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Abstract

This paper experimentally investigates the global games approach applied to the bank

run literature. In laboratory scenarios inspired by theoretical models, subjects receive a

noisy private signal about the true fundamental state of the banking system. Subjects

employ threshold strategies and we �nd low rates of deviation from threshold strategies.

Increasing the repayment rate in the case of an early withdrawal leads to increased thresholds

at an individual and aggregate level. However, compared to the theoretical predictions, the

reaction to an increase of the repayment rate is less pronounced. Learning, in the sense that

thresholds change over time, does not seem to be important.
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1 Introduction

The theory of global games (Carlsson and van Damme (1993)) has been useful in modeling

various economic applications, such as speculative currency attacks (Morris and Shin (1998)) or

the pricing of debt (Morris and Shin (2004)). Morris and Shin (2003) provide an overview of this

fast growing literature.

Recently, the theory of global games has also been applied to the bank run literature (see Morris

and Shin (2001), Dasgupta (2004), Rochet and Vives (2004), Goldstein and Pauzner (2005)). In

these models, depositors receive a noisy private signal about the true fundamentals of the banking

sector. This approach seems to be a promising one, especially because of two key features. Firstly,

the global games approach can eliminate the multiplicity of equilibria present in classic panic-

based bank run models (Diamond and Dybvig (1983)). Therefore, the probability of a bank run

can be calculated, which is a useful number when thinking about policy implications. Secondly,

the global games approach allows an integration of two related, but di�erent views found in the

literature on �nancial stability. The panic-based view stresses that bank runs are random events,

unrelated to changes in the real economy. Panic-based bank runs might even occur when the

economic environment is su�ciently strong. In contrast to this, the fundamental view assumes

that bank runs are a natural out�ow of the business cycle and only occur in connection with

negative real shocks. In the global games approach, it is possible that fundamental runs occur,

if the fundamentals of the economy � and therefore the signals which agents receive � are very

bad. However, in other situations, fundamentals may be good enough so that the prevention of

a bank run is desirable from the viewpoint of the depositors, but runs still occur due to strategic

uncertainty about others' beliefs. Moderate signals about the fundamental state of the economy

may lead to the belief that other agents withdraw with a high probability. In such a situation it

is rational to withdraw also. In that sense, moderate expectations about the fundamental state

of the �nancial system can trigger panic-based bank runs.

Our experiment is inspired by the theoretical work of Goldstein and Pauzner (2005) and Morris

and Shin (2001). The theoretical work delivers a number of testable predictions. Two of them

are the focus of our study:

1. Agents play threshold strategies, i. e. they withdraw their deposits if their signal is below

a threshold θ∗ and leave their money in the bank for a signal above θ∗. This behavior

is partly caused by strategic uncertainty. Agents form beliefs about other players actions

based on their private signal. If the fundamental state of the banking sector is bad, agents

expect that other depositors withdraw their money early. Given this belief, it is optimal
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to withdraw also. The opposite is true for good signals above the fundamental state. For

some moderate signal, leaving the money in the bank and withdrawing the money early

provide the same utility. This signal θ∗ de�nes the threshold strategy.

2. Increased risk sharing makes banks more vulnerable to bank runs, i. e. a higher repayment

rate in the case of early withdrawals increases the threshold θ∗. The intuition is that a

higher repayment rate makes withdrawing early more favorable.

However, an empirical test of these predictions with �eld data is complicated. Empirical work

on the stability of �nancial systems su�ers due to the lack of su�ciently detailed data. While

there has been a large increasing research on systemic banking crises in recent years, the rarity

of banking crises makes causal inference di�cult. For example, it is hard to distinguish be-

tween crises as the result of long-simmering problems or crises triggered by severe exogenous

shocks (Demirgüç-Kunt and Detragiache (2005)). The problem is made worse when the global

games approach is considered, as data on the individual depositors' behavior is lacking and every

agent's opinion about the stability of the �nancial system becomes important. One possibility to

overcome this problem is the use of experiments as a complementary methodology to �eld data

research.1 In an experiment, we can control the information of agents. This aspect is di�cult

to control with data from the �eld, but it is essential for putting the global games approach to

bank runs to test.

Our paper is related to the recently started experimental investigation of bank runs. Schotter

and Yorulmazer (2005) investigate in a policy oriented study the factors that a�ect the severity

of fundamental bank runs. In their setup a bank run occurs by any means; they investigate

how quickly the depositors withdraw their money. Their results indicate that partial deposit

insurance and the existence of insiders may mitigate bank runs. Garratt and Keister (2006)

study the conditions that lead to a self-ful�lling bank run and which factors a�ect its prevalence.

One important result is that the pay-o� dominant equilibrium is selected unless random forced

withdrawals are introduced. Garratt and Keister (2006) investigate static and dynamic decision

situations. Players have the option to withdraw their money at di�erent points of time in

the latter case, while the static game corresponds to the classic one-period simultaneous move

scenario. The paper by Madiès (2006) tests the possibility and the degree of self-ful�lling banking

panics. His results indicate that panics are persistent phenomena which can be curbed by a

suspension of deposit availability and full deposit coverage.

1A recent example of related �eld evidence is a study by Chen, Goldstein, and Jiang (2007), who examine the
role of strategic complementarities in the context of mutual fund out�ows.
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Our study is also related to the experiment of Heinemann, Nagel, and Ockenfels (2004), who

study the theory of global games in the context of currency attacks.2 They �nd evidence that

players use threshold strategies, and that the observed behavior is close to the global games

solution of the game. Du�y and Ochs (2007) extend the framework of Heinemann, Nagel, and

Ockenfels (2004) to dynamic games. They force their subjects to use threshold strategies by

requesting an explicit cut-o� strategy. Du�y and Ochs (2007) �nd that the thresholds used are

similar for static and dynamic games. Shurchkov (2007) investigates the role of a further signal

that agents may receive in the second stage of a dynamic game. She �nds that subjects learn

endogenously (they know that a past attack was unsuccessful) and exogenously (they receive a

second signal) as predicted by the theory.

This paper extends the existing literature by studying the predictions of the global games ap-

proach to bank run problems. In what follows, the contributions of the paper are discussed in

light of the related literature and with respect to the two theoretical predictions cited above.

1. Heinemann, Nagel, and Ockenfels (2004) present evidence in favor of the use of threshold

strategies in global games. However, it is not clear if this behavior extends to a global bank

run game. From a theoretical perspective, the actions of the players are no longer global

strategic complements, as the incentive to withdraw is greatest in the situation where the

number of withdrawing agents is just su�cient to cause a bank failure, and not for the

case that all players withdraw. Goldstein and Pauzner (2005) show theoretically that even

in this case of one-sided strategic complementaries there is only one threshold equilibrium.

However, this di�erence may lead to a situation, where subjects in an experiment no longer

play threshold strategies with a single switching point.

There is also reason to believe that the decision context changes behavior.3 Numerous stud-

ies investigate social preferences experimentally (see e. g. Camerer (2003) for an overview).

A threat to the stability of the �nancial system may cause a social preference for coopera-

tion, which plays no role in the neutral frame chosen by Heinemann, Nagel, and Ockenfels

(2004).4 In agreement with this conjecture, Madiès (2006) reports that there are sub-

jects in his experiments who cooperate in any case, although these subjects report in a

questionnaire that they know that this behavior results frequently in a zero payo�.

2See e.g. also Cornand (2006) or Cabrales, Nagel, and Armenter (2007) for further experimental studies of
global games.

3See Loewenstein (1999) for a general discussion of this argument.
4The wording of the instructions in the Heinemann, Nagel, and Ockenfels (2004) experiment avoids any refer-

ence to currency attacks and describes the problem solely in terms of payo�s (see Heinemann, Nagel, and Ockenfels
(2002)).
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A further aspect of our experiment is that there is no upper dominance region. An up-

per dominance region is a parameter region where, independent of the beliefs about other

players' actions, no patient depositor withdraws early. Such a region is needed to show

theoretically that the threshold equilibrium is the only equilibrium. Therefore, there are

multiple equilibra in our experimental setup. One possibility to implement an upper dom-

inance region is to add an external institution that buys the project for signals above some

threshold and guarantees a high repayment. A second alternative is to assume that the

project yields a su�ciently high repayment rate in period 1 for very good fundamentals.

