
Confidence and Decision-Making in
Experimental Asset Markets∗

Nicolás Aragón†

Universidad Carlos III de Madrid,
Kyiv School of Economics
& National Bank of Ukraine

Rasmus Pank Roulund‡

Danmarks Nationalbank

July 29, 2020

This paper examines how traders’ confidence andmarket confidence affect outcomes
in an experimental asset market with known fundamental values. In this type of
market, prices usually present large deviations from the fundamental value; in other
words, bubbles are known to occur. We measure beliefs by asking participants to
forecast the one-period-ahead price as a discrete probability mass distribution. We
define confidence as the inverse of the dispersion of beliefs for each trader, and
also create a market-wide measure of this to measure agreement across traders. We
find that confidence affects price-formation and is also important in explaining the
dynamics and size of the bubble. Moreover, as traders are successful they become
increasingly certain of their beliefs, even if these beliefs are on non-fundamental
values, thus increasing the likelihood of price bubbles.

Keywords: confidence, expectations, bubbles, experimental assetmarkets, overconfidence.

JEL Classification: G40, C90, G11, G12.

∗ We are particularly indebted to Glenn W. Harrison, Matthias Sutter, David K. Levine and Rosemarie Nagel for
their comments and support. We are also grateful to Gabriele Camera, Jonathan Chapman, John Duffy, Marcelo
Fernandez , Giovanni Giusti, Yaron Lahav, Filip Lazaric, Andrea Mattozzi, Francisco Roldan, Hrvoje Stojic, and the
staff at BESLab at UPF. Four anonymous reviewers provided excellent comments that improved this paper. We
gratefully acknowledge the financial support of the European University Institute Research Council.

† Corresponding Author. E-mail address: naragon@eco.uc3m.es
‡ E-mail address: rasmus@pank.eu

1

mailto:naragon@eco.uc3m.es
naragon@eco.uc3m.es
mailto:rasmus@pank.eu
rasmus@pank.eu


1. Introduction

Expectations are of central importance to understanding price formation and fluctuations in asset
markets (see, for example, Fisher, Statman, 2000). In particular, heterogeneity of expectations is
generally necessary to break the no-trade theorem (Tirole, 1982a).

Traders’ expectations have largely been studied in experimental setups. Measuring them in
practice is challenging, as fundamental values are unknown. A major shortcoming of the
experimental literature is that it tends to focus on eliciting point forecasts.1 Because of this, the
role of confidence of beliefs cannot be examined.

In this paper we propose a setup that enables us to understand the role of belief heterogeneity
and trader confidence in the formation and fluctuation of prices in experimental asset markets.
We do this by eliciting traders’ distributions of beliefs.

Our main contribution is to examine the effect of both traders’ dispersions of beliefs and the
market dispersion of beliefs about price dynamics in an experimental asset market. We elicit a dis-
tribution of beliefs in future prices, and define trader confidence as the inverse of the dispersion
of those beliefs. This allows us to assess how tightly held the expectations about future prices are.
We also create a market-wide measure of market confidence, which allows us to explore trader
agreement.2 The main results are that trader confidence matters for predicting price movements,
and that market confidence is associated with larger bubbles.

We build on the workhorse of experimental finance (following Smith, Suchanek and Williams,
1988, SSW henceforth). In this setup, prices are known to deviate largely from fundamental
values; i.e. bubbles are typically observed. We use the extension by Haruvy et al. (2007) and
elicit beliefs based on Harrison et al. (2015) and Harrison et al. (2017)3. Subjects participate in
an experimental session consisting of two or three markets, each of which lasts for either 15
periods or 12 periods, respectively. There is a single asset in the market, which pays a random
dividend from a known, fixed distribution. Trading is conducted as follows: in each period,
agents can buy and sell assets. Prices are determined via a call market and a unique price
clears the market. In addition, before trade is conducted, traders are asked to forecast the
price. Traders are endowed with 20 tokens, which they can allocate to different price ranges
to assess the likelihood of each range. In this way, we can elicit distributions of beliefs about
prices, which allows us to analyze the impact of trader confidence on market dynamics. We
also aggregate confidence at the market level, creating a measure of market confidence and
(dis)agreement.

1 Notable exceptions are Deaves et al. (2008), Biais et al. (2005), Michailova, Schmidt (2016), and Kirchler, Maciejovsky
(2002), who use confidence bands, as discussed in Section 2.

2 A proper definition of confidence presents several theoretical and empirical challenges, which we examine in the
literature review below. Given the complexity of the setup, we cannot fully disentangle these notions, so in this
paper we focus on confidence as a measure of trader dispersion of beliefs.

3 See Aragón, Pank Roulund (2019) for a discussion on the differences between our elicitation method and the
method by Harrison et al.
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Since agents have two tasks that are incentivized, they may hedge between them. This can
result in distortions in reported beliefs, as shown by Rutström, Wilcox (2009).4 Following the
literature, we avoid any potential hedging between the two tasks by rewarding participants
randomly for only one of them at the end of the game.

We first analyze how confidence evolves at the individual level and show that traders who are
successful in predicting become more certain in their predictions. Second, we find that traders’
expectations converge in mean as they are more experienced, but belief heterogeneity persists.
Third, we find that prices become more disconnected from fundamental values when traders’
beliefs are less scattered (i.e. the size of the bubble is amplified). Finally, we find that confidence
in beliefs has predictive power over future price movements.

The rest of the paper is structured as follows. Section 2 reviews the theoretical and empirical
literature, with particular emphasis on bubbles in asset markets. Section 3 describes the hy-
potheses that guide our design, presented in Section 4. Section 5 gives an overview of the data.
We present the results in Section 6 and Section 7 concludes.

2. Literature Review

The experimental literature on bubbles dates back to at least the publication of the SSW frame-
work. In this setup, typically nine participants are endowed with different amounts of cash and
assets, and can trade during several 15-round markets. The SSW setup has been the workhorse
for experimental asset market research for the last 30 years, covering many areas of trading,
including the role of traders’ characteristics (experience, education, sentiments, etc.), public
announcements, liquidity, short selling, dividends, capital gains taxes, and insider information,
among others (see Palan, 2013, and Powell, Shestakova, 2016, for recent surveys).5 A common
feature of these studies is that bubbles emerge even though the fundamental value of the asset
is known in every round.

Haruvy et al. (2007) address the impact of long-run expectations in that setup. Other papers have
designed experiments exclusively to isolate expectations (see Heemeijer et al., 2009; Hommes
et al., 2008). We build on Haruvy et al. (2007), given the large body of literature that the SSW
setup has inspired, making our results more broadly comparable. Within that setting, we elicit
the distribution of beliefs instead of point forecasts. We contribute to this line of research by
focusing on two dimensions: the dispersion of beliefs across traders and the confidence of
beliefs for individual traders. We also focus on heterogeneity across traders and individual
trader confidence.

4 There are other papers that show the effect of hedging. See Armantier, Treich (2013) and Blanco et al. (2010).
Hanaki et al. (2018b) show that there is indeed different behavior when subjects participate in asset markets and
need to both trade and make forecasts.

5 Other types of experimental asset markets have also been employed in the literature to study the occurrence of
crashes, and topics such as information dispersion, market inefficiency, and the impact of future markets, among
others. See Sunder (1995) and Noussair, Tucker (2013) for surveys on asset market experiments.
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Individual Trader Confidence. Our paper is, to be best of our knowledge, the first to elicit
the entire distribution of beliefs for each trader in an SSW setting. Previous papers have, in
general, elicited expectations as point forecasts with a confidence band (e.g. Haruvy et al.,
2007, who focus on long-run expectations). These papers contributed to the literature on
overconfidence.

From a theoretical standpoint, overconfidence has been used to explain the occurrence of
bubbles (see, for example, Scheinkman, Xiong, 2003). Agents believe that their information
is superior to that of the general market, and fail to adjust their expectations as they observe
others’ beliefs. However, overconfidence leads to behavior that is not necessarily distinguishable
from behavior stemming from rational information processing via Bayesian updating (Benoı̂t,
Dubra, 2011).

Moore, Healy (2008) discuss three different theoretical forms of overconfidence: overprecision,
overestimation and overplacement. For our purposes, the relevant form of overconfidence
would be overprecision or miscalibration, which is the excess accuracy of one’s beliefs, in this
case with respect to future prices. This implies that people choose an overly narrow confidence
interval when asked for a range that contains the true value (Alpert, Raiffa, 1982). Several papers
have attempted to measure this in experimental asset markets. Biais et al. (2005) use the Plott,
Sunder (1988) framework of asset trading with noisy private signals, where there is a prevalent
winner’s curse. In this setup, they elicit confidence as an interval. They analyze overconfidence
as miscalibration to explain why subjects fail to take into account the winner’s curse risk.
When conditional confidence about the value of the asset is low, rational agents will recognize
this. By contrast, miscalibrated traders will be less aware of this, and thus show excessive
confidence in their assessment of the value of the asset. Michailova, Schmidt (2016) and Kirchler,
Maciejovsky (2002) investigate the effect of overconfidence (as miscalibration) and risk aversion
in an SSW framework, with no informational asymmetries. In both papers, subjects received a
pre-experimental overconfidence score and were assigned two treatments based on the score.
After the experiment, subjects participated in a risk aversion measurement test. The papers find
that there is a significant effect of overconfidence on individual outcomes. Deaves et al. (2008)
also analyze a trading market with private signals, where they attempt to disentangle the forms
of overconfidence and focus on gender differences in behavior.

Closest to our paper, Hanaki et al. (2018a) is the first experiment with incentivized confidence
bands within an SSW framework. Participants submit a symmetric confidence interval, and
narrower bands yield higher payments. Thus, they are able to study the dynamics of adjustments.
They focus their paper on the effect of eliminating behavioral uncertainty—through the inclusion
of computer-controlled traders—on confidence, and also study long-run expectations. They
find that this does not greatly affect confidence, and that players change their behavior after
observing prices. Our results on the dynamics of confidence are consistent with Hanaki et
al. (2018a), but our framework allows us to elicit non-symmetric confidence intervals. Moreover,
we focus on different effects of certainty on price dynamics.

A shortcoming of the papers measuring overconfidence in financial markets is that there are
many variables that are intertwined. Importantly, it is not obvious how to disentangle the
role of learning and the role of higher order expectations. In other words, the setups are too
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complex to elicit overconfidence properly. Throughout the paper, we use the dispersion of
beliefs as our measure of trader confidence.6 Our chosen method for eliciting expectations
allows participants to report different intensities of beliefs, or disjoint distributions, and not
only confidence bands. This is particularly relevant in asset markets with bubbles, as prices
can follow either a fundamental or a non-fundamental trend. Moreover, our focus is on the
predictive power of confidence and its dynamics.

Dispersion of beliefs across traders. This topic has received theoretical, empirical and
experimental attention (See for instance Hommes et al., 2017).

The theoretical strand focusing on belief heterogeneity breaks the no-trade theorems, since it
argues that private information alone cannot explain bubbles (Milgrom, Stokey, 1982). Moreover,
Tirole (1982b) shows that speculative bubbles—those in which speculative investors buy an
overpriced asset to sell it to a greater fool before the crash—cannot arise in rational expectations
models. Thus, many papers have relied on so-called “irrational” behavior or myopia to explain
them (see, for example, Abreu, Brunnermeier, 2003). Most of the models that explain bubbles
focus on two issues: coordination and dispersion of opinion. If a trader expects the asset
price to soar, she may be willing to buy the asset even at a price above its fundamental value,
given the possibility of reselling at a higher price at a later time. As long as the moment
of the crash is unknown, traders might be tempted to ride the bubble, hoping to sell before
the bubble bursts. Central to this line of research is the dispersion of beliefs. In particular,
Varian (1985) and Miller (1977) highlight the effect of dispersion of beliefs on trading volumes.
Brock, Hommes (1997) provide a model of asset trading based on the interaction of traders
with heterogeneous expectations, giving rise to dynamics akin to those observed in real-world
stock prices. Boswijk et al. (2007) and Barberis et al. (1998) focus on the psychological factors
at play in asset trading, specifically overconfidence and framing effects. From a psychological
point of view, Minsky (1992) has argued that when investors agree on forecasts, optimism
drives up prices. In other words, agreement in expectations leads to more severe bubbles. Our
experimental design allows us to analyze the impact of conformity among traders and asset
price dynamics.

