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This thesis presents laboratory experiments to examine various aspects of 
bubble formation in asset markets. The experimental approach provides a 
controlled environment that allows for studying the interaction between 
individual expectations, group behavior and market outcomes. The 
experiments investigate the impact of group size in experimental asset 
markets, the efficacy of monetary policy aimed at deflating asset price 
bubbles, and the influence of past experiences with bubbles on future 
market dynamics. The goal of the thesis is to gain insight into how 
expectations are formed and when these expectations lead to the 
stabilization or destabilization of asset markets, and to explore if policy 
interventions can improve individual and aggregate behavior.
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Chapter 1

Introduction

When you expect that tomorrow will be a sunny day, then your belief has no influence

on the probability that you will need your sunglasses. But when you and many other

investors expect the stock price of the sunglasses company to rise, then these beliefs do

affect the price of this stock. Because of this feedback mechanism, expectations play

an important role in economics in general and in asset markets in particular. Asset

markets exhibit positive expectations feedback: if many traders expect the price of an

asset to increase, then the demand for this asset will rise, which causes an increase in

the price. In turn, this price increase affects expectations of future prices.

If traders extrapolate an upward trend and continue to expect rising prices, the

positive feedback can give rise to an asset price bubble. This means that the mar-

ket price becomes substantially higher than the fundamental value of the asset. But

these high prices cannot be sustained forever, and the bubble will burst at some point.

Bubbles and crashes can be damaging for investors, companies and their employees,

and even the economy as a whole. There have been a number of major asset price

bubbles in the past decades, including the technology stock bubble in 1997–2000 and

the US housing bubble in 2003–2007. Both contributed to the global economic down-

turns that followed, the latter being so severe that it was named the Great Recession.

More recently, cryptocurrencies have exhibited bubble-and-crash patterns, but these

fluctuations did not have direct macroeconomic consequences.

Understanding individual expectations and their interaction with asset prices is a

crucial step towards mitigating the potentially harmful effects of bubbles. While empir-

ical and theoretical studies provide valuable insights, this thesis uses a complementary

approach: economic laboratory experiments. The key advantage of experimental stu-

dies is the controlled environment. The experimenter controls the economic fundamen-

tals and all available information for participants. This makes it possible to measure
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CHAPTER 1. INTRODUCTION

how a certain factor affects behavior and outcomes, by changing only this factor and

keeping everything else constant. Experiments can be used to test and improve theo-

ries, to search for empirical regularities not predicted by theories, and to try out policy

interventions.

Controlled laboratory experiments have become an increasingly popular tool to

investigate topics in macroeconomics and finance. Although the real-world situations

are generally complex and involve a large number of interacting agents, simplified

small-scale lab experiments can shed light on questions that are difficult to answer

with theory and empirics only. In particular, the adoption of micro-founded models

in macroeconomics have made it possible to test assumptions on individual behavior

using experiments. For example, experimental data can give insight into whether

the rational expectations hypothesis is a reasonable assumption, and if not, which

models would provide a better description of expectation formation. Recent surveys

summarize the literature on experiments in macroeconomics and finance: Duffy (2016)

provides a general review, Arifovic and Duffy (2018) discuss the experimental evidence

for heterogeneous agent models, and Mauersberger and Nagel (2018) link several types

of experiments to a generalized version of the Keynesian beauty contest game.

In market settings, the interaction between individual behavior, group behavior

and aggregate outcomes is of particular interest. Learning-to-forecast experiments are

especially useful to study individual expectations and market dynamics in expectations

feedback systems. This type of experiment is pioneered by Marimon et al. (1993)

and Marimon and Sunder (1993, 1994), and first applied to an asset market setting

by Hommes et al. (2005a, 2008). Participants in an asset market learning-to-forecast

experiment repeatedly predict the price of an asset, which in turn depends positively on

the average price forecast of all traders in the market. The design separates expectation

formation from trading decisions and thus provides clean data on expectations. Bubbles

occur in this setting when traders coordinate on extrapolating trends, just as in real-

world asset markets.

This thesis consists of three learning-to-forecast experiments that are used to ex-

amine various aspects of bubble formation in asset markets.1 The goal is to gain

insight into how expectations are formed and when these expectations lead to the

(de)stabilization of markets, and to explore if policy interventions can improve indi-

vidual behavior and market outcomes.

1Chapter 2 is based on joint work with Te Bao, Cars Hommes and Domenico Massaro. Chapter
3 is based on joint work with Cars Hommes. For the experiments in Chapter 3 and 4, we gratefully
acknowledge financial support of the EU Horizon 2020 grant of the IBSEN project (“Bridging the
gap: from Individual Behavior to the Socio-Technical Man”, grant number 662725).
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Chapter 2 addresses the issue of group size in asset market experiments. Bubbles

often occur in experiments with small groups, but do these results generalize to larger

groups? We empirically answer this question by increasing the group size from 6 to

21–32 participants. This group size reduces the influence of an individual subject on

the market price, but still fits in an experimental lab. We find that individual forecast

errors do not cancel out at the aggregate level. Instead, subjects coordinate on a trend-

following prediction strategy that gives rise to large bubbles in six out of seven markets.

The observed price patterns can be captured by a behavioral heuristics switching model

with heterogeneous expectations. The results of our large-group experiment are largely

comparable to the results of related small-group experiments. Coordination on bubbles

is thus robust to an increase in the market size.

In Chapter 3, we study the effect of a “leaning against the wind” monetary policy

on asset price bubbles. Our experimental approach does not rely on assumptions about

expectation formation and therefore complements theoretical studies. The success of

the Taylor-type interest rate rule depends crucially on the way in which expectations

are formed. The results indicate that a strong interest rate response is able to prevent

or deflate large asset price bubbles, while a weak response is not. Giving information

about the interest rate changes and communicating the goal of the policy improves

coordination of expectations and has a stabilizing effect. However, when the steady

state fundamental price is unknown to the policymaker and the interest rate rule is

based on a proxy instead, the policy is less effective. Yet, the experimental results

suggest that there is a potential role for monetary policy in managing expectations

that drive bubbles.

Chapter 4 demonstrates that past experiences with price patterns in asset markets

have a large impact on expectations and thereby affect the (de)stabilization of asset

prices in the future. The experimental design provides control over experiences. Sub-

jects first experience either a stable or a bubbly asset market, before entering into a

same- or mixed-experience market. In markets where all subjects experienced stability,

convergence to the fundamental price is faster. Bubble formation is faster in markets

where all subjects experienced bubbles. In mixed-experience markets, dynamics can

go both ways: prices either stabilize or destabilize. The results show that experiencing

bubbles leads to expecting more bubbles and can therefore work destabilizing, which

contrasts with other experimental studies reporting that experience eliminates bubbles

in a more simple market setting.

The chapters of this thesis can be read independently, each providing an individ-

ual introduction, experimental study and conclusion. Finally, Chapter 5 provides a

summary of the thesis.

3





Chapter 2

Coordination on bubbles in

large-group asset pricing

experiments

2.1 Introduction

Expectations are a crucial part of many economic systems. Asset markets are an

example of positive feedback systems: when many traders expect the price of an asset to

rise, the demand for the asset will increase, leading to a higher market price. This price

rise in turn affects expectations. If traders extrapolate a trend in the asset price, the

positive feedback can give rise to a bubble, which occurs when the market price becomes

significantly higher than the fundamental value of the asset. Such expectations-driven

bubbles were observed in several asset pricing experiments (e.g. Hommes et al. (2005a,

2008)).

The main goal of this chapter is to study the effect of group size on the (in)stability

of experimental asset markets: will participants coordinate on bubbles in large groups?

It is important to know whether the results of small-scale asset market experiments

can be generalized to settings with larger groups. Are earlier observed bubbles in small

markets perhaps caused by a few “irrational” participants? Surprisingly little work

focusing on group size in experiments has been done, maybe because larger experiments

are costly. We conduct an asset pricing experiment with larger groups than usual and

analyze both individual expectations and aggregate outcomes to empirically test if

expectations-driven bubbles also occur in larger markets.

Theory does not provide a definite answer to this question and offers opposite

views. For example, one may argue that the formation of bubbles is more unlikely

5



CHAPTER 2. COORDINATION ON BUBBLES IN LARGE GROUPS

in large groups, because a single participant has less influence on the market price

and is therefore less likely to cause a bubble. Furthermore, coordination on a non-

fundamental price is probably harder because it requires more participants to predict

the same price in the same period. Instead, individual forecast errors might cancel out

at the aggregate level, which would be consistent with the formulation of the rational

expectations hypothesis by Muth (1961). If this is correct, a large market could stabilize

quickly. On the other hand, participants might see a rising price as a trend and adopt

a trend-following strategy, just as in small-scale asset pricing experiments.2 Once a

large group coordinates on a bubble, the coordination could be hard to break. This

behavior may cause big bubbles in a larger market as well. Only a new experiment

with larger group sizes can clarify which of these opposite effects will dominate in a

controlled laboratory environment.

Any dynamic model of an asset market strongly depends on the underlying ex-

pectations hypothesis. It is therefore essential to develop a theory about how people

form expectations and how they adapt their forecasting strategies over time. Labora-

tory experiments are well-suited to study individual expectation formation. Since the

experimenter can control the underlying economic fundamentals, it is possible to ob-

tain explicit observations on expectations, investigate how individual behavior shapes

market outcomes and study whether aggregate outcomes deviate from fundamentals.

The experimental data can be used to empirically validate different expectations hy-

potheses, from rational expectations to boundedly rational heuristics. Moreover, the

experimental outcomes can provide insight into which forecasting strategies are more

likely to be used, so that the “wilderness of bounded rationality” (Sims, 1980) can be

disciplined.

Learning-to-forecast experiments (LtFEs) are especially useful to study expecta-

tions in dynamic feedback systems. This type of experiment was introduced by Mari-

mon et al. (1993) and Marimon and Sunder (1993, 1994). In LtFEs, the participants’

only task is to submit forecasts in a particular economic setting. All other actions

are computerized. Because LtFEs separate expectation formation from other choices,

such as trading decisions, they provide “clean” data on expectations. Hommes (2011)

provides a review of LtFEs in different economic settings.

2Trend-following behavior is also observed in real asset markets, even among more sophisticated
traders like hedge funds and mutual funds. Brunnermeier and Nagel (2004) establish that hedge fund
managers were riding the technology bubble and escaped before the crash, thereby destabilizing the
market instead of stabilizing it. Greenwood and Nagel (2011) note that young and therefore less
experienced managers controlled a significant fraction of total mutual fund assets around the peak of
the technology bubble. Young managers exhibited more trend-chasing behavior than old managers,
leading to a larger bubble. Barberis et al. (2018) present a model of bubbles driven by extrapolation
to explain the technology bubble and the recent housing bubble.
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2.1. Introduction
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Figure 2.1: Market prices in all sessions of HSTV08

In the asset pricing LtFE of Hommes, Sonnemans, Tuinstra and Van de Velden

(2008) (henceforth HSTV08), participants have to predict the price of a risky asset

for 50 periods. Each experimental asset market consists of six participants. In every

period, the market price is derived from mean-variance optimization and depends on

the average price forecast. Earnings are based on prediction accuracy. Participants

only have qualitative information about the asset market, but they know the risk-free

interest rate and the mean dividend of the risky asset. This is enough information

to calculate the fundamental value of the asset. Nevertheless, large price bubbles

occur in five out of six sessions, with prices rising up to fifteen times the fundamental

value of 60 (see Figure 2.1). Once predictions reach an artificial upper bound of 1000,

the trend reverses and the market crashes rapidly. There is no convergence to the

fundamental.3 Analysis of the individual expectations reveals that participants within

the same market coordinate on a common trend-following prediction strategy. This

result is remarkable, since participants do not observe the forecasts of others, so they

could only coordinate through the realized market prices. An earlier asset pricing LtFE

by Hommes et al. (2005a) is similar, although the design of that experiment inhibits

the formation of large bubbles because of the presence of fundamental robot traders

and an upper bound on price forecasts of 100.

In macroeconomic and financial market experiments, group size is an important

issue. The scale of many macroeconomic situations can often not be replicated in

experiments because of the limited lab size and financial constraints. Yet, the use of

3Heemeijer et al. (2009) show that the positive feedback drives the non-convergence. In another
treatment with negative feedback, typical for supply-driven commodity markets, prices are stable and
quickly converge to the fundamental value of 60. In particular, a positive feedback system with a near
unit root leads to coordination on bubbles (Bao and Hommes, 2015; Sonnemans and Tuinstra, 2010).

7



CHAPTER 2. COORDINATION ON BUBBLES IN LARGE GROUPS

macroeconomic models with microfoundations makes it possible to test assumptions on

individual behavior in lab experiments on a smaller scale. Many examples of macroeco-

nomic experiments are discussed by Duffy (2008, 2016) and Ricciuti (2008), who argue

that lab experiments are useful to complement the theoretical and empirical research in

macroeconomics. The vast majority of experiments uses small groups, often consisting

of less than ten participants. Experiments with large groups are rare.4 Hence, the

question remains whether the results of small-scale experiments are robust to increases

in group size. The answer to this question is critical if the results from the experiment

are compared to real macroeconomic situations with many interacting agents.

In this chapter, we address the issue of group size by analyzing an asset pricing

experiment with the same design as HSTV08, but with larger markets. The experiment

consists of seven sessions with 21 to 32 participants per market. This is a group size

that fits in most labs for economic experiments. Although the groups in this experiment

are still small compared to the number of traders in a real asset market, the increase

in market size compared to HSTV08 can shed light on the differences that group size

could make in both individual expectations and market outcomes. Our experiment

provides an empirical answer to the question whether bubbles will arise in large groups

as well.

A large-scale classroom experiment based on the classical design of Smith et al.

(1988) has shown that bubbles and crashes also occur in markets with 244, 304 and

310 participants (Williams, 2008; Williams and Walker, 1993). In their experiment,

participants buy and sell a risky asset in a double auction market. The fundamental

value of the finitely lived asset is monotonically decreasing over time. Despite the fact

that the fundamental value is explicitly given to all participants in each trading round,

a large price bubble forms in all markets, followed by a crash. The main difference

with our experiment is that Williams and Walker (1993) only consider trading deci-

sions, while our LtFE specifically focusses on expectation formation. Futhermore, the

fundamental value of the risky asset in our experiment is constant instead of declining,

and not explicitly given. Lastly, the experiment of Williams and Walker (1993) was

an extra-credit exercise for a microeconomics course, lasting for eight weeks. We use a

standard laboratory setting with monetary incentives.

The results of our LtFE show that six out of seven markets exhibit large price

bubbles. The typical price pattern shows multiple large bubbles with decreasing am-

4One of the few topics in the literature where large-group experiments are conducted is the provision
of public goods. Several papers examine the effects of group sizes ranging from 4 to 100 participants
(Diederich, 2013; Isaac and Walker, 1988; Isaac et al., 1994; Weimann et al., 2012; Xu et al., 2013). A
large-scale financial market experiment with groups of 19 to 63 participants is conducted by Bossaerts
and Plott (2004), who test the basic principles of asset pricing theory.

8



2.2. Asset pricing experiment

plitude. Due to the high instability of the market, the forecasting performance of most

participants is poor, resulting in very low earnings. Participants are able to coordi-

nate on similar prediction strategies, but we also observe heterogeneity in expectations

and strategy switching. Estimation of individual prediction strategies shows that the

behavior of many participants can be captured by simple linear forecasting rules that

resemble benchmark heuristics, such as trend-following rules and anchoring and ad-

justment. It is remarkable that the bubbles in our large groups occur even faster and

more frequently than in the smaller markets of HSTV08. The reason for this is not

entirely clear. It could be due to a combination of factors, such as higher initial prices

and stronger trend extrapolation in large groups.

The individual prediction rules are further investigated with a behavioral heuristics

switching model (HSM). This model takes account of heterogeneity in expectations

and evolutionary selection among different forecasting heuristics. We use the same

benchmark HSM as in Anufriev and Hommes (2012b), which is an extension of the

model of Brock and Hommes (1997). The results of one-period-ahead simulations

show that the bubbles are amplified by the use of a strong trend-following prediction

rule. The use of an anchoring and adjustment heuristic can explain the persistent price

oscillations after the first crash. The flexibility of the HSM substantially improves the

model fit compared to six homogeneous prediction rules. 50-period-ahead simulations

of the HSM demonstrate that the typical price patterns can be replicated without the

use of experimental data. Again, the importance of strong trend extrapolation for the

formation of large bubbles is highlighted.

The remainder of this chapter is organized as follows. Section 2.2 explains the

experimental design in detail. The results of the experiment are discussed in Section 2.3.

In Section 2.4, we estimate forecasting rules for each participant. Section 2.5 compares

the formation of the first bubble in our large groups and the small groups of HSTV08.

The specification of the HSM is described in Section 2.6 and simulations with the model

are presented in Section 2.7. Section 2.8 summarizes and concludes.

2.2 Asset pricing experiment

2.2.1 Asset pricing model with heterogeneous expectations

The experiment is based on a standard asset pricing model with heterogeneous beliefs,

as in Campbell et al. (1997) and Brock and Hommes (1998). The asset market consists

of I traders. Each trader can invest in a risk-free asset or a risky asset. The risk-free

asset (e.g. a savings account) pays a fixed interest rate r. Each share of the infinitely
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CHAPTER 2. COORDINATION ON BUBBLES IN LARGE GROUPS

lived risky asset pays an uncertain dividend yt in every period t. The dividends are

independently and identically distributed with mean ȳ. The fundamental value of the

risky asset is thus given by pf = ȳ/r. The price of the risky asset in period t is denoted

by pt and the number of shares purchased by trader i in period t is denoted by zit.

Note that a negative value of zit means that the trader sells a number of shares of the

risky asset. The realized wealth of the trader in the next period is given by

Wi,t+1 = RWi,t + (pt+1 + yt+1 −Rpt)zit, (2.1)

where R = 1 + r is the gross rate of return of the risk-free asset.

Traders differ in their beliefs about the conditional mean Eit and the conditional

variance Vit of the evolution of wealth. Traders are myopic mean-variance optimizers,

so the demand for shares zit corresponds to the solution of

max
zit

{
Eit(Wi,t+1)− 1

2
aVit(Wi,t+1)

}
=

max
zit

{
zitEit(pt+1 + yt+1 −Rpt)−

1

2
az2

itVit(pt+1 + yt+1 −Rpt)
}
, (2.2)

where a measures the degree of risk aversion. It is assumed that traders believe that the

conditional variance of excess returns is constant: Vit(pt+1 + yt+1 −Rpt) = σ2 for all i.

This assumption can be made because the experiment only asks for point predictions,

so trader’s beliefs about the distribution of returns are not considered.5 The solution

of the maximization problem is then

zit =
Eit(pt+1 + yt+1 −Rpt)

aσ2
. (2.3)

An increase in the expected price of the risky asset in period t + 1 thus leads to an

increase in demand in period t.

Assume that the outside supply of shares zs is zero, which means that some traders

buy the shares that other traders sell, so that zit can be interpreted as excess demand.

This is equivalent to assuming risk neutral traders (a = 0). The market equilibrium

5Bottazzi et al. (2011) conduct an experiment with a treatment where participants forecast future
returns of an asset and provide confidence intervals, which are taken as a measure of perceived volatility
of the returns. This somewhat reduces high volatility in price fluctuations and increases coordination
on a common prediction strategy compared to the baseline treatment where no confidence intervals
are elicited.

10



2.2. Asset pricing experiment

condition is then given by

I∑
i=1

zit =
1

aσ2

I∑
i=1

Eit(pt+1 + yt+1 −Rpt) = zs = 0. (2.4)

Using that the mean dividend ȳ is common knowledge so that Eit(yt+1) = ȳ for all i

and all t, we can solve the equation for the market equilibrium price:

pt =
1

1 + r

[
1

I

I∑
i=1

pei,t+1 + ȳ

]
=

1

1 + r

[
p̄et+1 + rpf

]
, (2.5)

where Eit(pt+1) = pei,t+1 denotes the prediction by trader i in period t for the price in

period t + 1, and p̄et+1 = 1
I

∑I
i=1 p

e
i,t+1 is the average price prediction. Note that the

price in each period depends on the predictions for the next period. When traders

are in period t and they have to forecast the price for period t + 1, they do not know

pt yet and thus can only use the past prices up to period t − 1. Hence, they make a

two-period-ahead price prediction.

Equation (2.5) shows that there is positive feedback: if the average price prediction

is high, than the realized market price will also be high, and vice versa. This is an

important characteristic of asset markets. The level of the interest rate r determines

the strength of feedback, given by λ = 1
1+r

. The fundamental price pf = ȳ/r gets a

weight of 1 − λ = r
1+r

in the pricing mechanism. So the higher the interest rate, the

weaker the expectations feedback and the stronger the market price is pushed towards

the fundamental. On the other hand, for low interest rates (e.g. r = 0.05) each price

prediction is almost self-fulfilling (pt+1 ≈ p̄et+1), but the fundamental price is the only

steady state equilibrium that is perfectly self-fulfilling (pt+1 = p̄et+1).

2.2.2 Benchmark expectation rules

To get a feeling for the dynamics of the asset pricing model, we simulate the evolution

of the market price under homogeneous expectations, i.e. when pei,t+1 = pet+1 for all i.

We consider some well-known heuristics: rational expectations, adaptive and naive

expectations, trend-following rules and anchoring and adjustment rules. Figure 2.2

shows the price dynamics for these benchmark expectation rules.

In a rational expectations equilibrium (REE) of the model, the realized price in

period t coincides with the prediction for that period. The unique REE steady state

11
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Figure 2.2: Simulations with homogeneous expectations
Notes: Initialization of the simulations: p1 = p2 = 50 and pe3 = 50. The dashed line
indicates the fundamental value of 60. Note that the scale of the vertical axis differs
in the four figures.

is where all traders predict the fundamental price of the asset:

pet+1 = pf = ȳ/r. (2.6)

This is called fundamental expectations. This solution satisfies a no-bubbles condition,

which ensures that predictions and prices do not explode. However, as explained in

Hommes et al. (2008), there is a continuum of other solutions of the form pet+1 =

pf + Rt+1c with c > 0 that do not satisfy this condition. These so-called rational

bubbles grow at rate R. Figure 2.2a shows the fundamental price and a rational

bubble for c = 15.

The rational expectations hypothesis is quite demanding. It requires all traders to

be able to calculate the fundamental price and coordinate on the REE steady state.

If traders instead use simple forecasting heuristics, it could be that predictions and

prices converge to the fundamental value because of individual learning. This is the

case when all traders form expectations adaptively:

pet+1 = wpt−1 + (1− w)pet = pet + w(pt−1 − pet ), (2.7)

with weight w ∈ [0, 1]. The forecast is formed by adapting the previous prediction in

the direction of the last observed price. Naive expectations are a special case of this

rule, obtained for w = 1. The prediction is then simply the last observed price. The

12



2.2. Asset pricing experiment

asset pricing model is stable under adaptive or naive expectations. Prices converge

slowly but monotonically to the fundamental value. This is illustrated in Figure 2.2b,

which shows prices for naive expectations and adaptive expectations with w = 0.65.

A trend-following rule bases the prediction on the last observed price and adjusts

in the direction of the last observed price change:

pet+1 = pt−1 + γ(pt−1 − pt−2) (2.8)

with extrapolation coefficient γ > 0. The trend-following rule is called weak if γ < 1

and strong if γ > 1. The price dynamics depend on the extrapolation coefficient. For

weak trend extrapolation with a small value of γ, there is monotonic convergence, as

illustrated in Figure 2.2c for γ = 0.4. For γ close to but smaller than 1, convergence be-

comes oscillatory. For strong trend extrapolation, the oscillations increase in amplitude

and prices diverge. Figure 2.2c shows an example of this with γ = 1.3.

The anchoring and adjustment (AA) rule is based on Tversky and Kahneman (1974)

and has a clear behavioral interpretation. The average of the fundamental price and

the last observed price serves as an anchor for the next prediction. The prediction is

adjusted in the direction of the last observed price change:

pet+1 = 0.5(pf + pt−1) + (pt−1 − pt−2). (2.9)

A variant of this heuristic is the learning anchoring and adjustment (LAA) rule, where

traders do not have to know the fundamental value, but they might learn it through

the sample average of past prices. For this rule, pf is replaced by pavt−1 = 1
t−1

∑t−1
j=1 pj.

Under the AA rule, prices converge to the fundamental value, but convergence is slow

and oscillatory. There is also convergence under the LAA rule, but even slower and

with less pronounced oscillations. This can be seen from Figure 2.2d.

The evolution of prices can thus vary greatly with the prediction rule that is used.

When expectations are heterogeneous instead of homogeneous, almost any type of price

dynamics can occur. Brock and Hommes (1998) consider an evolutionary competition

between simple heuristics, such as fundamentalists versus trend followers. They find

price oscillations, bubble and crash dynamics and chaotic behavior of the asset pricing

model with evolutionary switching.

2.2.3 Experimental design

The experiment is aimed at investigating expectation formation in a positive feedback

environment. Therefore, the participants only have one task: predicting the price of

13



CHAPTER 2. COORDINATION ON BUBBLES IN LARGE GROUPS

the risky asset. Trading is computerized in the sense that the computer calculates the

optimal demand for shares of each participant based on mean-variance optimization,

as in the asset pricing model. Given the forecasts of all participants in the market, the

realized market price is determined by Equation (2.5).

In the instructions (see Appendix 2.A), the participants are told that they are

a financial advisor to a large pension fund. It is explained that the pension fund

can invest in a risk-free asset (a bank account) and a risky asset (the stock market).

Participants have to forecast the price of the risky asset so that the pension fund (i.e.

the computer) can calculate the optimal demand for shares. It is a two-period-ahead

prediction: in period t, the available information for forecasting the price in period t+1

consists of past prices up to period t− 1 and past predictions up to period t. After all

participants have entered their predictions for period t + 1, the realized market price

in period t is revealed. This process continues for 51 periods. Participants do not have

any information about past prices in the first two periods, but they are told that it is

very likely that the price will be between 0 and 100 in those periods.

Participants receive only qualitative information about the asset market. The in-

terest rate r = 5% and the mean dividend ȳ = 3 are given, so they have enough

information to calculate the fundamental value of the risky asset: pf = ȳ/r = 60. Par-

ticipants are told that the higher their price forecast, the larger the demand for shares

by the pension fund. Hence they could infer that there is positive feedback. They

are also informed that supply is fixed and that the price is determined by equilibrium

between demand and supply. However, they do not know the underlying market equi-

librium equation (2.5). They also do not know the exact number of pension funds in

the market or the identity of the other participants in their group.

Because of the participants’ role of advisor to a pension fund, payoffs are based on

their prediction accuracy: the better their price forecast, the higher their earnings.6

The number of points eit earned by participant i in period t is determined by the

quadratic scoring rule

eit = max

{
1300− 1300

49
(pt − peit)2, 0

}
. (2.10)

Note that participants could not lose money, because earnings are simply zero when

6As explained in Hommes (2001), using the quadratic forecast error in the payoff function is
equivalent to using realized risk-adjusted utility from wealth or profits. Moreover, Bao et al. (2017)
run an experiment with a learning-to-optimize treatment, where participants trade and are paid
by realized profits. They show that bubbles form even more easily than in the learning-to-forecast
treatment. The findings of Hanaki et al. (2018) support the choice of incentivizing participants in the
learning-to-optimize treatment of Bao et al. (2017).
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9/15/2016 Prediction Page

http://localhost/twoperiodasset/decision_forecast_indi.php 1/1

Period 3

Your role is a financial advisor. The mean of dividend is 3, and the interest rate is 5%.
What is your prediction for the price in period 4?

Send

 

 

Period Your
prediction

The Market
price

The points you earned in
the period

The points you have
earned so far

3 86
2 90 84.64 537.79 537.79
1 80 88.43 0 0

Figure 2.3: Example of the screen that participants see during the experiment

the forecast error |pt − peit| is larger than 7. The instructions include a table where

participants could find the number of points they would earn for each value of the

forecast error. At the end of the experiment, the participants receive e0.5 per 1300

points that they have earned.

To keep the experiment comparable with HSTV08, an upper bound on predictions

of 1000 is imposed. The instructions do not mention this upper bound. If a participant

tries to enter a forecast higher than 1000, the computer screen shows a message that

predictions above 1000 are not accepted and that the participant has to submit a lower

prediction.

At the beginning of the experiment, the participants receive instructions on paper.

They could consult these instructions at any time. After reading the instructions,

participants answer four control questions to check if they understand the experiment.

The computer screen during the 51 periods shows a table and a graph of all past prices

and own predictions that are available in that period, earnings in the previous period,

total earnings, the interest rate and the mean dividend. An example of the screen is

shown in Figure 2.3. After the last period, participants fill in a short questionnaire,

with a single open question about the strategy they used in the experiment.

The main motivation for our experiment is to test whether the results of the LtFE

of HSTV08 are robust to an increase in the number of participants in the market.

However, the group size was limited to the number of computers in the laboratory.

The aim was to run sessions with groups of around 30 participants, a group size that

typically fits into an experimental lab. To avoid having to cancel a session because
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CHAPTER 2. COORDINATION ON BUBBLES IN LARGE GROUPS

not enough participants showed up, the group size was flexible. A session would start

if 20 or more participants arrived at the lab on time. Seven sessions were run, with

respectively 26, 26, 24, 32, 21, 21 and 32 participants in session 1–7. No sessions were

cancelled.

The experiment was conducted with students. It took place in the CREED labo-

ratory of the University of Amsterdam in April 2014. Each session lasted for about

1.5–2 hours. As discussed in Section 2.3, the number of points that participants earned

during the experiment was very low in all sessions. To reward them for their time, it

was announced after the session that a lump sum payment of e15 was added to their

earnings. Including this additional payment, average earnings were e17.27.

2.3 Experimental results

2.3.1 Aggregate outcomes

Figure 2.4 shows the realized market prices in the seven sessions of the experiment.

For the ease of comparison, our large-group sessions are named L1–L7 and the small-

group sessions of HSTV08 will be called S1–S6. Summary statistics can be found in

Table 2.7 in Appendix 2.B. It is immediately clear that the large price bubbles that

were observed in HSTV08 also occur in our large groups. In six out of seven sessions,

the markets are highly unstable and the price approaches the upper bound of 1000.7 In

these sessions, the fundamental value of 60 does not seem to play a role in the evolution

of the market price at all.

In all sessions, the market price starts rising right from the beginning. The reason

for this might be twofold. First, many participants make an initial prediction of around

50. This is probably because it is mentioned in the instructions that the price in the

first two periods is likely to be between 0 and 100, and participants have no information

about past prices in the first two periods. Since the fundamental price is 60, the initial

market price turns out to be a little higher than the average prediction in the first two

periods. Therefore, many participants increase their predictions after they learn the

first market price, resulting in an upward trend. This might evoke trend extrapolating

behavior, leading to a bubble. Second, it is notable that 132 out of 182 participants

make a prediction for period 2 that is higher than their prediction for period 1.8 They

7The maximum price that can be attained is actually (1000 + 3)/(1 + 0.05) = 955.24. The realized
prices in session L1, L2, L3, L4, L6 and L7 come close to this maximum price.

8Furthermore, 30 participants submit equal predictions for the first two periods. Only 20 partici-
pants predict a lower price for period 2 than for period 1.
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Figure 2.4: Realized market prices in the large-group experiment
Notes: The dashed line indicates the fundamental value of 60. Note that the vertical
axis for session L5 runs up to 500 instead of 1000.

do this without having any information about past prices. This suggests that a majority

of participants expects an upward trend from the beginning.

Session L1, L2, L4, L6 and L7 display the same general pattern. A large price

bubble forms immediately. As the price approaches 1000 after about fifteen periods,

most participants discover the upper bound and lower their predictions.9 The trend

reverses and the market rapidly crashes back to a price below 100. After that, a new

9In session L1, 21 out of 26 participants entered a prediction of 999 or 1000 in one or more periods
around the time of the first peak. For session L2, L4, L6 and L7, these numbers were 16/26, 20/32,
14/21, and 23/32, respectively. This suggests that more than 60% of the participants found out about
the upper bound.
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bubble quickly forms again and the process repeats itself, although the amplitude of the

bubbles is decreasing. The price at which the bubble peaks becomes lower each time,

and the price at which the bubble starts to grow again becomes higher. This could be

because participants learn to anticipate a new crash (bubble), and therefore decrease

(increase) their forecasts earlier each time. The price seems to stabilize around 300

towards the end of these sessions, except in session L6. Note that a price of 300 is five

times the fundamental value, so prices are still far above the unique REE steady state.

It is remarkable that the bubbles in these sessions arise even faster than in the small-

group experiment of HSTV08. In the large groups, the bubble already peaks between

period 13 and 16. In the small groups, it takes more time before the trend really takes

off: there is only a slow upward trend in the first fifteen to twenty periods, after which

the price starts increasing rapidly. The bubble takes between 22 and 38 periods to

reach its peak in the small groups (see Table 2.8 in Appendix 2.B). A Mann-Whitney-

Wilcoxon (MWW) test indicates that the distribution of the peak price period in large

and small groups is significantly different (p-value = 0.026). In the typical large-group

sessions, a total of four to six repeated bubbles and crashes occur. Only two or three

bubbles per session are observed in the small groups of HSTV08. This difference also

reflects that bubbles arise faster in our large-group experiment.

Session L3 and L5 are the exceptions to the general price pattern of multiple large

bubbles. Session L3 starts with a small bubble that forms slowly. The upward trend

reverses when two participants predict 0 or 1 for two or three periods. After the first

small bubble, the pattern in session L3 is similar to the sessions discussed above. The

price starts rising quickly and a large bubble occurs, followed by two more bubbles that

are only slightly smaller.

Large bubbles did not occur in session L5. In this session, the price stays between

0 and 100. This price range is mentioned in the instructions as the most likely price

range in the first two periods. It might therefore serve as an anchor, causing some par-

ticipants to lower their predictions as they approach 100.10 Some participants submit

a forecast higher than 100 in some periods, but these forecasts do not become higher

than 131.11 The price oscillates, but the amplitude of the oscillations decreases and

10Ten participants (48%) do not predict a price higher than 100 and lower their predictions in the
two periods before they observe the price peak. They might think that the price can or will not
become higher than 100 in all periods, not just the first two. In the other sessions, this behavior
occurs less often, so that the upward trend just continues. There are at most four participants in
each of the other sessions that lower their predictions in the periods before the price actually becomes
higher than 100, after which they adjust their expectations upwards.

