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Abstract
We conduct a series of laboratory experiments to understand if gradual exogenous revelation of sellers’ private information influences how trades occur in both
the competitive market and bilateral bargaining settings where a static lemon condition holds. Our experiments implement the Daley and Green (2012, 2020) models
and we vary the number of buyers and quality of information across treatments.
In both settings, buyers benefit from information revelation since it reduces the
likelihood that low quality sellers continue to mimic high quality sellers, although
only in the bilateral bargaining do buyers respond differently to the quality of information. Moreover, information revelation does not improve efficiency in either
setting since buyers tend to wait for more news signals, delaying trade. While there
is a quantitative deviation in the rate of experimentation between Daley and Green
(2020) and our experimental results, we show that introducing inequality averse
preference can diminish the gap markedly.
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Introduction

Most goods traded in the economy do so in settings where there is one-sided private
information. Often the seller has greater information related to product quality than the
buyer(s), and inefficient delays to the time in which trades are made either via bilateral
bargaining or in competitive markets can occur. In an incomplete information setting,
delays can be viewed as a strategic bargaining tactic that serves as a signaling or screening
device.1 Moreover, during periods of delay, new information may come to light regarding
product quality, and everyone involved in the exchange anticipates this event.
In two recent papers, Daley and Green (2012, 2020) formally explore how gradual,
exogenous public revelation of sellers’ private information influences the length of delay
in price negotiations in competitive market and bilateral bargaining settings where a
static lemon condition holds.2 This form of information can have mixed impacts on
trade efficiency. On the one hand, this information may help improve efficiency, since it
eventually reveals the seller’s type and leads all sellers to trade in equilibrium. On the
other hand, this information may decrease efficiency as it creates an incentive for buyers
to wait for more information, delaying trade. High quality sellers also have an incentive
to wait until their type is clearly revealed to bargain for an improved offer, whereas low
quality sellers may choose to mimic high type sellers and a no-trade period emerges in
equilibrium.
To the best of our knowledge, this paper is the first to experimentally examine bargaining dynamics in the market for lemon when time-varying stochastic information on
product quality is revealed. We run six treatments that vary the number of buyers and
the quality of information. In both bilateral bargaining and competitive market settings,
we find that buyers can more effectively screen when noisy information gradually reveals
the seller’s type. In response, low quality sellers are less likely to mimic high quality
sellers and more willing to accept divisions that propose smaller shares of the surplus,
compared to treatments where no information is provided. However, only in the bilateral bargaining sessions do buyers respond differently to the quality of information. In
the competitive marke setting we do not find significant differences in buyer screening
behavior between information quality treatments. We postulate that responses from competition between the buyers to reach a deal leads them to engage in a similar screening
process offsetting any differential benefits from the news process. Finally, we find that
1

For instance, Deneckere and Liang (2006) formally study a bilateral bargaining model in which
buyers can use delay to screen seller types.
2
Bargaining dynamics are sensitive to whether the environment allows information to be gradually
revealed or if information is only provided at a single point in time. In the latter environment, buyers
will update their belief immediately when receiving the information, and then the equilibrium collapses
to the case in which no information is provided.
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information revelation does not improve efficiency in either setting since buyers tend to
wait for more news signals, delaying trade.
An interesting prediction of Daley and Green (2020) is that when information is
gradually revealed, buyers in the bilateral bargaining will engage in a form of costly
experimentation by making offers that are sure to earn themselves negative payoffs if
accepted. Buyers would like to employ this experimentation strategy, since if their offer
gets rejected, their belief is quickly updated, thereby accelerating the screening process.
The potential cost of a deal reached with a low quality seller could be compensated by the
potential benefit by reaching an earlier deal with a high quality seller.3 In the laboratory,
however, we find that buyers appear reluctant to engage in experimentation as predicted.
Information benefits buyers by improving their ability to screen low quality sellers, but it
does not facilitate their interactions with high quality sellers. Motivated by the structure
of deals that buyers and sellers make within the laboratory, we modify Daley and Green
(2020) to allow both buyers and sellers to have inequality averse preferences. Using the
laboratory data, we structurally estimate the subject’s sensitivity to inequality aversion
parameter and then conduct a series of policy simulations to further explore how the
bargaining dynamics would change across the treatments. Evidence obtained from simulations of the structural model line up more closely with the data we collected in the
laboratory, thereby indicating that incorporating an inequality aversion consideration can
improve our understanding for the lower rates of experimentation. However, statistically
significant quantitative deviations remain both in the bargaining duration with low quality sellers and in the amount of the buyer’s initial offer indicating that this extension of
Daley and Green (2020) can not fully account for the buyers’ screening process in the
laboratory.
Further, we find that when information is not provided, buyers in both bilateral
bargaining and competitive markets increase their offers more quickly and reach deals
earlier than predicted. We observe that buyers experience a loss in 48.3% and 92.7% of
transactions made with a low quality seller in these respective sessions. When information
is introduced, this phenomenon is mitigated in the bilateral bargaining setting, but buyers
in the competitive marketing setting still bid aggressively and 50% of the deals reached
with low quality sellers continue to yield a loss. We postulate that competition between
the buyers in the market setting not only shifts the bargaining power from the buyer’s
side to the seller’s side, but also induces behavior such as an instantaneous joy of winning
for the buyer whose offer is accepted.
Finally, we conduct an econometric analysis of the data focusing on the trajectory of
3

Buyers in the competitive markets will not engage in experimentation since the competition between
buyers drives their expected profit to zero.
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offers. We find that buyers respond asymmetrically to positive and negative news. For
example, we observe that 48-57% of buyers increase their offers after receiving positive
news, whereas only 19-24% of buyers reduce their offers after receiving negative news.4 A
further examination of dynamic complementarities in pieces of the news process reveals
that buyers underreact with news in the bilateral bargaining setting but overreact in the
competitive market setting. In contrast, the informed sellers’ acceptance decisions are
unaffected by the most recent news and only depend on the stock of news in both settings.
The rest of the paper is organized as follows. In the next section, we provide a brief
review of the related experimental literature. Section 3 outlines the bilateral bargaining
and competitive market models of Daley and Green (2012, 2020), and then describes the
discrete approximation that we implement in the laboratory. Section 4 introduces the
experimental design and implementation. Section 5 presents the results, a discussion of
which is given in Section 6. A final section draws the main conclusions.

2

Related Experimental Literature

The results presented in this article relate to experimental studies of bargaining and
ultimatum games under asymmetric information, learning the optimal stopping strategy
in real-options problems, and belief updating.
A general conclusion among early studies exploring bargaining under asymmetric information (see Rapoport, Erev, and Zwick, 1995; Reynolds, 2000; Cason and Reynolds,
2005, among others) is that subject play strays from equilibrium predictions, and this
deviation cannot be fully explained by either risk aversion or other-regarding preferences.
Recently, Embrey, Frechette, and Lehrer (2015) study a two-sided asymmetric information bargaining game that explores how introducing obstinate types affects bargaining
outcomes. Subjects are found to take advantage of asymmetric information and attempt
to build their reputation by mimicking obstinate types. Similarly, Fanning and Kloosterman (forthcoming) conduct a series of two-sided asymmetric information bargaining
experiments in which preferences for fairness are private information. Their results show
that subjects behave most similarly to the toughest type and hence an equal division
is immediately reached. Our experimental design shares the feature that a subject can
mimic a different subject type, but the provision of information that can gradually reveal
product quality implies that mimicking can only persist for a finite amount of time.
The control treatments without information provision in our study correspond closely
to the experiments in Bochet and Siegenthaler (2018, 2021). Our result that market
4

