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ABSTRACT 

 Information asymmetries are an important driver of many economic phenomena. The 

uncertainty that arises from them puts even theoretically rational agents at a distinct disadvantage 

which can cause less efficient outcomes. In the lab, information asymmetries can cause further 

problems by increasing the cognitive load for subjects substantially. However, many interactions 

take place between a more informed party and a less informed party. Thus, it is important to 

study asymmetric information, and the institutions in which they arise, to inform policy on ways 

to mitigate them. 

 A commonly proposed solution is information transfer. By allowing agents to voluntarily 

share private information, they are given a chance to create a perfect information environment in 

which these problems from asymmetric information no longer exist. In this dissertation, I run 

three experiments testing asymmetric information and information sharing in the contexts of a 

Cournot Oligopoly, Final-Offer Arbitration, and a conventional arbitration game. In the first two, 

agents are given the ability to share private information explicitly, and I am interested in their 

incentives to do so as well as in how sharing that information affects outcomes. In the third 

paper, I study the cognitive load of asymmetric information by having subjects switch roles in an 

attempt to help them better understand their opponent's position. Overall, the sharing of private 

information is often a good thing for the parties involved, though the specific timing and 

underlying assumptions of the theoretical model matter. 

Overall, I find that subjects in experiments do recognize the incentives to share 

information when given the chance, though not as well as predicted by theory. When they do 
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share in situations where it theoretically is beneficial to do so, they are rewarded. However, 

asymmetric information remains a difficult obstacle to overcome. Subjects have difficulty 

correctly assessing the position of their opponents, and many fail to see the benefits of sharing 

information. 
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1. INTRODUCTION 

 Information asymmetries arise frequently in everyday life. They can often be the cause of 

inefficiencies, as people are forced to make guesses about their situations. Thus, it is important to 

understand how they affect people’s behavior so that we can inform policy on how to remedy the 

inefficiencies caused by asymmetric information. 

 This dissertation consists of three essays which analyze asymmetric information in an 

experimental setting. The first two essays allow for explicit transfers of information as a possible 

remedy for the inefficiencies caused by the asymmetry, while the third essay explores role 

switching in a context in which information can only be shared through an indirect channel. The 

goal of this research is to test whether people will recognize opportunities to share information, 

and to see if sharing information does lead to better outcomes.  

The first essay is an analysis of a Cournot Duopoly in an experimental setting with a 

private capacity constraint and the ability to share information about it. Information sharing 

between firms can have significant effects on the welfare of consumers, and is thus monitored by 

the U.S. government. This study was particularly inspired by the lysine price-fixing scandal by 

Archer Daniels Midland (ADM). Part of ADM’s strategy to break into the Japanese-dominated 

lysine market was to build an enormous factory and show it to the executives of the established 

lysine-producing firms. In doing so, ADM hoped to bully them into coming to an agreement on 

price-fixing. I interpret sharing information about production capacity as a factory tour, similar 

to ADM’s, and study the effects it has on the output of the firms involved. I find that the 

theoretical effects of information sharing depend on the characteristics of the firms, in particular



2 

 

how much capacity they have. Experimental evidence presented in this essay largely confirm 

these theoretical predictions. 

The second essay is a look at the timing of information revelation in the context of Final 

Offer Arbitration (FOA). FOA is a dispute resolution mechanism in which, unlike conventional 

arbitration, the parties involved in the arbitration have direct influence over the outcome. In this 

model, disputants are given the opportunity to settle before arbitration in order to not incur the 

fees associated with it. However, information asymmetries lead to disputants often not settling, 

and information disclosure is a possible solution, as found theoretically by Farmer and Pecorino 

(2003). The timing of information disclosure is crucial, and it has large implications about the 

likelihood of settlement outside of arbitration. I test the theory experimentally and find that 

subjects do reveal information when incentivized to do so, but not at the predicted rate. 

Moreover, information disclosure does lead to higher settlement rates. 

The third essay is a slight departure from the first two, as explicit transfers of information 

are not available. Instead, disputants in a claim over a transfer of wealth must decide how much 

wealth will be transferred. If they cannot come to an agreement, they go to trial. One party is 

informed about how that trial will go, and that party makes a settlement offer to the other party 

before trial. That offer is a signal to the uninformed party, albeit an imperfect one. The main 

motivation for this paper comes from a pretrial bargaining signaling game by Pecorino and Van 

Boening (2018), in which they found four instances of anomalous behavior: when the informed 

party knew they did not have a strong case at trial, they did not bluff effectively; the informed 

party would often make settlement offers that did not make sense; the uninformed party would 

often accept those offers; and there were excess disputes. In this essay, I run an experiment in the 
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context of this game and have subjects switch roles as a possible solution to these anomalies. I 

find that role switching has a mixed effect on these outcomes.  

 



2. INFORMATION SHARING AND CONSUMER WELFARE: EXPERIMENTAL

EVIDENCE

ABSTRACT

Information sharing between firms can have significant effects on the well-being of con-

sumers. This paper looks at firms with private information about their production capacity and

the ability to share it. We look primarily at how allowing information sharing between firms

affects consumer welfare. We find that, theoretically, allowing information sharing may in-

crease or decrease consumer welfare depending on the characteristics of the firms. We also

find strong experimental evidence supporting our theoretical results.

1. INTRODUCTION

In this paper, we study the behavior of firms with private information and the ability to

share it. We develop a simple Cournot Duopoly model to make theoretical predictions about

behavior. We then test those predictions in an experiment.

The motivation for this paper comes from a real life example: the lysine price-fixing con-

spiracy involving Archer Daniels Midland (ADM). ADM is an American corporation involved

in food processing and commodity manufacturing. In the early 1990s, ADM entered the lysine

market. Until then, the market was dominated by Japanese corporations, and ADM needed to

find a way to break into the business. While the conspiracy ultimately involved more direct

forms of collusion, it began with one important decision from ADM: create a massive lysine

manufacturing plant capable of flooding the market. ADM then gave tours of this plant to its

major competitors to intimidate them into negotiating. The following lines from The Informant,
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a nonfiction book that describes the lysine price-fixing conspiracy, summarize ADM’s in-

tentions:

“Until ADM came along, the Japanese largely controlled the market... Start-up costs
alone kept out potential competitors... But ADM abounded in cash; it had already
invested more than $150 million in the new business. Now, the world’s largest lysine
plant was in Decatur, ready to produce as much as 113,000 metric tons a year.”
“The visitors today expected to hear about the company’s might; they knew that
ADM’s invitation to visit was partly for the purpose of scaring them.”
“The Ajinomoto executives hesitated, awed. In front of them was a plant unlike any
they had ever seen, a vast acreage of fermenters.”

ADM had a very large capacity that it wanted competitors to know about, so this story is

a prime example of firms sharing information in order to manipulate the market. While ADM

went on to price-fix, we focus on this entry into the lysine business. Long before price nego-

tiations began, ADM had already shared information about its capacity in an attempt to influ-

ence the output decisions of its competitors.

These attempts at manipulation have meaningful impacts on market outcomes, and exam-

ples of firms exchanging information in the real world abound1. There are a number of papers

that attempt to explain the incentives for and determine the consequences of information shar-

ing.2 However, none have sought experimental evidence as of the writing of this paper.

To study these impacts, our model includes an informational asymmetry: a privately known

capacity constraint for the entrant firm in our Cournot Duopoly. We then compare this model

with an identical one in which the entrant is allowed to reveal its capacity to an incumbent.3

In line with the story mentioned above, we find theoretical evidence that certain types of

firms have strong incentives to reveal this private information. Furthermore, this revelation of

capacity has large effects on the output choices of both firms, which in turn affect consumer

welfare. In particular, we find that an entrant firm with a large capacity will always have an
1See U.S. v. Container Corp, American Column & Lumber Co. v. U.S., U.S. v. American Linseed Oil Co., etc.

for further examples of information sharing behavior.
2See Raith (1996) for a general model based on previous literature.
3Others have looked at different kinds of private information. See Novsheck and Sonnenschein (1982), Clarke

(1983), and Vives (1984) for models with private demand information. See Shapiro (1986) for private cost.
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incentive to reveal it while low capacity firms may have an incentive to hide it. Understanding

these incentives, the incumbent firm can glean capacity information about the entrant even if a

tour never takes place. This leads to the following main results of this paper:

1. When the entrant firm has a small capacity, allowing information sharing increases con-

sumer welfare.

2. When the entrant firm has a large capacity, allowing information sharing decreases con-

sumer welfare.

The experimental data backs up these theoretical claims. First, revelation of capacity is

shown to be substantially higher for large capacity entrants than for low capacity entrants. Sec-

ond, output decisions were near predicted values. Finally, the consumer welfare comparative

statics listed above are shown to hold in the data at a high level of significance.

2. THEORETICAL PREDICTIONS

In this section we describe two games. The first is a Cournot Duopoly where one firm has

unknown capacity. We call this the Unknown Capacity Game (UCG). The second model is the

same as the first with an added capacity revelation step. We call this the Capacity Revelation

Game (CRG). We derive the equilibrium predictions for each game and evaluate the conse-

quences capacity revelation has on consumer welfare. These theoretical results form the basis

of our experimental predictions.

2.1. UNKNOWN CAPACITY GAME

We first consider a simple oligopoly market with two firms: Firm A and Firm B. Firm A

is an entrant into the market whose capacity, from the perspective of the incumbent Firm B, is

uncertain. In contrast, Firm B is an established firm whose capacity is large and known to all.

In this market, the firms simultaneously produce a homogeneous product at zero marginal cost.

Specifically, firm i produces output qi ∈
[
0, Q̄i

]
, where Q̄i is i’s capacity. The market price for

the firms’ output is determined by the demand function:

P (Q) = a− bQ (1)

6



where Q = qA + qB is the market output.

Firm B’s capacity Q̄B is known to all and equal to the monopoly level of output in the

market, QH = a
2b

. Firm A’s capacity is known only to A and can take on one of two values:

Q̄A =

 QL with probability p

QH with probability 1-p

where 0 < QL < a
3b

4 and p ∈ [0, 1] is B’s commonly known belief about A’s capacity. Because

a
3b

is the equilibrium output in a complete information Cournot Oligopoly, we refer to A as

constrained if Q̄A = QL and unconstrained if Q̄A = QH .

2.2. CAPACITY REVELATION GAME

The Capacity Revelation Game is exactly like the Unknown Capacity Game with one

added step. Now A has the option to reveal its capacity Q̄A before output decisions are made.5

The timing of the game is then as follows:

First, A learns its capacity. Second, A is given the option to reveal its capacity to B. If A

chooses to reveal Q̄A, then it becomes known to B. Otherwise, it remains private information.

Finally, after this decision, both firms simultaneously choose a level of output.

2.3. EQUILIBRIUM PREDICTIONS

2.3.1.UCG EQUILIBRIUM

In the UCG, firms make simultaneous decisions and no information sharing is allowed.

There is a unique equilibrium which may be found by examining the firms’ best responses.

First, consider Firm A. Denote A’s output choice qLA when constrained and qHA when un-

constrained. There is no uncertainty about B’s capacity, therefore, A’s best response problem is

to choose qjA ∈ [0, Q̄A] to maximize

qjA(a− bQ) (2)

4This could be modeled such that Q̄A is a number within a continuous range rather than binary, but capacity only
matters at this threshold.

5See Richter 2013 for the case in which all firms have private information about their own capacity.
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where j = H,L.

If the solution qj∗A is in the interior of [0, Q̄A] then the best response is a−bqB
2b

. Otherwise,

A best responds by producing at either capacity Q̄A or 0. Therefore A’s best response is

q∗A(qB) =

 max{0, a−bqB
2b
} if a−bqB

2b
< Q̄A

Q̄A otherwise
(3)

Next, consider B’s problem. A’s capacity is unknown. Firm B’s best response problem is to

choose qB ∈ [0, Q̄B] to maximize expected profit:

qB(a− b(pqLA + (1− p)qHA + qB)) (4)

which yields B’s best response:

q∗B(qA) = max{0, a
2b
− 1

2
(pqLA + (1− p)qHA )} (5)

The equilibrium is a triple (qLA, q
H
A , qB) that satisfies the following system of equations:

qB = max{0, a
2b
− 1

2
(pqLA + (1− p)qHA )} (6)

qHA =

 max{0, a−bqB
2b
} if a−bqB

2b
< Q̄A

Q̄A otherwise
(7)

qLA =

 max{0, a−bqB
2b
} if a−bqB

2b
< Q̄A

Q̄A otherwise
(8)

Claim 1 The unique solution to the system above is the Bayes-Nash Equilibrium of the

UCG and is

qLA = QL (9)

qHA =
a

2b
− 1

2
(
a(1 + p)− 2bpQL

b(3 + p)
) (10)
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qB =
a(1 + p)− 2bpQL

b(3 + p)
(11)

Proof. A high capacity Firm A never produces more than QH . therefore, qHA (qB) = max{0, a−bqB
2b
}.

Second,

qLA = min

{
a−bqB

2b
, QL

}
(12)

We now show that a constrained Firm A must choose QL in equilibrium by contradic-

tion. Suppose that in equilibrium qB is sufficiently large so that QL is not binding. Then both

types of Firm A produce the same output in equilibrium since they have the same best re-

sponse equation. It follows that the equilibrium output in such a case is the Cournot output.

However, the Cournot output is a
3b

, which exceeds QL. This is a contradiction. Therefore QL

must be binding in equilibrium. Since qB < a
b
, it is clear as well that in equilibrium all firms

must produce a strictly positive output. We have the reduced system

qB =
a

2b
− 1

2
(pqLA + (1− p)qHA ) (13)

qHA =
a− bqB

2b
(14)

qLA = QL (15)

which produces the solution

qB =
a(1 + p)− 2bpQL

b(3 + p)
(16)

qHA =
a

2b
− 1

2
(
a(1 + p)− 2bpQL

b(3 + p)
) (17)

qLA = QL (18)
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2.3.2. CRG EQUILIBRIUM

The CRG has an additional stage: capacity revelation. This changes the firms’ strategies.

Firm A makes a revelation choice and output choice for each possible capacity. Firm B makes

an output choice for each information set. To characterize the equilibria, we must determine

under what conditions it is in A’s interest to reveal his capacity.

After the capacity revelation step, each firm simultaneously chooses their output. Firm A

always has complete information, so his strategic problem after the revelation step is the same

as in the UCG.