11The maximum prediction is actually 440 in period 40, but that is most likely a typing error. The
last observed market price at that time was 60.81, and the participant predicted 50 in both period 39
and period 41.
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Table 2.1: Relative Absolute Deviation (RAD) and Relative Deviation (RD)

Large groups RAD RD Small groups RAD RD

Session L1 4.52 4.46 Session S1 0.98 0.93
Session L2 4.40 4.40 Session S2 3.67 3.56
Session L3 3.66 3.55 Session S3 2.17 1.96
Session L4 4.36 4.35 Session S4 4.27 4.10
Session L5 0.26 0.00 Session S5 2.15 1.78
Session L6 4.25 4.16 Session S6 2.40 2.05
Session L7 4.67 4.66
Average 3.73 3.65 Average 2.60 2.40

the price stabilizes around 55, which is fairly close to the fundamental value of 60.

The bubbles in each session can be quantified and compared by the Relative Ab-

solute Deviation (RAD) and Relative Deviation (RD), as proposed by Stöckl et al.

(2010). For our experiment, these measures are defined as follows:

RAD =
1

50

50∑
t=1

∣∣pt − pf ∣∣
pf

, (2.11)

RD =
1

50

50∑
t=1

pt − pf

pf
. (2.12)

The RAD measures the average level of mispricing in the market: a value of e.g. 1.5

means that on average the market price differs 150% from the fundamental. The RD

measures the average level of overvaluation. Equal values of RAD and RD indicate

that the asset is always overvalued, while differences imply that the market also has

periods where the asset is undervalued.

Table 2.1 shows the bubble measures for both our large groups and the small groups

of HSTV08. As expected, the bubble measures indicate that the deviations from the

fundamental price are large in the markets where large bubbles occurred. In the large

groups, RAD is between 3.66 and 4.67. In the small groups, this range is wider: RAD

is between 2.15 and 4.27. Sessions S2 and S4 exhibited two bubbles where the price

almost reached the upper bound. This results in a larger RAD than for sessions S3, S5

and S6, in which at least one of the bubbles stayed smaller. RAD is considerably lower

in the markets without large bubbles, namely 0.26 in session L5 and 0.98 in session

S1. In all sessions, RD is only slightly smaller than RAD, meaning that the asset is

mostly overvalued. RD is virtually equal to zero in session L5, indicating that the

price oscillated around the fundamental value. On average, both measures are higher

in the large groups (RAD = 3.73 vs. RAD = 2.60 and RD = 3.65 vs. RD = 2.40).
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Figure 2.5: Individual predictions in the large-group experiment
Notes: The colored lines indicate the individual predictions, the thick black line indi-
cates the market price. The dashed line indicates the fundamental value of 60. Note
that the vertical axis for session L5 runs up to 500 instead of 1000.

However, MWW tests indicate that the differences are not significant at the 5% level

(p-value = 0.101 for RAD and p-value = 0.073 for RD), suggesting that large markets

are not substantially more unstable than small markets.

2.3.2 Individual expectations

Figure 2.5 shows the individual predictions of all participants in the large groups in

color, together with the realized market prices in black. After a few periods, it seems

that the participants coordinate on a common trend-following prediction strategy, lead-
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Table 2.2: Average individual quadratic forecast error

Av. individual error Av. dispersion error (%) Av. common error (%)

Session L1 54,804 24,210 44% 30,594 56%
Session L2 53,749 16,917 31% 36,832 69%
Session L3 33,225 11,432 34% 21,793 66%
Session L4 46,764 14,326 31% 32,438 69%
Session L5 478 242 51% 236 49%
Session L6 50,127 21,095 42% 29,033 58%
Session L7 52,813 22,459 43% 30,354 57%

ing to the first bubble. The differences in predictions within markets appear to be

somewhat larger than in the experiment of HSTV08. Although most participants sub-

mit similar forecasts, there are also some participants that predict very different prices.

The discovery of the upper bound of 1000 seems to break the coordination to a large

extent. In the typical sessions L1, L2, L4, L6 and L7, the differences in predictions

become larger after the first two bubbles, and forecasts are quite heterogeneous towards

the end of the experiment.

A way to investigate the importance of coordination quantitatively is to compute

the average individual quadratic forecast error. This is the individual quadratic forecast

error averaged over the last 45 periods and over the I participants in a session. The

first five periods of the experiment are omitted in the computation to allow for a short

learning phase. The average individual quadratic forecast error can be broken up in

two terms, the average dispersion error and the average common error:

1

45I

I∑
i=1

50∑
t=6

(peit − pt)2 =
1

45I

I∑
i=1

50∑
t=6

(peit − p̄et )2 +
1

45

50∑
t=6

(p̄et − pt)2, (2.13)

where p̄et = 1
I

∑I
i=1 p

e
it is the average price prediction for period t. The average dis-

persion error measures the squared distance between the individual prediction peit and

the average prediction p̄et , averaged over time and participants. This term is zero if all

participants use exactly the same prediction strategy. Hence, a relatively small aver-

age dispersion error indicates that there is coordination on a common strategy. The

average common error measures the squared distance between the average prediction

p̄et and the realized price pt, averaged over time. Muth’s (1961) formulation of the

rational expectations hypothesis implies that individual expectations may be wrong,

but expectations should be approximately correct in the aggregate. If this is the case,

then the average common error is relatively small.

Table 2.2 presents the value of the average individual quadratic forecast error in each
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Table 2.3: Earnings (excluding the lump-sum payment)

Average Minimum Maximum

Session L1 0.77 0.0 1.8
Session L2 1.30 0.2 3.4
Session L3 2.08 0.8 3.6
Session L4 1.57 0.1 3.2
Session L5 7.75 4.2 12.8
Session L6 2.14 0.4 3.6
Session L7 1.61 0.0 3.2

session, together with the values and percentages of the average dispersion error and the

average common error. In all sessions with large bubbles, the average dispersion error is

between 31% and 44%. This indicates that predictions are similar, but coordination is

not perfect. The relatively large average common error (between 56% and 69%) implies

that individual prediction errors do not cancel out in the aggregate. Even in the stable

session L5, the average common error is still 49%. It suggests that expectations in this

experiment cannot be called rational. Compared to HSTV08, the size and proportions

of the average dispersion error and the average common error are roughly the same.

Apparently, the difference in coordination between the two experiments is not that

large.

Clearly, the average individual quadratic forecast errors are very large, especially

in the sessions with large bubbles. This is also reflected in the low earnings of the

participants during the experiment (see Table 2.3). In the sessions with large bub-

bles, earnings are between e0.00 and e3.60, while the maximum possible earnings are

e25.00. During a bubble, participants barely earn anything. Most points are earned

in the first ten periods or just after a crash, when the price starts going up again.12

In the relatively stable session L5, earnings are substantially higher, but still far from

maximal. In this session, participants also earn points in the beginning, but most

points are earned in the last ten periods, when the price stabilizes.

Figure 2.5 already indicates that there is heterogeneity in expectations. Of course,

participants do not have to use the same prediction strategy during the whole experi-

ment. As they learn more about the market, they might switch to a different strategy.

A graphical inspection of individual predictions shows that this indeed occurs. Fig-

12The low earnings led to frustration among the participants. Some started to predict almost random
prices, hoping to be lucky and earn some points. But this behavior did not affect the formation of
the first large bubble, since participants were still actively trying to make accurate predictions in the
beginning, which is supported by the comments in the questionnaire. Moreover, due to our larger
market size, the random predictions by a few participants only had a small impact on the price and
did not seem to affect the overall price pattern.
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(a) Session L3, participant 2
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(b) Session L4, participant 32
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(c) Session L5, participant 5

0 10 20 30 40 50

P
ric

e,
 p

re
di

ct
io

n

0

20

40

60

80

100

120

Price
Prediction

(d) Session L5, participant 21

Figure 2.6: Examples of strategy switching in the large-group experiment
Notes: The red line indicates the market price lagged for two periods, the blue line
indicates the individual prediction. The dashed line indicates the fundamental value
of 60.

ure 2.6 gives four examples of participants who switch between forecasting rules. The

figure shows for each period t the lagged market price pt−2 and the individual predic-

tion pei,t. Hence, this illustrates how the last observed market price is used to form

the two-period-ahead price forecast. For example, if the two time series coincide, the

participant is using a naive prediction strategy.

In session L3, participant 2 starts with a strategy close to naive expectations (see

Figure 2.6a). After some periods, she begins to extrapolate the trend in the market

price. In period 31, she realizes that this strategy is not making any money during a

bubble, so she attempts to bring the price down by predicting zero.13 In some periods,

she tries to make an accurate prediction by extrapolating the trend.

Participant 32 in session L4 (Figure 2.6b) uses a trend-following strategy in the first

half of the experiment. He then switches to a strategy that looks like an anchoring

and adjustment rule, with an anchor of around 300 and a relatively small adjustment

in the direction of the last price change.

Figure 2.6c shows that in session L5, a weak form of trend extrapolation is used

by participant 5 until period 30. After that, she switches to a much stronger trend-

following rule, despite the large forecast errors of this strategy. In the last five periods,

she uses an adaptive forecasting rule, predicting a price between the last realized price

13This motive is described by the participant in the questionnaire. Note that participants do not
know the number of traders in the market, so they do not know that the impact of a single individual
on the price is limited.

23



CHAPTER 2. COORDINATION ON BUBBLES IN LARGE GROUPS

and her own last prediction.

In the same session, participant 21 realizes that the fundamental price of the asset

is 60 and predicts this price in the first two periods (Figure 2.6d). However, the market

price turns out to be lower than 60, so she lowers her prediction. She uses an almost

naive strategy for some periods and then begins to extrapolate the price trends. After

two bubbles, she tries to anticipate the trend reversals, in which she is quite successful.

When the price stabilizes in the last five periods, she goes back to a strategy close to

naive expectations.

2.4 Estimating individual prediction strategies

2.4.1 General linear forecasting rules

It seems that the prediction strategies of participants could be described by fairly

simple heuristics. Estimating some simple linear specifications of forecasting rules can

give insight in the way participants form expectations.14 In this section, we make the

simplifying assumption that participants use the same heuristic in all periods. Similar

analyses for different experiments are done in Hommes et al. (2005a), Heemeijer et al.

(2009) and Assenza et al. (2014). Starting with a general specification, a simple linear

rule of the form

pei,t+1 = α +
4∑

k=1

βkpt−k +
3∑
l=0

γlp
e
i,t−l + ut (2.14)

is estimated for each participant i.15 This rule uses the last four observations of the

market price and the last four own predictions to form the new prediction. The fore-

casting rule is estimated from period t = 5, which is the first period that all regressors

are available. The first five periods can also be considered as a learning phase. In-

significant regressors are removed one by one, highest p-value first, until all remaining

regressors are significant at a 5% level. The final prediction rule is tested for auto-

correlation (Breusch-Godfrey test, two lags), heteroskedasticity (White test, no cross

terms) and misspecification (Ramsey RESET test, one fitted term).

Table 2.10 in Appendix 2.B presents the estimation results. It seems that the

general linear specification can describe the forecasting rules fairly well for most par-

14An alternative way to find out which forecasting rules are used is to do a strategy experiment as
in Hommes et al. (2005b). As participants formulate a complete prediction strategy, there is no need
to estimate their strategies from the observed predictions.

15The forecasting rule is estimated after removing outliers, i.e. predictions that differ substantially
from what would be expected from the general pattern of the other observations. A total of 24 outliers
for 19 participants were removed by linear interpolation (0.3% of all observations).
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2.4. Estimating individual prediction strategies

ticipants. 139 out of the 182 estimated rules (76%) pass all three diagnostic tests. In

all treatments, the most popular regressors are the last two observations of the market

price: pt−1 is used by 89% of the participants, pt−2 by 71%. For 20% of the participants,

these are the only two significant regressors. In all these cases, the coefficient of pt−2 is

negative, so that it is a trend-following rule. The last own prediction pet is significant

in 36% of the estimated rules. 11% of the participants use a form of anchoring and

adjustment, basing their predictions on pt−1, pt−2 and pet .

Although these are the most commonly used regressors, a majority of participants

(69%) also use higher lags of the market price and their own predictions in their fore-

casting rules. The use of more past observations indicates learning behavior by par-

ticipants. Particularly in session L5, pt−3 and pt−4 are significant in more than half

of the estimated rules. These third and fourth lags of the market price are also used

more often in session L3 than in the other sessions. Furthermore, the estimation results

show 22 different combinations of significant regressors across all sessions. Within each

session, ten to fourteen different forecasting rules are estimated.

We also estimate these forecasting rules for the experiment of HSTV08. Relatively

less rules pass all three diagnostic tests, namely 15 out of 36 estimated rules (42%).

Again, the last two observations of the market price are the most widely used: pt−1

is used by 97% of the participants, pt−2 by 75%. 11% of the participants only used

these two regressors and the coefficient of pt−2 is always negative, so that it is a trend-

following rule. In 33% of the estimated rules, the last own prediction pet is significant.

8% of the participants base their predictions on pt−1, pt−2 and pet and thus use a form of

anchoring and adjustment. Just as in the large groups, a majority of participants (75%)

also base their forecasts on higher lags of the market price and their own predictions.

Sixteen different combinations of significant regressors across all sessions are found in

total, with four to five different rules within each session. All in all, the results in

the small groups of HSTV08 are remarkably similar to the results in our large-group

experiment.

Hommes et al. (2005a) estimate the same specification for the individual predictions

in their LtFE with a robot trader and found different results. In their experiment, pt−1

and pt−2 are the only two significant regressors for a majority of 63%. For 30% of

the participants, the last own prediction pet is significant as well, but only 2% use a

form of anchoring and adjustment. This is because almost all participants that base

their forecast on pt−1, pt−2 and pet also use higher lags of prices and predictions in

their forecasting rule. In total, 23% of the participants makes use of higher lags. In

their experiment, fourteen different combinations of regressors are observed in total,

with two to five different rules per session. Comparing the results of Hommes et al.
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(2005a) to ours, we see that the prediction rules that we observe in our experiment

are more diverse and use more information on past prices and predictions. This could

be due to the larger instability of the markets in our experiment, which calls for more

complicated forecasting rules. Of course, we should keep in mind the differences in

group size: Hommes et al. (2005a) only have six participants per session and sixty

participants in total. Therefore, we cannot directly conclude that the larger variety in

forecasting heuristics implies that there is more heterogeneity in expectations in our

LtFE with larger groups.

2.4.2 First-order heuristics

Since the last two observed market prices and the last own prediction are the most

popular regressors, it is interesting to consider a simplified forecasting rule based on

these variables, nested in the general specification (2.14):

pei,t+1 = α1pt−1 + α2p
e
i,t + (1− α1 − α2)p̄+ β(pt−1 − pt−2) + vt, (2.15)

where p̄ = 1
50

∑50
t=1 pt is the average market price in the session. This rule is called a

first-order heuristic. It is a more general form of the anchoring and adjustment rule.

The anchor is now a weighted average of the last observed market price, the last own

prediction and the sample average price.16 The adjustment is based on the difference

between the last two observed prices.

The first-order heuristic has a couple of benchmark expectation rules as special

cases. For α1 = 1, α2 = β = 0, the rule reduces to naive expectations. If α1 + α2 =

1, β = 0, expectations are adaptive. In case α1 = α2 = β = 0, the forecast is simply the

sample average price. This case is referred to as fundamental expectations, although

the average price is not near the fundamental price of 60 in this experiment, except

in session L5. The sample average price just serves as a proxy for the long-run price

level, even though it is not close to the steady state level in all but one session. Finally,

when β > 0, the adjustment is called trend-following.

The first-order heuristic is estimated for those participants whose general forecasting

rule of type (2.14) can be restricted to a heuristic of type (2.15). This is verified by an

F -test on joint parameter restrictions.17 The first-order heuristics are again estimated

16The sample average price of the entire session is of course not available to the participants at the
moment they form their predictions. It is included in the estimation as a proxy for the equilibrium
price level that they are trying to learn. In the HSM of Section 2.6, the LAA heuristic uses the
observable sample average of past prices available at each point in time. This generally converges
quickly to the sample average price.

17Note that seperate t-tests were used to remove insignificant regressors from the general forecasting
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2.4. Estimating individual prediction strategies

from period t = 5, to allow for some learning. The regressor with the highest p-value

is removed until there are no more insignificant regressors. F -tests are used to see if

the first-order heuristic can be restricted to one of the benchmark expectation rules.

The estimation results can be found in Table 2.11 in Appendix 2.B. For 58 out

of 182 participants (32%), the estimated general forecasting rule can be successfully

restricted to a first-order heuristic. In session L5, there is only one general rule that

can be restricted, since many participants in that session used higher lags of the market

price and their own predictions. For the same reason, only three first-order heuristics

are estimated in session L3.

The last two columns of the tables indicate if the anchor and the adjustment can be

restricted to a benchmark case. Eight heuristics are classified with a naive anchor, one

of those heuristics is purely naive (β = 0). One heuristic has a fundamental anchor. For

the other heuristics, the sample average price generally gets little weight: 1− α1 − α2

ranges from 0.01 to 0.6 and is on average 0.3. The anchors of 49 heuristics are not

equivalent to a benchmark and are therefore classified as “mixed”. The adjustment is

trend-following (β > 0) for all but one first-order heuristic. The nonzero values of β

range from 0.4 to 1.3 and the average is 0.8.18 For ten heuristics, β is larger than 1,

indicating a strong trend-following adjustment.

Figure 2.7 illustrates the estimated coefficients of the first-order heuristics in the

three-dimensional space (α1, α2, β). Each dot in the prism represents one of the esti-

mated heuristics.19 Even though most first-order heuristics cannot be fully restricted

to a benchmark rule, the prism shows a clear clustering of heuristics. A majority of 33

out of 58 heuristics (57%) has a relatively high value of α1 and a low value of α2. These

anchors are close to naive, giving a high weight to the last observed market price and

some weight to the sample average price. Combined with a positive value for β, these

rules are almost pure trend-following. A group of 19 heuristics (33%) shows the reverse

pattern: a low value of α1 and a relatively high value of α2. These participants base

their anchor on their last own prediction and the sample average price, ignoring the last

observed market price. Adaptive expectations are not observed, probably because this

rules of type (2.14), while the F -test used here is a joint significance test. The two ways of testing
are not equivalent. It is possible that the individual t-tests indicate that all regressors are significant,
while the F -test cannot reject the null hypothesis that a number of these coefficients are jointly zero.
Hence, the number of rules that can be restricted to a heuristic of type (2.15) is not the same as the
number of rules of type (2.14) that only have pt−1, pt−2 and pet as significant regressors.

18Remarkably, 0.4 and 1.3 are exactly the values of the extrapolation coefficient that are used for
the two trend-following rules in HSM of Section 2.6. The rules in this model were based on estimates
of forecasting behavior in Hommes et al. (2005a).

19Five coefficient vectors with a negative estimate for α2 fall outside the prism. They are excluded
from the plot to make it easier to distinguish the dots for the coefficient vectors that lie within the
prism.
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Figure 2.7: Estimated coefficient vectors of first-order heuristics (excluding outliers)

forecasting rule does not work well when markets are as unstable as in our experiment.

There are no clear differences between sessions in the estimated first-order heuristics.

The first-order heuristics that we estimated for the individual predictions in HSTV08

are also largely comparable to the heuristics in our large-group experiment. The esti-

mated general forecasting rule can be successfully restricted to a first-order heuristic

for 10 out of 36 rules (28%). Two first-order heuristics were estimated in session S1,

S2, S5 and S6, and one first-order heuristic was estimated in session S3 and S4. Two

heuristics are classified with a naive anchor (α1 = 1). One heuristic has an obstinate

anchor (α2 = 1), meaning that the participant only considered his own past prediction

and not the last observed market price or the sample average price. The other seven

heuristics have a “mixed” anchor. Again, the weight of the sample average price is

generally low, with an average of 0.15. For eight out of ten first-order heuristics, the

adjustment is trend-following. The nonzero values of β range from 0.6 to 1.2 and the

average is 0.7. Both the range and the average of β are thus somewhat smaller than

in the large groups. The prism in Figure 2.7 also shows the estimated coefficients of

the ten first-order heuristics of HSTV08.20 Three heuristics are part of the cluster of

almost pure trend-following rules (a relatively high value of α1, a low value of α2 and

a positive β). Three heuristics are part of the other cluster with a low value of α1 and

a relatively high value of α2. Adaptive expectations are not found, just as in the large

groups.

20Three coefficient vectors with an estimate of α1 > 1 fall outside the prism and are excluded from
the plot.
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2.5 Formation of the first bubble

In our large-group experiment, bubbles emerge significantly faster than in the smaller

markets of HSTV08. The bubbles in large markets already peak after about 15 peri-

ods, while the bubbles in small markets take around 30 periods to reach the highest

price. Still, we did not find substantial differences in the estimated heuristics for both

experiments. This could be due to the fact that these estimates are based on the

last 45 periods. The price oscillations that occur after the first bubble bursts are a

large part of that. These oscillations call for a different prediction strategy than the

trend-following behavior that causes the first bubble. Therefore, we now examine the

formation of the first bubble in more detail.

2.5.1 Growth rates

If prices evolve according to a rational bubble, pt = pf +Rtc, the growth rate of prices

is R = 1.05. Defining qt = ln(pt − pf ), we must have that qt+1 − qt = ln(R). We

calculate qt+1− qt and its mean q̄ for the first large bubble.21 The implied growth rate

is then R̂ = eq̄. Note that qt only exists when the price is above the fundamental value.

Moreover, a price between pf = 60 and 61 gives a negative value of qt, leading to a

relatively large positive value of qt+1 − qt, causing q̄ and R̂ to be very high. Therefore,

the first observation that we take into account satisfies pt > (pf + 1). Because the

upper bound on predictions flattens the last part of the bubble, the last observation

that we take into account satisfies pt − pt−1 > pt−1 − pt−2.

Table 2.4 shows the results of this calculation. The implied growth rates R̂ differ

significantly from R = 1.05 at the 5% level, so the bubbles cannot be called rational.

Furthermore, the implied growth rates in the large groups are larger than in the small

groups, except for session S5, which has a relatively high growth rate (R̂ = 2.049)

because the first half of the experiment is ignored in the calculation since pt < (pf +1).

Unsurprisingly, the bubble in the stable session L5 grows slower (R̂ = 1.392) than

the bubbles in the unstable large groups. However, the implied growth rate of the

stable session L5 is similar to the bubbles in the unstable small groups, as these take

longer to form. Because of these two exceptions, i.e. the fast growth in session S5 and

the slow growth in session L5, the difference between the large and small groups is

not statistically significant (MWW test, p-value = 0.106), even though it seems that

bubbles grow faster in large groups.

21Session L5 does not exhibit large bubbles, so we simply take the first (small) bubble. We disregard
session S1, because there are no clear bubbles in that session.
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Table 2.4: Implied growth rates of first (large) bubbles

q̄ R̂ p-value Sample

Large groups
Session L1 0.659 1.932 0.004 2-12
Session L2 0.486 1.626 0.000 3-13
Session L3 0.524 1.690 0.022 28-33
Session L4 0.449 1.567 0.000 4-15
Session L5 0.331 1.392 0.006 3-10
Session L6 0.422 1.525 0.000 3-16
Session L7 0.657 1.928 0.001 4-13
Average 0.504 1.666

Small groups (HSTV08)
Session S2 0.225 1.253 0.000 6-27
Session S3 0.292 1.339 0.000 6-29
Session S4 0.310 1.363 0.001 6-21
Session S5 0.718 2.049 0.045 29-37
Session S6 0.307 1.359 0.013 22-28
Average 0.370 1.473

Notes: q̄ is the mean of qt+1 − qt for the given sample, and R̂ = eq̄ is the implied growth rate. The
p-value corresponds to a t-test of whether R̂ differs significantly from R = 1.05.

2.5.2 Initial predictions and prices

It is interesting to look at the two initial predictions pe1 and pe2, because they are made

without any information about past prices. Therefore, they may be informative about

the participants’ initial expectations of the price dynamics. Furthermore, the third

prediction pe3 is submitted after the first price p1 becomes known. Note that the first

two prices p1 and p2 actually result from the predictions pe2 and pe3. These predictions

determine the first price increase and could thus initiate an upward trend. Tables 2.7

and 2.8 in Appendix 2.B give the average initial predictions, their standard deviations,

and the initial prices for our large-group experiment and the small-group experiment

of HSTV08.

On average, the initial predictions and prices are higher in the large groups than in

the small groups. However, the difference is not observed in all sessions and is therefore

not statistically significant (MWW tests, p-value = 0.212 for the initial predictions and

p-value = 0.534 for the initial prices). In the large groups, p1 is around 50 and p2 is

around 55. This is comparable to session S1, S3 and S5 of the small groups. Initial

prices are lower in the other small groups (session S2, S4 and S6): p1 is around 35

and p2 is around 40. This difference does not seem to explain the faster formation of
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bubbles in the larger groups.

Many participants seem to expect an upward trend from the beginning. In the large

groups, pe2 is higher than pe1 for 71% of the participants, in the small groups this holds

for 69%. There is however no clear difference between sessions where the bubble forms

fast and sessions where it does not. For example, in session S6, all six participants

predicted a higher price for the second period than for the first period, but the large

bubble does not form until after twenty periods.

The expectation of an upward trend is immediately fulfilled in all large groups. On

average, predictions increase in the first three periods: p̄e1 < p̄e2 < p̄e3. Moreover, the

increase from p̄e2 to p̄e3 is larger than the increase from p̄e1 to p̄e2. This indicates that

the trend takes off right away. The same pattern is not observed in the small groups:

p̄e1 < p̄e2 < p̄e3 does not hold in session S1 and S2 and p̄e3 − p̄e2 is not larger than p̄e2 − p̄e1
in session S1, S5 and S6. As a result, the initial price increase p2 − p1 is bigger in the

large groups than in the small groups, with the exception of session L7. It would be an

intuitive idea that a large bubble can form faster if the first price increase is bigger, but

this is not completely in line with the results of the experiments. For instance, session

L5 has a relatively large first price increase, but the bubbles remain small throughout

the whole session. In contrast, the first price increase in session L7 is relatively small,

but a large bubble forms quickly.

It appears that once the first price becomes known, it is used as a coordination

device. In all sessions, the individual predictions for the first two periods are much

more dispersed than the predictions for the third period. This is also reflected in the

standard deviation of the predictions, which is generally lower for the third period than

for the first and second period. Many participants adjust their expectations for the

third period upwards when they learn that the price in the first period was higher than

they expected, and vice versa.22

Despite the coordination in period 3, there are one or two participants in each

session that predict a relatively high price. Figure 2.8 shows histograms of pe3 − p1 in

large and small groups. Most predictions in period 3 are around the first realized price

p1, usually slightly higher. But in the large groups, there are also some predictions with

pe3 − p1 > 20. These predictions are 1.5–3 times higher than the average prediction

without these outliers. They increase the realization of p2 and thus the first price

22It is noteworthy that there are always some participants in the large groups (between one and six
per session) that start out with two very low predictions. These predictions are anchored around the
mean dividend, ȳ = 3, so the participants probably misunderstand the value of the asset. Once p1

turns out to be much higher, they have a large upward adjustment in their prediction for the third
period. This seems to make the trend in the large groups stronger from the beginning. This behavior
is not observed in the small groups.
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Figure 2.8: Histograms of pe3 − p1 in large groups (left) and small groups (right)

increase p2 − p1 by 2.8 on average, and the increase per session ranges from 0.7 to

5. If this stronger trend is extrapolated, it might contribute to the faster formation

of a bubble. These relatively high predictions in period 3 do not occur in the small

groups.23 Although it looks like there are more extreme predictions in the large groups,

the MWW test does not reject the null hypothesis that both samples are drawn from

the same distribution (p-value = 0.369). This suggests that the faster formation of

bubbles is also not explained by more extreme predictions in large groups.

2.5.3 Trend-following rules

Looking at individual predictions, it seems that the first bubble is caused by trend ex-

trapolation. For each participant, we thus estimate the trend extrapolation coefficient

γ in the following trend-following heuristic:

pei,t+1 = pt−1 + γ(pt−1 − pt−2) + εt. (2.16)

All regressors are defined from period t = 3. The last period we take into account is

the peak of the first large bubble. We focus on sessions where a large bubble is formed

immediately: session L1, L2, L4, L6 and L7 of our large-group experiment and session

S2, S3, S4 and S6 of HSTV08. The estimation results are presented in Table 2.9 in

Appendix 2.B.

On average, the estimated trend extrapolation coefficient γ is higher in the large

23Relatively high predictions are also observed occasionally in later periods in both the large and the
small groups. However, these predictions do not cause the bubbles. In the large groups, the extreme
predictions that have a substantial effect on the market price only occur just before the first peak,
when the price is already rising rapidly, or after the crash. In the small groups, individual predictions
have more impact on the market price, so extreme predictions cause price jumps, but do not lead to
bubbles.
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groups than in the small groups. The result does not hold true for each session individ-

ually: for instance, the average γ in session S3 is larger than in all large groups except

session L4. Overall, the difference between large and small groups is not statistically

significant (MWW test, p-value = 0.128).

Furthermore, simulations with the estimated trend-following rules do not always

correspond to the price patterns in the experiment. Taking the initial prices and

predictions from the large-group experiment, γ needs to be about 1.45–1.5 to produce

a bubble that is similar to the typical first bubble in the experiment. For session L1

and L7, the average estimated γ is smaller than this, while the average estimated γ

for session L4 is larger. For the small-group experiment, γ should be around 1.43.

This is larger than the average estimated γ in session S2, S4 and S6, but smaller than

in session S3. There is no clear explanation for these differences. For example, the

estimated γ’s in session L1 and L7 are almost all lower than in session L2, L4 and L6.

Still, a large bubble forms quickly in all these sessions.

All in all, the results do not fully correspond to the intuition that a larger trend

extrapolation coefficient leads to larger and faster bubbles. Hence, this trend-following

rule alone cannot explain the faster formation of the first bubbles that we observe in

the experiments.

2.6 Heuristics switching model

2.6.1 A learning model with evolutionary selection

The previous sections discussed some important observations about the individual fore-

casting behavior in the experiment. The prediction strategies of many participants can

be described by a simple linear forecasting rule. However, as participants learn during

the experiment, they sometimes switch to a different strategy. Moreover, there is het-

erogeneity in prediction strategies, both between and within sessions. A heterogeneous

expectations model such as the HSM is based on simple heuristics, but takes adaptive

learning and strategy switching into account. Therefore, the HSM is a suitable model

to analyze the experimental data.

The main idea of the HSM is that participants can choose between a number of

simple heuristics to make a price prediction. In each period, participants evaluate the

past performance of all heuristics, measured by the quadratic forecast error. Then

evolutionary selection takes place, meaning that participants tend to switch to better

performing rules. Hence, the impact that the different rules have on the market price

changes over time. Of course, the realized market price in turn affects the impacts of
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the heuristics. The HSM is thus a dynamic model that exhibits path dependence, since

a different pattern of the market price or a different distribution of impacts in the first

couple of periods leads to a different course of both prices and impacts in later periods.

This property makes it possible for the HSM to explain very different market outcomes

in the same market setting.

We use the same model setup as in Anufriev and Hommes (2012b), which extends

the switching model of Brock and Hommes (1997). Anufriev and Hommes (2012b)

use the HSM for one-period-ahead simulations of the asset pricing LtFEs of Hommes

et al. (2005a) and HSTV08. In Anufriev and Hommes (2012a), they reproduce the

price patterns in those experiments with 50-period-ahead simulations of the HSM.

Slightly different versions of the HSM are used to analyze LtFEs in different settings, i.e.

positive versus negative expectations feedback (Anufriev et al., 2013; Bao et al., 2012)

and a New-Keynesian macro-model (Assenza et al., 2014). There are large differences

in the observed behavior and the resulting market outcomes in all these experiments.

Still, the HSM is able to capture these different patterns and fit the experimental data

quite well. In particular, the HSM outperforms models with homogeneous expectations.

This indicates that the flexibility of a heterogeneous expectations model such as the

HSM is an important advantage. By using the same specification of the HSM as in

Anufriev and Hommes (2012b), we explore if this model is also suitable for the asset

pricing experiment with larger markets.

2.6.2 Model specification

Participants can choose among H heuristics that give a two-period-ahead price pre-

diction. The prediction for time t+ 1 of each heuristic h is a function of the available

information at time t:

peh,t+1 = fh(pt−1, pt−2, . . . ; p
e
h,t, p

e
h,t−1, . . .). (2.17)

The realized market price depends on the population-weighted average p̄et+1 =
∑H

h=1 nh,tp
e
h,t+1

of the heuristics. The weight nh,t is called the impact of heuristic h, which indicates

the percentage of participants using this heuristic at time t. The market price is then

determined in the same way as in the experiment:

pt =
1

1 + r
(p̄et+1 + ȳ). (2.18)

The impact of each heuristic depends on its past performance. The performance

measure is based on the quadratic forecast error. Note that the quadratic forecast error
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was also used to determine the earnings in the experiment, so that the performance

measure is in line with the incentive structure in the experiment. The performance

measure up to time t− 1 is defined as

Uh,t−1 = −(pt−1 − peh,t−1)2 + ηUh,t−2. (2.19)

The parameter η ∈ [0, 1] can be interpreted as the memory. For η = 0, the performance

is only based on the most recent forecast error. If η > 0, all past forecast errors affect

the performance, with exponentially decaying weights.

The impact of heuristic h at time t is determined by a discrete choice model with

asynchronous updating:

nh,t = δnh,t−1 + (1− δ) exp(βUh,t−1)∑H
h=1 exp(βUh,t−1)

. (2.20)

The parameter δ ∈ [0, 1] gives some inertia in the evolution of the impacts. This reflects

the observation in the experiment that not all participants change their prediction

strategy in every period or at the same time. δ represents the percentage of participants

that stick to their previous strategy, regardless of the performance. If δ = 1, the initial

impacts of the heuristics never change. If δ = 0, all participants consider to change their

strategy based on past performance. In general, 1−δ is the fraction of participants that

update their strategy according to the discrete choice model. Note that this does not

necessarily mean that they all switch to the most successful strategy. This depends on

how sensitive participants are to differences in performance, measured by the intensity

of choice β ≥ 0. The higher the intensity of choice, the faster they switch to more

successful heuristics. If β = 0, the impacts converge to an equal distribution. In the

extreme case that β =∞, all participants that update their strategy switch to the best

performing heuristic.

