
expecting higher prices might try to buy more assets in the hope to sell them
for these higher prices in the future, but they might also sell the assets to secure
a riskless profit.

2.4 Acceleration of bubble formation
Bubbles appear in all treatments and rounds of both experiments. The pricing
of the assets hardly improves over time, if at all. However, the pricing behavior
does change over time; the bubbles seem to speed up in both experiments,
meaning that bubbles form earlier in later rounds (and burst or deflate earlier
in the call market experiment) than in the first round. Figures 1 to 3 suggests
this, and we quantify it below.

There is no established measure for how early in a market a bubble occurs,
but the following measure seems natural. In each round, we take the mean price
in the first half of the round and divide it by the mean price over the whole round.
This fraction measures how high prices are in the beginning as compared to the
whole round. If bubbles indeed speed up over the different rounds (i.e., if they
occur earlier in later rounds), this fraction should increase from the first to the
third round. Table 4 reports these data.

The data confirm that bubbles appear earlier in the later rounds of both
experiments. The fraction of mean prices increases sharply from the first to
the second round in all treatments. However, thereafter, from the second to the
third round, this measure does not increase further. Numbers are similar in the
second and third rounds, mostly with slightly lower numbers in the third round.
The differences between the first and the second rounds are mainly statistically
significant, the differences between the first and the third rounds are mainly
(at least marginally) significant, while the differences between the second and
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Table 5
Mean prices

Treatment Round 1 Round 2 Round 3 Fundamental

CME LOW_CASH (FULL_INFO) 179 180 174 125
FULL_INFO 583 540 500 125

This table shows the mean prices across groups and periods in the new treatment LOW_CASH and in the
comparable treatment FULL_INFO (rounded to integers and corresponding to the black lines in Figure 7).

the third rounds are mainly insignificant.16 We summarize this in the following
two results.

Result 7: Bubbles appear earlier in later rounds of the call market
experiment than in the first round.

This result is also observed in the previous literature. Several studies find that
bubbles are smaller and shifted to the left (i.e., they appear earlier) when subjects
have already experienced one round (e.g., King et al. 1993; Dufwenberg,
Lindqvist, and Moore 2005; Haruvy, Lahav, and Noussair 2007).

Result 8: Bubbles appear earlier in later rounds of the learning-to-
forecast experiment than in the first round.

This result, which mirrors the corresponding result for the call market
experiment, again cannot be compared to similar literature, as we provide the
first repeated markets in the learning-to-forecast literature.

2.5 Effects of the cash-to-asset ratio in the call market experiment
(additional treatment)

Here, we present the results of the new treatment with a low cash-to-asset ratio
(conducted after the original experiment, based on the feedback from the editor
and the reviewers of this journal). Figure 6 shows the market prices in all rounds
of the new treatment. Mean prices in the new treatment and in the comparable
treatment FULL_INFO are shown jointly in Figure 7 and Table 5.

It can be seen that prices are considerably lower in the LOW_CASH
(FULL_INFO) treatment than in the original FULL_INFO treatment. Figure 6
shows that market prices are very close to the fundamental value in six of the
seven groups. Figure 7a zooms in on the prices, confirming this finding and
further showing that there is some learning in most groups, with prices moving
closer to the fundamental value (to be precise, five of seven groups price the
asset better in the third round than in the first). In the third round, mean prices
in six of the seven groups are less than one-and-a-half times the fundamental
value. Note that even for the group with prices considerably above those in the
other groups and no learning, prices are still considerably below the average
prices across all groups in FULL_INFO, as can be seen in Figure 7b. The

16 p-values from two-sided Wilcoxon signed-rank tests are <.01 (R1-R2), .012 (R1-R3), and .426 (R2-R3) in CME
NO_INFO. The respective numbers are .016, .078, and .219 for CME INFO_AFTER and .074, .164, and .910
for CME FULL_INFO. For LtFE NO_INFO, these numbers are .148, .148, and .844; for LtFE INFO_AFTER,
they are .016, .031, and .078; and for LtFE FULL_INFO, they are .027, .012, and .203.
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Figure 6
Market prices in the treatment LOW_CASH
This figure shows prices in the treatment LOW_CASH. Market prices are represented by circles, and crosses
represent the midpoints between the highest bids and the lowest asks in periods without trade (but with both bids
and asks present). Each (possibly interrupted) line represents one group.