Firm B, on the other hand, may be informed about A’s capacity. It is useful to consider

the two different situations in which Firm B could find himself: informed or uninformed.

If B is informed, then, in equilibrium, he will naturally best respond to either qLA or qHA .

Denote B’s output when facing a constrained Firm A by qLB and B’s output when facing an un-

constrained Firm A by qHB . Denote A’s output when constrained and revealing by qLRA and A’s

output when unconstrained and revealing by qHR
A . Equilibrium perfection requires the output

choices of the firms when B is informed to be an equilibrium of the subgame. There are two

such subgames: one for constrained Firm A and one for unconstrained Firm A. The equilibria

for these subgames are easily seen to be (qLRA , qLB) and (qHR
A , qHB ), respectively, where:

qLRA = QL (19)

qLB =
a− bQL

2b
(20)

qHR
A =

a

3b
(21)

qHB =
a

3b
(22)

If B is uninformed, he must form a belief about whether A is constrained based on his

knowledge of A’s strategy. We denote A’s output when he is constrained and not revealing by

qLNA and A’s output when unconstrained and not revealing by qHR
A . Suppose B’s beliefs about

10



A’s output decision are:

qA =

 qLNA with probability r

qHN
A with probability 1− r

(23)

Sequential rationality requires B to choose qUB ∈ [0, Q̄B] to maximize expected profit:

[a− b(rqLNA + (1− r)qHN
A )− bqUB ]qUB (24)

Therefore, the equilibrium of the subgame is a unique triple (qLNA , qHN
A , qUB) that solves

this system:

qUB =
a(1 + r)− 2brQL

b(3 + r)
(25)

qHN
A =

a

2b
− 1

2
(
a(1 + r)− 2brQL

b(3 + r)
) (26)

qLNA = QL (27)

Note that this is equivalent to the UCG when r = p.

Now that we know how the firms will behave in the Oligopoly game, we can focus on

A’s choice to reveal or not given his capacity and B’s beliefs. We only look at pure strategies

for A, so A has four possible choices: Always Reveal (R,R), Never Reveal (N,N), Reveal

When Constrained (R,N), and Reveal When Unconstrained (N,R). Each information plan

determines whether B is informed or uninformed. In order to compare the choices, we need

to know the profits that A faces. These profits are affected by whether or not B is informed of

A’s capacity, so we account for both cases.

To evaluate each choice, we check to see if A wants to deviate. However, we must notice

something important about A’s choices: (R,R), (R,N), and (N,R) are informationally equiv-

alent to each other. They all lead to a complete information Cournot Oligopoly game. This is

because, though B may technically be uninformed, under (R,N) and (N,R) information about

11



A’s capacity is pinned down by the strategy. A’s choice to reveal or not directly indicates his

capacity. Under (N,R), if A does not reveal his capacity, B knows A is constrained, so he

will set his beliefs accordingly (r = 1). Likewise, if A does not reveal his capacity under the

(R,N) case, B knows A is unconstrained. This means that (R,R), (R,N), and (N,R) are all

cases in which B is informed and only (N,N) involves any uncertainty on B’s part.

Claim 2 A strategy profile containing (N,N) is not part of a Perfect Bayesian Nash Equilib-

rium.

Proof. For this, we need to know what A’s profits would be under (N,N). These profits are

listed in Table 1.

Table 1: A’s Profits Under (N,N)

Constrained (N)
2aQL−b(3−r)Q2

L

3+r

Not Constrained (N) (a+rbQL)
2

b(3+r)2

First, note that r = p here, so this outcome is identical to the UCG. If A is unconstrained,

he will want to deviate by revealing. To see this, We must compare A’s profit in each case.

Since revealing capacity changes the Oligopoly game to have complete information, A wanting

to deviate to reveal requires:
a2

9b
>

(a + pbQL)2

b(3 + p)2
(28)

This inequality holds if p(3bQL−a) < 0. Since p > 0 by definition, we need (3bQL−a) <

0, or QL < a
3b

. Therefore, firm A would want to deviate in this case, so (N,N) cannot lead to

an equilibrium.

Claim 3 A strategy profile containing (R,N) is not part of a Perfect Bayesian Nash Equilib-

rium.

Proof. Firm A wants to deviate if he is constrained. By switching from R to N when con-

strained, A can achieve the case in which B is uninformed. Because of A’s strategy, when B

12



sees N he assumes with probability 1 that A is unconstrained (r = 0). Therefore, B will re-

duce his output from qLB to qHB . Constrained Firm A prefers this if his new profit is higher:

2

3
aQL + bQ2

L >
aQL − bQ2

L

2
(29)

This inequality holds when QL(a+9bQL) > 0. Since (QL, a, b) > 0, this holds. Therefore,

(R,N) cannot be part of a Perfect Bayesian Nash Equilibrium.

We have now established that constrained Firm A prefers the uninformed Firm B case

while unconstrained Firm A prefers the informed Firm B case. This leads directly to the fol-

lowing claim.

Claim 4 Both (R,R) and (N,R) will be part of a strategy profile in a Perfect Bayesian Nash

Equilibrium.

Proof. Under (N,R), A has no incentive to change behavior for either case. Unconstrained

A prefers an informed B, and constrained A prefers an uninformed B but cannot achieve it

by revealing. Under (R,R), again unconstrained A does not want to deviate. Constrained A

could deviate, so we need to formulate B’s belief off the equilibrium path. If B believes A is

constrained with probability 1 when he sees N while under (R,R), A’s profit will not change.

This removes the incentive for A to switch. Therefore, (N,R) and (R,R) will both be part of

a Perfect Bayesian Nash Equilibrium.

Table 2: The (R,R) Equilibrium

Firm A Strategy (R,R) and qLRA = QL, qHR
A = a

3b

Firm B Strategy qLB = a−bQL

2b
, qHB = a

3b
, r = 1 if N
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Table 3: The (N,R) Equilibrium

Firm A Strategy (N,R) and qLNA = QL, qHR
A = a

3b

Firm B Strategy qLB = a−bQL

2b
, qHB = a

3b
, r = 1 if N

The two Nash Equilibria are shown in tables 2 and 3. Note that these equilibria are out-

come equivalent. An important prediction stemming from these results is that we should al-

ways see Firm A reveal its capacity when it is unconstrained. We can make no prediction on

the revelation behavior of a constrained Firm A, however.

2.4. CONSUMER WELFARE

Now that we have established our equilibria, we can analyze the effects of information

sharing on consumer welfare.6 Since demand is downward sloping, consumer welfare will im-

prove if total output increases. We define the four relevant total market outputs as follows:

QC
NS is total output when A is constrained and not allowed to share information. It’s value

is QC
NS = QL + a+p(a−2bQL)

b(3+p)
. QU

NS is total output when A is unconstrained and not allowed to

share information. Its value is QU
NS = 2a+pa−pbQL

b(3+p)
. QC

S is total output when A is constrained

and sharing is allowed. It’s value is QC
S = QL + a−bQL

2b
. QU

S is total output when A is uncon-

strained and sharing is allowed. It’s value is QU
S = 2a

3b
.

To find out if allowing information sharing increases or decreases consumer welfare, we

must compare total market output between markets with sharing and markets without for each

case (constrained and unconstrained). In other words, we must compare total outputs in the

constrained case, QC
NS vs. QC

S , and in the unconstrained case, QU
NS vs. QU

S .

Claim 5 When Firm A is constrained, QC
NS < QC

S .

To see this, note that QL + a+p(a−2bQL)
b(3+p)

< QL + a−bQL

2b
. This has a simple explanation.

Under the no sharing market, Firm B must choose an output taking into account that Firm A

could be high or low capacity, so Firm B can only take partial advantage of the situation. Once
6The literature is split on this. Novsheck and Sonnenschein (1982) and Shapiro (1986) both find unambiguous

decreases in consumer welfare when sharing is allowed. Clarke (1983), Vives (1984), and Richter (2013) all find that
effects on consumer welfare depend on the specification of the model.

14



we move to the sharing market, Firm B knows that Firm A is low capacity. Firm B will in-

crease its output to take full advantage of Firm A’s inability to produce more. Firm A’s output

will not change, so total output increases. Therefore, allowing information sharing increases

consumer welfare when Firm A is constrained.

Claim 6 When Firm A is unconstrained, QU
NS > QU

S .

To see this, note that 2a+pa−pbQL

b(3+p)
> 2a

3b
. In this case, Firm B knows Firm A is uncon-

strained and will scale back its output. This case is more complicated, though, since Firm A

will also change its output. The end result, however, is that when Firm A is unconstrained, al-

lowing information sharing reduces consumer welfare.

3. Experimental Procedures and Design

To test the hypotheses derived from our theoretical predictions, we designed a simple ex-

periment. We are interested in the effect information sharing has on consumer welfare. The

experiment consisted of two treatments: UCG and CRG. Since these are identical to each other

in every way other than the capacity revelation step, we interpret the differences between them

as the effect of capacity revelation on market outcomes.

The experiment was conducted in the Bidgood Computer Lab at the University of Al-

abama. All subjects were University of Alabama undergraduates recruited through verbal ad-

vertisement from Economics courses. We ran two treatments. Several sessions were run for

each treatment, where each session had between 4 and 14 subjects. Only one treatment was

run per session. Upon arrival, each subject was randomly assigned to a computer and a role

(Firm A or Firm B). Furthermore, they were each provided written instructions about the game,

which was played 20 times. Sessions lasted about 40 minutes. There were a total of 26 sub-

jects in the information sharing treatment and 20 subjects in the no sharing treatment. Roles

were retained throughout each session, but capacity and opponent were randomized each round.

The experiment was computerized using z-Tree. No direct contact or communication was al-

lowed. At the end of the session, each subject was paid a $5 show up fee plus their profit from

a randomly chosen round. The average total payout was about $9. No subject participated in

15



more than one treatment. The sessions are listed in Table 4.

Table 4: Sessions

Session # of Subjects Game

1 4 CRG

2 8 CRG

3 14 CRG

4 6 UCG

5 6 UCG

6 8 UCG

In the experiment, we chose specific values for parameters: a, b, p, and QL. The same

parameter values were used across all treatments and sessions. Table 5 below gives all the pa-

rameter choices.

Table 5: Parameters

a b p QL QH

6 1 0.5 1 3

With these parameters, the equilibrium predictions about individual output and market

output (TO) are shown in Table 6. The key comparative static is how total output changes

when information can be shared.
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Table 6: Theoretical Predictions

Constrained Firm A Unconstrained Firm A

qA qB TO qA qB TO

UCG 1 2.29 3.29 1.86 2.29 4.15

CRG 1 2.5 3.5 2 2 4

4. EXPERIMENTAL RESULTS

In this section we present our findings from the experiment. Across all sessions and treat-

ments, there were a total of 46 subjects and 460 observations. Each observation consists of an

output choice pair (one Firm A and one Firm B) and all of the associated data.

We first look at some summary results from the UCG treatment. Table 7 gives the aver-

age output choices (q̄A and q̄B) and standard errors for both firms and compares them to the

predicted equilibrium values (q∗A and q∗B).7 While there was a large dispersion in the data, on

average the Firm B was close to predicted values, but Firm A was significantly off.

7These values are from two random effects dummy variable regressions, one for A and one for B, of the form
qi,t = β0 + β1 ∗ Constrainedi,t+

∑N
n=1 β1+n ∗ Subjecti+εi,t with standard errors clustered by Session. The

number of observations for A and B was 200.
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Table 7: UCG Average Individual Output Choices

Constrained Firm A

q̄A q∗A H0 : q̄A = q∗A q̄B q∗B H0 : q̄B = q∗B

0.89 1 Reject 2.42 2.29 Not Reject

(.078) p = .025 (.012) p = .315

Unconstrained Firm A

q̄A q∗A H0 : q̄A = q∗A q̄B q∗B H0 : q̄A = q∗A

2.70 1.86 Reject 2.46 2.29 Not Reject

(.105) p = .000 (.120) p = .150

Note: Standard Errors in Parantheses

Second, we look at the CRG results. Table 8 shows the percentage of subjects who re-

vealed in the CRG. We found that unconstrained Firm As in the CRG revealed much less than

expected, but they still revealed more than the constrained Firm As.

Table 8: Subject Level Revelation Frequency in the CRG

Firm A N Proportion

Constrained 129 43.45%

Unconstrained 131 50.34%

Result 1 As predicted, we see a higher frequency of revelation from the unconstrained

Firm A. Using a Mann-Whitney U test on subject-level average revelation rates, we can reject

the null hypothesis that these two proportions are equal (z = 2.569, p = .010).

Next, we compare the overall average outputs in the CRG experiment to the predicted
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values in Table 9.8 With the exception of B against a constrained A, all output choices were

significantly different from predicted values.

Table 9: CRG Average Individual Output Choices

Constrained Firm A

q̄A q∗A H0 : q̄A = q∗A q̄B q∗B H0 : q̄B = q∗B

0.92 1 Reject 2.57 2.5 Not Reject

(.145) p = .000 (.084) p = .683

Unconstrained Firm A

q̄A q∗A H0 : q̄A = q∗A q̄B q∗B H0 : q̄B = q∗B

2.55 2 Reject 2.37 2 Reject

(.139) p = .000 (.113) p = .001

Note: Standard Errors in Parantheses

Result 2 The total outputs changed in the predicted ways.

Table 10: UCG Average Total Output

Constrained Firm A Unconstrained Firm A

TO TO∗ H0 : TO = TO∗ TO TO∗ H0 : TO = TO∗

3.32 3.29 Not Reject 5.16 4.15 Reject

(.069) p = .881 (.210) p = .000

Note: Standard Errors in Parantheses

8These values are from two random effects dummy variable regressions, one for A and one for B, of the form
qi,t = β0 + β1 ∗ Constrainedi,t+

∑N
n=1 β1+n ∗ Subjecti+εi,t with standard errors clustered by Session. The

number of observations for A and B was 260.
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Table 11: CRG Average Total Output

Constrained Firm A Unconstrained Firm A

TO TO∗ H0 : TO = TO∗ TO TO∗ H0 : TO = TO∗

3.49 3.5 Not Reject 4.91 4 Reject

(.076) p = .943 (.239) p = .000

Note: Standard Errors in Parantheses

Tables 10 and 11 show the total output results.9 TO∗ is the predicted total output for each

case. The TOs for Constrained Firm A are very close to the predicted values, but they differ

significantly for Unconstrained As. TO increased under the CRG, from 3.32 to 3.49, as pre-

dicted by theory. Likewise, TO decreased under the CRG, from 5.16 to 4.91. However, these

differences are small.