However, as already mentioned, one aim of this experiment is to build up a realistic decision

context. We feel that both stories about the upper dominance region are somehow con-

trived and not a natural element of bank runs for the average subject. A second advantage

of this design decision is that the study also serves as a test of the empirical importance

of threshold strategies in the presence of multiple equilibra.

2. To the best of our knowledge, there is currently no direct experimental evidence on the

role of the repayment rate on the probability of a bank run. However, theory suggests that

the repayment rate is the crucial factor to trade o� the bene�ts of risk sharing with the

costs of a bank run.

We �nd that both predictions of the theory are supported by the data. We vary the signals

subjects receive in experimental settings inspired by the theoretical models. Threshold strategies

are estimated with a standard error model and a logit model. We �nd low rates of deviation

from the threshold strategies. Increasing the repayment rate in the case of early withdrawal

leads to increased thresholds at an individual and aggregate level, as predicted by the theory.

However, theory also predicts a strong reaction to a change in the repayment rate, while in our

experiment only small adjustments are observed. Implications of these results are discussed in

the concluding section.

The remainder of the paper is structured as follows. The next section elaborates on our exper-

imental design. Section 3 contains the experimental �ndings including the statistical analysis.

Finally, section 4 draws conclusions and discusses directions for further research.
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t=0 t=1 t=2Bank investsN ECU in project Partly or fullliquidation Repay dependenton project success
Deposit1 ECU Receive privatesignal Decision aboutearly withdrawal Payo� dependenton project success

Figure 1: Timing of events and actions: The �gure illustrates the timing of the di�erent events and
actions. The only decision is the binary decision whether or not to withdraw early at time t=1. Events
and actions addressing subjects are single framed, events and actions addressing the bank are double
framed.

2 Experimental Design

2.1 Overview and Hypotheses

Our main experimental framework is re�ected in Figure 1 which shows the timing of events

and actions in our experiment. There are three points in time. In t=0, all subjects deposit 1

ECU (Experimental Currency Unit) in a bank which represents the banking sector as a whole.

Subjects who play the role of depositors in our experiment, can either be patient or impatient.

Impatient savers only receive utility from consuming in t=1, while for patient savers consumption

in t=1 and t=2 is of equal bene�t. Subjects do not know a priori whether they are patient or

impatient. The ex-ante probability for every subject to be impatient is given by λ. The bank

invests the complete deposits collected from N depositors into a project which is expected to

yield R ECU per invested ECU at the end of the investment horizon. The investment project

can be liquidated before maturity and generates then for each unit of input one unit of output.

The success of the investment project depends on the fundamentals of the banking sector. The

exact link is established below. At the beginning of t=1, all subjects receive a private signal

about the fundamentals. They are also informed if they are an impatient saver and therefore

have to withdraw. Next, every patient depositor has to decide if or if not to withdraw early, i.

e. to withdraw immediately at t=1. The bank o�ers for every ECU deposited at t=0 a payment

of r1 > 1 ECU in the case of an early withdrawal. These payments are �nanced by a partial

liquidation of the investment project. The bank may run out of funds if too many subjects

withdraw early. If the bank is still liquid in period 2, the remaining capital earns the project

return R. The pro�t from the investment project is then divided equally among all subjects who

have not withdrawn early.
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One important question is how the fundamentals are de�ned. Two approaches can be distin-

guished. Morris and Shin (2001) model the project yield R as the uncertain fundamental5, while

Goldstein and Pauzner (2005) �x R and introduce a probability function p(θ) : [0, 1] 7→ [0, 1]

instead. The probability function assigns every fundamental θ to a probability p(θ). p(θ) is the

probability that the investment project is successful and earns the �x rate R. We consider both

approaches, and refer to the Morris/Shin approach as model A and to the Goldstein/Pauzner

approach as model B. However, pre-tests have shown that subjects �nd it hard to think about

fundamentals θ which determine a success probability p(θ) according to a complex transforma-

tion function. To simplify things, we only consider the case where p(θ) = θ for model B, i. e. the

uncertain fundamental is exactly the probability of a successful project without further trans-

formation. As mentioned above, the uncertain fundamental θ in model A is the project yield

R. In Table 1, we summarize both models in terms of their di�erent payment consequences for

subjects. A bank run occurs if n ≥ 1/r1, where n is the proportion of early withdrawals relative

to possible withdrawals. Only a part of the early withdrawers, which are determined randomly,6

receive r1 in this case. Otherwise (n < 1/r1), the bank is still liquid after period 1 and pays all

late withdrawers (1−nr1)
1−n R. Note that model B closely resembles the Goldstein/Pauzner model,

while there are several di�erences between Morris and Shin (2001) and model A. Hence, model

A should be regarded as a modi�cation of the Goldstein/Pauzner approach with a di�erent

uncertain fundamental variable to check the robustness of this factor.

The advantage of the global games approach to the bank run problem is that the multiplicity

of equilibria present in classic bank run models can be removed, and depositors play threshold

strategies in the unique equilibrium, i. e. they withdraw early if and only if the signal about

the fundamental is below some threshold θ∗ and wait in other cases. The probability of a bank

run can then be calculated on the basis of the ex-ante probability distribution of θ. A central

insight of these models is that the degree of risk sharing the banking sector o�ers, increases the

optimal threshold θ∗, and makes the banking sector more vulnerable to runs (see e. g. theorem

2 in Goldstein and Pauzner (2005)). One of the purposes of this paper is to test if the behavior

derived by the theory with respect to the repayment rate shown up in a controlled lab experiment.

We therefore varied the degree of risk sharing the bank o�ers (r1).

5See also Dasgupta (2004) and Rochet and Vives (2004) for bank run models in which R depends on a random
fundamental variable.

6Note that contrary to Diamond and Dybvig (1983) or Goldstein and Pauzner (2005) we do not implement a
sequential service constraint for practicability reasons.
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Ex-Post Payo�s

Model A Model B

Withdraw n < 1/r1 n ≥ 1/r1 n < 1/r1 n ≥ 1/r1

Early r1

{
r1 : 1

nr1

0 : 1− 1
nr1

r1

{
r1 : 1

nr1

0 : 1− 1
nr1

Late (1−nr1)
1−n θ 0

{
(1−nr1)

1−n R : θ

0 : 1− θ
0

Parameters

Model A Model B

R uniform distributed betw. 1.3 and 3.0 return always 6

p success prob always 1 uniform distributed betw. 0 and 1

r1 1.25 or 1.5 1.25 or 1.5

N 6 6

λ 1/6 1/6

ε 0.1 0.1

Table 1: Payo�s and Parameters: The table shows the ex-post payo�s for model A and B. Also shown

are the parameters chosen for the experiment. θ denotes the fundamental variable. R stands for the

project yield in model B, p for the success probability of the investment project, r1 for the refund in the

case of an early withdrawal, N is the number of subjects per group, λ depicts the ex-ante probability

of being an impatient saver, and ε for the maximum deviation of a signal from the true state of the

fundamental.

Reviewing the theory generates a number of hypotheses which follow directly from the intuitions

mentioned in the introduction. We focus on two of them:

Hypothesis 1: Subjects use threshold strategies.

Hypothesis 2: Banks become more vulnerable to bank runs when they o�er more risk sharing.

2.2 Parameterization

To the best of our knowledge, this experiment is the �rst that investigates the global games

approach applied to bank runs. The parameterization of such experiments is always di�cult,

but the problem becomes even more critical in our case because of the risk of a ceiling e�ect.

If we choose parameters that are too favorable for a bank run, subjects withdraw their money

for nearly every signal. If the experimental situation is too favorable for leaving the money in

the bank, we observe no bank runs. The e�ects of the variation of the risk sharing condition

will then be unobservable due to withdrawal rates that are either zero or one hundred percent

for every repayment rate r1. However, for many of the experimental parameters, theory can be

used as a guidance. For some other parameters, the designs of Heinemann, Nagel, and Ockenfels
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(2004) and of the bank run experiments cited in the introduction are a good starting point. The

results of pre-tests are also used to make parameterization easier.7

We decide to play our game with N=6 subjects like in Schotter and Yorulmazer (2005). Although

bank run games outside the lab are played with a large number of agents, the payo� structure

must be simple enough that a subject can quickly understand and use it during the short time

period of the experiment. Six subjects seem to be a reasonable compromise.

The ex-ante probability of being an impatient saver is �xed at λ = 1/6 for both models. So, one

subject in every group is forced to withdraw early, leaving us with �ve analyzable decisions per

group.