2.6.3 Implementing the model

Before the HSM can be used, the H different heuristics should be chosen, the param-

eters β, η and δ should be fixed, and the model should be initialized. Anufriev and

Hommes (2012b) based their selection of heuristics on the forecasting rules that were

observed in the experimental data. To keep the model relatively simple, they include

only four heuristics: adaptive expectations (ADA), a weak trend-following (WTR) and

a strong trend-following (STR) rule, and a learning anchoring and adjustment (LAA)
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heuristic. The heuristics are defined as follows:

ADA: pe1,t+1 = 0.65pt−1 + 0.35pe1,t, (2.21a)

WTR: pe2,t+1 = pt−1 + 0.4(pt−1 − pt−2), (2.21b)

STR: pe3,t+1 = pt−1 + 1.3(pt−1 − pt−2), (2.21c)

LAA: pe4,t+1 = 0.5(pavt−1 + pt−1) + (pt−1 − pt−2), (2.21d)

where pavt−1 is the sample average of all past prices up to (and including) time t− 1.24

The parameter values for the benchmark HSM are β = 0.4, η = 0.7 and δ = 0.9.

Four periods are needed to initialize the model. Given two initial prices p1 and p2,

the four heuristics generate predictions for period 4. The initial prediction of the

ADA heuristic for period 3 is the fundamental price, pf = 60. The initial distribution

of impacts in period 3 is equal for all heuristics: nh,3 = 0.25 for h = {1, 2, 3, 4}. The

performance measure for period 3 is zero. The predictions for period 4 and the impacts

in period 3 are then used to calculate the price in period 3. In period 4, the same

initial impacts are used, since past performance is not well defined yet. After these

four periods, the model is fully initialized. In every period t ≥ 5, first the performance

measure Uh,t−1 is updated, then the new impacts nh,t are determined, the predictions

peh,t+1 are computed, and the new market price pt is realized.

2.7 Simulations with the heuristics switching model

2.7.1 One-period-ahead simulations

To get insight in the adaptive learning and strategy switching, we use the experimental

data for one-period-ahead simulations of the HSM. For each session, the two initial

prices are chosen to correspond to the first two prices in that session. The prices in the

experiment are also used to compute the performance measure and the predictions of

the four heuristics. Each period, the model thus simulates a price for period t, but this

price is not used in period t+ 1 to simulate the next price. By using the experimental

prices instead, the model uses exactly the same information about past prices that was

available to the participants in the experiment.

Figure 2.9 visualizes the results of the HSM. For each session, the figures show the

experimental and simulated prices, the forecasts and the forecast errors of the four

24Just as in the experiment, the predictions should be between 0 and 1000. If heuristic h leads to a
prediction lower than 0, peh,t+1 is set to 0. Similarly, if the heuristic leads to a prediction higher than
1000, peh,t+1 is set to 1000.
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(a) Session L1
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(b) Session L2
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(c) Session L3
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(d) Session L4

Figure 2.9: One-period-ahead simulations of the HSM (session L1-L4)
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(a) Session L5
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(b) Session L6
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Figure 2.9: One-period-ahead simulations of the HSM (session L5-L7)
Left: experimental prices and simulated prices (top panel), forecasts of the four heuris-
tics (bottom left panel) and corresponding forecast errors (bottom right panel). The
dashed line in the top and bottom left panel indicates the fundamental value of 60.
Note that the vertical axis for session L5 runs up to 200 instead of 1000. Right: impacts
of the four heuristics.

heuristics, and the evolution of impacts. The figures suggest that the fit of the HSM

is reasonable. Not surprisingly, the simulated prices follow the same bubble-and-crash

pattern as in the experiment. However, when the price rises rapidly during a bubble,

the simulated price is in most cases lower than the experimental price, and vice versa

during a crash. It seems that the four heuristics are not able to fully capture the
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extremely large price changes. The model fit is better when prices are relatively stable,

mainly in the beginning of a session and if there is some stabilization in the last periods.

The simulated prices are then quite close to the realized prices in the experiment.

In all sessions, we see that the four heuristics make similar predictions. This is in

line with coordination of individual expectations. Forecast errors are defined as the

experimental price minus the predicted price, so that a positive error means that the

prediction is too low. The plots of the forecast errors also indicate that the heuristics

produce forecasts that are generally too low during a bubble and too high during a

crash. The forecast errors are correlated: all heuristics either overpredict or underpre-

dict at the same time. The order of magnitude of the errors is in line with the forecast

errors of the participants in the experiment.

The evolution of impacts in the six sessions with large bubbles is similar. The

impact of the STR rule immediately starts increasing from 25% up to 80% or more,

while the impacts of the other heuristics gradually drop. The dominance of the STR

rule reflects the strong upward trend in prices. But this heuristic misses the trend

reversals when the market crashes and when a new bubble starts to form. The LAA

rule also gives weight to the average price in the market and is therefore better at

predicting trend reversals and price oscillations. Hence, the impact of STR decreases

after the first crash and the LAA rule gains impact, rising to more than 80%. In session

L1, L2, L4 and L7, the amplitude of the bubbles decreases and prices slowly seem to

stabilize. The impact of the ADA heuristic increases at the expense of LAA, explaining

the price stabilization. There is no stabilization in session L3 and L6, where the impact

of the LAA rule keeps increasing and enforces persistent price oscillations.

In session L5, the pattern in the first thirty periods is comparable to the sessions

with large bubbles. The STR rule dominates in the beginning, but is taken over by the

LAA heuristic when the price starts oscillating. The impacts grow to a maximum of

around 65% for STR and 75% for LAA. These impacts are not as large as in the other

sessions, because the bubbles are smaller and the price stabilizes more quickly. This

causes the impact of the ADA rule to rise up to 85% and dominate the other rules in

the last ten periods, reinforcing price stabilization.

Our results with large groups are in line with the results of Anufriev and Hommes

(2012b) for small groups. Session L5 is similar to the oscillating markets of HSTV05,

and the other sessions are comparable to the markets with large bubbles of HSTV08.
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2.7.2 Forecasting performance

The model fit can be evaluated by the mean squared error (MSE). We compare six

homogeneous expectation rules and three versions of the HSM. The homogeneous rules

are fundamental expectations, naive expectations, and the four heuristics of the HSM.

The versions of the HSM are the benchmark model, a HSM with fixed fractions (δ = 1),

and a HSM that is fitted to the experimental data.

The fitted HSM is found by using a grid search to minimize the MSE over the

parameters β, η and δ. The optimal parameter values can be found in Table 2.5. In

most sessions, the optimal value of β is close to or slightly higher than the benchmark

value of 0.4. Recall that a larger β means that participants switch faster to more

successful rules. Still, the difference with the benchmark case is small even for the

highest value of β = 1.72, bearing in mind that the grid search considered values for β

in the interval [0, 10].25 The optimal value of η is lower than the benchmark value of

0.7 in all but one session. This indicates that the memory of the performance measure

is slightly shorter, so that more distant prediction errors get less weight. In all sessions,

the optimal value of δ is somewhat lower than the benchmark value of 0.9, suggesting

that the inertia is somewhat smaller and a somewhat larger fraction of participants

considers to update their rule in each period.

For each model, the MSE is calculated for t = 5, . . . , 50. This is because the HSM

takes four periods to fully initialize. It can also be seen as a learning phase. Table 2.5

shows the MSE of the nine models in every session. The fundamental prediction per-

forms much worse than all other models, especially in the sessions with large bubbles

where prices deviate far from the fundamental. The best performing homogeneous

model in the sessions where prices stabilize in the last periods (session L1, L2, L4, L5

and L7) is the LAA heuristic. In the sessions without stabilization (session L3 and

L6), the STR rule performs better.

The fitted HSM has the minimal MSE of the HSMs by definition. Ignoring the

fitted model, the benchmark HSM always has the lowest MSE. The differences of the

benchmark HSM compared to the homogeneous models and the fixed fractions HSM

are substantial. In most sessions, the improvement of fit of the fitted HSM compared

to the benchmark HSM is not as large as when the benchmark HSM is compared to

the best homogeneous model. This suggests that the results of the HSM are not very

sensitive to the parameters. Nonetheless, the HSM with fixed fractions has a higher

25Anufriev and Hommes (2012b) found that β = 10 is the optimal value for four of the fourteen
sessions of Hommes et al. (2005a) and for one of the six sessions of HSTV08. In addition, they found
a relatively high value of β = 5.93 for another session of HSTV08. The other values of β and the
optimal values of η and δ that they found for the sessions of HSTV08 are comparable to our results.
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Table 2.5: MSE of nine models and parameters of the fitted HSM

Session L1 L2 L3 L4 L5 L6 L7

Homogeneous models
FUN 150,194 136,948 117,585 131,006 456 147,455 152,423
NAI 27,275 32,837 20,217 28,928 209 25,825 27,067
ADA 42,515 45,084 33,072 38,881 295 41,589 40,376
WTR 18,184 25,325 11,907 23,311 157 15,917 19,006
STR 17,878 23,630 6,182 22,199 238 11,721 18,518
LAA 12,732 16,613 9,140 17,209 119 11,994 13,425
Heuristics switching models
Fixed frac. 13,475 18,254 8,344 17,559 120 10,789 13,978
Benchmark 6,673 11,530 3,781 13,028 93 5,144 8,352
Fitted 5,735 10,851 3,055 9,688 60 4,874 6,869
Optimal parameter values of the fitted HSM
β ∈ [0, 10] 0.49 0.59 0.38 1.05 0.37 0.86 1.72
η ∈ [0, 1] 0.39 0.69 0.93 0.56 0.36 0.38 0.57
δ ∈ [0, 1] 0.77 0.81 0.87 0.48 0.66 0.78 0.72

Notes: For each session, the lowest MSE is shown in italic and it is always the MSE of the fitted HSM. The benchmark

HSM has the second lowest MSE, which is shown in bold. The MSE of the best performing homogeneous model is also

shown in bold for comparison.

MSE than the best performing homogeneous model, except in session L6. It seems

that the model fit significantly improves due to the flexibility of the strategy switching.

Compared to the other sessions, the MSE of all models is much lower in session L5.

This illustrates that it is easier to predict prices in a relatively stable market. The very

high MSEs in the other sessions show that it is extremely hard to forecast the large

bubbles and crashes.

When we compare our results to the findings of Anufriev and Hommes (2012b), we

see that the fit of the HSM in our experiment is generally worse than in HSTV08. This

is due to the rapid price increases and decreases in our large groups, that even the STR

rule cannot accurately capture. Hence the more large bubbles occur in a session, the

higher the MSE.

2.7.3 50-period-ahead simulations

Next, we consider 50-period-ahead simulations of the HSM. The goal is to qualitatively

replicate the price patterns in the experiment as accurately as possible. These simula-

tions do not use experimental data. We only specify values for β, η and δ, initial prices

for period 1 and 2, and initial impacts for period 3 and 4. These parameters and initial

values are found by trial and error.

Figure 2.10 shows 50-period-ahead simulations of the typical price pattern with

large bubbles (similar to session L1, L2, L4, L6 and L7) and the price pattern with
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Figure 2.10: 50-period-ahead simulations of the HSM
Left: typical price pattern with large bubbles (similar to session L1, L2, L4, L6 and
L7). Right: price pattern with small bubbles (similar to session L5). The dashed line
indicates the fundamental value of 60.

Table 2.6: Parameters and initial values for 50-period-ahead simulations

Parameters Prices Impacts (t = 3, 4)
β η δ p1 p2 n1,t n2,t n3,t n4,t

Large bubbles 0.4 0.7 0.9 30 80 0 0 0.99 0.01
Small bubbles 0.4 0.5 0.9 40 45 0 0.2 0.7 0.1

small bubbles (similar to session L5). The initializations that were used for these

simulations can be found in Table 2.6.

The formation of large bubbles strongly depends on the initial prices and impacts.

Choosing two prices that are relatively far apart gives a strong upward trend and

triggers a quick formation of a large bubble. The initial impacts of the heuristics

determine the course of the market price. A very large impact of the STR rule reinforces

the strong trends and leads to large bubbles. Starting with a small impact of the LAA

heuristic allows this rule to gain impact over time, leading to persistent oscillations with

decreasing amplitude. We simply used the benchmark parameter values to simulate

the large bubbles. Changing β barely has any effect. Slightly lowering η and δ makes

the bubbles form a bit faster.

To simulate the small bubbles, the initial prices are relatively low and close to

each other, to give rise to a weak upward trend. The STR rule still dominates in the

beginning so that a bubble forms, but now the WTR rule and the LAA heuristic have

larger initial impacts to make the oscillations smaller and converging. We used the

benchmark values for β and δ, but a lower value of η. The shorter memory ensures

that the bubbles remain small.

The HSM is thus able to qualitatively match the typical long run price patterns.

However, it is difficult to perfectly replicate the frequency and amplitude of the oscilla-

tions. Unfortunately, we were not able to replicate the atypical price pattern of session

L3. With this specification of the HSM, it seems impossible to simulate a market that
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starts with a small bubble and then suddenly forms several large bubbles.26

2.8 Conclusion

Previous studies have shown that large bubbles caused by coordination on a trend-

following prediction strategy often occur in asset pricing experiments with small groups

of ten participants or less. Will coordination on these bubbles also occur in larger

groups? We increase the market size in the learning-to-forecast experiment of HSTV08

to the size of a typical computer lab. The experiment consists of seven sessions with 21

to 32 participants per market, a group size larger than in most laboratory experiments.

Our study shows that the empirical answer to the above question is yes: coordina-

tion on large bubbles occurs in six out of seven markets. Prices increase rapidly up to fif-

teen times the fundamental value. Participants seem to coordinate on a trend-following

prediction strategy, causing the first large bubble. We also observe heterogeneity in

expectations and switching between prediction strategies. Simple linear forecasting

rules provide a good description of the behavior of many participants. The strategies

resemble simple benchmark heuristics, such as trend-following rules and anchoring and

adjustment.

The bubbles in our large groups occur even faster and more frequently than in

the smaller markets of HSTV08. The estimated heuristics over the whole course of

both experiments are however not substantially different. Focusing on the formation

of the first bubble, we find that the growth rate of prices and the estimated trend

extrapolation coefficients are on average higher in large groups, but the differences

are not statistically significant. We also observe on average higher initial predictions

and prices in large groups. Still, these observations on their own cannot explain the

differences in price dynamics. But a combination of factors, such as higher initial

prices and stronger trend extrapolation in large groups, might contribute to the faster

formation of large bubbles.

Heuristics switching models are suitable to analyze the experimental data, because

these heterogeneous expectations models incorporate adaptive learning and switching

between simple strategies. We illustrate with both one-period-ahead and 50-period-

ahead simulations that the HSM is able to capture the price patterns observed in the

experiment. The evolution of the impacts of the four heuristics highlights that strong

26Recall that the use of a strong trend-following rule leads to increasing bubbles (see Figure 2.2c).
It is possible to simulate a price pattern that is qualitatively similar to session L3 by using a trend-
following rule with a slightly larger trend extrapolation coefficient as in the HSM, i.e. γ = 1.4 instead
of γ = 1.3.
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trend extrapolation is important for the formation of a large bubble, that the flexi-

ble anchoring and adjustment rule promotes persistent oscillations, and that adaptive

expectations lead to price stabilization and convergence. The HSM has better forecast-

ing performance than several benchmark homogeneous expectation rules. It appears

that allowing for learning and strategy switching substantially improves the model fit.

Heterogeneity in expectations seems crucial to explain the price dynamics.

Coordination, heterogeneity in expectations, the use of simple forecasting heuristics

and strategy switching are all observed in multiple LtFEs (see e.g. Anufriev and

Hommes, 2012b; Assenza et al., 2014; Heemeijer et al., 2009; Hommes et al., 2005a,

2008). The larger markets in our experiment did not result in individual forecast errors

cancelling out at the aggregate level. Hence, expectations cannot be called rational in

the sense of Muth (1961). The results of our large-group experiment are thus largely

comparable to the results of HSTV08 and other related experiments with small groups.

These results are reassuring for financial market experiments with small groups.

However, a caveat is in order as this conclusion is only based on seven large-group

observations in a simple asset pricing environment. More experimental data on aggre-

gate and individual behavior in large groups are necessary for more accurate empirical

evidence and to test the robustness of bubbles in large groups.

Appendix 2.A Instructions experiment

General information

You are a financial advisor to a pension fund that wants to optimally invest a large

amount of money. The pension fund has two investment options: a risk-free investment

and a risky investment. The risk-free investment is putting all money on a bank

account paying a fixed and known interest rate. The alternative risky investment is

an investment in the stock market with uncertain return. In each time period the

pension fund has to decide which fraction of its money to put on the bank account and

which fraction of the money to spend on buying stocks. In order to make an optimal

investment decision the pension fund needs an accurate prediction of the price of the

stock. As their financial advisor, you have to predict the stock market price during

51 subsequent time periods. Your earnings during the experiment depend upon your

forecasting accuracy. The smaller your forecasting errors in each period, the higher

your total earnings.

44



2.A. Instructions experiment

Forecasting task of the financial advisor

The only task of the financial advisors in this experiment is to forecast the stock market

index in each time period as accurate as possible. The stock price has to be predicted

two time periods ahead. At the beginning of the experiment, you have to predict the

stock price in the first two periods. It is very likely that the stock price will be between

0 and 100 in the first two periods. After all participants have given their predictions

for the first two periods, the stock market price for the first period will be revealed and

based upon your forecasting error your earnings for period 1 will be given. After that

you have to give your prediction for the stock market index in the third period. After

all participants have given their predictions for period 3, the stock market index in the

second period will be revealed and, based upon your forecasting error your earnings

for period 2 will be given. This process continues for 51 time periods.

The available information for forecasting the stock price in period t consists of

• all past prices up to period t− 2, and

• past predictions up to period t− 1, and

• total earnings up to period t− 2

Information about the stock market

The stock market price is determined by equilibrium between demand and supply of

stocks. The stock market price in period t will be that price for which aggregate demand

equals supply. The supply of stocks is fixed during the experiment. The demand for

stocks is determined by the aggregate demand of a number of large pension funds

active. Each pension fund is advised by a participant of the experiment.

Information about the investment strategies of the pension

funds

The precise investment strategy of the pension fund that you are advising and the

investment strategies of the other pension funds are unknown. The bank account of

the risk-free investment pays a fixed interest rate of 5% per time period. The holder of

the stock receives a dividend payment in each time period. These dividend payments

are uncertain however and vary over time. Economic experts of the pension funds

have computed that the average dividend payments are 3 euro per time period. The
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return of the stock market per time period is uncertain and depends upon (unknown)

dividend payments as well as upon price changes of the stock. As the financial advisor

of a pension fund you are not asked to forecast dividends, but you are only asked to

forecast the price of the stock in each time period. Based upon your stock market price

forecast, your pension fund will make an optimal investment decision. The higher your

price forecast the larger will be the fraction of money invested by your pension fund in

the stock market, so the larger will be their demand for stocks.

Earnings

Earnings will depend upon forecasting accuracy only. The better you predict the stock

market price in each period, the higher your aggregate earnings. Your earnings in each

period will be determined by the following scoring rule:

et = max{1300− 1300

49
(pt − pet )2, 0},

where et is the number of points you earn in period t, pt is the realized stock price in

period t, and pet is your prediction of the stock price in period t. The earnings table

below gives the number of points corresponding to each value of the forecasting error.

At the end of the experiment, your total earnings in points will be converted into euros,

at an exchange rate of 0.5 euro for 1300 points.

Control questions

• Suppose in one period, your prediction for the market price is 45.5, and the market

price turns out to be 45.75. How many points do you earn for the forecasting

task in this period? (Answer: 1298)

• Suppose a financial advisor predicts the asset price goes up in period 10, and goes

down in period 20, and his investment fund acts according to his prediction. In

which period does the fund buy more units of the asset, period 9 or period 19?

(Answer: period 9)

• In which of the following cases will the asset price go up?

A. When advisors think the price will go down and the investment funds buy

very little.

B. When advisors think the price will go up and investment funds buy a lot.

(Answer: B)
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2.A. Instructions experiment

• Suppose by the end of the experiment you earn 26,000 points, how much do you

earn in terms of euros? (Answer: 10 euro)

Earnings table

error points error points error points error points error points

0.1 1300 1.5 1240 2.9 1077 4.3 809 5.7 438

0.15 1299 1.55 1236 2.95 1069 4.35 798 5.75 423

0.2 1299 1.6 1232 3 1061 4.4 786 5.8 408

0.25 1298 1.65 1228 3.05 1053 4.45 775 5.85 392

0.3 1298 1.7 1223 3.1 1045 4.5 763 5.9 376

0.35 1297 1.75 1219 3.15 1037 4.55 751 5.95 361

0.4 1296 1.8 1214 3.2 1028 4.6 739 6 345

0.45 1295 1.85 1209 3.25 1020 4.65 726 6.05 329

0.5 1293 1.9 1204 3.3 1011 4.7 714 6.1 313

0.55 1292 1.95 1199 3.35 1002 4.75 701 6.15 297

0.6 1290 2 1194 3.4 993 4.8 689 6.2 280

0.65 1289 2.05 1189 3.45 984 4.85 676 6.25 264

0.7 1287 2.1 1183 3.5 975 4.9 663 6.3 247

0.75 1285 2.15 1177 3.55 966 4.95 650 6.35 230

0.8 1283 2.2 1172 3.6 956 5 637 6.4 213

0.85 1281 2.25 1166 3.65 947 5.05 623 6.45 196

0.9 1279 2.3 1160 3.7 937 5.1 610 6.5 179

0.95 1276 2.35 1153 3.75 927 5.15 596 6.55 162

1 1273 2.4 1147 3.8 917 5.2 583 6.6 144

1.05 1271 2.45 1141 3.85 907 5.25 569 6.65 127

1.1 1268 2.5 1134 3.9 896 5.3 555 6.7 109

1.15 1265 2.55 1127 3.95 886 5.35 541 6.75 91

1.2 1262 2.6 1121 4 876 5.4 526 6.8 73

1.25 1259 2.65 1114 4.05 865 5.45 512 6.85 55

1.3 1255 2.7 1107 4.1 854 5.5 497 6.9 37

1.35 1252 2.75 1099 4.15 843 5.55 483 6.95 19

1.4 1248 2.8 1092 4.2 832 5.6 468 error ≥ 7 0

1.45 1244 2.85 1085 4.25 821 5.65 453
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Appendix 2.B Tables

2.B.1 Experimental results

Table 2.7: Summary statistics large-group experiment

Session L1 L2 L3 L4 L5 L6 L7

Average price 327.32 323.98 273.05 321.28 59.96 309.42 339.48

Minimum price 28.59 53.74 24.17 49.26 14.12 31.02 50.41

Period min. price 20 1 25 1 18 26 1

Maximum price 876.29 851.28 852.56 868.59 95.48 869.72 918.55

Period max. price 13 13 34 15 11 16 14

Initial prices

Period 1 55.28 53.74 46.73 49.26 51.55 48.38 50.41

Period 2 61.09 59.54 52.65 55.50 59.19 56.11 53.64

Average initial pred.

Period 1 50.87 48.00 42.24 44.36 46.80 40.91 42.33

Period 2 55.19 53.57 46.21 48.87 51.28 47.94 50.08

Period 3 61.27 59.64 52.40 55.40 59.28 56.04 53.45

St. dev. initial pred.

Period 1 21.26 12.91 17.79 24.06 21.42 20.21 21.13

Period 2 23.02 14.35 18.24 34.19 24.05 22.63 24.57

Period 3 16.26 19.21 19.70 14.18 13.58 10.00 6.17

Table 2.8: Summary statistics small-group experiment (HSTV08)

Session S1 S2 S3 S4 S5 S6

Average price 115.52 273.45 177.45 306.25 167.07 182.98

Minimum price 48.4 32.86 9.68 9.21 12.56 23.78

Period min. price 44 48 39 31 46 18

Maximum price 228.70 934.54 931.11 954.75 940.16 749.62

Period max. price 28 28 29 22 38 29

Initial prices

Period 1 52.06 41.53 52.54 36.71 54.52 30.49

Period 2 51.43 45.35 54.68 41.08 59.37 34.52

Average initial pred.

Period 1 42.50 41.83 51.58 33.43 47.58 24.17

Period 2 51.67 40.61 52.17 35.54 54.25 29.01

Period 3 51.00 44.62 54.42 40.13 59.33 33.25

St. dev. initial pred.

Period 1 14.05 14.63 15.49 15.33 6.17 20.41

Period 2 14.38 13.07 10.46 15.68 5.69 18.76

Period 3 6.79 3.68 1.28 6.22 6.56 3.01

48



2.B. Tables

2.B.2 Estimated forecasting rules

Table 2.9: Estimated trend extrapolation coefficient γ

Large-group experiment Small-group experiment (HSTV08)

P L1 L2 L4 L6 L7 S2 S3 S4 S6

1 1.603 1.774 2.201 1.357 0.578 1.077 2.113 0.868 0.647

2 0.587 1.789 2.380 1.920 0.178 0.527 2.148 0.991 1.094

3 0.642 1.800 1.779 1.638 1.112 1.097 1.656 1.138 1.020

4 1.227 1.769 0.517 2.235 0.888 1.147 2.078 1.119 1.355

5 0.512 0.826 1.512 1.259 0.904 0.891 2.006 0.866 2.058

6 0.323 1.348 1.886 1.403 1.010 1.066 1.795 1.081 0.508

7 1.372 1.346 2.448 2.232 0.924

8 1.287 1.039 1.577 0.957 0.799

9 0.916 -2.056 1.673 2.037 1.082

10 0.053 2.103 1.287 1.911 1.072

11 1.226 0.854 2.461 1.898 1.113

12 0.989 1.825 2.390 1.867 1.276

13 1.084 1.763 2.106 1.361 0.931

14 1.120 0.617 2.473 1.741 1.249

15 1.275 2.244 2.579 2.033 0.456

16 1.189 1.934 2.829 1.718 0.710

17 1.200 1.840 1.913 1.256 0.737

18 1.278 1.874 2.027 1.863 1.127

19 1.108 1.075 2.067 1.316 -0.188

20 1.103 1.593 2.310 1.552 0.743

21 0.918 1.672 2.392 1.754 1.117

22 1.000 1.422 0.866 1.061

23 1.411 2.098 1.711 1.023

24 0.985 2.106 2.393 1.158

25 1.424 1.639 2.838 1.181

26 1.182 2.232 1.983 0.999

27 2.114 1.114

28 2.367 1.486

29 1.492 1.135

30 1.688 0.934

31 3.156 0.638

32 1.807 0.556

γ̄ 1.039 1.482 2.038 1.681 0.909 0.968 1.966 1.01 1.114

Notes: ‘P’ indicates the number of the participant. The last row gives the average estimated trend extrapolation

coefficient γ̄ for each session.
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Table 2.10: General linear forecasting rules

L P α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG W RR

1 1 141.0 2.198 -2.359 0 0 0 0 0.765 0 0.716 0.098 0.059 0.027

1 2 32.9 1.422 0 0 0 0 -0.476 0 0 0.952 0.821 0.557 0.070

1 3 40.8 1.727 -0.780 0 0 0 0 0 0 0.959 0.859 0.118 0.352

1 4 188.5 0 0 0 -0.392 0 0.868 0 0 0.669 0.412 0.009 0.642

1 5 45.5 0.701 -0.439 0 0 0.479 0 0 0 0.555 0.725 0.014 0.410

1 6 73.5 1.568 -0.680 0 0 0 0 0 0 0.910 0.516 0.701 0.672

1 7 69.2 1.901 -1.459 0 0 0 0 0.349 0 0.782 0.988 0.006 0.181

1 8 70.2 2.829 -1.046 0 0 -0.880 0 0 0 0.853 0.599 0.046 0.458

1 9 137.8 0.836 0 0 0 0.720 -0.913 0 0 0.789 0.622 0.424 0.197

1 10 6.2 0.505 0 -0.169 0 0.490 0 0 0 0.828 0.387 0.057 0.006

1 11 180.1 1.535 -1.024 0 0 0 0 0 0 0.772 0.757 0.504 0.022

1 12 81.1 1.255 -1.871 1.115 -0.413 0.699 0 0 0 0.892 0.917 0.081 0.334

1 13 128.8 0.913 -0.795 0 0 0.522 0 0 0 0.762 0.503 0.210 0.272

1 14 126.5 1.781 -1.048 0 0 0 0 0 0 0.854 0.706 0.219 0.268

1 15 153.3 0 0 0 0 1.115 -0.510 0 0 0.667 0.457 0.210 0.819

1 16 47.2 2.155 -1.004 0.499 0 0 -0.696 0 0 0.810 0.875 0.679 0.912

1 17 119.0 1.702 -1.033 0 -0.363 0 0 0.435 0 0.861 0.410 0.718 0.555

1 18 162.3 0 0 0 0 1.222 -0.653 0 0 0.744 0.730 0.100 0.643

1 19 142.0 0 0 0 0 1.254 -0.625 0 0 0.757 0.238 0.426 0.277

1 20 119.5 1.606 0 0 0 0 -0.932 0 0 0.636 0.077 0.171 0.349

1 21 47.3 1.895 -0.786 -0.489 0 0 0 0 0.355 0.923 0.653 0.568 0.332

1 22 178.9 1.637 0 0 0 0 -0.920 0 0 0.748 0.908 0.032 0.254

1 23 118.0 0.875 0 0 0 0.554 -0.632 0 0 0.790 0.507 0.112 0.487

1 24 190.0 1.366 -0.717 0 0 0 0 0 0 0.717 0.092 0.145 0.055

1 25 248.5 1.478 -1.068 0 0 0 0 0 0 0.475 0.557 0.192 0.443

1 26 100.9 1.855 -1.091 0 0 0 0 0 0 0.864 0.556 0.134 0.110

L P α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG W RR

2 1 127.1 1.082 -1.293 0 0 0.525 0 0.319 0 0.817 0.382 0.071 0.052

2 2 190.6 1.500 -0.998 0 0 0 0 0 0 0.644 0.676 0.009 0.981

2 3 105.2 1.502 -0.925 0 0.292 0 0 0 0 0.776 0.505 0.009 0.136

2 4 136.2 1.593 -1.285 0 0 0 0 0.343 0 0.688 0.319 0.007 0.824

2 5 171.7 0 -0.438 0 0 0.954 0 0 0 0.594 0.384 0.479 0.299

2 6 159.3 1.643 -1.371 1.433 -0.871 0 0 -0.954 0.679 0.732 0.046 0.297 0.491

2 7 167.4 1.184 -0.546 0 0 0 0 0 0 0.747 0.077 0.145 0.920

2 8 72.7 1.321 0 0 0 0 -0.649 0 0.261 0.745 0.139 0.198 0.656

2 9 171.4 0 0 0 0 0.496 0 -0.502 0.346 0.378 0.732 0.504 0.092

2 10 157.1 1.584 -1.397 0.494 0 0 0 0 0 0.705 0.116 0.203 0.995

2 11 169.9 1.187 -0.673 0 0 0 0 0 0 0.665 0.713 0.681 0.924

2 12 195.3 1.378 -0.910 0 0 0 0 0 0 0.666 0.824 0.254 0.399

2 13 169.5 0 0 0 0.644 0.905 -0.415 0 -0.624 0.628 0.129 0.085 0.358

2 14 116.9 1.087 0 0 0 0 -0.314 0 0 0.663 0.948 0.135 0.967

2 15 146.1 0.563 -0.607 0 0 0.621 0 0 0 0.637 0.378 0.013 0.415

2 16 141.3 1.643 -0.962 0 0 0 0 0 0 0.799 0.762 0.124 0.628

2 17 136.2 1.519 -1.100 0 -0.581 0 0 0 0.806 0.650 0.161 0.673 0.981

2 18 130.3 1.672 -1.477 0.477 0 0 0 0 0 0.666 0.661 0.016 0.833

2 19 84.6 1.528 -0.972 0 0 0 0.324 0 0 0.822 0.595 0.371 0.019

2 20 88.3 1.632 -1.376 0.501 0 0 0 0 0 0.607 0.722 0.081 0.230

2 21 141.2 1.328 -0.775 0 0 0 0 0 0 0.679 0.160 0.139 0.076

2 22 119.5 1.382 -0.756 0 -0.829 0 0 0 0.855 0.779 0.044 0.477 0.435

2 23 306.7 0 -0.524 0 0 0.610 0 0 0 0.441 0.869 0.019 0.033

2 24 187.5 0 0 0 0 1.190 -0.701 0 0 0.745 0.536 0.457 0.228

2 25 136.2 1.060 -0.415 0 0 0 0 0 0 0.558 0.761 0.006 0.095

2 26 71.7 1.907 -1.489 0.435 0 0 0 0 0 0.769 0.856 0.091 0.512

Notes: ‘L’ indicates the number of the session, ‘P’ indicates the number of the participant. A bold value of α indicates

that the constant is significant at the 5% level. The columns ‘BG’, ‘W’ and ‘RR’ report p-values of the Breusch-Godfrey

test, White test and Ramsey RESET test. Bold values indicate significance at the 5% level.
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Table 2.10: General linear forecasting rules (continued)