Daley and Green (2020) predict that buyers in the bilateral bargaining sessions will increase their
offers after receiving positive news, and lower their offers after receiving negative news.
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competition promotes efficiency is similar to Bochet and Siegenthaler (2021). However,
Bochet and Siegenthaler (2018) find that subjects reach agreements more slowly than
theory predicts in a bilateral bargaining environment. We conjecture that their choice of
a much higher discount factor and different sized contract zones explain why their finding
differs from what is observed in our control treatment.5
Our study relates to the literature examining how asymmetric information affects
fairness concerns in ultimatum and bargaining games. Early studies on ultimatum games
between informed proposers and uninformed recipients find that when the recipients have
less information about the size of the pie, the proposers tend to offer a smaller share, and
the recipients are likely to accept this small offer.6 Recently, Huang, Kessler, and Niederle
(2021) examine a bilateral bargaining game and vary the information available to buyers
and sellers. They find that when buyers are uncertain about the seller’s cost, buyers tend
to offer a lower price and sellers are willing to accept these offers. However, when both
bargaining parties know each other’s value and cost, there are more disagreements on
how to split the pie, resulting in higher rejection rates. Babcock, Loewenstein, and Wang
(1995) and Bochet, Khanna, and Siegenthaler (2021) have a similar finding that more
information may not improve efficiency in bargaining games. In our bilateral bargaining
experiments, information helps buyers screen the sellers but does not reduce trade delay,
since the bargaining parties take longer to negotiate the right price.
In real-option problem experiments, subjects can receive or acquire information in each
round, and then decide whether they should make decisions right now or wait another
round to obtain more information. Studies generally find that subjects are responsive
to a change in additional news, but many individual termination decisions are made
later than the optimal prediction (see Oprea, Friedman, and Anderson, 2009; Sandria,
Schade, Mußhoffb, and Odening, 2010; Anderson, Friedman, and Oprea, 2010; Descamps,
Massoni, and Page, 2022). In our experiments, subjects also need to evaluate the cost and
benefit of waiting for additional information, but their stopping decision is more complex
since each individual buyer’s belief updating incorporates both exogenous information
from news as well as the endogenous responses of the sellers.
Last, our analysis also relates to recent work on belief updating. A large literature in
both psychology and economics provides evidence that subjects in the laboratory rarely
perfectly implement Bayes’ theorem when updating their beliefs. There are a number of
5

Specifically, our control C1 treatment involves discounting with δ = 0.96 that lies between the
treatments in Bochet and Siegenthaler (2018) which have either higher rates of discounting (δ = 0.8) or
a non-shrinking pie (δ = 1). Further, in Bochet and Siegenthaler (2018) the contract zone of the L type
asset is 1.75 larger than that of the H type asset, whereas in our experimental design the contract zone
of the L type asset is smaller and only half the size of the H type asset.
6
See Mitzkewitz and Nagel (1993); Straub and Murnighan (1995); Croson (1996); Rapoport, Sundali,
and Seale (1996), among others.
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well-documented behavioral reasons why people may not accurately update their beliefs
when presented with new information (e.g., Kahneman, 2003). Experimental subjects
are often conservative, updating too little in response to signals (see Eil and Rao, 2011;
Müobius, Niederle, Niehaus, and Rosenblat, 2014; Coutts, 2019, among others), or neglect
the correlations in information signals (Enke and Zimmermann, 2019). In our bilateral
bargaining experiment, there theoretically exists a monotonic mapping between a buyer’s
belief and her offer, and thus we have an opportunity to explore how subjects respond to
the new information and form their beliefs.

3
3.1

Summary of the Theory
Bargaining With One Buyer

This section first provides an overview of the relevant theoretical results for a version
of the stylized bargaining and news model of Daley and Green (2020). This is a onesided incomplete information bargaining model in which a privately informed seller has
an indivisible durable good to sell. The uninformed buyer makes repeated offers to an
informed seller.
The game is set in continuous time, denoted by t, which starts at 0 and can potentially
have an infinite horizon. Both the buyer and seller are long-lived, risk-neutral expected
utility maximizers with a common discount factor r > 0. The seller’s type θ ∈ {L, H}
determines the quality of the good (low or high) for sale, and it is his private information.
The buyer does not know the type of seller, but believes the seller is of H type with a
prior probability P0 = Pr(θ = H). The value for the buyer from purchasing a type θ good
is Vθ , which has a cost for the seller of Kθ . In other words, values are interdependent and
the buyer’s value for the asset depends on the seller’s quality of good.
A static lemon condition holds, such that KH > VL . Yet, the model assumes that
the buyer has all the bargaining power. At each time t, the buyer proposes an offer and
the game ends once the seller accepts an offer. An agreed trade for price W at time t,
yields payoffs to the buyer and seller respectively of e−rt (Vθ − W ) and e−rt (W − Kθ ). If
an agreement is not reached, both the buyer and the seller receive a payoff of zero.
The key innovation of this model is that if a deal is not reached at time 0, all parties will
start to observe a public Brownian diffusion process X that gradually reveals the seller’s
type. If we assume the initial score is X0 = 0, then X gradually evolves differentially by
seller type according to
dXt = µθ dt + σdBt ,
(1)
where B = {Bt , Ft , 0 ≤ t ≤ ∞} is standard Brownian motion. The informativeness of
6

the news process is captured by the signal-to-noise ratio φ = (µH − µL )/σ, where the
parameters σ, µH , µL and µH > µL are common knowledge and fixed. That is, the news
is completely uninformative if φ = 0, and larger values of φ reveal more information
about the seller type.
To shed intuition on the equilibrium, we first consider two extreme cases without
the provision of news. If θ is common knowledge and the buyer possesses all of the
bargaining power, news is not needed and trades would take place immediately at t = 0.
At the other extreme, θ represents the seller’s private information, but the uninformed
buyer is allowed to make repeated offers in the infinite horizon. Deneckere and Liang
(2006) restrict the buyer to only use the history of seller’s rejected offers when updating
her belief in preparing a new price offer, and show that there exists a unique sequential
equilibrium. This equilibrium is characterized by the buyer offering a sequence of price
offers (p0 ..., pT ), where for each t < T , the H type seller will reject the offer, while the
L type seller will be indifferent between accepting the price pt now and rejecting pt but
accepting the price pt+1 . Further, at time T , any remaining sellers will accept the offer
pT = KH . Trade occurs for both types but following a long delay.
Daley and Green (2020) characterize the structure of the equilibrium when the buyer
can learn about the seller’s type θ gradually from a stochastic news process. The buyer
begins the game with prior P0 , which can be updated by both the Brownian news process
presented in equation (1) and whether the seller rejected all past offers. The probability
Pt that the buyer believes the seller is of type H at time t evolves according to Bayes
rule:
P0 ftH (Xt )(1 − StH− )
,
Pt =
P0 ftH (Xt )(1 − StH− ) + (1 − P0 )ftL (Xt )(1 − StL− )
θ
where St−
represents the cumulative probability that a type θ seller has accepted an offer
before time t, and ftθ denotes the density of Xt conditional on θ.

Daley and Green (2020) focus on stationary equilibria in which the buyer’s belief is
stationary. In other words, the buyer’s belief process P = {Pt : 0 ≤ t ≤ ∞} must be
characterized by a time-homogenous Markov process for the stationary equilibria. Offers
by the buyer depend solely on his belief
 andwe can re-express the state of his belief in
Pt
time t with a log-odds ratio, Zt ≡ ln 1−P
. The equilibrium strategy can be simply
t
characterized as there exists a threshold β. When Zt ≥ β, the buyer offers KH and
both types of sellers will accept with probability 1. However, when Zt < β, the buyer
engages in a price experimentation strategy. This strategy involves the buyer making
offers that lie between VL and KH , which would only be accepted by an L type seller
and guarantee the buyer a negative payoff.7 Yet, the model predicts that in equilibrium,
7

This experimentation price is given by W (Zt )
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=

VL + C(u − 1)euZt ,

where C

=

the buyer will continue to engage in this strategy that generates ex post regret since
the rejection of these experimentation prices accelerates the screening process, thereby
allowing the buyer’s belief to update sufficiently fast and ensuring this gamble is worth it.
This experimentation strategy increases trade efficiency by reducing bargaining delays,
yet the buyer does not benefit from the news and all the efficiency gains are allocated to
the sellers.
In the equilibrium of this model, trade happens smoothly at a rate proportional to
the time path of noisy information that is provided. This contrasts to the equilibrium
where buyers are not given public information on the seller type, in which trade occurs
in bursts separated by periods of delay.8

