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Abstract

We design a laboratory experiment to test the importance of wealth as a channel for fi-

nancial contagion across markets with unrelated fundamentals. In a sequential global game,

we analyze the decisions of a group of investors that hold assets in two markets. We consider

two treatments that vary the level of diversification of these assets across markets. In both

treatments, we find evidence of financial contagion. When investors have completely diver-

sified portfolios, we provide evidence of contagion due to a wealth effect: for certain ranges

of fundamentals, we show that a decrease in wealth from the investment in the first mar-

ket makes withdrawals more likely in the second, thereby increasing the probability of a crisis.

When portfolio diversification is small, then social imitation is relevant in explaining contagion.
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1 Introduction

Episodes of financial contagion are a frequent phenomenon.1 These spillovers of disturbances across

countries, markets or asset classes can be explained through several channels, which are generally

grouped in two classes: (i) fundamental based contagion, which occurs through trade or financial

linkages, and (ii) non-fundamental based contagion that results from investors’ actions associated

with budget constraints or learning from the behavior of others (Dornbusch et al. 2000). In practice,

these channels are not mutually exclusive and are difficult to disentangle empirically, particularly

the importance of various types of investor behavior that trigger non-fundamental contagion. We

address this issue with a laboratory experiment that allows us to understand the importance of

the different channels of financial contagion by controlling for the interdependencies between fun-

damentals and the information that investors observe.

Specifically, we propose an experiment that isolates the role of investor wealth as an explanation

for financial contagion across markets with unrelated fundamentals (Kyle & Xiong 2001, Goldstein

& Pauzner 2004, Yuan 2005). Our experimental design is based on Goldstein & Pauzner (2004),

who model contagion as a sequential coordination game with incomplete information. The same

group of investors hold perfectly diversified portfolios of assets across two different markets and

decides on whether to withdraw or roll-over their investment in each market sequentially. They

show that the realization of a crisis in the first market increases the probability of a crisis in the

second market, even if the fundamentals of the two markets are uncorrelated. The mechanism

through which this happens is a wealth effect. Specifically, risk-averse investors are less willing

to bear risks in a second market after experiencing losses in the first market. This makes them

less likely to coordinate on the high risk/high return outcome in the second market, which makes

contagion more likely. Furthermore, this also implies that returns in the two markets are correlated,

even if fundamentals are not.

We design a between-subjects laboratory experiment with two treatments that differ in the

diversification of assets across the two markets. In the complete diversification treatment, the initial

wealth is invested evenly in both markets, while in the small diversification treatment, investors

have 5% of their wealth invested in the first market and 95% in the second market. As the change

in total wealth after the decision in the first market is much larger when portfolios are completely

diversified, we expect that the wealth effect to be important in this treatment and less so when

diversification is small. In addition, the small diversification treatment allows us to examine if and

how different levels of portfolio composition affect financial contagion and its channels.

In each experimental market, an investor can withdraw and obtain a safe payoff, or roll-over

1Well-known examples include the 1994 Mexican crisis that led investors to flee emerging markets in Asia and
Latin America, the Thai currency crises of 1997 that spread to East Asia, Russia and Brazil. More recently, the 2008
Global Financial Crisis originated in the US and rapidly spread across emerging and advanced economies, as well as
across different economic sectors, while the 2012 Sovereign debt crisis in Europe led to a spillover of sovereign yields
spreads across a large number of advanced and emerging economies.
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and obtain a risky payoff, which depends on the state of the economy and the behavior of others.

Investors have asymmetric information about the underlying state of the economy and receive a

precise private signal. The same group of five investors play the coordination game in each market

sequentially. Each investor first takes a decision about his investment in the first market, receives

feedback about the outcome in this market, then decides on the investment in the second market.

Subjects play for twenty rounds with random matching between rounds.

We derive several testable hypotheses from Goldstein & Pauzner’s (2004) theoretical predictions

and our parametrization, which we test empirically. Our results are as follows. First, we show that,

in both markets, the majority of subjects withdraw their investment when market fundamentals are

low and roll-over for high values of the fundamentals. This behavior is consistent with threshold

strategies and is in line with the experimental global games literature (Heinemann et al. 2004, 2009,

Shurchkov 2013). In addition, our data shows that both treatments have a large proportion of

withdrawals and runs (situations where all investors withdraw in a given market), which is broadly

in line with the theoretical predictions.

To uncover evidence of financial contagion, we test whether a run in the first market affects the

proportion of withdrawals in the second market. In both treatments, we find evidence of contagion

for high levels of fundamentals. We then examine whether this observed contagion is due to a

wealth effect. We find that returns in the two markets are correlated in the complete diversification

treatment, but not in the small diversification one. This suggests that, in the complete diversification

treatment, the change in wealth in the first market affects the behavior and, as such, returns on

the investment in the second market. Moreover, when looking at the individual probability of

withdrawing, we find that a lower wealth in the first market significantly increases the propensity

to withdraw in the second, particularly in the complete diversification treatment. This wealth

effect depends non-linearly on the level of fundamentals: it is strongest for higher levels of the

fundamentals where roll-over decisions in second market are less likely if participants experience

losses or a lower wealth in the first market. In the small diversification treatment, changes in wealth

are not statistically significant in determining the individual probability of withdrawing.

Our results suggest that financial contagion is present in both treatments, but changes in wealth

explain contagion only when portfolios are perfectly diversified. As a result, it is possible that

other channels matter empirically. Particularly, other experiments suggest social imitation affects

behavior in games with sequential decisions, i.e., observing the decisions of others in the first market

influences the withdrawal decision in the second (see Bursztyn et al. 2014, Duffy, Hopkins, Kornienko

& Ma 2019, Trevino 2020).

To further disentangle the role of wealth from social imitation in driving contagion, we conduct

a series of subsample analyses where we try to isolate one channel to gauge the significance of the

other. In the complete diversification treatment, we show that the wealth channel is significant and

distinct from that of social imitation. However, when investors have a small level of diversification
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in their portfolios, our analysis shows that the contagion that we observe in this treatment is mainly

driven by the social imitation channel.

Our experimental framework best describes debt rollover crises, where two countries raise ex-

ternal debt from a common pool of creditors. This type of short-term financing is subject to

re-financing risk that has its roots in the coordination problem faced by creditors when they make

their rollover decisions. Debt rollover crises such as these are a common phenomenon, in particular,

among emerging markets which tend to finance themselves in the short-term (Broner et al. 2013).

Understanding the role of investor wealth and portfolio diversification during such crises is therefore

central to the design of policies aimed at limiting the spread of contagion.

There is a small, but growing experimental literature on contagion. One type of experiment

focuses on fundamentals-based contagion in a bank-run setting using a modified Diamond & Dybvig

(1983) framework. Chakravarty et al. (2014) find that contagion can occur due to panics even when

fundamentals are independent, while Brown et al. (2017) observe contagion of withdrawals across

banks only when there are economic linkages between banks. In a one-bank setting, Kiss et al.

(2018) find that panic-based runs can occur even in the absence of problems with fundamentals

or coordination failures among depositors. These can be attributed to unreasonable depositors’

beliefs - depositors overestimate the likelihood of a bank run occurring, and to depositors’ loss-

aversion. Finally, Duffy, Karadimitropoulou & Parravano (2019) find evidence of contagion in

a bank network experiment, where banks place cross-deposits with other banks. In contrast to

this literature, we examine financial contagion in a setting where investors hold asset portfolios in

markets with unrelated fundamentals. We find that the main reason for financial contagion is a

wealth effect when investors have perfectly diversified portfolios, but we also observe contagion due

to social imitation when portfolios have a small degree of diversification.

A second type of experiment looks at contagion due to cross-market portfolio rebalancing. Cipri-

ani et al. (2013) test the informational linkages channel modeled by Kodres & Pritsker (2002) in

which a shock in one market transmits itself to others as investors adjust their portfolio allocations.