L P α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG W RR

3 1 47.1 1.358 0 0 0.823 0 -0.664 0 -0.564 0.940 0.346 0.001 0.824

3 2 46.0 0.542 -0.484 0 0 0.658 0 0 0 0.548 0.280 0.002 0.035

3 3 -11.4 2.836 0 0 0.224 -0.696 -1.138 0 0 0.940 0.280 0.004 0.794

3 4 26.1 2.702 -2.809 1.999 0 0 0 -0.787 0 0.902 0.398 0.001 0.616

3 5 32.3 1.531 0 -1.211 0 0 0 0 0.599 0.911 0.419 0.475 0.103

3 6 29.9 2.486 -2.307 0 0 0 0 0 0.769 0.898 0.556 0.157 0.945

3 7 31.4 2.376 -0.604 0 0 -0.815 0 0 0 0.955 0.772 0.018 0.098

3 8 55.2 2.383 -2.3 0.793 0 0 0 0 0 0.864 0.205 0.000 0.651

3 9 57.0 2.324 0 -3.640 0.675 -0.576 0 1.982 0 0.964 0.155 0.044 0.956

3 10 9.1 1.647 -0.902 0.514 -0.584 0 0 0 0.340 0.982 0.137 0.086 0.660

3 11 42.3 1.889 -1.117 0 1.540 0 0 0 -1.243 0.898 0.101 0.605 0.094

3 12 -16.8 3.340 0 0 0.644 -0.946 -1.041 -0.637 0 0.915 0.338 0.021 0.325

3 13 58.6 0 -0.790 0 0.301 1.284 0 0 0 0.874 0.270 0.050 0.407

3 14 23.1 2.876 -1.571 0.851 0 0 -1.168 0 0 0.880 0.733 0.053 0.222

3 15 48.7 1.310 -2.436 2.117 -1.002 0.773 0 0 0 0.845 0.273 0.027 0.091

3 16 3.5 2.375 -0.896 0 0.388 0 -0.739 0 0 0.906 0.017 0.244 0.255

3 17 -5.0 2.242 0 -1.068 0.959 0 -0.932 0 0 0.877 0.230 0.021 0.185

3 18 -5.4 1.958 -0.385 0 -0.762 -0.480 0 0 0.711 0.984 0.430 0.000 0.231

3 19 28.8 2.756 -0.692 0 0 -1.038 0 0 0 0.963 0.863 0.330 0.768

3 20 54.0 1.008 0 -0.846 0.610 0 0 0 0 0.531 0.930 0.013 0.875

3 21 46.1 1.332 -1.353 0 0 0.436 0.437 0 0 0.949 0.128 0.009 0.723

3 22 56.3 2.734 -1.979 0 0 0 -0.676 0.773 0 0.889 0.544 0.066 0.678

3 23 10.5 1.399 -1.029 0 0.877 1.018 -1.225 0.820 -0.780 0.936 0.018 0.002 0.282

3 24 5.5 1.962 -1.068 0 0.533 0.506 -0.829 0 0 0.901 0.163 0.009 0.026

L P α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG W RR

4 1 123.9 1.602 -0.983 0 0.205 0 0 0 0 0.755 0.362 0.559 0.473

4 2 113.4 1.780 -1.440 0 0 0 0 0.394 0 0.788 0.612 0.558 0.772

4 3 132.3 1.524 -1.208 0.392 0 0 0 0 0 0.657 0.447 0.220 0.306

4 4 98.4 1.307 -0.531 0 0 0 0 0 0 0.797 0.757 0.022 0.036

4 5 146.4 1.201 0 0 0 0 -0.581 0 0 0.652 0.890 0.455 0.257

4 6 183.8 1.075 -0.617 0 0 0 0 0 0 0.516 0.086 0.022 0.799

4 7 139.2 0.739 -0.939 0 0 0.538 0 0 0.304 0.699 0.879 0.821 0.340

4 8 123.7 1.169 -0.609 0 0 0 0 0 0 0.699 0.335 0.001 0.265

4 9 76.9 1.305 -0.516 0 0 0 0 0 0 0.851 0.809 0.152 0.586

4 10 37.1 2.106 0 0 0 -0.879 -0.449 0 0 0.800 0.338 0.077 0.776

4 11 130.0 1.606 -1.503 0.946 0 0 0 0 -0.381 0.694 0.908 0.596 0.824

4 12 186.2 0 0 0 0 0.949 -0.461 0 0 0.549 0.620 0.768 0.151

4 13 110.5 1.494 -0.709 0 0 0 0 0 0 0.774 0.231 0.641 0.922

4 14 195.7 1.330 -0.871 0 0 0 0 0 0 0.572 0.322 0.036 0.854

4 15 171.7 0 0 0 0 1.005 -0.489 0 0 0.589 0.537 0.078 0.446

4 16 153.9 1.410 0 0 0 0 -0.715 0 0 0.548 0.536 0.292 0.864

4 17 189.4 0 0 0 0 0.777 -0.315 0 0 0.417 0.887 0.124 0.302

4 18 156.2 1.378 -0.793 0 0 0 0 0 0 0.653 0.344 0.055 0.846

4 19 162.0 1.022 -0.469 0 0 0 0 0 0 0.485 0.556 0.055 0.765

4 20 144.3 1.855 -1.554 0 0 0 0 0.351 0 0.722 0.193 0.049 0.375

4 21 124.0 1.506 -1.576 0.639 0 0 0 0 0 0.617 0.019 0.648 0.361

4 22 32.6 1.677 0 0.822 0 -0.613 -0.594 -0.484 0 0.899 0.450 0.842 0.733

4 23 92.8 1.205 -0.537 0 0 0 0 0 0 0.699 0.882 0.144 0.118

4 24 101.4 1.733 -1.098 0 0 0 0 0 0.172 0.775 0.919 0.252 0.882

4 25 178.9 1.346 -0.811 0 0 0 0 0 0 0.643 0.004 0.541 0.479

4 26 195.8 0 0 0 0 0.918 -0.447 0 0 0.526 0.733 0.053 0.107

4 27 193.2 0.899 -0.524 0 0 0 0 0 0 0.376 0.088 0.007 0.718

4 28 174.5 1.262 0 0 0 0 -0.642 0 0 0.623 0.294 0.216 0.502

4 29 52.2 1.701 -0.867 0 0 0 0 0.393 -0.276 0.797 0.971 0.418 0.282

4 30 122.5 1.580 -1.337 0.470 0 0 0 0 0 0.730 0.239 0.647 0.902

4 31 202.5 0 -0.485 0 0 0.903 0 0 0 0.591 0.396 0.265 0.256

4 32 95.8 1.063 0 0 0.742 0 -0.509 0 -0.568 0.642 0.048 0.011 0.624

Notes: ‘L’ indicates the number of the session, ‘P’ indicates the number of the participant. A bold value of α indicates

that the constant is significant at the 5% level. The columns ‘BG’, ‘W’ and ‘RR’ report p-values of the Breusch-Godfrey

test, White test and Ramsey RESET test. Bold values indicate significance at the 5% level.

51



CHAPTER 2. COORDINATION ON BUBBLES IN LARGE GROUPS

Table 2.10: General linear forecasting rules (continued)

L P α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG W RR

5 1 25.5 0.806 -1.357 0 0 0.806 0 0.331 0 0.799 0.106 0.227 0.732

5 2 7.6 2.668 -1.806 0 0 -0.469 0 0.517 0 0.908 0.151 0.065 0.075

5 3 17.1 1.123 -0.865 0 0 0.464 0 0 0 0.881 0.347 0.230 0.565

5 4 4.8 2.333 -2.526 1.471 -0.881 0 0 0 0.524 0.879 0.105 0.240 0.467

5 5 3.1 1.396 -0.480 0 0 0 0 -0.182 0.213 0.958 0.452 0.686 0.287

5 6 20.2 1.994 -2.466 1.813 -0.694 0 0 0 0 0.729 0.400 0.748 0.343

5 7 14.8 1.353 -1.503 1.243 -0.686 0.358 0 0 0 0.883 0.211 0.399 0.354

5 8 10.4 1.935 -2.097 1.400 -0.446 0 0 0 0 0.756 0.224 0.181 0.815

5 9 20.2 1.657 -2.091 1.848 -0.771 0.526 -0.468 0 0 0.825 0.053 0.017 0.137

5 10 3.3 1.993 -1.826 0.751 0 0 0 0 0 0.824 0.170 0.997 0.643

5 11 14.6 1.661 -1.656 1.096 -0.421 0 0 0 0 0.763 0.359 0.215 0.114

5 12 4.0 2.452 -2.719 2.111 -0.688 0 -0.238 0 0 0.928 0.082 0.409 0.109

5 13 21.5 2.238 -2.690 1.417 -0.781 0 0 0.456 0 0.835 0.841 0.914 0.660

5 14 13.1 2.010 -1.982 1.191 -0.465 0 0 0 0 0.860 0.944 0.156 0.290

5 15 9.7 1.926 -1.447 0.352 0 0 0 0 0 0.833 0.960 0.730 0.300

5 16 10.0 1.344 -2.077 1.086 0 0.409 0.358 0 -0.291 0.829 0.459 0.838 0.000

5 17 24.8 2.050 -2.571 1.895 -0.783 0 0 0 0 0.764 0.205 0.652 0.262

5 18 23.8 1.291 -2.337 1.942 -0.865 0.564 0 0 0 0.749 0.080 0.093 0.581

5 19 7.1 1.704 -1.082 0.485 0 0 0 0 -0.235 0.845 0.663 0.106 0.227

5 20 24.0 0 -0.993 0.956 -0.514 1.147 0 0 0 0.765 0.565 0.382 0.319

5 21 13.5 2.492 -2.195 1.522 -0.713 0 -0.977 0.658 0 0.729 0.063 0.047 0.048

L P α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG W RR

6 1 39.9 2.117 -0.776 0 0 -0.356 0 0 0 0.940 0.651 0.269 0.729

6 2 40.8 1.552 -0.704 0 0 0 0 0 0 0.836 0.311 0.008 0.883

6 3 43.0 2.336 -0.899 0 0 -0.491 0 0 0 0.936 0.327 0.394 0.847

6 4 59.3 1.831 0 -0.866 0.573 0 -0.591 0 0 0.822 0.217 0.058 0.970

6 5 14.5 2.129 -1.703 0.610 0 0 0 0 0 0.887 0.076 0.010 0.172

6 6 155.4 1.179 0 -0.492 0 0 -0.479 0 0 0.471 0.069 0.152 0.018

6 7 56.2 2.237 -1.858 0.484 0 0 0 0 0 0.865 0.797 0.043 0.682

6 8 47.4 1.992 -1.280 0 0.221 0 0 0 0 0.894 0.236 0.134 0.960

6 9 36.2 1.931 -0.851 0 0.657 0 0 -0.707 0 0.876 0.732 0.006 0.579

6 10 148.7 1.666 -1.057 0 0 0 0 0 0 0.745 0.144 0.873 0.727

6 11 54.5 2.530 -1.199 0 0.198 -0.644 0 0 0 0.909 0.803 0.344 0.877

6 12 299.1 0.866 0 0 0 0 0 -0.555 0 0.283 0.676 0.548 0.893

6 13 82.6 1.941 -1.350 0 0.218 0 0 0 0 0.855 0.196 0.071 0.982

6 14 85.7 2.665 -1.146 0 0 -0.628 0 0 0 0.899 0.685 0.006 0.210

6 15 26.8 0.858 -0.646 0 0 0.601 0 0 0 0.765 0.083 0.002 0.547

6 16 38.6 2.030 -1.685 1.281 0 0 0 -0.614 0 0.910 0.071 0.994 0.708

6 17 75.8 1.699 -0.857 0 0 0 0 0 0 0.887 0.559 0.416 0.623

6 18 69.7 1.728 -0.844 0 0 0 0 0 0 0.893 0.198 0.023 0.090

6 19 23.5 2.135 -0.450 0 0 -0.686 0 0 0 0.970 0.504 0.368 0.288

6 20 62.9 1.605 -1.207 0 0.431 0 0 0 0 0.612 0.579 0.068 0.772

6 21 105.4 0 0 -0.894 0.510 1.059 0 0 0 0.770 0.545 0.513 0.106

Notes: ‘L’ indicates the number of the session, ‘P’ indicates the number of the participant. A bold value of α indicates

that the constant is significant at the 5% level. The columns ‘BG’, ‘W’ and ‘RR’ report p-values of the Breusch-Godfrey

test, White test and Ramsey RESET test. Bold values indicate significance at the 5% level.
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Table 2.10: General linear forecasting rules (continued)

L P α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG W RR

7 1 19.3 1.689 -0.748 0 0 0 0 0 0 0.868 0.758 0.395 0.075

7 2 22.1 1.393 -0.585 0 0 0 0 -0.299 0.508 0.828 0.573 0.138 0.877

7 3 152.5 0 0 0 0 1.072 -0.470 0 0 0.641 0.790 0.555 0.702

7 4 82.9 1.681 -1.328 0.452 0 0 0 0 0 0.707 0.841 0.397 0.407

7 5 127.5 0 0 -0.449 0 0.772 0 0 0.327 0.549 0.645 0.067 0.886

7 6 117.8 0.796 0 0 0 0 0 0 0 0.524 0.689 0.425 0.683

7 7 96.1 0.561 -0.633 0 0 0.790 0 0 0 0.768 0.289 0.019 0.199

7 8 128.8 1.463 -1.501 0.633 0 0 0 0 0 0.462 0.074 0.204 0.830

7 9 68.1 2.355 -0.887 0 0 -0.576 0 0 0 0.885 0.505 0.542 0.164

7 10 168.6 0.876 0 0 0 0.506 -0.725 0 0 0.634 0.789 0.857 0.485

7 11 143.9 1.583 -0.944 0 0 0 0 0 0 0.786 0.734 0.412 0.125

7 12 220.9 0 -0.501 0 0 0.909 0 0 0 0.588 0.842 0.452 0.066

7 13 83.6 1.633 -0.775 0 0 0 0 0 0 0.906 0.931 0.442 0.830

7 14 138.7 1.524 0 0 0 0 -0.789 0 0 0.634 0.238 0.528 0.861

7 15 50.1 1.404 0 0 0 -0.206 -0.260 0 0 0.952 0.831 0.019 0.720

7 16 67.4 2.690 0 0 0 -0.885 -1.028 0 0 0.848 0.842 0.551 0.857

7 17 52.8 1.994 0 0 0.365 -0.505 -0.563 -0.275 0 0.845 0.883 0.108 0.091

7 18 139.6 1.420 0 -1.121 0 0 0 0 0.416 0.878 0.191 0.470 0.998

7 19 163.2 1.134 0 -0.813 0 0 -0.418 0 0.731 0.593 0.293 0.937 0.827

7 20 52.3 1.540 0.992 0 0.462 0 -1.357 -0.800 0 0.797 0.336 0.517 0.805

7 21 146.3 1.746 -1.069 0 0 0 0 0 0 0.752 0.731 0.701 0.620

7 22 91.2 1.397 0 0 0 0 -0.629 0 0 0.642 0.334 0.019 0.944

7 23 113.8 1.562 0 0.868 0 0 -0.814 -0.687 0 0.771 0.220 0.999 0.940

7 24 154.9 1.563 -0.874 0 0 0 0 0 0 0.758 0.555 0.501 0.531

7 25 184.2 1.544 -0.999 0 0 0 0 0 0 0.692 0.862 0.798 0.105

7 26 118.7 1.282 -1.086 0 0 0.335 0 0 0.232 0.741 0.571 0.053 0.103

7 27 172.0 0.864 0 0 0 0.632 -0.883 0 0 0.695 0.175 0.832 0.792

7 28 181.0 0.996 -0.734 0 0 0.361 0 0 0 0.452 0.467 0.777 0.306

7 29 163.2 1.752 -1.299 0 0 0 0 0 0 0.651 0.866 0.024 0.005

7 30 96.4 0 0 0 -0.203 0.869 0 0 0 0.752 0.531 0.000 0.168

7 31 30.8 1.464 0 -1.159 0.685 0 0 0 0 0.884 0.500 0.374 0.342

7 32 17.0 1.390 0 0.308 0 0 -0.670 0 0 0.904 0.557 0.139 0.233

Notes: ‘L’ indicates the number of the session, ‘P’ indicates the number of the participant. A bold value of α indicates

that the constant is significant at the 5% level. The columns ‘BG’, ‘W’ and ‘RR’ report p-values of the Breusch-Godfrey

test, White test and Ramsey RESET test. Bold values indicate significance at the 5% level.
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Table 2.11: First-order heuristics

L P α1 α2 1− α1 − α2 β anchor adjustment

1 3 0.953 0 0.047 0.781 naive trend-following

1 5 0 0.662 0.338 0.574 mixed trend-following

1 6 0.897 0 0.103 0.682 naive trend-following

1 8 1.694 -0.798 0.104 1.043 mixed trend-following

1 11 0.516 0 0.484 1.025 mixed trend-following

1 13 0 0.620 0.380 0.799 mixed trend-following

1 14 0.742 0 0.258 1.050 mixed trend-following

1 17 0.898 0 0.102 0.750 naive trend-following

1 24 0 0.645 0.355 0.730 mixed trend-following

1 25 0.424 0 0.576 1.070 mixed trend-following

1 26 0.769 0 0.231 1.092 mixed trend-following

L P α1 α2 1− α1 − α2 β anchor adjustment

2 2 0.511 0 0.489 0.998 mixed trend-following

2 5 0 0.597 0.403 0.496 mixed trend-following

2 7 0 0.596 0.404 0.746 mixed trend-following

2 11 0.517 0 0.483 0.673 mixed trend-following

2 12 0.474 0 0.526 0.91 mixed trend-following

2 15 0 0.591 0.409 0.598 mixed trend-following

2 16 0.692 0 0.308 0.962 mixed trend-following

2 21 0.551 0 0.449 0.776 mixed trend-following

2 23 0 0 1 1.041 fundamental trend-following

2 25 0.651 0 0.349 0.415 mixed trend-following

L P α1 α2 1− α1 − α2 β anchor adjustment

3 2 0 0.723 0.277 0.505 mixed trend-following

3 7 1.730 -0.778 0.048 0.627 mixed trend-following

3 19 1.781 -0.794 0.014 0.761 mixed trend-following

L P α1 α2 1− α1 − α2 β anchor adjustment

4 4 0.785 0 0.215 0.531 mixed trend-following

4 6 0 0.473 0.527 0.589 mixed trend-following

4 8 0 0.529 0.471 0.686 mixed trend-following

4 9 0.793 0 0.207 0.516 mixed trend-following

4 13 0.798 0 0.202 0.710 naive trend-following

4 14 0 0.400 0.600 0.810 mixed trend-following

4 18 0.592 0 0.408 0.794 mixed trend-following

4 19 0.558 0 0.442 0.470 mixed trend-following

4 23 0.663 0 0.337 0.536 mixed trend-following

4 25 0 0.489 0.511 0.785 mixed trend-following

4 27 0 0.433 0.567 0.433 mixed trend-following

4 31 0 0.500 0.500 0.561 mixed trend-following

L P α1 α2 1− α1 − α2 β anchor adjustment

5 3 0 0.668 0.332 0.949 mixed trend-following

Notes: ‘L’ indicates the number of the session, ‘P’ indicates the number of the participant.
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Table 2.11: First-order heuristics (continued)

L P α1 α2 1− α1 − α2 β anchor adjustment

6 1 0.912 0 0.088 0.892 naive trend-following

6 2 0.846 0 0.154 0.703 mixed trend-following

6 3 0.853 0 0.147 0.980 mixed trend-following

6 10 0 0.584 0.416 0.874 mixed trend-following

6 14 0.781 0 0.219 1.122 mixed trend-following

6 15 0 0.774 0.226 0.743 mixed trend-following

6 17 0.848 0 0.152 0.863 mixed trend-following

6 18 0.891 0 0.109 0.852 naive trend-following

6 19 1.536 -0.553 0.017 0.511 mixed trend-following

L P α1 α2 1− α1 − α2 β anchor adjustment

7 1 0.941 0 0.059 0.748 naive trend-following

7 6 0.811 0 0.189 0 naive none

7 7 0 0.741 0.259 0.611 mixed trend-following

7 9 1.374 -0.493 0.118 0.899 mixed trend-following

7 11 0.645 0 0.355 0.945 mixed trend-following

7 12 0 0.533 0.467 0.739 mixed trend-following

7 13 0.868 0 0.132 0.778 mixed trend-following

7 21 0.688 0 0.312 1.072 mixed trend-following

7 24 0.703 0 0.297 0.878 mixed trend-following

7 25 0.554 0 0.446 1.002 mixed trend-following

7 28 0 0.512 0.488 0.780 mixed trend-following

7 29 0.446 0 0.554 1.297 mixed trend-following

Notes: ‘L’ indicates the number of the session, ‘P’ indicates the number of the participant.
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Chapter 3

Managing bubbles in experimental

asset markets with monetary policy

3.1 Introduction

Since the burst of the US housing bubble in 2007 and the following financial crisis,

the consensus view that monetary policy should not respond to asset price bubbles

no longer holds. Prominent policymakers such as Trichet (2005) and Bernanke (2010)

have called to carefully monitor asset prices and remain open to using monetary policy

as a supplementary tool to address bubbles, while keeping in mind the difficulties and

dangers of that approach.27 But aside from the difficulty of identifying a bubble and

the danger of harming other parts of the economy, the relationship between monetary

policy and asset price bubbles is not yet clear.

In this chapter, we examine this relationship in a learning-to-forecast experiment

(LtFE) where the only task of participants is to submit asset price forecasts. Previous

laboratory experiments of this type have shown that large price bubbles frequently

occur in these asset markets, caused by coordination on trend-following expectations

(Bao et al., 2016; Hommes et al., 2018, 2005a, 2008).28 By introducing monetary

policy in this controlled environment, we can study the interaction between individual

expectations, asset price bubbles and interest rate policy.

A “leaning against the wind” policy reacts to asset price bubbles by increasing

27A recent study by Cieslak and Vissing-Jorgensen (2017) suggests that the Federal Reserve already
reacts to stock market declines with interest rate cuts, but they do not find a response to stock market
rises.

28Trend extrapolation by investors is widely documented in the empirical literature (see e.g. Barberis
et al. (2018); Barberis and Thaler (2003); Greenwood and Shleifer (2014); Hirshleifer (2001); Shiller
(2002); Shleifer and Summers (1990)), suggesting that this is an important factor in real-world asset
markets as well.
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the interest rate. Theoretically, this policy can mitigate bubbles by reducing asset

prices via the discount rate effect.29 However, asset prices are not only determined

by fundamentals, but also by return expectations. The way in which expectations are

formed is therefore crucial for the transmission of monetary policy. For example, if the

asset market is having a “rational bubble”, the price grows at a rate proportional to

the interest rate, so increasing the interest rate leads to faster price growth and works

destabilizing. Boundedly rational agents might display trend-following behavior that

is too strong for monetary policy to be effective, despite the downward pressure of

the interest rate on the price. Yet, it could also be that interest rate policy is able to

prevent or manage coordination on expectations that cause bubbles.30

The appropriate monetary policy response to asset price bubbles is heavily debated

in the theoretical literature. Most prominently, Bernanke and Gertler (1999, 2001) show

that inflation-targeting can achieve both general macroeconomic stability and financial

stability in their New Keynesian model with a financial accelerator and an exogenous

bubble process. Therefore, they recommended against a systematic response of interest

rates to asset price bubbles. These results have been challenged by Cecchetti et al.

(2000, 2002), who use a similar model but reach the opposite conclusion. Recent models

that depart from assuming rationality on asset markets and make bubble formation

endogenous also lead to opposing views. Winkler (2016) constructs a model in which

agents learn about asset prices and finds that a monetary policy response to asset prices

increases welfare under learning, but not under rational expectations. Boehl (2017)

introduces speculative asset traders and concludes that only a very moderate monetary

policy response to asset prices has the potential to increase macroeconomic stability,

but it is unlikely that this has a positive effect on welfare. A different modelling

approach is taken by Gaĺı (2014, 2017), who assumes that bubbles are rational so that

raising the interest rate increases the volatility of asset prices and the size of bubbles.

Although theoretical models give insight in the possible effects of monetary policy,

the policy conclusions are conflicting and depend crucially on the modeling assump-

tions. Both rational and behavioral models make assumptions about the behavior of

29Several empirical studies find that asset prices indeed fall after an increase in the interest rate
(see e.g. Bernanke and Kuttner (2005); Gürkaynak et al. (2005); Ioannidis and Kontonikas (2008);
Rigobon and Sack (2004)). Both the discount rate effect and the effect on expectations seem to play a
role. However, Gaĺı and Gambetti (2015) challenge the view that a “leaning against the wind” policy
can reduce bubbles and provide empirical evidence that the opposite effect could also occur.

30Experiments in a New Keynesian framework show that monetary policy rules that react aggres-
sively to inflation can avoid coordination on destabilizing trend-following expectations by reducing
the degree of positive feedback in the system (Assenza et al., 2014; Pfajfar and Žakelj, 2016). Experi-
mental asset markets with a lower degree of feedback throughout the whole experiment are also more
stable and show faster convergence (Bao and Hommes, 2015; Sonnemans and Tuinstra, 2010).
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economic agents that might not be realistic. An experimental study allows for po-

tentially nonrational and heterogeneous expectations and can therefore complement

the theoretical and empirical literature. Our experiment sheds light on the ambigu-

ous effect of a “leaning against the wind” policy and the interaction with individual

expectations and asset prices.

We follow the experimental design of Hommes et al. (2008) and add a “leaning

against the wind” policy rule.31 The Taylor-type rule in our experiment sets the interest

rate in response to relative deviations from the steady state fundamental price. We

compare a weak and a strong interest rate rule to study the effect of the policy on market

stability. To find out how subjects respond to information about interest rate changes,

we consider two additional treatments with a strong interest rate rule. First, we take

away the information about current and past interest rates and only tell participants

that the target rate is 5%. Second, we give participants extra information by including

the goal of the interest rate policy in the instructions. Finally, we conduct a treatment

where we account for the possibility that the central bank does not know the steady

state price and uses the sample average price as a proxy to set the interest rate.

Our results indicate that a weak interest rate response is not able to prevent the for-

mation of large bubbles. By contrast, bubbles are absent or remain smaller in markets

with a strong interest rate response. When participants do not get any information

about the interest rate changes, the price patterns are more irregular and coordination

is less strong then when they know the current and past interest rates. Communicating

the goal of the policy works even more stabilizing. When the interest rate rule is based

on the sample average price instead of the steady state price, the policy is less effective.

So far, there is little experimental work on monetary policy and asset price bubbles,

with three notable exceptions.32 Simultaneously but independently, Bao and Zong

(2018) investigate the impact of an interest rate change on asset price bubbles in a

learning-to-forecast experiment. They use a simple policy rule that substantially raises

or cuts the interest rate when the asset price reaches a certain threshold, and find

that this policy effectively stabilizes prices. Instead of having sudden shocks in the

interest rate, our Taylor-type policy rule smoothly responds to asset price movements.

In addition, we consider three scenarios with different information about the policy,

31A related experiment of Hommes et al. (2005a) includes a stabilizing force in the form of funda-
mental robot traders whose share increases when the price deviates more from the fundamental, but
the implementation is ad hoc and cannot be interpreted as a policy rule.

32Most experiments with monetary policy use a New Keynesian framework and do not include asset
markets, such as Arifovic and Petersen (2017); Assenza et al. (2014); Cornand and M’baye (2016);
Hommes et al. (2015); Kryvtsov and Petersen (2015); Petersen (2015); Pfajfar and Žakelj (2016); and
Hommes et al. (forthcoming).
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and a scenario in which the central bank uses a proxy for the steady state fundamental

price.

Fenig et al. (2018) combine a production economy with an asset market. Partic-

ipants submit labor supply, output demand and asset trading decisions. A “leaning

against the wind” policy unintendedly gives rise to bubbles at first, but rapidly increas-

ing interest rates are successful at quickly deflating bubbles and stabilizing asset prices.

The policy does not seem to have large negative effects on production. The authors

focus on the behavior of the aggregate economy, rather than the behavior of individual

participants. Our experimental design is simpler and therefore allows us to analyze in-

dividual behavior in more detail. Specifically, we study expectation formation because

this is a crucial element of many economic models.

Fischbacher et al. (2013) study a partial equilibrium economy that extends the

classical design of Smith et al. (1988). Participants can trade in both a risky stock

and an interest bearing bond. They find that increasing the interest rate in response

to stock price bubbles has only a limited effect in reducing bubbles. Furthermore,

explaining the purpose of the interest rate policy in the instructions does not increase

policy effectiveness. An issue with the design of Fischbacher et al. (2013) is that

the fundamental price is declining even without increasing the interest rate. Asset

markets with declining fundamentals have been associated with larger bubble formation

(Giusti et al., 2016; Kirchler et al., 2012; Noussair et al., 2001). In our setting, the

fundamental price is constant in absence of interest rate policy, and the steady state

price always remains constant. Another main advantage of our asset pricing LtFE is

that we separate expectation formation from trading decisions, which provides clean

data on expectations.

This chapter is organized as follows. Section 3.2 explains the experimental design

in detail. Next, the experimental results are discussed: Section 3.3 focuses on market

prices, Section 3.4 on interest rates and Section 3.5 on individual expectations. Finally,

Section 3.6 concludes.

3.2 Experimental design

3.2.1 Asset pricing framework with interest rate rule

Our experimental design is based on Hommes et al. (2008). The novel aspect is that

we let the risk-free interest rate be variable instead of fixed, so that we can implement

an interest rate rule. A detailed description of the asset pricing framework is given in

Appendix 3.A. In short, the framework is as follows. Consider an asset market with I
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traders with heterogeneous price expectations. At the beginning of each period, traders

can choose to invest in a risk-free asset paying an interest rate rt, or a risky asset paying

an i.i.d. dividend with mean ȳ = 3. The interest rate rt is variable, but it is known

at the time of the investment decision and therefore risk-free. Traders calculate their

demand for shares using myopic mean-variance optimization. Equilibrium between

demand and supply then gives the market price of the risky asset:

pt =
1

1 + rt

[
1

I

I∑
i=1

pei,t+1 + ȳ

]
, (3.1)

where Eit(pt+1) = pei,t+1 denotes the prediction by trader i in period t for the price in

period t + 1. The price of the risky asset depends on the average price forecast of all

traders in the market, so there is positive expectations feedback. When the interest

rate is low, expectations are almost self-fulfilling, while increasing the interest rate

reduces the strength of the positive feedback. This discount rate effect brings down

the price of the risky asset.

We include a “leaning against the wind” policy rule that increases the interest rate

in response to asset price bubbles. The interest rate is set according to a Taylor-type

rule with a zero lower bound (ZLB):

rt = max

{
r∗ + φ

(
pt−1 − p∗

p∗

)
, 0

}
, (3.2)

where the target interest rate is r∗ = 5% and the target price is p∗ = 60, in line with the

asset pricing model with a fixed interest rate of Hommes et al. (2008).33 The parameter

φ determines the strength of the rule: the interest rate is increased by φ percentage-

points for a one percentage-point rise in the asset price relative to the steady state

value.

Taylor-type rules that endogenously set the interest rate in response to deviations

from steady state values are often used in other macroeconomic settings, such as New

Keynesian models. The rule gives a smooth interest rate response to asset price bubbles.

Moreover, this policy has been inspired by the influential paper of Bernanke and Gertler

(1999). We use a version of their policy rule that is adapted to our setting: we abstract

from inflation and output in our asset pricing model, and we do not use log differences to

approximate the percentage deviation from the steady state, since this approximation

33Note that the interest rate rule is based on the most recent observation of the asset price, pt−1.
It is not possible to implement a contemporaneous rule using pt instead, because pt depends on pet+1.
When these expectations are formed in period t, the interest rate rt for that period should be known,
otherwise there is no risk-free investment. Hence, rt cannot depend on pt.
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is only appropriate for small deviations.

Equations (3.1) and (3.2) form a dynamical system with r∗ = 5% and p∗ = 60 as

the unique steady state equilibrium.34 Under rational expectations, the steady state

is a saddle point for the values of φ that we consider in the experiment. In addition,

there is a continuum of rational bubble solutions with prices and interest rates that

keep growing faster. We also consider the dynamics under a number of well-known

homogeneous expectation rules. For relevant values of φ, the system is stable and there

is monotonic convergence to the steady state under adaptive or weak trend-following

expectations. Under anchoring and adjustment, convergence is oscillatory. However, a

strong trend-following rule gives an unstable steady state and leads to oscillations in

prices and interest rates. Derivations and details about the properties of the dynamical

system can be found in Appendix 3.A.

3.2.2 General design

The experimental asset markets consist of six participants each. They have the role

of advisors to a large pension fund, and their only task is to submit two-period-ahead

forecasts of the price of the risky asset for 51 periods. The pension fund calculates its

optimal demand for the asset based on the price forecast, so trading is computerized.

The market price follows from Equations (3.1) and (3.2). Participants are paid for their

prediction accuracy: eit = max
{

1300− 1300
49

(pt − peit)2, 0
}

. A lower quadratic forecast

error results in higher earnings. The experimental points eit are converted into euros

using an exchange rate of e0.5 per 1300 points.

The instructions for the experiment are largely the same as in Hommes et al. (2008),

except for the parts about the interest rate (see Appendix 3.B). Participants receive

only qualitative information about the asset market. They are informed that there is a

risky asset with a mean dividend of ȳ = 3 and a risk-free asset with a variable interest

rate that starts at 5%. This gives participants enough information to calculate the

steady state price, assuming that the interest rate does not change: p∗ = 3/0.05 =

60. They can also infer that there is positive expectations feedback. As in Hommes

et al. (2008), there is an upper bound on predictions of 1000, but that is not known

beforehand. Participants receive a message about the upper bound when they try to

enter a prediction higher than 1000. It is important to note that participants are not

informed about the market pricing equation or the interest rate rule.

34With a constant interest rate of 5%, the fundamental price of the asset is pf = ȳ/r = 60. But with
a varying interest rate, the fundamental price depends on interest rate expectations. Hence, p∗ = 60
cannot be called the fundamental, but it still is the steady state rational expectations equilibrium.
See Appendix 3.A for details.
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Figure 3.1: Screenshot of the experiment
Notes: This screen is seen by participants in all but the No Information treatment. In that treatment,
the current interest rate is replaced by the target interest rate of 5%, the graph of past interest rates
is removed and the column in the table with the past interest rates is not shown.

At the beginning of the experiment, instructions are provided both on screen and

on paper. To ensure understanding of the instructions, participants have to correctly

answer a number of control questions before they can proceed with the experiment.

The main task consists of a series of 51 price predictions. In the first two periods,

participants only know that the interest rate is 5% and that it is very likely that

the price will be between 0 and 100. After submitting two price predictions, the

first price becomes known, earnings are calculated and the interest rate may change.

Subsequently, in each period t, subjects have to predict the price for period t + 1

knowing only prices up to period t − 1. Furthermore, participants have information

on their own past predictions up to period t, current and past interest rates up to

period t, and period and total earnings up to period t− 1. Figure 3.1 gives an example

of the computer screen, showing graphs of past prices, predictions and interest rates,

and a table with all the available information. The current interest rate rt and the

mean dividend ȳ = 3 are also indicated separately. After completing the prediction

task, subjects fill in a short questionnaire, which includes open questions about their

prediction strategy.