3.2

Bargaining With Multiple Buyers

We next summarize results of Daley and Green (2012) that consider a setting with multiple buyers and a single privately informed seller, where the same Brownian news process
gradually reveals the seller’s type. The introduction of an additional buyer shifts the
bargaining power to the seller. The buyers compete a la Bertrand and would make
zero-profit. The structure of the game is identical to Daley and Green (2020), with the
exception that at each point of time t, both buyers simultaneously make a private offer
and then the privately informed seller has to choose which offer, if any, to accept.
As in the one-buyer case, each of the buyers starts with a common prior Z0 and the
beliefs of all buyers in the market at each time t update based on the sequence of public
news received and knowledge of whether a trade has already occurred. These beliefs
influence subsequent price offers as well as the seller’s acceptance decision. The primary
result of Daley and Green (2012) for the case of multiple buyers is: there exists a pair
of beliefs (α, β) such that α < β. When Zt ≥ β, the buyers will offer E[Vθ |Zt ] and
both types of sellers will accept the offer. When Zt < α, the buyers will persistently
offer VL . The H type seller rejects with probability 1 and an L type seller accepts with
probability 1 − eZt −α . Last, when Zt ∈ (α, β), no trade occurs. Buyers make offers that
are rejected by both types of sellers with probability 1. In other words, a no-trade region
arises since the H type seller would like to wait for E[Vθ |Zt ], while the L type seller prefers
to mimic the H type. Notice that buyers in the competitive markets will not engage in
experimentation, because the competition between buyers drives their expected profit to
KH −VL
u−1



u KH −VL
u−1 VH −KH

−u

1
2

p


1 + 8r/φ2 . The H type of seller will reject this offer, and
 1−S H 
the L-type seller accepts this offer with intensity 1 − e−Qt , where Qt = ln 1−StL− .
, and u =

1+

t−

8

Note that in Deneckere and Liang (2006), buyers may also offer prices consistent with experimentation. However, these offers will be rejected by both types of sellers in the sequential equilibrium.
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zero, even when a deal with the H type seller is reached.
In contrast to the one-buyer case, information provided in the competitive market may
not increase efficiency.9 In the absence of news, theory predicts that in equilibrium, the
buyers repeatedly offer VL until time T and then offer KH , the L seller type is indifferent
between the offer VL at time 0 and KH at time T , while the H seller type always rejects
VL and only accepts KH at time T .

3.3

Discrete Time Implementation

We follow the experimental literature (Oprea, Friedman, and Anderson, 2009; Anderson,
Friedman, and Oprea, 2010) that test continuous time models by approximating them
with rounds of extremely short duration.10 We use a binomial process in the laboratory
to approximate the Brownian news process. In discrete time, news evolves in units of
t = ∆, 2∆, ... for some ∆ > 0. Assume at each round t, prior to reaching an agreement,
news about the seller’s asset, Xt , is revealed via a binomial process. As before we assume
X0 = 0, and for each seller type Xt evolves according to
• If θ = H,

(
Xt+1 =

• If θ = L,

(
Xt+1 =

√
Xt + σ ∆ with prob. q
√
Xt − σ ∆ with prob. 1 − q
√
Xt + σ ∆ with prob. 1 − q
√
Xt − σ ∆ with prob. q

√
where q = 12 (1 + σµ ∆) for some (µ, σ) ∈ R2++ captures the quality of news (µH = µ,
µL = −µ). Daley and Green (2012) demonstrate when ∆ → 0, the equilibrium in this
discrete time model converges to that of the continuous time model in the competitive
market.

4

Experimental Design and Implementation

The experiments were conducted in the CESS laboratory at New York University. Three
hundred and six students were recruited from the general student population of the
9

We illustrate this point by listing the theoretical predictions in Table 2 for the parameters used in
the laboratory design. In our multiple-buyer design, efficiency decreases when the quality of information
is low, but increases when the quality of information is high.
10
As noted in Oprea, Friedman, and Anderson (2009), a discrete implementation for continuous-time
games is common since the computerized laboratory environment must be in discrete time due to the
computer’s digital internal clocks.
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university using the CESS recruitment software. In total, six treatments were carried
out, in which we varied (i) the number of buyers, (ii) whether information was provided,
and (iii) the quality of the information. Each treatment was implemented using a between
subjects design and each subject participated in only a single session. The experiment was
programmed with z-tree programing software (Fischbacher, 2007). Table 1 summarizes
the design parameters and number of sessions for each treatment that were carried out.
Table 1: Summary of the Design of All Laboratory Sessions
Treatment
C1
B1L
B1H
C2
M2L
M2H

# of Buyers

News

1
1
1
2
2
2

N/A
φ=2
φ=4
N/A
φ=2
φ=4

# of Groups per Session # of Session
6
6
6
6
6
6

Total

# of Subjects

4
4
4
3
3
3

48
48
48
54
54
54

21

306

Irrespective of the treatment, in each session subjects were asked to make decisions
in 12 trading periods. Each subject was assigned to be either a seller or a buyer in the
very first trading period, and remained in that role throughout the session. At the start
of each period, buyers and sellers were randomly matched. Buyers then input an initial
offer for the good. If the seller accepted this offer, a trade was made and the period
ended. If the seller rejected the initial offer, the group moved to the second stage, which
may consist of multiple rounds.
The second stage differed in the four treatments that provided exogenous information.
In each round of the second stage, a new piece of information was provided to subjects
that had not already agreed to a trade. As discussed in section 3.3, the information
was presented on the screen as a tick that evolved according to a binomial process. We
set X0 = 0, µ = 0.1, ∆ = 0.01 minutes, and only the probability that a tick moved in
a specific direction varied across the treatments. In the treatment with low quality of
information (φ = 2), the tick moved up (down) with probability of 0.55 and moved down
(up) with probability 0.45 if the seller was of H (L) type. In the treatment with high
quality of information (φ = 4), the tick moved up (down) with a probability 0.60 and
moved down (up) with probability 0.40 if the asset was of H (L) type.
In each round of the second stage, the buyers had 6 seconds to make a new offer by
moving the computer mouse along a slider bar on their screen, and the computer treated
the final position of the slider as the desired offer. The seller also had six seconds to
10

decide whether to accept the revised offer from the buyer(s).11 If a buyer did not move
the slider bar within the round, the computer assumed the buyer wish to make the exact
same offer that she made in the previous round. If a seller did not reach any decision
within 6 seconds, the computer would make a default decision of rejection.12 If the seller
accepted this offer, a trade was made and the period ended. When the seller rejected
the offer, the group moved to another round. This rejected offer was added to a graph
that contained the timeline of all earlier rejected offers in the period at the base of each
computer screen. In treatments that involved two buyers, the seller was able to observe
on a single graph the time line for each buyer documenting the trajectory of prior offers
in that period, whereas either buyer could only observe her own history of rejected offers.
To induce the common discount rate, block random termination with a per-period
probability of 0.04 was used.13 Subjects played the above game in pre-announced blocks
of 12 rounds, where only at the end of a block, were subjects told whether the period
ended within that block and, if so, in what round; otherwise, they were told that the
period had not ended yet, and they started a new block. If a deal was reached before
random termination occurred within a block, the type of traded asset as well as the
subject payoffs in this period were announced. The profit (or the loss) of the buyer
whose offer was accepted was calculated as the difference between her value and the offer
she made, while the profit (or the loss) of the seller was calculated as the difference
between the amount he received and his cost. Otherwise, if the deal was not reached
before the termination, both the buyer(s) and seller earned zero.
To attempt to ensure common knowledge, the instructions provided to subjects clearly
stated that in each of the 12 trading periods, one third of sellers were allocated to H type
of assets and two thirds were allocated to L type of assets. The value and cost of assets
were fixed across all trading periods and were denominated in experimental points. The
H type of asset was valued at 300 points for the buyer while costing the seller 180 points.
The L type of asset had a value of 60 points for the buyer and cost the seller 0 points. In
11