Hommes (2011) surveys laboratory experiments that deal with the heterogeneity of beliefs
and analyzes their data. The main finding is that heterogeneous expectations are necessary
to explain aggregate outcomes. Boswijk et al. (2007) analyze heterogeneous expectations in
experimental markets designed to have positive and negative feedback loops. In our paper, we
examine not only the heterogeneity across agents, but also the confidence of each agent (i.e.
how tightly held the beliefs are). Importantly, our mechanism of belief elicitation allows us to
capture the intensity of the disagreement across traders. Finally, our SSW setup does not have
any built-in mechanism of positive or negative feedback loops.

Baghestanian et al. (2015) develop a model of heterogeneous traders. Using experimental data,
they identify subjects as noise traders (who buy or sell, on average, at the previous price),
fundamental traders (who buy when the price is below the fundamental value and sell above the

6 In our case, the role of learning should be, on average, the same across sessions, given that all participants were
recruited on condition of being new to this type of game.
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fundamental value) and speculators (who buy to re-sell to noise traders above the fundamental
value). They emphasize individual modeling to capture aggregate features of the data, and show
that these strategies generate bubble-crash patterns. In this paper, we emphasize heterogeneous
beliefs while remaining agnostic about the typology of traders; and we show how these beliefs
reinforce each other and explain asset price dynamics.

Carlé et al. (2019) use the data from Haruvy et al. (2007) to analyze heterogeneous expectations
in a setup where agents have the same information. They find that trade happens because more
optimistic traders purchase from less optimistic ones. Importantly, agents have heterogeneous
beliefs and act accordingly. Their main finding is that divergence of opinion has an effect on
mispricing. Our results are aligned with this finding, but our setup allows us to examine not
only the effect of the dispersion of beliefs (and its intensity) across traders, but also the effect of
trader confidence.

3. Hypotheses

The following hypotheses guide the experimental design and our analysis.

Our first hypothesis concerns the dynamics of individual confidence, which we define as the
(inverse of the) dispersion of beliefs at the individual level. We expect that, as traders successfully
predict the sign and magnitude of the price movement from one period to the next, they will
have more concentrated beliefs going forward. This hypothesis is consistent with the theoretical
literature on trader behavior in asset markets (see, for example, Scheinkman, Xiong, 2003;
Harrison, Kreps, 1978), as well as with Bayesian updating.

Hypothesis 1. Traders who predict the correct sign of the price movement will be more certain
about their predictions in the following period.

A well-known result is that bubbles disappear as traders participate repeatedly in different
markets. This implies that, eventually, equilibrium prices closely follow the fundamental value.
A typical interpretation is that markets converge to the full-information rational expectations
equilibrium (Palan, 2013).7

A potential explanation for the convergence of empirical prices to the fundamental value is that
agents’ expectations align over time. Inspired by these facts, we expect traders’ expectations
to converge. However, even though expectations may converge, the fact that trade normally
persists would hint at a violation of the no-trade theorem. Thus, we expect beliefs to converge
in mean, but belief heterogeneity to remain even in the later periods.

Hypothesis 2. Traders’ expectations converge in mean to the fundamental value as traders
participate in more markets, but the heterogeneity of beliefs remains.

7 A notable exception is Hussam et al. (2008). Here, the authors show that bubbles can be rekindled by changing the
fundamental parameters characterizing the market. They argue that this corresponds to (unexpected) technological
changes.
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One of the main objectives of this paper is to analyze whether the agreement in expectations
affects the size of the bubble. The Financial Instability Hypothesis (Minsky, 1992) states that
success in financial markets leads to reckless behavior. Moreover, Minsky (1992) argues that
markets tend to aggregate information in such a way that the optimism of a given trader
reinforces the optimism of other traders.

In other words, if all agents believe the price will be high, this will push the price up. However,
if beliefs are scattered, the more optimistic traders will become more pessimistic, and vice
versa. In our setup, we shed some light on this hypothesis by studying whether the disper-
sion of beliefs at the market level and trader confidence are related to an increased size of
bubble.

Hypothesis 3. Increased initial agreement in traders’ expectations, measured as the overlap in
traders’ expectations, leads to increased bubble sizes ceteris paribus, and more initially certain
traders will increase bubble size.

Our last hypothesis relates to the predictive power of market confidence. It is well known that
expectations have predictive power for market outcomes. In an experimental setup, Haruvy
et al. (2007) have found that the mean of traders’ expectations partly explains price movements.
We are interested in whether the dispersion of beliefs, as a proxy for market confidence, can help
predict future price movements. In other words, we want to address whether higher moments
of the distribution of expectations matter to asset price dynamics.

Hypothesis 4. Information on traders’ confidence has predictive power on future price movements.

4. Experimental Design

Our experimental design follows Haruvy et al. (2007), though it differs in two crucial aspects:
(i) we elicit confidence in forecasts; (ii) the payment is based on either forecast performance or
trade performance. We discuss both changes below.

In each session 12 traders are grouped together (Haruvy et al., 2007, use 9 traders). They
participate in two or three sequential markets, each consisting of 15 or 12 trading periods,
respectively. Each market has two stock valuables: an asset, denominated in shares, and money,
denominated in points. Within a market, the holdings of shares and points are transferred
from one period to the next. Each trader is given an endowment of shares and money at the
beginning of each market.8 In each period, the asset pays an iid random dividend in points
from a known and fixed distribution. The timing of a given period 𝑡 is summarized in Table 1.
Participants have two tasks: trade and predict. Traders can buy and sell shares in each period.
Based on the orders, an equilibrium price is computed. In addition, at the beginning of each

8 Denote an initial endowment of 𝑓 Points and 𝑎 shares of the assets by (𝑓 , 𝑎). Then four participants are endowed
with (, ), four other participants are endowed with (, ), and the remaining participants are endowed
with (, ). Thus, a total of 24 shares of the asset and 3504 Points in the first round, and up to 14304 Points in
the last round.
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Table 1: Summary of the timing of round 𝑡, where 𝑇 is the total number of rounds.

Start of period 𝑡 Traders predict the equilibrium prices.
Traders make buy and sell orders.
The equilibrium price is calculated and trade is conducted.
The asset dividend is drawn and added to cash holdings.

End of period 𝑡 Forecast earnings are computed based on the accuracy of forecasts.

period, subjects are requested to forecast the equilibrium price. We elicit approximations of the
traders’ distributions of beliefs as described in section 4.2. Traders are rewarded according to
either the accuracy of their forecast or according to how much money they have accumulated.
The reward is determined individually at the end of each market and transformed into euros at
a rate of 85 points per euro.

The experiment was conducted at the Behavioral Sciences Laboratory at Universitat Pompeu
Fabra, Barcelona (beslab) and the experimental software was built using Chen et al. (2016)
and Bostock et al. (2011). Subjects were typically bachelor students from a wide range of
disciplines with no prior experience with experimental asset markets. Each session lasted for
approximately 2.5 hours, of which 45 minutes was instructions.9 Before being able to start
the experiment, each trader had to complete an interactive test that demonstrated understand-
ing of the basic mechanisms of the experiment. The average earnings were approximately
€25.

Below we describe the setup in greater detail.

4.1. The asset market

The asset pays a dividend at the end of each period for each share. The dividend is drawn from
the set {, , , } with equal probability. It is common knowledge that the expected dividend
is 12 points. Likewise, it is common knowledge that the “fundamental value” of a share of the
asset in the beginning of period 𝑡 ∈ {, … , } is 𝑓 (𝑡) =  ( − 𝑡 + ).

In each period, traders can buy and sell the asset, subject to the “no borrowing” constraint via
a call market. As in Haruvy et al. (2007) the price is determined by call market rules to ease
the task of predicting future prices, as the more commonly employed double auction rules can
lead to multiple prices. In each period, each trader submits a buy order and a sell order. An
order consists of a price 𝑝 and a quantity 𝑥. A buy order specifies the maximum quantity 𝑥𝑏
of shares that the trader is willing to purchase at a price lower or equal to 𝑝𝑏. Likewise, a sell
order specifies the maximum quantity 𝑥𝑠 of shares that the participant will offer if the price is
at least 𝑝𝑠. All bids and asks are aggregated into demand and supply curves, respectively, and
the equilibrium price 𝑝∗ is determined.

9 The instructions are available in English in Appendix B, and in Spanish at https://pank.eu/forecast.js/es_
instructions.html
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The equilibrium price algorithm is designed to maximize trade volume, given buy and sell
bids. If there is no intersection between the supply and demand curve, the equilibrium price
is set to one plus the highest offer, i.e. 𝑝∗ =  + max𝑖 {𝑝𝑠𝑖}.10 If there is a unique volume-
maximizing price, then this is the equilibrium price. Otherwise, we check for prices that make
the difference between supply and demand zero within the set of volume-maximizing prices.
If no such price exists we check whether all prices lead to excess supply or demand and take
the maximum or minimum price, respectively. Finally, if the price has not been found in any
other way, we set it to the maximum price that minimizes the difference between supply and
demand.

Participants who submitted buy order with 𝑝𝑏 ≥ 𝑝∗ will purchase assets from participants with
sell orders satisfying 𝑝𝑠 < 𝑝∗. If demand exceeds supply at the margin, realized trades at the
margin are randomized. Besides their own asset purchases and sales, as well as their holdings
of cash and assets, participants are informed about the equilibrium market price and the trade
volume after every round.

4.2. Eliciting traders’ beliefs

The main methodological contribution of this paper is that we elicit traders’ distributions
of beliefs using a elicitation tool similar to the one proposed by Harrison et al. (2017) in an
asset market. The traders participating in the Haruvy et al. (2007) experiment are not able
to express the degree of confidence in their forecasts or put weight on two disjoint distribu-
tions. The latter may be particularly relevant when forecasting the burst of a bubble; some
weight may be allocated to the bubble price path and some weight to the fundamental price
path. In our experiment participants can express a good approximation of their entire belief
structure.

Our elicitation tool is similar to the tool found in Harrison et al. (2017) and is described in
further details in Aragón, Pank Roulund (2019). The tool is displayed in Figure 1. Participants
are shown a grid with prices on the primary axis and percentages along the secondary axis, and
are asked to predict the price in next period. To do so, they are endowed with 20 tokens, each
representing 5% confidence. Prices are binned in intervals of 10 along the primary axis. Along
the secondary axis participants are shown bins of 5% intervals. By clicking on a particular grid
point, subjects allocate their tokens. Participants are not allowed to continue unless they assign
all of their 20 tokens. Once the tokens have been allocated the forecast can be “finalized” and
the scores are shown. Subjects can revise the forecast.11

Participants are then rewarded in accordance with the accuracy of their forecasts. However,
ensuring that expectations are correctly elicited is a difficult task. We will first describe the
elicitation process and then discuss how we circumvent the main issues.

10This was the approach taken by Haruvy et al. (2007).
11One difference from the tool used in Harrison et al. (2017) is that the latter displays scores as tokens are being

distributed.
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Figure 1: An example of a constructed forecast of prices in a given period.

(a) Before the forecast is finalized. (b) A finalized forecast.