Contagion due to portfolio re-balancing occurs because subjects’ payoffs depend not only on the

return to their investment, but also on the composition of their portfolios. Cipriani et al. (2017)

investigate experimental asset markets where financial contagion occurs when asset returns in two

markets are correlated, but no contagion effect is present in markets with independent fundamen-

tals. These models, however, describe a different nature of “crises”, in which contagion is reflected

in asset prices. Our setting best describes crises in which coordination plays a key role such as debt

or currency crises.

Closer to our setting is the experimental literature on global games (Heinemann et al. 2004,

2009). Contagion in a global games framework is studied by Trevino (2020) who shows how conta-

gion is driven by fundamental and social learning channels. She finds that subjects in the experiment

do not update information optimally: a base rate neglect bias makes agents underweight priors and
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weakens the fundamental channel, while an overreaction bias strengthens the social learning chan-

nel and makes subjects take into account the behavior of agents in the other country even when it

is completely uninformative. Another related paper is Shurchkov (2013) who studies coordination

and learning in a dynamic global game. She finds that beliefs about others’ actions are crucial for

understanding how the arrival of new information affects the attacking behavior of speculators in

a currency crisis. Our experiment shares the global games mechanism of these works, but focuses

on a wealth channel, which is absent from previous literature.

The remainder of the paper is organized as follows. Section 2 discusses the theoretical back-

ground and hypotheses. Section 3 describes the experimental design and procedures. Section 4

presents our results and Section 5 concludes. Further details are provided in an Online Appendix

which contains the experimental instructions, screenshots and numerical computations.

2 Theoretical Background and Hypotheses

2.1 Theoretical Background

We study financial contagion in a global games framework based on a model by Goldstein & Pauzner

(2004) (hereafter, GP), which we adapt to an experimental setting.2 We consider a finite number of

investors, N , indexed by j = 1, ..., N , who invest in two markets indexed by i = 1, 2 with the same

initial wealth, ω0i in each market (ω01 = ω02). Investors have a utility from wealth that satisfies

the decreasing absolute risk aversion (DARA) property.3

Investors choose whether to withdraw or roll-over their investment in each market. If an investor

chooses to withdraw, he recovers his initial investment in that market. If he rolls-over in market i,

he obtains a payoff R(θi, ni), which is increasing in the fundamentals in that market, denoted by

θi, and decreasing in the proportion ni of agents that withdraw in market i. This payoff structure

implies that agents are less likely to liquidate their investment when fundamentals are high and

when they believe that the number of other investors that will liquidate their investment is low.

Investors take decisions in each market after receiving information about the fundamentals.

Fundamentals θ1 and θ2 are independent and drawn from uniform distributions on [θi, θi], with

θi > θi. Following the global games equilibrium selection refinement, the fundamentals are not

perfectly observable. Instead, investor j receives a noisy signal about the fundamentals, θji = θi+ε
j
i ,

where the error terms εji are uniformly distributed over the interval [−εi, εi] and are independent

across investors and markets. The model is focused on the case when signals are relatively precise,

so that fundamental risk is small in relation to strategic risk.

The game is sequential with the following timing. In the first stage, the fundamentals in market

2While GP discuss contagion across countries, we frame our experiment in terms of markets. In addition, we
study a finite player version of the game in GP. For further details, see Online Appendix C.

3That is, −u′′(ω)/u′(ω) is decreasing in ω, where ω is the wealth.
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1 are realized, agents receive private signals regarding these fundamentals, and decide whether to

withdraw or not their investment in market 1. The outcome in market 1 is realized and investors

observe fundamentals and the aggregate behavior in this market. In the second stage, market

2 fundamentals are realized, agents observe private signals, and decide whether to withdraw or

roll-over.

The game is solved backwards by first characterizing the behavior of agents in market 2 for

the possible outcomes in market 1. The decision to withdraw or roll-over in market 2 depends on

private signals about fundamentals, the behavior of other players in market 2 and the wealth from

the investment in market 1, ω1. GP show that for any θ1 and n1, there exists a unique threshold

equilibrium in market 2. Moreover, this threshold equilibrium depends on whether an investor

withdrew (wi) or rolled-over (ro) in market 1. An investor who withdrew in market 1, withdraws

in market 2 if his signal is lower than a threshold signal, θ∗2,wi, and rolls-over if his signal is above it,

whereas an investor who rolled-over in market 1 withdraws in market 2 if his signal is below θ∗2,ro

and rolls-over above it.4

The equilibrium threshold signal in market 2 for a given action in market 1 is calculated at the

point where a player is indifferent between withdrawing and rolling-over in market 2. At state θ2,

the payoff in market 2 is R2(θ2, n2), which depends on the probability that n2 = 0, ..., N − 1 out of

the other N − 1 investors receive signals below the corresponding threshold signal in market 2 and

withdraw. This is described by the binomial distribution: Bin(n2, N − 1, p(θ2)), where p(θ2) is the

probability that a player obtains a signal below a given threshold θ∗2 : Prob[θji < θ∗2 |θ2] =
θ∗2−θ2+ε2

2ε2
,

given that the distribution of signals is uniform over [θ2 − ε2, θ2 + ε2] (see also Heinemann et al.

2004). Then, the difference between the expected utility from rolling-over and the expected utility

from withdrawing in market 2 is given by:

[
N−1∑
n2=0

(
1

2ε2

∫ θj2+ε2

θj2−ε2
Bin(n2, N − 1, p(θ2))u(R2(θ2, n2) + ωj1)dθ2

)]
− u(ω02 + ω1). (1)

The equilibrium threshold in market 2, as a function of the outcome in market 1, is at the point

where equation (1) is equal to zero.

To characterize the equilibrium in market 1, we take into account that investors’ decision to

withdraw or roll-over depends on the signal about market 1 fundamentals, the belief about the

number of agents that withdraw in market 1, but also the wealth that is expected to be obtained

from the investment in market 2 (which in turn depends on the outcome in market 1). GP show

that when the noise in the signals is small, there also exists a threshold equilibrium in market 1.

The main implication of the model is related to how the outcome in market 1 affects the decision

in market 2. The mechanism that generates contagion in GP is a wealth effect: because risk aversion

4An investor who receives a signal equal to the corresponding threshold (θ∗2,wi or θ∗2,ro) is indifferent between
withdrawing and rolling-over provided that all the other investors withdraw if and only if they receive signals below
the same corresponding thresholds.
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decreases with wealth, those investors with higher wealth after the investment in market 1 will be

more willing to bear risks and roll-over in market 2. As a result, if a run occurs (i.e., a situation

where all investors withdraw), then the distribution of wealth in market 1 is lower than if no investor

withdrew. This implies that the threshold in market 2, when a run occurred in market 1, is higher

than the corresponding threshold when a run did not occur in market 1.5 GP interpret contagion

to be this increased probability of runs in market 2 that emerges from investors’ coordination on

withdrawing in market 1.

Another implication of the model is related to the returns on investments in the two markets.

Contagion generates a positive correlation between returns on investments in two markets even

when fundamentals in these markets are uncorrelated.

The model presented above assumes fully diversified portfolios across the two markets as in

GP’s main analysis. In numerical simulations, GP also explore how other levels of diversification

affect the probability of runs and show that there is a non-monotonic relationship, which depends

on various factors such as proportion of wealth invested in each market, number of investors, and

risk preferences.

2.2 Hypotheses

We develop several testable hypotheses from the theoretical model described above. The first

concerns the relationship between subjects’ decision to withdraw and the realization of signals.

Hypothesis 1 [Threshold strategies]: Subjects use threshold strategies, withdrawing their invest-

ment when the signal is below a threshold, rolling-over when the signal is above it, and switch only

once between the two decisions.

The second hypothesis refers to how the behavior in the first market affects that in the second

market, whenever investors have perfectly diversified portfolios. In the GP model, this is referred

to as the contagion. They show that a run in market 1 increases the threshold below which it is

optimal to withdraw in market 2. This higher threshold in market 2 means that there is a wider

range of fundamentals for which withdrawing is optimal and, as such, implies that withdrawals in

market 2 are more likely whenever a run occurred in market 1.

Hypothesis 2 [Contagion]. In markets with unrelated fundamentals and perfectly diversified

portfolios, a run in market 1 increases the probability of withdrawals in market 2 compared to

when no investor withdraws in market 1.