Theoretically, the time interval is only 0.01 minutes, i.e., 0.6 seconds. But in the lab we froze the
screen for 6 second to let subjects react and make a decision. Previous continuous-time experiments did
not need to provide a reaction time since the game under study did not involve interactions; thereby
allowing the clock to keep running.
12
The subjects in our experiment were very active. Sellers usually clicked the rejection button instead
of letting the computer reject the offers for them; while 69.37% of offers made in all of the second stage
rounds (18,447 in total) involved a change from moving the slider bar.
13
Fréchette and Yuksel (2017) present evidence that block random termination (BRT) performs similarly to random termination (RT). In addition, BRT can provide the opportunity for more data collection
with blocks while maintaining the same expected length of match. This feature is particularly important
in our experiments that introduce noisy information, since theory predicts a long bargaining duration
(between 5 and 30 rounds). BRT has been recently applied in numerous contexts including experimental
tests of dynamic games (Vespa and Wilson, 2019) and of bond markets (Weber, Duffy, and Schram,
2018).
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each trading period, buyers and sellers were randomly rematched and the type of assets
were also randomly assigned.
In each period every subject received an endowment of 120 points to cover any possible
losses. At the end of session, subjects were paid a participation fee of $10, as well as their
payoff from a randomly chosen period that included any endowment. The conversion rate
from experimental points to U.S. dollars was 12 points per $1.14 The average earnings was
$21.64. A typical experimental session lasted between one and half to two hours, which
included 30 minutes of training. The training portion allowed each subject to experience 2
practice periods as a seller and 2 practice periods as a buyer. In the treatments involving
information, the training section also provided up to 20 examples of the Brownian news
process to help subjects gain familiarity with this element of the experiment.15
To minimize potential confounders, instructions were previously recorded and played
over the CESS audio system for subjects who interacted solely through computer terminals. While the recording was played, the text being read was projected on a screen at
the front of the laboratory and the subjects were also provided a copy of the instructions.
In each information treatment, we had a period-specific path of news for each quality
type of the good being traded. Thus, the path of news varied across periods for each
type of good, in an identical fashion across sessions. We also sought to ensure that the
path of termination in each period was similar across treatments so that differences in
implementation would not be captured as treatment effects. Online Appendix A include
sample screenshots and copies of the instructions for each treatment, as well as the paths
of news for each period in the treatments involving information.
Table 2 summarizes the theoretical predictions for each treatment.16 With our design parameters, introducing Brownian information in both the bilateral bargaining and
competitive market treatments is expected to significantly change the buyers’ screening
behavior, resulting in different bargaining dynamics. Nevertheless, information provision
is only expected to consistently improve efficiency in the bilateral bargaining sessions.
In the competitive market sessions, efficiency increases when high quality information is
provided, but is expected to decrease with low quality information. In the next section,
14

If a subject had a loss that exceeded 120 points in his chosen payment period, he only received his
participation fee of $10. This result was experienced by 21 subjects (approximately 7% of all subjects),
14 of whom were in the two-buyer treatments and 6 were in the C1 treatment.
15
The examples of the Brownian news process that were presented in each of the training periods were
identical across each session. The evolution of the news processes differed from those displayed in the
second stage of each period that was considered for payment.
16
The calculation of theoretical predictions for the C1 and C2 treatments is straightforward. For the
treatments involving information, we calculate the theoretical predictions using the previously generated
series of news, which can be different from the ex-ante predictions. For instance, in the B1L and
B1H treatments, the ex-ante payoff predictions for L type sellers are 67.50 and 67.70, but the ex-post
predictions are 57.40 and 70.40, respectively.
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we present our main results that focus on testing several theoretical predictions of the
models described in Section 3.

5

Results

Throughout this section, the analysis will focus on data from the last 6 trading periods.17
Table 3 summarizes outcomes in all the six treatments.18 To both explain the patterns in
the aggregate data and evaluate the performance of the model across the treatments, we
organize the discussion by first analyzing buyers’ screening behavior, then examine the
sellers’ acceptance decisions and conclude with trade efficiency. The p-values reported
throughout this section are computed from a regression-based approach in which the
standard errors are clustered at the session level, unless specified otherwise.
Table 3 here

5.1

Buyers’ Behavior

Result 1.1 Providing information decreases the buyers’ initial offers, which are most
conservative in high quality information treatments.
One-Buyer Treatments. Table 3 shows that on average, buyers’ initial offers decrease
from 27.45 to 25.13 and 18.27 across the C1, B1L and B1H treatments. When the quality
of information is high, the initial offers are significantly lower (p < 0.005 between B1H
and C1/B1L treatments).
Figure 1 here
Figure 1 presents the relative frequency of initial offers across treatments, where the
top panel presents the one-buyer treatments and the bottom presents the two-buyer
treatments. In contrast to the prediction of Daley and Green (2020), very few buyers in
the B1L and B1H treatments make offers consistent with experimentation. Nearly all of
the offers in the one-buyer sessions are less than or equal to VL (60), and the majority of
offers are less than VL /2. In the B1H treatment 31.25% of the offers are below 10, whereas
17

There are no qualitative differences with the results from the full session. As is common in the experimental literature, the earlier trading periods may involve learning that is often characterized by more
volatility in subject decision making since subjects often familiarize themselves with the environment in
early periods.
18
Throughout our analysis, we exclude observations of three specific players and their partner(s) in
the group; more precisely, these three specific players are two sellers (one in the C1 treatment and the
other in the C2 treatment) who accepted any offer in the first stage or the first round of Stage 2, and a
buyer in a different session of the C1 treatment who consistently offered 190 points.
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the corresponding fractions are 24.24% and 24.31% in the C1 and B1L treatments. Buyers
in the B1H treatment appear reluctant to seal the deal in the first stage, as they are aware
that information will soon be revealed to gradually learn the seller’s type in subsequent
rounds. The buyers in the B1L treatment make higher offers, probably due to having less
confidence in their ability to learn from the news process in the second stage.
Two-Buyer Treatments. The first result from the two-buyer treatments appears similar to that from the one-buyer treatments. On average, the initial buyers’ offers significantly decrease from 66.15 to 42.03 and 37.36 across the C2, M2L and M2H treatments
(p < 0.05 between the C2 and M2L/M2H treatments). Comparing the bottom and top
panels of Figure 1, we observe that there is an upward shift in the initial offers, demonstrating that competition increases the bargaining power of sellers and leads buyers to
request a smaller share of the asset value. Note, buyers in the C2 treatment make the
most generous offers, 36.92% of which are weakly greater than the theoretical predicted
offer, VL , whereas the corresponding fractions are 16.20% in the M2L treatment and
6.48% in the M2H treatment (Chi-square tests report p < 0.001 for any pairwise treatment comparisons). Buyers still appear most conservative in the high quality information
treatment.
Result 1.2 Information leads buyers to screen differently with each seller type, but
only in the bilateral bargaining treatments do buyers respond significantly differently to
the quality of information.
In line with Bochet and Siegenthaler (2018), we define screening as an attempt by the
uninformed buyer to extract information from the informed seller by adopting a particular
sequence of price offers. The buyer would eventually make a trade with different seller
types at different prices, and our data confirm buyers’ attempt to use screening.19
One-Buyer Treatments. As Table 3 shows, the majority of initial offers are weakly
less than VL (60), and buyers gradually increase their offers to screen the seller. The bulk
of deals reached with H type sellers are between 192 and 215, whereas those reached with
L type sellers are between 60 and 112. Since KH (180) is the minimum price accepted
by rational H type sellers, we use the number of rounds when a buyer first proposes an
offer weakly greater than KH , to differentiate the screening behavior.
Figure 2 here
Figure 2 presents the cumulative distribution function of the number of rounds when
buyers first propose an offer weakly greater than KH , where the left panel presents the
19