However, the Table 11 means are calculated from pooled data. In table 12 we break the

data down into two groups, one for each revelation case.10

9These values are from two random effects dummy variable regressions, one for UCG and one for CRG, of the
form TotalOutputi,t = β0 + β1 ∗ Constrainedi,t+

∑N
n=1 β1+n ∗ Subjecti+εi,t with standard errors clustered by

Session. The UCG had 200 observations, and the CRG had 260.
10These values are from a random effects dummy variable regression of the form TotalOutputi,t = β0 + β1 ∗

Constrainedi,t∗NotReveali,t+β2∗Constrainedi,t∗Reveali,t+β3∗Unconstrainedi,t∗Reveali,t+
∑N

n=1 β3+n∗
Subjecti+εi,t with standard errors clustered by Session. The number of observations was 260.
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Table 12: CRG Average Total Output Conditional on Revelation

Constrained Firm A Unconstrained Firm A

TO TO∗ H0 : TO = TO∗ TO TO∗ H0 : TO = TO∗

Revealed (R)
3.39 3.5 Not Reject 4.63 4 Reject

(.209) p = .707 (.202) p = .030

Not Revealed (N)
3.58 3.5 Not Reject 5.21 —

(.135) p = .222 (.170)

Note: Standard Errors in Parantheses

N and R can both be part of an equilibrium for constrained A, and we don’t find much

difference in TO between those options. However, when unconstrained A chose to reveal ca-

pacity (in accordance with the predicted equilibrium), total output TO is closer to the pre-

dicted value than for the pooled data. This makes for an even larger drop in TO from the

UCG to the CRG (5.21 to 4.63). For unconstrained Firm A, not revealing, which is not pre-

dicted by equilibrium, lead to a TO roughly equivalent with the UCG value. This caused the

mean from the pooled data to be pulled further away from the predicted mean.

These conditional data can also shed some light on revelation behavior. R always lead to

a lower TO, which in turn means the price both firms received was higher. This benefit may

have outweighed the negative effects of revealing, thus leading to Constrained Firm A reveal-

ing 43% of the time. This does not explain why Unconstrained Firm A revealed less than pre-

dicted, however.

The average per round profits for Firm A in the CRG are found in Table 13.11 Uncon-

strained Firm A had a very clear incentive to reveal information, with an increase in payoffs
11These values are from a random effects dummy variable regression of the form Profti,t = β0 + β1 ∗

Constrainedi,t∗NotReveali,t+β2∗Constrainedi,t∗Reveali,t+β3∗Unconstrainedi,t∗Reveali,t+
∑N

n=1 β3+n∗
Subjecti+εi,t with standard errors clustered by Session. The number of observations was 260.
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from $1.91 to $3.01 associated with information disclosure. Constrained Firm A had no incen-

tive one way or another, since the profits were close ($2.27 per round for revealing and $2.23

per round for not revealing). This is in line with the equilibrium predictions in that constrained

Firm A was indifferent between revealing and not.

Table 13: CRG Firm A Average Per Round Profit

Constrained Unconstrained

Revealed (R)
2.27 3.01

(p = .082) (p = .001)

Not Revealed (N)
2.23 1.91

(p = .030) (p = .000)

5. CONCLUSION

Firms have incentives to share private information with their competitors and have been

known to do so in the real world. The U.S. government has used information sharing as evi-

dence of collusion12 because allowing information sharing has significant effects on consumer

welfare. It is important, therefore, to understand these effects.

We find that subjects reveal private information more frequently when predicted to do

so than when not (43% vs. 50%), but they did not come close to revealing at predicted rates.

Lower total output from revelation lead to Constrained Firm A revealing much more than pre-

dicted. The effect information sharing has on consumer welfare depends on firm characteris-

tics. Specifically, allowing information sharing increases consumer welfare when our entrant

is capacity constrained and decreases consumer welfare when he is not constrained. However,

these effects were small.

Our experimental results differed from our theoretical predictions. Subject behavior in the

lab did not closely mirror the expected equilibrium strategies, but the directional effects were

12Exchanging information can be in violation of the Sherman Act Section 1 if it is thought to be a concerted effort
designed to manipulate prices. See the court cases listed in the Introduction for examples.
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as predicted. Parsing the data allows us to analyze outcomes directly on the equilibrium path,

and we find these outcomes to be even closer to our theoretical predictions.
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3. BARGAINING WITH VOLUNTARY TRANSMISSION OF PRIVATE INFORMATION: 

AN EXPERIMENTAL ANALYSIS OF FINAL OFFER ARBITRATION 

 

 

 

ABSTRACT 

 In Final Offer Arbitration, both parties submit a proposal to a neutral arbitrator. In the 

event the parties cannot reach a negotiated settlement, the arbitrator chooses the submitted 

proposal that is closest to her preferred settlement. In such a model, asymmetric information can 

lead to costly bargaining failure. Voluntary disclosure of private information has the potential to 

eliminate disputes which would otherwise arise. However, the timing of this information 

transmission is crucial, because information can be used by the previously uninformed party to 

submit a superior proposal to the arbitrator. Thus, there is an incentive to conceal information if 

it is to be revealed prior to the submission of proposals to the arbitrator. However, information 

transmission should occur if it takes place after the submission of these proposals. In this paper, 

we test this theory experimentally and find individuals with a strong case reveal their private 

information in 40% of negotiations when revelation comes prior to the submission of proposals 

and in 60% of negotiations when revelation comes after the submission of these proposals. 

Moreover, information disclosure increases the rate of settlement as predicted by the theory. 
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1. INTRODUCTION 

 Asymmetric information is a leading explanation for bargaining failure which results in 

costly disputes. Voluntary disclosure is a mechanism which can eliminate asymmetric 

information and lead to greater settlement. In this paper, we analyze the incentive for voluntary 

disclosure when Final Offer Arbitration (FOA) is the dispute resolution mechanism. In 

particular, we focus experimentally on the timing of information revelation. In these games, one 

party is required to make a cash transfer to another party, and they are tasked with determining 

the value of that transfer. If they cannot come to an agreement, under FOA, both parties submit 

their own proposals for the transfer to an arbitrator, who then picks from these two the one she 

deems closest to a fair settlement. FOA differs from conventional arbitration in that the parties 

involved have a direct influence over the arbitrator’s decision. Because of this, the timing of 

information revelation is crucial. If information is disclosed before parties have submitted 

proposals, the previously uninformed party can submit a superior proposal to the arbitrator. Thus, 

disclosure is predicted not to occur if the opportunity only arises prior to the submission of 

proposals. By contrast, disclosure by a party with a strong case is predicted to occur if this 

disclosure takes place subsequent to the submission of proposals to the arbitrator.  

 We find that players with a strong case reveal their type 60% of the time when predicted 

to do so (i.e., when this occurs after the submission of proposals to the arbitrator) and 40% of the 

time when they are not predicted to do so. Revelation increases settlement and raises the payoffs 

of both players, but most by reducing the costs of the uninformed player. The reason is that the 

disclosing player obtains surplus from the settlement offer which is not predicted by the theory. 

However, we find that disclosure is more profitable when it occurs after the submission of 

proposals to the arbitrator. Consistent with the theory, when the uninformed party receives 
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information prior to the submission of proposals he does use that information to submit a 

superior proposal to the arbitrator. While this tends to reduce the payoff of the disclosing party 

this effect is more than offset by the surplus contained in a typical settlement offer.  

 Public sector labor disputes and Major League Baseball player salary disputes are notable 

instances of the use of FOA in practice. As of 2013, Iowa, Maine, Connecticut, Minnesota, 

Oklahoma, Pennsylvania, Washington, Missouri, Wisconsin, New Jersey, Ohio, Oregon, Illinois, 

and Indiana all use FOA to varying extents to resolve disputes involving state employees (Carrell 

et. al. 2013). FOA also plays a prominent role in many high profile mergers of media companies. 

NBCU has been required to use FOA to resolve disagreements over carriage of content. These 

requirements were put in place to prevent unfair or anti-competitive practices and to give 

multichannel video programming distributors (MVPDs) a process for resolving rate disputes. 

Other mergers in which the use of FOA was specified include the merger of News Corp with 

DirecTV and the merger between Time Warner/Comcast and Adelphia.
1
 A recent case was Time 

Warner’s proposed use of FOA as a resolution mechanism for its MVPDs.
2
 Information 

asymmetries were specifically identified by the MVPDs as being a problem in that they created 

risks that Time Warner did not face. This underscores the fact that asymmetric information is 

relevant to bargaining under FOA and justifies our investigation of voluntary disclosure under 

the FOA mechanism. 

 Settlement is typically preferred to arbitration, but asymmetric information can prevent 

this from occurring.
3
 Thus, it is important to understand when information will be transmitted 

between the disputants. In this paper, we present theoretical predictions for a model of FOA with 

asymmetric information and voluntary disclosure developed in Farmer and Pecorino (2003), and 

                                                           
1
 FCC order 11-4, FCC order 03-330, and FCC order 06-105. 

2
 United States of America v. AT&T Inc., DIRECTV Group Holdings, LLC, and Time Warner, Inc. (2018) 

3
 Arbitration is usually associated with substantial fees and can often be time-consuming. 
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then we experimentally test those predictions. We are interested primarily in when information 

revelation will occur and how revelation affects settlement rates and payoffs for both parties. We 

find that players are more likely to reveal information when this is predicted by theory, that 

settlement rates generally increase when information is revealed, and that submitted proposals 

and settlement offers are reasonably consistent with theory. There are, however, some important 

deviations from the theory which we will discuss in detail in our results section.  

2. BACKGROUND 

The litigation literature is extensive, and we will provide a highly selective discussion.
4 5

 

Bebchuk (1984) studies a screening model in which the uninformed player makes a pretrial offer 

to an informed player. He finds that asymmetric information may impede settlement. Reinganum 

and Wilde (1986) study the signaling model in which the informed player makes the offer. In this 

paper, we study experimentally the effects of asymmetric information, and the ability to share 

that information, when final-offer arbitration (FOA) is the dispute resolution mechanism. We use 

a screening model in which the uninformed party makes the final settlement offer to the 

informed party. Farber (1980) shows how to derive optimal offers for FOA under symmetric 

information. Farmer and Pecorino (1998) analyze FOA under asymmetric information and find 

that when parties are allowed to negotiate after proposals to the arbitrator have been made, 

settlements may be more likely to occur.
6
 Costless information transmission in FOA is explored 

theoretically by Farmer and Pecorino (2003).
7
 Information sharing should result in settlement, 

since it eliminates the informational asymmetry. However, if disclosure is to occur prior to the 

                                                           
4
 See Spier (2007), Daughety and Reinganum (2012), and Wickelgren (2013) for overviews. 

5
 For a review of the experimental law and economics literature, see Camerer and Talley (2007). 

6
 If screening always occurs, then settlement is more likely if negotiation is allowed after the submission of 

proposals. However, pooling equilibria, under which all case settle, are less likely to occur when there is negotiation 

after submission of proposals. In our experiment, we choose parameters so as to rule out pooling equilibria.  
7
 An important early analysis of costless information transmission in the litigation model is Shavell (1989). Sobel 

(1989) analyzes costly transmission of information.  
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exchange of proposals, they find that the informed player has an incentive to conceal her private 

information. The reason is that information can be used by the previously uninformed party to 

submit a superior proposal to the arbitrator. These better-informed proposals come at the direct 

expense of the initially informed player. However, an equilibrium with information revelation 

can be supported when the revelation step comes after proposals are submitted to the arbitrator. 

Our experiment follows from the theory in this paper. Our treatment is to vary the timing of 

information disclosure in a setting where FOA is the dispute resolution mechanism. 

Ashenfelter et al. (1992) experimentally compare FOA to conventional arbitration and 

find that settlement rates are lower under FOA, though they do this in a setting with symmetric 

information. Consistent with the Farmer and Pecorino (1998) model, Pecorino and Van Boening 

(2001) provide experimental evidence that settlements are more likely when parties can negotiate 

after proposals are submitted to the arbitrator. Deck, Farmer, and Zeng (2007) compare FOA 

with an amended final-offer arbitration (AFOA). Under AFOA, the arbitrator chooses the 

proposal closest to her preferred settlement, but the settlement amount is a function of the losing 

proposal. They find that the predictions on submitted proposals for AFOA are better met by 

experimental subjects than the predictions of a model of FOA and that AFOA leads to greater 

settlement. Pecorino and Van Boening (2004) conduct an experiment to analyze costless 

voluntary disclosure in a litigation model. They find that 80% of plaintiffs with a strong case 

reveal their private information.  

3. THEORY 

 Our analysis follows directly from Farmer and Pecorino (2003). Player B needs to make a 

payment to player A. Player A can be one of two types: 𝐴𝐻 with probability 𝑝 and 𝐴𝐿 with 

probability (1 − 𝑝). These types represent the two possible distributions for the arbitrator's 
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preferred settlement 𝐽, where 𝐽𝐿 ~ u[𝑦, 𝑧] and 𝐽𝐻 ~ u[𝑦 + 𝛿, 𝑧 +  𝛿]. Thus, the H distribution is a 

rightward shift of the L distribution by the amount 𝛿. Player A knows her type, but player B only 

knows the distribution of types. However, A will have an opportunity to costlessly reveal her 

type to B. Both players submit proposals to the arbitrator, which become common information 

after they are both submitted. Player B then makes a take-it-or-leave-it offer to Player A. If 

Player A rejects this offer, the Players proceed to arbitration, where they incur the respective 

costs, 𝐶𝐴 and 𝐶𝐵. 

The game proceeds as follows: 

1. Player A's type, H or L, is determined with probabilities 𝑝 and (1 − 𝑝), respectively, 

where the type corresponds to the H and L distributions discussed above. Player A knows 

her own type, but B only knows the probability each type is chosen. 

2. Player A decides whether or not to costlessly reveal her type to player B. 

3. Both players submit proposals (𝑏𝐴 and 𝑏𝐵 respectively) to the arbitrator. Once they are 

submitted, the proposals become common information.  