Figure 7
Mean market prices
This figure shows the mean market prices across all periods of a round (left, only LOW_CASH; right,
LOW_CASH and FULL_INFO). Each thin line corresponds to one group. Thick black lines represent the mean
values per treatment.

differences between prices in LOW_CASH and FULL_INFO are statistically
significant for all rounds, with p-values <10−3 in the first round and <.01 in
the second and third rounds, tested with two-sided Wilcoxon-Mann-Whitney
tests. This leads us to the last result:

Result 9: With a low cash-to-asset ratio, call markets exhibit
considerably fewer and smaller bubbles.
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Table 6
Overview of repeated markets with trade in the laboratory

No or very few bubbles in
the 2nd and 3rd rounds

Many bubbles in the
2nd and 3rd rounds

Low to intermediate
C/A ratio

Smith, Suchanek, and Williams 1988
King et al. 1993
Van Boening, Williams, and LaMaster 1993
Dufwenberg, Lindqvist, and Moore 2005
Haruvy, Lahav, and Noussair 2007
Hussam, Porter, and Smith 2008
Weber, Duffy, and Schram 2018
Füllbrunn, Neugebauer, and Nicklisch 2019
CME LOW_CASH

High
C/A ratio

CME NO_INFO
CME INFO_AFTER
CME FULL_INFO

This table schematically summarizes the relation of our treatments to literature on repeated markets. Note that
this overview is necessarily imperfect, as all of these papers are different (e.g., some studies feature nonconstant
fundamental values and cash-to-asset ratios; Weber, Duffy, and Schram 2018, and Füllbrunn, Neugebauer, and
Nicklisch 2019, use nontrivially different settings, in which assets are first sold in an initial public offering).

Our findings with the low cash-to-asset ratio are much more in line with the
literature than the findings in the original experiment. In the majority of groups,
pricing improves and is relatively close to the fundamental value, in particular in
the last round. The stark difference to the literature of the results in our original
experiment is thus driven by the high cash-to-asset ratio in our experiment
(introduced for comparability with the learning-to-forecast experiment, among
other reasons). A schematic summary of the relation of our paper to the existing
literature is shown in Table 6.17

Note that, if the outlier is removed, mean prices in LOW_CASH change from
166 in the first round to 152 in the second round and 145 in the third round.
That is, the distance of the average price from the fundamental value is reduced
by about half from the first to the third round. This compares to a decrease of
less than 20% in FULL_INFO. In that sense, there is also more learning in the
new treatment with a low cash-to-asset ratio (although one might think that it
is easier to decrease the distance from the fundamental value, both in absolute
and relative terms, when starting out with a large distance). These differences
are not statistically significant, however.

Observed behavior is very similar across the three regular (high cash-to-asset
ratio) treatments of the call market experiment. It is, on most dimensions, also
similar to observed behavior in the learning-to-forecast experiment, where cash

17 Making a comparison to the existing literature, one might argue that our new treatment hardly features bubbles in
the first round, whereas the existing literature often shows bubbles in the first round, but not in the later rounds of
the experiment. However, the cash-to-asset ratios in these papers are not fully comparable; many of these papers
use decreasing fundamentals with an increasing cash-to-asset ratio that usually increases to levels above that in
our LOW_CASH treatment (or which is even above it throughout). Considering the only other paper we know
of with a constant fundamental value and a constant cash-to-asset ratio at a level below or close to ours, Duffy,
Jiang, and Xie (2019), that paper also shows no bubbles (in the first and only round).
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constraints are absent by design. One could thus say that, with the low cash-
to-asset ratio, we break the similarity to the other call market treatments (and,
where it exists, to the learning-to-forecast experiment).

3. Modeling Behavior in the Learning-to-Forecast Experiment

Here, we provide a model for the learning-to-forecast experiment (developed
after the experiments were conducted). The learning-to-forecast experiment
is easier to analyze than the call market experiment, because it separates
forecasting and optimization problems. It is thus possible to model forecasting
decisions without having to deal with how forecasts translate into posted
bids and asks. We first provide a version that conceptualizes our ex ante
hypotheses and then a version that describes the behavior actually observed
in the experiment. The difference between the models lies in where learning
takes place.