Given the buyers’ conservative initial offers, only 4.55-5.56% of sellers in the one-buyer treatments
accepted offers in the first stage, whereas the corresponding fraction is 8.33-11.11% in the two-buyer
treatments. Therefore the buyers had opportunities to screen sellers in the second stage.
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one-buyer treatments and the right panel presents the two-buyer treatments. Notice that
the cumulative probabilities do not reach 1, since some buyers never propose an offer
greater than KH before either a deal is reached or the period is randomly terminated.
Figure 2(a) show that in all treatments, buyers have a significantly higher likelihood of
proposing an offer greater than KH when matched with an H type seller. The fractions
of buyers who have proposed a price greater than KH to an H type seller are 58.1%,
70.8% and 70.8% in the C1, B1L and B1H treatments, respectively. In contrast, the
corresponding fractions are only 32.6%, 15.6% and 12.5% when buyers are matched to
an L type seller.20 Buyers are less likely to propose KH to an L seller type either because
deals were previously reached at a price strictly less than KH , or because buyers have
realized that the sellers were of L type and refused to increase their offers. Since a portion
of the data is censored by block random termination, we use log rank tests to compare
the screening behavior of the buyers between the H and L seller types. Log rank tests
cannot reject the null that the screening is the same in the C1 treatment (p = 0.150),
but reject the null in the B1L (p = 0.024) and B1H treatments (p < 0.001). Therefore,
introducing the Brownian news process helps buyers screen differently with seller types.
Further, buyers seem to screen more effectively when the quality of information increases. For instance, in the B1H treatment there is not a single buyer making an offer
above KH to L type sellers after round 10.21 Log rank tests reject the null that the
screening to L type sellers is the same between the B1H and the other two treatments
(p < 0.005 for both the pairwise comparisons). In addition, when they decide to make an
offer greater than KH , buyers in the B1H treatment tend to propose it earlier than those
in the B1L treatment. On average, the first offer greater than KH is made 2.72 rounds
earlier in the B1H relative to the B1L treatment (p = 0.06).
Two-Buyer Treatments. In the two-buyer treatments, information also helps buyers
screen with different seller types. Figure 2(b) shows that buyers are more likely to propose
an offer greater than KH when matched to an H type seller. The fraction of buyers making
such an offer to H type sellers is 69.7%, 54.1% and 45.8% in the respective C2, M2L and
M2H treatment, while the fraction of offers this magnitude to an L type seller is 34.1%,
15.3% and 16.0%, respectively (Chi-square tests of differences in the proportions report
p < 0.01 for the screening between H and L type sellers in all three treatments).
In all three treatments with competitions, buyers increase their prices much faster
than the theoretical prediction. A significant amount of buyers reach a deal with an L
20

The mean of the first offer above KH that is made to an H type seller is 187.48, 191.53 and 188.26
across the C1, B1L and B1H treatments, while those made to an L type seller are 186.76, 190.93 and
209.58, respectively. The offers to L type sellers in the B1H treatment are slightly greater than other
treatments since a subject made an offer of 300.
21
At the end of round 10, there remained 36.46% of potential deals with an L type seller to be reached.
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type seller at a loss, though the provision of information helps mitigate this tendency.
Log rank tests reject the null that screening behavior is the same between the C2 and
M2L/M2H treatments (p < 0.001), but cannot reject the null between the M2L and M2H
treatments (p = 0.95). The quality of information seems to have an insignificant impact
when the competition is introduced.

Result 1.3 Buyers are less likely to engage in experimentation with information. In
the bilateral bargaining setting where the quality of information is high, we observe the
lowest number of offers consistent with experimentation.
One-Buyer Treatments. Daley and Green (2020) define experimentation as an offer
strictly greater than VL and strictly less than KH . Their model predicts that 96-97% of
the buyer’s offers would be consistent with experimentation, whereas we observe only 5%
and 2% in the respective B1L and B1H treatments (p < 0.001 when we compare between
the actual fraction and the respective theoretical predictions).
In contrast to the theoretical prediction, buyers are less likely to engage in experimentation when information is provided, and are the most reluctant when the quality of
information is high (p < 0.001 between the C1 and B1L/B1H treatments, and p < 0.05
between the B1L and B1H treatments). Since the purpose of experimentation is to accelerate the screening process, the lack of such behavior leads to longer delay in trade.
Two-Buyer Treatments. Similar to the one-buyer treatments, the fraction of buyers’
offers consistent with experimentation decreases from 24% to 13% and 9% across the
C2, M2L and M2H treatments. Buyers in the two-buyer treatments remain less likely
to engage in the experimentation when information is provided, though we do not find
a significant difference in experimentation with the quality of information (p < 0.001
between the C2 and M2L/M2H treatments, and p = 0.141 between the M2L and M2H
treatments).
In a competitive market where the bargaining power shifts to sellers, Daley and Green
(2012) predict that buyers would screen more conservatively and never engage in costly
experimentation. Nevertheless, buyers in our two-buyer sessions make more offers consistent with experimentation than those in the one-buyer sessions (p < 0.01 between
any pairwise comparison). What may explain this difference is a well-developed literature documenting that people make systematic mistakes since they have a preference for
winning in competition.22
22

For example, the winner’s curse that arises from overbidding in common value auction experiments
is well established (Bazerman and Samuelson, 1983; Kagel and Levin, 1986, 2002; Charness and Levin,
2009; Ivanov, Levin, and Niederle, 2010; Esponda and Vespa, 2014; Levin, Peck, and Ivanov, 2016).
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Result 1.4 Buyers benefit from information, since they screen L type sellers more
accurately with information.
One-Buyer Treatments. Table 3 shows that on average, the buyer’s payoffs increase
from −9.71 to 5.08 to 15.46 across the C1, B1L and B1H treatments (p < 0.05 between
the C1 and B1L treatments, and p < 0.01 between the C1 and B1H treatments). The
payoffs of buyers in the B1L and B1H treatments increase since they suffer fewer losses
when trading with an L type seller. The fraction of buyers suffering losses in deals
reached with L type sellers falls from 48.31% to 22.92% and 16.67% across the C1,
B1L and B1H treatments. These differences are statistically significant and Chi-square
tests of differences in the proportions report p < 0.001 between the C1 and B1L/B1H
treatments. Compared to their counterparts in the C1 treatment, buyers in the B1L and
B1H treatment are more conservative when making offers to L type sellers, and rarely
adopt experimentation strategies as predicted by Daley and Green (2020).
Two-Buyer Treatments. The buyers’ payoffs are significantly less than zero in all the
two-buyer treatments (p < 0.01 in all three treatments). Yet the provision of information
continues to increase the buyers’ payoffs. On average, the payoffs of buyers are −25.17,
−6.17 and −5.34 across C2, M2L and M2H treatments (p < 0.01 between the C2 and
M2L/M2H treatments). Information continues to reduce the odds that a buyer suffers
a negative payoff when she trades with an L type seller. While 92.65% of deals reached
with an L type seller result in a loss for the buyers in the C2 treatment, this fraction
drops to 55.88% and 47.62% in the M2L and M2H treatments. Chi-square tests reject
the null of similar odds between the C2 and M2L (M2H) treatments (p < 0.001).

5.2

Sellers’ Behavior

Result 2.1 L type sellers accept significantly lower prices when information is provided. Information leads more deals to be reached by equally dividing the surplus in
the bilateral bargaining sessions. Further, when information is provided, L type sellers
reach agreements earlier in the bilateral bargaining, but later in the competitive market
sessions.
One-Buyer Treatments. Information affects not only the screening behavior of buyers
but also the sellers’ decisions. On average, the accepted offers of L type sellers decrease
from 111.06 to 75.96 and 60.77 across the C1, B1L and B1H treatments (p < 0.05 between
the C1 and B1L treatments, and p < 0.01 between the C1 and B1H treatments).
Figure 3 here
The top panel of Figure 3 presents the distribution of offers accepted by L type sellers
in each of the one-buyer treatments, and the bottom panel contains the corresponding
17

groups for the two-buyer treatments. We observe a clear difference in the distribution of
accepted offers across treatments. For example, in the B1H treatment 30.12% of accepted
offers are exactly 30, which corresponds to the value of VL /2, and 48.19% of accepted offers
lie between 25 and 35. In other words, the mode is an equal division when information
reveals the seller is of L type. A similar pattern can also be found in the B1L treatment,
in which 37.18% of accepted offers fall between 25 and 35. In contrast, only 8.11% of
accepted offers are between 25 and 35 in the C1 treatment.
This difference in the amount accepted by L type sellers across treatments may reflect
the change in fairness consideration of both buyers and sellers. Once the buyers appear
to realize the seller is of L type, they persistently refuse to increase the price offer higher
than what they believe is fair. When the quality of information improves, L type sellers
are more likely to accept a price that equally divides the surplus, since the chance of
being mischaracterized as an H type seller decreases.
Further, note that 31.46% of L type sellers in the C1 treatment successfully mimic
the H type seller and reach a deal at a price greater than KH , whereas the corresponding
fractions in the B1L and B1H treatments are 14.58% and 12.50%, respectively. Chisquare tests of differences in the proportions report p < 0.01 between the C1 and B1L
(B1H) treatments.
Figure 4 here
Figure 4 illustrates the cumulative distribution of deal rounds for the one-buyer treatments and two-buyer treatments respectively in the left and right panels. The cumulative
probabilities remain below 1 because of block random termination. Figure 4(a) shows
that L type sellers in the B1H treatment reach their deals earlier than the other two
treatments, probably because information reveals their type sooner and they decide to
take the lower price offers. When using the Heckman correction for sample selection due
to block random termination, we find that on average the deals with an L type seller in
the B1H treatment take 2.56 rounds earlier than those in the C1 treatment (p < 0.05),
and 1.19 rounds earlier than those in the B1L treatments (p = 0.19).
Two-Buyer Treatments. Information continues to result in L type sellers accepting
lower offers. On average, the accepted offers for an L type seller decrease from 164.96
to 112.48 and 108.84 across the C2, M2L and M2H treatments (p < 0.01 between the
C2 and M2L/M2H treatments). L type sellers in the C2 treatment are advantaged as
demonstrated in Figure 3. None of these sellers accept an offer strictly less than VL ,
and 57.35% of them successfully mimic the H type seller and reach a deal at a price
greater than KH . In contrast, 36.76% and 49.21% of L type sellers in the M2L and
M2H treatments accept an offer less than VL , while only 30.88% and 31.75% of them
18