63



CHAPTER 3. MANAGING BUBBLES WITH MONETARY POLICY

Table 3.1: Overview of treatments

Treatment Interest rate rule Strength Information for participants

Weak Rule (WR) Known p∗ (Eq. (3.2)) φ = 0.001 Current and past interest rates

Strong Rule (SR) Known p∗ (Eq. (3.2)) φ = 0.1 Current and past interest rates

No Information (NI) Known p∗ (Eq. (3.2)) φ = 0.1 Only target rate of 5%

Communication (C) Known p∗ (Eq. (3.2)) φ = 0.1 Goal of policy

Sample Average (SA) Unknown p∗ (Eq. (3.3)) φ = 0.1 Current and past interest rates

3.2.3 Treatments

We conduct five different experimental treatments to study the effects of monetary

policy under various scenarios. These treatments differ in the interest rate rule that is

used, the strength of the rule that is implemented, and the information that is given

to participants. We explain the treatments below and give an overview in Table 3.1.

First, we consider a baseline treatment with a weak interest rate response to asset

price bubbles. In this Weak Rule treatment, we set the strength of the rule in Equa-

tion (3.2) to φ = 0.001, to ensure that the interest rate changes are very small and

the interest rate stays close to 5%. With such a weak policy response, we expect that

large bubbles are still present in the market. We compare this with a Strong Rule

treatment with φ = 0.1, to see if this policy is able to stabilize the asset markets.35 In

both treatments, participants receive information about the current and past interest

rates as described in Section 3.2.2.

When the interest rate is increased, this lowers the price via the discount rate effect

in Equation (3.1). But it might also lower predictions by giving a signal to participants

that the price of the asset is too high. In the Strong Rule treatment, we are not able

to tell these two effects apart. To disentangle the effects, we run a No Information

treatment with a strong interest rate rule (φ = 0.1), where we do not give participants

any information about the interest rate changes. The instructions tell them that the

target interest rate is 5% and that the pension fund knows the current interest rate.

During the prediction task, participants do not see the current and past interest rates

in the graph and table on their computer screen. Hence, an interest rate change has

no signaling effect. By comparing this treatment to the Strong Rule treatment, we can

35A behavioral heuristics switching model captures the price patterns in previous asset pricing
experiments quite well (Anufriev and Hommes, 2012b; Bao et al., 2016). Simulations with this model
guided the policy choices for the experiment. The simulations suggest that bubbles are still large for
φ = 0.001, whereas the market is quite stable with only small oscillations around the steady state
price for φ = 0.1. Moreover, φ = 0.1 is the parameter value that is used in Bernanke and Gertler
(1999).
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find out if participants respond to the information about interest rate changes.

Instead of giving less information, the central bank can also choose to give more

information about the interest rate policy and be transparent about its goal. This

might increase policy effectiveness. We test this in a Communication treatment with a

strong interest rate rule (φ = 0.1) where we add a sentence to the instructions: “The

policy of the central bank is to raise the interest rate above 5% when it considers the

asset price to be too high, and to cut the interest rate below 5% when it considers

the asset price to be too low.” Comprehension of this statement is also tested in a

control question. When participants observe the current and past interest rates (as in

Figure 3.1), it should thus be clear what the interest rate changes mean. We compare

the Communication treatment with the Strong Rule treatment to examine the effect

of communicating the goal of the policy.

In reality, it could be difficult to determine whether there is an asset price bubble,

because the central bank might not know the steady state fundamental price. To

account for this possibility, we study a policy rule where the sample average price pavt−1

is used as a proxy for p∗:

rt = max

{
r∗ + φ

(
pt−1 − pavt−1

pavt−1

)
, 0

}
, (3.3)

where pavt−1 = 1
t−1

∑t−1
i=1 pi. We again consider a strong policy response (φ = 0.1) and

compare this Sample Average treatment to the Strong Rule treatment.

3.2.4 Implementation

The experiment was run in the CREED laboratory at the University of Amsterdam in

May 2017 and September 2017. We conducted eight markets of each treatment with

six subjects per market, giving a total of 240 subjects. No subject participated in

more than one session. A session lasted about 1.5 hours in total. Earnings, including

a e10 lump-sum payment, ranged from e10.70 to e34.10 and averaged e17.73.36 The

experiment was programmed in oTree (Chen et al., 2016).

36For the sessions that we ran on the first day (group 1–4 of the Weak Rule treatment and group 1–4
of the Strong Rule treatment), we paid participants e15 whenever their earnings in the experiment
were below this amount. Since this occurred more often than we expected (namely for 46 out of 48
subjects), we decided to change this practice. From the second day onwards, we paid a lump-sum of
e10 on top of the earnings in the experiment. In both cases, the participants did not know about the
extra payments in advance, so the incentives during the experiment were the same in all sessions.
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3.3 Aggregate results

3.3.1 Price dynamics

Figure 3.2 shows the realized market prices and interest rates in all markets, plotted per

treatment. In Appendix 3.C, summary statistics are given and prices, predictions and

interest rates are plotted for each market separately. It is immediately clear that large

bubbles, with prices approaching the upper limit of 1000, only occur in the Weak Rule

treatment. All four versions of the strong interest rate rule are successful in preventing

or deflating large bubbles.

In treatment Weak Rule, five markets display large bubbles, while the other three

markets are stable or have small oscillations around the steady state price. The results

of this treatment are very similar to related experiments without monetary policy (Bao

et al., 2016; Hommes et al., 2018, 2008), except that there are relatively more stable

groups in our experiment.

There are some differences among the four treatments with a strong interest rate

rule as well. In the Strong Rule treatment, seven markets exhibit small price oscillations

that are persistent throughout the experiment. Prices are below 200, except for one

outlier in group 7. Only one market is stable and converges to the steady state.

In treatment No Information, the price patterns seem to be more erratic. Five

markets have more or less regular price oscillations, except for an outlier in group 1.

However, three markets exhibit quite irregular price patterns, with sudden jumps or

drifts in the price. In group 7, there is even a medium sized bubble with prices above

400. None of the markets is stable.

The Communication treatment looks somewhat more stable than the Strong Rule

treatment. The price oscillations are generally slightly smaller and are dampening or

even converging in three groups. There are also three markets that are stable, with

only very small oscillations in two cases and full convergence within 25 periods in one

case. This is the only market in our experiment that fully converged to the steady

state.

The results of the Sample Average treatment vary greatly per group. In three

markets, multiple medium sized bubbles with prices up to 600 form in the second half

of the experiment. There are small, persistent oscillations around the steady state in

another three groups. Two markets are stable, but prices remain slightly below the

steady state of 60.
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Figure 3.2: Market prices and interest rates in all treatments
Notes: The dashed lines indicate the steady state price of 60 and the steady state interest rate of 5%.
Note that the scale of the vertical axis may differ per treatment.
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Figure 3.3: Empirical cumulative distribution functions of RAD and RD

3.3.2 Quantifying mispricing and overvaluation

The figures suggest that mispricing is largest in treatment Weak Rule, followed by

Sample Average, No Information, Strong Rule and Communication. We quantify the

bubble size in our markets with the Relative Absolute Deviation (RAD) and the Rel-

ative Deviation (RD) from the steady state price p∗ = 60, adapting the definitions of

Stöckl et al. (2010):

RAD =
1

50

50∑
t=1

|pt − p∗|
p∗

, (3.4)

RD =
1

50

50∑
t=1

pt − p∗

p∗
. (3.5)

For example, RAD = 0.5 indicates that the price differs on average 50% from the

steady state, while RD = 0.5 means that the price is on average overvalued by 50%.

Figure 3.3 shows the empirical cumulative distribution functions of RAD and RD for

each treatment. In addition, Table 3.4 in Appendix 3.C includes the values of RAD and

RD for each group and the averages per treatment. The above ordering of treatments

is confirmed by our measure of mispricing, the RAD. RD is always smaller than RAD,

indicating that there are periods of undervaluation in each market, although the asset

is on average overvalued (RD > 0) in 30 out of 40 markets. Undervaluation is relatively

larger and more common in the Sample Average treatment, where RD < −0.1 in three

groups (against one group each in treatments Weak Rule and Communication and zero

in the other two treatments).

We test if the treatment differences are significant using pairwise two-sided Mann-

Whitney-Wilcoxon tests at the 5% level. The null hypothesis is that the RAD or RD

of the two groups have the same distribution. Table 3.2 presents the p-value of all
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Table 3.2: p-values of pairwise two-sided MWW tests for RAD and RD

Pairwise MWW tests for RAD

SR NI C SA

WR 0.195 0.195 0.038∗∗ 0.279

SR 0.574 0.161 0.279

NI 0.050∗∗ 0.574

C 0.021∗∗

Pairwise MWW tests for RD

SR NI C SA

WR 0.279 0.442 0.130 0.083∗

SR 0.065∗ 0.279 0.574

NI 0.010∗∗ 0.645

C 0.574

Notes: ∗∗ and ∗ indicate significance at the 5% and 10% level, respectively.

pairwise MWW tests.

Despite the fact that RAD and RD are on average much larger for treatment Weak

Rule, the difference in mispricing (as measured by RAD) is only significant compared

with treatment Communication. This result suggests that simply implementing a

strong interest rate rule is not enough to significantly reduce mispricing, but including

communication about the rule is. Comparing the four treatments with a strong interest

rate rule, the MWW test indicates that including communication leads to significantly

less mispricing than giving no information or using the sample average. However, the

differences between treatment Strong Rule and the other treatments are not signifi-

cant, even though the RAD is on average higher in treatments No Information and

Sample Average, and lower in treatment Communication. The low significance of the

results could be due to the small sample size (eight markets per treatment) and the

heterogeneity in market realizations within treatments, particularly in treatment Weak

Rule.

In terms of overpricing (as measured by RD), the only difference that is significant

at the 5% level is found between treatments No Information and Communication.

Since many markets oscillate around the steady state price, RD is close to zero in these

markets. Therefore, no significant differences in overpricing can be detected between

the other treatments.

3.4 Interest rates

3.4.1 Interest rate dynamics

In treatment Weak Rule, the interest rate does not get higher than 6.5%. Clearly,

this increase is not big enough to prevent large price bubbles. In the three treatments

using the strong steady state rule (Equation (3.2) with φ = 0.1), the highest realized

interest rate is 68.4%. However, rates this high are uncommon: in 96% of the periods,
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the interest rate is below 20%. Most of the time, an increase to this level is enough

to reverse an upward trend and deflate a bubble. Similarly, in the Sample Average

treatment (Equation (3.3) with φ = 0.1), the highest realized rate is 50.7%, but the

interest rate is below 20% in 93% of the periods. Only in the three markets with

medium bubbles, the interest rate is above this level for multiple periods, preventing

the bubbles from growing larger.

The interest rate is closely related to the feedback strength: λt = 1
1+rt

. The higher

the interest rate rt, the lower the feedback strength λt, so the weaker the expecta-

tions feedback and the more high prices are being pushed down. In related market

experiments, Sonnemans and Tuinstra (2010) and Bao and Hommes (2015) found that

markets with a feedback strength of λ = 0.95 (i.e. r = 5%) are unstable, markets with

λ = 0.86 (i.e. r = 16%) are relatively stable but do not converge, and markets with

λ = 0.71 (i.e. r = 40%) or higher are stable and converge quickly. Our results are

in line with these findings. We observe that higher interest rates and therefore lower

feedback strengths can dampen bubbles and make the market less unstable. However,

this does not always lead to convergence because the interest rate is not kept at a high

level. In many markets, there still seems to be coordination on destabilizing trend-

following expectations, causing persistent price oscillations. This is in line with the

findings of Sonnemans and Tuinstra (2010), who conclude that coordination of expec-

tations appears to be independent of the feedback strength, but convergence is mainly

due to the prices being pushed more towards the fundamental value when the feedback

strength is low.

By construction, the interest rate can only become zero in the four treatments with

a strong interest rate rule.37 The ZLB is reached in 125 out of 1600 periods (8%). There

are differences both across and within treatments. With the steady state rule, the ZLB

is hit when the price drops below 30. This happens most often in treatment Strong Rule

(in total 47 times in seven markets), because most markets oscillate around the steady

state. In the other two treatments, No Information and Communication, the ZLB is

reached less often because there is either mostly overpricing or the price oscillations are

smaller, so that the price is above 30 most of the time. In treatment Sample Average,

the ZLB is hit when the price is 50% lower than the sample average price. This happens

37 Of course, we cannot know exactly what prices would have been without a ZLB in place. Never-
theless, we can calculate what the negative interest rate and the corresponding price would have been,
assuming that predictions would not have changed. This exercise shows that on average, the negative
interest rate would have been -1.6%, and the lowest rate would have been -4.0%. This would have
given prices that are on average 0.5 units and at most 4.3 units higher than the realized prices in the
experiment, and the differences of more than one unit are all in the Sample Average treatment. We
believe that these minor differences would not have changed the price dynamics in the experiment.
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in total 43 times in six markets, caused by relatively large oscillations and regular low

prices.

3.4.2 Performance of the sample average rule

The sample average rule performs worse than the steady state rule, simply because

the sample average price is generally not a good proxy for the steady state price. As

a result, the interest rate can increase above 5% even though the price is below the

steady state, and vice versa. The sample average price starts out too low in all groups

of the Sample Average treatment and stays too low in three groups, while it becomes

too high in the other five groups. When the sample average price is too low, the sample

average rule can reinforce the underpricing by setting an interest rate that is higher

than it should be. This often happens in group 4 and 8, where the price consistently

stays below p∗ = 60. Nevertheless, the sample average rule pushes the price down

when there is overpricing. If preventing large bubbles is the main goal of the monetary

policy, the sample average rule might be a useful alternative if the steady state price

is not known.

3.5 Individual expectations

3.5.1 Expectation dynamics

Plots of individual predictions in all markets can be found in Appendix 3.C. At first

glance, predictions are quite close to each other most of the time, indicating that

there is coordination of expectations. Many participants seem to use trend-following

prediction strategies.38 This leads to some large bubbles in the Weak Rule treatment,

but bubbles are dampened in the four treatments with a strong interest rate rule.

In stable markets, predictions seem to follow adaptive or naive strategies. Naturally,

in markets with higher coordination and more stability, forecasting performance and

therefore earnings are also better.

Most markets with a strong interest rate response exhibit small price oscillations,

typically with the following dynamics. The price displays an upward trend in the

beginning and increases above the steady state, so the interest rate is increased above

5%. This pushes the price down and thus flattens the upward trend. Participants lower

their predictions in the next period(s) in response, which ultimately reverses the trend.

38This observation is supported by the questionnaire, in which more than half of the participants
describe their strategy as some form of trend following.
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The process repeats itself with both upward and downward trends. The amplitude of

the oscillations usually becomes smaller because participants learn to anticipate the

trend reversals. Large bubbles are thus prevented, not only because of the direct effect

of the interest rate on the price, but also because of the indirect effect on expectations.

It seems that trend extrapolation becomes less strong, although it continues to cause

price oscillations.

While there is generally consensus about future prices, there are also subjects who

submit so-called “spoilers”: sudden large and erratic deviations in individual predic-

tions (Sonnemans and Tuinstra, 2010). In markets of six, predictions of a single par-

ticipant have a substantial effect on the price, so these spoilers can change the price

dynamics in the experiment. In treatment Weak Rule, three participants in different

groups try to bring down the price by submitting a very low prediction. These at-

tempts are unsuccessful in two cases, but two other bubbles in group 1 and 2 remained

smaller due to these low predictions. Treatment Strong Rule, No Information and

Communication all have one market where a single spoiler leads to a sudden jump in

the price, followed by a jump in predictions of the other subjects in the market, which

temporarily destabilizes the market. A small typo in a stable market can also lead

to destabilization, which probably happened in group 8 of treatment Weak Rule and

group 4 of treatment Strong Rule. Lastly, there are some participants that submit

repeated spoilers and therefore have a great effect on the price dynamics. In the No

Information treatment, one subject in group 5 and two subjects in group 7 cause er-

ratic price patterns with their spoilers. In the Sample Average treatment, repeated

spoilers in group 1, 2 and 6 lead to price peaks and irregular oscillations. However, the

general upward trend in group 1 and 2 suggests that the medium bubbles also would

have formed without those outliers, as was the case in group 3.

3.5.2 Quantifying coordination

Coordination and average forecasting performance can be quantified by splitting up

the quadratic forecast error, averaged over time and individuals:

1

45
· 1

6

50∑
t=6

6∑
i=1

(peit − pt)2 =
1

45
· 1

6

50∑
t=6

6∑
i=1

(peit − p̄et )2 +
1

45

50∑
t=6

(p̄et − pt)2, (3.6)

where p̄et = 1
6

∑6
i=1 p

e
it is the average prediction for period t. The first five periods

are omitted to allow for some learning. The first term is called the average dispersion

error, which is relatively small if there is coordination of expectations. The second
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Figure 3.4: Empirical cumulative distribution functions of average individual quadratic
forecast errors (left) and percentages of average dispersion error (right)

term is called the average common error, which is relatively small if expectations are

approximately correct in the aggregate, in line with Muth’s (1961) formulation of the

rational expectations hypothesis.

Figure 3.4 plots the empirical cumulative distribution functions of the average in-

dividual quadratic forecast error and the percentage of the average dispersion error for

each treatment. Obviously, errors are larger in markets with large or medium bubbles,

and spoilers also lead to more errors. This is directly reflected in the earnings of the

participants, since these are based on the quadratic forecast error as well. In terms

of percentages, the average dispersion error is usually lower than the average common

error. This indicates that there is coordination, despite being on the wrong price. Fore-

cast errors generally do not cancel out at the aggregate level, so expectations cannot

be called rational in the sense of Muth (1961).

The average dispersion error in absolute terms is on average higher in the No Infor-

mation treatment than in the Strong Rule treatment. On the other hand, treatment

Strong Rule and Communication are comparable in terms of average dispersion errors.

These results suggest that coordination is less strong without providing information

about interest rate changes, but providing communication about the interest rate rule

does not make coordination stronger. However, pairwise MWW tests indicate that only

the difference between treatment No Information and Communication is statistically

significant (p-value = 0.028), not the differences with treatment Strong Rule.

Note that the average dispersion error is equal to the population variance of in-

dividual predictions, averaged over time. We take a closer look at coordination by

instead considering the sample standard deviation of predictions in each period of each

market. This measure is expressed in the same units as the predictions and gives us

insight into the dynamics of coordination. The time series of the median standard

deviation of predictions in each treatment is shown in the left panel of Figure 3.5.
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Figure 3.5: Time series of median standard deviation of predictions (left) and median co-
efficient of variation of predictions (right)

All treatments show a sharp drop in heterogeneity of expectations after the first

two periods, indicating that participants use the market price as a coordination device.

Coordination is generally strong in the beginning, but breaks when large or medium

bubbles form or when spoilers are submitted. For this reason, heterogeneity is often

larger in treatment Weak Rule, No Information and Sample Average. In the Strong

Rule treatment, the median standard deviation of predictions increases towards the

end of the experiment, which reflects the persistent oscillations in most markets of

this treatment. By contrast, heterogeneity decreases over time in the Communication

treatment, reflecting the dampening oscillations or convergence in this treatment.

The right panel of Figure 3.5 displays the median coefficient of variation (CV) of

predictions over time. The CV is defined as the ratio of the standard deviation to

the mean of predictions and can thus be interpreted as a measure for the relative

heterogeneity in expectations. The time series of the CV also illustrate the sharp

drop in heterogeneity in the beginning of all treatments. The Weak Rule treatment

shows a relatively low value of the CV, especially in the first half of the experiment.

This suggests that the first large bubbles in these markets are caused by relatively

strong coordination of expectations. In the Strong Rule, No Information and Sample

Average treatments, heterogeneity is relatively high, reflecting that expectations and

prices do not completely stabilize in most markets. The CV again reveals an increase

in coordination towards the end in the Communication treatment.

Looking at both mispricing and coordination and comparing the three treatments

with differences in information for participants, it seems that giving more information

is helpful. We observe that markets are less stable and coordination is less strong in

treatment No Information, where there is no signaling effect of the interest rate. On the

other hand, markets are slightly more stable in treatment Communication, where the

signaling effect is more pronounced because of the extra information about the policy.
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The signal given by the interest rate thus seems to aid coordination and stabilization,

although the results are somewhat noisy.

3.5.3 Estimating prediction strategies

To further analyze the prediction strategies that participants use, we start by estimating

a general specification for each individual i:39

pei,t+1 = α +
4∑

k=1

βkpt−k +
3∑
l=0

γlp
e
i,t−l + ut. (3.7)

We regress the individual predictions on a constant, the last four observations of the

market price and the last four own predictions. To allow for a short learning phase,

the forecasting rule is estimated from period t = 5. We then delete the least significant

regressors one by one, until all remaining regressors are significant at the 5% level. We

call the estimation successful if there is no autocorrelation in the residuals of the final

rule (Breusch-Godfrey test, two lags).

Table 3.3 presents the main estimation results per treatment and overall: the per-

centage of successful rules, the mean value of the adjustedR2, the percentage of subjects

using each regressor, and the mean value of all nonzero coefficients for each regressor.

The full estimation results can be found in Tables 3.5–3.9 in Appendix 3.D. In total,

214 out of 240 rules (89%) are successfully estimated. Of those successful estimations,

the adjusted R2 is generally quite high, indicating that the estimated forecasting rules

provide a good fit.

In all treatments, the last observation of the market price (pt−1) is the most impor-

tant regressor: 79–89% of the participants use this variable in their forecasting rule. A

large majority (60–79%) also considers pt−2. The corresponding coefficient β2 is almost

always negative (with just four exceptions), indicating trend-following behavior. The

last own prediction (pet ) is also an important regressor, used by 29–53% of the subjects.

These three regressors form the basis of benchmark heuristics, such as adaptive, trend-

following and anchoring and adjustment rules. The estimation results confirm the key

role of these variables, but also indicate that many participants use more sophisticated

forecasting rules, involving higher lags of prices and predictions.

The effect of the interest rate on predictions cannot be easily identified, since the

interest rate rule makes rt perfectly correlated with pt−1. Recall that participants in

39The forecasting rule is estimated after removing outliers, i.e. predictions that differ substantially
from what would be expected from the general pattern. A total of 13 outliers, all for different
participants, were removed by linear interpolation (0.1% of all predictions).
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Table 3.3: Main results of estimated forecasting rules

WR SR NI C SA Overall

% successful 96% 85% 94% 81% 90% 89%

mean adjusted R2 0.87 0.76 0.68 0.69 0.73 0.75

% used (nonzero coeff.)

β1 89% 83% 89% 79% 79% 84%

β2 76% 68% 76% 79% 60% 72%

β3 46% 46% 58% 54% 42% 49%

β4 28% 37% 40% 54% 35% 38%

γ0 41% 39% 29% 46% 53% 42%

γ1 35% 32% 24% 28% 28% 29%

γ2 33% 24% 16% 21% 9% 21%

γ3 24% 29% 13% 10% 28% 21%

mean coefficient

α 38.88 22.75 23.56 26.05 20.60 26.56

β1 1.88 1.69 1.76 1.51 1.65 1.71

β2 -1.39 -1.33 -1.22 -1.21 -1.23 -1.28

β3 0.68 0.58 -0.02 0.65 0.37 0.43

β4 -0.48 -0.56 0.35 -0.36 -0.05 -0.20

γ0 0.32 0.36 0.31 0.59 0.46 0.42

γ1 -0.46 -0.40 -0.34 -0.25 -0.44 -0.39

γ2 0.07 0.31 0.56 0.03 -0.02 0.19

γ3 0.27 0.09 -0.45 0.00 0.02 0.03

treatment No Information do not know anything about the interest rate changes. We

can compare this treatment to the Strong Rule treatment, where participants do know

the current and past interest rates, and to the Communication treatment, where par-

ticipants additionally receive information about the goal of the policy. Pairwise MWW

tests only find a significant difference in γ0 between treatments No Information and

Communication (p-value = 0.040). The insignificance of the differences in coefficients

suggests that participants do not change their prediction strategy if they know about

the interest rate changes. However, this conclusion is not in line with the question-

naire, where 122 out of 192 participants (64%) state that the interest rate affected

their strategy in some way. While a few participants correctly interpret an interest

rate above 5% as a signal that the price is too high, the questionnaire also reveals sev-

eral misunderstandings of the interest rate rule. For example, 17 participants indicate

that they increased their predictions after an interest rate increase. This is not the

desired response, as it reinforces trend chasing and works destabilizing.
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3.6 Conclusion

We study the effect of monetary policy on asset price bubbles in a learning-to-forecast

experiment, where prices are driven by the expectations of participants in the asset

market. Our “leaning against the wind” Taylor-type policy rule sets the interest rate

in response to relative deviations from the steady state price. The success of the policy

crucially depends on individual expectations: a rational bubble grows faster after an

interest rate increase, but bubbles caused by boundedly rational expectations might

be managed or even prevented.

We find that a weak policy response is not able to prevent large price bubbles, since

destabilizing trend-following expectations are too strong. By contrast, large bubbles do

not occur in any of our four treatments with a strong interest rate response. Most of the

time, an interest rate increase up to 20% is enough to stop the formation of a bubble.

Yet, most markets are not completely stabilized. While an interest rate increase pushes

the price down and thus dampens a bubble, there is often still coordination on trend-

following expectations, causing persistent price oscillations.

In our baseline setting, current and past interest rates are known. To remove the

signaling effect of the interest rate, we conduct a treatment where we do not inform

participants about the interest rate changes. Price patterns are more erratic and the

absence of the signaling effect seems to decrease coordination. On the other hand,

when we communicate the goal of the policy, markets are slightly more stable.

The steady state fundamental price of an asset may be unknown. When we base

the interest rate on the sample average price instead, the results are mixed: markets

exhibit medium sized bubbles, small price oscillations or persistent underpricing. The

policy is less effective because the sample average price is usually not a good proxy

for the steady state. As a result, underpricing can be reinforced. Nonetheless, the

sample average rule pushes the price down in a bubble and might therefore be a useful

alternative for the steady state rule.

The bubbles in our experiment are not based on rational expectations. Regressions

show that many participants use the last two observations of the market price and the

last own prediction to form new predictions. This is in line with benchmark heuristics,

such as adaptive, trend-following and anchoring and adjustment rules. Many prediction

strategies have a trend-following component. Most participants pay attention to the

interest rate changes, but they do not seem to adapt their strategies in a significant

way.

Our experimental results suggest that a strong interest rate rule is successful in

deflating large price bubbles. Even though the policy cannot always prevent coordi-

77



CHAPTER 3. MANAGING BUBBLES WITH MONETARY POLICY

nation on destabilizing trend-following expectations, it can substantially dampen price

oscillations. Communicating the goal of the policy is necessary to significantly decrease

mispricing and increase coordination. There seems to be room for improvement by ex-

plaining the policy to market participants more carefully, so that interest rate changes

are not misunderstood and expectations can be managed even more. It would also be

interesting to study whether adding communication to a weak rule or a sample average

rule would help to stabilize markets.

An argument that is often raised against a monetary policy response to asset prices

is that deflating a bubble is likely to have negative side-effects on the economy. Our

partial equilibrium asset pricing model disregards important economic variables such

as inflation and output. It is possible that an interest rate policy successfully stabilizes

asset markets, but harms other parts of the economy. Embedding an asset market in

a New Keynesian framework to experimentally study the effects of monetary policy on

bubbles in a more realistic setting is an important topic for future work. Our present

experiment is a first step in gaining insight in how individual expectations and asset

prices interact with interest rate policy in a simple environment.

Appendix 3.A Asset pricing model with variable

interest rate

3.A.1 Derivation of the market equilibrium price

The experiment is based on an asset pricing model with heterogeneous beliefs, as in

Campbell et al. (1997) and Brock and Hommes (1998). The asset market consists of

I traders. At the beginning of each period, trader i can choose to invest in a risk-free

asset or a risky asset. The risk-free asset (e.g. a savings account) pays a variable

interest rate rt over period t, which is known at the time of the investment decision.40

The infinitely lived risky asset has a price pt and pays an uncertain dividend yt that

is independently and identically distributed with mean ȳ. The number of shares zit

purchased by trader i in period t cost (1 + rt)pt and yield a payoff pt+1 + yt+1. The

40This is the only extra assumption that is necessary to derive the market price when the interest
rate is variable instead of fixed. It implies the interest rate can be taken out of the expectations
operator. This is a standard assumption in macroeconomics (see e.g. Bernanke et al. (1999)). The
payoff of the risk-free asset between period t and period t+1 can be either defined as rt or rt+1, which
is set by the central bank at the beginning of period t. These two equivalent forms of notation are
both used in the literature.
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realized wealth of the trader at the beginning of period t+ 1 is thus given by

Wi,t+1 = RtWi,t + (pt+1 + yt+1 −Rtpt)zit, (3.8)

where Rt = 1 + rt is the gross rate of return of the risk-free asset in period t.

Traders differ in their beliefs about the conditional mean of the evolution of wealth,

Eit(Wi,t+1). It is assumed that traders believe that the conditional variance of excess

returns is constant and equal to σ2. Traders are myopic mean-variance optimizers, so

the demand for shares zit corresponds to the solution of

max
zit

{
Eit(Wi,t+1)− 1

2
aVit(Wi,t+1)

}
= max

zit

{
zitEit(pt+1 + yt+1 −Rtpt)−

1

2
aσ2z2

it

}
,

where a measures the degree of risk aversion. Assume that the outside supply of shares

zs is zero. The market equilibrium condition then becomes

I∑
i=1

zit =
1

aσ2

I∑
i=1

Eit(pt+1 + yt+1 −Rtpt) = zs = 0. (3.9)

Using that Eit(yt+1) = ȳ for all i and all t, the market equilibrium price is given by

pt =
1

1 + rt

[
1

I

I∑
i=1

pei,t+1 + ȳ

]
, (3.10)

where Eit(pt+1) = pei,t+1 denotes the prediction by trader i in period t for the price in

period t+ 1.

3.A.2 Fundamental value of the risky asset

The fundamental value of the risky asset is the discounted sum of all future dividend

payments. With a constant interest rate rt = r, the fundamental is simply pf = ȳ/r.

This simplification can no longer be made when the interest rate is variable. To find

the fundamental value, we iterate the market equilibrium price (3.10) K steps forward

and apply the law of iterated expectations:

pt = Eit

[
K∏
k=0

1

1 + rt+k

(
1

I

I∑
i=1

Eit[pt+k]

)]
+ Eit

[
K∑
j=0

j∏
k=0

1

1 + rt+k
ȳ

]
. (3.11)
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The transversality condition imposes that the first term in Equation (3.11) goes to

zero, so that the fundamental price is given by

pfit = Eit

[
∞∑
j=0

j∏
k=0

1

1 + rt+k
ȳ

]
. (3.12)

With a time-varying interest rate, the fundamental value is time-varying and depends

on individual expectations of future interest rates.

3.A.3 Interest rate rule and zero lower bound

The interest rate is set according to a Taylor-type rule:

rt = r∗ + φ

(
pt−1 − p∗

p∗

)
, (3.13)

where the target interest rate is r∗ = 0.05 and the target price is p∗ = 60, in line with

the asset pricing model with a fixed interest rate.

With the interest rate rule in Equation (3.13), the interest rate becomes negative

if pt−1 < − 3
φ

+ 60. This is only problematic for φ > 0.05, since the condition is never

satisfied for smaller values of φ. Hence, a zero lower bound (ZLB) on the interest rate

must be implemented if φ > 0.05. In our experiment, we use φ = 0.1, so that means

that the ZLB is reached when the price drops below 30. However, this does not have a

large effect on the dynamics of the system. When the price is lower than 30, the interest

rate without implementing the ZLB would be negative but relatively close to zero, so

that the difference in the realized market price with or without implementing the ZLB

is usually very small. In simulations with homogeneous expectations or a heuristics

switching model, the difference in prices with or without a ZLB is barely visible and

the dynamics are virtually the same. For our other parameter value, φ = 0.001, the

ZLB does not play a role. Hence, to ease the derivations in this appendix, the interest

rate rule in Equation (3.13) is taken without the ZLB.

3.A.4 Rational expectations equilibrium

Substituting the interest rate rule (Eq. (3.13)) into the market equilibrium price (Eq. (3.10)),

we obtain

pt =
60

63 + φ(pt−1 − 60)

[
1

I

I∑
i=1

pei,t+1 + 3

]
. (3.14)
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Figure 3.6: Simulations of rational bubbles
Notes: Initialization of the simulations: x1 = 15.75 and y1 = 15. The dashed lines indicate the steady
state of p∗ = 60 and r∗ = 0.05.

It is easy to verify that p∗ = 60 and r∗ = 0.05 form a steady state equilibrium, just as

in the asset pricing model with a fixed interest rate. This is the only feasible steady

state of the model.41

Any rational expectations (RE) solution must satisfy pt = peit, for all traders i and

all periods t. Replacing the average price prediction in Equation (3.14) with pt+1 and

rewriting the system in deviations from the steady state price, with xt = pt − 60, we

obtain a first-order 2-D system:

xt+1 = 1.05xt +
φ

60
xtyt + φyt,

yt+1 = xt. (3.15)

This system describes all RE or perfect foresight solutions. The steady state (x∗, y∗) =

(0, 0) of this system is a saddle point for 0 ≤ φ < 2.05 and an unstable node for

φ > 2.05. For the values of φ we consider in the experiment, 0 ≤ φ ≤ 0.1, the unique

steady state is thus saddle-path stable.

Given two initial values x1, y1 > 0, the price in deviation from the steady state

keeps growing. In the absence of monetary policy (φ = 0), this “rational bubble” has

a growth rate of 1 + r∗ = 1.05. When monetary policy is implemented (φ > 0), the

growth rate gets even larger and also increases over time, since the interest rate keeps

increasing as well. The rational bubbles are illustrated in Figure 3.6.

3.A.5 Dynamics under homogenous expectations

To get an intuition for the dynamics of the asset pricing model, we investigate the sta-

bility of the system under homogeneous expectations, i.e. when pei,t+1 = pet+1 for all i.