The model we propose is based on level-k reasoning. We assume that
level-k agents with k≥1 act as price takers and react optimally assuming a
market populated by agents of level k−1 (the assumption that agents are price
takers is necessary to keep the model tractable; the assumption is in line with
experimental evidence that participants in groups of four or more subjects act
as in large groups; e.g., Huck, Normann, and Oechssler 2004). With the pricing
equation of the asset market, one can calculate the behavior of level-k agents for
k≥1, assuming a given behavior of level-0 agents.18 Here, we omit constraints
on forecasts or price formation (we discuss how these constraints can be taken
into account after the derivation).

We define f as the function mapping forecasts into actual prices in the pricing
equation:

pt =pf +
1

R

(
pe

t+1 −pf
)

=:f
(
pe

t+1

)
. (7)

Furthermore, we use the following notation: prices in a market populated by
agents of level k in period t are denoted by pLk

t , and forecasts of prices in
period t +1 in a market populated by agents of level k are denoted by p

eLk
t+1

(these forecasts are also the average forecasts in the market, as the market is
populated by agents of the same level).

Level-1 forecasts are the forecasts that optimally react to forecasts in a market
of level-0 agents. This can be written as p

eL1
t+1 =pL0

t+1 =f (peL0
t+2 ). Thus, level-1

forecasts of prices in period t +1 depend on level-0 forecasts of prices in period
t +2. Note that when level-1 agents make their forecasts for period t +1, only
information of prices prior to period t is available; that is, if level-0 agents use

18 As usually assumed in level-k models, we assume that agents with k≥1 perfectly respond to level k−1. While
subjects in the experiment do not have perfect knowledge of the pricing equation, they can potentially infer the
essence of the equation after the first forecasts.
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a forecasting strategy in which forecasts of prices in period t +1 depend on
past prices, the level-0 forecasts of prices in period t +2 are expected forecasts
in period t (with the same information available as when forecasts in period
t for period t +1 are formed). An additional superscript can indicate that only
information prior to t is available, peL1

t+1 =f (peL0,t

t+2 ), but this is not essential (the
expected forecasts in a market populated by agents of a given level equal the
actual forecasts later, as there is no randomness in the model).

The same argument can be applied to higher level reasoning. Level-2
forecasts are forecasts optimally reacting to forecasts in a market of level-1
agents. Thus, peL2

t+1 =f (peL1,t

t+2 ). Of course, these level-1 forecasts for period t +2
depend on level-0 forecasts in period t +3. Thus, p

eL2
t+1 =f (peL1,t

t+2 )=f 2(peL0,t

t+3 ).
By induction, this leads to the general formula for level-k agents, k≥1:

p
eLk
t+1 =f k

(
p

eL0,t

t+1+k

)
. (8)

If behavior of level-0 agents is clearly defined (e.g., recursively in dependence
of past prices), forecasts of future prices from agents of all levels can be obtained
easily after calculating future market prices and forecasts in a market populated
by level-0 reasoners.

Thus, the behavior of level-0 agents plays a crucial role in the model. We
make the assumption that level-0 agents extrapolate trends (this assumption
is fundamental). A trend follower’s price forecast is of the form p

eT F
t+1 =pt−1 +

b(pt−1 −pt−2), where b is a parameter determining the strength of the trend
extrapolation.

3.1 Modeling the ex ante hypotheses
To model the ex ante hypotheses, we assume that if the agents have knowledge
about the fundamental value of the asset, they slowly incorporate this knowledge
into their price forecasts. Level-0 agents start out with trend-following behavior
and slowly reduce the weight placed on trend extrapolation while slowly
increasing the weight placed on their knowledge about the fundamental value,
from the moment onward in which the knowledge becomes available. That is,
forecasts of level-0 agents can be written as

p
eL0
t+1 =α(t)(pt−1 +b(pt−1 −pt−2))+(1−α(t))pf , (9)

where α(t) depends on time and on whether and when information about the
fundamental value is available.