To make things simple, we choose a uniform distribution for the uncertain fundamentals, i. e.

the project yield R for model A and the success probability p for model B. As noted above, we

restrict the probability function p(θ) to be the identity (p(θ) = θ) for model B. Therefore, a

very high project yield R and a low repayment rate r1 is needed to make the investment project

desirable for a risk averse agent. A numerical evaluation of the Goldstein and Pauzner (2005)

model suggests that rlow
1 = 1.05, rhigh

1 = 1.25, and R = 6 may be a reasonable choice for agents

with a coe�cient of risk aversion slightly above one. However, pre-tests show that for rlow
1 = 1.05

withdrawal rates are relatively low and we therefore risk a ceiling e�ect under that condition.

We choose rlow
1 = 1.25 and rhigh

1 = 1.5 for the experiment.

As few as possible parameters should be changed for the parameterization of model A. rlow
1 = 1.25

and rhigh
1 = 1.5 are left unchanged. We choose a uniform distribution between Rlow = 1.3 and

Rhigh = 3.0 for the ex-ante distribution of the fundamental based on our pre-tests. A problem

here is that the interval between Rlow and Rhigh must be broad enough to account for individual

heterogeneity. The noise variable ε is set to 0.1 in both models.

2.3 Theoretical Prediction of Thresholds

Consider the decision problem of an agent who is not forced to withdraw early in the �rst period.

Depending on her signal si, the depositor can infer that the true fundamental value lies between

si− ε and si + ε. Because the a-priori probability distributions of the fundamental value and the

error term are both uniformly distributed, the a-posteriori probability distribution of the true

7A further purpose of the pre-tests was to test the understandability of the instructions. The data of these
tests is not included in the paper for several reasons. In the pre-tests, we used a �xed matching design, did not
o�er monetary incentives, played fewer rounds for more parameters, and had a di�erent subject pool. Subjects
were student assistants and the majority of them was familiar with the Diamond and Dybvig (1983) model. All
these elements are di�erent from the experiments reported in the paper (see Section 2.5 for further details).
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1
1

2ε

θ0 0.2 0.6 0.8 1
θ∗θ̂θ̂ − ε

Figure 2: A-priori and A-posteriori Probability Distributions: The �gure illustrates the probability
distribution of the fundamentals before (dashed) and after (solid) the agent receives her signal si = θ∗

for model B. θ∗ equals 0.5 in this example. Also shown is the probability that one of the other patient
agents receives a signal below θ∗ if the true fundamental value equals θ̂ (lightgray area).

fundamental value given signal si is also uniformly distributed. The optimal action depends now

on the belief about other players' actions. Assume that all agents have homogeneous preferences

and follow the same threshold strategy which is de�ned by the threshold θ∗. Playing a threshold

strategy implies that the agent is indi�erent between withdrawing and waiting for a signal that

equals exactly the optimal θ∗. In the case of such a signal si = θ∗, the probability that one of

the four other patient depositors receives a signal below θ∗ if the true fundamental value equals

θ̂ is given by θ∗−(θ̂−ε)
2ε (see Figure 2).

The expected utility of an early withdrawing is now the sum of the utilities given that none, one,

two, . . . , or all (1− λ)N − 1 of the other patient depositors withdraw8, or more formally

EUWithdraw(θ∗) =
(1−λ)N−1∑

n=0

 1
2ε

θ∗+ε∫
θ∗−ε

B

(
n, (1− λ)N − 1,

θ∗ − (θ − ε)
2ε

)
· EU(Payo�Withdraw|n) · dθ



where B

(
n, (1− λ)N − 1, θ∗−(θ−ε)

2ε

)
is the probability that exactly n of the other (1− λ)N − 1

patient depositors withdraw. B denotes the binominal distribution. The expected utility given

that n other patient depositors withdraw depends on the ability of the bank to payo� all early

withdrawers. The number of withdrawers in that case is the sum of the n other patient depositors

who withdraw, the λN people who have to withdraw early and our agent who decides to withdraw

also:

EU(Payo�Withdraw|n) =


u(r1) if RD(N/r1) ≥ n + λN + 1

RD(N/r1)
n+λN+1 · u(r1) +

(
1− RD(N/r1)

n+λN+1

)
· u(0) if RD(N/r1) < n + λN + 1

RD(x) depicits the round down of x.

8We assume that λ is chosen in such a way that (1− λ)N − 1 is an integer.
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The expected utility of waiting can be calculated analogously and is given by

EUWait(θ∗) =
(1−λ)N−1∑

n=0

 1
2ε

θ∗+ε∫
θ∗−ε

B

(
n, (1− λ)N − 1,

θ∗ − (θ − ε)
2ε

)
· EU(Payo�Wait|n) · dθ


The expected utility of waiting given that n of the other four patient despositors withdraw is

now di�erent for model A and for model B. For model A, we have

EU(Payo�A
Wait|n) =


θ · u

(
(1−n/N ·r1)
(1−n/N) R

)
+ (1− θ) · u(0) if RD(N/r1) ≥ n + λN

u(0) if RD(N/r1) < n + λN

and for model B

EU(Payo�B
Wait|n) =


u

(
(1−n/N ·r1)
(1−n/N) θ

)
if RD(N/r1) ≥ n + λN

u(0) if RD(N/r1) < n + λN

The optimal threshold θ∗ is de�ned by the solution of the equation EUWithdraw(θ∗) = EUWait(θ∗).

The lack of global strategic complementarities among agents' actions plays a role for r1 = 1.5 in

our parameterization. In that case, a partial run with 4 or 5 withdrawers leads to a payo� of zero

if the agent waits. Accordingly, the agent who leaves his money at the bank expects zero payo�s

in the cases that three or four out of the four other patient agents withdraw. The incentive to

withdraw is greater if she expects that three other agents withdraw than if she expects that four

other agents withdraw. Note that the lack of global strategic complementarities among agents'

actions plays a smaller role for r1 = 1.25, where a partial run leads only to a zero payo� if all

other patient agents withdraw. Therefore, if the lack of global strategic complementarities is

important for the use of threshold strategies, we should expect a higher degree of deviations

from threshold strategies for r1 = 1.5.

Note that the theoretical solution depends on the assumption of homogeneous preferences, risk

aversion and the initial wealth of subjects. The following Table 2 gives the predicted threshold

for our parameters and di�erent degrees of risk aversion. We assume a power utility function

u(x) = x1−α−1
1−α and an initial wealth of 1. Risk neutrality is implied by a risk aversion coe�cient

of α = 0, and for α = 1, log utility is considered. As shown in Table 2, optimal thresholds vary

widely for di�erent degrees of risk aversion. However, note that for model A and r1 = 1.5, the

theory predicts independently from the degree of risk aversion that all agents will withdraw for

any signal.
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Model A

α 0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0

r1 = 1.25 1.791 1.813 1.837 1.864 1.894 1.927 1.966 2.009 2.059 2.118 2.187

r1 = 1.5 W W W W W W W W W W W

Model B

α 0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0

r1 = 1.25 0.278 0.320 0.365 0.412 0.461 0.510 0.559 0.608 0.655 0.700 0.743

r1 = 1.5 0.480 0.539 0.601 0.664 0.727 0.791 0.853 0.917 W W W

Table 2: Theoretical Predictions: The table shows the theoretical predictions for both models and
di�erent risk aversion coe�cients α. 'W' denotes a situation where withdrawing early is such attractive
that withdrawing is favorable for any signal.

2.4 Issues in Experimental Methods

Bank run games are generally modeled as one-shot gambles. Experimental investigations of bank

runs therefore face the same problem many game theoretic experiments have: The games have to

be played repeatedly to make subjects in a short time period familiar with the decision situation.

Some learning is explicitly allowed. On the other side, repeated play of one-shot gambles may

change the nature of the game. Strategic considerations like reputation building may confound

the results.

For our particular question here, we need to observe how subjects respond to di�erent signals.

We also want to allow learning in this relatively complex bank run game. However, strategic

considerations due to repeated plays should be minimized. The �rst consideration for achieving

these goals is a random matching design, i. e. every subject is randomly reassigned in a new group

after each round and it is guaranteed that a subject will never play again the same opponents.