41Another steady state is p = − 3
φ and r = −φ, but this is not feasible since φ ≥ 0 and prices cannot

be negative.
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(a) Adaptive expectations
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(b) Weak trend extrapolation
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(c) Strong trend extrapolation

0 10 20 30 40 50

P
ric

e

50

60

70

phi = 0
phi = 0.001
phi = 0.1

0 10 20 30 40 50

In
te

re
st

 r
at

e

0

0.05

0.1

phi = 0.001
phi = 0.1

(d) Anchoring and adjustment

Figure 3.7: Simulations with homogeneous expectations
Notes: Initialization of the simulations: p1 = 50, p2 = 55 and pe3 = 55. The simulations implement
the ZLB. The dashed lines indicate the steady state of p∗ = 60 and r∗ = 0.05. Note that the scale of
the vertical axis differs in the four figures.

Adaptive expectations are given by

pet+1 = wpt−1 + (1− w)pet = pet + w(pt−1 − pet ), (3.16)

with weight w ∈ [0, 1]. Naive expectations are a special case of this rule, obtained for

w = 1. For 0 < w ≤ 1, the steady state is a stable node for φ < w−42
20w−40

. For w = 0,

it is a saddle point for 0 ≤ φ < 1.05. So for our parameter values, 0 ≤ φ ≤ 0.1,

prices converge monotonically to the steady state (unless w = 0). This is illustrated in
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Figure 3.7a, which shows prices for adaptive expectations with w = 0.65.

Under trend-following expectations, we have

pet+1 = pt−1 + γ(pt−1 − pt−2), (3.17)

with extrapolation coefficient γ > 0. The dynamics of this system change for different

combinations of φ and γ. For a weak trend-following rule with γ = 0.4 and 0 ≤ φ ≤ 0.1,

the eigenvalues are real and inside the unit circle. The steady state is a stable node

and there is monotonic convergence of the price, as illustrated in Figure 3.7b. For

a strong trend-following rule with γ = 1.3 and 0 ≤ φ ≤ 0.1, the eigenvalues are

complex and outside the unit circle, so the steady state is an unstable focus. The

simulations (including ZLB) in Figure 3.7c shows that prices and interest rates oscillate

and converge to cycles.

Under anchoring and adjustment, expectations are given by

pet+1 = 0.5(p∗ + pt−1) + (pt−1 − pt−2). (3.18)

Again, the dynamics depend on the value of φ. For 0 ≤ φ ≤ 0.1, the eigenvalues are

complex and inside the unit circle, so the steady state is a stable focus. Convergence

is oscillatory, as can be seen from the simulations in Figure 3.7d.

Appendix 3.B Instructions experiment

The instructions below are used for the Weak Rule, Strong Rule and Sample Average

treatments.

For the No Information treatment, “a known interest rate” is replaced by “an

interest rate that is known to the pension fund” and the interest rate is not mentioned

in the information about the forecasting task of the financial advisor. Furthermore, the

second sentence of the information about the investment strategies of the pension funds

is changed into “The bank account of the risk-free investment pays a target interest

rate of 5% each time period” and the following three sentences about the interest rate

are removed.

For the Communication treatment, a sentence is added after the fourth sentence of

the information about the investment strategies of the pension funds: “The policy of

the central bank is to raise the interest rate above 5% when it considers the stock price

to be too high, and to cut the interest rate below 5% when it considers the stock price

to be too low.”
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Instructions

General information

You are a financial advisor to a pension fund that wants to optimally invest a large

amount of money. The pension fund has two investment options: a risk-free investment

and a risky investment. The risk-free investment is putting all money on a bank account

paying a known interest rate. The alternative risky investment is an investment in the

stock market with uncertain return. In each time period the pension fund has to decide

which fraction of its money to put on the bank account and which fraction of its money

to spend on buying stocks. In order to make an optimal investment decision the pension

fund needs an accurate prediction of the price of the stock. As their financial advisor,

you have to predict the stock market price during 51 subsequent time periods. Your

earnings during the experiment depend upon your forecasting accuracy. The smaller

your forecasting errors in each period, the higher your total earnings.

Forecasting task of the financial advisor

The only task of the financial advisors in this experiment is to forecast the stock market

index in each time period as accurate as possible. The stock price has to be predicted

two time periods ahead. At the beginning of the experiment, you have to predict the

stock price in the first two periods, given the risk-free interest rate. It is very likely that

the stock price will be between 0 and 100 in the first two periods. After all participants

have given their predictions for the first two periods, the stock market price for the

first period will be revealed and, based upon your forecasting error, your earnings for

period 1 will be given. After that you have to give your prediction for the stock market

index in the third period, given the risk-free interest rate. After all participants have

given their predictions for period 3, the stock market index in the second period will

be revealed and, based upon your forecasting error, your earnings for period 2 will be

given. This process continues for 51 time periods.

The available information in period t for forecasting the stock price for period t + 1

consists of

• the current interest rate for period t and all past interest rates,

• all past prices up to period t− 1, and

• all past predictions up to period t, and

• total earnings up to period t− 1.
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Information about the stock market

The stock market price is determined by equilibrium between demand and supply of

stocks. The stock market price in period t will be that price for which aggregate demand

equals supply. The supply of stocks is fixed during the experiment. The demand for

stocks is determined by the aggregate demand of a number of large pension funds

active. Each pension fund is advised by a participant of the experiment.

Information about the investment strategies of the pension

funds

The precise investment strategy of the pension fund that you are advising and the

investment strategies of the other pension funds are unknown. The bank account of

the risk-free investment pays a known interest rate each time period. The interest rate

is initially set at 5% per period, but it is variable. This means that it is possible, but

not certain, that the interest rate will change in later periods. The current interest

rate will be given in each period. The holder of the stock receives a dividend payment

in each time period. These dividend payments are uncertain however and vary over

time. Economic experts of the pension funds have computed that the average dividend

payments are 3 euro per time period. The return of the stock market per time period

is uncertain and depends upon (unknown) dividend payments as well as upon price

changes of the stock. As the financial advisor of a pension fund you are not asked to

forecast dividends, but you are only asked to forecast the price of the stock in each

time period. Based upon your stock market price forecast, your pension fund will make

an optimal investment decision. The higher your price forecast is, the larger will be

the fraction of money invested by your pension fund in the stock market, so the larger

will be their demand for stocks.

Earnings

Your earnings depend only on the accuracy of your predictions. The earnings shown

on the computer screen will be in points. If your prediction is pet and the price turns

out to be pt in period t, your earnings are determined by the following equation:

earningst = max{1300− 1300

49
(pet − pt)2, 0},

The maximum possible points you can earn for each period (if you make no prediction

error) is 1300, and the larger your prediction error is, the fewer points you earn. You
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will earn 0 points if your prediction error is larger than 7. The earnings table below

shows the number of points you earn for different prediction errors. At the end of the

experiment, your total earnings in points will be converted into euros, at an exchange

rate of 0.5 euro for 1300 points.

Earnings table

1300 points equal 0.5 euro

error points error points error points error points error points

0.1 1300 1.5 1240 2.9 1077 4.3 809 5.7 438

0.15 1299 1.55 1236 2.95 1069 4.35 798 5.75 423

0.2 1299 1.6 1232 3 1061 4.4 786 5.8 408

0.25 1298 1.65 1228 3.05 1053 4.45 775 5.85 392

0.3 1298 1.7 1223 3.1 1045 4.5 763 5.9 376

0.35 1297 1.75 1219 3.15 1037 4.55 751 5.95 361

0.4 1296 1.8 1214 3.2 1028 4.6 739 6 345

0.45 1295 1.85 1209 3.25 1020 4.65 726 6.05 329

0.5 1293 1.9 1204 3.3 1011 4.7 714 6.1 313

0.55 1292 1.95 1199 3.35 1002 4.75 701 6.15 297

0.6 1290 2 1194 3.4 993 4.8 689 6.2 280

0.65 1289 2.05 1189 3.45 984 4.85 676 6.25 264

0.7 1287 2.1 1183 3.5 975 4.9 663 6.3 247

0.75 1285 2.15 1177 3.55 966 4.95 650 6.35 230

0.8 1283 2.2 1172 3.6 956 5 637 6.4 213

0.85 1281 2.25 1166 3.65 947 5.05 623 6.45 196

0.9 1279 2.3 1160 3.7 937 5.1 610 6.5 179

0.95 1276 2.35 1153 3.75 927 5.15 596 6.55 162

1 1273 2.4 1147 3.8 917 5.2 583 6.6 144

1.05 1271 2.45 1141 3.85 907 5.25 569 6.65 127

1.1 1268 2.5 1134 3.9 896 5.3 555 6.7 109

1.15 1265 2.55 1127 3.95 886 5.35 541 6.75 91

1.2 1262 2.6 1121 4 876 5.4 526 6.8 73

1.25 1259 2.65 1114 4.05 865 5.45 512 6.85 55

1.3 1255 2.7 1107 4.1 854 5.5 497 6.9 37

1.35 1252 2.75 1099 4.15 843 5.55 483 6.95 19

1.4 1248 2.8 1092 4.2 832 5.6 468 error ≥ 7 0

1.45 1244 2.85 1085 4.25 821 5.65 453

Control questions

• Suppose in one period, your prediction for the market price is 45.5, and the market

price turns out to be 45.75. How many points do you earn for the forecasting

task in this period (round it to the nearest integer)? (Answer: 1298)
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• Suppose a financial advisor predicts that the stock price goes up in period 10, and

goes down in period 20, and the pension fund acts according to this prediction.

In which period does the pension fund increase its demand for stocks, period 9

or period 19? (Answer: period 9)

• In which of the following cases will the stock price go up?

A. When advisors think the price will go down and the pension funds buy very

little.

B. When advisors think the price will go up and the pension funds buy a lot.

(Answer: B)

• NOT for treatment No Information:

Which of the following statements is true?

A. The current interest rate is known, so the bank account is always a risk-free

investment.

B. The interest rate is variable, so the bank account and the stock are both risky

investments.

(Answer: A)

• ONLY for treatment Communication:

Suppose the current interest rate is 10%. Does this mean that the central bank

considers the stock price to be too high or too low? (Answer: Too high)

• Suppose by the end of the experiment you have earned 26,000 points, how much

is this worth in euros? (Answer: 10 euro)
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Appendix 3.C Experimental results per market

Table 3.4: Summary statistics

Prices Interest rates (%)

mean st.dev. min max RAD RD mean st.dev. min max

Weak Rule

Average 184.11 173.32 22.09 607.74 2.29 2.07 5.20 0.29 4.94 5.91

Group 1 181.78 205.97 7.27 926.88 2.36 2.03 5.20 0.34 4.91 6.44

Group 2 176.87 222.75 19.58 898.36 2.11 1.95 5.19 0.37 4.93 6.40

Group 3 61.45 22.55 12.85 94.80 0.31 0.02 5.00 0.04 4.92 5.06

Group 4 337.74 288.66 35.86 930.62 4.69 4.63 5.45 0.48 4.96 6.45

Group 5 264.05 317.40 12.23 942.35 3.79 3.40 5.33 0.53 4.92 6.47

Group 6 340.72 310.28 26.19 934.73 4.78 4.68 5.46 0.52 4.94 6.46

Group 7 53.43 2.53 46.83 57.30 0.11 -0.11 4.99 0.00 4.98 5.00

Group 8 56.87 16.39 15.93 76.91 0.20 -0.05 4.99 0.03 4.93 5.03

Strong Rule

Average 65.07 29.13 23.04 140.64 0.37 0.08 5.99 4.61 0.55 18.44

Group 1 69.82 38.19 22.30 164.8 0.47 0.16 6.72 6.18 0 22.47

Group 2 64.79 25.87 26.92 107.39 0.38 0.08 5.81 4.23 0 12.90

Group 3 61.12 24.89 17.63 112.52 0.34 0.02 5.31 3.90 0 13.75

Group 4 62.83 27.81 6.70 141.48 0.28 0.05 5.74 4.12 0 18.58

Group 5 81.12 42.82 25.17 169.08 0.64 0.35 8.49 7.04 0 23.18

Group 6 57.64 21.16 17.38 98.87 0.28 -0.04 4.76 3.24 0 11.48

Group 7 62.98 50.44 11.66 262.92 0.57 0.05 6.02 7.86 0 38.82

Group 8 60.22 1.86 56.57 68.02 0.02 0.00 5.04 0.31 4.43 6.34

No Information

Average 87.62 42.50 28.12 201.07 0.62 0.46 9.55 7.00 0.33 28.51

Group 1 62.58 21.76 40.45 166.42 0.21 0.04 5.42 3.59 1.74 22.74

Group 2 63.21 12.33 32.06 85.85 0.16 0.05 5.52 2.04 0.34 9.31

Group 3 61.95 13.94 29.26 94.03 0.16 0.03 5.32 2.30 0 10.67

Group 4 95.09 36.92 29.43 196.75 0.65 0.58 10.74 6.14 0 27.79

Group 5 73.84 54.68 24.08 268.94 0.55 0.23 7.33 8.97 0 39.82

Group 6 85.35 36.21 23.98 184.41 0.54 0.42 9.16 5.97 0 25.73

Group 7 176.77 122.88 33.47 440.50 2.04 1.95 24.08 20.46 0.58 68.42

Group 8 82.19 41.31 12.23 171.69 0.60 0.37 8.82 6.55 0 23.61

Communication

Average 62.44 16.59 29.47 103.07 0.23 0.04 5.48 2.63 0.75 12.18

Group 1 60.99 6.76 36.19 70.50 0.08 0.02 5.16 1.12 1.03 6.75

Group 2 66.28 29.14 24.20 193.99 0.36 0.10 6.09 4.72 0 27.33

Group 3 62.25 14.31 34.66 89.59 0.18 0.04 5.37 2.36 0.78 9.93

Group 4 59.21 15.28 20.79 85.34 0.21 -0.01 4.90 2.45 0 9.22

Group 5 59.43 2.22 46.35 60.77 0.01 -0.01 4.91 0.37 2.72 5.13

Group 6 52.19 28.63 9.16 103.69 0.42 -0.13 4.29 4.01 0 12.28

Group 7 81.79 29.63 25.66 146.98 0.47 0.36 8.57 4.89 0 19.50

Group 8 57.41 6.79 38.72 73.73 0.09 -0.04 4.58 1.12 1.45 7.29

Sample Average

Average 81.67 60.91 18.04 249.68 0.76 0.36 7.98 6.58 0.80 26.60

Group 1 110.4 93.04 8.56 383.03 1.17 0.84 9.51 8.85 0 33.46

Group 2 93.89 107.43 7.10 442.09 1.00 0.56 10.63 12.93 0 49.19

Group 3 158.2 173.94 6.00 583.00 2.07 1.64 11.85 13.06 0 50.70

Group 4 51.29 2.64 43.29 56.26 0.15 -0.15 5.17 0.47 3.74 5.97

Group 5 72.96 38.64 18.59 154.97 0.55 0.22 7.34 5.27 0 18.06

Group 6 76.25 45.75 11.27 236.81 0.58 0.27 7.43 6.26 0 31.63

Group 7 43.96 19.94 15.16 85.97 0.37 -0.27 6.61 4.64 0 16.65

Group 8 46.37 5.87 34.32 55.32 0.23 -0.23 5.29 1.19 2.63 7.16
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3.C. Experimental results per market
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Figure 3.8: Market prices, predictions and interest rates in treatment Weak Rule
Notes: The dashed lines indicate the steady state price of 60 and the steady state interest rate of 5%.
Note that the scale of the vertical axis may differ per group.
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CHAPTER 3. MANAGING BUBBLES WITH MONETARY POLICY
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Figure 3.9: Market prices, predictions and interest rates in treatment Strong Rule
Notes: The dashed lines indicate the steady state price of 60 and the steady state interest rate of 5%.
Note that the scale of the vertical axis may differ per group.
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3.C. Experimental results per market
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Figure 3.10: Market prices, predictions and interest rates in treatment No Information
Notes: The dashed lines indicate the steady state price of 60 and the steady state interest rate of
5%. Note that the scale of the vertical axis may differ per group.
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Figure 3.11: Market prices, predictions and interest rates in treatment Communication
Notes: The dashed lines indicate the steady state price of 60 and the steady state interest rate of
5%. Note that the scale of the vertical axis may differ per group.
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Figure 3.12: Market prices, predictions and interest rates in treatment Sample
Average
Notes: The dashed lines indicate the steady state price of 60 and the steady state interest rate of
5%. Note that the scale of the vertical axis may differ per group.
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CHAPTER 3. MANAGING BUBBLES WITH MONETARY POLICY

Appendix 3.D Estimated prediction strategies

Table 3.5: Estimated forecasting rules for treatment Weak Rule

G S α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG

1 1 -2.3 3.947 -1.277 0.684 0 -1.037 -1.175 0 0 0.986 0.701

1 2 14.1 2.074 -0.642 0 0 0.628 -1.011 0 0 0.961 0.926

1 3 6.1 1.994 -1.208 0 0 0 0 0.222 0 0.994 0.856

1 4 0.3 2.130 -1.420 1.066 0 0 0 -0.695 0 0.988 0.219

1 5 14.5 2.652 -2.089 0 0 0 0 0 0.354 0.978 0.705

1 6 6.9 2.190 -1.726 0 -0.436 0 0 0.948 0 0.986 0.528

2 1 17.2 1.797 -2.039 3.013 -1.844 0.837 -1.077 -0.772 1.014 0.987 0.361

2 2 -4.7 3.019 0 -1.204 0 -0.671 -0.750 0 0.510 0.898 0.016∗∗

2 3 7.7 2.038 -1.380 0.354 0 0 0 0 0 0.973 0.164

2 4 8.9 1.328 0 -0.224 0 0 0 0 0 0.924 0.091

2 5 10.8 2.120 -2.403 0.876 0 0.433 0 0 0 0.949 0.229

2 6 8.5 3.149 -2.377 2.872 0 0 -0.662 -1.561 -0.426 0.973 0.332

3 1 2.9 2.290 -1.633 0 0 -0.710 0.980 0 0 0.876 0.123

3 2 18.6 2.386 -1.926 1.035 -0.681 0 -1.012 0.902 0 0.860 0.232

3 3 22.5 2.469 -2.158 0.742 0 -0.784 0.823 0 -0.441 0.818 0.480

3 4 12.2 1.421 -1.238 1.724 0 0 0 -1.156 0 0.715 0.105

3 5 12.1 1.685 -1.340 0.485 0 0 0 0 0 0.754 0.383

3 6 35.2 0 -1.772 0 -0.385 1.326 0 1.266 0 0.660 0.180

4 1 90.9 2.236 0 -0.993 0 -1.054 0 0.762 -0.131 0.916 0.433

4 2 130.6 0 0 0.346 0 1.200 -0.867 0 0 0.677 0.988

4 3 134.2 1.384 0 0 -0.935 0 -0.771 0 0.933 0.685 0.915

4 4 131.8 1.479 -1.562 0 0 0 0.730 0 0 0.814 0.591

4 5 135.9 2.611 -1.436 0.993 -1.464 -0.939 0 0 0.900 0.772 0.814

4 6 189.3 0 0 0 0 0.959 -0.454 0 0 0.524 0.638

5 1 99.7 0 -0.675 0 0 1.307 0 0 0 0.815 0.124

5 2 88.4 1.546 -0.798 0 0 0 0 0 0 0.833 0.451

5 3 47.6 1.767 -1.351 0 -0.290 0 0 0.703 0 0.897 0.889

5 4 80.5 1.594 -0.790 0 0 0 0 0 0 0.863 0.717

5 5 98.4 1.563 -0.819 0 0 0 0 0 0 0.807 0.060

5 6 74.6 1.826 -1.468 0 0 0 0 0.406 0 0.809 0.749

6 1 40.2 1.553 0 0 0 0 -0.736 0 0 0.936 0.469

6 2 52.0 0 -0.824 0 0.347 1.279 0 0 0 0.825 0.299

6 3 39.8 2.126 -1.680 0.484 0 0 0 0 0 0.912 0.533

6 4 13.7 1.542 -0.697 0 0.125 0 0 0 0 0.948 0.176

6 5 50.4 2.205 -1.602 0 0 0 0 0 0.299 0.899 0.508

6 6 30.7 2.059 -1.330 0 0 0 0 0 0.247 0.934 0.508

7 1 5.6 1.531 0 0 -0.340 0 -0.733 0.431 0 0.865 0.686

7 2 15.8 0.550 -0.816 0 0 0.449 0 0.525 0 0.671 0.956

7 3 8.2 0.543 -0.929 0.665 -0.436 0.609 0 0 0.396 0.647 0.574

7 4 8.3 1.840 -1.516 0.520 0 0 0 0 0 0.732 0.179

7 5 41.0 0 0 0 0 0.811 -0.578 0 0 0.546 0.032∗∗

7 6 15.2 1.834 -1.827 1.828 -0.612 0 0 -0.504 0 0.679 0.632

8 1 2.8 1.340 0 -0.376 0 0 0 0 0 0.999 0.465

8 2 1.4 1.366 -0.518 0 0 0.655 -0.537 0 0 0.988 0.962

8 3 8.2 1.061 0 -0.535 0 0.683 -0.336 0 0 0.988 0.817

8 4 -3.4 2.326 0 0 0 -0.485 -0.577 0 -0.216 0.995 0.477

8 5 1.8 2.352 -1.383 0 0 0 0 0 0 0.994 0.472

8 6 -0.7 1.326 0 -1.315 0.745 0.647 0 -0.393 0 0.997 0.942

Notes: ‘G’ indicates the number of the group, ‘S’ indicates the number of the subject. The column ‘BG’ reports p-values

of the Breusch-Godfrey test, ∗∗ indicates significance at the 5% level.
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3.D. Estimated prediction strategies

Table 3.6: Estimated forecasting rules for treatment Strong Rule

G S α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG

1 1 22.0 2.054 -1.671 0 0 0 0 0 0.423 0.688 0.621

1 2 0.5 1.739 -0.903 0 0 0 0 0 0.147 0.882 0.777

1 3 -16.3 2.449 0 0.429 0 -0.685 -0.856 0 0 0.788 0.509

1 4 8.5 1.918 -1.490 0.517 0 0 0 0 0 0.752 0.617

1 5 4.3 1.016 0 0 0 0 0 0 0 0.715 0.333

1 6 5.8 3.146 0 -1.130 0 -1.195 -0.596 0.718 0 0.887 0.996

2 1 3.1 1.793 -1.666 1.344 -1.299 0 0 0 0.794 0.797 0.284

2 2 56.5 1.613 -2.217 0 -0.606 0 0.616 0.728 0 0.809 0.201

2 3 34.3 0 0 0 0 1.067 -0.591 0 0 0.623 0.326

2 4 58.4 0 -1.528 1.152 -0.682 1.180 0 0 0 0.755 0.234

2 5 7.8 1.786 -1.787 1.551 -0.615 0.419 -0.438 0 0 0.902 0.146

2 6 12.1 2.153 -2.135 1.239 0 0 0 0 -0.338 0.834 0.812

3 1 19.1 1.516 -1.313 0.756 -0.737 0 0 0 0.51 0.678 0.078

3 2 31.8 0.957 0 0 0 0 -0.479 0 0 0.480 0.446

3 3 33.6 0 -0.501 0 0 0.940 0 0 0 0.557 0.353

3 4 12.3 1.716 0 -0.930 0 -0.565 0 0.571 0 0.819 0.682

3 5 34.3 0 0 0 0 1.032 -0.585 0 0 0.604 0.239

3 6 31.3 1.462 -0.633 -0.943 0 0 0 0.599 0 0.717 0.112

4 1 15.3 3.164 -2.494 0 0 -0.508 0.580 0 0 0.972 0.211

4 2 34.8 0.718 0 1.962 -1.573 0 0 -0.696 0 0.962 0.005∗∗

4 3 3.2 1.552 0 0 0 0 -0.359 0 -0.243 0.989 0.012∗∗

4 4 17.5 0 2.012 -1.130 0 0.359 0 -0.518 0 0.978 0.241

4 5 18.6 0.784 0 0 -0.566 0.477 0 0 0 0.969 0.164

4 6 19.5 1.371 -1.405 1.063 -1.015 0.841 -0.658 0.483 0 0.984 0.733

5 1 24.5 1.532 -0.810 0 0 0 0 0 0 0.739 0.299

5 2 42.5 0.777 -0.811 0 0 0.502 0 0 0 0.675 0.504

5 3 18.3 1.531 0 -1.065 0 0 0 0.332 0 0.924 0.773

5 4 27.2 1.206 -0.624 0 0 0 0 0 0 0.570 0.661

5 5 2.1 1.485 0 -0.937 0.529 0 0 0 0 0.825 0.806

5 6 35.4 1.612 0 0 0.629 0 -0.914 0 -0.395 0.649 0.128

6 1 29.9 2.064 -2.504 1.720 -0.783 0 0 0 0 0.755 0.850

6 2 44.2 1.815 -2.429 1.739 -0.870 0 0 0 0 0.459 0.612

6 3 18.2 2.346 -2.900 2.246 -1.009 0 0 0 0 0.813 0.538

6 4 0.7 1.156 0 0 0 0 -0.373 0 0.194 0.743 0.458

6 5 9.8 1.361 -0.546 0 0 0 0 0 0 0.796 0.160

6 6 9.7 1.803 -1.183 0 0 0 0 0 0.242 0.839 0.441

7 1 -8.2 2.232 -1.499 0 0.787 0 0 0 -0.388 0.938 0.278

7 2 2.0 2.193 -1.042 -1.362 0.795 0 0.363 0.284 -0.167 0.976 0.007∗∗

7 3 37.9 0 0 0.546 -0.627 0.347 0 0 0 0.524 0.005∗∗

7 4 4.9 2.059 -1.233 0 0 0 0 0.186 0 0.874 0.515

7 5 10.0 1.474 -1.261 0 0.529 0.505 0 0 -0.342 0.958 0.040∗∗

7 6 13.9 2.479 -3.509 0 0.630 0.273 0.692 0.459 -0.212 0.945 0.001∗∗

8 1 23.7 0.742 -0.500 0 0 0.674 -0.407 0.339 -0.242 0.798 0.223

8 2 47.4 1.287 0 -1.076 0 -0.069 0.068 0 0 0.956 0.012∗∗

8 3 103.2 0 -1.275 1.609 -1.319 0.736 -0.472 0 0 0.816 0.073

8 4 44.3 1.297 -2.317 1.702 -0.921 0.503 0 0 0 0.854 0.208

8 5 6.9 1.884 -0.837 0 0 0 0 0 -0.16 0.893 0.255

8 6 65.1 0 0 0 0 0 0 -0.330 0.244 0.171 0.273

Notes: ‘G’ indicates the number of the group, ‘S’ indicates the number of the subject. The column ‘BG’ reports p-values

of the Breusch-Godfrey test, ∗∗ indicates significance at the 5% level.
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Table 3.7: Estimated forecasting rules for treatment No Information

G S α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG

1 1 35.2 0.381 0 0 0 0 0 0 0 0.344 0.200

1 2 27.5 0.248 0 -0.401 0.303 0.634 0 0 -0.262 0.764 0.646

1 3 -37.2 3.007 -2.206 0.856 0 0 0 0 0 0.929 0.158

1 4 38.3 0 0.399 -0.536 0.370 0.776 -0.645 0 0 0.596 0.32

1 5 10.7 1.177 -0.298 0.301 0 0 -0.374 0 0 0.880 0.259

1 6 28.7 1.306 -0.779 0 0 0 0 0 0 0.781 0.955

2 1 44.2 1.546 -1.721 1.158 -0.640 0 0 0 0 0.617 0.397

2 2 2.1 2.125 -1.767 0.605 0 0 0 0 0 0.804 0.316

2 3 7.5 1.423 -1.266 0.745 0 0 0 0 0 0.642 0.793

2 4 15.4 2.042 -1.915 1.297 -0.661 0 0 0 0 0.805 0.212

2 5 39.5 0 -0.370 0 0 0.757 0 0 0 0.401 0.597

2 6 37.1 2.127 -2.379 1.288 -0.646 0 0 0 0 0.703 0.955

3 1 14.9 0.664 -0.584 0.266 -0.200 0.625 0 0 0 0.890 0.097

3 2 -1.5 2.045 -0.952 0 0 0 -0.480 0.467 0 0.700 0.707

3 3 53.6 1.204 -1.173 0 0 0 0 0.463 -0.373 0.573 0.697

3 4 19.8 0.896 -0.628 0 0 0.636 -0.536 0.290 0 0.796 0.407

3 5 2.4 2.601 0 0 0 -1.136 -0.530 0 0 0.827 0.190

3 6 63.4 0 -1.405 1.168 -0.696 0.904 0 0 0 0.563 0.509

4 1 47.3 1.351 -1.190 0.897 0 0 0 0 -0.437 0.578 0.038∗∗

4 2 56.6 1.538 -1.737 1.056 -0.841 0.389 0 0 0 0.736 0.020∗∗

4 3 30.1 1.570 -1.449 0.594 0 0 0 0 0 0.761 0.977

4 4 45.7 2.232 -2.736 1.354 -0.726 0 0.494 0 0 0.794 0.011∗∗

4 5 72.5 1.914 -2.352 2.083 -1.265 0 0 0 0 0.508 0.108

4 6 45.1 1.352 -1.130 1.047 -0.637 0 0 0 0 0.426 0.679

5 1 7.5 1.278 -0.735 0 0 0.347 0 0 0 0.798 0.864

5 2 30.7 0 -0.292 0.295 -0.233 0.742 0 0 0 0.460 0.985

5 3 4.5 0.872 0.239 0 -0.129 0 0 0 0 0.968 0.466

5 4 17.1 0.678 0 -0.449 0 0 0.492 0 0 0.885 0.253

5 5 -251.4 13.632 -2.890 -18.129 14.434 -1.779 0 2.662 -1.705 0.301 0.508

5 6 25.2 0.854 0 -0.238 0 0 0 0 0 0.822 0.715

6 1 28.9 1.614 -0.916 0 0 0 0 0 0 0.606 0.164

6 2 77.5 1.787 -2.394 1.755 -1.061 0 0 0 0 0.580 0.275

6 3 19.9 2.263 -2.439 1.421 0 0 0 0 -0.360 0.739 0.353

6 4 0.4 1.463 0 0 0 0 -0.408 0 0 0.888 0.261

6 5 -8.9 1.938 -1.912 0.959 0 0.311 0 0 0 0.792 0.716

6 6 33.6 2.480 -2.152 0 -0.369 0 0 0.689 0 0.805 0.284

7 1 66.0 0 0 0 0 0.842 0 0 0 0.701 0.407

7 2 69.5 1.057 0 0 0 0.418 0 -0.418 0 0.493 0.465

7 3 45.3 1.149 0 0 0 0 -0.315 0 0 0.789 0.124

7 4 23.7 1.308 0 0 0 0 0 -0.260 0 0.706 0.612

7 5 8.7 1.326 0.643 0 0 0 -0.826 0 0 0.854 0.394

7 6 5.1 1.720 -0.605 0 -0.424 0 0 0 0.336 0.945 0.234

8 1 56.6 1.150 -1.040 0.534 0 0 0 0 -0.326 0.513 0.638

8 2 56.5 1.368 -1.402 0.860 -0.475 0 0 0 0 0.672 0.492

8 3 60.3 1.038 -0.636 0 0 0 0 0 0 0.554 0.883

8 4 67.7 1.295 -1.196 0.798 -0.638 0 0 0 0 0.500 0.633

8 5 9.7 1.159 0 0.425 0 0 -0.551 0 0 0.512 0.401

8 6 56.8 1.311 -1.611 0.766 -0.681 0 0.479 0 0 0.449 0.374

Notes: ‘G’ indicates the number of the group, ‘S’ indicates the number of the subject. The column ‘BG’ reports p-values

of the Breusch-Godfrey test, ∗∗ indicates significance at the 5% level.
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3.D. Estimated prediction strategies

Table 3.8: Estimated forecasting rules for treatment Communication

G S α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG

1 1 45.7 0 0 0 0 0.687 0 -0.427 0 0.621 0.583

1 2 9.1 2.272 -1.683 0 0 0 0 0.285 0 0.703 0.870

1 3 33.5 1.710 -2.634 1.374 -0.536 0.548 0 0 0 0.853 0.006∗∗

1 4 18.6 0.924 -0.780 0.511 0 0.457 0 -0.387 0 0.709 0.419

1 5 35.4 0.581 -0.423 0 0 0.275 0 0 0 0.420 0.257

1 6 34.9 1.464 -0.711 0 -0.312 0 0 0 0 0.845 0.211

2 1 13.2 0.539 -0.350 0 0 0.780 -0.424 0.237 0 0.684 0.438

2 2 15.1 1.456 -0.860 0.243 0 0 0 0 0 0.814 0.033∗∗

2 3 26.1 0.497 -0.722 1.057 -0.498 0.592 0 -0.281 0 0.609 0.245

2 4 28.8 0.572 -0.602 0 0 0.564 0 0 0 0.592 0.064

2 5 38.4 0 -0.515 0.389 -0.237 0.758 0 0 0 0.414 0.289

2 6 51.0 0 0 0 0 0.663 -0.403 0 0 0.318 0.647

3 1 16.9 1.962 -2.134 1.420 -0.530 0 0 0 0 0.777 0.066

3 2 13.7 2.023 -1.952 1.474 -0.743 0 0 0 0 0.772 0.108

3 3 17.4 1.577 -2.229 1.352 -0.451 0.493 0 0 0 0.837 0.113

3 4 28.6 1.828 -1.492 0.736 -0.498 0 0 0 0 0.777 0.614

3 5 27.1 1.426 -1.370 0.527 0 0 0 0 0 0.549 0.010∗∗

3 6 4.5 2.072 -2.332 1.623 -0.450 0 0 0 0 0.675 0.018∗∗

4 1 11.5 2.099 -1.959 1.293 -0.624 0 0 0 0 0.825 0.747

4 2 -10.9 2.161 -1.283 1.209 0 0 -0.546 0 -0.421 0.793 0.582

4 3 56.8 0 -0.946 0.867 -0.603 0.748 0 0 0 0.447 0.475

4 4 30.0 1.198 -0.656 0 0 0 0 0 0 0.828 0.527

4 5 -5.5 1.833 -1.449 0.658 0 0 0 0 0 0.660 0.809

4 6 57.5 0.493 0 0 -0.413 0.477 -0.896 0 0.422 0.629 0.077

5 1 9.0 -0.432 1.092 -0.321 0 1.096 -0.548 -0.290 0.253 0.997 0.000∗∗

5 2 -9.1 3.791 -1.046 -0.751 -0.594 -1.184 0.378 0.434 0.123 0.993 0.541

5 3 20.2 1.729 -0.429 0.444 -0.554 -0.673 0.147 0 0 0.819 0.005∗∗

5 4 251.1 -0.913 -1.948 0 0.591 -0.457 0 -0.200 -0.257 0.951 0.000∗∗

5 5 -8.1 0.706 0 0.267 0 0.394 -0.299 0.026 0.040 0.996 0.000∗∗

5 6 34.0 -0.272 0 -0.557 0.343 0.778 0.469 -0.191 -0.136 0.726 0.744

6 1 9.0 1.342 -0.907 0 -0.264 0.540 -0.438 0.561 0 0.927 0.280

6 2 24.3 0 0 0 0 1.032 -0.513 0 0 0.586 0.909

6 3 24.9 0 0 0 0 1.061 -0.540 0 0 0.614 0.951

6 4 -7.0 1.796 0 -1.46 0.898 0 0 0 0 0.901 0.598

6 5 10.4 1.350 0 -0.545 0.507 0 -0.597 0 0 0.697 0.244

6 6 3.5 1.543 -0.615 0 0 0 0 0 0 0.896 0.898

7 1 25.4 2.137 -1.885 0.977 -0.484 0 0 0 0 0.798 0.678

7 2 34.3 2.200 -2.363 1.404 -0.595 0 0 0 0 0.729 0.076

7 3 67.0 0 -1.018 0.85 -0.617 0.995 0 0 0 0.586 0.402

7 4 15.9 2.208 -2.062 0.745 0 0 0 0 0 0.722 0.676

7 5 19.6 1.573 -0.773 0 0 0 0 0 0 0.833 0.369

7 6 6.0 1.432 -0.446 0 0 0 0 0 0 0.865 0.236

8 1 52.0 0 -0.546 0 -0.234 0.880 0 0 0 0.584 0.087

8 2 79.9 1.263 -2.054 1.18 -0.813 0 0 0 0 0.457 0.854

8 3 27.0 1.227 -0.657 0 0 0 0 0 0 0.539 0.883

8 4 50.9 0.918 -1.081 1.184 -0.461 0 0 -0.448 0 0.473 0.037∗∗

8 5 11.4 1.773 -1.689 0 0 0 0.715 0 0 0.849 0.687

8 6 70.3 1.293 -1.639 0.808 -0.710 0 0 0 0 0.510 0.191

Notes: ‘G’ indicates the number of the group, ‘S’ indicates the number of the subject. The column ‘BG’ reports p-values

of the Breusch-Godfrey test, ∗∗ indicates significance at the 5% level.
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Table 3.9: Estimated forecasting rules for treatment Sample Average