successfully mimic the H types seller. Chi-square tests of differences in the proportions
report p < 0.01 between the C2 and M2L (M2H) treatments on either the proportion
of accepted offers less than VL or the proportion of accepted offers greater than KH .
Although slightly more L type sellers in the M2H treatment agree to accept an offer less
than VL than those in the M2L treatment, the quality of information does not have a
statistically significant impact on either the bargaining duration or the amount of the
accepted offer for L type sellers.
Further, Figure 4 shows that L type sellers in the C2 treatment reach deals significantly earlier, which is unsurprising given the buyers’ aggressive offers in those sessions.
Regressions that use the Heckman correction to account for censored data report that,
on average, deals with L type sellers in the C2 treatment takes respective 1.76 and 2.76
fewer rounds than those attained in the M2L and M2H treatment (one-sided p < 0.10).
Sellers benefit from having more bargaining power when an additional buyer is introduced. In each of the two-buyer treatments, the payoffs of L type sellers increase by 42.57
to 72.31 relative to the corresponding one-buyer treatments (p < 0.001 for any pairwise
comparison). These gains arise since a larger fraction of deals are reached and are made
at a higher price offer.
Result 2.2 H type sellers benefit from competition but not from information.
One-Buyer Treatments. Both Table 3 and Figure 4 show that only 49%, 40% and 52%
of H type sellers reach a deal prior to random termination across the C1, B1L and B1H
treatments. The fraction of deals reached with H type sellers is significantly lower than
that with L type sellers. Within each treatment, the Chi-square test on the proportion
of deals reached reports p < 0.001 between H and L type sellers.
We do not find a significant difference in the payoffs of H type sellers across treatments.
Neither does information significantly increase the chance that H type sellers make a deal,
even though 12% more buyers in the B1L and B1H treatments offered a price greater
than KH . On average, deals with H type sellers take 3.62 and 5.53 additional rounds
respectively in the B1L and B1H treatments relative to those in the C1 treatment, while H
type sellers are also able to successfully bargain for a higher price in the B1L (26.02) and
B1H (20.37) treatments.23 These results echo the findings in the previous experimental
23

Following the first offer exceeding KH , only 72%, 56% and 74% of H type sellers in the respective
C1, B1L and B1H treatments reached a deal prior to random termination. Very few H types sellers
immediately accepted the first offer above KH and it took several additional rounds of bargaining for a
higher price until a deal was reached. Heckman regressions that control for sample selection due to block
random termination report a p < 0.05 for the bargaining duration between the B1L and C1 treatments,
and a p < 0.10 between the B1H and C1 treatments. Further, these regressions report a p = 0.052 for
the amount accepted between the B1L and C1 treatment, and a p = 0.107 between the B1H and C1
treatments.
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literature testing either the ultimatum or bargaining games that more information may
not help facilitate agreements, since increased conflicts on how the surplus should be split
emerge in environments where subjects have better information about either the size of
the pie or contract zone.
Figure 5 further illustrates the distribution of offers accepted by H type sellers for
the one-buyer treatments and two-buyer treatments respectively in the top and bottom
panels. Except for a few outliers, all of the accepted prices in the one-buyer treatments
are between 180 and 240 (241), about 0 to 50% share of the H type asset. In contrast to
L type sellers who attempt to reach a deal providing themselves an equal or even greater
share of their asset value, only 6.98%, 4.17% and 8.33% of H type sellers across the C1,
B1L and B1H treatments reach their deals at a price resulting in an equal split of the
surplus.
Two-Buyer Treatments. H type sellers in the two-buyer treatments do not benefit
from the provision of information, since buyers are more cautious when making an offer,
resulting in fewer deals being reached prior to random termination. As a result, the
payoffs of H type sellers in the M2L and M2H treatments are lower than those in the
C2 treatment (p < 0.05 between the C2 and M2L treatments, and p < 0.01 between the
C2 and M2H treatments). Further, as shown in Figure 5, the fraction of H type sellers
reaching a deal at a price greater than 240 are 36.36%, 19.44% and 27.78% across the
C2, M2L and M2H treatments. This pattern is consistent with the one-buyer treatments,
and implies that under either the bilateral bargaining or competitive market settings,
information plays a similar role in determining how the surplus will be shared. Last, H
type sellers in the M2L and M2H treatments appear to display impatience and accept
an offer too early rather than wait for their optimal price. Their accepted offers are
significantly lower than the theoretical predictions (p < 0.10 in the M2H treatment, and
p < 0.01 in the M2H treatment).
H type sellers also benefit from bargaining power brought by buyers’ competition,
though their gains are relatively small in comparison to L type sellers. In each of the twobuyer treatments, their payoffs increase by 10.51 to 43.30 than those in the corresponding
one-buyer treatment.

5.3

Trade Efficiency

Result 3 Information provision does not improve efficiency.
To compute the efficiency of a treatment, we pool all trades with both H and L sellers
in each period and calculate the weighted average discounted surplus using a random20

effects regression.24 This measure of efficiency should be viewed as a lower bound, since
the surplus is zero if the period is randomly terminated; whereas (in theory) the trade
surplus would be positive if a deal were reached in later rounds.
One-Buyer Treatments. In contrast to the theoretical prediction, we do not find that
information improves efficiency. On average, the efficiency for the C1, B1L and B1H
treatments is 36.47, 32.46 and 36.84 respectively. On the one hand, buyers in the C1
treatment display an eagerness to reach a deal as they increase their offers at a faster
speed than is optimal, resulting in more deals reached than the theoretical prediction.
On the other hand, when information is provided in the B1L and B1H treatments, buyers
conduct screening slowly since they are reluctant to engage in experimentation. H type
sellers also take a longer period of time to bargain for a better price. As a result, the
efficiency loss due to the trade delay offsets the additional trade surplus brought by the
information revelation.
Two-Buyer Treatments. On average, the efficiency is 61.07, 50.21 and 45.65 in C2,
M2L and M2H treatments, respectively. The C2 treatment achieves the highest efficiency
among the three two-buyer treatments, since buyers bid most aggressively when both
competition and no information exist (p < 0.01 for the comparison between the C2 and
M2 treatments, and p < 0.05 for the comparison between the C2 and M2H treatments).
Summary There are several commonalities in subject behavior across the bilateral bargaining and competitive market settings. First, in both the C1 and C2 treatments where
no information is provided, buyers increase their offers much faster than the optimal
strategy, and thus reach more deals than predicted. In contrast, when information is
provided, buyers tend to make lower initial offers and are less likely to engage in experimentation. Second, L type sellers tend to accept lower offers with information provision,
and thus buyer suffer fewer losses when trading with an L type seller. In either setting,
H type sellers are harmed by asymmetric information and their disadvantaged situation
cannot be alleviated by the provision of information. Last, information in both bilateral
bargaining and competitive market treatments does not improve efficiency.
The main difference in results between the bilateral bargaining and competitive market
treatments arises from bargaining power shifting from the buyer’s side to the seller’s side
when the number of buyers increases. As a result, buyers tend to offer higher prices and
reach agreements earlier in competitive market treatments. Further, since buyers rush to
reach the deal in the competitive market sessions, they pay less attention to the quality
of information and do not exhibit a significant difference in screening behavior when the
24

Each of the one-buyer treatments contains 48 observations on trade efficiency, and each of the twobuyer treatments contains 36 observations on trade efficiency.
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precision of information improves.