5However, GP show that, when not all investors withdraw or roll-over in market 1, for a given realization of
fundamentals in market 1, the threshold in market 2 is non-monotonic with respect to the number of withdrawals in
market 1.
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The next hypothesis refers to a consequence of financial contagion. GP show that contagion re-

sults in an endogenous positive correlation between the returns in the two markets, even though

fundamentals are uncorrelated.

Hypothesis 3 [Correlation of returns]. When investors have a perfectly diversified portfolio across

the two markets, there is a positive correlation of returns in the two markets despite fundamentals

being uncorrelated.

In numerical simulations, GP show that the correlation in returns is strongest when agents have

perfectly diversified portfolios and it decreases with the level of diversification. The last hypothesis

concerns the channels of financial contagion.

Hypothesis 4 [The wealth effect]. The source of contagion in market 2 is the change in wealth

in the first market: investors with higher (lower) wealth from market 1 are more (less) willing to

bear risks in market 2, and are more likely to roll-over (withdraw) in market 2.

In GP, contagion occurs because the behavior of agents in market 1 affects the distribution of wealth

in that market, which has implications for the decision to withdraw or not in the second market.

Since investors are assumed to have a degree of risk aversion that decreases with their wealth, those

with lower wealth from their market 1 investments will be less willing to bear risks. As such, they

fail to coordinate on maintaining their investments in market 2.

3 Experimental design and procedures

In this section, we describe the experimental design, parametrization and procedures.

3.1 Experimental design and parametrization

We design a between-subjects experiment with two treatments that vary the level of the portfolio

diversification in order to determine the importance of wealth as a channel of financial contagion.

In the Complete Diversification treatment, hereafter CD, investors have 50% of their wealth in each

market. This treatment follows closely the main analysis in the GP model presented in Section 2.

In the Small Diversification treatment, hereafter SD, investors have 5% of their wealth in market 1

and 95% percent in market 2. The rationale for these two treatments is to compare two scenarios

where the change in total wealth after the decision in market 1 is different: the potential change in

total wealth in the CD treatment is much larger than in the SD treatment. Therefore, we expect

the wealth effect to be important in the CD treatment and less so in the SD treatment. In addition,

the SD treatment allows us to study if and how different levels of diversification impact financial

contagion and its sources.
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Table 1: Example of payoff table in complete diversification treatment

Hypothetical number
of other investors that
choose A

Payoff if you choose A Payoff if you choose B

θ=10 θ=25 θ=50 θ=75 θ=100 θ= 125 θ=150

0 100.0 30.0 75.0 150.0 225.0 300.0 375.0 450.0
1 100.0 10.0 25.0 50.0 75.0 100.0 125.0 150.0
2 100.0 6.0 15.0 30.0 45.0 60.0 75.0 90.0
3 100.0 4.3 10.7 21.4 32.1 42.9 53.6 64.3
4 100.0 3.3 8.3 16.7 25.0 33.3 41.7 50.0

The experiment consists of two parts. In the first part, subjects play a coordination game for

20 rounds. In the second part, we elicit participants’ risk and loss aversion with individual tests.

In this sub-section we focus on explaining the coordination game based on the theoretical model

described in the previous section. Subjects are divided into groups of five investors.6 The same

group of participants are investors in the two markets: market 1 and market 2. In each round, each

participant is endowed with 200 experimental currency points (EC), which are invested in the two

markets.

Each round of the experiment has two stages. In the first stage, each participant observes a

private signal about market 1’s fundamentals, takes a decision regarding market 1’s investment, and

receives feedback. In the second stage, each participant receives a private signal about market 2’s

fundamentals, takes a decision regarding market 2’s investment and receives feedback. Then, a new

round starts. Each round is independent from subsequent rounds. The decision that participants

take in each round and for each market, and the corresponding payoffs are as follows:

Action A: A participant obtains back his initial investment in the corresponding market.

Action B: A Participant receives the payoff R(θi, ni) = 3θi
1+2ni

, where θi is the fundamentals in

market i, and ni is the number of investors in this market that choose action A.

Notice that, to avoid framing effects, we ask subjects to choose between actions A and B. Action

A corresponds to withdrawing the investment and has a safe payoff. Action B represents rolling-

over and is a risky action since its payoff increases with market fundamentals and decreases with

the number of investors that choose action A. Table 1 provides an example of the payoff table in

the CD treatment shown to participants.

We next describe the distributions of fundamentals and signals. Given investors’ different pro-

portions of wealth in each market in the CD and SD treatments, we could not choose the same

distribution of fundamentals and signals in both treatments, as the equilibrium thresholds suggested

by the theoretical framework in section 2 would not be within the bounds of the distribution for

both treatments. For parametrizing these distributions, we applied the following criteria: (i) the

6Similar group sizes are employed in various experiments of coordination games, see, among others, Schotter &
Yorulmazer (2009), Garratt & Keister (2009), Kiss et al. (2012), Peia & Vranceanu (2019).
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precision of signals in relation to fundamentals is similar in both treatments; (ii) the theoretical

proportion of withdrawals is high in both treatments; (iii) the theoretical probability of a run in

market 2 if a run occurred in market 1 is similar across the two treatments (see Table 2).

In the CD treatment, fundamentals in both markets follow a uniform distribution over the

interval [10, 150]. Participants do not observe fundamentals before making their decisions, but they

each receive a private signal which is randomly selected from a uniform distribution in the interval

[θi − 10, θi + 10].7

In the SD treatment, the fundamentals in market 1, θ1, follow a uniform distribution over the

interval [1, 10], while private signals in market 1 are randomly selected from a uniform distribution

in the interval [θ1 − 1, θ1 + 1]. In market 2, fundamentals, θ2, follow a uniform distribution in

the interval [20, 330], and signals are randomly chosen from a uniform distribution in the interval

[θ2 − 20, θ2 + 20].

Fundamentals in market 1 and 2 are drawn independently from each other. This independence

of fundamentals across the two markets is carefully explained in the instructions to participants

such that this feature of the experiment is salient.

Given the experimental design and parametrization, Table 2 derives the equilibrium thresholds

in market 2, above which it is optimal to roll-over and below which it is optimal to withdraw. We

present market 2’s thresholds for a given outcome in market 1, since we focus on contagion in market

2 as a result of the behavior in market 1. Notice that, if subjects choose threshold strategies, then

the probability of a run is the probability that the signal received is below the theoretical threshold.

Table 2: Numerical predictions for each treatment

Complete diversification Small diversification

Market Threshold Probability of run Threshold Probability of run

Market 2 if run in market 1 111 79% 246 79%

Market 2 if no run in market 1 99 71% 241 78%

Table 2 shows that the threshold equilibrium values are around the third quartile of values of

the fundamentals in both treatments, hence we expect a large proportion of withdrawals in each

treatment. Details on the steps of the numerical computations are presented in the Online Appendix

C. In the CD treatment, if a run occurred in market 1, the threshold value of the fundamentals in

market 2 is equal to 111, while if there is no run in market 1, it is 99. As in GP, we interpret this

8% difference in the probability of a run in market 2 as contagion due to a wealth effect since a

run in market 1 increases the probability of a run in market 2. In contrast, in the SD treatment,

we expect the outcome of market 1 to have a much smaller effect on market 2, since potential

changes in wealth are very small. If there has been a run in market 1, the threshold value for the

7Note that, as in GP, we choose the signal precision to be high in relation to the fundamentals in order to minimize
fundamental risk and focus on strategic risk.
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fundamentals in market 2 is equal to 246, while if there is no run, it is 241. The difference in the

probability of a run in market 2 depending on whether there has been a run in market 1 or not is

close to 1%. Given our parametrization, this implies that contagion due to a wealth effect should be

practically inexistent in the SD treatment, which is in contrast with the CD treatment (Hypothesis

4).

3.2 Experimental procedures

We run six sessions with 20 participants in each treatment. We implement a between-subject design,

and the total of 240 participants were students of economics, business, finance and other related

areas from Universitat Pompeu Fabra and ESADE Business School, both in Barcelona (Spain).