This matching protocol, that has frequently been used in (2x2)-games, is not feasible for an

experiment with larger groups. In an experiment with six persons per group played for 40

independent rounds, an unreasonable large number of participants per session is needed. Even

at a large university it is not possible to recruit more than a few hundred voluntary subjects.

We therefore choose a random rematching design. Every session consists of 30 participants. At

the beginning of each round, subjects are randomly and anonymously divided into �ve 6-person-

groups for every decision. Within each group the participants interact with each other, but

there is no interaction between the groups. At the end of each round the participants receive

information on the outcome of their group. Information about the other groups is not given.

After every round the groups are again randomly rematched. So, rematching with the same

person(s) is possible, but the large ratio of session to group size should minimize repeated play

e�ects. In the context of public good games, Botelho, Harrison, Pinto, and Rutström (2005) show
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that the behavior under a random rematching design approaches the behavior under a random

matching design as the session-to-group-size ratio increases. Also note that forced withdrawals

are present and they further complicate some kind of strategic signaling.

Such a random rematching design comes at the cost of only a few observations at the session

level compared to a �xed matching design. However, we consider the reduction of strategic

considerations as more important for our research question. Also, if the e�ects are strong enough,

they should show up in a statistical analysis with only a few observations at the session level.

An alternative to avoid this problem has been proposed by Schotter and Yorulmazer (2005). They

increased the payment of subjects in the �rst round by the factor twenty in a �xed matching

design. However, while �nding this approach interesting, it is not an alternative for our research

question. For the estimation of threshold strategies it is necessary to observe how subjects

respond to di�erent signals. If their incentives are higher for the �rst signals, then thresholds

can no longer be reliably estimated.

A further interesting methodological question arises from the design of Heinemann, Nagel, and

Ockenfels (2004). In their experimental test of the global games approach to currency attacks,

subjects receive ten independent signals in every round. For every signal participants have to

decide whether they should attack or not. A more realistic setting would be to present subjects

with only one signal in every round. If threshold strategies are still preferred, this result would

support the robustness of their use. Additionally, an extension to dynamic global games is

obvious if there is only one signal presented at once.

To sum up, theory guided considerations lead to our two di�erent models A and B. Given that

for our research questions the most important variable is the repayment rate r1, we need at least

two di�erent values for this variable. In each session the participants are confronted with both

values for r1, but the ordering is varied. With regard to questions on experimental methodology,

we decide for a random rematching design with a large session size. Additionally, we vary the

number of signals subjects receive in one round to test if separate decisions would produce

other results than sessions with joint decisions. Participants in sessions A
1.25/1.5
10 and B

1.25/1.5
10

play eight independent rounds with ten signals for both repayment rates, while participants in

sessions A
1.25/1.5
1 and B

1.25/1.5
1 play forty independent rounds with one signal for both repayment

rates. These considerations lead to (2x2x2)-design summarized in Table 3. We end up with eight

sessions, each consisting of thirty subjects.

12



Model Choices per Round Starts with rlow
1 = 1.25 Starts with rhigh

1 = 1.5

A 10 Session A1.25
10 Session A1.5

10

A 1 Session A1.25
1 Session A1.5

1

B 10 Session B1.25
10 Session B1.5

10

B 1 Session B1.25
1 Session B1.5

1

Table 3: Experimental Design: The table shows the general outline of our design. We test two models:
each for di�erent values of the repayment variable and each with a di�erent amount of signals and choices
per round.

2.5 Experiment Details

We conducted a computer-controlled experiment. Sessions were run at a PC pool at the Uni-

versity of Münster. No subject could participate in more than one session. In total, 240 under-

graduate business and economics students participated, leading to a total of 24,000 analyzable

decisions, where no early withdrawal was forced. The experiment was programmed and con-

ducted with the software z-Tree (Fischbacher (2007)).

Participants were individually seated apart and they received written instructions including the

relevant payo� tables. Pre-tests showed that payo� tables similar to the ones used in Madiès

(2006) are easy to understand (see also the instructions in Appendix A.2). Personally, we acted

as the supervisors. We read the instructions aloud and answered all questions. Sessions lasted

about 90 minutes including the reading of the instructions. Throughout the experiment, the

participants were not allowed to communicate with each other. Before the experiment started,

we had a short quiz in order to test whether the subjects understood the payo� tables. At the

end of each round participants received information on the outcome of their group. Information

about the other groups was not provided.

At the end of the experiment all participants were asked to �ll in a questionnaire with their

comments regarding the experiment and also about their decision behavior. After �nishing the

questionnaire the subjects were paid out by converting their total amount of ECU into Euro.

The average payment was 16.11 Euro, which is about equivalent to the payout they would receive

for two hours of work as a student assistant at the Finance Center (library, computer support,

. . . ).
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3 Experimental Results

A strategy in our game maps a signal between 1.2 and 3.1 for model A (-0.1 and 1.1 for model

B) into a binary decision whether to withdraw or leave the money in the bank. Denote sd
i with

the signal subject i receives in decision d. A threshold strategy TS(ti) with a threshold of ti for

subject i is therefore de�ned as

TS(ti) =


Withdrawal (1) if sd

i < ti

No Withdrawal (0) if sd
i ≥ ti

We use a simple error model as an intuitive starting point for the data analysis.9 We assume

an arbitrary threshold t̂i ∈ [1.2; 3.1] for subject i in model A. The threshold de�nes the strat-

egy TS(t̂i). Then we classify every decision that is inconsistent with strategy TS(t̂i), i. e. a

withdrawal for a signal above t̂i and leaving the money in the bank for a signal below t̂i, as an

error. The threshold t∗i that minimizes the percentage of errors de�nes the threshold strategy

used by subject i. Typically, the optimal threshold t∗i is not unique. In this case, we take the

average of the supremum and the in�mum of all thresholds that lead to the minimal percentage

of erroneous decisions e∗i . The percentage of erroneous decisions e∗i for strategy TS(t∗i ) is further

used as a measure to judge how consistently subject i used the threshold strategy. The analysis

can be done analogous for the aggregate data of a complete session. The left panel of Figure 3

illustrates the estimation procedure for session A1.5
10 and r1 = 1.25.

The simple error model can be easily modi�ed. Denote with V0 (V1) the value associated with the

alternative �leave the money until period two� (�withdraw early�). The value for both alternatives

depends on the signal because the signal allows inference about other players information. Thus,

the utility U0 (U1) can be written as U0 = V0(sj)+ ε0 (U1 = V1(sj)+ ε1) where ε0 (ε1) represents

a random element in the evaluation of utility U0 (U1) for a given signal sj . The randomness

can either be due to unobserved personal traits, like risk aversion, or is simply due to errors in

the value evaluation of an alternative (see e. g. Harless and Camerer (1994) and Hey and Orme

(1994) on decision errors). The subjects choose to withdraw conditional on signal sj if U1 > U0.

The probability that U1 is greater as U0 is given by

9A similar model has been used by Palfrey and Prisbrey (1996) and Palfrey and Prisbrey (1997) in a public
good context.
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P (U1 > U0) = P (V1(sj) + ε1 ≥ V0(sj) + ε0)

= P (ε0 − ε1 ≤ V1(sj)− V0(sj))

= P (ε ≤ V ).

If the ε's, i. e. the di�erences in the value evaluations, are independently, identically distributed

and they satisfy a logistic distribution, then we end up with a logistic regression model for the

probability of a withdrawal (see e. g. Greene (2003)). We de�ne the best �tting threshold t∗i as

the signal for which subject i withdraws with a probability of 0.5.

On an individual level, the ε's of the logit model represent the partly randomness of a subject's

value evaluations. On the session level, the ε's also re�ect the heterogeneity of preferences within

the session. The right panel of Figure 3 illustrates the logit estimation procedure on the session

level using the same data as the analysis of the simple error model shown in the left panel.10
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Figure 3: Estimation of Threshold Strategies: Both graphs show the estimation of the threshold that �ts
best the data from session A1.5

10 for r1 = 1.25. The estimation in the left panel is based on the simple error
model, while the estimation in the right panel makes use of a logit regression. The estimated threshold
t∗ for session A1.5

10 under the experimental condition r1 = 1.25 is 1.7798 for the simple error model and
1.7992 for the logit model.

In what follows, both approaches, the simple error model and the logit model, will be used

to estimate thresholds on the session and on the individual level. Decisions where experiment

participants are subject to a forced withdrawal are excluded.