The price range is partitioned in 𝑘 = , … , 𝐾 bins. The maximum price was set such that
the maximum price observed in the literature was not binding. An example of a constructed
probability mass function is shown in Figure 1.12

We denote the beliefs (tokens) in a particular price interval 𝑘 for a particular period 𝜏 as 𝑟𝜏𝑘.
Participants are asked to choose beliefs for every remaining period in each one of the 𝑘 bins,
thus assigning probabilities to each future potential price. A full report consists of belief
allocations for each interval 𝑟𝜏 = (𝑟𝜏, 𝑟𝜏, … , 𝑟𝜏𝐾)𝜏=𝑡 such that ∑𝐾

𝑖= 𝑟𝜏 𝑖 = . In this way we can
elicit confidence from the forecast as in Harrison et al. (2017). The setup requires participants
to assign zero probability to some bins13 and allows for arbitrary probability distributions of
forecasts, which may be disjointed. This is important because participants may want to bet
on two different equilibrium prices paths. To see this, consider the case where the forecaster
expects that a bubble continues for one more period with probability 𝑞 and that the bubble
bursts and the market crashes with probability of  − 𝑞. This gives rise to a bimodal prediction
of the future price given the fact that some subjects may put some weight on the fundamental
value and some weight on the bubble value.

The difference between our baseline treatment and Haruvy et al. (2007) is that we explicitly
elicit a measure of the dispersion of beliefs. To incentivize careful predictions of the confidence
levels we make payoff of the prediction contingent on the accuracy of forecasts. Scoring rules
are procedures that convert a “report” into a lottery on the outcomes of some event. These rules
are a way of translating reported beliefs into earnings based on the actual outcome. Payoff from

12 An example of the actual software implementation used in the experiment can be found at https://pank.eu/
forecast.js.

13The price grid goes from zero to 400 points and has a ten-point span for each grid point. As such, participants
must consider where in this range prices will fall even if using a diffused distribution.
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forecasting follows the Quadratic Scoring Rule (qsr),

𝑆𝑘 = 𝜅[𝛼 + 𝛽( × 𝑟𝑘 −
𝐾
∑
𝑖=

𝑟𝑖 )], (1)

following (Matheson, Winkler, 1976). This expression shows the payoff when the true value falls
in bin 𝑘. This reward score doubles the report allocated to the true interval, 𝑟𝑘, and penalizes
depending on how these reports are spread across the 𝐾. 𝛼, 𝛽 and 𝜅 are calibrated constants
to match a desirable balance between punishment of dispersed beliefs and certainty. 𝜅 simply
scales the payoffs, which will play a role in eliminating the possibility of hedging. In particular,
participants are rewarded first according to whether the realized price falls within the correct
band and second according to the precision of this band. The main difference between (1) and
the Haruvy et al. (2007) setup is that here the confidence band is determined by the participant.
Given the complexity of the rule, participants are told that the dispersion of beliefs is penalized.
Moreover, they are shown the payoffs for each report before submitting, and are allowed to
change them. This scoring rule has several desirable properties which are discussed in the next
subsection.

4.3. Risk, Ambiguity and Hedging

There are two main issues to account for when eliciting beliefs. The first is the possibility of
hedging. The second is the interconnection in reported beliefs between ambiguity, risk aversion
and the dispersion of beliefs.

Hedging refers to the fact that, for example, subjects may trade at optimistic values and forecast
at pessimistic values in order to ensure a less variable payoff.

This may create distortions in reported distributions, as shown by Armantier, Treich (2013),
Blanco et al. (2010), Bao et al. (2017), and Rutström, Wilcox (2009). We follow the literature and
randomize the payoff given to the agent at the end of each market.14 We avoid any potential
hedging between the two tasks by rewarding participants randomly at the end of the game.
In particular, participants are randomly rewarded either according to the accuracy of their
predictions, as in Haruvy et al. (2007), or according to their earnings in the asset market. In the
initial pilot sessions payoffs were calibrated to match the same expected earnings in both types
of task. In this way, we are able to elicit more detailed information about beliefs and address
the impact on price dynamics.

The risk attitudes may impact the incentive to report one’s subjective probability truthfully in
equation (1). Harrison et al. (2017) characterize the properties of the Quadratic Scoring Rule
when a risk-averse agent needs to report subjective distributions over continuous events. For
empirically plausible levels of risk aversion it is possible to elicit reliably the most important
features of the latent beliefs without calibrating for risk attitudes. The qualitative effect of greater
risk aversion, when eliciting continuous distributions, is to cause the reported distributions

14Another possibility is doing “small” payments in order not to distort the incentives as in Haruvy et al. (2007).
However, since it is the main focus of our paper we decided to incentivize this activity properly.
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Table 2: Overview of the sessions, number of markets and number of participants.

Session Markets Rounds Participants Assets

A 2 15 12 27
B 2 15 12 27
C 3 12 12 27
D 3 12 12 27
E 2 15 12 27

to be “flatter” than the true distributions. In particular, the Scoring Rule has the following
properties:

1. The individual never reports a positive probability for an event that does not have a
positive subjective probability, independently of the risk attitude;

2. Events with the same subjective probability have the same reported probability;

3. The more risk-averse the agent is, the more the reported distribution will resemble a
uniform distribution over the support of the true latent distribution.

An alternative procedure is to use a binary lottery procedure, developed by Harrison et al. (2015)
to risk-neutralize the participants. This would be particularly interesting due to the fact that the
above-mentioned procedure does not necessarily work with rank-dependent-utility participants,
as what is recovered are the weights and not necessarily the probabilities. This would have
added another layer of complexity to an already complex experiment. With all these caveats,
we assume away risk preferences. However, given that the effect of risk aversion is to report a
distorted distribution of the true range of probabilities, we can certainly infer a lower bound on
the dispersion of beliefs.

5. Overview of experimental data

In this section we show the basic properties of the data from our study. A total of five sessions
were conducted.15 The summary of number of participants and markets is shown in Table 2.
Sessions A, B and E had two markets, each with 15 rounds. Sessions C and D had three markets
each consisting of 12 rounds. All sessions had 12 participants. Likewise, all sessions had a total
of 27 tradable assets.

15A couple of pilot sessions were also conducted. The data from these sessions is not used, as they either did not
conclude, were conducted with fewer participants, or were conducted using a vastly different version of the
experimental software.
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5.1. Summary of the trade data

We first turn to the descriptive statistics of the main variables in the experiment. As argued
above, traders react and set the price in this experiment. The period-to-period development of
the price for each of the sessions is shown in Figure 3. The lines and the dots in Figure 3 show
the price movement. Curves and dots are color-coded depending on the total number of rounds
per market. The grey step lines display the fundamental value of an issue of the asset in a given
round. Note that sessions with 12 rounds per market have been shifted to start at period 3 to
align the final period across graphs.
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Figure 3: The development of equilibrium prices over markets and market periods. The grey
step-lines display the fundamental value of the asset.

In a market with perfect foresight and fully rational players the price curve should coincide with
the fundamental value curve. In addition, the graph shows periods where the price “crashes”,
corresponding to a fall in price of more than 60 points. The exact prices and descriptive statistics
may be found in Tables 13 and 15 in the Appendix. The price movements display similar trends
to those found in similar experiments, such as Haruvy et al. (2007). The peak price typically
occurs around period 10 to 11 in the sessions with 15 rounds. As can be seen from the graph,
the markets clearly exhibit bubble tendencies, as is found in most similar experiments. In our
second market bubbles still occur in session 2, though less so than in the first market. This
indicates a similar learning process to the one described in Haruvy et al. (2007), so we conclude
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that the proposed elicitation does not affect behavior.

There is a fair bit of variation between sessions. While the three sessions of 15 rounds, sessions
A, B, and E, show a typical hump shape to this type of asset market experiment, the two sessions
with 12 rounds, sessions C and D, show a less characteristic shape. Session D seems to almost
converge to the fundamental value within the first market, and completely converges in the sec-
ondmarket and the third market. Across sessions, the market crash tends to be in a later round in
the first market, compared with market crashes in subsequent markets.

In each round, traders put forward a bid-quantity tuple and an ask-quantity tuple. Recall that
bids are the maximum prices buyers are willing to buy at, while asks are the minimum prices
sellers are willing to sell at. Based on this, an equilibrium price is computed in each round using
the mechanism described in the previous sections and the realized prices shown in Table 13.
In addition to the prices, the realized traded quantities are shown in Table 14 in the Appendix.
The number of traded assets is not shown to participants during the experiment. For sessions
with 12 rounds per market the 12th and last round has been aligned with the last round in the
sessions with 15 rounds. As the table shows, the trade volume is generally above zero, with a
few exceptions in session C.

The raw bid and ask data used to calculate the equilibrium price are shown below in Figure 4.
The graph shows the demand and supply at each potential price as well as the realized price. A
larger point indicates larger bids/asks at that point. Based on the pricing mechanism and the
raw bids and asks, the equilibrium price is determined.

5.2. Expectation data

The main difference between this experiment compared with the previous literature is the way
forecasts are elicited. As discussed above, participants forecast the price development at the
beginning of each round using the tool shown in Figure 1. Some examples of the forecasts that
traders produced are shown in Figure 5. The figure shows forecasts conducted by three different
participants, P1, P5 and P11, in a particular market. In the top line the traders’ first-round
predictions are shown, and in the bottom line their final predictions are shown. Each of the small
graphs shows price bins on the primary axis and the number of points (out of 20, each equivalent
to 5%) allocated to the bins on the secondary axis. For instance, we see that P1 has allocated all
20 points to a single bin in round 10. The graph also shows the realized equilibrium price with
the vertical black line. In this market a crash occurs in the 11th period.

Wider distributions, such as the ones seen in the first period, suggest that the trader is more
uncertain about the price. Traders tend to make tighter distributions, concentrating on only a
few potential prices, before period 11 – the crash. Note that each of the three traders behaves
differently after the crash. P1 immediately switches to the new equilibrium price trajectory. P5
uses a bimodal distribution, putting some weight on the return to the bubble price and some
weight on the fundamental value. P11 assumes the crash was a temporary shock, and expects
the prices will return to previous levels—although with less confidence, as evidenced by the
variance of the forecast distribution.
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Figure 4: Supply and demand per session, market and round.
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Figure 5: An example of realized one-period-ahead price forecasts from the experiment. Each
column displays a particular trader’s forecasts for each of the 15 rounds in the market.
Realized prices as well as the traders’ maximum buy price and minimum sell price are
also shown.
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Table 3: Summary of traders’ forecasts. Means for the variables are shown across all traders

Market 1 Markets 2 and 3

All Before crash After crash All Before crash After crash

𝐸𝑖𝑡𝑝𝑡 − 𝑓𝑡 26.60 108.24 51.23 17.45 90.72 15.21
𝐸𝑖𝑡𝑝𝑡 − 𝑝𝑡− 8.46 7.33 -10.43 1.72 -0.03 -9.09
||𝐸𝑖𝑡𝑝𝑡 − 𝑝𝑡−|| 18.74 17.92 30.41 16.90 11.27 19.27
Std. dev. 0.03 0.08 0.15 0.00 -0.03 0.07
Skewness 2.27 2.18 2.21 2.26 2.57 2.35
Kurtosis 26.60 108.24 51.23 17.45 90.72 15.21

Figure 6 shows the market confidence and equilibrium prices. Market confidence is displayed
using a violin plot where the width of the violin shows the probability mass at a given price.
Here, the market expectation is simply the union of all forecasts by all traders, treated as a
single distribution.

Some patterns are clear across sessions. In general, market expectations are more dispersed
in the first round, as shown by the wider range between the upper and the lower quartiles.
This also seems to be the case across sessions. However, the expectations in the first round of
the second market tend to be more certain than in the first market. This can be seen across
all sessions. In the interim periods between the beginning and the crash, market expectations
tend to become more certain, as measured by smaller distances between the upper quartiles and
the lower quartiles. We see this, for example, in the first market of sessions A and B. Crashes
are not widely expected, and the realized price in a crash tends to be lower than the lower
quartile of expectations. This is the case for all the crashes observed in the data. Interestingly,
the standard deviation of market expectations is sometimes increasing ahead of a crash—for
instance in session E. At other times, the crash is completely unexpected, as is the case of session
B.