6

Discussion

In this section, we discuss how our experimental findings can inform directions to modify
the theory to more closely explain our experimental data. We begin by extending Daley
and Green (2020) to incorporate fairness concerns within the utility function of subjects.
Using simulations of the resulting structural model, we demonstrate that deviations with
the experimental results diminish markedly. We next examine how buyers change their
offers between successive rounds, and compare their screening behavior with the model
predictions. Last, we conduct an econometric analysis of the data focusing on the trajectory of offers, and examine how buyers and sellers in the laboratory make their decisions
based on the sequence of news they have received and their matched partner’s decision.
This analysis uncovers that buyers and sellers focus on different parts of the news process
as they work towards reaching a deal.

6.1

Incorporating Fairness Concerns

Our results clearly show that buyers benefit from the provision of information, predominately when they are matched with an L type seller. Yet, as discussed in the preceding subsections, buyers make substantially fewer offers consistent with experimentation,
thereby delaying the screening process and resulting in fewer deals being reached than
Daley and Green (2020) predict. In this subsection, we modify Daley and Green (2020) by
incorporating fairness concerns and subsequently examine whether this modified model
appears consistent with the laboratory data.
Fairness concerns are frequently considered to explain data from bargaining experiments and also appear evident within our data.25 Specifically, two patterns in the data
appear consistent with one-sided inequality aversion. First, only 16.13% of H type sellers immediately accept the first offer exceeding KH , whereas Daley and Green (2020)
assume that sellers would always accept such an offer since buyers hold all of the bargaining power. In our sessions, following the first offer exceeding KH , H type sellers
take an average of an additional 4.67, 5.21, and 6.56 rounds across C1, B1L and B1H
treatments to reach a deal at a higher price that is on average 210.67. Second, while
65% of initial buyers’ offers are strictly below VL /2, roughly 58% of L type sellers end up
25

Loss aversion may also be a potential explanation. However, in our design only buyers matching with
low quality sellers face potential costs and thus loss aversion is unlikely to explain the decision of other
subjects. In contrast, inequality aversion could be a common behavioral factor capturing the decisions
of both buyers and sellers.
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accepting an offer strictly greater than VL /2.26 Thus, the majority of subjects display a
concern about earning less, but not more than, their matched partner.
To incorporate one-sided inequality aversion in the model, we modify the payoffs such
that if a deal is reached at a price offer W in round t, the payoff of θ type seller is





e−rt xθ − γ max xB − xθ , 0} , and the buyer’s payoff is e−rt Eθ xB − γ max xθ − xB , 0} ;
where xθ = W − Kθ and xB = Vθ − W . The parameter γ measures the subject’s
sensitivity to inequality aversion. If γ = 0, the model degenerates to Daley and Green
(2020). Incorporating news to the model with these payoffs, results in an equilibrium
that has the same structure as Daley and Green (2020). There exists a belief threshold
β γ such that: when the buyer’s belief is greater than this threshold, the buyer makes the
γ
offer W that both seller types immediately accept; otherwise, the buyer offers a price
γ
strictly less than W , and only L type sellers would accept it with a positive probability.
The equilibrium is formally derived in the Appendix. If γ > 0, there are several
important changes to the bargaining dynamics that are worth highlighting. First, H
γ
γ
type sellers will ask for a higher acceptance price, W . If an offer of W is accepted by
γ
an L type seller, the buyer will suffer a large loss not solely since W > VL , but also

γ
because she faces an inequality cost γ 2W − VL . As a result, the buyer would become
more conservative and the belief threshold β γ exceeds the threshold derived in Daley and
Green (2020). Not surprisingly, the conservativeness of buyers will lead the bargaining
duration with H type sellers to increase. Second, the buyers’ initial offer may be lower,
since in equilibrium L type sellers are indifferent between accepting the initial offer and
γ
waiting additional rounds until W is offered. As such, if the initial offer is less than VL ,
we expect fewer offers consistent with experimentation.
To estimate the subject’s sensitivity to inequality aversion, we assume that there is
no parameter heterogeneity. In equilibrium, the minimal price offer that an H type seller
γ
H +KH )
would accept is W = KH +γ(V
. In the laboratory, we only observe Wi∗ if a deal is
1+2γ
reached, since there is random termination that leads to censored data. Thus, we assume
that in the laboratory, an H type seller i accepts an offer given as
γ

Wi∗ = W + i
where i ∼ N (0, σ ). This distributional assumption allows us to express the log-likelihood
function as
γ
 max {W } − W γ i
Wiτ − W i X h
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Since buyers rarely propose an offer greater than (VH − KH )/2, we are unable to reach a similar
conclusion for H type sellers.
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where Di = 1 indicates that the deal is reached in round τ at price Wiτ , while Di = 0
indicates that the deal is not reached since all past offers were below Wi∗ . Estimates of γ
for each treatment are presented in the top panel of Table 4.27
Table 4 here
Using the estimated subject’s sensitivity to inequality aversion, we next simulate
bargaining dynamics for each treatment. The results are presented in the bottom panel
of Table 4. The simulated results, which incorporate the fairness concern γ, fit the
data more closely than Daley and Green (2020). In both B1L and B1H treatments,
the bargaining duration with H type sellers is expected to be longer, and the fractions
of deals with H type sellers are not significantly different from the empirical results.
Moreover, the predicted fraction of offers consistent with experimentation decreases from
97% (96%) to 13% (17%) in the B1H (B1L) treatment. In summary, a modified model
that incorporates fairness concerns can help rationalize many of the findings observed in
the laboratory.

6.2

Examining How Buyers Change Their Offers Between Successive Rounds

We next attempt to explore how the gradual revelation of the seller’s private information affects the decisions of subjects in the bilateral bargaining and competitive market
settings. In this subsection we will examine if buyers adjust their offers in the same
directions as the theoretical predictions, and in the next subsection we investigate how
buyers and sellers respond to different components in the news process and compare the
magnitude of these responses with the theoretical predictions.
The top panel of Table 5 summarizes the direction in which buyers change their offers
between successive rounds in each treatment. There are noticeable differences between the
behavior observed in the laboratory and the theoretical predictions. For instance, in each
of the two-buyer treatments, theory predicts a no-trade region in which buyers would
offer VL repeatedly, until a subsequent round at which their belief crosses a threshold
resulting in an offer that both seller types would immediately accept. Nevertheless,
the last three columns of Table 5 show that buyers in the competitive market sessions
frequently change their offers at a higher rate than theory predicts. While Deneckere
and Liang (2006) predict that the buyers’ screening offer would monotonically increase
when no information is provided in bilateral bargaining, we observe that 42% of offers in
27

We choose to estimate the inequality aversion in each treatment, since Results 2 implies that subjects
may have a different perception on fairness when information is provided.
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the C1 treatment are made either for the same amount or at a lower amount than the
immediately preceding offer.
Table 5 here
It is interesting to note that in aggregate, within the same information environment,
buyers make similar offer adjustments in both the bilateral bargaining and competitive market settings, although theory predicts quite different equilibrium behavior. For
instance, when no information is provided, buyers in both the C1 and C2 treatments
increase their offers 58% of the time, and reduce their offers 17-18% of the time. After
receiving an up tick, buyers in the B1L treatment increase their offers 48% of the time
and reduce their offers in 14% of the occasions, whereas the corresponding frequencies in
the M2L treatments are 51% and 16% of the time. Further, after receiving a down tick,
buyers in the B1L treatment reduce their offers 25% of the time and increase their offers
41% of the time, whereas the corresponding frequencies in the M2L treatments are 19%
and 45% of the time. Similar evidence is found when we compare the offer adjustments
between the B1H and M2H treatments, though buyers in the M2H treatment appear
more cautious and have a relatively higher frequency of making the same amount as the
immediately preceding offer. In both the bilateral bargaining and competitive market
settings, buyers appear to respond more to positive news than negative news.