10An alternative assumption for the distribution of the ε's is a normal distribution. This assumption results in
a probit model. We ran probit regressions, but they produce virtually the same results as the logit model and
the results are not reported to save space.
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3.1 The use of threshold strategies

The use of threshold strategies is analyzed by utilizing the simple error model. For every subject,

we apply the methodology outlined in the previous section to estimate personal thresholds t∗i and

the percentage of decisions e∗i that contradicts the personally optimal threshold strategy TS(t∗i )

of subject i. This method allows us to estimate the degree of usage of threshold strategies

directly on the individual basis. Panel I of Table 4 shows the results. The means and medians of

error rates e∗i are surprisingly low, indicating that the vast majority of subjects uses a threshold

strategy right from the beginning. We consider hypothesis 1 to be con�rmed.

Interestingly, the lowest error rates are observed on average for conditions A
1.25/1.5
1 and B

1.25/1.5
1 ,

although threshold strategies are least obvious in these conditions. This result can be interpreted

as further evidence for the intuitive appeal of threshold strategies in games with incomplete

information about payo�s. One possible criticism of previous experiments (Heinemann, Nagel,

and Ockenfels (2004)), which also potentially applies to our sessions A
1.25/1.5
10 and B

1.25/1.5
10 , is

that the joint decisions for ten given signals causally induces the use of threshold strategies.

However, the (even lower) error rates for sessions A
1.25/1.5
1 and B

1.25/1.5
1 show that threshold

strategies are also common when the experimental interface is less favorable for them.

The lack of strategic complementarities is not important with respect to the wide use of threshold

strategies. Recall that the lack of strategic complementarities is more important for r1 = 1.5

than for r1 = 1.25. However, the error rates for both conditions do not reveal any systematic

di�erence. The standard deviations, shown in panel III of Table 4, are also similar for both risk

sharing conditions. The lack of strategic complementarities, a fact that considerably complicates

theoretical analysis, is of less importance in the lab.

3.2 The role of o�ered risk sharing

3.2.1 Descriptive statistics

Panel II of Table 4 shows the estimated thresholds on the session level. For both estimation

procedures, we obtain higher session thresholds � and therefore an increased probability of a

bank run � for the experimental condition with a high degree of risk sharing. Panel III of the

same table, which contains the average of estimated individual thresholds, con�rms the result.
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Note, that higher thresholds for higher repayment rates can be observed in between- and within-

session comparisons. This result contradicts the view that within-designs point subjects to

the di�erences the researcher investigates, and are therefore not as reliable as between-subjects

experiments (see Camerer (2003), page 41 � 42, for a brief discussion).

To test the statistical signi�cance of the results, we take two di�erent approaches. In light of the

discussion of di�erent matching protocols in section 2, the most conservative way to analyze the

data is to analyze estimated thresholds on the session level.

3.2.2 Evidence on the session level

We have two observations per session (TS), one for r1 = 1.25 and one for r1 = 1.5, resulting in

a total of 16 observations, eight for model A and eight for model B. We run linear regressions

separately for both models to infer the in�uence factors of session thresholds. Dummy variables

for the degree of risk sharing (RD) and the ordering of risk sharing conditions (OD) are used as

explanatory variables.

TSi = const + β1 · RD + β2 ·OD + εi

It turns out that the dummy for a low degree of risk sharing is signi�cantly negative for both

models as predicted by the theory. The ordering of risk sharing conditions does not have a

signi�cant impact. Details of the regression results are given in panel IV of Table 4.

We also report the percentage of bank runs in the �rst row of panel V of Table 4. For model

A, bank runs occur in 22.8% of all cases for rlow
1 , but in 45.6% of all cases for rhigh

1 . More bank

runs under a higher repayment rate r1 are also observed for model B (rlow
1 : 40%; rhigh

1 : 46.8%).

3.2.3 Evidence on the individual level

Stronger evidence for the key role of o�ered risk sharing can be provided by the analysis of

thresholds estimated on the individual level. As already mentioned above, we estimate an indi-

vidual threshold for decisions under the conditions r1 = 1.25 and r1 = 1.5. Therefore, we have

two matched observations per subject. We apply a non-parametric Wilcoxon test, separately

for every session, consequently based on thirty matched observations of individual thresholds.

Panel III of Table 4 shows the results. For every session, the di�erence in estimated thresholds
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is signi�cant. As the analysis on the session level has already suggested, di�erences in model B

are smaller than in model A. Overall, the evidence suggest that hypothesis 2 is con�rmed.

3.3 Stability of Thresholds

Learning in experimental games is a popular area of research (see e. g. Camerer (2003) for

a review). In our experimental game, learning might have changed the thresholds over time.

However, estimated thresholds are virtually una�ected by the ordering of risk sharing conditions

(see the regression results in panel IV of Table 4). If thresholds move much over time, an order

e�ect should have become evident.

We further estimated thresholds with the logit model separately for rounds 1 � 2, 3 � 4, 5 � 6,

and 7 � 8 for the sessions A
1.25/1.5
10 and B

1.25/1.5
10 , and rounds 1 � 10, 11 � 20, 21 � 30, and 31 � 40

for the sessions A
1.25/1.5
1 and B

1.25/1.5
1 . Figure 4 reports on the results. Thresholds for subperiods

are remarkably stable over time. No systematic change in played thresholds can be noticed with

the naked eye.

To analyze the stability of thresholds numerically, we run sessionwise probit regressions (see panel

VI of Table 4).11 The binary decision of subjects is the dependent variable. Explanatory variables

are the signals, a dummy for the risk sharing condition, and the round in the experiment. The

round variable in the regression is a normalized variable in the sense that the variable is set to

one when the risk sharing condition (r1) has changed.

The sign of the round variable varies unsystematically from session to session and is only signif-

icant in one case. We conclude that thresholds on the session level are stable over time.

3.4 Panel Data Analysis

Observations from di�erent subjects in experimental games are not independent. One way to

deal with this problem is to analyze data only on the session level. So far, we have followed

this basis. Individual behavior is only analyzed within a session and data is only pooled for

across-session analysis in the form of session outcomes. A second way to address the issue is the

use of panel econometrics that explicitly takes into account the dependence of observations. In

this subsection, we use the second way.

11Garratt and Keister (2006) conduct a similar probit analysis. However, they focus on the interaction of
treatment and time e�ects, while we prefer to analyze the time e�ects sessionwise. Note that the regression
speci�cation assumes that all subjects are homogeneous. In subsection 3.4 we relax this (and other) assumptions
and present results of panel regressions.
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Figure 4: Thresholds over Time: The �gure shows how the session thresholds evolve over time. For the
sessions A1.25

10 , A1.5
10 , B1.25

10 , and B1.5
10 , we estimated thresholds by the use of the logit model for the rounds

1 � 2, 3 � 4, 5 � 6, and 7 � 8. For the sessions A1.25
1 , A1.5

1 , B1.25
1 , and B1.5

1 , we estimated thresholds for
the rounds 1 � 10, 11 � 20, 21 � 30, and 31 � 40.
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The panel logit analysis should principally serve as an explicit test of learning at an individual

level, in contrast to the previous subsection, where we analyze learning at the session level. We

therefore include the unnormalized round in which the decision was made as an explanatory

variable into the regression. Given the di�erences in our models (A and B) and the di�erences in

the total number of decisions, we can only pool the data from two di�erent sessions together for

one panel analysis. That means for model A, we can consider the data from sessions A1.25
10 and

A1.5
10 together, but have to run separate regressions for sessions A1.25

1 and A1.5
1 , because subjects

have made fewer decisions in the latter case and the time structure of the panel is therefore not

identical.

Speci�cally, we estimate the following one-way �xed e�ect model for four subsets of our data.

xit is the withdrawal decision of subject i in decision t and sit is the corresponding signal. The

variable RD equals 1 if r1 = 1.25 and 0 otherwise. t depicts the round.

xit = const + β1 · sit + β2 · RD + β3 · t + uit

with uit = αi + eit

Table 5 illustrates the results. In accordance with evidence that has already been given, the

signal is the most important predictor of behavior. Also, the dummy for a low degree of risk

sharing r1 = 1.25 is negative and signi�cant. There is some degree of learning present in model

A, but not in model B. The probability of a withdrawal slightly declines over time. However,

the decline is not strong enough to cause an economically signi�cant e�ect on session thresholds

as has been shown above.