4. Player B makes a settlement offer 𝑂𝐵 to Player A. If the offer is accepted, the game ends 

with player A's payoff and Player B's cost both equal to 𝑂𝐵. If the offer is rejected, the 

players proceed to arbitration. 

5. The arbitrator chooses the proposal (𝑏𝐴 or 𝑏𝐵) that is closer to her preferred value 𝐽. 

Denote this choice by V. Player A's payoff is 𝑉 − 𝐶𝐴 and Player B's cost is 𝑉 + 𝐶𝐵. 

In the statement of the game above, the opportunity for voluntary disclosure occurs prior to 

the submission of proposals to the arbitrator. We will also consider the game with steps 2 and 3 

reversed so that the opportunity for disclosure occurs after the submission of these proposals.  
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Voluntary disclosure at step 2 leads to a full information game. Thus, our initial analysis will 

be of the full information game and then we will analyze the game with asymmetric information. 

This will allow us to analyze the voluntary disclosure decision both when it occurs prior to the 

exchange of proposals and when it occurs after. 

3.1. THE FULL INFORMATION GAME 

 We analyze the full information game first since it creates a basis for studying the 

asymmetric game. Under full information, all cases settle prior to arbitration, but player B will 

offer A her expected payoff from arbitration. Noting that 𝐽 is distributed uniformly, when Player 

A is type L, she chooses bA to maximize the following payoff:  

(𝟏 −
𝒃𝑨+𝒃𝑩

𝟐
−𝒚

𝒛−𝒚
) 𝒃𝑨 + (

𝒃𝑨+𝒃𝑩
𝟐

−𝒚

𝒛−𝒚
) 𝒃𝑩 − 𝑪𝑨       (1) 

 

The first term in parentheses is the probability that the proposal bA is chosen, while the second 

term in parentheses is the probability that proposal bB is chosen. Player B will offer A her 

expected value of from arbitration and so chooses bB to minimize the expression in (1). The 

resulting solutions are as follows:
8
  

𝒃𝑨
𝑳 = 𝒛            (2a) 

𝒃𝑩
𝑳 = 𝒚           (2b) 

 

Thus the expected payoff for AL and expected cost for player B is as follows:  

𝟎. 𝟓(𝒛 + 𝒚) − 𝑪𝑨          (3) 
 

                                                           
8
 Farber (1980) is the first to show, under a uniform distribution of the arbitrator’s preferred settlement, that the 

optimal proposals will be the end points of the uniform distribution.  
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The analysis is similar for AH players. Player AH will chose bA to maximize and player B will 

choose bB to minimize the following:
9
 

 

(𝟏 −
𝒃𝑨+𝒃𝑩

𝟐
−(𝒚+𝜹)

𝒛−𝒚
) 𝒃𝑨 + (

𝒃𝑨+𝒃𝑩
𝟐

−(𝒚+𝜹)

𝒛−𝒚
) 𝒃𝑩 − 𝑪𝑨      (4) 

 

The optimal proposals are 

𝒃𝑨
𝑯 = 𝒛 + 𝜹           (5a) 

𝒃𝑩
𝑯 = 𝒚 + 𝜹           (5b) 

 

The expected payoff for AH and the expected cost for B is as follows:  

𝟎. 𝟓(𝒛 + 𝒚) + 𝜹 − 𝑪𝑨          (6) 
 

Next we consider the game under asymmetric information.  

3.2. THE GAME WITH ASYMMETRIC INFORMATION  

 When information revelation does not occur, there is a mixed strategy equilibrium in this 

game which is described more fully by Farmer and Pecorino (1998, 2003). Our analysis follows 

directly from theirs. Our parameters rule out a pure strategy pooling equilibrium, thus we only 

consider the mixed strategy equilibrium. Under this equilibrium 𝐴𝐻 will submit the high proposal 

𝑏𝐴
𝐻 = 𝑧 + 𝛿, but a proportion Ω of 𝐴𝐿 will bluff by submitting this same high proposal. The 

bluffing probability must make B indifferent between sorting and not. In other words, B must be 

indifferent when faced by a high proposal between making a low offer only bluffing 𝐴𝐿’s accept 

and a high offer both types accept. In turn, the probability Γ of the low offer must make 𝐴𝐿’s 

                                                           
9
 Under our parameters in equilibrium, all proposals have a strictly positive probability of being selected. If an out of 

equilibrium set of proposals implied a negative probability of selection for a proposal, the corresponding term in 

equation (4) would be replaced by zero. 
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indifferent between revealing their type with a low proposal 𝑏𝐴
𝐿 = 𝑧 or bluffing with a high 

proposal.
10

 The equilibrium probability that the arbitration stage is reached is p.  

Under the mixed strategy equilibrium, Player B’s optimal proposal depends on whether 

he intends to sort in response to a high proposal by Player A. If he intends to sort, he will make 

the following proposal: 

 

𝒃𝑩
𝑺 = 𝒚 + 𝒑𝜹           (7) 

 

The weight on δ reflects the frequency of the 𝐴𝐻 type. With a probability 1-p he successfully 

bargains with player AL and with probability p he faces AH in arbitration. This determines the 

weight on .  If he intends not to sort, he will make the following proposal: 

 

𝒃𝑩
𝑵 = 𝒚 + (𝒑 + 𝜴[𝟏 − 𝒑])𝜹         (8) 

 

With a probability (1–p)(1–) player B successfully bargains with AL and with probability 

p+(1–p) he bargains with player A as if she were an AH player. Hence, the weight p+(1–p) 

placed on .  

 In the mixed strategy equilibrium, the payoffs of AH and AL are as follows:  

 

𝜫𝑳
𝑺 = 𝟎. 𝟓(𝒚 + 𝒛) + (

𝜹𝟐

𝟐(𝒛−𝒚)
) [𝜞𝒑𝟐 + (𝟏 − 𝜞)(𝒑 + 𝜴[𝟏 − 𝒑])𝟐] − 𝑪𝑨   (9) 

 

𝜫𝑯
𝑺 = 𝟎. 𝟓(𝒚 + 𝒛) + 𝜹 + 𝜞

𝜹𝟐(𝟏−𝒑)𝟐

𝟐(𝒛−𝒚)
+ (𝟏 − 𝜞)

𝜹𝟐(𝟏−𝒑)𝟐(𝟏−𝜴)𝟐

𝟐(𝒛−𝒚)
− 𝑪𝑨    (10) 
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 If only AH submits a high proposal then B will make a high settlement offer which will be accepted. But if B 

makes a high settlement offer, AL will want to submit a high proposal. Hence, the need for a mixed strategy.  
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3.3. VOLUNTARY DISCLOSURE PRIOR TO THE EXCHANGE OF PROPOSALS 

 We now consider voluntary disclosure which may take place prior to the submission of 

proposals to the arbitrator. This corresponds to the baseline of our experiment. The results in this 

subsection and the next are found in Farmer and Pecorino (2003).  

 Suppose the mixed strategy equilibrium described above would prevail and consider 

whether player A has the incentive to deviate from an equilibrium of remaining silent and 

behaving as indicated by that equilibrium. If 𝐴𝐿 reveals her type we have a full information game 

and her payoff is given by equation (3), while she receives the payoff in (9) if she is silent. Since 

the payoff in (9) is greater, she has the incentive to remain silent. Similarly, for AH, a comparison 

of (6) to (10) indicates that she has the incentive to remain silent. 

 The above establishes that there can be an equilibrium without disclosure. It is also the 

case that there cannot be an equilibrium with disclosure. Suppose AH only discloses. By 

remaining silent, AH can induce B to submit a suboptimal proposal (because he believes she is 

AL) and this will raise his expected payoff compared to the full information proposal. Similarly, 

if only AL disclose, AL can induce a suboptimal proposal from B by remaining silent. If AH and AL 

both disclose, regardless of B’s out of equilibrium beliefs, at least one of the two types will have 

an incentive to deviate from equilibrium by remaining silent.
11

 

Intuitively, Player A should not reveal because it allows Player B to make a better-

informed proposal to the arbitrator. Player B can take advantage of the information by making a 

proposal to the arbitrator tailored for A's actual type. If Player B does not know A's type, he can 

only submit a proposal that is a weighted average of the optimal proposals against types H and L. 

                                                           
11

 For example, if B believes that a player remaining silent is AL, then AH will have an incentive to deviate. If he puts 

some weight on both types deviating (making his submitted proposal a compromise reflecting these beliefs), then 

both types have an incentive to deviate by remaining silent.   
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Since this weighted average is not optimal against either type individually, 𝐴𝐻 and 𝐴𝐿 are each 

better off. 

This refusal to reveal information has a negative effect on the rate of pre-arbitration 

settlement. If A were to reveal, the players would always settle. This is because if B knows A's 

type, he knows her expected payoff in arbitration, so B can offer that value to A, A will accept, 

and they can avoid arbitration. However, A will never reveal. If B chooses to sort by making an 

offer that only a type L will accept, then whenever B is against 𝐴𝐻, player A will reject the offer 

and proceed to arbitration.  

The discussion above assumes that B captures the entire surplus from settlement with his 

offer. For example, if AH reveals, disputes are avoided, but AH is still pinned to her dispute 

payoff. If B must offer some surplus to A in order to get her to settle this would provide some 

incentive to reveal. If this surplus were large enough, it could overcome the losses A suffers 

revealing her type and allowing B to submit a superior (from his perspective) offer to the 

arbitrator.  

3.4. INFORMATION TRANSMISSION AFTER PROPOSALS ARE SUBMITTED 

 In this section, we consider the case in which information transmission is allowed after 

proposals are submitted to the arbitrator. This corresponds to the treatment in our experiment. 

While equilibria with and without information revelation both exist for this game, we will focus 

on an equilibrium in which all AH reveal their type, 𝐴𝐿s remain silent and all disputes settle 

before arbitration. Under this equilibrium, B assumes that if A chooses not to reveal, she is AL.  

We can think about this equilibrium intuitively. Since 𝐴𝐻s always reveal their type, 𝐵 

will always offer them their expected payoff at arbitration and they will accept. Type H players 

cannot do better than this, since if they are silent, they will receive a low offer because they are 
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believed to be AL. This offer is rejected and so they receive their expected payoff in arbitration. 

In equilibrium, AL earns her expected payoff in arbitration. This is the same as she would earn if 

she revealed her type. Thus, it is consistent with equilibrium for her to remain silent.  

Crucially, we can compare this case to the previous case and note a difference in 

settlement rates. Because information transmission comes after proposals are submitted, Player B 

can no longer use A’s type to submit a superior proposal. This is what allows this equilibrium to 

be supported, and is the fundamental difference from the previous case, in which revelation 

could be harmful due to a better-informed proposal by Player 𝐵. When 𝐴 reveals her type, this 

should always lead to pre-arbitration settlement, so information revelation leads to an increase in 

the rate of settlement.  

Note that AH is technically indifferent between revealing her type or not because it is 

assumed that B can extract the entire surplus of settlement from her. However, if AH can obtain 

any surplus in the settlement offer, she has a strict incentive to reveal her type. An extensive 

experimental literature on ultimatum and litigation games suggests that AH will indeed obtain 

some surplus.
12

 Pecorino and Van Boening (2004) analyze a screening model of litigation in 

which plaintiffs can costlessly reveal their type. Under the theory, these plaintiffs are technically 

indifferent between revealing and not revealing, but experimentally, 80% of plaintiffs with a 

strong case do indeed reveal their type. 

4. EXPERIMENTAL DESIGN 

 All subjects were recruited from Business classes at the University of Alabama. The 

experiment was run with two treatments, one for each of the information transmission timings 

discussed previously. All subjects played both the Baseline and the Treatment game, with the 

                                                           
12

 AL players are also indifferent between revealing their type or not. Since these players always settle prior to 

arbitration, they receive surplus (assuming some is provided by B) whether or not they reveal their type. Thus, the 

existence of surplus in settlement offers does not provide them an additional incentive to reveal.  
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game switching halfway through each session.
13

 To control for order effects, we alternated which 

game came first in each session. Subjects were randomly assigned a role, Player 𝐴 or 𝐵, and kept 

that role throughout the experiment. In each round of the experiment, one Player 𝐴 was matched 

with one Player 𝐵. This matching was anonymous, and players were matched randomly again 

after each round.
14

 The identity of bargaining partners was never revealed. The sessions 

consisted of 20 to 24 rounds, which amounted to 10 to 12 rounds for each game per session. 

Table 14 summarizes the 6 sessions that were run.
15

 Players were compensated based on their 

performance in 14 randomly chosen rounds at the end of each session. Bs were given a lump sum 

of $80 from which costs were subtracted. As did not know the size of this lump sum. Subjects 

were not paid a show-up fee. The experiment was run using z-Tree, created by Fischbacher 

(2007). 

 When subjects arrived, they were assigned a computer and given printed instructions. 

Other than these instructions, all subject interactions were via their assigned computer. The 

computer recorded and displayed a history of all previous rounds the subject had played, but did 

not show information from any pairings the subject was not a part of. Players 𝐴 and 𝐵 in a 

pairing could not communicate with each other in any way other than through decisions made in 

the game. Instructions were read aloud by an experimenter. Subjects then played 3 sets of 

practice games, consisting of four rounds each. The first set was a simplified version of the game 

in which information revelation and B’s offer (steps 3 and 5 below) were not present. The second 

                                                           
13

 The number of rounds in a session varied depending on how quickly subjects got through practice rounds. The 

total number of rounds was decided upon by the researchers prior to the paid rounds so that we would know where 

the halfway point would be. 
14

 Subjects were recruited for 2 hours, so the number of rounds was adjusted based on how quickly the experiment 

proceeded. 
15

 We recruited on the about 24 subjects per session, but cancellations and no shows caused some variation in the 

number of pairs across sessions.  
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set included 𝐵’s offer but not information revelation. The third set of practice was the full game. 

After each step, subjects were asked if they had any questions. 

 

Table 14: Session Summary 

Session Pairs Rounds Observations 

1 6 24 144 

2 10 24 240 

3 9 20 180 

4 9 22 198 

5 10 22 220 

6 10 22 220 

 

Table 15: Parameters 

Distribution for arbitrator’s preferred 

settlement 𝐽𝑎 

𝐽𝐿~𝑈[100, 400] 

𝐽𝐻~𝑈[325, 625] 

Player A arbitration cost 𝐶𝐴 = 100 

Player B arbitration cost 𝐶𝐵 = 100 

 

The steps in a round of the game in the baseline are as follows: 

1. A and B are randomly and anonymously paired. 

 

2. For each pair, the computer selects either distribution L with probability 2/3 or distribution H 

with probability 1/3.  The distribution chosen by the computer is displayed to player A. Player B 

only knows the probability that each distribution is chosen. 