Forecasts further in the future, assuming a market of level-0 agents, can be
found recursively, as the price dynamics are specified in such a market. The price
forecast for period t +2 is given by p

eL0,t

t+2 =p
eL0
t+2 =α(t +1)(pt +b(pt −pt−1))+

(1−α(t +1))pf =α(t +1)
(
f (peL0

t+1 )+b(f (peL0
t+1 )−f (peL0

t ))
)
+(1−α(t +1))pf .

Generally, for period t +1+n, forecasts are

p
eL0,t

t+1+n =p
eL0
t+1+n =α(t +n)

(
f (peL0

t+n )+b(f (peL0
t+n )−f (peL0

t−1+n))
)
+(1−α(t +n))pf .

(10)

When applying the model to different rounds, we restart each round with new
initial price forecasts (such restarts also can be observed in the experiment; that
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Figure 8
Model simulations of price dynamics in the three different treatments
This figure shows the results of the level-k-based model with learning of level-0 agents when applied to the
different treatments in the learning-to-forecast experiment.

is, market participants do not extrapolate the last prices of the previous round
into a new round). However, we assume that the learning that takes place in one
round does not disappear in the next round, agents just continue learning. If no
information is available, as in our NO_INFO treatment, α(t)≡1 in all rounds.
In the first round of INFO_AFTER, α(t)=1 similarly holds. In the rounds in
which learning takes place (the last two rounds in INFO_AFTER and all rounds
in FULL_INFO), α(t)=(1−β)t+tx , where β is the learning parameter, and tx ,
which is different across rounds, ensures that the learning is carried over from
round to round.19

As mentioned, the formulas spelled out above do not take into account any
constraints on forecasts or price formation. However, these constraints can
easily be taken into account: future prices and forecasts in a market of level-0
agents can just be computed with these constraints (the formulas become more
convoluted without being more instructive, therefore we omit them here), and

19 To be precise, we simulate the model as follows (minor modifications of when exactly α(t) starts to decrease do
not affect our conclusions). In the first round of FULL_INFO, α(t)=1 for t =1, 2, 3 to account for the fact that the
first forecast using trend extrapolation is made in period 3 for period 4. For t >3 in that round, α(t)=(1−β)t−3.
In the second round of FULL_INFO, α(t)=1 for t =1, 2, where the starting values of the forecasts are relevant,
while α(t)=(1−β)t+28−3−2 from the third period onward, where 28 is the number of periods in the first round
and the 3 and 2 that are subtracted from it are the numbers of periods with α(t)=1 in the beginning of the rounds.
In the third round, α(t)=1 for t =1, 2 again, and α(t)=(1−β)t+28+32−3−2−2 for the other periods, with a similar
explanation as for the second round. In INFO_AFTER, we similarly have α(t)=1 for t =1, 2 in the last two
rounds, α(t)=(1−β)t−2 for t >2 in the second round, and α(t)=(1−β)t+32−2−2 for t >2 in the third round.

4478

D
ow

nloaded from
 https://academ

ic.oup.com
/rfs/article/34/9/4450/5926134 by U

niversitat St G
allen user on 08 Septem

ber 2021



[10:01 6/8/2021 RFS-OP-REVF200129.tex] Page: 4479 4450–4485

Experience Does Not Eliminate Bubbles: Experimental Evidence

higher-level forecasts can be calculated from those. For the simulation results
that we show, the constraints are accounted for exactly as in the experiment.20

Figure 8 shows the results of the simulations from this version of the model. In
these simulations, three of six agents are modeled as level 0, two as level 1, and
one as level 2 (note that it is in general possible to model agents as mixes of two
or more levels). We have chosen to use levels zero, one, and two, because this
is in line with previous empirical findings on level-k reasoning (in the simple
guessing game; Nagel 1995). The trend-extrapolation coefficient is b=1.2 and
the learning parameter is β =0.005.21 We initialize the model in each round with
forecasts in periods 2 and 3 equal to 100, which is not far from what we observe
in the experiment (as we deal with two-period ahead forecasts, the first forecast
for which trend extrapolation is possible is the forecast for period 4, which
determines the realized price in period 3). In these simulations, we use equal
starting values, which is why the price paths in all three rounds of NO_INFO are
identical. Figure 8 illustrates our ex ante predictions: in NO_INFO no learning,
in FULL_INFO learning and very accurate pricing of the assets in the last round,
and in INFO_AFTER price paths that lie in between these two treatments (with
a first round as in NO_INFO but considerable learning thereafter).