Sessions A1.25
10 and A1.5

10 (n=8,000) Sessions A1.25
1 and A1.5

1 (n=4,000)

z p-value z p-value

Signal sit -8.004 -40.90 (0.000)*** Signal sit -8.857 -26.44 (0.000)***

r1 -3.398 -29.25 (0.000)*** r1 -3.711 -19.98 (0.000)***

Round -0.020 -2.18 (0.029)* Round -0.025 -8.66 (0.000)***

Sessions B1.25
10 and B1.5

10 (n=8,000) Sessions B1.25
1 and B1.5

1 (n=4,000)

z p-value z p-value

Signal sit -12.781 -42.89 (0.000)*** Signal sit -17.978 -26.15 (0.000)***

r1 -0.467 -5.72 (0.000)*** r1 -1.023 -7.24 (0.000)***

Round -0.006 -0.73 (0.473) Round 0.002 0.71 (0.476)

Table 5: Panel Regressions: The table reports on the panel logit regressions. The dependent variable
is the withdrawal decision xit of subject i for decision t. The dummy for r1 equals 1 if r1 = 1.25 and 0
otherwise. Shown are the coe�cients, the z-statistics and the corresponding p-values.

21



3.5 Comparing Estimated and Predicted Thresholds

If we consider the estimated thresholds on the aggregate level based on the simple error model,

the mean of the estimated threshold for model A (model B) increases from 1.74 (0.44) for

r1 = 1.25 to 2.22 (0.48) for r1 = 1.5. Using the logit estimation method and/or the individual

thresholds alters these magnitudes only marginally. Comparing the estimates with the theoretical

predictions in Table 2 reveals that � independent of risk aversion � a stronger e�ect of increased

risk sharing would have been expected.

One possible explanation may be that subjects have been too optimistic for the high risk sharing

condition (r1 = 1.5), e. g. they assume that much more agents leave their money at the bank

compared to the theoretical prediction. Given the uniform distribution of the fundamentals and

the error term, each possible number of withdrawers between one and six should occur with equal

probability of 1/6 in an ±ε-environment around the estimated session threshold. Note that the

analysis in the previous subsections reveals that there is no economically important trend in the

used threshold. Therefore, a look at the empirical distributions can show if there are indeed more

scenarios that lead to a lower number of withdrawers around the optimal session threshold.12

The tables in Appendix A.1 show that the relative frequency of the number of withdrawers in

an interval between θ∗ − ε and θ∗ + ε, with θ∗ equal to the estimated session threshold, is not

equal to 1/6 for all possible number of withdrawers. This result could be easily explained by

di�erences in risk aversion, and therefore di�erences in individually used thresholds. However,

there is no evidence that the number of withdrawers around the estimated session thresholds are

systematically biased toward a smaller number of withdrawers. It is therefore highly unlikely

that the rather small reaction to the repayment rate can be explained by systematically biased

expectations.

4 Discussion

Our results suggest that the global games approach applied to bank runs leads to experimentally

valid predictions with respect to the comparative statics. Both hypotheses are supported by

the data: Our subjects use threshold strategies and increased risk sharing leads to increased

thresholds at the individual and the aggregate level.

12An alternative would be to change the experimental design and simply ask for expectations. The disadvantage
of such a direct elicitation is that the simple fact of asking such questions may alter behavior.
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However, the rather small reaction of thresholds to changes in the repayment rates is at odds

with the theory. This result is important with respect to the socially optimal repayment rate.

One major advantage of the global games approach is the ability to trade o� the bene�ts of

high repayment rates (increased risk sharing) with its costs (increased probability of a bank

run). Such a social optimization requires valid predictions about how people react to changes

in the repayment rates. At least in our experimental setup, this assumption is questionable.

As a result the optimal r1 for the banking system as a whole is di�cult to determinate. A

simple calibration based on past experience would not work, because depositors do not react

quantitatively as predicted by the theory to a change in the repayment rate.

Note that the optimal thresholds depend only on the local properties of the payo� functions near

the optimal θ∗. This feature of the theoretical solution is a result of the distributional assumption

of the error term. We conjecture that subjects do not fully realize this fact. Di�erent assumptions

about the distribution of the error term, e. g. a normal distribution, may therefore result in a

better performance of the theoretical point predictions by reducing the gap between predicted

session thresholds for r1 = 1.25 and r1 = 1.5. Further research may explore if our conjecture is

correct.

Another curiosity is the fact that threshold strategies are played even if there is no interior

solution according to the global games approach. This situation occurs for model A under the

high risk sharing condition rhigh
1 = 1.5. In this case, withdrawing early leads to a higher utility

for every possible signal. An explanation may be that subjects use threshold strategies as a

heuristic or as a best response to the heuristics of others. Further experiments may use a set-up

in which several heuristics should lead to qualitatively di�erent responses of rational players. In

such a framework, one may be able to assess the importance of heuristics and rational responses.

The question arises if the global games approach is successful in organizing the data, because

it correctly predicts the comparative statics of results, or unsuccessful, because it fails to pre-

dict the magnitude of a repayment rate variation. Note that there are many reasons why the

concrete thresholds in an experimental scenario may deviate from the theoretical prediction out-

lined above. The most obvious reason is unobservable individual di�erences, most notably risk

aversion.13 Also, the theoretical prediction depends on the assumption that all agents have ho-

13We have tried to assess the individual risk aversion using the method of Holt and Laury (2002). In an
unreported analysis, we regress individual thresholds on risk aversion for every session. Risk aversion does not
systematically explain variation in individual threshold strategies. Note that there are several possible reasons
for these results. We do not pay subjects according to their performance for the risk aversion task and subjects
may therefore not take the task serious enough. A competing explanation is that risk preferences depend on the
decision context and are not a stable personal trait. Measures of risk aversion elicited from one task are therefore
not useful for predicting behavior in other tasks.
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mogeneous preferences. The crucial step of building expectations about other players actions

is di�erent if subjects assume heterogeneous preferences (see Hellwig (2002) for a discussion of

this point). Further theoretical and experimental work may pro�tably analyze to what extend

heterogeneity and beliefs about heterogeneity may a�ect economic outcomes in global games. It

is of course possible that more sophisticated theoretical models can capture the sluggish reaction

to a change in the repayment rate observed in this experiment.

Further research (theoretical, experimental and - if possible - using �eld data) beyond the early

models is also needed. Possibly the most natural extension of our design is to include a stochas-

tic number of forced withdrawals, that is a stochastic λ. Garratt and Keister (2006) report an

increased number of panic-based runs if random forced withdrawals are introduced. A similar

result is expected in the global games context, but this modi�cation may also have a negative

impact on the wide use of threshold strategies. A further addition is to consider the public

information case and to contrast them with the global games approach. We refrained from this

modi�cation in our study, because an in�nitely precise signal is in our view unrealistic. Presum-

ably, depositors will not judge the fundamental state of the banking sector in the exactly same

way. Instead, they will build their own expectations based on the public available information.

Their opinions � the signals in our language � are therefore highly correlated, but not identical,

and there is uncertainty about the opinions � the signals � of other agents. However, the public

information case can be explored in further research.

With regard to policy implications a further extension of our experimental design is eligible. An

analysis of factors which are also investigated in the other experimental studies of bank runs,

like the introduction of deposit insurance, insiders or the suspension of convertibility, seems to

be promising.

The growing theoretical literature on global games is increasingly interested in dynamic global

games and their applications (see, e. g. Chamley (2003), Heidhues and Melissas (2006), Dasgupta

(2007), Angeletos, Hellwig, and Pavan (2007)), i. e. theory extends beyond one-shot horizons

and investigates dynamic decision situations. The experimental conditions A1 and B1, where

threshold strategies are as common as in conditions with ten decisions presented at once, provide

a natural starting point for the investigation of dynamic global games.14 An interesting question

for further research is the inspection of a dynamic global bank run game. Du�y and Ochs

(2007) present evidence that it does not make a signi�cant di�erence if a one-shot or a repeated

game is considered in the currency attack context of Heinemann, Nagel, and Ockenfels (2004).

14See Shurchkov (2007); see also Du�y and Ochs (2007) for a di�erent approach.
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However, Schotter and Yorulmazer (2005) show that the dynamic perspective is crucial for bank

run problems. Therefore, it is an interesting, yet unanswered question regarding what happens in

a dynamic global bank run game. Furthermore, there is a need for further experimental evidence

on dynamic global games with respect to other applications (see e. g. Brunnermeier and Morgan

(2006)).