The experiment was programmed and conducted with the software z-Tree (Fischbacher 2007).

Each experimental session consists of two parts. In the first part, subjects are divided into

groups of five and play the coordination game described above for 20 independent rounds. In each

round, participants in a given group change randomly.

In the second part of each experimental session, participants are asked to answer various indi-

vidual incentivized tasks to elicit risk and loss attitudes. As the wealth effect characterized in GP

is the direct consequence of decreasing absolute risk aversion (DARA) preferences, it is important

to assess the risk preferences of our subject pool. The risk aversion test is based on Eckel & Gross-

man (2008) and Dave et al. (2010). It consists of a choice between six lotteries each with a 50%

probability of a low outcome and a 50% probability of a high outcome. The choice of a particular

lottery corresponds to a range of relative risk aversion parameters.

Furthermore, our experiment entails the possibility of losses, which have been shown to matter

in coordination games such as bank runs (see Brown et al. 2017, Kiss et al. 2018). As such, we

also conduct a loss aversion questionnaire adapted from the test in Gächter et al. (2007). We ask

subjects to choose how many lotteries they are willing to accept from a sample of six coin tosses

where tails implies a fixed win, while heads an increasingly larger loss. The fewer the number of

lotteries accepted, the larger the implied degree of loss aversion of the participant.8

Once the two main parts of the experiment are completed, participants answer demographic

questions such as gender, age or degree studied. At the end of the experiment, we randomly chose

one of the 20 rounds, and participants were paid the earnings from that round. For the coordination

game in the first part of the experiment, earnings were converted according to the formula: 100

EC are equivalent to 3 Euros. These gains were not shown to participants until the risk and loss

aversion tasks and questionnaires were completed. Incentives for the risk and loss aversion tests

were framed in experimental points to be gained/lost, with each 20 points corresponding to 1 Euro.

At the end of the experiment, participants were paid in private the total obtained from the first

8As subjects can incur losses, we parametrize the lotteries so that the maximum loss in the loss aversion test is
equal to the minimum gain in the risk aversion questionnaire. This avoids participants ending up with overall losses
from the experiment and receiving less than the participation fee.
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and second part of the experiment. On average, they obtained 16 Euros and sessions lasted 60

minutes. The Online Appendix A shows the instructions of all the parts of the experiment, while

Online Appendix B illustrates the screenshots of the coordination game.

4 Results

We start by presenting some simple statistics on the general features of the experimental data. We

then briefly describe subjects’ decisions in market 1. Next, we analyze market 2 behavior, focusing

on understanding whether contagion exists. Last, we examine the channels that explain financial

contagion.

4.1 General features of the experimental data

First, we verify that the actions taken by participants do not violate dominance, i.e. that subjects

do not roll-over for values of the fundamentals for which they have a dominant action to withdraw.

In the relevant ranges of fundamentals for each treatment and market, 99% of the choices in the

CD treatment and 98% in the SD treatment do not violate dominance.

Second, we check whether subjects behave in accordance with threshold strategies, i.e., they

withdraw for some values of the fundamentals and roll-over for others and only switch once between

these actions.9 We find that, on average, 62% of subjects use monotone strategies, particularly after

the first five rounds, and with similar percentages in both treatments (63% in the CD and 61%

in the SD treatment).10 This observed behavior is in accordance with previous results in global

games experiments (Heinemann et al. 2004, Shurchkov 2013, Szkup & Trevino 2017). This evidence

provides support for Hypothesis 1.

Result 1 [Threshold Strategies]: The majority of subjects employ threshold strategies after

the first five rounds.

Next, Table 3 presents some descriptive statistics on the average proportion of withdrawals and

runs across our two treatments. Overall, we observe that the average proportion of withdrawals

is relatively close to the levels suggested by the theoretical thresholds. The average probability of

runs is slightly lower than the theoretical levels presented in Table 2, suggesting that we have more

cases in which there are “partial runs”, i.e., not all of the five group members withdraw.

Finally, in Table 4, we present some statistics on the risk and loss preferences of participants

collected in the second part of the experiment. Panel A of Table 4 shows the percentage of subjects

accepting each of the six lotteries in Dave et al.’s (2010) questionnaire eliciting risk preferences.

The risk preference classification based on the lottery chosen is shown in the last column of Table 4.

9Recall that fundamentals and signals were randomly drawn in each round and presented to participants unordered.
10Subjects that chose the same action for all signals were classified as using threshold strategies.
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Table 3: Proportion of withdrawals and runs

Complete diversification Small diversification
Withdrawals in both markets 64% 72%
Runs in both markets 43% 48%

Market 1 withdrawals 64% 76%
Market 1 runs 45% 52%

Market 2 withdrawals 63% 68%
Market 2 runs 41% 45%
Table shows the proportion of withdrawals and runs in each treatment and market. There are
2,400 observations in each treatment and market.

We find that 59% of participants chose gambles corresponding to risk aversion preferences, which is

comparable to the proportion of risk averse participants in Dave et al.’s (2010) experiment. In our

case, we observe a slightly higher number of subjects accepting the last lottery, which corresponds

to a risk loving behavior (21% versus 11% in Dave et al.’s (2010) sample). This is most likely

due to the lower payoffs in our version of the questionnaire, which is in line with the experimental

literature on incentive and risk aversion (see Holt & Laury 2002). For our subsequent analysis,

we construct a dummy variable that takes the value 1 if a subject is risk averse, corresponding to

choosing one of the first three gambles in the test, and 0 otherwise.11

Panel B of Table 4 reports the results of the loss aversion test proposed in Gächter et al. (2007).

Specifically, the last column shows the implied degree of loss aversion (that makes an individual

indifferent between the gains and losses in the chosen lotteries). In line with Gächter et al. (2007),

we find that around 65% of participants display moderate degrees of loss aversion, accepting from

two to four of the gambles (Gächter et al. (2007) find 60%). We thus define a dummy variable

that takes the value 1 if a participant accepts, at most, two of the lotteries, corresponding with an

implied degree of loss aversion greater than 1.5 and zero otherwise.

4.2 Behavior and outcomes in market 1

The main insight from analyzing market 1 behavior rests in understanding whether subjects behave

in accordance to the prescriptions of the global games equilibrium selection criteria, i.e., they

withdraw when signals about market fundamentals are small and roll-over for high signals. Figure 1

shows a locally weighted scatterplot smoothing (lowess smoother) of the total number of withdrawals

in market 1 as a function of the signal about fundamentals received by participants. The graph

clearly shows that, in both treatments, when signals are low most participants withdraw, while if

signals are sufficiently high most subjects roll-over. This evidence confirms that subjects’ behavior

is consistent with the theoretical prediction that coordination on rolling-over is more likely at higher

11Results are robust to employing a scalar corresponding to the lottery chosen by the participant, as opposed to
the dummy variable.
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Table 4: Distribution of subjects’ preferences: risk and loss aversion

CD SD
Panel A: Risk aversion test Implied risk aversion

Gamble 1 6% 6% Highly risk averse
Gamble 2 9% 9% Very risk averse
Gamble 3 14% 22% Risk averse
Gamble 4 28% 24% Slightly risk averse
Gamble 5 24% 18% Risk neutral
Gamble 6 19% 22% Risk loving

Panel B: Loss aversion test Implied loss aversion

Reject all lotteries 3% 5% >3
Accept lottery 1, reject 2 to 6 18% 15% 3
Accept lotteries 1 and 2, reject 3 to 6 23% 21% 2
Accept lotteries 1 to 3, reject 4 to 6 22% 22% 1.5
Accept lotteries 1 to 4, reject 5 to 6 20% 23% 1.2
Accept lotteries 1 to 5, reject 6 8% 8% 1
Accept all lotteries 3% 3% ≤0.87

values of the fundamentals.