 

3. Player A decides whether or not to inform player B about the distribution that was selected in 

step 2.  Player A clicks either the radio button labeled “Yes – inform B about the distribution” or 

the radio button labeled “No – do not inform B about the distribution”, and then clicks the 

Submit button.    

 

If A chooses “Yes”, then B receives the message “This round distribution X has been chosen”, 

where X = either L or H depending on which distribution the computer selected in step 2.  

 

If A chooses “No”, then B receives the message “Player A chose to send no message.” 

 

4. Each player submits a Proposal to the computer, and both Proposals are displayed to each 

player. These proposals must be between 0 and 699. 

 

5. B makes a settlement offer to A, and A then chooses either “Accept” or “Do Not Accept”.  
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If A accepts the Offer, the round ends for that pair: 

  A’s payoff for the round = B’s Offer.  

  B’s cost for the round     = B’s Offer. 

 

6. If A does not accept B’s Offer, the computer determines the outcome. Each player is charged a 

fee of 100.  The computer draws a random number from the distribution selected in step 2 and 

chooses the submitted Proposal which is closest to this random number: 

 

  A’s payoff for the round = Proposal chosen – 100.  

  B’s cost for the round     = Proposal chosen + 100.  

 

The description above is almost identical to what subjects were shown on their physical 

instructions sheet. In addition, instructions were displayed on the screen during the experiment. 

The game in which information revelation came after proposals are made was almost identical, 

simply switching step “3” above to after step “4.” The session was paused briefly at the midway 

point in order to switch treatments. Subjects received a message about this on their screens, and a 

researcher passed out new instructions explaining the change. These instructions were read aloud 

by a researcher before the session continued. 

5. HYPOTHESIS TESTS 

 The theory suggests that the Treatment should have higher disclosure rates, and thus it 

should have higher settlement rates as well. In this section, we list some hypotheses about the 

results according to the theory that will be tested in the next section. We give point predictions, 

but since we do not necessarily expect the results to exactly match the theory, we also give 

directional predictions. 

Hypothesis 1: Disclosure will be higher in the Treatment than in the Baseline for 𝑨𝑯. 

Point: Because of the aforementioned incentives in the Baseline, disclosure for both 𝐴𝐻 and 𝐴𝐿 

will be 0%. Disclosure for 𝐴𝐻 will be 100% in the Treatment, and we make no point prediction 

for 𝐴𝐿 in the Treatment since she is theoretically indifferent. 
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Directional: We predict that disclosure will be higher in the Treatment than in the Baseline for 

AH.  

Hypothesis 2: B will use disclosed information in the Baseline to make better proposals. 

Point: If A correctly hides information in the Baseline, B will choose either 𝑏𝐵
𝑆 = 175 or 

𝑏𝐵
𝑁 = 222. If A discloses, B will make proposals consistent with the full information game: 

𝑏𝐵
𝐻 = 325 against 𝐴𝐻 or 𝑏𝐵

𝐿 = 100 against 𝐴𝐿. 

Directional: Player B will make an intermediate proposal when faced with hidden information, 

will make a higher proposal against 𝐴𝐻, and will make a lower proposal against 𝐴𝐿. 

Hypothesis 3: Settlement will be higher in the Treatment than in the Baseline. 

Point: The settlement rate for 𝐴𝐻 who reveal in the Treatment will be 100%. The settlement rate 

for 𝐴𝐿 will be 100% in the Treatment regardless of disclosure since B assumes any non-

disclosure to come from 𝐴𝐿. 

Directional: Settlement rates will be higher overall in the Treatment than in the Baseline. In 

particular, disclosure by 𝐴𝐻 will lead to higher settlement rates.  

Hypothesis 4: Payoffs will be higher in the Treatment than in the Baseline. 

Directional: We only make a directional hypothesis for this inference. We do not expect payoffs 

to closely match theoretical predictions, but the Treatment should lead to higher payoffs due to a 

higher overall settlement rate. 

6. RESULTS 

 We are interested in whether voluntary disclosure can increase settlement rates, so we 

first present disclosure data. Then we look at settlement rates and offer behavior. These data are 

broken down by treatment. Finally, we look at how the Treatment affected payoffs. 

Result 1: Disclosure is higher in the Treatment than in the Baseline for 𝑨𝑯 and not for 𝑨𝑳. 
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Table 16 summarizes the disclosure rates by treatment and Player A’s type. These are the 

average proportions of Player As who revealed their type. First, we see that 𝐴𝐻 consistently 

disclosed more frequently than 𝐴𝐿 (40% vs 16% in the Baseline and 60% vs 17% in the 

Treatment). This reflects 𝐴𝐿’s incentives to hide their type, though in the Treatment they are 

theoretically indifferent. More importantly, we also see a higher rate of disclosure for 𝐴𝐻 in the 

treatment over the baseline: it jumps from 40% in the Baseline to 60% in the Treatment, thus 

confirming our directional prediction. This difference is statistically significant as shown by the 

𝛽1 in Table 3 from our random effects regression. 𝐴𝐿 revealed 16% of the time in the Baseline 

and 17% of the time in the Treatment, and this difference is not significant as shown by 𝛽2 in 

Table 3. However, our point predictions of 0% disclosure in the Baseline and 100% disclosure in 

the Treatment were not borne out.  

Table 16: Aggregate Disclosure Rates 

Type Baseline Treatment Difference 
a 

𝐴𝐻 
(s.e.) 

𝜇𝐻𝐵 = 0.396  
(0.490) 

𝜇𝐻𝑇 = 0.601 
(0.491) 

𝛽1 = 1.11*** 

z = 4.96, p = .000 

𝐴𝐿 
(s.e.) 

𝜇𝐿𝐵 = 0.159 
(0.366) 

𝜇𝐿𝑇 = 0.169 
(0.375) 

𝛽2 = 0.05 
z = 0.23, p = .817 

a These results are from a random effects logit model of the form 𝐷𝑖𝑠𝑐𝑙𝑜𝑠𝑢𝑟𝑒𝑖,𝑡 = 𝛽0 + 𝛽1 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖 ∗ ℎ𝑖𝑔ℎ𝑖,𝑡 + 𝛽2 ∗

𝑡𝑟𝑒𝑎𝑡𝑖 ∗ 𝑙𝑜𝑤𝑖,𝑡 + 𝛽3 ∗ ℎ𝑖𝑔ℎ𝑖,𝑡 + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + 𝜖𝑖,𝑡 where 𝑡𝑟𝑒𝑎𝑡 is a dummy equal to 1 if the subject was in a 

Treatment session, ℎ𝑖𝑔ℎ is a dummy equal to 1 if the subject was a high type, and 𝑙𝑜𝑤 is a dummy equal to 1 if the 

subject was a low type. Standard errors were clustered by session. N = 1202. 

 

 

Result 2: B uses disclosed information in the Baseline to make better proposals. 

Theory predicts that B will make better proposals in the Baseline if information is 

revealed since this information comes before proposals are made. Table 17 shows the average 

proposal from B in the Baseline. Though the point predictions of 𝑏𝐵
𝐻 = 325 and 𝑏𝐵

𝐿 = 100 are 

not met, the directional prediction is. When B has no information, he makes an average proposal 

of 𝑏𝐵 = 229.64, which is close to the point prediction 𝑏𝐵
𝑁 = 222. When B has information 
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because A disclosed, B correctly proposes higher against 𝐴𝐻 with 𝑏𝐵
𝐻 = 374.62 and lower 

against 𝐴𝐿 with 𝑏𝐵
𝐿 = 169.48. Therefore, B does use that information to make better proposals to 

the arbitrator. 

Table 17: B’s Mean Proposals in the Baseline from R.E. Regression a 

When A Revealed 

Predicted Observed Mean H0: Diff from 𝑏𝐵 = 0 

𝑏𝐵
𝐻 = 325 𝑏𝐵

𝐻 = 374.62 z = 10.60, p = .000 

𝑏𝐵
𝐿 = 100 𝑏𝐵

𝐿 = 169.48 
 

z = -9.29, p = .000 

When A Did Not Reveal 

Predicted Observed Mean Significance 

𝑏𝐵
𝑆 = 175 or 𝑏𝐵

𝑁 = 222 𝑏𝐵 = 229.64 z = 29.15, p = .000 
a
 These results are from a random effects model with dummy variables of the form 𝑃𝑟𝑜𝑝𝑜𝑠𝑎𝑙𝑖,𝑡 = 𝛼0 + 𝛼1 ∗

𝑟𝑒𝑣𝑒𝑎𝑙𝑖 ∗ ℎ𝑖𝑔ℎ𝑖,𝑡 + 𝛼2 ∗ 𝑟𝑒𝑣𝑒𝑎𝑙𝑖 ∗ 𝑙𝑜𝑤𝑖,𝑡 + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + 𝜖𝑖,𝑡, with standard errors clustered by session. N = 

601. 

 

Result 3: Settlement is higher in the Treatment than in the Baseline. 

Table 18a shows the aggregate settlement rates by type and treatment. The Treatment 

sessions had modestly higher settlement rates: 61% vs 53% for 𝐴𝐻 and 85% vs 84% for 𝐴𝐿. The 

difference for 𝐴𝐻 is not quite significant when tested in a random effects logit regression, and the 

difference for 𝐴𝐿 is negligible. However, when we break settlement rates down by revelation, we 

see a stronger effect of the Treatment. Table 18b shows equilibrium-compatible behavior. In the 

Baseline, no one should reveal their private information, but in the Treatment 𝐴𝐻 should 100% 

of the time, so we compare the settlement rates of 𝐴𝐻 in the Baseline who did not reveal to the 

settlement rates of 𝐴𝐻 in the Treatment who did reveal. Though the point predictions are off 

(100% settlement is predicted when A reveals, but the actual settlement rate is between 71% and 

79%)
16

, there is a clear and significant increase in settlement for 𝐴𝐻 who follow equilibrium: 

settlement rates rise from 37% to 71%. In contrast, settlement rates for 𝐴𝐿 do not change much.  

                                                           
16

 Excess disputes, that is disputes not predicted under the theory, are quite common in a setting such as this. See, for 

example, Pecorino and Van Boening (2004, 2015).  
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Table 18a: Aggregate Settlement Rates 

Type Baseline Treatment Difference 
a 

𝐴𝐻 
(s.e.) 

0.526 

(0.033) 

0.606 

(0.035) 
𝛼1 = 0.324 

z = 1.47, p = .143 

𝐴𝐿 
(s.e.) 

0.841 

(0.019) 

0.854 

(0.018) 
𝛼2 = 0.131 

z = 0.35, p = .723 
a
 These results are from a random effects logit model of the form 𝑆𝑒𝑡𝑡𝑙𝑒𝑚𝑒𝑛𝑡𝑖,𝑡 = 𝛼0 + 𝛼1 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖 ∗ ℎ𝑖𝑔ℎ𝑖,𝑡 + 𝛼2 ∗

𝑡𝑟𝑒𝑎𝑡𝑖 ∗ 𝑙𝑜𝑤𝑖,𝑡 + 𝛼3 ∗ ℎ𝑖𝑔ℎ𝑖,𝑡 + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + 𝜖𝑖,𝑡 where 𝑡𝑟𝑒𝑎𝑡 is a dummy equal to 1 if the subject was in a 

Treatment session, ℎ𝑖𝑔ℎ is a dummy equal to 1 if the subject was a high type, and 𝑙𝑜𝑤 is a dummy equal to 1 if the 

subject was a low type. Standard errors were clustered by session. N = 1202. 

In general, revelation raises the AH settlement rate from about 40% to about 75% (Recall that 

under the mixed strategy equilibrium, some AH settle even absent information revelation), so, as 

Table 18c illustrates, it appears that revelation is driving the higher settlement rates for 𝐴𝐻 in 

both Baseline and Treatment. Players AL are always predicted to settle whether or not they 

reveal. Moreover, revelation appears to lower their settlement rate from about 87% to about 

75%. This puzzle can be explained by our analysis of offer behavior below. 

Table 18b: Settlement Rates Under Equilibrium-Compatible Decisions 

Type Baseline/No 

Reveal 

Treatment/Reveal Difference H0: Diff = 0 
a 

𝐴𝐻 
(s.e.) 

0.374 

(0.486) 

0.714 

(0.454) 

0.340 z = -5.46  

p = . 000 

𝐴𝐿 
(s.e.) 

0.865 

(0.342) 

0.794 

(0.407) 

-0.071 z = 1.50 

p = .133 
a 
Difference in Proportions tests. 

 

Table 18c: Aggregate Settlement Rates by Revelation 

 When A Revealed 

Type Baseline Treatment 

𝐴𝐻 
(s.e.) 

0.758 

(0.431) 

0.714 

(0.454) 

𝐴𝐿 
(s.e.) 

0.712 

(0.457) 

0.794 

(0.407) 

   

 When A Did Not Reveal 

𝐴𝐻 
(s.e.) 

0.374 

(0.486) 

0.443 

(0.500) 

𝐴𝐿 
(s.e.) 

0.865 

(0.342) 

0.866 

(0.342) 
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Next, we look at Offer behavior to explain some of the patterns we see in settlement rates. 

Table 19 has the mean offers by type, treatment, and revelation calculated with a random effects 

regression with dummy variables. The differences between B’s offer when A does not reveal and 

B’s offer to 𝐴𝐿 are substantial in both Baseline and Treatment (103.99 and 68.08, respectively), 

and these differences are highly significant. Since 𝐴𝐿 consistently receives a higher offer, which 

is more likely to be accepted, by not revealing, this could explain why disclosure leads to lower 

settlement rates for 𝐴𝐿. 

High disclosure rates by 𝐴𝐻 in the Baseline (where disclosure rate should be 0%) could also 

be explained by B’s offers. When 𝐴𝐻 reveals, B is predicted to offer 𝑂𝐻 = 375, which is the 

mean of the high distribution minus 𝐶𝐴 = 100, the cost of arbitration. However, B consistently 

offers an average of 𝑂𝐻 = 417.36, which contains 42.36 units of surplus. This surplus could 

incentivize 𝐴𝐻 to reveal even when predicted not to. 