3.2 Modeling behavior observed in the experiment
The experimental data do not show the ex ante predicted treatment effects. In
terms of the model, this suggests that level-0 agents do to not learn to incorporate
the information on the fundamental value. In the following, we thus always
consider the model without this type of learning. Other features of the data are
described well by the model. The general shape of the bubbles in the model, for
instance, is very similar to the bubbles observed in the experiment.22 In addition,
heterogeneity across groups concerning when the bubbles occur arises easily in
the model by adding small noise terms to the starting values. Figure 9a shows
simulations similar to the ones before (without learning; i.e., level-0 agents are
pure trend-followers) but with very small noise terms added to the two starting
values (the starting values are 100 plus i.i.d. N (0,

√
2)-distributed error terms).

We do not observe the learning of level-0 agents described in Section 3.1 in
the data. However, another type of learning, agents learning to become more

20 In the experiment, forecasts cannot be below 0 or above 1,500. Similarly, the constraints on the trading of the
computerized agents imply that, in the pricing equation, forecasts that deviate from the previous price in an
extreme way are replaced by the previous price plus or minus the specified maximally possible deviation. We
consider it natural that level-k reasoners with k≥1 are aware of this.

21 The trend-extrapolation parameter is below but close to the strong trend-extrapolation parameter used in several
papers relying on a heuristic-switching model that includes both strong and weak trend followers (see Hommes
2011). There is no such orientation in the literature for the learning parameter. However, note that a wide variety
of parameter values lead to qualitatively similar price dynamics.

22 Note that a simple forecasting rule based on adaptive expectations does not describe the data well (while still
describing the data less poorly than forecasts that are constantly at the fundamental value). The reason is that
such an adaptive rule shows a lot of persistence, because forecasts are in general a weighted average of past
observations. Large and rapidly forming bubbles, as we observe them in the experiment, thus cannot be explained.
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Figure 9
Model outcomes of price dynamics
This figure shows simulated price paths. Left: N (0,

√
2) error terms added to the starting values. Right: Price

paths in the three rounds of the experiments when agents slowly increase their level over time.

sophisticated over time, can lead to a speed-up of the bubbles over time as
observed in the experiment. To be precise, we model this as all agents slowly
changing their behavior in the direction of one level above their original level.

Higher levels of reasoning lead to stronger price bubbles because of the two-
period ahead nature of forecasts and the strong positive feedback from price
expectations to realized prices in the market (i.e., because of the strong strategic
complementarity). If, for example, a market populated with level-0 agents
would result in the forecast of a very high price for period t +2 when a bubble
is forming, this would lead to level-1 agents already forecasting a high price for
period t +1 (this forecast would not be as high as the forecast of level-0 agents
for period t +2, but it would be higher than level-0 forecasts for period t +1).

To explain the observed behavior in the experiment, we assume that each
agent that is originally of level k forecasts p

eLk′
t+1 =αk′ (t)peLk

t+1 +(1−αk′ (t))p
eL(k+1)
t+1 ,

which means that each forecast is a weighted average of the original level and
one level above. We use αk′ (t)=(1−βk′ )t−ti , where βk′ is the learning parameter
for agents who are originally of level k. ti determines when agents start to learn,
which is at the beginning of the first round (when applying the model to different
rounds, the learning continues across rounds, leading to different results for
different rounds). Simulations with this model (again abstracting from any
noise, so that prices would be identical across rounds without learning) are
shown in Figure 9b.23 It can be seen that the bubbles shift (somewhat) to the
left over the rounds. Note that the simulations in Figure 9 can be considered
as simulations for all treatments of the experiment, as the model does not
distinguish between the different levels of information provision.