It is also worth emphasizing the distribution of wealth after the decision in market 1 across the

two treatments. Recall that, by design, the variation in total wealth after the decision in market 1 is

much larger in the CD treatment (ranging from -47% to 175%) than in the SD treatment (ranging

from -4.7% to 10%). As such, Table 5 shows that, in the CD treatment, 11% of the observations had

a loss that is greater than the largest possible loss in the SD treatment, while 21% of observations

had a gain larger than the highest gain in the SD treatment. Note also that the percentage of

observations that have no change in wealth is large: 64% of the observations in the CD treatment

and 78% in the SD treatment, respectively.

Figure 1: Locally weighted scatterplot of the total number of withdrawals in market 1 as a function
of signals
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Table 5: Distribution of market 2 decisions across changes in wealth in market 1

Change in total wealth after
market 1 decision

Complete diversification Small diversification

<-5% 11% 0%
[−5%, 0%) 1% 15%
0% 64% 78%
(0%, 10%] 3% 7%
> 10% 21% 0%
Table shows the percentage of rounds corresponding to different changes in total wealth after
the outcome in market 1. The change in wealth is computed as the sum of wealth after the
decision in market 1 and initial investment in market 2 divided by the total initial wealth
invested in both markets.

4.3 Behavior and outcomes in market 2

We now turn to analyzing the behavior in market 2 and focus on understanding how the outcomes

in market 1 affect the proportion of withdrawals in market 2. Recall that, prior to observing their

signal in market 2, subjects learn the outcome of the coordination game in the first market: the

proportion of withdrawal decisions, as well as their own wealth and that of other players from the

investment in market 1.

We first examine whether the outcome of market 1 affects the proportion of withdrawals in

market 2. Figure 2 shows the average proportion of withdrawals in market 2 in each treatment as

a function of fundamentals, sorted in quartiles, and whether a run occurred (all five participants

withdrew) in market 1 as compared to rounds in which all participants rolled-over.

Figure 2: Contagion across the two markets
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In line with theoretical predictions, Figure 2 shows that, in both treatments, there is a higher

proportion of withdrawals for lower values of the fundamentals. Moreover, we find that the propor-

tion of withdrawals is significantly higher in rounds in which a run occurred in market 1, especially

in the third quartile of fundamentals in the CD treatment (p-value=0.004) and third and fourth
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Table 6: Contagion at the market level

Complete diversification Small diversification
(1) (2) (4) (5)

Run M1 0.161 -0.488 1.032*** 0.167
(0.335) (0.387) (0.380) (0.553)

Run M1 ×θ2 ∈ 3rdQ 0.953** 2.363***
(0.472) (0.419)

Run M1 × θ2 ∈ 4thQ 1.004 1.629
(0.870) (1.372)

θ2 ∈ 3rdQ -1.002 -2.486***
(0.620) (0.445)

θ2 ∈ 4thQ -2.432** -4.298***
(1.240) (1.287)

θ2 -0.093*** -0.075*** -0.034*** -0.024***
(0.015) (0.015) (0.004) (0.005)

Period 0.086*** 0.080*** 0.065* 0.071**
(0.015) (0.018) (0.035) (0.035)

Observations 297 297 281 281
Table presents ordered logit estimations at the group level, where the dependent
variable is the proportion of withdrawals in market 2. Run M1 is a dummy
equal 1 if a run took place in market 1 and zero if all five market participants
rolled-over. θ2 ∈ ithQ is a dummy equal to one if θ2 is in the ith quartile of the
distribution of market 2 fundamentals. Period is a scalar from 1 to 20. Standard
errors are clustered at the session level. *** , ** and * denotes significance at
the 1%, 5% and 10% levels.

quartile in the SD treatment (p-value<0.001 and p=0.004, respectively).12 This suggests that

there is contagion from market 1 to market 2 in both treatments, particularly for higher values of

fundamentals.13

In Panel (b) of Figure 2, this contagion effect appears stronger in the SD treatment. This is

likely due to the distribution of outcomes in market 2 in this treatment, where we observe few

observations where all five participants rolled-over. An alternative visualization of the data, where

we compare rounds with a small proportion of withdrawals in market 1 (less or equal to 20%) versus

those with a large proportion of withdrawals (higher or equal to 80%), shows a smaller contagion

effect in the third quartile of fundamentals in the SD treatment (see Appendix Figure 7).

Table 6 confirms the patterns in Figure 2 in a series of group (market)-level regressions where the

dependent variable is the proportion of withdrawals in market 2. The main independent variable,

Run M1, is a dummy variable equal to 1 if a run took place in market 1 and zero if all participants

rolled-over. Given the discrete, ordinal nature of the dependent variable, the models are estimated

via an ordered logit model for each treatment separately, with columns (1) and (2) corresponding

to the CD treatment, and (3) and (4) to the SD one, respectively. In all specifications we control for

12The p-values reported throughout the text correspond to a t-test of equality of means.
13We also observe a statistically significant effect in the first quartile of the CD treatment, but this is driven by

fact that the proportion of withdrawals in market 2 is one in all the rounds in which the five participants rolled-over
in market 1, which makes the standard deviation zero.
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the level of fundamentals, θ2, a Period scalar to account for learning across periods, and we cluster

standard errors at the experimental session level to account for the correlation of observations within

a session.

In columns (1) and (3), we only include the Run M1 variable and find that runs in market 1

increase the proportion of withdrawals in market 2 only in the SD treatment. However, as suggested

by Figure 2, contagion is stronger for higher values of the fundamentals. As such, in columns (2)

and (5) we add interaction terms between the Run M1 variable and dummy variables corresponding

to the third and fourth quartiles of fundamentals. Consistent with Figure 2, we find strong evidence

of contagion in the third quartile of θ2 in both treatments.

Furthermore, the evidence in Table 6 also suggests market 2 fundamentals have a strong impact

on the proportion of withdrawals in this market, with the number of withdrawals decreasing for

higher values of θ2. Notice also that withdrawals tend to be more sensitive to fundamentals in the

CD treatment than in the SD treatment, which would explain the lower statistical power of the

Run M1 variable in the CD treatment. The Period scalar is also significant across all specifications,

suggesting that withdrawals tend to increase in later rounds. Consequently, we control for these

variables in all subsequent tests.

The findings of this sub-section can be summarized as follows:

Result 2 [Contagion at the market level]: In both treatments, a run in market 1 results in

a higher proportion of withdrawals in market 2 as compared to rounds in which all participants

roll-over, especially for higher levels of fundamentals.

The fact that we observe market 1 behavior affecting that in market 2 suggests there is contagion

and supports Hypothesis 2. However, the fact that we find contagion also in the SD treatment,

where wealth changes are small by design, suggests that different mechanisms might be at play

empirically.

In the GP model, changes in wealth together with investor risk aversion are the only mechanisms

that can explain the correlation in the propensity to withdraw across the two markets. However,

in an experimental setting, other channels might matter. For example, Trevino (2020) shows that

participants generally overreact when observing the behavior of others and this can be a source of

contagion in a strategic context. In our experiment, it is also plausible that contagion can arise due

to observing the outcomes of the coordination game in the first market (we shall call this social

imitation channel). This is mainly because the same group of subjects play the two coordination

games sequentially. As such, observing a high proportion of withdrawals or a tendency to coordinate

on the high-payoff equilibrium in the first market can affect the decision in the second market. The

next subsection will show some tests that attempt to disentangle the role of wealth and social

imitation in driving contagion.
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4.4 Channels of Financial Contagion

We provide several tests that aim to isolate the role that changes in wealth play in explaining the

contagion documented in the previous section. We expect market 1 wealth to be significant in the

CD treatment where subjects hold perfectly diversified portfolios in both markets, but matter less

in the SD treatment, where the investment in market 1 represents only 5% of the total investment.

Table 7: Correlations in fundamentals and returns across the two markets

Correlation of fundamentals Correlation of returns
Complete diversification treatment -0.057 0.101***

(0.217) (0.000)
Small diversification treatment -0.012 0.019

(0.796) (0.349)
The p-values of pairwise correlation tests are presented in parentheses. In each treatment,
for fundamentals there are 480 observations, while for returns there are 2,400 observations.

We first examine the correlations in individual returns across the two markets in each treatment.