Table 19: Mean Offers from R.E. Regression 
a 

When A Revealed 

Type Baseline Treatment 

𝐵𝐻 
(s.e.) 

417.36 

(10.35) 

416.10 

(11.28) 

𝐵𝐿 
(s.e.) 

217.97 

(8.71) 

235.63 

(8.99) 

   

𝐵𝐻 − 𝐵𝐿 +199.39 +180.47 

When A Did Not Reveal 

𝐵 
(s.e.) 

321.96 

(6.61) 

303.71 

(9.29) 

   

𝐵𝐻 − 𝐵 
H0: Diff = 0 

95.40 

z = 9.21, p = .000 

+112.39 

z = 9.96, p = .000 

   

𝐵𝐿 − 𝐵 
H0: Diff = 0 

-103.99 

z = -11.95, p = .000 

-68.08 

z = -7.58, p = .000 
a 
Means are from the random effects regression with dummy variables of the form 𝑂𝑓𝑓𝑒𝑟𝑖,𝑡 = 𝛽0 + 𝛽1 ∗ 𝑟𝑒𝑣𝑒𝑎𝑙 ∗

ℎ𝑖𝑔ℎ + 𝛽2 ∗ 𝑟𝑒𝑣𝑒𝑎𝑙 ∗ 𝑙𝑜𝑤 + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + 𝜖𝑖,𝑡, with standard errors clustered by session. N = 601 for each 

regression, one for Baseline and one for Treatment. 
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Result 4: Player B’s costs are lower in the Treatment than in the Baseline. 

Table 20 shows the mean payoffs for A and mean costs for B as obtained from random 

effects dummy variable regressions. The effects of the treatment were not significant for either 

𝐴𝐻 or 𝐴𝐿, but B was noticeably better off. B’s costs fell from 387.21 in the Baseline down to 

370.31 in the Treatment, which represents a gain of almost 17 cents per round for B. This reflects 

the gains from increased settlement (not having to pay the arbitration costs 𝐶𝐴 and 𝐶𝐵) and 

suggests that B is able to capture a significant portion of the surplus generated by that settlement.  

Tables 21a and 21b break down mean payoffs by whether or not A revealed. First, B’s lower 

cost in the Treatment was entirely driven by lower costs when A did not reveal. Second, A does 

better in the Treatment when revealing than in the Baseline. This is because, in the Baseline, A 

can be taken advantage of for revealing. 

Table 20: Mean payoffs/Costs Per Round from R.E. Regressions 

Type Baseline Treatment 

Payoff for 𝐴𝐻  
a 

 

414.58 

z = 9.90, p = .000 

408.56 

z = -0.74, p = .461 

Payoff for 𝐴𝐿 
a 

 

279.81 

z = 24.05, p = .000 

283.66 

z = 0.33, p = .000 

Cost for B 
b 387.21 

z = 58.24, p = .000 

370.31*** 

z = -2.97, p = .003 
a 
Means are from the random effects regression with dummy variables of the form 𝑃𝑟𝑜𝑓𝑖𝑡𝑖,𝑡 = 𝛽0 + 𝛽1 ∗ 𝑡𝑟𝑒𝑎𝑡 ∗

ℎ𝑖𝑔ℎ + 𝛽2 ∗ 𝑡𝑟𝑒𝑎𝑡 ∗ 𝑙𝑜𝑤 + 𝛽3 ∗ ℎ𝑖𝑔ℎ + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + 𝜖𝑖,𝑡. Standard errors were clustered by Session. N = 

1202. 
b 
Means are from the random effects regression with dummy variables of the form 𝑃𝑟𝑜𝑓𝑖𝑡𝑖,𝑡 = 𝛽0 + 𝛽1 ∗ 𝑡𝑟𝑒𝑎𝑡 +

∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + 𝜖𝑖,𝑡, with standard errors clustered by session. N = 1202. 
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Table 21a: Mean payoffs/Costs Per Round When A Revealed 

Type Baseline Treatment 

Payoff for H a 

 

419.11 

z = 59.45, p = .000 

420.01 

z = -0.08, p = .938 

Payoff for L a 

 

202.97 

z = 25.24, p = .000 

236.91*** 

z = 6.27, p = .000 

Cost for B against H b 

 

Cost for B against L b 

468.28 

z = 16.36, p = .000 

259.67 

z = 40.21, p = .000 

479.34 

z = 0.85, p = .394 

278.21 

z = 1.61, p = .107 
a 
Means are from the random effects regression with dummy variables for A of the form 𝑃𝑟𝑜𝑓𝑖𝑡𝑖,𝑡 = 𝛽0 + 𝛽1 ∗

𝑡𝑟𝑒𝑎𝑡 ∗ ℎ𝑖𝑔ℎ + 𝛽2 ∗ 𝑡𝑟𝑒𝑎𝑡 ∗ 𝑙𝑜𝑤 + 𝛽3 ∗ ℎ𝑖𝑔ℎ + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + 𝜖𝑖,𝑡. Standard errors were clustered by 

Session. N = 337. 
b 
Means are from the random effects regression with dummy variables for B of the form 𝑃𝑟𝑜𝑓𝑖𝑡𝑖,𝑡 = 𝛽0 + 𝛽1 ∗

𝑡𝑟𝑒𝑎𝑡 ∗ ℎ𝑖𝑔ℎ + 𝛽2 ∗ 𝑡𝑟𝑒𝑎𝑡 ∗ 𝑙𝑜𝑤 + 𝛽3 ∗ ℎ𝑖𝑔ℎ + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + 𝜖𝑖,𝑡. Standard errors were clustered by 

Session. N = 337. 

Table 21b: Mean payoffs/Costs Per Round When A Did Not Reveal 

Type Baseline Treatment 

Payoff for H a 

 

407.21 

z = 7.69, p = .000 

385.02 

z = -1.24, p = .214 

Payoff for La
 

 

292.79 

z = 25.50, p = .000 

290.20 

z = -0.19, p = .847 

Cost for B against H 
b 

 

Cost for B against L b 

530.89 

z = 22.15, p = .000 

323.49 

z = 39.44, p = .000 

501.27 

z = -1.39, p = .166 

320.41 

z = -0.37, p = .711 
a 
Means are from the random effects regression with dummy variables for A of the form 𝑃𝑟𝑜𝑓𝑖𝑡𝑖,𝑡 = 𝛽0 + 𝛽1 ∗

𝑡𝑟𝑒𝑎𝑡 ∗ ℎ𝑖𝑔ℎ + 𝛽2 ∗ 𝑡𝑟𝑒𝑎𝑡 ∗ 𝑙𝑜𝑤 + 𝛽3 ∗ ℎ𝑖𝑔ℎ + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + 𝜖𝑖,𝑡. Standard errors were clustered by 

Session. N = 865. 
b 
Means are from the random effects regression with dummy variables for B of the form 𝑃𝑟𝑜𝑓𝑖𝑡𝑖,𝑡 = 𝛽0 + 𝛽1 ∗

𝑡𝑟𝑒𝑎𝑡 ∗ ℎ𝑖𝑔ℎ + 𝛽2 ∗ 𝑡𝑟𝑒𝑎𝑡 ∗ 𝑙𝑜𝑤 + 𝛽3 ∗ ℎ𝑖𝑔ℎ + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + 𝜖𝑖,𝑡. Standard errors were clustered by 

Session. N = 337. 

 

7. CONCLUSION 

The timing of voluntary disclosures in FOA is critical. Theory suggests that a small 

alteration in the timing can have large effects on settlement rates in equilibrium. We find in 

practice that although players did not disclose in perfect accordance with theory, disclosure was 

more common in the treatment than in the baseline. About 40% of players disclosed when they 

were not supposed to and about 60% disclosed when they were. Further, the treatment is 

associated with higher settlement rates, especially for subjects who acted in an equilibrium-
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consistent manner. 𝐴𝐻’s who did not reveal in the baseline (consistent with theory) settled about 

37% of the time, compared to 𝐴𝐻’s who did reveal in the treatment settling about 71% of the 

time. As predicted by theory, B does successfully use revealed information in the Baseline to 

make better proposals to the arbitrator. Two unexpected findings, that 𝐴𝐻 revealed often in the 

Baseline and that disclosure reduced the settlement rate for 𝐴𝐿, are explained by high offers from 

B. Finally, Treatment sessions did not have significantly higher payoffs for A, but B did have 

significantly lower costs. This reflects the benefits of increased settlement due to disclosure. 
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4. SWITCHING ROLES IN EXPERIMENTS: LEARNING IN A SIGNALING GAME 

 

 

 

ABSTRACT 

 In games of asymmetric information, it can be difficult for subjects to understand the true 

position of their opponents. Theoretically, they should be able to take the information they are 

given and reason through their opponent's options, but in practice this could be quite demanding. 

A potential solution to this problem is to allow subjects to switch roles, thereby gaining an 

understanding of the other side of the table. In this paper, I look at the effect of role switching on 

the learning process in a simple signaling game of pretrial bargaining. 

1. INTRODUCTION 

A popular topic of study in experiments is learning. In theory, agents in an economic model 

are usually assumed to be perfectly rational. However, in practice, subjects in the lab have often 

been shown to initially make suboptimal decisions. Furthermore, subjects have also sometimes 

been shown to converge to optimal play over the course of an experiment. The extent of this 

learning process depends on the complexity of the task being performed, the number of rounds 

the subjects participate in, and many other factors. In this paper, we will look at the effect of 

switching roles on learning.  

My primary source of motivation comes from anomalous behavior in the screening and 

signaling experiment of Pecorino and Van Boening (2018). They find that the signaling game, in 
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which the informed player must make an offer to the uninformed player, is more cognitively 

demanding, even though the setting is quite similar to the screening game. By the end of the 

experiment, anomalous behavior in the screening game almost disappeared, but some anomalous 

behavior in the signaling game persisted. In the signaling game, B has to determine his beliefs 

about A’s type based on, among other things, A’s offer. A Player A with a high type should make 

a high offer, while those with a low type are predicted to split between making low offers and 

bluffing. They find that 𝐴𝐿s do not bluff effectively: their mean bluff is 418, while the mean 

separating offer from a high type is 445. However, they do not look at another possible measure 

of bluff success: acceptance rate. I look at the difference between bluffs and the mean separating 

offer from a high type as well as the acceptance rate of those bluffs. Twenty-two percent of 

offers from 𝐴𝐿 are anomalous "between" offers that should never be accepted. Likewise, Bs 

should reject these “between” offers, but they had a dispute rate of only 55%. The dispute rate 

fell to 43% in the latter rounds of their experiment, far from the predicted 100%.   

The poor bluffing and acceptance decisions suggest that subjects have a lack of 

understanding of their opponent’s position, as this behavior violates the refinement concept 

known as the test of dominated strategies (Kreps 1990). These anomalies suggest that learning 

happens effectively in the screening game, but that problems with learning exist in the signaling 

game. Pecorino and Van Boening propose switching subject roles as a potential solution to this 

problem. 

2. LITERATURE 

Pretrial bargaining has an extensive literature, which I will touch on briefly here. Bebchuk 

(1984) gave an early formal treatment of pretrial bargaining with asymmetric information. In this 

model, the defendant knows his probability p of success at trial, while the plaintiff does not, and 
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the award is a fixed, known value. This asymmetry over p is key in creating a theoretical basis 

for settlement failure. The plaintiff makes a take-it-or-leave-it offer to the defendant, who can 

only accept or reject. If the offer is rejected, they go to trial. Bebchuk used this model to show 

how changes in litigation costs, trial award amounts, and differences in law, such as who bears 

the burden of litigation costs, affect settlement. An important aspect of this model is that the 

party making the offer is the party that does not have private information, thus eliminating the 

possibility of the offer containing a signal. This paper left the possibility of information 

transmission unexplored. Reinganum and Wilde (1986) picked up from there by developing a 

model in which the informed party makes the offer. In their model, the probability of success at 

trial is common knowledge but the award, if successful, is only known to the plaintiff. Since the 

informed plaintiff makes the settlement demand, that demand sends a signal to the uninformed 

defendant about the value of award. These two models form the basis for much of the literature 

on asymmetric information in litigation. See Spier (2007), Daughety and Reinganum (2012), and 

Wickelgren (2013) for an overview. The model used in this paper is a simplified version of 

Reinganum and Wilde (1986). 

Models of litigation involving asymmetric information have been studied experimentally by 

Pecorino and Van Boening (2004, 2014, and 2015) and Sullivan (2016).
1
 The basis of this paper, 

however, is Pecorino and Van Boening (2018). They compared a screening game to a signaling 

game in the context of litigation with asymmetric information. These experiments are based on 

the Bebchuk (1984) and Reinganum and Wilde (1986) models, respectively. Of primary concern 

are the anomalous behaviors they found, where their signaling model produced more anomalous 

behavior in the lab than their screening model. The anomalies were poor bluffing behavior, some 

                                                           
1
 See Camerer and Talley (2007) and Croson (2009) for an overview of experiments in law and 

economics 
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poor offers, consistent acceptance of poor offers, and excess disputes. In comparison, anomalies 

in the second half of the screening game almost entirely disappeared, with the exception of 

excess disputes which persist. They suggest that these anomalies arise in the signaling game 

because it is a more cognitively demanding game, and suggest role switching as a possible 

solution. 

Less research has been done specifically on the topic of role switching, but there are some 

important examples in the literature. An early example is the two-stage ultimatum game 

employed by Binmore, Shaked, and Sutton (1985), in which one player makes the offer in the 

first stage and the other player makes the offer in the second stage. They found that experience in 

the other role lead players to take actions closer to equilibrium predictions. Some other examples 

using role reversal include Kahneman et al. (1986) and Bolton et al. (2000), and more recently 

Chai et al (2011), though they do not explore the ramifications of role reversal. In ultimatum and 

dictator games, it is common to have all subjects play both roles by creating a strategy profile 

simultaneously for both roles (e.g. Güth, Schmittberger, and Schwarze (1982), Oxoby and 

McLeish (2004), Blanco, Engelmann, and Normann (2011)). Iriberri and Rey-Biel (2011) test 

whether this method, which they call role uncertainty, affects outcomes in the dictator game. 