In Table 3 we display summary statistics of beliefs for each market. We split the data before
and after crashes. As expected, misalignment between price and fundamental is much greater
before the crash, but still persists afterwards. Standard deviation of beliefs slightly increases
after the crash, compared with the standard deviation of all rounds, but decreases slightly when
compared with before-crash deviations. This may suggest that beliefs get more concentrated
before the crash. Beliefs are positively skewed, and become even more skewed after the
crash.

In Figure 7 we show densities of moments from individual participants’ expectations. The
histogram in the background displays the “raw” observations. In the left hand column, we see
data from the first market, and in the right hand column we show data from markets two and
three. We split in this way, as there may be learning between the first and second market. The
first panel, which displays the difference between the mean expectation and the fundamental
value, shows the learning dynamics between first and later markets. The second panel shows
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Figure 6: Price expectations and realized prices. The lines show the development of the price.
The violin distributions show the expectations of all participants, including the upper
and lower quartiles, as well as the median, as shown by the horizontal lines.
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that on average participants tend to have beliefs of increasing prices. The distribution of
standard deviation is fairly symmetric, and the mode of the asymmetry is zero . In Figure 10
in the Appendix we dividide them between buyers and sellers. Buyers tend to overvalue the
asset more than sellers in the first market, although we do observe also some sellers with large
overvaluations relative to the fundamental value in the right panel. This may be due to sellers
strategically selling before crashes. In panel B of Figure 10 we observe that sellers expect falling
prices whereas buyers expect either increasing prices or smaller decreases. Panel C shows that
sellers have in general lower standard deviations in their beliefs, and that this is not affected by
learning. There is no substantial difference in skewness or kurtosis. Figure 11 in the Appendix
compares rounds just before and after crashes. It shows that expectations seem to be aligned
with the fundamental for most of the agents but that there is a fat tail of buyers. After a crash,
there is a misalignment but more concentrated. Buyers have less skewed beliefs, and sellers
tend to have more rightly skewed expectations. Excess kurtosis is always negative except for a
few participants and does not change significantly after the crash.

6. Results

6.1. Predictions and forecast

We turn attention to Hypothesis 1. This hypothesis states that we expect traders to narrow their
beliefs after successfully predicting prices. In other words, success at predicting will lead to more
certain beliefs, expressed as a tighter belief distribution. A longer strike of correct predictions
for traders can itself lead to a longer bubble, under this hypothesis. Potentially, narrower beliefs,
expressed through tighter forecast distributions, would lead to longer bubbles—as traders are
essentially riding the bubble.

To investigate the claim, we look at whether increased success leads to a tighter forecast
distribution. We expect that if a trader has a high degree of success in his forecast in period
𝑡 − , as measured by his forecast scoring, 𝑆𝑡−, he will be more likely to predict a tighter
distribution, i.e. a distribution with a smaller 𝜎. We can express this using the following
equation,

𝜎𝑖𝑡 = 𝛽𝑆𝑖𝑡− + 𝛼 ′𝜆 + 𝜖𝑡𝑖.

Here, 𝜆 represents a set of dummy variables, such as the trader id, the round number, and
market and session numbers. If traders become more certain as they make correct predictions
the sign on 𝛽 should be negative. The regression results are shown in Table 4. The data consists
of all traders who participated in the experiment.

In the first column of Table 4 we show the results of the regression using the lagged forecast score
𝑆𝑖𝑡− on the standard deviation of the forecast in period 𝑡. Note that the intercept is included
in the regression, but is not reported. In the first column we show the simplest regression
of 𝑆𝑖𝑡− on 𝜎𝑖𝑡. There is a clear and stable negative relationship between the two variables,
suggesting that increased prediction success in the previous round leads to a higher level of
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Table 4: Regressions on traders’ confidence and success in forecasting using 𝜎 as the dependent
variable. As the regressions show, traders become more certain as they successfully
forecast the movement.

𝜎𝑖𝑡
(I) (II) (III) (IV) (V)

𝑆𝑖𝑡− −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗
(.) (.) (.) (.) (.)

Session fe X X X X
Participant fe X X X
Market fe X X
Round fe X

Num. obs. 1800 1800 1800 1800 1800
R 0.03 0.07 0.33 0.34 0.36
Adj. R 0.03 0.07 0.31 0.32 0.33
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < .. Robust std. errors.

confidence, as measured by the width of the forecast distribution. Using the result of regression
(I), a one-unit increase in lagged forecast earnings leads to a 0.06 reduction of the standard
deviation.

The regressions displayed in Table 4 therefore suggest that an increase in the forecast perfor-
mance of one standard deviation would lead to a reduction of the standard deviation of 𝜎𝑡𝑖 of
between ., in regression (I), and ., in regression (V). The regressions vary in the included
fixed effects, controlling for specific factors affecting each session (i.e, the time of day when it
was held), market (learning effects) or participant (IQ or risk attitude). In Table 5 we present
results where we use the range of participants’ beliefs instead of dispersion, and the results
hold.

This suggests a strong behavioral pattern that, in combination with our other hypothesis, can
explain the amplification of bubbles.

6.2. Convergence of expectations

We now turn to Hypothesis 2. The hypothesis states that while prices and expectations converge
in means, traders will still display heterogeneous beliefs. To investigate this issue we use the
concordance correlation coefficient (𝜌𝑐) proposed by Lin (1989). This coefficient, 𝜌𝑐 for two
distributions 𝑋 and 𝑋, can be calculated as

𝜌𝑐(𝑋, 𝑋) =
𝜎

𝜎
 + 𝜎

 + (𝜇 − 𝜇)
 (2)
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Table 5: Regressions on traders’ confidence and success in forecasting using the range of the
forecast as a dependent variable.

range𝑖𝑡
(I) (II) (III) (IV) (V)

𝑆𝑖𝑡− −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗
(.) (.) (.) (.) (.)

Session fe X X X X
Participant fe X X X
Market fe X X
Round fe X

Num. obs. 1800 1800 1800 1800 1800
R 0.04 0.08 0.34 0.35 0.38
Adj. R 0.04 0.07 0.32 0.33 0.36
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < .. Robust std. errors.

where 𝜇𝑖 is the mean of 𝑋𝑖, 𝜎𝑖𝑗 is the covariance between 𝑋𝑖 and 𝑋𝑗, and 𝜎
𝑖 is the variance of 𝑋𝑖

(Lin, 1989).16

This coefficient is in [−, ], and measures the extent to which pairs of observations from the
two distributions fall on a 45°-line. A value of − can be interpreted as perfect disagreement
whereas a value of 1 can be interpreted as perfect agreement.

As simple starting point to test Hypothesis 2, we analyze whether the observed concordance
correlation coefficient is increasing over time. For each round and for each pair of traders 𝑖, 𝑗
we calculated 𝜌𝑐. The results are shown in Table 6, where the median concordance correlation
coefficient is calculated for pairs of traders for every period. In parentheses we show the
standard deviation of the concordance correlation coefficient. The first row shows that the
median concordance score in market 1, round 1 is 0.175 and that it goes up to 0.214 by the second
market. In addition, the standard deviation slightly increases in the second market. The stars
summarize the significance of the Wilcoxon Signed Rank Sum Test with a one-sided alternative
hypothesis.17 Specifically, for a pair of players 𝑖 and 𝑗, we test the null that 𝜌𝑚,𝑟

𝑐,𝑖𝑗 − 𝜌𝑚+,𝑟
𝑐,𝑖𝑗 is zero

where 𝑚 and 𝑟 denote the market and period, respectively. The difference between column 1
and column 2 is therefore of interest to address Hypothesis 2. There is a moderate increase in 𝜌𝑐
in round 1 between market 1 and market 218. In general, the level of agreement tends to go up

16The concordance correlation coefficient relates to the Pearson correlation coefficient 𝜌 and Lin shows that 𝜌𝑐 poses
the following characteristics: − ≤ − ||𝜌|| ≤ ||𝜌𝑐|| ≤ ||𝜌|| ≤ ;  = 𝜌 ⇔ 𝜌𝑐 = ; 𝜌𝑐 = 𝑝 ⇔ (𝜇, 𝜎) = (𝜇, 𝜎); and that
||𝜌𝑐|| =  only occurs for two samples in perfect agreement or disagreement. See Lin (1989) for a more detailed
treatment of the characteristics.

17We use a non-parametric test over a 𝑡-test, as the distributions of differences between values of market 1 and
market 2 have fat tails and are only spread over the domain [−, ].

18There is a larger increase still between market 2 and 3 (the first round of market 3 is denoted 3 in the table).
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Table 6: Average concordance correlation coefficient, 𝜌𝑐 between rounds. Plain numbers denote
the mean, while numbers in parentheses denote the standard deviation. The super-
scripted stars denote the significance of the 𝑝-value of the Wilcoxon Signed Rank Sum
Test between the observations from period 𝑗 in market 𝑖 and 𝑖 − .

𝑡   

1 . (.) .∗∗∗ (.)
2 . (.) . (.)
3 . (.) .∗∗ (.)
4 . (.) .∗∗∗ (.) .∗ (.)
5 . (.) .∗∗∗ (.) .∗∗ (.)
6 . (.) .∗∗ (.) . (.)
7 . (.) .∗∗∗ (.) . (.)
8 . (.) . (.) . (.)
9 . (.) . (.) . (.)
10 . (.) . (.) . (.)
11 . (.) . (.) . (.)
12 . (.) .∗∗∗ (.) . (.)
13 . (.) .∗∗∗ (.) .∗∗∗ (.)
14 . (.) .∗∗ (.) . (.)
15 . (.) . (.) . (.)

All . (.) .∗∗∗ (.) . (.)
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < .

between market 1 and market 2, as shown by the bottom line of the table. However, the effects
vary from round to round, e.g. round eight we cannot reject the null that there is no difference
between the level of agreement.

In Appendix A.3 we carry out the same analysis using the Bhattacharyya coefficient. The
Bhattacharyya coefficient serves as a good alternative, as it enables comparison of distributions
without taking the specific moments into account. The specific measure does not, however,
alter the conclusions.

To test Hypothesis 2 in a more structured way, we test whether expectations become more
aligned. To do this we regress the concordance correlation coefficient on market fixed effects
to see if the there is a convergence effect over time. We include the fixed effects to make
sure that other unobserved factors are not driving the results. The regressions are shown in
Table 7, where we regress the within group (defined by pairs of traders) difference between
agreement and average agreement. Standard errors are clustered on groups of traders to allow
for within-group heteroscedasticity (e.g. Abadie et al., 2017). This may arise due to learning or
other time-varying factors.

Our preferred specification is the first regression, (I), which simply shows that the rate of
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Table 7: Regression analysis on overlap of expectations.

𝜌𝑐,𝑖𝑗 − ̄𝜌𝑐,𝑖𝑗
(I) (II) (III) (IV) (V)

Market 2 .∗∗∗ .∗∗ .∗∗ .∗∗ .∗∗
(.) (.) (.) (.) (.)

Market 3 . −. −. . .
(.) (.) (.) (.) (.)

𝑝𝑡− − 𝑓𝑡 −.∗∗∗ −.∗∗∗ −. −.
(.) (.) (.) (.)

Session fe X X X
Round fe X X
Participant fe X

Num. obs. 10692 9900 9900 9900 9900
R 0.004 0.007 0.008 0.060 0.061
Adj. R 0.004 0.007 0.007 0.058 0.054
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < .. Std. errors clustered on IDs.

agreement is increasing by, on average, 0.035 between the first and the second market. For
this to be a consistent estimator we have to assume that any unobservables that would affect
agreement are fixed over time and thus are removed by the session fixed effect. Nonetheless,
we include a number of other fixed effects and show that the results are similar under other
specifications with more fixed effects. In column (II)–(V) we include the lagged bias, defined as
the difference between the realized price and the fundamental value, to capture the variation in
market prices across markets and sessions. Columns (III)–(V) show that the result is robust to
the inclusion of a number of fixed effects that capture time-invariant effects. We use the fixed
effects to remove any within effects within sessions (II), rounds (III) or groups of traders (IV,
V).