Table 7 shows that, in spite of the fact that the fundamentals in the two markets are independent

of each other, the returns across markets are positively correlated in the CD treatment while they

are not in the SD treatment. This positive correlation suggests that the wealth in the first market

affects behavior in the second and, as such, the returns on the investment in this market. The

evidence for the CD treatment supports Hypothesis 3:

Result 3 [Correlations of returns]: Despite fundamentals across the two markets being un-

correlated, market 2 returns in the complete diversification treatment exhibit a positive correlation,

while returns are uncorrelated in the small diversification treatment.

Second, we explore whether withdrawals in market 2 are affected by wealth changes in market

1. Figure 3 plots the average proportion of withdrawals in market 2 in cases when there has been a

loss in market 1 versus when there has been no loss in market 1 in each quartile of the fundamentals.

In the CD treatment (Figure 3(a)), we do not observe a statistically significant difference in the

first three quartiles. However, in the last quartile (for θ2 ≥ 110), we find that the proportion

of withdrawals in market 2 is significantly higher when subjects experienced a loss in market 1

compared to when there was no loss (p<0.001). At the same time, in the SD treatment (panel b)

there is no statistically significant difference in the proportion of withdrawals when there has been

a loss versus no loss in market 1 in any quartile.

Recall that experiencing a loss in market 1 does not correspond to a run, as a run implies all

subjects recover their initial investment. So the contagion illustrated in Figure 3 is more likely to

be driven by a wealth effect than by the behavior of others. This can also explain why we observe

statistically significant effects for different ranges of fundamentals in Figure 3 as compared to Figure
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Figure 3: Proportion of withdrawals in market 2 for different returns in market 1
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2. Furthermore, the fact that there are differences in market 2 behavior in the SD treatment when

we compare rounds with runs or no runs (Figure 2), but not when we compare those with losses

or no losses (Figure 3) provides indirect evidence that the contagion effect observed in the SD

treatment is not due to changes in wealth, but due to social imitation.

Furthermore, the patterns in Figure 3 suggest that, in the CD treatment, losses matter for values

of the fundamentals above the theoretical threshold levels computed in Section 2.2. We investigate

if this is the case by splitting the sample at the no-run theoretical threshold, θ∗2 = 99. Figure

4(a) shows that, whenever subjects experience a loss in market 1, there is a significantly higher

proportion of withdrawals in market 2 for values of θ2 above the theoretical threshold (p= 0.03),

but not below it (p=0.65).

Figure 4(b) shows a different exercise for the CD treatment, where we contrast rounds in which

subjects experienced a loss, but the number of withdrawals in market 1 was low (two or less

participants withdrew), with those in which all five participants withdrew in market 1. The figure

shows that, for θ2 > θ∗2 , there is a significantly larger average proportion of withdrawals in the

rounds when subjects experienced a loss as compared to those in which there was a run and all

subjects recovered their original wealth (p=0.02). This suggests that losses matter more than the

behavior of others in driving contagion in the CD treatment.14

To better understand the channels of contagion, we estimate the individual probability of with-

drawing in a series of probit regressions where the dependent variable is a dummy variable equal to

1 if a participant withdrew his/her investment in market 2, and 0 otherwise. Our main independent

variables are two proxies for the wealth effect: (i) the percentage change in market 1 wealth (Wealth

M1) and (ii) interactions between Wealth M1 and the fundamentals, given the non-linear dynamics

suggested by the descriptive statistics above. Across all specifications, we control for the level of

14Figure 8 in the Appendix shows that such differences are not present in the SD treatment (p=0.35 for ranges
of fundamentals where θ2 > θ∗2). However, for θ2 < θ∗2 , rounds with runs in market 1 have a significantly higher
proportion of withdrawals in the second market than rounds with losses, but few withdrawals (p=0.02).
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Figure 4: Market 2 withdrawals for different market 1 outcomes in the Complete Diversification
treatment

0
.2

.4
.6

.8

0
.3

.6
.9

Pr
op

or
tio

n 
of

 w
ith

dr
aw

al
s

θ2<θ2* θ2>θ2*
Ranges of fundamental in Market 2

Loss Market 1 No loss Market 1 95% CI

(a)

0
.2

.4
.6

.8

0
.3

.6
.9

Pr
op

or
tio

n 
of

 w
ith

dr
aw

al
s

θ2<θ2* θ2>θ2*
Ranges of fundamental in Market 2

Loss, Low withdrawal Market 1 Run Market 1 95% CI

(b)

the fundamentals in market 2 (θ2), and individual controls for risk tolerance and loss aversion. We

also include alongside the Period scalar two additional variables aimed at capturing learning effects

across rounds (see also Garratt & Keister 2009, Kiss et al. 2014a). The Run history variable is

defined as the average proportion of runs experienced by a subject in previous periods, while Loss

previous round is a dummy variable indicating whether the subject incurred a loss in the previous

round. We also control for session dummies and cluster errors at the individual level to account for

any correlation across the 20 decisions of each individual.

Columns (1)-(2) and (3)-(4) in Table 8 present our baseline estimations for each treatment,

where we include the change of wealth in market 1 and its interaction with market 2 fundamentals.

We find evidence that wealth matters in the CD treatment, but not in the SD treatment. Moreover,

this wealth effect is non-linear. Figure 5 shows that for low values of θ2, a higher wealth in market

1 makes participants more likely to withdraw, although this effect is not statistically significant.

However, for larger values of the fundamentals, higher wealth has a statistically significant negative

effect on the propensity to withdraw.15

The importance of market 1 wealth in the CD treatment is confirmed in Column (2) that also

controls for the proportions of withdrawals in market 1 (M1 withdrawals). The interaction term

Wealth M1×θ2 remains strongly significant even after accounting for the proportion of withdrawals.

This is due to the fact that market 1 wealth and proportion of withdrawals are not perfectly

correlated, as low wealth can also be the result of low fundamentals and a small proportion of

withdrawals (as shown in Figure 4 (b)). This underlines once more the importance of losses in

driving the wealth effect empirically. Table 9 in the Appendix confirms this role of losses by

replacing the wealth change in market 1 with a dummy variable that equals 1 if a loss was incurred

in the first market. Again, we find that experiencing a loss increases the probability of withdrawing

15Figure 9 in the Appendix shows that no such statistically significant effects are present in the SD treatment.
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Table 8: Wealth effects in the individual probability of withdrawing in market 2

Complete diversification Small diversification
(1) (2) (3) (4) (5) (6)

Wealth M1 0.560*** 0.453** 0.006 0.308 0.280 -0.071
(0.176) (0.182) (0.070) (0.250) (0.246) (0.078)

Wealth M1 × θ2 -0.006*** -0.006*** -0.002 -0.002
(0.002) (0.002) (0.001) (0.001)

Wealth M1 × θ2 > θ∗2 -0.219*** -0.083
(0.075) (0.174)

θ2 -0.039*** -0.039*** -0.039*** -0.016*** -0.016*** -0.016***
(0.003) (0.003) (0.003) (0.001) (0.001) (0.001)

M1 withdrawals -0.402*** -0.399*** -0.088 -0.092
(0.145) (0.145) (0.160) (0.159)

Period 0.027*** 0.028*** 0.028*** 0.011 0.010 0.011
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)

Run history 0.861** 1.182*** 1.170*** 1.537*** 1.605*** 1.613***
(0.428) (0.432) (0.427) (0.376) (0.394) (0.394)

Loss previous round -0.144 -0.136 -0.130 -0.038 -0.034 -0.030
(0.124) (0.126) (0.125) (0.118) (0.119) (0.119)

Risk aversion 0.192* 0.197* 0.194* 0.186 0.186 0.185
(0.105) (0.107) (0.106) (0.157) (0.157) (0.157)

Loss aversion -0.063 -0.069 -0.066 -0.269* -0.269* -0.273*
(0.112) (0.114) (0.113) (0.150) (0.151) (0.150)

Constant 3.169*** -1.705*** 3.342*** -1.051*** -1.039*** -1.045***
(0.302) (0.343) (0.314) (0.380) (0.261) (0.262)