There are also methodological implications. First, Heinemann, Nagel, and Ockenfels (2004) �nd

indirect evidence of the use of threshold strategies in global games. A more direct test would

involve an analysis of actions for di�erent signals from the same subject, as noted by Du�y and

Ochs (2007). We conduct such a test by using the simple error model and �nd support for the use

of threshold strategies on the individual level. Therefore, the conclusion of Heinemann, Nagel,

and Ockenfels (2004) is robust with respect to our di�erent analysis method.

An interesting methodological result is that learning is of minor importance, i. e. thresholds

are stable over time. There are at least two possible reasons for this result. Firstly, as noted

in the design section, we choose a large session size in a random rematching design, therefore

minimizing any strategic considerations resulting from the repeated plays of the one-shot gamble.

Secondly, by introducing forced withdrawals our set-up further complicated strategic signaling

and coordination. People do not learn equilibrium in our bank run game. They play it right

from the beginning.

A Appendix

A.1 Empirical Distributions Around the Optimal Threshold

The tables in the following subsections show the relative frequency of the number of withdrawers

when the true fundamental state lies within the interval [θagg − 0.1; θagg + 0.1]. θagg denotes the

estimated threshold on the session level (aggregated data). Z is the number of six-person-groups

which received a signal between θagg−0.1 and θagg +0.1. SEM stands for the simple error model

and LR for the logit regressions.
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A.1.1 Model A

Error

Model

θagg 1 2 3 4 5 6 Z

Sessions A1.25
10 � r1 = 1.25

SEM 1.80 9.09% 13.64% 22.73% 27.27% 20.45% 6.82% 44

LR 1.85 13.64% 25.00% 22.73% 18.18% 15.91% 4.55% 44

Sessions A1.25
10 � r1 = 1.5

SEM 2.30 2.50% 22.50% 40.00% 15.00% 12.50% 7.50% 40

LR 2.25 0.00% 13.89% 47.22% 13.89% 13.89% 11.11% 36

Sessions A1.5
10 � r1 = 1.25

SEM 1.78 2.56% 17.95% 35.90% 20.51% 12.82% 10.26% 39

LR 1.8 4.65% 18.60% 34.88% 20.93% 11.63% 9.30% 43

Sessions A1.5
10 � r1 = 1.5

SEM 2.33 13.73% 25.49% 23.53% 9.80% 19.61% 7.84% 51

LR 2.27 8.33% 20.83% 16.67% 16.67% 25.00% 12.50% 48

Sessions A1.25
1 � r1 = 1.25

SEM 1.81 20.00% 12.00% 40.00% 20.00% 4.00% 4.00% 25

LR 1.75 11.54% 7.69% 38.46% 23.08% 15.38% 3.85% 26

Sessions A1.25
1 � r1 = 1.5

SEM 2.03 4.35% 34.78% 21.74% 30.43% 4.35% 4.35% 23

LR 2.01 4.76% 33.33% 19.05% 33.33% 4.76% 4.76% 21

Sessions A1.5
1 � r1 = 1.25

SEM 1.56 0.00% 18.18% 18.18% 27.27% 27.27% 9.09% 22

LR 1.60 4.17% 20.83% 29.17% 12.50% 25.00% 8.33% 24

Sessions A1.5
1 � r1 = 1.5

SEM 2.20 19.05% 14.29% 28.57% 14.29% 19.05% 4.76% 21

LR 2.18 9.09% 9.09% 27.27% 27.27% 18.18% 9.09% 22
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A.1.2 Model B

Error

Model

θagg 1 2 3 4 5 6 Z

Sessions B1.25
10 � r1 = 1.25

SEM 0.44 10.59% 15.29% 16.47% 24.71% 23.53% 9.41% 85

LR 0.44 10.59% 15.29% 16.47% 24.71% 23.53% 9.41% 85

Sessions B1.25
10 � r1 = 1.5

SEM 0.47 5.63% 23.94% 21.13% 18.31% 22.54% 8.45% 71

LR 0.47 5.63% 23.94% 21.13% 18.31% 22.54% 8.45% 71

Sessions B1.5
10 � r1 = 1.25

SEM 0.44 8.82% 17.65% 29.41% 30.88% 7.35% 5.88% 68

LR 0.45 8.96% 19.40% 31.34% 28.36% 5.97% 5.97% 67

Sessions B1.5
10 � r1 = 1.5

SEM 0.50 6.94% 25.00% 18.06% 19.44% 22.22% 8.33% 72

LR 0.49 6.67% 25.33% 17.33% 20.00% 21.33% 9.33% 75

Sessions B1.25
1 � r1 = 1.25

SEM 0.44 14.29% 17.14% 17.14% 37.14% 8.57% 5.71% 35

LR 0.42 10.81% 16.22% 24.32% 29.73% 8.11% 10.81% 37

Sessions B1.25
1 � r1 = 1.5

SEM 0.47 8.11% 18.92% 16.22% 18.92% 16.22% 21.62% 37

LR 0.49 10.26% 23.08% 20.51% 17.95% 12.82% 15.38% 39

Sessions B1.5
1 � r1 = 1.25

SEM 0.44 2.50% 25.00% 15.00% 17.50% 22.50% 17.50% 40

LR 0.43 2.38% 23.81% 14.29% 19.05% 23.81% 16.67% 42

Sessions B1.5
1 � r1 = 1.5

SEM 0.48 9.76% 17.07% 17.07% 31.71% 12.20% 12.20% 41

LR 0.48 9.76% 17.07% 17.07% 31.71% 12.20% 12.20% 41

27



A.2 Instructions

Instructions given to the participants varied according to di�erent sessions. Here, we include an

English translation of the instructions for session A1.25
10 , i.e. the session started with r1 = 1.25

and shifted to r1 = 1.5. For the other sessions instructions were adapted accordingly.

Introduction

Thank you for participating in this economic experiment. The principle aim of this experiment

is to analyze your decision-making behavior in groups. Your pro�ts depend on your decisions

but also on the decisions of the other participants in the experiment. You will make all your

decisions at your workstation in our lab and to assist you in your decision process you will receive

some printouts with helpful tables. This experiment is �nanced by our University.

General Information

You are one of 30 participants in this experiment and the rules are the same for all participants.

The experiment consists of 8 independent rounds, which are played by �ve 6-person-groups. At

the beginning of each new round �ve new 6-person-groups will be formed out of the 30 partici-

pants. Within each group the participants interact with each other, but there is no interaction

between the groups, each group is completely separate.

In order to conduct the experiment in a manageable time-frame we ask you to make your decisions

in every round in the suggested processing time of 3 minutes. During each round a timer on your

screen will inform you about the time remaining.

A round is �nished after every participant has made their decisions. In a one minute information

phase each participant is informed about her results in the previous round. Following this, the

next round will start.

A quick summary of the rules

In every round each participant must make 10 decisions, all of which are similar in structure.

Each participant will make a total of 80 decisions (8 rounds with 10 decisions).

Each of you has one ECU (Experimental Currency Unit), which you placed into a bank in time

period 0. The bank invests your and your group members' deposits in an investment project.

The investment project will last for 2 periods. After the two periods (t=2) the bank can realize

project earnings R, which vary between 1.30 and 3.00 ECU. If the bank has to partly liquidate

the project in period 1, it receives no project earnings for the liquidated part. It only receives

28



the invested capital back.

However, the bank promises a �xed payment of 1.25 ECU to all withdrawing participants who

have already requested their money in period 1. Therefore, it has to liquidate parts of the

investment project to settle these claims. Participants who leave their money until period 2 will

receive a payment which depends on the money remaining in the project and the project earnings

R.

Your decision situation in detail

In this experiment we ask you to decide at which point of time you would like to withdraw

money; that means if you would like to withdraw money in period one or two. The chronological

structure is summarized in the following illustration.

t=1 t=2

6 participants (including
you) place 1 ECU with a 

bank

t=0

Bank invest 6 
ECU in the

investment project

Investment project finished; 
project earnings R is paid to late

withdrawals

Actions of the bank

Period 1: you
withdraw your
money in t=1

Period2 : you
withdraw your
money in t=2

Liquidation of the
project for early

withdrawals

Actions of the participants

You might ask yourself how you can determine your payment if you leave your money at the

bank until period 2. The following rule may help you: If some of the participants withdraw

their money in the �rst period, the bank is forced to liquidate parts of the investment project

to meet these expenses. If we call the number of participants who claim their money back in

period one n, then n*1.25 ECU is claimed back. Due to this the bank retains (6-n*1.25) ECU of

the originally invested amount (6 ECU), which realizes the project earnings of R ECU for each

ECU remaining. In the second period the bank is liquidated and the generated proceeds are

distributed among the remaining participants.