As Table 7 show the regression results support the initial finding that there is an increase in the
level of agreement (in the sense of the concordance correlation coefficient) between session one
and session two.19

Finally, we investigate whether the heterogeneity in beliefs that is still observable can be
explained by trader types. As Figure 6 shows, beliefs are exhibiting some heterogeneity, even
in the later markets. In Figure 8 we split the expectations into buyers and sellers. Buyers are
either realized buyers or traders who only make buy orders in a given round while sellers are
defined to be either realized sellers or traders who only make sell orders in a given round. Each
pair of bars denotes the range of expectations among a given group.

19The regression results also suggest that we cannot rule out that there is no increase in the agreement between
market 2 and market 3. These results are also robust dropping the observations of sessions, with 12 market rounds
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Figure 8: Price expectations of buyers and sellers. Each trader is categorized as a buyer, a seller
or neither. The dots denote the mean expectation of each group while the bars show
the range of beliefs.
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Table 8: Regression analysis of difference in expectations of types.

E𝑖,𝑡{𝑝𝑡} − 𝐸−𝑖,𝑡{𝑝𝑡}

(I) (II) (III) (IV) (V)

neither seller nor buyer −. −. −. −. −.
(.) (.) (.) (.) (.)

seller −.∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗
(.) (.) (.) (.) (.)

𝑝𝑡− − 𝑓𝑡− .∗∗ .∗∗ .∗∗ .∗∗∗
(.) (.) (.) (.)

E𝑖,𝑡−{𝑝𝑡−} − 𝑝𝑡− .∗∗∗ .∗∗∗ .∗∗∗ .∗∗∗
(.) (.) (.) (.)

Session fe X X X
Market fe X X
Round fe X

Num. obs. 1944 1800 1800 1800 1800
R 0.004 0.276 0.277 0.280 0.301
Adj. R 0.003 0.275 0.274 0.276 0.292
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < .. Robust std. errors.

While the graph suggests that beliefs may differ in some periods, like the burst of the bubble in
session A, it is hard to tell if there is a persistent effect. To investigate this further, we perform
the following baseline regression

𝑝𝑒𝑡,𝑖 − 𝑝𝑒𝑡 = 𝛽 + 𝛽seller𝑖,𝑡 + 𝛽neither𝑖,𝑡 + 𝜖𝑖,𝑡

Results are in Table 8. The left-hand-side variable is the difference between trader 𝑖’s belief
about the price development in a specific round and the mean belief in that round. The key
right hand side variable is the type of the trade. The baseline is buyers, and the two other types,
neither a buyer nor a seller and seller, are shown. In column (II)–(V) we include the lagged bias,
𝑝𝑡− − 𝑓𝑡−; i.e. the difference between the realized price and the fundamental value. We also
include the lagged forecast bias, E𝑖,𝑡−{𝑝𝑡−} − 𝑝𝑡−, i.e, the difference between the expected price
and the realized price.

We include these variables to capture the state of a particular round, as they may have an impact
on the beliefs of traders. We also include a number of fixed effects to capture variations across
sessions, markets and market rounds.20

Our preferred specification in Table 8 is (II). This regression shows that, on average, sellers tend
to have lower mean expectations about the realized price than buyers, by 6.5 points. We include

20For the regressions to be consistent we must assume that there are no systematically variations that are correlated
with the regressors and the left-hand variable that is not included.
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Table 9: Regression analysis of difference in expectations of types.

E𝑖,𝑡{𝑝𝑡} − 𝐸−𝑖,𝑡{𝑝𝑡}

(I) (II) (III) (IV) (V)

neither seller nor buyer . −. −. −. −.
(.) (.) (.) (.) (.)

seller −.∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗
(.) (.) (.) (.) (.)

𝑝𝑡− − 𝑓𝑡− .∗∗∗ .∗∗ .∗∗ .∗∗∗
(.) (.) (.) (.)

E𝑖,𝑡−{𝑝𝑡−} − 𝑝𝑡− .∗∗∗ .∗∗∗ .∗∗∗ .∗∗∗
(.) (.) (.) (.)

Session fe X X X
Market fe X X
Round fe X

Num. obs. 1644 1500 1500 1500 1500
R 0.006 0.335 0.339 0.343 0.356
Adj. R 0.005 0.333 0.336 0.339 0.346
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < .. Robust std. errors.

controls for the lagged bias, which is an observed indicator for the state of the market that all
traders observed. Higher lagged values of both the price bias and the forecast bias both have
positive coefficients. We include the variables to control for the state of the particular market
round to gain a consistent estimate.

The results are not driven by the inclusion of post-crash rounds. Table 9 shows the same
regressions as Table 8, but using only data in up to the crash. As Table 9 shows, the results are
not significantly altered by the exclusion of post-crash data.

In combination, the results presented in this section show that while agreement is increasing
over time, there is still significant heterogeneity among and across traders. On average, buyers
tend to have somewhat higher expectations about the price development compared with sellers
as shown in Table 8. An unusual feature that can be observed in some sessions is that when
buyers expectations fail to adapt quickly to the fundamental value, there is not a crash in the
traditional sense, but a slow fall of bubbles.

6.3. Market volatility and initial expectations

We now turn to the related question of whether higher initial disagreement in forecasts leads to
smaller bubbles, as proposed by Hypothesis 3. The hypothesis states that in a market where
traders agree more, there is an increase likelihood of them “riding the bubble.” If this is the
case, an initial level of agreement in the market would lead to a larger bubble. A potential
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explanation would be that people form wrong expectations about the equilibrium price-path,
disregarding the fundamental value. Alternatively, people could be betting on riding the bubble
and leaving it in time before it bursts.

To investigate Hypothesis 3 we use market-level variables. This allows us to take a broad
approach to problem. However, it also implies fewer degrees of freedom. We use the two bubble
measures introduced in Stöckl et al. (2010) and used in Kirchler et al. (2012). These measures
are the measure for relative absolute deviation (𝑅𝐴𝐷) and relative deviation (𝑅𝐷), also shown
in Table 15. We use these measures as they are insensitive to the choice of parameters, such
as the number of rounds (Stöckl et al., 2010). Due to the differences between markets lengths
across sessions, this is a desirable property for the test.

𝑅𝐴𝐷 and 𝑅𝐷 measures are defined as,

𝑅𝐴𝐷 = 

𝑁

𝑇
∑
𝑡=

|𝑝𝑡 − 𝑓𝑡|
| ̄𝑓𝑡|

𝑅𝐷 = 

𝑁

𝑇
∑
𝑡=

𝑝𝑡 − 𝑓𝑡
̄𝑓𝑡

Both measures compare the realized price 𝑝𝑡 to the fundamental valuef 𝑓𝑡. As it is summed over
all periods, the duration of the bubble and its size lead to a larger value of the measurement.
The sum is divided by the average fundamental value, ̄𝑓𝑡. This scales the numerator to make the
sessions with different durations of markets comparable. 𝑅𝐴𝐷 measures the average level of
mispricing, be it a bubble or a burst. This means that it is able to capture both the undervaluation
(overvaluation) when 𝑝𝑡 is smaller (bigger) than 𝑓𝑡.21 𝑅𝐴𝐷 is similar to the amplitude measure,
as it measures overall deviation. 𝑅𝐷 does not use the absolute value, and, as such, positive and
negative values can offset each other.22

As our explanatory variable we use the concordance index 𝜌𝑐, described in Equation (2). As
the analysis is conducted on a market level, we use the average value over the first 𝜏 periods
̄𝜌𝑐,𝜏 =



𝜏
∑𝜏

𝑡=


𝑁(𝑁−)
∑𝑖,𝑗 𝜌𝑐,𝑖𝑗,𝑡, where 𝑖 and 𝑗 are traders and 𝑁 is the number of participants.23

As shown in the previous section, ̄𝜌𝑐,𝜏 increases with experience. We use fixed effects for the
market and the sessions to control for this.

We specify the following regression,

𝑦𝑠,𝑚 = 𝛽 ̄𝜌𝑐,𝜏 + 𝜆𝑚 + 𝜆𝑠 (3)

where the dependent variable 𝑦𝑠,𝑚 is the bubble size variable (i.e, 𝑅𝐴𝐷 or 𝑅𝐷), and 𝜆𝑚 and 𝜆𝑠
are market and session fixed effects respectively. The results are shown in Table 10 where
we used ̄𝜌𝑐, for sessions C and D (with 12 rounds) and ̄𝜌𝑐, for sessions A, B and E (with 15
rounds). We use different values of 𝜏 to keep a similar fraction of rounds for the measure
𝜌𝑐.

21This captures the undervaluation in initial periods.
22In our sample, all markets except market 2 in session A and market 3 in session D featured positive relative

deviations.
23We also vary 𝜏 as a robustness check.
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Table 10: Results of Regression (3).

𝑅𝐴𝐷 𝑅𝐷

(I) (II) (III) (IV) (V) (VI)

(Intercept) . .
(.) (.)

𝜌𝑐 . . .∗ . .∗ .∗
(.) (.) (.) (.) (.) (.)

Market fe X X X X
Session fe X X

Num. obs. 12 12 12 12 12 12
R (full model) 0.00 0.56 0.96 0.04 0.52 0.89
Adj. R (full model) -0.10 0.40 0.88 -0.06 0.34 0.71
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < .. Robust std. errors.

Even though the results are not statistically strong due to few observations, we find some sup-
port for the fact that more disagreement dampens the size of the bubble. A large ̄𝜌𝑐,𝜏 means a large
overlap of traders’ expectations, and this implies a larger bubble coefficient.

Notice that this is, in principle, counterintuitive. Carlé et al., 2019 find that belief dispersion
increases prices, as pesimist traders can sell at high prices to optimist traders. Note that we are
interested in the belief dispersion in the first periods, in which equilibrium prices are still far
from fundamental. The logic underlying our hypothesis is that agreement leads to a feedback
effect on optimism on a non fundamental price kickstarting the bubble. However, since we
only have one observation per market, we only interpret this as suggestive evidence for the
Minsky hypothesis, in the sense that more stable expectations tend to cause bigger market
crashes.

6.4. Explanatory power of confidence on price formation

We now turn to the Hypothesis 4. We are interested in the predictive power of trader confidence
on future price changes. In other words, we want to examine to what extent the higher moments
of traders’ beliefs can be used to understand and predict price movement in the experimental
market.

We start by using the most complete specification used in Haruvy et al. (2007) to explain
the relationship between the change in price and various variables that may affect it. The
specification used is

𝛥𝑝𝑚,𝑡 = 𝛽 +𝛽(𝑝𝑚,𝑡− −𝑓𝑡−)+𝛽𝛥𝑝𝑚,𝑡− +𝛽𝑁𝑚,𝑡 +𝛽𝛥𝐸𝑚,𝑡 +𝛽(𝑝𝑚,𝑡− −𝐸𝑡−)+𝛽𝜎𝑚
𝑚,𝑡 +𝜖𝑚,𝑡. (4)
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The first term, 𝑝𝑚,𝑡− − 𝑓𝑡− is the lagged bias, and shows the difference between the realized
price and the fundamental value of the asset in the previous period. The second term, 𝛥𝑝𝑚,𝑡−
represents the lagged price difference. The third term, 𝑁𝑚,𝑡 corresponds to the number of
short-term pessimistic traders, as defined by Haruvy et al. (2007). This number is calculated
as the relative number of traders for whom the median forecast in period 𝑡 is lower than the
median of the forecast in period 𝑡 − .

We add three terms that measure further aspects of market confidence using our distributional
information on traders’ beliefs.