Observations 2,400 2,400 2,400 2,400 2,400 2,400
Number of subjects 120 120 120 120 120 120
The table presents panel probit estimations where the dependent variable is a dummy variable equal
1 if an individual withdrew in market 2. θ2 is the fundamentals in market 2. θ2 > θ∗2 is a dummy
variable equal to 1 for values of the fundamentals above the theoretical threshold (θ∗2 = 99 in the
CD treatment and θ∗2 = 241). Market 1 withdrawals is the proportion of withdrawals in market 1.
Period is a scalar for the 20 experimental rounds. Risk/Loss aversion are dummy variables equal to
1 if the participant was classified as risk/loss averse in the post experiment questionnaire. Session
dummies are included, but not reported. Standard errors are clustered at the individual level. ***
, ** and * denotes significance at the 1%, 5% and 10% levels.

for higher values of the fundamentals.16

Furthermore, in columns (3) and (6) of Table 8, we interact wealth with a dummy taking the

value 1 for fundamentals above the equilibrium cut-off (Wealth M1 × θ2 > θ∗2). This interaction

term is significant in the CD treatment suggesting that, for values of the fundamentals where the

optimal strategy is to roll-over, market 1 wealth lowers the propensity of withdrawing in market 2.

Additionally, results in Table 8 also suggest that risk averse participants have a higher probability

of withdrawing, although the coefficient is only significant in the CD treatment, while loss aversion

is statistically significant only in the SD treatment, but with the opposite expected sign.17 The

16Results in Table 8 are also robust to different specifications of changes in wealth, such as replacing the change
in wealth in market 1 by the total change in wealth of an investor’s portfolio. We present the results of the change
in wealth in market 1 since these are more conservative and equivalent in the two treatments.

17In unreported results, we also control for gender. We find that women are less likely to withdraw in both
treatments. While women are generally characterized as more risk averse, previous research also finds mixed evidence
regarding the role of gender in coordination games such as bank runs. For instance, Kiss et al. (2014b) find no evidence
that women panic more than men, while Dijk (2017) shows that gender differences can arise in some circumstances
(mainly related to fear).
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Figure 5: Average marginal effects of wealth in market 1 on market 2 withdrawals for the CD
treatment
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Run history variable is also statistically significant, suggesting subjects that have experienced more

runs in previous periods are more likely to withdraw. On the other hand, the variable Loss Previous

round is not statistically significant.

The evidence presented so far can be summarized as follows:

Result 4 [Wealth effect across treatments]: In the complete diversification treatment, changes

in market 1 wealth have a statistically significant impact on the probability of withdrawing the in-

vestment in market 2 for values of fundamentals above the theoretical threshold. However, the

wealth effect is not statistically significant in the small diversification treatment.

Result 4 provides support for Hypothesis 4 that the wealth effect is an important driver of contagion

in the CD treatment, where changes in wealth are larger by design in relation to the SD treatment.

Another result that emerges from our analysis is as follows:

Result 5 [Determinants of the wealth effect]: In the complete diversification treatment, the

wealth effect depends non-linearly on the level of fundamentals. It is strongest for higher levels of

fundamentals, where a lower wealth or experiencing a loss in market 1 leads to a significant increase

in the propensity to withdraw in market 2.

Result 5 is in line with GP’s model of financial contagion, albeit we observe a wealth effect for a

larger range of fundamentals than suggested by the theoretical model. Moreover, the strong effect

we observe for losses suggests behavior could be in line with prospect theory (Tversky & Kahneman

1979).
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Figure 6: Isolating the role of wealth and social imitation in driving contagion: subsample analysis
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Figure shows the regression coefficients of sub-sample probit models where the dependent variable is a dummy equal
1 if a subject withdrew in market 2 and zero otherwise. Sub-samples correspond to rounds where the outcome in
market 1 is restricted to rounds where: (1) two or less of the other participants withdrew in market 1; (2) one or less
of the other participants withdrew in market 1; (3) the subject made a loss in market 1; (4) the subject made a gain
in market 1; (5) the subject withdrew and recovered the initial investment in market 1; (6) the subject withdrew in
market 1, but others gained on average. 95% confidence intervals are shown.

Our analysis so far suggests financial contagion is present in both treatments, but wealth only

explains contagion in the CD treatment. It is possible, however, that social imitation is an important

driver of contagion in both treatments. As wealth and strategic behavior are correlated by design,

we cannot perfectly quantify the contribution of each of these two channels. To further disentangle

the role of the wealth effect from social imitation in driving contagion, we conduct a series of

regressions on rounds where the outcome of market 1 allows us to isolate as much as possible one

of the channels in order to gauge the importance of the other.

Specifically, Figure 6 shows the coefficient estimates of several probit models where the depen-

dent variable is 1 if an individual withdrew, and 0 otherwise, while the main independent variables

are either the return in market 1 (wealth channel) or the proportion of other subjects withdrawing

in market 1 (social imitation channel). All regressions are estimated on the subsample of funda-

mentals above the theoretical threshold, where we find evidence of contagion, and we control for

the same covariates as in Table 8. Refer to Table 10 in the Appendix for the details.

We first isolate the impact of wealth on financial contagion by restricting the sample to rounds in

which the proportion of others withdrawing is small, and hence social imitation should be limited.

Namely, we look at how wealth in market 1 affects the propensity to withdraw in market 2 when two

or less (first regression coefficient in Figure 6) or one or less (second regression coefficient) subjects

withdraw in market 1. We find that a lower wealth in market 1 is still associated with a higher

probability to withdraw even when social imitation is limited in the CD treatment (Figure 6 (a)),

but not the SD treatment (Figure 6 (b)). This suggest that the wealth effect is distinct from that

of social contagion in the CD treatment.
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To isolate the social immitation channel and close down the wealth channel, we focus on rounds

where market 1 returns are similar, i.e., rounds in which subjects either experienced a loss, a gain

or zero return in the first market. We find that in rounds where a subject experienced a gain or

a loss, the proportion of others withdrawing in market 1 is not statistically significant in the CD

treatment (regression coefficients three and four in Figure 6 (a)). Thus, when the wealth in market

1 changes, the behavior of others matters less in the CD treatment, suggesting that the wealth

effect is stronger than social imitation in this treatment. In the SD treatment, the opposite occurs.

In rounds where (small) losses are experienced, we find that the proportion of others withdrawing

in market 1 is positively related to the propensity to withdraw in market 2.18 This result provides

evidence that social imitation is more important in the SD treatment.

Finally, we analyze how the behavior of others in market 1 impacts decisions in market 2 in

rounds where the wealth in market 1 does not change (regression five in Figure 6 (a) and four

in Figure 6 (b)). In the CD treatment, we find a significant impact of the proportion of others

withdrawing with a negative sign. This suggests that a lower proportion of withdrawals in market

1 actually increases the probability to withdraw in market 2. While this might appear counter-

intuitive, we find that this effect is driven by rounds in which the other participants who rolled-over

made a gain on average (regression six). We conjecture that this behavior, i.e., when a subject acts

against the market, might have been be driven by regret (see, for example, Cooper & Rege 2011).

In the SD treatment, we find a similar effect, but the coefficients are not robustly estimated. This

would indicate that social imitation in the SD treatment matters, when there are losses but not

otherwise. We summarize these findings as follows:

Result 6 [Channels of financial contagion]: In markets with perfectly diversified portfolios,

the wealth effect is present and distinct from contagion that results from social imitation. When

portfolio diversification is small, financial contagion is not driven by changes in wealth, however,

the behavior of others in the first market affects decisions in the second market.

Notice that in the GP model the only channel of financial contagion is the wealth effect. However,

in our experiment, we find that social imitation is also an important channel of financial contagion.

Our results indicate that the behavior of others is relevant when portfolio diversification is small, but

also in the complete diversification treatment in rounds when the subject’s wealth has not changed

but others have gained, perhaps motivated by regret. These behavioural factors complement the

wealth channel as drivers of financial contagion and depend on portfolio diversification and the

behavior of other investors.