Viewing the ex ante predictions for the experiment and the experimental
results in light of the presented models, one could say that the ex ante predictions
are in line with learning to incorporate information about the fundamental

23 Starting values are again 100. The learning parameter βk′ equals 0.005 for all levels (also here, a wide variety of
learning parameter values lead to qualitatively similar price dynamics). Other parameters are as for the simulations
shown in Figure 8.
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value into the decision-making, while the experimental data are in line with
agents learning to act in a more sophisticated fashion. Here, learning to be
more sophisticated means that agents learn to anticipate price changes, which
leads to a speeding up of the bubbles, in contrast to learning to incorporate the
provided information, which would have contributed to bubbles disappearing
over time (in the information treatments).

4. Concluding Remarks

Bubbles do not disappear with experience in our experiments. These findings
are novel for the learning-to-forecast experiment and stand in contrast to
the literature for the call market experiment. In both experiments, we find
reoccurring bubbles that appear earlier in later market repetitions. We can only
observe slight improvements in pricing accuracy in the call market experiment
with explicit information about the buyout value. An interesting difference
between the two experiments is the shape of the bubbles. While we observe
relatively flat bubbles in the call market experiment, bubbles inflate and deflate
fast in the learning-to-forecast experiment.

In our experiments, the presentation of information does not play an
important role. Even when full information about the fundamental value is
as clearly presented as possible, we observe very poor pricing of the assets
repeatedly. This suggests that prices may not predominantly be driven by
(correct or erroneous) computations of fundamental values but rather by
behavior relying on trend-following (including versions in which subjects think
that they can sell for more money later as long as prices are rising).

The reason why our findings in the call market experiment, in particular in
the treatment with full information, differ from the literature lies in the high
cash-to-asset ratio. We show this with a new treatment, in which the cash-
to-asset ratio is lower. Pricing is much more accurate in this new treatment;
this unites our contribution with the previous literature on experimental asset
markets without repetition, as the cash-to-asset ratio has been shown to be a
bubble driver there (e.g., Noussair and Tucker 2016; Razen, Huber, and Kirchler
2017).24

We believe that a high cash-to-asset ratio is the most natural setting with
equity markets outside the laboratory in mind (as total wealth is much greater
than equity market capitalization). We find it surprising that the existing
literature using high cash-to-asset ratios is so sparse; the economic theory

24 Another difference between the design of our call market experiment and that of standard experiments is that the
number of periods in the call market experiment is higher than in most other such experiments and the horizon is
indefinite (these design choices were necessary to keep the two experiments similar and to facilitate the creation
of a no-information treatment in the call market experiment). In a follow-up experiment (Kopányi-Peuker and
Weber 2020), we investigate the effects of the length and the definiteness of the horizon with the same high
cash-to-asset ratio. Bubbles also do not disappear with experience when the horizon is short, definite, or both.
In those sessions there is also no upper bound on bids and asks, showing that this is not a particularly important
difference.
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that participants price assets at the fundamental value should hold for any
sufficiently high cash level. Our specification with an indefinite end time and
a longer horizon also seem natural with equity markets in mind, which do not
posses a predetermined end time. Similarly, participants in real-world markets
are not presented the fundamental value of the assets, as in our treatments
without full information.

In the learning-to-forecast experiment, the data can be explained with a model
based on level-k reasoning. In this model, level-0 agents extrapolate trends (and
higher-level agents react to the actions one level below). In addition, all agents
slowly become more sophisticated acting more and more like agents with a
higher level of reasoning. This model cannot only explain the large and rapidly
rising bubbles but also the fact that bubbles appear earlier in later rounds of the
experiment.

Our work shows that the finding that bubbles disappear with experience is
less robust than previously thought. Of course, our findings do not show that
bubbles would never disappear. However, three repetitions of an absolutely
identical market are already a lot, with respect to the prior literature and in
light of the fact that markets outside the laboratory never repeat in an identical
way (market participants and the economic environment change continuously).
Given how much more complicated markets outside the laboratory are and
how much wealth there is enabling bubbles to form, it is likely that prices in
actual markets can deviate substantially from fundamentals, no matter how
experienced the traders are.

In general, it is unclear whether experiments with actual trade or with only
forecasting in the laboratory (and computerized trade) yield findings that are
more relevant for the markets outside the laboratory. In our view, it is good
news for the experimental method that the two market paradigms yield similar
outcomes with respect to such important characteristics as whether bubbles
disappear with experience when the conditions in the two experiments are
similar.
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