First, we use the change of the mean expectation from last period to this, 𝛥𝐸𝑚,𝑡. This measures
the change in the first moment of expectations. Second, we use the lagged difference between
the realized price and the expectation, (𝑝𝑚,𝑡− − 𝐸𝑡−). This works as an error correction term
that measures the mistakes in traders’ expectations in the last period. Finally, we add a measure
of dispersion of beliefs or confidence.

To measure the dispersion of beliefs to the market level we use two measures. At the individual
level we calculate the mean variation of expectations across individuals in market 𝑚, denoted
̄𝜎𝑚,𝑖
𝑡 , and at the market level we calculte the “market confidence” 𝜎𝑚

𝑡 . This is done by combining
the forecasts of all traders before calculating the statistics. This allows us, unlike the literature,
to obtain the intensity of market beliefs. In particular, we create a new forecast probability
mass function containing all forecasts from all traders and calculate the statistics based on this
forecast. We interpret this as “market sentiment”, but could potentially include herd behavior
or tacit coordination of beliefs.

To illustrate, consider a market with two traders, where each trader creates a forecast distribution
consisting of three points. If the first trader makes the prediction {/, /, /}, that is the
trader believe that the price will be either 𝑝, 𝑝 or 𝑝 with 


chance, and the second trader

makes the prediction {/, /, /}, we calculate the statistics on the probability mass function
{/, /, /}. This approach only makes a difference for non-linear statistics, such as the
variance. For most of the variables, this has little impact. Likewise, using the median rather
than the mean in (4) does not alter the results.

Results using Regression (4) and the augmentation factors are shown in Table 11. All regressions
use the change in price 𝛥𝑝𝑡 as dependent variable. From left to right, each column displays
a more complex model, following Haruvy et al. (2007, equation (7)). From an econometric
point of view, the efficiency of the regressor depends on what assumptions are made about the
underlying process and the inter-dependencies of the variables. Results using individual level
confidence, ̄𝜎𝑚,𝑖

𝑡 , are shown in appendix A.4 and support the findings.

The first regression, (I) shows that both the magnitude of the change in the previous round,
𝛥𝑝𝑡−, and the realized necessary correction to the fundamental value, 𝑝𝑡− −𝑓𝑡−, are significant.
While the coefficient on 𝛥𝑝𝑡− becomes insignificant and even changes sign as more variables are
added, the coefficient on 𝑝𝑡− − 𝑓𝑡− remains negative and of approximately the same magnitude
throughout all regressions. This suggests that, as the difference between the equilibrium price
and the fundamental value grows larger, the change in price is dampened. In other words, the
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Table 11: Regression results of (4). Note that the coefficient on the intercept is omitted.

𝛥𝑝𝑡
(I) (II) (III) (IV) (V) (VI) (VII)

𝛥𝑝𝑡− .∗∗∗ . .∗∗∗ −.∗ −.∗ −. −.
(.) (.) (.) (.) (.) (.) (.)

𝑝𝑡− − 𝑓𝑡− −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗
(.) (.) (.) (.) (.) (.) (.)

𝑁𝑡 −.∗∗∗ −.∗∗ −. −.
(.) (.) (.) (.)

𝜎𝑚
𝑡 −.∗ −.∗∗ −. −.∗∗∗ −.∗∗∗

(.) (.) (.) (.) (.)
𝛥𝐸𝑡 .∗∗∗ .∗ .∗∗∗ .∗∗∗

(.) (.) (.) (.)
𝐸𝑡− − 𝑝𝑡− −.∗∗∗ −.∗∗∗

(.) (.)

Session fe X
Market fe X
Round fe X

Num. obs. 138 138 138 138 138 138 138
R 0.29 0.39 0.32 0.38 0.43 0.50 0.61
Adj. R 0.28 0.38 0.30 0.36 0.40 0.47 0.53
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < . Robust std. errors.
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fundamental price does play a role in how the market moves as a whole. For this estimation to be
consistent we have to assume that there are no variables that are left out that are correlated with
both the dependent variable and the included right-hand-side variables.

Column (II) replicates the Haruvy et al. (2007) regressions with economically similar results. It
shows that the number of pessimistic traders is an effective measure to predict the change in
prices, and as such it can be seen as a measure of market confidence.24

In Haruvy et al. (2007) the distribution of beliefs by participants is symmetric and, as such, the
mean and the median coincide. The results shown in Table 11 do not change when we use the
mean of the forecasts rather than the median to define 𝑁𝑡. Nor does it change when we require
both the mean and the median of round 𝑡 to be lower than those of round 𝑡 − . For regression
(II) to be unbiased it is required that there are no omitted systematic factors that are correlated
with both the regressors and the dependent variable.

In regression (III) we add 𝜎𝑚
𝑡 , the standard variance of the market forecast, which is the inverse

of our measure of market confidence. The coefficient is negative and significantly different
from zero across specifications (III)–(VII). The fact that the coefficient is negative suggests that
a larger spread of the forecast distribution leads to less price movement. In other words, as
market confidence about the price is lower, the price movement is dampened. As more controls
are added in regression (VI) and (VII), the effect of market confidence on price movement
increases.

In Regression (IV), (V) and (VI) we include measures of the two first moments of expectations.
Our preferred specification is (VI).25 Regression (V) also includes the 𝑁𝑡 measure of pessimistic
traders defined by Haruvy et al. (2007). Note that the inclusion of 𝑁𝑡 in regression (V) leads
to an insignificant coefficient on 𝜎𝑡. However, once we include additional market sentiment
measures, namely the forecast bias 𝐸𝑡− − 𝑝𝑡−, and the change in the mean expectations 𝛥𝐸𝑡−,
the coefficient on 𝜎𝑚

𝑡 is significant again, as shown in regression (VI).

These regressions essentially test Hypothesis 4, as we include information on market confi-
dence.

Our hypothesis states that information is indicative of price movements. Notice that this
is a statement at market-level and not about the cognitive process underlying the traders’
decisions. Moreover, our specification shows how an analyst can obtain information from
market observables about asset price movements.

The simplest form of testing this is through regression (IV), where we include the change in the
mean expectation as well as the dispersion of beliefs 𝜎𝑡. As the regression shows, the inclusion
of these two variables is highly significant in explaining the change in the price level, and more
so than 𝛥𝑝𝑡−.

24Unlike Haruvy et al. (2007) the measure used here is divided by the number of participants to normalize it, which
explains why the coefficient estimate is larger than the one obtained by Haruvy et al. (2007).

25We use a robust estimation of the variance-covariance matrix to allow for heteroskedasticity as there may be
differences in the variance-covariance structure between sessions and markets.
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Regression (VI) includes an additional variable, forecast bias 𝐸𝑡− − 𝑝𝑡−. The coefficient on this
variable captures the reaction when expectations are not aligned with realized prices. Likewise,
the change in the first moment of the expectation, 𝛥𝐸𝑡, follows the same sign as the change
in price, indicating that traders are usually capable of predicting the direction of the price
movement. Importantly, we find that once we control for the market sentiment variables, the
number of pessimistic traders is no longer statistically significant.

For regressions (IV), (V) and (VI) to be consistent and efficient it has to be (a) that market
confidencematters for realized prices and (b) themarket confidencemeasure adequately captures
individual-level heterogeneity.

In the final regression, (VII) we add a number of fixed effects to control for the particular
session, market or the number of rounds. Adding the fixed effect does not alter the results
significantly.

Note that if we let 𝛽 = 𝛽 = 𝛽 =  as in regression (II) we have a similar regression to the
one used by Haruvy et al. (2007). Under Hypothesis 4 we should get 𝛽 ≠  ∧ 𝛽 ≠  ∧ 𝛽 ≠ .
In other words, there is additional explanatory power beyond the other variables displayed
in (4). As can be seen from regressions (VI) and (VII), we can clearly reject that 𝛽 = 𝛽 =
𝛽 = . The only case where the coefficient on 𝜎𝑡 is not significant is in regression (V), but the
sign and the magnitude remains in line with the other regressions, where the coefficient is
significant.

As a robustness check we perform the same analysis using only data from before the crash
and run the same regressions. This is done to rule out that the results are only driven by data
observed after crashes. The results are shown in Table 12. The results are similar to those found
for the full data-set in Table 11.

Overall the results in this section support Hypothesis 4. Table 11 shows that trader confidence
has a strong predictive power on future price movements. When market confidence is high,
prices tend to increase above the fundamental value.
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Table 12: Regression results of (4), using only observations from before a crash.

𝛥𝑝𝑡
(I) (II) (III) (IV) (V) (VI) (VII)

𝛥𝑝𝑡− .∗∗∗ −. .∗∗∗ −. −. −. −.
(.) (.) (.) (.) (.) (.) (.)

𝑝𝑡− − 𝑓𝑡− −.∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗ −.
(.) (.) (.) (.) (.) (.) (.)

𝑁𝑡 −.∗∗∗ −.∗∗∗ −. −.
(.) (.) (.) (.)

𝜎𝑚
𝑡 −.∗∗ −.∗∗∗ −.∗ −.∗∗∗ −.∗∗∗

(.) (.) (.) (.) (.)
𝛥𝐸𝑡 .∗∗ . .∗∗∗ .∗∗∗

(.) (.) (.) (.)
𝐸𝑡− − 𝑝𝑡− −.∗∗∗ −.∗∗∗

(.) (.)

Session fe X
Market fe X
Round fe X

Num. obs. 105 105 105 105 105 105 105
R 0.22 0.38 0.29 0.35 0.42 0.54 0.61
Adj. R 0.21 0.36 0.27 0.32 0.39 0.51 0.50
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < . Robust std. errors.
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7. Conclusion

Using an experimental asset market it is possible to shed light on the role of expectations in
driving prices. We investigate the role of the dispersion of beliefs among traders in creating and
amplifying asset bubbles. We embed a way of eliciting beliefs in the workhorse of experimental
asset markets, Smith et al. (1988). The design allows us to avoid the problem of hedging and to
capture arbitrary distributions of beliefs.

We find that traders’ beliefs become less variable when their predictions are accurate, even if
the price is above the fundamental value. Moreover, traders’ expectations tend to converge as
they become more experienced.

We find some support for the hypothesis that more agreement among traders at the beginning of
the market causes larger bubbles. Results are not strong due to the low number of observations,
and we believe this should nurture further research on the Financial Instability Hypothesis
(Minsky, 1992). When traders’ expectations are more scattered, the information is aggregated
in the market in a way that dampens optimism. When expectations are more concentrated,
market optimism seems to create larger bubbles.

Finally, market confidence has predictive power over price fluctuations, beyond the mean
expectation of the market. This has potential policy implications for the monitoring of financial
markets that should be further explored.
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A. Furhter results

A.1. Descriptive Statistics

Table 13: Realized price in each round per market and per session. 𝑓𝑡 denotes the fundamental
value for period 𝑡. Note that we have shifted down sessions with 12 rounds, as the
fundamental value depends on the remaining number of rounds.

Market 1 Market 2 Market 3

𝑡 𝑓𝑡 A B C D E A B C D E C D

1 180 80 100 60 80 120 100
2 168 95 110 100 180 150 140
3 156 100 120 112 170 190 160
4 144 120 140 80 140 119 155 209 109 134 180 118 130
5 132 125 160 90 130 133 150 224 109 129 200 129 126

6 120 130 179 100 135 140 130 212 110 124 210 141 120
7 108 150 195 105 124 150 110 63 112 120 219 150 110
8 96 170 210 100 114 163 140 65 114 115 218 160 100
9 84 190 225 89 110 170 90 85 116 108 189 169 85
10 72 215 235 85 109 175 50 100 119 100 155 71 70

11 60 160 125 80 70 175 60 90 124 79 85 20 57
12 48 100 90 79 80 140 45 55 125 60 60 50 46
13 36 60 60 80 86 99 35 19 120 42 50 44 40
14 24 20 25 79 85 29 20 8 87 23 69 10 30
15 12 10 25 69 10 14 1 1 1 24 12 6 15
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Table 14: Realized trade per round, per market, and per session.