They find that role uncertainty increases altruistic behavior over situations in which players 

know their role beforehand. Charness and Rabin (2002) used role reversal to increase 

observations and made an explicit claim that this has no effect on subject behavior. However, 

this is disputed by Reichmann and Weimann (2003). They found that subjects believe they are 

playing one large game instead of two small, independent games when role reversal is used, and 

that a change from one opponent to another does not matter. Burks et al. (2003) did a direct 

comparison between a single-role and role switching trust game and found that trust and 
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reciprocity are both affected by switching roles. Recently, Costa-Gomes, Ju, and Li (2018) 

compared the strategy method in an ultimatum game to a sequential game, in which players take 

one role first and then the other. They find that players in the sequential game are much more 

likely to treat others how they would like to be treated.  

There is ample evidence that switching roles can have significant effects on subject behavior, 

but it is far from a decided issue. Further, most explorations of this topic have been done in the 

context of ultimatum, dictator, and trust games. Adding to the limited investigations on the topic 

of role switching, especially in the context of litigation and its effects on learning, is a significant 

contribution of this paper. 

3. MODEL 

My discussion of the two-type signaling game closely follows Pecorino and Van Boening 

(2018). There is an informed player A and an uninformed player B and a dispute over a transfer 

of wealth from B to A. Player A is given the opportunity to make an offer to B. If B rejects the 

offer, they proceed to trial to determine the transfer. Player A is either, 𝐴𝐻 with a strong case, or 

𝐴𝐿, with a weak case. If the players proceed to trial, A receives judgement 𝐽𝑖 from B, where 

𝑖 = 𝐻, 𝐿 and 𝐽𝐻 > 𝐽𝐿, and players pay their respective court costs, 𝐶𝐴 and 𝐶𝐵. The steps of the 

game are as follows: 

1. Player A’s type is determined. A’s type is 𝐴𝐻 with probability 𝑞 and 𝐴𝐿 with probability 

1 − 𝑞. Player A knows her type, but B only knows the probability 𝑞. 

2. Player A makes a demand of 𝑂𝐴 to player B.  

3. Player B accepts or rejects the demand. If B accepts, A receives 𝑂𝐴 and B receives -𝑂𝐴 

(pays 𝑂𝐴 to A).  
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4. If B rejects the demand, the players proceed to trial. A receives 𝐽𝑖 − 𝐶𝐴 and B receives 

−(𝐽𝑖 + 𝐶𝐵), where 𝑖 = 𝐻, 𝐿. 

Signaling games are plagued by multiple equilibria. The literature uses the refinement 

concept D1 to eliminate all but a pure strategy separating equilibrium.
2
 However, because this 

concept is not validated empirically, predictions for a semi-pooling equilibrium are used instead.
3
 

Though this is a game of asymmetric information, it is helpful to look at the full information 

case. If B knows A's type, A makes the following demands: 

 𝑂𝐴
𝐿  =  𝐽𝐿  +  𝐶𝐵 ( 1 ) 

   

 𝑂𝐴
𝐻  =  𝐽𝐻  +  𝐶𝐵 ( 2 ) 

These are B's payoffs at trial. A makes these demands since they make B indifferent between 

accepting and going to trial. Theoretically, A does not need to offer B any of the surplus gained 

from avoiding trial (𝐶𝐴 + 𝐶𝐵), but in practice A may offer B some of that surplus. 

 In the semi-pooling equilibrium, all 𝐴𝐻s demand 𝑂𝐴
𝑆, where 𝐽𝐻 − 𝐶𝐴 ≤  𝑂𝐴

𝑆 < 𝑂𝐴
𝐻. Some 

𝐴𝐿s will bluff and also demand 𝑂𝐴
𝑆. Thus, 𝐴𝐿 uses a mixed strategy in which she makes a 

revealing demand of 𝑂𝐴
𝐿 with probability 1 − 𝑏 and bluffs by demanding 𝑂𝐴

𝑆 with probability 𝑏. 

To support this equilibrium, A must be indifferent between bluffing and not bluffing, and Bs 

must be indifferent between accepting and rejecting 𝑂𝐴
𝑆. A is indifferent when the probability that 

𝑂𝐴
𝑆 gets rejected, r, is: 

 
𝑟 =

𝑂𝐴
𝑆 − 𝐽𝐿 − 𝐶𝐵

𝑂𝐴
𝑆 − 𝐽𝐿 + 𝐶𝐴

 ( 3 ) 

                                                           
2
 See Cho and Kreps (1987). 

3
 See Brandts and Holt (1992), Banks et al. (1994), and Cooper et al. (1997) for experiments on 

refinement concepts. 



   
 

56 

 

   

This gives the acceptance rate a = 1 – r. B is indifferent when the probability that A bluffs is: 

 𝑏 = (
𝑞

1 − 𝑞
) 

𝐽𝐻 + 𝐶𝐵 − 𝑂𝐴
𝑆

𝑂𝐴
𝑆 − 𝐽𝐿 − 𝐶𝐵

 ( 4 ) 

 First, two minor considerations. B should accept all demands less than 𝑂𝐴
𝐿 since B can’t 

do better than that at trial, and B should reject all demands greater than 𝑂𝐴
𝐻 since that is the worst 

B can do at trial. There are a few implications of this equilibrium that are important for the 

experimental analysis done in this paper. First, any demand between 𝐽𝐻 − 𝐶𝐴 and 𝑂𝐴
𝐻 not equal to 

𝑂𝐴
𝑆 will be assumed to be from 𝐴𝐿 and rejected. Also, B should always reject any demand 𝑂𝐴 

such that 𝑂𝐴
𝐿 < 𝑂𝐴 < 𝐽𝐻 − 𝐶𝐴 due to the test of dominated strategies.

4
 This is because any 

demand in this range is dominated for 𝐴𝐻 by 𝐽𝐻 − 𝐶𝐴, so B knows 𝐴𝐻 will never make this 

demand. Since these demands are higher than what B would pay at trial against 𝐴𝐿, B always 

rejects. These demands will never be accepted, so 𝐴𝐿 will not make them.  

 These last two points form the basis for two of the anomalies studied in this paper. Both 

between demands, 𝑂𝐴
𝐿 < 𝑂𝐴 < 𝐽𝐻 − 𝐶𝐴, and poor bluffs, 𝑂𝐴 ≠ 𝑂𝐴

𝑆, should not a occur, but both 

do in Pecorino and Van Boening (2018). In this paper, I test whether role switching will reduce 

the occurrence of these anomalies.  

4. EXPERIMENTAL DESIGN 

I am interested in whether, and how quickly, subjects converge to behavior predicted by 

theory. In particular, I want to study if role switching has an effect on subject learning. To test 

this, my experiment has Baseline and Treatment sessions. In the Baseline sessions, subjects play 

the signaling game and maintain their roles, either A or B, throughout the experiment. In the 

                                                           
4
 Kreps 1990 p. 436 
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Treatment sessions, subjects are assigned a role, maintain those roles through half of the rounds 

of the session, and then switch roles for the remaining half so that As become Bs and Bs become 

As. Subjects are not told the number of rounds beforehand, nor are they told about the switch 

until the second half of the session. In order to keep the treatments as similar as possible, the 

Baseline sessions include a pause after half of the rounds are finished to simulate the pause that 

must occur in the middle of the Treatment sessions. All sessions were 30 rounds, so the switch 

happened after round 15. There were no practice rounds, and the instructions contained two 

example rounds with randomly chosen values. 

 Subjects in both Baseline and Treatment sessions received the same initial instructions 

which outlined the steps in a round. A round consists of the following 6 steps.   

1. Player A and Player B are randomly and anonymously paired.   

2. The computer randomly assigns Player A an outcome: outcome L or outcome H.  

Outcome L has a 2/3 or 67% chance of occurring and outcome H has a 1/3 or 33% 

chance of occurring.  Only Player A knows the outcome chosen by the computer.  

Player B knows only the probabilities of each outcome occurring. 

3. After the outcome is determined, Player A decides on a demand to submit to Player B.  

This demand may be any number between (and including) 0 and 699. 

4. Player A’s demand is then communicated to Player B by the computer. Player B is 

given a few moments to decide whether or not to accept the demand.  Player B’s 

decision is then communicated to Player A. 

5. If Player B accepts Player A’s demand, then the round is over for that pair.   

  Players A’s Payoff for the round = Player A’s demand  

  Player B’s Cost for the round = Player A’s demand. 



   
 

58 

 

6. If Player B does not accept A's demand, both A and B incur a fee of 75. A’s payoff and 

B’s cost for the round depend on the outcome and the fees: 

Outcome L.   

 Player A’s Payoff for the round =  150 – 75 = 75  

 Player B’s Cost for the round = 150 + 75 = 225  

Outcome H.  

  Player A’s Payoff for the round =  450 – 75 = 375  

 Player B’s Cost for the round = 450 + 75 = 525. 

 The description above is close to the instructions that the subjects were given. They 

received a physical copy, the instructions were listed on their screen, and the instructions were 

read aloud to them. Subjects were separated into two adjacent rooms, one for As and one for Bs. 

They were allowed to ask questions at any point during the session. Player B was always given a 

lump sum of 7100 experimental units for the first half of the session in both Baseline and 

Treatment. In Baseline sessions, after round 15 subjects were given a short break and told that 

Player B would be given a new lump sum, but that steps in the round would be the same in the 

second half. The lump sum in the second half was always 6900 experimental units in both 

Baseline and Treatment. These were slightly different because A was not told the amount of the 

lump sum, so new As, who had been Bs, after the switch in the Treatment would not know the 

lump sum the new Bs faced. Under the standard theory, the amount of the endowment or whether 

the endowment is common knowledge has no effect on the predictions of the model. However, 

this was done so that subjects would not attempt to simply split the endowment. Also, people at 

trial usually do not have precise information about the financial position of the opposition. In 

Treatment sessions, after round 15 subjects switched roles. Rounds were then played as before, 
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with former Player As as Bs and former Player Bs as As. Subjects were paid for all sessions with 

a conversion rate of $1 = 200 experimental units. All procedures were done using z-Tree, 

designed by Urs Fischbacher (2007). 

 All subjects were Undergraduates at the University of Alabama. All sessions were 

conducted at computers in The Interactive Decision Experiment Lab in the Culverhouse College 

of Business at the University of Alabama. A total of 102 subjects were recruited: 54 for the 

Baseline and 48 for the Treatment. Table 22 summarizes the sessions. 

Table 22: Session Summary 

Session Session Type Pairs Rounds Observations 

1 Baseline 9 30 270 

2 Baseline 5 30 150 

3 Baseline 7 30 210 

4 Baseline 6 30 180 

5 Treatment 9 30 270 

6 Treatment 9 30 270 

7 Treatment 6 30 180 

 

 In this experiment the parameters from Pecorino and Van Boening (2018) were used: 

𝐽𝐿 = $1.50, 𝐽𝐻 = $4.50, 𝑞 =  1/3, and 𝐶𝐴  =  𝐶𝐵  =  $0.75. These parameter values imply the 

theoretical predictions about behavior given in Table 23. 
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Table 23: Predictions 

Demand Acceptance Rate B’s Decision 

𝐴𝐿: 𝑂𝐴
𝐿 = 225 𝐴𝐿: 100-75% B accepts 

𝑂𝐴 ≤ 225, and 

accepts  

𝑂𝐴
𝑆 ∈ [375,525] 

at rate a. 

 𝑂𝐴
𝑆 ∈ [375,525] 𝐴𝐻: 33-50% 

𝐴𝐻: 𝑂𝐴
𝑆 ∈ [375,525] 𝐴: 67-88% 

 

 Since there is not a unique semi-pooling equilibrium, 𝐴𝐻 demands and 𝐴𝐿 bluffs 

anywhere in the range of 𝑂𝐴
𝑆 ∈ [375,525] are consistent with such an equilibrium. The 

prediction that 𝐴𝐿 demands 225 assumes that she can capture all of the surplus from settlement. 

The ultimatum game literature suggests that this is not true, as A will have to offer B some 

surplus to have her demand accepted. Thus, any demand between 75 and 225 will be considered 

a revealing demand as they result in a positive surplus for both players. I define between 

demands, in line with Pecorino and Van Boening (2018), as 225 < 𝑂𝐴 < 375 for any A type. 

These demands are not consistent with theory, but the existence of these demands is significant, 

as noted earlier. I also test if As bluff effectively by comparing 𝑂𝐴
𝑆 from 𝐴𝐿 to 𝑂𝐴

𝑆 from 𝐴𝐻. These 

should be equal. Finally, I test if B accepts the between demands as defined above. The 

acceptance rate on these demands should be 0%.  

5. RESULTS 

Three anomalies are of interest in this paper: poor bluffing, between demands, and 

acceptance of between demands. To test the effectiveness of 𝐴𝐿s bluffs, I look at two measures: 

the acceptance rate of those bluffs, and how closely those demands resemble demands from true 
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𝐴𝐻s. I consider any demand 375 ≤ 𝑂𝐴
𝐿 ≤ 525 to be a bluff. In Table 24a, I give the average 

demands that were in that range, the difference between the average demand from 𝐴𝐻 and the 

average bluff, and the acceptance rates, denoted 𝛼. Table 24b gives the proportion of bluffs.  

Table 24a: Average Demands where 𝟑𝟕𝟓 ≤ 𝑶𝑨 ≤ 𝟓𝟐𝟓 

Baseline 

Periods High Type Low Type |𝑂𝐴
𝐻̅̅ ̅̅ − 𝑂𝐴

𝐿̅̅̅̅ | 

1-15 

𝑂𝐴
𝐻 = 462.33 𝑂𝐴

𝐿 = 452.85 

9.48 
𝛼 = 27.17% 𝛼 = 34.15% 

16-30 

𝑂𝐴
𝐻 = 463.17 𝑂𝐴

𝐿 = 434.44 

28.73 
𝛼 = 22.61% 𝛼 = 37.70% 

Treatment 

1-15 

𝑂𝐴
𝐻 = 455.55 𝑂𝐴

𝐿 = 451.04 

4.51 
𝛼 = 25.27% 𝛼 = 16.44% 

16-30 

𝑂𝐴
𝐻 = 447.49 𝑂𝐴

𝐿 = 427.44 

20.05 
𝛼 = 32.22% 𝛼 = 35.48% 

𝛼 = acceptance rate 

 

 

 

Table 24b: Bluffing Rates for Low Types 

Periods Baseline Treatment 

1-15 16.21% 31.47% 

16-30 22.85% 25.10% 

 

First, 𝐴𝐿 always made lower demands on average than 𝐴𝐻. The lower demands from 𝐴𝐿s also 

almost always have a higher acceptance rate, suggesting that B is failing to sniff them out. 
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Second, the Treatment has a smaller gap between bluffs and 𝑂𝐴
𝐻 than the Baseline (9.48 vs 4.51 

and 28.73 vs 20.05). Strangely, the gap increases in both treatments. Third, acceptance rates 

increase in the latter half of sessions, suggesting that 𝐴𝐿s are getting better at bluffing. The 

increase in the acceptance rate of bluffs is much more substantial in the Treatment, but this could 

be explained by the fact that the Baseline subjects started with much higher acceptance rates. 