G S α β1 β2 β3 β4 γ0 γ1 γ2 γ3 R2 BG

1 1 36.1 1.450 -1.362 0.611 0 0.414 -0.359 0 0 0.797 0.269

1 2 72.0 2.486 0 0 -2.820 0 0 0 0.928 0.464 0.843

1 3 116.4 0 0 0 0 0 0 0 0 0.000 0.000∗∗

1 4 35.2 0.436 -0.367 0 0 0.559 0 0 0 0.513 0.875

1 5 46.1 0.427 -0.466 0 0 0.594 0 0 0 0.518 0.194

1 6 31.6 0.491 0 0 0 0.483 -0.301 0 0 0.595 0.568

2 1 14.3 1.184 0 -1.085 0.653 0 0 0 0 0.924 0.232

2 2 -134.4 4.212 0 0 0.997 0 -0.815 0 0 0.650 0.842

2 3 5.0 1.293 0 -0.834 0.461 0 0 0 0 0.966 0.272

2 4 20.3 1.330 0 -0.365 0 0 0 0 0 0.749 0.69

2 5 0.3 2.627 -0.777 0 0 -0.331 -0.395 0 0 0.951 0.587

2 6 -3.0 1.661 0 -1.992 2.109 0 0 0 -0.564 0.926 0.478

3 1 80.0 0 0 -0.446 0.885 0.781 0 0 -0.521 0.563 0.264

3 2 113.6 0 -0.601 0 0 0.953 0 0 0 0.547 0.344

3 3 34.0 2.131 -1.603 0 0 0 0 0.452 0 0.810 0.272

3 4 44.8 1.564 -0.963 0 1.759 0 0 0 -1.151 0.660 0.025∗∗

3 5 37.3 2.313 -1.552 0 0 0 0 0.288 0 0.852 0.224

3 6 29.4 1.904 -1.516 1.102 -1.214 0 0 0 0.587 0.911 0.317

4 1 12.7 1.458 -0.751 0 0 0.155 -0.110 0 0 0.841 0.000∗∗

4 2 9.3 0.815 0 0 0 0 0 0 0 0.616 0.780

4 3 2.4 0.529 0 0 -0.254 0.967 -0.293 0 0 0.900 0.524

4 4 6.2 0.656 0 0 -0.257 0.480 0 0 0 0.892 0.349

4 5 6.6 0.754 -0.273 -0.227 0 0.757 0 0 -0.142 0.924 0.719

4 6 12.7 0.569 0 0 0 0.568 -0.227 0 -0.156 0.823 0.099

5 1 6.1 2.155 -1.441 0 0 0 0 0.301 0 0.851 0.441

5 2 27.1 2.145 -2.133 2.378 -1.487 0 0 -1.107 0.914 0.776 0.331

5 3 31.6 2.799 -1.131 0 0 -1.170 0 0 0 0.857 0.357

5 4 29.9 1.816 -2.330 1.364 -0.560 0.384 0 0 0 0.828 0.286

5 5 37.0 0 0 0 0 1.114 -0.604 0 0 0.621 0.143

5 6 19.7 1.697 -1.406 0.483 0 0 0 0 0 0.646 0.245

6 1 30.1 0 0 0 0 0.550 0 0 0 0.237 0.033∗∗

6 2 37.9 0 -0.250 0 0 0.732 0 0 0 0.384 0.049∗∗

6 3 2.9 0.829 -0.902 0.506 0.445 0.377 0 0 -0.271 0.713 0.210

6 4 2.9 2.048 -1.504 0.750 0 0 0 0 -0.320 0.579 0.337

6 5 33.1 0 0 0 0 0.762 -0.415 0 0.323 0.467 0.858

6 6 50.9 0 0 0 0.554 0.296 -0.284 0 -0.363 0.341 0.096

7 1 -8.5 2.088 -0.790 0 0.322 -0.428 0 0 0 0.925 0.182

7 2 -1.1 1.842 -0.752 0 0 0 0 0 0 0.900 0.377

7 3 13.4 2.101 -2.42 1.674 -0.637 0 0 0 0 0.797 0.481

7 4 1.2 2.139 -1.652 0.961 0 0 -0.480 0 0 0.881 0.326

7 5 33.0 0 -0.817 0 0 1.093 0 0 0 0.754 0.329

7 6 3.2 3.096 -2.283 0.767 0 -0.588 0 0 0 0.821 0.091

8 1 26.5 0 0 0 0 0.436 0 0 0 0.169 0.126

8 2 17.5 1.567 -0.974 0 0 0 0 0 0 0.717 0.357

8 3 32.1 0 0 0 0 0.891 -0.600 0 0 0.565 0.906

8 4 22.2 1.329 -0.797 0 0 0 0 0 0 0.761 0.436

8 5 14.2 1.332 -1.131 0.479 0 0 0 0 0 0.489 0.680

8 6 35.9 0 -0.936 0.569 0 1.271 -0.508 0 -0.159 0.833 0.958

Notes: ‘G’ indicates the number of the group, ‘S’ indicates the number of the subject. The column ‘BG’ reports p-values

of the Breusch-Godfrey test, ∗∗ indicates significance at the 5% level.
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Chapter 4

Experiences and expectations in

asset markets: an experimental

study

4.1 Introduction

Personal experiences shape expectations in asset markets and can therefore affect future

market dynamics. I demonstrate that experiences with price stability or bubbles play

a key role in the (de)stabilization of asset markets in a laboratory experiment. In my

experiment, subjects gain experience in a stable or a bubbly market, before entering

into a same- or mixed-experience market. The experimental approach complements

empirical studies by providing a controlled environment. This control makes it possible

to induce and mix experiences, observe individual expectations and market dynamics,

and gain insight in how experiences affect individual and aggregate behavior.

A growing body of empirical literature, including the influential studies of Mal-

mendier and Nagel (2011, 2016), states that personal experiences affect expectations

about asset prices and returns, inflation and house prices, and investment decisions for

stocks, bonds, IPOs, mortgages and savings.42 Investors put more weight on personal

experiences than on other available historical data. For example, experiencing high re-

turns leads to optimism about future prices and an increase in investments, particularly

42Studies examining experience effects in stock markets are Ampudia and Ehrmann (2017); Cher-
nenko et al. (2016); Cordes and Dierkes (2017); Greenwood and Nagel (2011); Hoffmann et al. (2017);
Hoffmann and Post (2017); Malmendier and Nagel (2011); Nagel (2012); Strahilevitz et al. (2011) and
Vissing-Jorgensen (2003). Anagol et al. (2018); Chiang et al. (2011) and Kaustia and Knüpfer (2008)
focus on IPOs. Fajardo and Dantas (2018); Madeira and Zafar (2015); Malmendier and Nagel (2016)
and Malmendier et al. (2017) consider inflation, Kuchler and Zafar (forthcoming) and Malmendier
and Steiny (2017) investigate the housing market and Choi et al. (2009) study 401(k) savings.
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among younger individuals. With this trend-chasing behavior, inexperienced investors

contributed to the formation of the technology stock bubble in 1997–2000 and the US

housing bubble in 2003–2007 (Chernenko et al., 2016; Greenwood and Nagel, 2011).

The role of experience in asset markets has also been studied experimentally. In

trading experiments using the design of Smith et al. (1988), experience almost always

eliminates bubbles if the market environment stays constant.43 Haruvy et al. (2007)

show that convergence to fundamental values occurs because expectations are updated

adaptively. Experienced subjects seem to play a best response under the assumption

that other subjects behave the same as in the previous round.44 In the market setting of

Smith et al. (1988), such a trading strategy mitigates bubbles. By contrast, stationary

repetition does not eliminate bubbles in an asset market learning-to-forecast experiment

(LtFE): bubbles emerge even faster in the second and third repetition (Kopányi-Peuker

and Weber, 2018).

To learn more about the effect of experiences in asset markets, I conduct a LtFE

that induces and mixes experiences. My experimental design builds on Hommes et al.

(2005a, 2008). Subjects predict the price of an asset, which in turn depends positively

on the average price forecast of all traders in the market. As in real world asset markets,

price bubbles occur in this setting when subjects exhibit strong trend-extrapolating be-

havior.45 In the first stage of my experiment, each subject is paired with five robots

that make predetermined predictions, to ensure that subjects have very similar experi-

ences. Two typical price patterns from previous LtFEs are considered: a stable market

with small, dampening oscillations that converge to the fundamental price, and a bub-

bly market with two large price bubbles and crashes. In the second stage, markets are

formed with six subjects, who either have the same experience (stable or bubbly), or

an equal mix of experiences.

If all subjects act rationally in stage 2, they should all predict the fundamental

43Bubbles are eliminated with experience in Haruvy et al. (2007); King (1991); King et al. (1993);
Smith et al. (1988) and Van Boening et al. (1993). Hussam et al. (2008) show that bubbles can be
rekindled with experienced subjects when the market is shocked with an increase in liquidity and
dividend uncertainty. The admission of inexperienced subjects can also rekindle bubbles, but these
bubbles are usually smaller because experienced subjects act as price stabilizers (Akiyama et al.,
2014; Dufwenberg et al., 2005; Kirchler et al., 2015; Xie and Zhang, 2012). Counterexamples of the
result that experience eliminates bubbles are found by Hong et al. (2018); Oechssler et al. (2011) and
Kopányi-Peuker and Weber (2018).

44Similar behavior is observed in beauty contest games: experienced players anticipate the choices of
their inexperienced opponents and play a best response (Skeath and Livingston, 2010; Slonim, 2005).

45Large bubbles driven by trend-following expectations are found in the asset market LtFEs of Bao
et al. (2016); Hennequin and Hommes (2018) and Hommes et al. (2018, 2005a, 2008). The empirical
literature also provides ample evidence of trend extrapolation by investors, potentially contributing to
bubble formation (see e.g. Barberis et al. (2018); Greenwood and Shleifer (2014); Hirshleifer (2001);
Shiller (2002); Shleifer and Summers (1990)).
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price – accurately predicting bubbles is difficult and usually leads to large forecast

errors and low earnings. Nevertheless, the experienced price patterns in the first stage

have a large effect on expectations and price dynamics in the second stage. In mar-

kets where all subjects experienced stability, convergence is faster even though the

fundamental price is slightly changed. Bubble formation is faster in markets where

all subjects experienced bubbles. In mixed-experience markets, dynamics can go both

ways: prices stabilize in five markets and destabilize in three markets. Markets are

more unstable and heterogeneity in expectations is larger when more subjects have

experienced bubbles before.

My experiment differs from the repeated LtFE of Kopányi-Peuker and Weber (2018)

in three main respects. First, I induce either a stable or a bubbly experience, such that

the effect of both types can be studied.46 Second, I form mixed-experience markets in

addition to same-experience markets. Third, unlike stationary repetition, the funda-

mental price is not the same in the two stages and subjects do not know about the

experiences of others in the market.

Altogether, my experiment sheds new light on the effect of experience on individual

expectations and market dynamics. My results show that expectations of future prices

are strongly affected by experiences with price stability or bubbles. This experimental

evidence supports the findings of Malmendier and Nagel (2011, 2016) and other em-

pirical studies. Furthermore, my study demonstrates that experience can both have

a stabilizing and a destabilizing effect in asset markets, which contrasts the results of

experiments using the design of Smith et al. (1988). When the setting is more complex

than their simple market with a short-lived asset, experiencing bubbles can thus lead

to new bubble formation.

The remainder of this chapter is structured as follows. The details of the exper-

imental design are explained in Section 4.2. Section 4.3 discusses the experimental

results: the market dynamics, measures for mispricing and volatility, and coordination

of expectations. Section 4.4 provides a discussion and conclusion.

46Lejarraga et al. (2016) and Safford et al. (2018) also induce experiences of booms or crashes in the
lab, but they study behavior in an experimental investment task where subjects repeatedly allocate
a portfolio between a risky and a risk-free asset. Subjects who experienced a crash allocate less of
their portfolio to the risky asset, expect that future returns on the risky asset will be lower, and
increase their belief that another market crash is possible. Using the same type of experiment, Gong
et al. (2013) find that real asset market experiences also have an impact: subjects who personally
experienced a boom in the Shanghai Stock Exchange make bigger trades and hold more shares than
cash, as opposed to subjects who experienced a crash.
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4.2 Experimental design

4.2.1 Two-stage asset market LtFE

The general design of the experiment is based on the asset market LtFE of Hommes

et al. (2008). Six traders interact in a simple asset market. In each period t, they

can invest in an infinitely lived risky asset paying an i.i.d. dividend yt with mean ȳ,

or a risk-free asset paying a fixed interest rate r = 5%. Consequently, the risky asset

has a constant fundamental value of pf = ȳ/r. Given their expected price of the risky

asset in the next period, Eit(pt+1) = pei,t+1, traders calculate their optimal demand for

shares using myopic mean-variance optimization. The market price is determined by

the equilibrium between demand and supply:

pt =
1

1 + r

[
1

6

6∑
i=1

pei,t+1 + ȳ

]
. (4.1)

The price of the risky asset thus depends positively on the average price prediction for

the next period of all traders in the market. A detailed derivation of Equation (4.1)

can be found in Appendix 4.A.

In the experiment, traders are large pension funds, and subjects have the role of

financial advisors. Appendix 4.B provides the full instructions. Subjects first get in-

structions for the first stage, knowing that a second stage will follow. Most information

is the same for both stages: subjects get qualitative information about the asset market

and their role. Their only task is to predict the price of the risky asset in the next

period for 36 consecutive periods in each stage. The market price is then determined

by Equation (4.1), although subjects are not informed about this equation. Subjects

earn points for their prediction accuracy, as measured by the quadratic forecast error:

eit = max

{
1300− 1300

49
(pt − peit)2, 0

}
. (4.2)

The total number of points earned in stage 1 and 2 is converted into euros using an

exchange rate of e1 per 2000 points. In addition, subjects receive a fixed participation

fee of e10.

In stage 2, the pension funds invest in a different asset than in stage 1. This is

reflected in a slightly different value of the mean dividend ȳ and thus in a slightly

different fundamental price pf = ȳ/r. The change in fundamentals makes sure that

learning is not too simple in stage 2, especially when a stable experience is induced in

stage 1. However, I keep the difference in fundamentals small to avoid that markets
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Prediction

This is period 34. The risk-free interest rate is 5% and the mean dividend of the stock is 3.4.

What is your prediction for the price in the next period?
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Period Your Prediction Market Price Earnings

34 60.00

33 62.00 61.81 1299.04

32 64.00 61.33 1111.34

31 66.00 63.71 1161.39

30 68.00 65.62 1149.60

29 68.00 66.41 1233.16

28 55.00 66.25 0.00

27 55.00 61.17 288.50

26 65.00 55.78 0.00

25 74.00 65.14 0.00

24 71.00 71.65 1288.76

Total Earnings (Part 1):

17533.73 points

Figure 4.1: Example of the screen that subjects see during the prediction task

destabilize because the shock in fundamentals is too big. In each treatment, half of

the markets have a fundamental of pf = 62 in stage 1 and pf = 68 in stage 2, and vice

versa for the other half. By having both an increase and a decrease in fundamentals, it

is easier to see if the change in fundamentals affects the results. If this is not the case,

then the two types of markets in each treatment can be pooled in the data analysis.

The fundamental price is not given in the instructions, but subjects are informed

about the interest rate r = 5% and the value of the mean dividend ȳ (which equals

either 3.1 or 3.4, depending on the market and the stage). This information makes it

possible to calculate the fundamental price. Still, even if subjects do not calculate the

fundamentals, the instructions make clear that the markets in stage 1 and 2 are not

completely the same.

Subjects know that there are five other pension funds active in the asset market.

In the first stage, they are told that the other pension funds make use of computer

traders with a trading strategy based on a previous experimental asset market. In the

second stage, they learn that each pension fund is now advised by a subject of the

experiment. The instructions mention that other subjects may have encountered the

same or different computer traders in stage 1. Yet, subjects do not know the trading

strategies of the computer traders or the experiences of the other subjects.

The instructions are available on the computer screen throughout the entire expe-

riment. Understanding is checked with a number of control questions before subjects
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can proceed with the prediction task. In the first two periods of the prediction task,

there is no information about past prices, but the instructions indicate that it is very

likely that the first two prices will be between 0 and 100. In the subsequent periods,

subjects see a computer screen as in Figure 4.1. It shows a graph of past prices up

to the previous period and their own predictions up to the current period. It also

includes a table with prices, predictions and earnings in each period, and total earn-

ings so far. Furthermore, the value of the mean dividend ȳ and the interest rate r

are indicated. Subjects have to submit a price prediction for the next period, making

it a two-period-ahead prediction. After completing the two prediction stages of the

experiment, subjects fill in a short questionnaire, which includes open questions about

their forecasting strategy.

4.2.2 Robots in stage 1

In the first stage of the experiment, markets consist of one subject and five robots (i.e.

computer traders). The predictions of the robots are based on human behavior in the

first 36 periods of a previous asset market LtFE. Two markets with price patterns that

typically occur in this type of experiment are considered: a stable market with small,

dampening oscillations that converge to the fundamental, and a bubbly market with

two large bubbles and crashes.47 The predictions of subjects 2–6 in these markets are

taken and adjusted to match the fundamental price in stage 1 of this experiment.48

Figure 4.2 shows the predictions of the five robots and the price pattern that they

generate. In my experiment, the robots’ predictions have a total weight of 5
6

in the the

market price (Equation (4.1)), while the subject’s prediction has a weight of 1
6
. Hence,

the experience of subjects in stage 1 depends on their own predictions, but the price

pattern will look very similar to the stable or bubbly pattern that the robots generate,

so that subjects have comparable experiences.49

In the previous LtFE, the large bubbles crashed because there was an upper bound

47The markets are taken from Hennequin and Hommes (2018). Group 8 in treatment Communica-
tion is the stable market and group 4 in treatment Weak Rule is the bubbly market. Similar price
patterns can also be observed in other groups and in other asset market LtFEs.

48The fundamental in Hennequin and Hommes (2018) is pf = 60, so all predictions are increased by
either 2 or 8 units. This makes sure that the price pattern remains the same, but the stable market
converges to the fundamental of pf = 62 or pf = 68.

49A difference between a market with one subject and five robots and a market with six subjects
is that the robots do not react to the subject’s predictions. If a subject makes a typo or an outlier
prediction in a market with robots, this has a direct effect on the price in the current period, but it
does not change the overall price pattern. In a market with human subjects, a sudden price change
caused by one subject might have an indirect effect on the predictions of other subjects, so that it could
change the market dynamics. For example, a stable market with six subjects might be destabilized
after a single typo, but this cannot happen in a market with robots.
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(a) Stable robots
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(b) Bubbly robots

Figure 4.2: Price patterns generated by robots in stage 1
Notes: The colored dashed lines are the predictions of the five robots, the solid line is the price pattern
that they generate. The black dashed line indicates the fundamental price of pf = 62 (this holds for
half of the markets – for the other half, all lines are shifted upwards to match the fundamental of
pf = 68).

on predictions of 1000. In this experiment, I increase this upper bound to 2000. Sub-

jects do not know about the upper bound beforehand, but they receive a message when

they try to enter a prediction above 2000. Even if a subject submits the maximum

prediction in stage 1 at the peak of the bubble, the robots ensure that the price does

not become higher than 1100. The increased upper bound gives the opportunity to

see if bubbles grow larger in stage 2, and if there is a crash before the upper bound is

reached.

4.2.3 Treatments in stage 2

In the second stage of the experiment, markets are formed with six experienced sub-

jects. I consider three treatments: all subjects have a stable experience (treatment 6S),

all subjects have a bubbly experience (treatment 6B), or three subjects have a stable

experience and three subjects have a bubbly experience (treatment 3S3B).

If all subjects act rationally in stage 2, they should predict the fundamental price

and achieve maximal earnings. Accurately predicting price bubbles is much harder

and usually leads to large forecast errors and low earnings. It is possible that entering

into a new market with new traders gives subjects the opportunity to “start over”

and discard suboptimal forecasting strategies that they might have experimented with

in the beginning. If all experiences leads to more rationality, this would manifest

in more stability in stage 2 in all treatments. Another possibility is that subjects

(initially) expect the same price pattern as in the market they just experienced and

play a best response, similar to the observation of Haruvy et al. (2007). This could

lead to faster convergence in treatment 6S and faster bubble formation in treatment

6B.50 In treatment 3S3B, the dynamics could go both ways: some subjects will need

50Assuming that other traders behave the same as in the previous market, it is optimal for a subject
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to adjust their initial expectations of the price pattern. Hence, a mixed-experience

market could become stable when subjects who initially expect bubbles change their

strategy, or it could become bubbly when subjects who initially expect stability change

their strategy. If different experiences affect expectations differently, this would lead

to distinctions in market dynamics in treatments 6S, 6B and 3S3B.

4.2.4 Implementation

The experiment took place in the CREED laboratory at the University of Amster-

dam in May and June 2018. I programmed the experiment in oTree (Chen et al.,

2016). I conducted eight markets per treatment, giving a total of 144 subjects (mostly

students in economics or social sciences).51 A session lasted for about two hours in

total. Earnings were on average e21.63 and ranged from e10 to e40.90, including the

participation fee of e10.

4.3 Experimental results

4.3.1 Market dynamics

Figure 4.3 shows the prices and predictions of all subjects in stage 1, plotted separately

for the two experiences (stable or bubbly) and the two fundamentals (pf = 62 or

pf = 68). Subjects indeed have very similar experiences: each panel includes 36

subjects, but the solid lines representing the realized prices are close together. A small

number of extreme predictions in the bubbly markets cause kinks in the price pattern

for these subjects. Nevertheless, all subjects experienced either small, dampening

oscillations or large bubbles and crashes.

The prices and predictions in each market in stage 2 are shown in Figure 4.4 (treat-

ment 6S), Figure 4.5 (treatment 6B) and Figure 4.6 (treatment 3S3B). Clearly, the

to be one step ahead of the others and predict a price close to the predictions of others in the next
period, since prices depend on next period’s predictions. Therefore, the best response to the stable
experience is to predict earlier trend reversals, leading to faster convergence, and the best response
to the bubbly experience is to predict faster price increases and decreases, leading to faster bubble
formation.

51Since I am investigating the role of experience, I recruited at first from a pool of subjects who did
not participate in closely related asset market LtFEs. However, this led to a shortage of subjects – only
fourteen markets could be formed. Furthermore, a majority of these subjects (56%) indicated they
had participated in LtFEs before (but most likely in different market settings). Therefore, I dropped
the exclusion criteria for the last ten markets (group 7–8 in 6S, group 7–8 in 6B, and group 3–8 in
3S3B). I am confident that this did not change the results, since there are no significant differences
between the markets with or without exclusion criteria. The experience induced in stage 1 of this
experiment is more salient and relevant than previous experiences in different experiments.
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(a) Stable experience, pf = 62
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(b) Stable experience, pf = 68
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(c) Bubbly experience, pf = 62
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(d) Bubbly experience, pf = 68

Figure 4.3: Market prices and predictions of all subjects in stage 1
Notes: The colored dashed lines are the predictions of subjects, the colored solid lines are the realized
prices. The dashed black line indicates the fundamental price. The upper bound on predictions is
2000. Shown in (a) are all subjects in group 1, 3, 5 and 7 of treatment 6S and subjects 1–3 in group
1, 3, 5 and 7 of treatment 3S3B. Shown in (b) are all subjects in group 2, 4, 6 and 8 of treatment
6S and subjects 1–3 in group 2, 4, 6 and 8 of treatment 3S3B. Shown in (c) are all subjects in group
1, 3, 5 and 7 of treatment 6B and subjects 4–6 in group 1, 3, 5 and 7 of treatment 3S3B. Shown in
(d) are all subjects in group 2, 4, 6 and 8 of treatment 6B and subjects 4–6 in group 2, 4, 6 and 8 of
treatment 3S3B.

experienced price patterns in stage 1 have a large effect on the market dynamics in

stage 2. All markets in treatment 6S have stable prices, whereas all markets in treat-

ment 6B exhibit large bubbles. Treatment 3S3B shows mixed results: four markets are

stable with prices remaining close to the fundamental, one market is relatively stable

around a price that is about two times too high, and three markets show large bubbles

with prices exceeding twenty times the fundamental. Experience thus plays a role in

the (de)stabilization of asset markets.

In treatment 6S, oscillations are generally even smaller than in stage 1. Five of

the eight markets converge to the new fundamental. This is remarkable, since most

subjects do not know how to calculate the fundamental price.52 Yet, instead of simply

repeating the same equilibrium that they have seen in stage 1, they were able to learn

the new equilibrium. Not all markets managed to do this: groups 1 and 7 exhibit prices

that remain too low after the increase in fundamental, while group 4 exhibits prices that

remain too high after the decrease in fundamental. In each of these three markets, there

is one subject trying to coordinate on a round number (50 in the former two cases,

70 in the latter case), preventing the price from getting closer to the fundamental.

52Subjects were asked in the questionnaire if they know the fundamental value of an infinitely lived
asset with a mean dividend of D (for example D = 3.1) and an interest rate of 5%. The correct answer
is given by 16% of the subjects, but a large majority (84%) does not know.
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(a) pf = 68
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(b) pf = 62

Figure 4.4: Market prices and predictions in stage 2, treatment 6S
Notes: The solid black line is the market price, the colored lines are the individual predictions. The
dashed black line indicates the fundamental price. Odd-numbered groups have pf = 68, even-numbered
groups have pf = 62.

Once the price stabilizes not too far from the fundamental, earnings are relatively high

already, so the incentives to get closer to the fundamental are not very strong. This

could explain why not all groups fully converge.

Bubbles form faster and grow larger in treatment 6B, compared to stage 1 (except

in group 5). The fundamental price does not play a role at all in these markets. In most

markets, the price pattern becomes irregular after one or more bubbles. This is due

to extreme predictions by some subjects, causing unpredictable jumps in prices. The

questionnaire reveals that these subjects are either trying to manipulate the price in the

hope of giving it a more predictable direction, or they got frustrated and simply gave

up predicting accurately. The upper bound on predictions of 2000 allowed bubbles

to grow larger than in stage 1. However, only in group 6 does the price approach

the maximum value – in other groups, the first bubble crashes before most subjects
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(a) pf = 68
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(b) pf = 62

Figure 4.5: Market prices and predictions in stage 2, treatment 6B
Notes: The solid black line is the market price, the colored lines are the individual predictions. The
dashed black line indicates the fundamental price. Odd-numbered groups have pf = 68, even-numbered
groups have pf = 62. The upper bound on predictions is 2000.

have reached the upper bound. Subjects thus seem to expect a crash because of their

experience in stage 1.

In the mixed-experience treatment 3S3B, results are mixed. Group 3 and 8 are

very stable and have prices close to the fundamental. Group 1 and 4 exhibit small

oscillations around the fundamental. Group 5 is relatively stable with dampening

oscillations around a price of 120 (about twice the fundamental). By contrast, group 2,

6 and 7 destabilize, and bubbles form faster and grow larger compared to the bubbly

experience in stage 1. It is not immediately clear why a mixed-experience market

stabilizes or destabilizes, but looking closely at individual predictions and subjects’

responses in the questionnaire gives some idea. It seems that a market stays stable if

none of the subjects is predicting large price changes (be it deliberately or not), and

if at least one subject is making an effort to stabilize the price by submitting (almost)
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(a) pf = 68
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(b) pf = 62

Figure 4.6: Market prices and predictions in stage 2, treatment 3S3B
Notes: The solid black line is the market price, the colored lines are the individual predictions. The
dashed black line indicates the fundamental price. Odd-numbered groups have pf = 68, even-numbered
groups have pf = 62. The upper bound on predictions is 2000. Note that the scale of the vertical axis
may differ per group.

constant predictions or by submitting low predictions whenever the price goes up too

quickly.53 On the other hand, a market destabilizes if subjects do nothing to stop the

acceleration of the upward trend in the beginning. Attempts to stabilize the market

later on are unsuccessful, since it is extremely hard to achieve coordination once the

price is too far from the fundamental and the fluctuations are too big.

In all treatments, there are some benefits from entering into a new market: several

subjects indicate in the questionnaire that they learned during stage 1 that predicting

large price changes is not a successful strategy, and that the price should remain stable

53A number of subjects describe stabilizing strategies for stage 2 in the questionnaire, using phrases
such as “trying to maintain as constant a price as possible”, “mitigating fluctuations”, and “preventing
a bubble from forming by predicting a price of 1”. Some of these subjects experienced stability in
stage 1, some of them experienced bubbles.
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in order to make money. In stage 2, they have the opportunity to start over and

abandon this suboptimal behavior. However, aiming for stable prices only works if the

other subjects in the market do not spoil the attempts by predicting high prices or large

changes. For this reason, stabilizing strategies are very successful in stable-experience

markets, unsuccessful in bubbly-experience markets, and successful in some (though

not all) mixed-experience markets. The results in the first market could also have a

negative influence on the new market: some subjects with a bubbly experience become

frustrated, causing further destabilization.

The figures suggest that there are no substantial differences in results for the two

levels of the fundamental within each treatment. To formally test this, I consider a

range of summary statistics, presented in Table 4.2 in Appendix 4.C. The fundamental

is normalized to pf = 62 in all markets to allow for comparison between markets with

different fundamentals.54 The summary statistics confirm that the differences between

the two levels of the fundamental are not significant: pairwise Mann-Whitney-Wilcoxon

(MWW) tests, comparing odd-numbered groups with even-numbered groups, all have

a p-value > 0.05 for each statistic in each treatment (see Table 4.3 in Appendix 4.C).

Hence, the change in fundamentals does not matter for the results.

4.3.2 Volatility and mispricing

There are clear differences in market volatility and mispricing across the three treat-

ments. To quantify these results, I measure volatility using the standard deviation of

prices. However, this only measures fluctuations around the mean price, without con-

sidering the fundamental price. Therefore, I also measure mispricing using the Relative

Absolute Deviation (RAD) from the fundamental, defined according to Stöckl et al.

(2010):

RAD =
1

36

36∑
t=1

∣∣pt − pf ∣∣
pf

. (4.3)

For instance, a value of RAD = 0.5 indicates that the price differs on average 50% from

the fundamental.55 Figure 4.7 shows the empirical cumulative distribution functions

54Normalization to pf = 62 means that all predictions and prices are shifted downwards by six units
in markets with pf = 68, before the summary statistics are calculated. This procedure implies that the
mean, maximum and minimum price are lowered by six units, while the standard deviation and the
range of prices remain the same. The RAD and RD (see Section 4.3.2) yield slightly higher numbers
when pf = 68 is changed to pf = 62, but comparison is only meaningful if the same fundamental is
used in the calculation for all markets.

55The Relative Deviation (RD) measures overvaluation and is defined in a similar way as RAD, but
without taking the absolute value. RD is less informative for my experimental data, since it is close to
zero in markets that oscillate around the fundamental price and close to RAD in markets with large
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Figure 4.7: Empirical CDFs of volatility and mispricing measures
Notes: The dashed lines are the two experiences in stage 1 (“S” for stable and “B” for bubbly),
including 72 markets each. The solid lines are the three treatments in stage 2 (6S, 6B and 3S3B),
including 8 markets each.

Table 4.1: p-values of pairwise MWW tests for volatility and mispricing

Pairwise MWW tests for st.dev. of prices

S B 6S 6B

6S 0.000∗∗

6B 0.301 0.000∗∗

3S3B 0.025∗∗ 0.022∗∗ 0.001∗∗ 0.083∗

3S3B-S 0.515 0.006∗∗

3S3B-B 0.324 0.630

Pairwise MWW tests for RAD

S B 6S 6B

6S 0.064∗

6B 0.001∗∗ 0.000∗∗

3S3B 0.000∗∗ 0.252 0.010∗∗ 0.015∗∗

3S3B-S 0.018∗∗ 0.093∗

3S3B-B 0.004∗∗ 0.630

Notes: ∗∗ and ∗ indicate significance at the 5% and 10% level, respectively. “S” and “B” stand for the stable and

bubbly experiences in stage 1; “3S3B-S” stands for the stable markets (group 1, 3, 4, 5 and 8) and “3S3B-B” stands for

the bubbly markets (group 2, 6 and 7) of treatment 3S3B in stage 2. The treatments in stage 2 (rows) are compared

with each other and with the relevant experiences in stage 1 (columns).