Market 1 Market 2 Market 3

𝑡 A B C D E A B C D E C D

1 4 2 5 2 1 5
2 5 3 4 1 4 4
3 1 3 6 2 4 3
4 2 5 5 5 2 2 4 5 5 3 4 6
5 8 3 6 3 4 3 7 4 2 6 2 4

6 5 4 6 3 6 2 3 2 5 5 4 4
7 2 5 3 4 9 2 2 2 2 3 3 2
8 1 4 7 4 4 2 8 3 3 2 4 2
9 4 3 3 8 6 1 1 4 6 4 1 4
10 3 2 3 5 4 1 7 3 5 3 0 3

11 2 3 6 4 6 2 1 2 2 2 7 3
12 2 4 4 5 2 4 2 6 3 9 4 2
13 8 5 3 2 4 5 5 2 5 5 3 3
14 2 3 4 1 1 2 4 0 4 1 1 7
15 8 13 4 5 12 6 5 1 1 5 0 4

Table 15: Summary statistics describing each market.

1 2 3

All A B C D E A B C D E C D

Peak price 170.9 215.0 235.0 105.0 140.0 175.0 180.0 224.0 125.0 134.0 219.0 169.0 130.0
Peak period 5.6 10.0 10.0 4.0 1.0 11.0 2.0 5.0 9.0 1.0 7.0 6.0 1.0
Total trade 50.5 57.0 62.0 54.0 49.0 75.0 37.0 58.0 34.0 43.0 60.0 33.0 44.0
Turnover 1.9 2.1 2.3 2.0 1.8 2.8 1.4 2.1 1.3 1.6 2.2 1.2 1.6
Amplitude 2.3 2.5 2.7 5.2 2.7 2.6 1.4 1.7 3.5 1.1 2.3 1.7 0.3
Normalized deviation 65.2 92.8 114.0 59.5 36.0 149.6 20.3 82.6 51.4 20.8 111.4 36.6 7.7
Boom duration 7.8 8.0 11.0 8.0 9.0 11.0 8.0 4.0 8.0 8.0 12.0 4.0 3.0
Upward trend 4.7 9.0 9.0 3.0 2.0 9.0 1.0 4.0 7.0 1.0 6.0 5.0 0.0
Relative abs. deviation 0.4 0.6 0.6 0.4 0.3 0.6 0.2 0.4 0.5 0.2 0.6 0.3 0.1
Relative deviation 0.2 0.2 0.4 0.1 0.3 0.2 -0.0 0.1 0.3 0.1 0.4 0.1 -0.0
Avg. abs. forecast bias 2.7 2.8 2.9 2.2 2.6 2.7 3.3 3.2 2.0 2.4 2.1 3.5 2.3
Avg. forecast bias 1.6 2.0 1.5 2.1 2.4 2.6 0.7 1.4 0.8 2.4 0.2 1.4 2.3
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A.1.1. Rationality of Participants.

A simple check to verify that the participants understood the game and acted rationally is
to analyze whether forecasts are in line with their bids and asks. For instance, if a trader
expects prices to be between 100 and 140, he should not offer to buy shares at a price above
140. Figure 9 shows the density of the difference between the maximum forecast and the bid
on the left, and the difference between the ask and the minimum forecast on the right, over
all rounds 𝜏 and all traders 𝑖. If traders are rational, they should not bid at a price above their
expectations.26

𝐹(𝑥 < ) = .
𝑁 = 

𝐹(𝑥 < ) = .
𝑁 = 

buy: 𝑚𝑎𝑥(𝑠𝜏 𝑖) − 𝑝𝑏𝜏𝑖 sell: 𝑝𝑠𝜏 𝑖 − 𝑚𝑖𝑛(𝑠𝜏 𝑖)

-200 -100 0 100 200 -200 -100 0 100 200
0%

5%

10%

15%

20%

Figure 9: The distributions of difference between bids 𝑝𝑏𝜏 and asks 𝑝𝑠𝜏 and forecasts 𝑠𝑖𝜏 across
all traders 𝑖 and periods 𝜏.

If all traders acted rationally, there should be no support for negative values in the distribution of
max(𝑠𝜏 𝑖)−𝑝𝑏𝜏𝑖 shown in Figure 9. As the graph shows, most of the support is on positive numbers,
suggesting that traders mostly understand the tasks. Only 2.4% of the bids are incompatible
with the forecasts, in the sense that people are willing to buy at higher prices than what they
expect. The graph also shows that 9.7% of the asks are lower than the minimum price the trader
expects. This is, however, less of a concern, as the ask price only reflects the lowest price they
are willing to accept.

A.2. Additional densities for expectation data

26We cannot make an equally strong statement for asks, as the optimal ask strategy depends on trader 𝑖’s expectations
about all other traders’ beliefs.
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Figure 10: Densities for expectations data moments. For each individual forecast distribution,
we calculate the relevant moment. The shown densities are the distribution of
those moments across individuals. The first panel shows the difference between the
the mean expected value and the fundamental value; the second panel shows the
difference between the mean expected value and the realized price in the previous
period; the remaing panels are higher order moments.

41



-50 0 50 100 150 200-50 0 50 100 150 200
0.00

0.01

0.02

0.03
𝐸𝑖𝑡𝑝𝑡 − 𝑓𝑡A

-50 -25 0 25 50 -50 -25 0 25 50
0.00
0.01
0.02
0.03
0.04

𝐸𝑖𝑡𝑝𝑡 − 𝑝∗𝑡−B

0 5 10 15 20 25 0 5 10 15 20 25
0.00
0.04
0.08
0.12
0.16

Standard deviationC

-0.4 0.0 0.4 -0.4 0.0 0.4
0

5

10

SkewnessD

1 2 3 4 1 2 3 4
0.0
0.5
1.0
1.5
2.0

KurtosisE

all buyer seller

Periods 𝑡 ≥ 𝜏Periods 𝑡 ∈ [𝜏 − ; 𝜏 ); 𝜏 is crash round

Figure 11: Expectation densities three periods before, but no including, round of crash and after
crash.
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A.3. Increased agreement with the Bhattacharyya coefficient

As a further robustness check of Hypothesis 2 we measure the degree of divergence of traders’
belief distributions using the Bhattacharyya coefficient (Bhattacharyya, 1943). For discrete
random variables it is defined as

𝐵𝐶(𝑞, 𝑞) =
𝑁
∑
𝑖=

√𝑞,𝑖𝑞,𝑖,

where 𝑞 and 𝑞 are price forecast distributions for two different traders. Here, 𝑞,𝑗 ∈ 𝑞 is the
probability that the realized price falls in price bracket 𝑗 in accordance with the forecast of the
first trader. Note that if the two probability distributions assign equal mass to all brackets then
𝐵𝐶(𝑝, 𝑞) = ∑𝐾

𝑖= √𝑞,𝑖𝑞,𝑖 = ∑𝑛
𝑖= √𝑞


,𝑖 = . Likewise, if the two distributions are completely

disjoint such that there exists no 𝑗 such that 𝑞,𝑗 >  and 𝑞,𝑗 >  then 𝐵𝐶(𝑝, 𝑞) = . As such,
 ≤ 𝐵𝐶(𝑞, 𝑞 ≤  and a higher 𝐵𝐶 value suggests less divergence between the two distributions,
𝑞 and 𝑞. Unlike Lin’s concordance index, the Bhattacharyya coefficient does take into account
the moments of a distribution.

To test whether beliefs converge over timewe calculate the 𝐵𝐶 coefficient for all pairs of traders in
each round of the experiment. Thus, we have 132 BC coefficients per round.

Table 16: Average overlap of distributions as measured by 𝐵𝐶. Plain numbers denote the median
while numbers in parentheses denote the standard deviation. The superscripted stars
denote the significance of the 𝑝-value of the Wilcoxon Signed Rank Sum Test between
the observations from period 𝑗 in markets 𝑖 and 𝑖 − .

𝑡   

1 . (.) .∗∗∗ (.)
2 . (.) .∗∗∗ (.)
3 . (.) .∗∗ (.)
4 . (.) .∗∗ (.) . (.)
5 . (.) .∗∗∗ (.) .∗∗∗ (.)
6 . (.) .∗∗∗ (.) .∗∗ (.)
7 . (.) .∗∗∗ (.) . (.)
8 . (.) . (.) . (.)
9 . (.) . (.) . (.)
10 . (.) . (.) . (.)
11 . (.) . (.) . (.)
12 . (.) .∗∗∗ (.) . (.)
13 . (.) .∗∗∗ (.) .∗∗ (.)
14 . (.) .∗∗∗ (.) . (.)
15 . (.) . (.) . (.)

All . (.) .∗∗∗ (.) . (.)
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < .
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As a first test to address Hypothesis 2, we check whether the observed overlap of forecasts is
similar. We perform theWilcoxon Signed Rank Sum Test with a one-sided alternative hypothesis.
Specifically, for market 𝑚 = ,  we compare the difference 𝐵𝐶𝑚

𝑖𝑗 − 𝐵𝐶𝑚+
𝑖𝑗 for traders 𝑖 and 𝑗 and

test that there is no difference in the median under the null. We use a non-parametric test over
a 𝑡-test, as the distributions of differences between values of market 1 and market 2 have fat tails
and are spread over the domain [−, ]. Note that for the comparison between market 2 and 3
we are only using data from the sessions with 12 rounds per market.

In the last row of Table 16, denoted All, we show the median overlap in market 1, 2 and 3 using
data from all sessions. The numbers in the parentheses are the standard deviation and the stars
denote the 𝑝-value of the Wilcoxon Signed Rank Sum Test. As can be seen, the median level of
overlap in forecasts is increasing over the markets. The most relevant comparison is between
market 1 and market 2, as they both use the full sample of data. As the table show, the median
overlap over all sessions increases by approximately . between the two markets. The exact
𝑝-value of the test is less than ., and, as such, we strongly reject the null that the median is
the same.

The upper part of Table 16 compares median overlaps of predictions across rounds and sessions.
The main difference across markets is the starting level of overlap of beliefs, which is increasing
across markets. In the sample, the median overlap of expectations in the first round is 0.158 in the
first market, 0.450 in the second market and 0.667 in the third market.

Table 17: Regression analysis on overlap of expectations.

𝐵𝐶𝑐,𝑖𝑗 − ̄𝐵𝐶𝑐,𝑖𝑗

(I) (II) (III) (IV) (V)

Market 2 .∗ . . . .
(.) (.) (.) (.) (.)

Market 3 .∗ .∗ . . .
(.) (.) (.) (.) (.)

𝑝𝑡− − 𝑓𝑡− −. −. . .
(.) (.) (.) (.)

Session fe X X X
Round fe X X
Participant fe X

Num. obs. 10692 9900 9900 9900 9900
R 0.014 0.011 0.025 0.034 0.289
Adj. R 0.014 0.010 0.024 0.032 0.284
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < .. Std. errors clustered on IDs and sessions.

Table 17 shows a regression analysis of the data. The dependent variable is 𝐵𝐶𝑖𝑗 and we
control the regressions with a number of fixed effects. As the table shows, the overlap measure
increases by . from market 1 to 2, and approximately the same from market 2 to 3, although
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the significance of the latter is decreasing. Note that in column (iv) we control for participant,
session and round.

A.4. Additional robustness checks for Hypothesis 4

The following regression uses ̄𝜎𝑚,𝑖
𝑡 for Hypothesis 4.

Table 18: Regression results of (4) using ̄𝜎𝑚,𝑖
𝑡 , instead of 𝜎𝑚

𝑚,𝑡.

𝛥𝑝𝑡
(I) (II) (III) (IV) (V)

𝛥𝑝𝑡− .∗∗∗ −. −. −. −.
(.) (.) (.) (.) (.)