Thirty-three percent is the lower bound on the predicted acceptance rate, and both the Baseline 

and Treatment subjects got close to that by the end (38% and 35%, respectively).  

As discussed above, there are two ways to think about bluffing success: How closely 𝐴𝐿 

bluffs matched 𝐴𝐻 demands and how often bluffs were accepted. If bluffs were identical to 𝐴𝐻 

demands, we’d expect their acceptance rates to match. However, if the bluffs are off but are still 

being accepted, it suggests that B is unable to tell the difference. In this case, the bluffs are 

successful. 

To test the difference between bluffs and 𝑂𝐴
𝐻, I construct 𝛿𝑖,𝑡 and define it as the per 

round difference between Player i’s bluff and the average genuine 𝑂𝐴
𝐻 for Player i’s session. In 

the first random effects regression, I compare 𝛿𝑖,𝑡from the first half of the Baseline to 𝛿𝑖,𝑡 from 

the second half of the Treatment. This is because in both cases, As have the same amount of 

experience in the role of A, and the only difference is that As in the Treatment have experience as 

Bs. In the second regression, I compare the last half of the Baseline sessions to the last half of the 

Treatment sessions. In this case, both sets of As have the same number of rounds of experience, 

but in the Treatment, that experience is as Player B. 
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Table 25: Random Effects Models for 𝜹5 

1-15 Base vs 16-30 Treat 16-30 Base vs 16-30 Treat 

Coefficient Value Coefficient Value 

𝛽0 32.58*** 

z = 8.94, p = .000 
𝛽0 55.47*** 

z = 5.55, p = .000 

𝛽1 12.53 

z = 0.72, p = .474 
𝛽1 -6.67 

z = -0.65, p = .515 

 

Table 26: Random Effects Logit Model for 𝜶6 

Coefficient Value 

𝜃0 -0.158 

z = -0.24, p = .808 

𝜃1 0.579 

z = 0.63, p = .527 

𝜃2 -1.31*** 

z = -3.30, p = .001 

𝜃3 1.27** 

z = 2.50, p = .012 

 

Tables 25 and 26 show the results from the random effects regression. I see no effect of 

the treatment on 𝛿𝑖,𝑡 as indicated by the lack of significance on the coefficients 𝛽1 in both 

regressions. In other words, the treatment did not cause 𝐴𝐿s to make demands closer to the 

average demand from 𝐴𝐻. However, the effect of treatment on the acceptance of bluffs, seen in 

                                                           
5
The model is a random effects regression of the form 𝛿𝑖,𝑡 = 𝛽0 + 𝛽1 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖,𝑡 + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖

𝑁
𝑖=1 +

∑ µ𝑗 ∗ 𝑃𝑒𝑟𝑖𝑜𝑑𝑗,𝑡
𝑀
𝑗=1 + 𝜖𝑖,𝑡. 

6 The model is a random effects logit regression of the form 𝛼𝑖,𝑡 = 𝜃0 + 𝜃1 ∗ 𝐻𝑎𝑙𝑓𝑖,𝑡 + 𝜃2 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖,𝑡 + 𝜃3 ∗ 𝐻𝑎𝑙𝑓𝑖,𝑡 ∗

𝑡𝑟𝑒𝑎𝑡𝑖,𝑡 + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖
𝑁
𝑖=1 + ∑ µ𝑗 ∗ 𝑃𝑒𝑟𝑖𝑜𝑑𝑗,𝑡

𝑀
𝑗=1 + 𝜖𝑖,𝑡, where Half is a dummy equal to one if in the latter half of 

the session and treat is a dummy equal to one if in the Treatment. 
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Table 26, is significant. 𝜃2 is negative because, over all, acceptance rates were lower in 

Treatment sessions. However, 𝜃3 represents the difference in the change of acceptance rates from 

the first half to the second half of the sessions between Baseline and Treatment. Since this 

coefficient is positive and strongly significant, I conclude that having been in the role of B in the 

first half of a session made As learn how to bluff much more effectively than simply having 

previous experience as a Player A. However, this result is diminished by the fact that, when 

looking at raw average acceptance rates, subjects in the Baseline were significantly better 

bluffers to start (having an acceptance rate of 34% in the first half). They did not have much 

room to improve, whereas the Treatment subjects caught up to them (going from 16% to 35%). 

 The combination of these two results suggests a puzzle: B rewards lower demands with a 

higher acceptance rate despite those demands being more likely to be from 𝐴𝐿. It is possible that 

B suspects the lower demands might be bluffs but is too timid to call them, especially since the 

lower the demand, the smaller the difference between it and what B would pay at trial against 𝐴𝐿 

(225) and the bigger the difference between it and what B would have to pay against 𝐴𝐻 (525). 

Table 27: Between Demand (𝟐𝟐𝟓 < 𝑶𝑨 < 𝟑𝟕𝟓) and Acceptance Frequencies 

 Baseline Treatment 

Periods 𝐴𝐻 𝐴𝐿 Accepted 𝐴𝐻 𝐴𝐿 Accepted 

1-15 15.13% 22.53% 50.00% 10.94% 16.38% 51.92% 

16-30 2.90% 17.98% 46.15% 13.27% 29.96% 32.58% 
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Table 28a: Random Effects Models for Between Demands by 𝑨𝑳
7 

1-15 Base vs 16-30 Treat 16-30 Base vs 16-30 Treat 

Coefficient Value Coefficient Value 

𝑏0 -1.775** 

z = -2.54, p = .011 
𝑏0 -2.759*** 

z = -4.78, p = .000 

𝑏1 0.373 

z = 0.30, p = .765 
𝑏1 1.096*** 

z = 2.64, p = .008 

 

Table 28b: Random Effects Models for Between Demands by 𝑨𝑯 

1-15 Base vs 16-30 Treat 16-30 Base vs 16-30 Treat 

Coefficient Value Coefficient Value 

𝑏0 -2.661* 

z = -1.70, p = .089 
𝑏0 -5.812** 

z = -2.49, p = .013 

𝑏1 -0.975 

z = -0.48, p = .634 
𝑏1 2.989* 

z = 5.24, p = .000 

 

The other two anomalies, between demands and the acceptance of between demands, 

should be analyzed together. In theory, 𝐴𝐿 should not make between demands because 𝐵 will 

reject them. However, if B accepts these demands, 𝐴𝐿 can be better off by making them. Table 

27 shows that this is exactly the case for the Baseline. Between demands from 𝐴𝐻 decline 

significantly in the Baseline, from 15% to 3%, because they are strictly worse for 𝐴𝐻 than going 

to trial, but between demands from 𝐴𝐿 decline much less, from 23% to 18%, because, if they are 

accepted, they make 𝐴𝐿 better off than trial, and B continues to accept them at an extremely high 

rate of almost 50%. Oddly, in the Treatment we see the reverse. Between demands increase  

                                                           
7 The model is a random effects logit regression of the form 𝐵𝑒𝑡𝑤𝑒𝑒𝑛𝑖,𝑡 = 𝑏0 + 𝑏1 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖,𝑡 + ∑ 𝛾𝑖 ∗𝑁

𝑖=1

𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖 + ∑ µ𝑗 ∗ 𝑃𝑒𝑟𝑖𝑜𝑑𝑗,𝑡
𝑀
𝑗=1 + 𝜖𝑖,𝑡. This is also used for Table 7b. 
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while the acceptance of them decreases. There is more learning about making between demands 

from experience in the same role. However, I also find that the acceptance of between demands 

persists in the Baseline, going from 50% to 46%, whereas it decreases more in the Treatment, 

from 52% to 33%. Therefore, there is more learning about acceptance of between demands from 

experience in the opposite role. 

 The random effects regressions in Tables 28a and 28b tell the same story. The treatment 

often doesn’t have a significant effect, but when it does, it actually increases the prevalence of 

between demands. Table 29 shows the results of the random effects regression on the acceptance 

of between demands. When I compare the first 15 rounds of the Baseline to the last 15 of the 

Treatment, I find that role switching reduced the acceptance of between demands. The 

comparison between the last 15 rounds of both the Baseline and Treatment also shows that role 

switching reduced the acceptances of these demands, but the result is less significant.  

Table 29: Random Effects Models for Acceptance of Between Demands
8
 

1-15 Base vs 16-30 Treat 16-30 Base vs 16-30 Treat 

Coefficient Value Coefficient Value 

𝜎0 2.350 

z = 1.55, p = .121 
𝜎0 0.950 

z = 0.81, p = .419 

𝜎1 -3.203* 

z = -1.68, p = .093 
𝜎1 -2.141 

z = -1.53, p = .127 

 

Why were between demands accepted at such high frequencies? It’s possible that, if 

enough high types make between demands, the expected cost of rejecting a between demand 

                                                           
8 The model is a random effects logit regression of the form 𝐴𝑐𝑐𝑒𝑝𝑡𝑖,𝑡 = 𝜎0 + 𝜎1 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖,𝑡 + ∑ 𝛾𝑖 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑖

𝑁
𝑖=1 +

∑ µ𝑗 ∗ 𝑃𝑒𝑟𝑖𝑜𝑑𝑗,𝑡
𝑀
𝑗=1 + 𝜖𝑖,𝑡. 
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could be higher than the particular between demand that B is facing. Table 30 shows the 

proportion of between demands that were from high types, as well as the resulting expected cost 

of rejecting a between demand and the proportion of between demands that were less than that 

expected cost. In all but Periods 16-30 of the Baseline, the percentage of between demands that 

were good deals was substantial. However, this does not explain all of the acceptance behavior, 

since the acceptance rates on these demands (see Table 6) were higher than the proportion that 

were good deals. Some demands that were below the expected cost of rejecting them (and going 

to trial) were accepted. 

Table 30: Proportion of Between Demands from 𝑨𝑯 

Baseline 

Periods Proportion Expected Cost of 

Reject 

Proportion of 

Demands < E(cost) 

1-15 29% 312 39% 

16-30 8% 249 9% 

 

Treatment 

Periods Proportion Expected Cost of 

Reject 

Proportion of 

Demands < E(cost) 

1-15 27% 306 41% 

16-30 17% 276 23% 

 

6. CONCLUSION 

 Switching roles can facilitate learning by allowing subjects to become more intimately 

familiar with the role of their opponent. It is important to understand the implications of allowing 

subjects to experience other roles, as it could affect behavior substantially. In this paper, I study 

the effects of role switching on the presence of anomalous behavior in a simple signaling game. 
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Though researchers disagree on the significance of these effects, this paper does find that it 

matters.  

 Pecorino and Van Boening (2018) found three types of anomalous behavior: poor 

bluffing, between demands, and acceptance of between demands. In this paper, I show that role 

switching does not lead to bluffs that are closer to the genuine high type value, but that it does 

lead to an increase in the acceptance rate of bluffs. This provides some evidence that bluffs do 

improve when roles are switched. However, bluffs get worse in terms of deviance from genuine 

high type demands in the latter half of both the Baseline and Treatment. Overall, role switching 

does not have much effect on bluffing. Learning to bluff is difficult.
9
 I also find that role 

switching actually causes between demands to increase, while experience in the same role 

decreases the frequency of these anomalous demands. Finally, role switching has a strong and 

significant effect of decreases in the acceptance of between demands. Over all, role switching did 

not eliminate all of the anomalies found in this simplified signaling game, but it did have a 

significant effect on behavior. Thus, one should be cautious when allowing subjects to play 

multiple roles in a pre-trial bargaining experiment. 

  

                                                           
9
 For another example, see Van Essen and Wooders (2015). They studied a stylized poker game and found bluff 

frequency to persistently deviate from equilibrium predictions. 
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5. CONCLUSION 

 In this dissertation, I present three essays analyzing asymmetric information in the 

context of laboratory experiments. The first essay is an experiment on explicit information 

transfer in the context of a Cournot Duopoly. The second studies the effects of the timing of 

information disclosure on disclosure and settlement rates in the context of Final Offer 

Arbitration. The third uses role switching to attempt to reduce anomalous behavior in a pretrial 

bargaining signaling game. 

 In the first essay, I find that subjects are willing to reveal private information more 

frequently when predicted to do so than when not (43% vs 50%), but the effect is small. The 

effect on information sharing on consumer welfare depended on the capacity of the firm: when 

the entrant is capacity constrained, information sharing increases consumer welfare. When not 

constrained, information sharing reduces consumer welfare. 

 In the second essay, I find that the timing of information revelation is important. Simply 

moving the information revelation step from before to after proposal are submitted to the 

arbitrator in Final Offer Arbitration causes theory to predict revelation to go from 0% to 100% 

for high types, and the experimental results show an increase in disclosure between these settings 

(40% to 60%). This information disclosure also lead to higher settlement rates, from 37% to 71% 

for subjects who conformed to equilibrium predictions.  

 In the third essay, I find that role switching does not mitigate all anomalous behavior in a 

pretrial bargaining signaling game, and it even makes some anomalies worse. Role switching 

does not lead to bluffs that are closer to a genuine high type, but does lead to a higher acceptance 

rate on bluffs. Overall, it does not have much effect on bluffing. Role switching actually 
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increases the prevalence of between demands relative to experience in the same role. Finally, 

role switching had a strong and significant effect of decreasing the acceptance of between 

demands. 

 Overall, I find that information asymmetries are difficult to overcome. People are often 

reluctant to reveal private information, even when incentivized to do so, and they often do not 

understand the position of their opponent. Since information disclosure can be very beneficial 

when it does occur, institutions should be designed to encourage it.  
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