(CDFs) of the volatility and mispricing measures for the two experiences in stage 1

and the three treatments in stage 2. The precise values of the measures in each market

can be found in Table 4.2 in Appendix 4.C.

Figure 4.4–4.6 show that markets are more unstable when more subjects have expe-

rienced bubbles before: bubbles are largest in treatment 6B, followed by 3S3B and 6S.

To find out if the differences between treatments are statistically significant, I conduct

pairwise MWW tests. The null hypothesis is that there are no differences in volatility

and mispricing in stage 2. The p-values of these tests can be found in the last two

columns of Table 4.1. The tests indicate that the differences between treatment 6S

and 6B are highly significant for both measures. The differences between 3S3B and 6S

are significant at the 5% level in terms of both volatility and mispricing. Mispricing

in 3S3B is also significantly different from 6B at the 5% level, but the difference in

bubbles.
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volatility is only significant at the 10% level, due to the mixed results in 3S3B. Con-

sidering the two types of results in 3S3B separately, the standard deviation of prices

is significantly different in the stable markets compared to 6S, but RAD is only signif-

icantly different at the 10% level. This implies that the mixed-experience markets are

slightly less stable than the stable-experience markets, but it only has a marginal ef-

fect on mispricing. Both measures are not significantly different in the bubbly markets

compared to 6B, indicating that the results in all bubbly markets are comparable.

Compared to stage 1, the stable-experience markets of 6S become more stable, the

bubbly-experience markets of 6B become more bubbly, and the mixed-experience mar-

kets of 3S3B show mixed results. The first two columns of Table 4.1 present p-values of

pairwise MWW tests comparing the treatments in stage 2 with the relevant experiences

in stage 1. Treatment 6S is significantly different from the stable experience in terms of

volatility. The difference in terms of mispricing is only significant at the 10% level, due

to the three markets that do not converge to the new fundamental. Treatment 6B is

significantly different from the bubbly experience in terms of mispricing, but volatility

is comparable. Treatment 3S3B as a whole is significantly different from the stable ex-

perience in terms of volatility and mispricing, and from the bubbly experience in terms

of volatility. Comparing the stable markets in 3S3B with the stable experience and the

bubbly markets with the bubbly experience, volatility is not significantly different, but

mispricing is: both types of markets deviate more from the fundamental in stage 2.

4.3.3 Coordination of expectations

The experiences of subjects also affect coordination of expectations in stage 2. To illus-

trate this, Figure 4.8 plots the standard deviation of predictions over time for treatment

6S, 6B and the stable and bubbly markets of 3S3B separately. A low standard devia-

tion of predictions indicates that subjects coordinate on a common prediction strategy.

In the stable markets of treatment 6S, coordination is strong and increasing over time.

The stable markets of 3S3B show an increase in coordination in most markets as well,

but there is somewhat more heterogeneity in expectations than in 6S. By contrast,

coordination is completely lost in the bubbly markets of 6B and 3S3B. The large price

changes make it harder to coordinate, and this in turn leads to more fluctuations in the

price. However, the heterogeneity in predictions is slightly lower in the bubbly markets

of 3S3B than in 6B. The differences in the average standard deviation of predictions

are significant for each comparison (p-value < 0.05 for all pairwise MWW tests). Coor-

dination is thus strongest in stable-experience markets, but mixed-experience markets

have less heterogeneity in expectations than bubbly-experience markets.
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(a) 6S, stable markets
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(b) 6B, bubbly markets
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(c) 3S3B, stable markets
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(d) 3S3B, bubbly markets

Figure 4.8: Standard deviation of predictions over time in stage 2
Notes: Each colored line represents a different market. Panel (a) contains all 8 groups of treatment 6S,
panel (b) contains all 8 groups of treatment 6B, panel (c) contains group 1, 3, 4, 5 and 8 of treatment
3S3B, and panel (d) contains group 2, 6 and 7 of treatment 3S3B. Note that the scale of the vertical
axis differs for stable and bubbly markets.

4.4 Conclusion

In this chapter, I study how experiences of price patterns in asset markets affect expec-

tations of future prices in a controlled learning-to-forecast experiment. Subjects first

enter into a market with robots, so that they have very similar experiences in either a

stable or a bubbly market. Subsequently, new markets are formed with subjects only,

who either have the same experience or an equal mix of experiences.

The results show that experiencing price stability or bubbles has a large effect

on future market dynamics. Many subjects seem to (initially) expect the same price

pattern as in the first market and play a best response in the second market. This

leads to faster convergence in markets where all subjects experienced stability, even

though the fundamental price is slightly changed. Bubble formation is faster in mar-

kets where all subjects experienced bubbles. Results are mixed in mixed-experience

markets: prices either stabilize or destabilize. When more subjects in a market have

experienced bubbles before, heterogeneity in expectations is larger.

My experimental results illustrate that experience can work both stabilizing and

destabilizing. Experiencing bubbles leads to expecting more bubbles and can therefore

cause the formation of new bubbles. The result that experience does not eliminate bub-

bles is also observed in the learning-to-forecast experiment with stationary repetition

of Kopányi-Peuker and Weber (2018), and contradicts a robust finding in experiments

à la Smith et al. (1988). In these trading experiments, subjects buy and sell an asset
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for about fifteen periods in a simple market. The market setting in learning-to-forecast

experiments is less transparent and has a longer time horizon, making it more diffi-

cult to learn from bubble experiences. On the other hand, experiencing stability helps

expectations to remain stable, which is a novel finding.

Empirical studies have found that inexperienced traders play a role in the formation

of bubbles, as they are more susceptible to optimistic thinking and trend chasing (Cher-

nenko et al., 2016; Greenwood and Nagel, 2011). To some extent, my experimental

results are in line with this: inexperienced subjects often have strong trend-following

expectations, thereby contributing to bubbles. However, subjects in my experiment

cannot opt out of the market after experiencing a bubble and crash, whereas traders

in real-world asset markets generally lower their investments in risky assets after a

negative experience (see e.g. Ampudia and Ehrmann (2017); Malmendier and Nagel

(2011)). An interesting direction for future research is therefore to study the effect of

experiencing stability or bubbles in an experimental setting that includes both forecast-

ing and trading, but is more complex than the classical Smith et al. (1988) design. Two

distinct examples of such experimental settings are Bao et al. (2017) and Giamattei

et al. (2018).

Focusing on recent personal experiences could lead to suboptimal investment de-

cisions. Making traders aware of this bias in behavior could be a first step towards

improving their decisions. Nudges in the form of presenting information about as-

set prices and returns in certain ways may also be helpful. For example, showing

traders information over longer time horizons might mitigate their trend-extrapolating

behavior. Smaller belief updates are generally associated with less active trading and

higher return performance (Barber and Odean, 2000; Hoffmann and Post, 2016). The

experimental results of Gerhard et al. (2017) suggest that presenting returns over a

longer horizon as a default is effective for investors with low financial literacy, who are

more likely to stay in the default option. However, they observe the opposite effect

for subjects who opt out of the default, indicating that the optimal way of present-

ing information depends on traders’ characteristics. Further research is necessary to

learn more about policy interventions to improve individual behavior as well as market

outcomes.

My experiment provides insight in how experiences affect expectations, and when

learning leads to stabilization or destabilization of markets. Asymmetric mixtures of

experiences (such as markets consisting of two subjects with a stable experience and

four subjects with a bubbly experience, and vice versa) could shed more light on these

dynamics, and would be a valuable extension of this study.
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Appendix 4.A Derivation of asset pricing equation

The asset pricing model with heterogeneous expectations is based on Campbell et al.

(1997) and Brock and Hommes (1998), and is first used in an experimental setting in

Hommes et al. (2005a, 2008). In each period t, trader i chooses to invest in a risky

asset or a risk-free asset. The wealth of trader i in period t+ 1 is then given by

Wi,t+1 = (1 + r)Wi,t + (pt+1 + yt+1 − (1 + r)pt)zit, (4.4)

where zit is the demand for the risky asset, pt is its price, yt+1 is the dividend payment,

and r is the risk-free interest rate. Traders calculate their optimal demand using mean-

variance optimization:

max
zit

{
Eit(Wi,t+1)− 1

2
aVit(Wi,t+1)

}
= (4.5)

max
zit

{
zitEit(pt+1 + yt+1 − (1 + r)pt)−

1

2
aσ2z2

it

}
,

where a is a measure of risk aversion. Traders have heterogeneous expectations about

the conditional mean of the evolution of wealth, Eit(Wi,t+1). It is assumed that all

traders believe the conditional variance of future wealth to be constant: Vit(Wi,t+1) =

σ2. The solution of the mean-variance optimization problem is thus given by

zit =
Eit(pt+1 + yt+1 − (1 + r)pt)

aσ2
. (4.6)

Outside supply of the risky asset zs is set to zero. Equilibrium between demand and

supply in a market with six traders then yields

6∑
i=1

zit =
1

aσ2

6∑
i=1

Eit(pt+1 + yt+1 − (1 + r)pt) = zs = 0. (4.7)

The dividend of the risky asset is i.i.d. distributed with mean ȳ, so Eit(yt+1) = ȳ.

Denote the prediction by trader i in period t for the price in period t+1 by Eit(pt+1) =

pei,t+1. Solving for the price of the risky asset pt gives Equation (4.1):

pt =
1

1 + r

[
1

6

6∑
i=1

pei,t+1 + ȳ

]
. (4.8)
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Appendix 4.B Instructions experiment

INSTRUCTIONS PART 1

Welcome! Thank you for participating in this experiment.

The experiment is anonymous, your choices will only be linked to your table number,

not to your name. You will be paid privately at the end, after all participants have

finished the experiment. During the experiment you are not allowed to use your mobile

phone. You are also not allowed to communicate with other participants. If you have

a question at any time, raise your hand and the experimenter will come to your desk.

The main part of this experiment consists of two parts of equal length. In part 1

you will not interact with other participants, while in part 2 you will interact with other

participants. You will find the instructions for part 1 on the next page; the instructions

for part 2 will follow when part 1 is finished. The instructions will be available at the

bottom of your screen throughout the entire experiment.

Please read the instructions for part 1 carefully.

General information

You are a financial advisor to a pension fund that wants to optimally invest a large

amount of money. The pension fund has two investment options: a risk-free investment

and a risky investment. The risk-free investment is putting all money on a bank

account paying a fixed and known interest rate. The alternative risky investment is an

investment in a stock with uncertain return. In each time period the pension fund has

to decide which fraction of its money to put on the bank account and which fraction

of its money to spend on buying stocks. In order to make an optimal investment

decision the pension fund needs an accurate prediction of the price of the stock. As

their financial advisor, you have to predict the stock price during 36 subsequent time

periods. Your earnings during the experiment depend upon your forecasting accuracy.

The smaller your forecasting errors in each period, the higher your total earnings.

Forecasting task of the financial advisor

The only task of the financial advisors in this experiment is to forecast the stock price

in each time period as accurately as possible. The stock price has to be predicted two

time periods ahead. At the beginning of the experiment, you have to predict the stock

price in the first two periods. It is very likely that the stock price will be between 0

and 100 in the first two periods. After all advisors have given their predictions for the
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first two periods, the stock price for the first period will be revealed and, based upon

your forecasting error, your earnings for period 1 will be given. After that you have

to give your prediction for the stock price in the third period. After all advisors have

given their predictions for period 3, the stock price in the second period will be revealed

and, based upon your forecasting error, your earnings for period 2 will be given. This

process continues for 36 time periods.

The available information in period t for forecasting the stock price for period t + 1

consists of

• all past prices up to period t− 1, and

• all your past predictions up to period t, and

• your earnings up to period t− 1.

Information about the stock market

The stock price is determined by equilibrium between demand and supply of stocks.

The stock price in period t will be that price for which aggregate demand equals

supply. The supply of stocks is fixed during the experiment. The demand for stocks is

determined by the aggregate demand of six large pension funds active. You are advising

one of these pension funds. The other five pension funds make use of computer traders

with a trading strategy that is based on a previous experimental stock market. Hence,

you do not interact with other participants in this experiment.

Information about the investment strategies of the pension

funds

The precise investment strategy of the pension fund that you are advising and the

investment strategies of the other pension funds are unknown. The bank account of the

risk-free investment pays a fixed interest rate of 5% per time period. The holder of the

stock receives a dividend payment in each time period. These dividend payments are

uncertain and vary over time. Economic experts of the pension funds have computed

that the average dividend payments are {{dividend1}} euro per time period. The

return of the stock market per time period is uncertain and depends upon (unknown)

dividend payments as well as upon price changes of the stock. As the financial advisor

of a pension fund you are not asked to forecast dividends, but you are only asked

to forecast the price of the stock in each time period. Based upon your stock price
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forecast, your pension fund will make an optimal investment decision. The higher your

price forecast is, the larger will be the fraction of money invested by your pension fund

in the stock market, so the larger will be their demand for stocks.

Earnings

Your earnings depend on the accuracy of your predictions. The earnings shown on the

computer screen will be in points. The maximum number of points you can earn in

each period is 1300. The larger your prediction error, the fewer points you earn. You

will earn 0 points if your prediction error is larger than 7. The earnings table below

shows the number of points you earn for different prediction errors. At the end of the

experiment, your total earnings in points will be converted into euros, at an exchange

rate of e1 for 2000 points (i.e. e0.65 for 1300 points). In addition, you will

receive a fixed fee of e10 for participating in this experiment.

Control questions

• Suppose in one period, your prediction for the price is 0.75 higher than the

realized price. How many points do you earn in this period? (Answer: 1285)

• Suppose a financial advisor predicts that the stock price goes up in period 10, and

goes down in period 20, and the pension fund acts according to this prediction.

In which period does the pension fund increase its demand for stocks, period 9

or period 19? (Answer: period 9)

• In which of the following cases will the stock price go up?

A. When the stock price is expected to go down and the pension funds buy very

little.

B. When the stock price is expected to go up and the pension funds buy a lot.

(Answer: B)

• Which of the following statements is true?

A. The other five pension funds in the market are advised by other participants

in this experiment, so you interact with these five participants.

B. The other five pension funds in the market make use of computer traders, so

you do not interact with other participants in this experiment.

(Answer: B)

• Suppose by the end of the experiment you have earned 25000 points, how much

is this worth in euros? (Answer: 12.50 euro)
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Earnings table

error points error points error points error points error points

0.1 1300 1.5 1240 2.9 1077 4.3 809 5.7 438

0.15 1299 1.55 1236 2.95 1069 4.35 798 5.75 423

0.2 1299 1.6 1232 3 1061 4.4 786 5.8 408

0.25 1298 1.65 1228 3.05 1053 4.45 775 5.85 392

0.3 1298 1.7 1223 3.1 1045 4.5 763 5.9 376

0.35 1297 1.75 1219 3.15 1037 4.55 751 5.95 361

0.4 1296 1.8 1214 3.2 1028 4.6 739 6 345

0.45 1295 1.85 1209 3.25 1020 4.65 726 6.05 329

0.5 1293 1.9 1204 3.3 1011 4.7 714 6.1 313

0.55 1292 1.95 1199 3.35 1002 4.75 701 6.15 297

0.6 1290 2 1194 3.4 993 4.8 689 6.2 280

0.65 1289 2.05 1189 3.45 984 4.85 676 6.25 264

0.7 1287 2.1 1183 3.5 975 4.9 663 6.3 247

0.75 1285 2.15 1177 3.55 966 4.95 650 6.35 230

0.8 1283 2.2 1172 3.6 956 5 637 6.4 213

0.85 1281 2.25 1166 3.65 947 5.05 623 6.45 196

0.9 1279 2.3 1160 3.7 937 5.1 610 6.5 179

0.95 1276 2.35 1153 3.75 927 5.15 596 6.55 162

1 1273 2.4 1147 3.8 917 5.2 583 6.6 144

1.05 1271 2.45 1141 3.85 907 5.25 569 6.65 127

1.1 1268 2.5 1134 3.9 896 5.3 555 6.7 109

1.15 1265 2.55 1127 3.95 886 5.35 541 6.75 91

1.2 1262 2.6 1121 4 876 5.4 526 6.8 73

1.25 1259 2.65 1114 4.05 865 5.45 512 6.85 55

1.3 1255 2.7 1107 4.1 854 5.5 497 6.9 37

1.35 1252 2.75 1099 4.15 843 5.55 483 6.95 19

1.4 1248 2.8 1092 4.2 832 5.6 468 error ≥ 7 0

1.45 1244 2.85 1085 4.25 821 5.65 453

INSTRUCTIONS PART 2

We will now continue with part 2 of this experiment. Please read the instructions

below carefully.

The pension fund that you are advising has decided to invest in a different stock.

The new stock pays an uncertain dividend, with an average dividend payment of

{{dividend2}} euro per time period. The alternative risk-free investment is again

a bank account that pays a fixed interest rate of 5% per time period.

Your task as a financial advisor remains the same: forecast the stock price in each

time period as accurately as possible for 36 time periods. The demand for stocks is

again determined by the aggregate demand of six large pension funds active. However,

each pension fund is now advised by a participant of this experiment. In part 1 of

the experiment, all participants have advised a pension fund in a stock market with

five computer traders. Other participants may have encountered the same computer
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traders, or different computer traders.

You can find the complete instructions, incorporating the changes for part 2, at the

bottom of your screen. The instructions will be available throughout the rest of the

experiment.

Control question

• In what respect is the stock market in part 2 different from part 1?

A. The pension fund is investing in a different stock.

B. All six pension funds in the market are now advised by participants in this

experiment.

C. Both of the above.

D. None of the above.

(Answer: C)
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Appendix 4.C Experimental results

Table 4.2: Summary statistics (normalized to pf = 62)

Mean St.dev. Min Max Range PPP RAD RD

PART 1

S 58.9 8.97 39.78 77.37 37.59 15 0.12 -0.05

B 342.46 330.86 35.65 1032.18 996.52 21 4.60 4.52

PART 2

6S 58.11 4.37 46.81 67.1 20.28 5 0.11 -0.06

Group 1 46.64 2.31 39.78 51.33 11.56 3 0.25 -0.25

Group 2 60.56 1.58 53.27 61.91 8.64 6 0.02 -0.02

Group 3 60.54 4.58 46.65 68.71 22.06 11 0.06 -0.02

Group 4 68.64 4.20 54.88 76.88 22.00 4 0.11 0.11

Group 5 58.07 5.53 43.39 70.01 26.63 5 0.08 -0.06

Group 6 59.27 9.14 40.83 79.23 38.40 6 0.12 -0.04

Group 7 48.74 2.78 42.85 52.26 9.41 3 0.21 -0.21

Group 8 62.46 4.80 52.87 76.44 23.57 4 0.05 0.01

6B 543.7 331.99 62.47 1271.7 1209.23 9 7.78 7.77

Group 1 657.32 305.28 38.79 1308.03 1269.24 8 9.63 9.60

Group 2 484.12 230.74 53.75 976.92 923.17 7 6.82 6.81

Group 3 607.01 275.34 47.24 1186.53 1139.29 6 8.80 8.79

Group 4 545.46 502.99 38.03 1518.48 1480.45 9 7.83 7.80

Group 5 274.95 152.72 48.81 723.52 674.71 21 3.45 3.43

Group 6 671.78 488.49 88.27 1759.78 1671.51 10 9.84 9.84

Group 7 541.63 410.47 62.32 1522.79 1460.48 6 7.74 7.74

Group 8 567.33 289.93 122.54 1177.56 1055.01 4 8.15 8.15

3S3B 241.38 147.37 45.56 621.04 575.48 11 2.99 2.89

Group 1 75.06 13.86 47.71 95.65 47.93 6 0.25 0.21

Group 2 443.92 296.49 53.02 1323.50 1270.48 11 6.17 6.16

Group 3 57.53 6.72 48.19 68.60 20.41 33 0.11 -0.07

Group 4 57.79 9.73 41.41 74.60 33.19 6 0.14 -0.07

Group 5 121.21 25.79 40.25 169.55 129.30 6 0.98 0.95

Group 6 609.62 362.87 52.65 1438.35 1385.70 8 8.84 8.83

Group 7 511.66 455.67 39.29 1724.06 1684.78 15 7.29 7.25

Group 8 54.22 7.83 41.98 74.03 32.06 2 0.15 -0.13

Notes: The fundamental is normalized to pf = 62 in all markets: all predictions and prices are shifted downwards by

six units in markets with pf = 68, before the summary statistics are calculated. The statistics for part 1 are averaged

over all 72 markets per experience (“S” for stable and “B” for bubbly). The statistics for part 2 are averaged over all 8

markets per treatment (shown in bold) and given for each group separately. “PPP” stands for peak price period.

Table 4.3: p-values of MWW tests for differences between fundamentals

Mean St.dev. Min Max Range PPP RAD RD

6S, odd vs. even groups 0.057 0.886 0.200 0.114 0.886 0.659 0.343 0.057

6B, odd vs. even groups 0.886 0.486 0.486 0.886 0.686 1.000 0.886 0.886

3S3B, odd vs. even groups 1.000 1.000 0.343 1.000 1.000 0.460 0.886 1.000

Notes: Each MWW test compares the values of a given statistic in odd-numbered groups versus even-numbered groups.

A p-value > 0.05 indicates that there is no significant difference between groups with pf = 68 and groups with pf = 62.
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Summary

Asset markets exhibit a positive feedback mechanism, where an increase in the expected

price of an asset leads to an increase in the realized price through a rise in demand

for the asset. When traders extrapolate trends in the asset price, a bubble may occur,

eventually followed by a crash. Such bubble-and-crash dynamics can potentially have

severely negative effects on the economy, as has been illustrated recently by the US

housing bubble in 2003–2007. It is therefore important to understand the interaction

between expectations and bubbles, and to look for policies that can improve individual

and aggregate behavior in asset markets.

This thesis, titled “Expectations and bubbles in asset market experiments”, aims to

shed light on expectation formation and bubble formation in asset markets by taking

an experimental approach. Subjects participate in controlled laboratory experiments,

where they repeatedly predict the price of an asset. The realized price depends on

the average price forecast of all traders in the market, capturing the positive expec-

tations feedback. These learning-to-forecast experiments allow for directly observing

and studying individual expectations, group behavior and market outcomes. The three

core chapters of this thesis present three experimental studies that examine how expec-

tations are formed and when these expectations lead to stabilization or destabilization

of asset markets.

In Chapter 2, we explore whether asset price bubbles occur in an asset market

experiment with larger groups. Previous studies have shown that bubbles often occur

in small groups, but it is unclear whether this coordination on trend-following expec-

tations is robust to an increase in group size. We therefore test this by increasing

the market size from 6 to 21–32 subjects, the size of a typical computer lab. The

reduced influence of individual participants on the market price makes it less likely

that a bubble is caused by a single “irrational” subject. The results of our large-group
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experiment show that six out of seven markets exhibit large bubbles, caused by co-

ordination on a trend-following prediction strategy. Individual forecast errors do not

cancel out at the aggregate level, so that expectations cannot be called rational in the

sense of Muth (1961). The observed price patterns can be captured with a behavioral

heuristics switching model that incorporates heterogeneity in expectations and switch-

ing between simple forecasting strategies based on relative performance. Although

bubbles form faster in our large-group experiment, the way in which expectations are

formed is not substantially different from small-group experiments, and the results for

both group sizes are largely comparable.

Chapter 3 investigates the effect of a “leaning against the wind” interest rate rule on

asset price bubbles. There is an ongoing debate about the appropriate monetary pol-

icy response to bubbles, and different theoretical models reach conflicting conclusions.

An experimental study does not rely on assumptions about expectation formation and

therefore complements the theoretical literature. The Taylor-type policy rule in our

experiment sets the interest rate in response to relative deviations from the steady

state fundamental price. The success of the policy depends crucially on expectation

formation: a rational bubble grows faster after an interest rate increase, but bubbles

caused by boundedly rational expectations might be deflated. We find that a weak

interest rate response is not successful in preventing large bubbles, since destabilizing

trend-following expectations are too strong. By contrast, bubbles are absent or remain

smaller in markets with a strong interest rate response. When subjects are not informed

about the interest rate changes, price patterns are more erratic and coordination is less

strong than when subjects know the current and past interest rates. Communicating

the goal of the policy further improves coordination and decreases mispricing. How-

ever, the policy is less effective when the central bank does not know the steady state

fundamental price and uses the sample average price as a proxy to set the interest rate.

Nevertheless, our experimental results suggest that expectations-driven bubbles might

be managed by a strong monetary policy rule, especially when the policy is clearly

explained to market participants.

In Chapter 4, I study how past experiences with price patterns in asset markets

affect expectations and future market dynamics. The experimental design provides

control over experiences by letting subjects first enter into a market with robots, so

that they experience either a stable or a bubbly asset market. Next, markets are formed

with subjects who either have the same experience or an equal mix of experiences. The

results indicate that experiencing price stability or bubbles has a large effect on the

(de)stabilization of asset prices in the future. When all subjects in the markets expe-

rienced stability before, the price converges faster to the fundamental. By contrast,
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bubbles form faster in markets where all subjects experienced bubbles. Results are

mixed in mixed-experience markets: prices either stabilize or destabilize. Heterogene-

ity in expectations is larger when more subjects have experienced bubbles before. The

experimental evidence supports empirical studies reporting that experiences affect ex-

pectations. On the other hand, the results contrast with other experimental studies

finding that experience eliminates bubbles in a more simple market setting. When the

asset market is more complex, experiencing bubbles leads to expecting more bubbles

and can thus lead to new bubble formation.

Altogether, the experiments in this thesis highlight the importance of bounded

rationality and heterogeneity in expectations in asset markets. Theoretical studies

should take this into account by using behavioral models with heterogeneous agents.

Furthermore, policymakers should consider behavioral biases, such as the tendency to

extrapolate trends, when designing policies to improve individual behavior and market

outcomes.
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Samenvatting (Summary in Dutch)

Financiële markten bevatten een positief terugkoppelingsmechanisme, waarbij de stij-

ging van de verwachte prijs van bepaalde activa (zoals aandelen of vastgoed) leidt tot

een stijging van de gerealiseerde prijs door een toename van de vraag naar de desbetref-

fende activa. Wanneer handelaren een opwaartse trend in de prijs extrapoleren, kan

een financiële zeepbel ontstaan, die uiteindelijk barst. Een dergelijke dynamiek van

bubbels en crashes kan mogelijk zeer negatieve effecten hebben op de economie. De

huizenbubbel in de VS in 2003–2008 is daar een recent voorbeeld van. Het is daarom

belangrijk om de interactie tussen prijsverwachtingen en bubbels te begrijpen en om

te zoeken naar beleidsmaatregelen die individueel en geaggregeerd gedrag op financiële

markten kunnen verbeteren.

Dit proefschrift, getiteld “Verwachtingen en zeepbellen in experimenten met finan-

ciële markten”, heeft als doel om inzicht te verkrijgen in de vorming van verwachtingen

en zeepbellen door middel van economische experimenten. Deelnemers aan gecon-

troleerde experimenten in een computerlaboratorium hebben de taak om herhaaldelijk

de prijs van een aandeel te voorspellen. De gerealiseerde prijs is gebaseerd op de gemid-

delde prijsvoorspelling van alle handelaren op de markt. Deze experimenten maken het

mogelijk om individuele verwachtingen, groepsgedrag en marktuitkomsten direct waar

te nemen en te bestuderen. De drie kernhoofdstukken van dit proefschrift presen-

teren drie experimentele studies die onderzoeken hoe verwachtingen worden gevormd

en wanneer deze verwachtingen leiden tot stabilisatie of destabilisatie van financiële

markten.

In Hoofdstuk 2 toetsen we of zeepbellen ontstaan in marktexperimenten met grotere

groepen. Eerdere studies hebben aangetoond dat bubbels vaak voorkomen in kleine

groepen, maar het is niet duidelijk of coördinatie op trendvolgende verwachtingen zich

ook voordoet als de groepsgrootte toeneemt. Om hierachter te komen vergroten we

de markten van 6 naar 21–32 deelnemers, de grootte van een doorsnee computerlab.

De kleinere invloed van individuele deelnemers op de marktprijs maakt het minder

waarschijnlijk dat een bubbel wordt veroorzaakt door een enkele “irrationele” deelne-
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mer. Ons experiment met grote groepen laat zien dat grote zeepbellen ontstaan in

zes van de zeven markten, veroorzaakt door coördinatie op een trendvolgende voor-

spellingsstrategie. Individuele voorspelfouten worden niet opgeheven op geaggregeerd

niveau, zodat verwachtingen niet rationeel kunnen worden genoemd in de zin van

Muth (1961). De prijspatronen in het experiment kunnen worden verklaard door een

gedragsmodel waarin agenten verschillende eenvoudige voorspelregels volgen, waar-

tussen geswitcht wordt op basis van relatieve prestaties van de voorspelregels in het

recente verleden. Hoewel bubbels sneller ontstaan in ons experiment met grote groepen,

verschilt de manier waarop verwachtingen worden gevormd niet substantieel van experi-

menten met kleine groepen, en zijn de resultaten voor beide groepsgroottes grotendeels

vergelijkbaar.

Hoofdstuk 3 onderzoekt het effect van een “tegen de wind in leunende” renteregel

op financiële zeepbellen. Er is een voortdurende discussie gaande over de juiste re-

actie van monetair beleid op bubbels, en verschillende theoretische modellen komen

tot tegenstrijdige conclusies. Een experimentele studie berust niet op aannames over

verwachtingsvorming en vormt daarom een aanvulling op de theoretische literatuur.

De renteregel in ons experiment is van het Taylor-type en bepaalt de rente op ba-

sis van de relatieve afwijking van de fundamentele evenwichtsprijs van het aandeel.

De manier waarop verwachtingen worden gevormd is cruciaal voor het succes van

het beleid: een rationele bubbel zal sneller groeien na een rentestijging, maar zeep-

bellen die veroorzaakt worden door begrensd rationele verwachtingen kunnen mo-

gelijk worden doorgeprikt. Onze resultaten wijzen uit dat een zwakke rentereactie het

ontstaan van grote bubbels niet kan voorkomen, omdat de destabiliserende trendvol-

gende verwachtingen te sterk zijn. Bubbels zijn daarentegen afwezig of blijven kleiner in

markten met een sterke rentereactie. Wanneer de deelnemers niet op de hoogte zijn van

de renteveranderingen zijn de prijspatronen onregelmatiger en is de coördinatie minder

sterk dan wanneer de deelnemers de huidige en voorafgaande rentetarieven kennen.

Het communiceren van het doel van het beleid zorgt voor een verdere verbetering van

de coördinatie en stabilisatie. Het beleid is echter minder effectief wanneer de centrale

bank de fundamentele evenwichtsprijs van het aandeel niet kent en daarom de rente

baseert op de gemiddelde marktprijs. Desalniettemin suggereren de resultaten van ons

experiment dat verwachtingen die bubbels veroorzaken kunnen worden beteugeld door

een sterke monetaire beleidsregel, vooral wanneer het beleid duidelijk wordt uitgelegd

aan de marktdeelnemers.

In Hoofdstuk 4 bestudeer ik hoe eerdere ervaringen met prijspatronen op financiële

markten de verwachtingen en latere marktdynamiek bëınvloeden. De opzet van het ex-

periment biedt controle over ervaringen door deelnemers eerst een markt met robots te
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laten betreden, zodat ze een stabiele of bubbelende markt ervaren. Vervolgens worden

markten gevormd met deelnemers die ofwel allemaal dezelfde ervaring hebben, ofwel

een gelijke mix van ervaringen. De resultaten geven aan dat het ervaren van prijssta-

biliteit of zeepbellen een grote invloed heeft op de (de)stabilisatie van marktprijzen in

de toekomst. Wanneer alle deelnemers in de markt stabiliteit hebben ervaren, con-

vergeert de prijs sneller naar het fundamentele evenwicht. Daar staat tegenover dat

bubbels sneller ontstaan in markten waarin alle deelnemers eerder bubbels hebben er-

varen. De resultaten zijn gemengd in markten waarin ervaringen gemixt zijn: prijzen

kunnen stabiliseren of destabiliseren. Heterogeniteit in verwachtingen is groter wan-

neer meer deelnemers eerder zeepbellen hebben ervaren. De uitkomsten van het ex-

periment ondersteunen empirische studies die aangeven dat ervaringen invloed hebben

op verwachtingen. Anderzijds contrasteren de resultaten met andere experimentele

studies die vaststellen dat bubbels verdwijnen met ervaring in een eenvoudigere markt.

Wanneer de financiële markt gecompliceerder is, leiden ervaringen met bubbels tot

verwachtingen van meer bubbels, wat kan zorgen voor nieuwe bubbelvorming.

Al met al illustreren de experimenten in dit proefschrift het belang van begrensde

rationaliteit en heterogeniteit in verwachtingen op financiële markten. Theoretische

studies zouden hier rekening mee moeten houden door gebruik te maken van gedrags-

modellen met heterogene agenten. Ook beleidsmakers zouden bedacht moeten zijn op

gedragsneigingen, zoals de neiging om trends te extrapoleren, bij het ontwerpen van

beleid ter verbetering van individueel gedrag en marktuitkomsten.

141





The Tinbergen Institute is the Institute for Economic Research, which was founded

in 1987 by the Faculties of Economics and Econometrics of the Erasmus University
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722. N. CIURILĂ, Risk Sharing Properties and Labor Supply Disincentives of Pay-

As-You-Go Pension Systems

723. N.M. BOSCH, Empirical Studies on Tax Incentives and Labour Market Behaviour

724. S.D. JAGAU, Listen to the Sirens: Understanding Psychological Mechanisms

with Theory and Experimental Tests

725. S. ALBRECHT, Empirical Studies in Labour and Migration Economics

726. Y. ZHU, On the Effects of CEO Compensation

727. S. XIA, Essays on Markets for CEOs and Financial Analysts

728. I. SAKALAUSKAITE, Essays on Malpractice in Finance

729. M.M. GARDBERG, Financial Integration and Global Imbalances
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