𝑝𝑡− − 𝑓𝑡− −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗
(.) (.) (.) (.) (.)

̄𝜎𝑖(𝑚),𝑡 −.∗ −. −.∗ −.∗ −.∗∗
(.) (.) (.) (.) (.)

𝛥𝐸𝑡 .∗∗ . .∗∗ .∗∗
(.) (.) (.) (.)

𝑁𝑡 −.∗∗∗ −.∗∗∗ −.
(.) (.) (.)

𝐸𝑡− − 𝑝𝑡− −.∗∗ −.∗∗
(.) (.)

Session fe X
Market fe X
Round fe X

Num. obs. 138 138 138 138 138
R 0.31 0.35 0.43 0.47 0.58
Adj. R 0.30 0.33 0.41 0.44 0.49
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < . Robust std. errors.

45



Table 19: Regression results of (4) using ̄𝜎𝑚,𝑖
𝑡 instead of 𝜎𝑚

𝑚,𝑡, and using only observations from
before a crash.

𝛥𝑝𝑡
(I) (II) (III) (IV) (V)

𝛥𝑝𝑡− .∗∗∗ . −. . −.
(.) (.) (.) (.) (.)

𝑝𝑡− − 𝑓𝑡− −.∗∗∗ −.∗∗∗ −.∗∗∗ −.∗∗∗ −.
(.) (.) (.) (.) (.)

̄𝜎𝑖(𝑚),𝑡 −.∗∗ −.∗ −.∗ −.∗∗ −.∗∗
(.) (.) (.) (.) (.)

𝛥𝐸𝑡 . . . .∗
(.) (.) (.) (.)

𝑁𝑡 −.∗∗∗ −.∗∗∗ −.∗
(.) (.) (.)

𝐸𝑡− − 𝑝𝑡− −.∗∗ −.∗
(.) (.)

Session fe X
Market fe X
Round fe X

Num. obs. 105 105 105 105 105
R 0.28 0.29 0.42 0.46 0.59
Adj. R 0.26 0.27 0.39 0.43 0.46
∗∗∗𝑝 < ., ∗∗𝑝 < ., ∗𝑝 < . Robust std. errors.
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B. Instructions for experiment27

B.1. General Instructions

This is an experiment in the economics Of market decision-making. The instructions are simple
and if you follow them carefully andmake good decisions, youmight earn a considerable amount
of money, which will be paid to you in cash at the end of the experiment. The experiment will
consist of two sequences of 15 trading periods in which you will have the opportunity to buy
and sell in a market. The currency used in the market is “points”. All trading will be in terms of
points. The cash payment to you at the end of the experiment will be in euros. The conversion
rate is 85 points to 1 dollar.

B.2. How to use the computerized market

B.2.1. General Instructions for asset trading

In each period, you will see a computer screen like the one shown below.

Period: 1 of 15Market: 1 of 2

Submit Order

Cash: 112 points Shares: 3

Rules for making stock purchases

If you want to make a buy or a sell order press the appropriate button.

The price you enter must be larger than 0. If you do not want to buy or sell shares, leave them empty and proceed.

Next

 Make Buy Order
Maximum number of shares:

For at most per share:



points

 Make Sell Order
Maximum number of shares:

For at least per share:



points

You can use the interface to buy and sell Shares. At the top of your computer screen, in top left
corner, you can see the Money and Shares you have available.

27These instructions are those from Haruvy et al. (2007), with an added section explaining the novel forecast tool,
and a different mechanism to deliver the payment.
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At the beginning of each trading period, if you wish to purchase shares you can send in a buy
order. Your buy order indicates the number of shares you would like to buy and the highest
price that you are willing to pay. Similarly, if you wish to sell shares, you can send in a sell
order. Your sell order indicates the number of shares you are offering to sell and the lowest
price that you are willing to accept. The price at which you offer to buy must be less than the
price at which you offer to sell. The price you specify in your order is a per-unit price, at which
you are offering to buy or sell each share. In each period you can, if you wish, do simultaneously
a buy and a sell order at different prices.

The computer program will organize the buy and sell orders and uses them to determine the
trading price at which units are bought and sold. All transactions in a given period will occur
at the same trading price. This will generally be a price where the number of shares with sell
order prices at or below this clearing price is equal to the number of shares with buy order
prices at or above this clearing price. The people who submit buy orders at prices above the
trading price make purchases, and those who submit sell orders at prices below the trading
price make sales.

Example of how themarketworks: Suppose there are four traders in themarket and:

– Trader 1 submits an offer to buy at 60

– Trader 2 submits an offer to buy at 20

– Trader 3 submits an offer to sell at 10

– Trader 4 submits an offer to sell at 40

At any price above 40, there are more units offered for sale than for purchase. At any price
below 20 there are more units offered for purchase than for sale. At any price between 21
and 39 there is an equal number of units offered for purchase and for sale. The trading price
is the lowest price at which there is an equal number of units offered for purchase and for
sale. In this example that price is 21. Trader 1 makes a purchase from trader 3 at a price of
21.

B.2.2. Specific Instructions for this Experiment

The experiment will consist of two independent sequences of 15 trading periods. In each period,
there will be a market open, operating under the rules described above, in which you are
permitted to buy and sell shares.

Shares have a life of 15 periods. Your shares carry over from one trading period to the next. For
example, if you have 5 shares at the end of period 1, you will have 5 shares at the beginning of
period 2.

You receive dividends for each share in your inventory at the end of each of the 15 trading
periods. At the end of each trading period, including period 15, each share you hold will pay
you a dividend of 0, 4, 14, or 30, each with equal chance. This means that the average dividend
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for each share in each period is 12. The dividend is added to your money balance automatically
after each period. After the dividend is paid at the end of period 15, the market ends and there
are no further earnings possible from shares in the current market.

A new 15-period market will then begin, in which you can trade shares of a new asset for 15
periods. The amount of shares and money that you have at the beginning of the new market
will be the same as at the beginning of the first 15 period market. There will be two 15 period
markets making up the experiment.

B.2.3. Making Predictions

In addition to the money you earn from dividends and trading, you can make money by
accurately forecasting the trading prices of all future periods. You will indicate your forecasts
using the prediction tool shown below.
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Predictions are produced in the following way. The range of prices is divided in intervals
of 10, except for the last one that is valid for all prices greater than 390. You have 20 to-
kens, that you can put in the different prices that you believe will be next period’s realized
price.

In the bottom part of the prediction tool, you can find several pre-set distributions which you
can use to speed up the process. You can, also, drag the distributions with the mouse or add
and remove tokens by clicking. You will not be allowed to move forward until you assign
all your tokens. Once you have assigned all of them, you will click in “Finalize” and then in
“Next”.

In the upper part of the screen you can seemarket prices for the previous periods.
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The money you receive from your forecasts will depend on how many tokens you allocate on
the effective price and how dispersed are your tokens. The more tokens you put in a price, the
greater the payment. The more dispersed your tokens are, the lower the payment. The number
of points that you will receive if the market price falls in a given interval is shown on the upper
part of the tool after clicking “Finalize”.

B.2.4. Your Payment

Within each market you receive points by predictions and by transactions. The earnings by
transactions is the number of points that you accumulated at the end of period 15, after the last
dividend is paid. The earnings for predictions are the sum of the points that you obtained in
each period of the market.

At the end of each 15-period market, it will be randomly chosen if you are paid by your earnings
in predictions or in transactions, so you need to put effort in both tasks.

Therefore, your payment in a 15 periodmarketwill be one of the following options,

1. If you are chosen to be paid by transactions,

The money you have at the beginning of period 1
+ the dividends you receive
+ the money received from sales of shares
− the money spent on purchases of shares
Converted to euros at 85 points per euro,

or
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2. If you are chosen to be paid for your forecasts,

The sum of the earnings from all forecasts for the 15 periods in a market, transformed
into cash at the end of each market at 85 points per euro.

C. Questionnaire

C.1. Before Session

C.1.1. Understanding questions

Prediction Tool

Please, make predictions using the tool. You have to allocate the tokens to the values that you
think will be the values tomorrow. For example, if you think that the price tomorrow is going
to be 5, 10 or 50, you have to put tokens on those values. Do not forget to click “Finalize” after
you are done!

1. Put 25% of tokens on the price 96, 10% on price 106, 50% on price 198, and 15% on price 210.

This means that you think the price 198 is the most likely result that happens with a 50%
probability, the second price you think is more likely to happen is 96 which happens with 25%
probability and so on.

1. Now use the mouse to drag the distributions towards the sides, so that there are no tokens
on prices 96, 106, 198 and 210.

Asset Trading

You have been assigned some shares. In this context, a share is a piece of paper that pays a
return in each of the remaining periods, with a life of 15 periods. The share pays returns of {0, 4,
14, 30} with equal probability. Therefore, the return can be 14 in period 1, 0 in period 2, etc. The
shares are worth 0 after finishing the last period.

1. What is the average dividend payment on the share in period 3?
Answer: 12 francs

2. What is the average total dividend that you will receive if you hold the share from period
3 through to the end of the market round (i.e. the end of period 15)?
Answer: 156 francs

3. What is the maximum possible dividend that you can receive if you hold the share from
period 3 through to the end of the market round?
Answer: 390 francs
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4. What is the minimum possible dividend that you can receive if you hold the share from
period 3 through to the end of the market round?
Answer: 0 francs

Prediction Tool II

1. How many francs would you win if the price is 155?
Answer: 15

2. How many francs would you win if the price is 180?

Answer: 8

Cognitive Reflection Test

Payment randomly for a selected question at the end

(1) A bat and a ball cost $1.10 in total. The bat costs $1.00 more than the ball. How much does
the ball cost? _____ cents

Answer: 0.5

(2) If it takes 5 machines 5 minutes to make 5 widgets, how long would it take 100 machines to
make 100 widgets? _____ minutes

Answer: 5

(3) In a lake, there is a patch of lily pads. Every day, the patch doubles in size. If it takes 48 days
for the patch to cover the entire lake, how long would it take for the patch to cover half of the

52



lake? _____ day

Answer: 47

C.2. After Session

C.2.1. Risk Aversion Lotteries

Which bet would you take?

a) 1/10 of $2.00 9/10 of $1.60 or 1/10 of $3.85, 9/10 of $0.10

b) 2/10 of $2.00, 8/10 of $1.60 or 2/10 of $3.85, 8/10 of $0.10

c) 3/10 of $2.00, 7/10 of $1.60 or 3/10 of $3.85, 7/10 of $0.10

d) 4/10 of $2.00, 6/10 of $1.60 or 4/10 of $3.85, 6/10 of $0.10

e) 5/10 of $2.00, 5/10 of $1.60 or 5/10 of $3.85, 5/10 of $0.10

f) 6/10 of $2.00, 4/10 of $1.60 or 6/10 of $3.85, 4/10 of $0.10

g) 7/10 of $2.00, 3/10 of $1.60 or 7/10 of $3.85, 3/10 of $0.10

h) 8/10 of $2.00, 2/10 of $1.60 or 8/10 of $3.85, 2/10 of $0.10

i) 9/10 of $2.00, 1/10 of $1.60 or 9/10 of $3.85, 1/10 of $0.10

j) 10/10 of $2.00, 0/10 of $1.60 or 10/10 of $3.85, 0/10 of $0.10

C.2.2. ExitQuestionnaire

1. What is your gender?

[Female, Male]

2. What is your age in years?

[Age]

3. Your nationality?

[Open text]

4. What is your employment status?

[Full-time, Part-time, None]

5. If you are a student, what is your major?

[Open Text]
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6. What is the level of the highest degree you are currently studying?

[Bachelor, Master, Doctor/PhD, Other]

17. Did you ever make a mistake in entering a price, or clicked a wrong button? If so, please
tell us exactly what went wrong and in what period:

[Open text]

18. Did you find the instructions in the market experiment clear and understandable? What if
anything could be improved?

[Open Text]
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