Example: If two of the six participants in a group claim a repayment in period one, each receives

1.25 ECU. Thus the bank has to liquidate 2.50 (2*1.25) in period one and 3.50 ECU (6-2.50)
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remains in the investment project. Assuming the project earnings amount to R=3, the bank

possesses 10.50 ECU (3*3.50) at the end of the investment project. These 10.50 ECU are shared

equally among the remaining four participants, so that each receives 2.63 ECU.

In the case that �ve or six participants demand their deposits in period one, the bank goes

bankrupt. We call this situation a bank run. For example, if �ve participants claim their money

back in period one, the bank has to pay out 6.25 ECU (5*1.25). Since this amount exceeds 6

ECU, the bank can no longer meet the withdrawal demands and the bank goes bankrupt. It

can only pay out four participants with 1.25 ECU for which it expends 5 ECU (4*1.25). Among

the �ve participants who wanted to withdraw their money four are selected by chance and they

receive their payment of 1.25 ECU. The remaining amount of 1 ECU (6-4*1.25) is lost and the

last (�fth) participant receives no payment. If all six participants claim their money, again only

four participants receive 1.25 ECU. Two participants receive no payment. To sum up, if there

are more than four participants who claim back their deposits, it is decided randomly which four

participants receive a payment and which participants receive no payment.

The following illustration summarizes the payment scheme:

6-(1.25*n) ECU 
remain at the bank

t=1

Bank Runs hazard, if 5 or 6 
participants withdraw early

n participants withdraw
in total 1.25 * n ECU

Project earnings
R*(6-1.25*n) ECU 
is paid to the late

withdrawals

t=2

If you decide to withdraw your money in period one, your credit entry depends on how many

participants also would like to withdraw their money in period one. If less than �ve participants

decide to claim back their money in period one and you will de�nitely have 1.25 ECU transferred

into your account.

If you decide to withdraw your money in period two, your credit entry depends on how many

participants already claimed back their money in period 1 and how high the project earnings

R are. The lower the number of participants who chose period one and the higher the project
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earnings R, the more credit you will receive in period two. If there are more than four participants

claiming their money back in period one, you will de�nitely receive zero ECU in period two for

sure.

Forced withdrawals

In each decision situation there is exactly one participant in each 6-person-group who has to

claim back their money early. Thus this participant has to choose period one. The following

message will appear on your screen: "As a result of an urgent need for money you are forced to

withdraw your money. Hence you automatically have chosen period one." In each decision the

odds are six to one (one in each 6-persons-group) that you will be forced to withdraw.

Calculation spreadsheets

Below is a table that will help you to �gure out the payo�s associated with your withdrawal

decision assuming that the project earnings are R=3. The chart gives you payo�s for all the

possible numbers of requests. Please take a moment to make sure that you completely understand

the spreadsheet.

Mit einer Wahrscheinlichkeit von 1/6 (einer in jeder 6er Gruppe) sind Sie von dem Hinweis 

betroffen und haben dann in dieser Entscheidungssituation keine Entscheidungsfreiheit.  

 

Berechnungstabellen 

Angenommen der Projektertrag sei R=3, so können Sie der folgenden Tabelle für jede mögli-

che Anzahl von Teilnehmern, die bereits in Periode 1 ihr Geld zurückfordern, Ihre Auszah-

lung entnehmen. Bitte nehmen Sie sich die Zeit, diese Tabelle zu verstehen. 

 

Number of par-
ticipants wishing 

to withdraw 
Period 1 Period 2 

In  
period 

1 

In  
period 

2 

Number of 
participants 
who can be 

satisfied 

Number of 
participants 
who are not 

satisfied 

Individual 
amount of the 

withdrawal 

Number of 
participants 
who can be 

satisfied 

Number of 
participants 
who are not 

satisfied 

Individual 
amount of the 

withdrawal 

1 5 1 0 1.25 5 0 2.85 
2 4 2 0 1.25 4 0 2.63 
3 3 3 0 1.25 3 0 2.25 
4 2 4 0 1.25  2 0 1.50 
5 1 4 1 1.25 or 0 0 1 0 
6 0 4 2 1.25 or 0 0 0 0 

 

Mit diesen Instruktionen haben Sie mehrere Tabellen enthalten, welche Ihre Auszahlungen für 

verschieden hohe Werte von R angeben. Während des Experiments erhalten Sie diese Tabel-

len als Hilfsmittel für Ihre Entscheidungen.  

 

Der unbekannte Projektertrag R 

Bei jeder Entscheidung hängt der Erfolg von Periode 2 auch von der Höhe des Projektertrags 

R ab. Im Augenblick, in dem Sie Ihre Entscheidung fällen, ist Ihnen die Höhe des Projekter-

trags R nicht bekannt. 

 

R kann zwischen 1,30 und 3,00 variieren. Alle möglichen Zahlen im Intervall von 1,30 bis 

3,00 haben die die gleiche Wahrscheinlichkeit gezogen zu werden, so dass beispielsweise der 

Wert R=1,78 im Durchschnitt in jeder 171. Entscheidungssituation auftreten wird (von 1,30 

bis 3,00 gibt es 171 verschiedene Werte auf zwei Dezimalwerte). Welche Konsequenzen un-

terschiedlich hohe Projekterträge R auf Ihre Auszahlungen haben, können Sie anhand der 

ausgedruckten Tabellen ermitteln.  

The handouts which you received as well as these instructions should aid your decision process.

They contain tables which show your payments for di�erent values of R.

The unknown project earnings R

As previously mentioned the success in period two also depends on the project earnings R. R can

vary between 1.30 and 3.00. Every number between 1.30 and 3.00 has the same probability to

be drawn, so that for instance the value R=1.78 will appear on average in every 171st decision

situation (from 1.30 to 3.00 there are 171 di�erent values for R). When you make your decision

you do not know the amount of the project earnings R.

However, for each situation each participant will receive a hint for the unknown earnings R. This
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hint corresponds to a number which lies in a range between R -0.10 and R + 0.10. All numbers

in this interval have the same probability to be drawn. Participants' hints are independent of

the hints which the other participants receive. If for example in one decision situation, R would

be 1.78, every participant will get a di�erent signal which lies between 1.68 and 1.88.

Thus within a complete round you get 10 independent signals.

Please note

Every decision is completely independent of other decisions. That means for each decision you

start again with one ECU in your bank account and have to decide to withdraw in period one

or two. The money you earned at the end of each round belongs to you and is credited to

your account. In each round �ve new 6-person-groups will be randomly formed out of the 30

participants of the experiment.

Information after each round

After each round every participant will be informed about the outcomes of the previous round.

For all ten decisions you will be informed about:

(1) Your hint for R

(2) The real value of R

(3) Your chosen decision

(4) How many participants decided to withdraw early

(5) The payment you received

After a predetermined time limit the next round will start.

If you wish you can leave the information round before the end by pushing the grey OK button.

If you do this, there is no chance to return to the previous information. A new round starts

when you get the following message: �Please make your decision now�.

Quiz and test round

To ensure that you understand these instructions and have a feeling for the decision situation, we

will ask you to answer three easy questions correctly before you start with the real experiment. At

the beginning of the experiment you will play one test round which should clarify the experiment

to you.

Variation of the experiment

After you have made all your decisions (eight rounds each with ten decisions), we will repeat the

experiment with a small variation. We will inform you about the variation after we have played
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the �rst eight rounds.

Questionnaire

After completing the whole experiment we will ask you to �ll out a questionnaire that allows

you to give us feedback concerning the experiment.

Payment

At the end of the experiment the ECUs that you earned will be converted into Euros and paid

in cash. One ECU corresponds to 0.07 Euro or seven Eurocent.

Questions about the instructions

If you still have any questions about the instructions please ask now. Please do not ask afterwards

and we ask you not to speak during the experiment. Thank you very much for following these

instructions and for participating in this experiment.
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