18We could not represent the coefficient for gains in the SD treatment since there are not enough observations in
this subsample to perform the estimation.
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5 Conclusions

This paper presents the first laboratory experiment that tests the importance of the wealth effect

as a channel for financial contagion. Specifically, we analyze the sequential decisions of the same

group of investors in two markets that have independent fundamentals. Investors have incomplete

information about fundamentals in each market and receive private signals. We use the global games

solution of Goldstein & Pauzner (2004) as a benchmark that shows how a coordination failure in

one market can be the result of a coordination failure in another market. This is due to a wealth

effect: a crisis in one market reduces investors’ wealth, making them more likely to withdraw their

investment in the second market. In our experiment, we design two treatments that differ in the

distribution of wealth in the two markets, to study the extent to which the wealth effect is a source

for financial contagion as compared to other potential channels, such as social imitation.

We find evidence of financial contagion across markets with unrelated fundamentals in both

treatments when fundamentals are high, but not when they are low. Our results indicate that this

observed financial contagion is due to a wealth effect when investors have completely diversified

portfolios and not when there is a small degree of portfolio diversification. In addition, when in-

vestors have perfectly diversified portfolios, the wealth effect depends non-linearly on fundamentals

and is stronger for higher levels of fundamentals, where experiencing a loss in the first market sig-

nificantly increases the probability to withdraw in the second. Moreover, when we focus on rounds

where losses were experienced in the first market, we find that the behavior of others does not mat-

ter in the complete diversification treatment, suggesting the wealth effect is important and distinct

from that of social imitation in this treatment. However, in the small diversification treatment, the

behavior of others still explains contagion, even in rounds where losses are observed. This suggests

social imitation is more important in explaining financial contagion in this treatment.

Our results highlight the wealth effect as an important driver of financial contagion in situations

where a common group of investors holds diversified portfolios across two markets. Understanding

the main channels of financial contagion is crucial in designing policies to limit the effects of these

episodes on the wider economy. Take for example, the case of government debt crises. The policies

designed to prevent contagion due to social imitation among government debt holders might differ

from those that address contagion due to wealth effects. If, as our results suggest, wealth plays an

important role in portfolio decisions, then understanding the nature of the balance sheet constraints

of government debt holders is crucial in understanding how contagion will spread.
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Appendix: Additional results and robustness tests

The following figure complements Figure 2 in Section 4.3.

Figure 7: Contagion across the two markets: small versus large proportion of withdrawals
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(b) Small diversification

The following figure complements Figure 4(b) in Section 4.4.

Figure 8: Proportion of withdrawals in market 2 for different returns in market 1 for the SD
treatment
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The following two figures complement the analysis presented in Section 4.4, Table 8 columns (2)

and (5) for the CD and SD treatments, respectively.
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Figure 9: Average marginal effects of wealth in market 1 on market 2 withdrawals for the SD
treatment
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95% confidence intervals are shown.

The following table complements the analysis presented in Section 4.4, Table 8.
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Table 9: Market 1 losses and the individual probability of withdrawing in market 2

Complete diversification Small diversification
(1) (2) (3) (4)

Loss M1 -0.924** -0.936** -0.102 -0.118
(0.363) (0.364) (0.306) (0.316)

Loss M1× θ2 0.012*** 0.012*** -0.000 -0.000
(0.004) (0.004) (0.002) (0.002)

Market 1 withdrawals -0.134 -0.082
(0.089) (0.148)

θ2 -0.042*** -0.042*** -0.015*** -0.015***
(0.003) (0.003) (0.001) (0.001)

Period 0.030*** 0.029*** 0.011 0.011
(0.009) (0.009) (0.009) (0.009)

Run history 1.015** 1.151*** 1.431*** 1.476***
(0.433) (0.435) (0.382) (0.394)

Loss previous round -0.110 -0.111 -0.040 -0.036
(0.126) (0.126) (0.117) (0.117)

Risk aversion 0.172 0.172 0.179 0.179
(0.106) (0.105) (0.153) (0.153)

Loss aversion -0.074 -0.074 -0.272* -0.272*
(0.113) (0.114) (0.147) (0.147)

Constant 3.415*** -1.720*** 3.291*** 3.339***
(0.355) (0.355) (0.266) (0.266)

Observations 2,400 2,400 2,400 2,400
Number of subjects 120 120 120 120
The table presents panel probit estimations where the dependent variable is a
dummy variable equal to 1 if an individual withdrew in market 2. Loss M1
is a dummy equal to 1 if an individual experienced a loss in market 1. θ2
is the fundamentals in market 2. Period is a scalar for the 20 experimental
rounds. Risk/Loss aversion are dummy variables equal to 1 if the participant
was classified as risk/loss averse in the post experiment questionnaire. Session
dummies are included, but not reported. Standard errors are clustered at the
individual level. *** , ** and * denotes significance at the 1%, 5% and 10%
levels.

The following table complements the analysis presented in Section 4.4, Figure 6.
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Table 10: Subsample analysis

Complete diversification Small diversification
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Wealth M1 -0.165** -0.197** 0.306 -0.933
(0.073) (0.085) (0.300) (1.075)

Withdrawals M1 0.038 -0.070 -0.290*** -0.469*** 0.547** -0.175* -0.169
(0.302) (0.372) (0.074) (0.139) (0.262) (0.103) (0.241)

θ2 -0.048*** -0.046*** -0.007 -0.058*** -0.061*** -0.059*** -0.023* -0.103* -0.006 -0.027*** -0.030**
(0.008) (0.009) (0.016) (0.016) (0.008) (0.014) (0.014) (0.059) (0.007) (0.007) (0.012)

Period -0.032 -0.061** -0.036 -0.064* -0.010 0.042 0.022 -0.516* -0.045 -0.104*** -0.130**
(0.023) (0.026) (0.069) (0.033) (0.018) (0.033) (0.059) (0.309) (0.054) (0.029) (0.053)

Run history 1.790** 3.171*** 5.233 3.340*** 0.909 0.973 -3.483* 3.379 -0.742 0.112 0.823
(0.894) (0.963) (3.191) (1.251) (0.943) (1.462) (1.899) (7.316) (1.992) (1.101) (1.737)

Loss previous round -0.167 -0.058 0.185 -0.331 -0.510 -0.338 0.792 -0.342 -0.611
(0.296) (0.306) (0.423) (0.265) (0.440) (0.687) (2.512) (0.384) (0.708)

Risk aversion 0.129 0.092 0.030 0.237 0.191 0.482 1.258* 2.086 1.030* 0.444 0.997*
(0.233) (0.241) (0.543) (0.297) (0.211) (0.332) (0.716) (2.361) (0.538) (0.338) (0.518)

Loss aversion -0.316 -0.419* -0.424 -0.135 -0.312 -0.776** 1.344 3.440 -0.409 0.082 0.511
(0.233) (0.251) (0.658) (0.313) (0.245) (0.347) (0.829) (2.420) (0.473) (0.318) (0.475)

Constant -1.063 -1.531 -0.033 5.865*** -0.385 -0.700 0.009 27.562* -13.353 -0.015 9.578***
(0.759) (1.025) (2.159) (1.939) (0.400) (0.711) (1.655) (1.505) (0.000) (2.079) (2.990)

Observations 349 289 53 211 569 159 106 64 46 451 125
The table presents panel probit estimations where the dependent variable is a dummy variable equal to 1 if an individual withdrew in market 2.
Columns (1) and (7) correspond to rounds where two or less of the other participants withdrew in market 1; (2) and (8) to rounds where one
or less of the other participants withdrew in market 1; (3) and (9) to rounds where the subject made a loss in market 1; (4) to rounds where
the subject made a gain in market 1; (5) and (10) to rounds where the subject withdrew and recovered the initial investment in market 1; (6)
and (11) to rounds where the subject withdrew in market 1, but others gained on average. Period is a scalar for the 20 experimental rounds.
Risk/Loss aversion are dummy variables equal to 1 if the participant was classified as risk/loss averse in the post experiment questionnaire.
Session dummies are included, but not reported. Standard errors are clustered at the individual level. *** , ** and * denotes significance at the
1%, 5% and 10% levels.
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