6.3

An Empirical Understanding of Offer Dynamics and Seller
Stopping Decisions

To understand how the exogenous information from news influences both the trajectory of
offers as well as the buyers’ sequential learning process and sellers’ acceptance decisions,
requires formally modelling how buyer i in round r of period p makes an offer Wirp . In the
underlying models being tested, both the price offers and the seller’s acceptance decision
are updated in each round based on the sequence of news received and knowledge of
whether a trade has already occurred.
In this subsection, we consider a simple reduced form specification that illustrates how
buyers respond to both the most recent pieces of the news and the history of this news
process. This specification imposes a restriction that all coefficients have constant effects
across rounds and uses a summary measure of historical up ticks in the news process.
We assume the following linear relationship to explain how subject i changed her offer in
period p between successive rounds r as
∆Wirp = α1 U pirp + α2 F reqU pi(r−1)p + α3 Ii + pp + εirp
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(2)

where U pirp is a round specific indicators if the tick moved up, F reqU pi(r−1)p captures
the percentage of past news announcements that are characterized by an up tick, Ii is
a vector of individual characteristics that include gender, major and treatment, pp is a
vector of period fixed effects and εirp is a mean zero independent random shock.
Two important statistical issues remain to recover unbiased and consistent parameter
estimates of equation (2). First, there is exogenous censoring due to random block termination. We focus on data from the first block of 12 rounds in a period since data from
subsequent blocks need to be reweighted. Second, the seller’s response to the current offer(s) received from the buyer(s) they are matched to in period p determines whether the
period ends, or if an offer(s) can be made in a subsequent round. We define Di(r+1)p = 1
to indicate that seller i reaches a deal in round r, and Di(r+1)p = 0 if the deal is not
reached. In addition, the sellers possess additional private information including the type
of good.
In our analysis, we assume that the decision to continue is due to exogenous and
endogenous observables that are observed by the seller prior to the decision in a given
round. If the selective continuation is based on observables, the estimates of the offer
equation can be reweighted and the conditional population density f (Wirp |Ii ) can be
inferred from g(Wirp |Ii , Dirp = 0) even though Wirp is observed only if Dirp = 0. Consider
∗
=
the probability of continuation implies a process of the form Di(r+1)p = 1{Di(r+1)p
∗
∗
α0 Eirp + wirp ≥ 0}, where Di(r+1)p is a latent index and Di(r+1)p = 1 if Di(r+1)p ≥ 0,
wirt is a mean zero random variable whose c.d.f. is Fw , r is the round being studied
and Eirp is a matrix of predetermined variables that include individual characteristics
and news announcements. The probability of staying in the sample is P r(Di(r+1)p =
0|Eirp ) = Fw (−α0 Eirp ), and in our analysis we assume that wirp follows a symmetric
distribution to estimate the probability that the seller has chosen not to accept the offer.
Since reaching a deal in the period of the experiment is an absorbing state, the weights
used in each subsequent round r is simply the product of all current and past estimated
probabilities, where all of the estimated probabilities for not reaching a deal in round r
are obtained from a fixed effect logit regression using all subjects that made a decision
in the sample at round r − 1.
In Table 6, we present estimates of equation (2) where each column presents results
corresponding to a different treatment. Individual demographic characteristics only play
a small role in the C1 treatment where both male and STEM students raise offers more
relative to females and arts and humanities students. In each treatment, we find that
buyers significantly increase their offers when the most recent signal is up, with larger
effect sizes in the lower quality information treatments. The history of news as proxied
by F reqU pi(r−1)p significantly influences the change in offers in each treatment, with
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effect sizes that are larger in the high quality information treatments. While there are
no differences in the magnitude of the effects of the news variables between the B1L and
M2L sessions, the effect of F reqU pi(r−1)p is more than double the size in the M2H relative
to the B1H treatment, capturing the more aggressive bidding in these sessions.
Each column of Table 7 presents estimates from a linear probability model estimator
of whether a seller chooses to accept the current offer in a specific treatment. There is a
significant lower likelihood of reaching a deal if a high quality good is for sale, and sellers
are more likely to accept a deal if they face a higher offer in each treatment. In each
treatment, the decision of the informed seller to accept the offer is not influenced by the
most recent piece of the news process, unlike the initially uniformed buyer who react in
a significant manner to the most recent news. In contrast, the history of news as proxied
by F reqU pi(r−1)p significantly reduces the likelihood a deal is reached in every treatment
with the exception of the B1H treatment.
In Appendix B, we consider an empirical model that allows for dynamic complementarities and a triangular structural model, in which the parameters are nonparametrically
identified. This specification allows us to further examine how subjects react in alternative sequence of news, and we find that buyers respond asymmetrically to positive and
negative news. For example, while 93.3%, 94.6%, 95.2% and 93.9% of offers increase
after two consecutive up signals in the B1L, B1H, M2L and M2H sessions respectively,
only 31.2% 32.0%, 26.7% and 24.7% of offers decline after two consecutive down signals. Further, 6-8% of subjects in each treatment raise their offers after two negative
signals, whereas less than 0.3% lower their offer following two positive pieces of news. In
addition, Appendix B provides evidence that buyers in the bilateral bargaining setting
underreact with news, i.e., they adjust their offers in a smaller magnitude than theoretical predictions, whereas they overreact in the competitive market setting.28 Last, the
results presented in the Appendix indicate buyers’ responses occur to a larger degree
in the low quality relative to the high quality information treatments, consistent with
findings reported in Afrouzi, Kwon, Landier, Ma, and Thesmar (2020).

7

Conclusion

Asymmetric information affects market outcomes, both in terms of efficiency and distribution. In this paper, we explore in the laboratory how outcomes in bilateral bargaining
and competitive markets evolve when participants’ information improves. Our experi28

The results from the competitive market treatments are consistent with the evidence from financial
economics that unsophisticated individuals can overreact to multiple periods of news that are persistently
good or bad (e.g., Bondt and Thaler, 1985; Lakonishok, Shleifer, and Vishny, 1994).
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ments are developed in the context of the Daley and Green (2012, 2020) models that
involve a static lemon condition, and we vary both the number of buyers and quality of
information across treatments. We find that many of the qualitative comparative static
predictions of the models examining changes in the quality of the information are supported by the data. However, there are several interesting departures. For instance, in
the bilateral bargaining sessions, buyers rarely use the experimentation strategy predicted
in Daley and Green (2020), possibly due to fairness considerations. Consequently, the
existence of news does not increase efficiency in the bilateral bargaining setting.
Our experiments reveal new insights into subject behavior in asymmetric information
environments. Anticipating new information will arrive that can reveal the seller’s type,
buyers hesitate to immediately reach a deal and make a low initial offer, Once low quality
sellers realize that their chance of being mischaracterized as a high quality seller diminishes, they are more willing to accept lower price offers. Nevertheless, high quality sellers
do not benefit much from the provision of information. Consistent with the previous
experimental literature, buyers tend to make lower offers when there exists uncertainty
about the seller’s type. Even though the information gradually reveals their type, high
quality sellers still face challenges when bargaining for a higher price offer.
Buyers in the laboratory without news do not commit to waiting as a means of screening in a bid, resulting in more deals being reached than theory predicts and significant
losses suffered by buyers. The provision of information benefits buyers since they start
to make more cautious offers. However, as buyer competitors enter the market, cautious
behavior is reduced and buyers engage in social competition to successfully reach a deal
and many buyers experience a loss.29 This competition could reflect either a fear of losing
or a joy of winning,30 and this behavioral tendency is also observed in many real world
settings including real estate markets and professional sports. Our results suggest that
future work investigating markets may wish to incorporate behavioral responses by the
buyers to the number of competitors they face. In addition, our analysis on the trajectory
of offers suggests that subjects in both the bilateral bargaining and competitive market
settings respond more to positive news than to negative news.
To summarize, the evidence presented in this study suggests that individuals behave
strategically in lemons market environments, even when such behavior is in opposition to
the strong norms of equality and efficiency. The provision of information within bilateral
bargaining environments does lead subjects’ behavior to shift towards a plausible norm
29

Malmendier and Lee (2011) denote this overbidding phenomena in general environments as the
“bidder’s curse”. We note that our finding is consistent with evidence in Lim, Matros, and Turocy
(2014) that overbidding increases in the number of players.
30
For example, Schmitt et al. (2004) propose that winning may be a component in a subject’s utility,
whereas Delgado, Schotter, Ozbay, and Phelps (2008) introduce the idea of loss contemplation.
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of fairness, as in many other bargaining experiments. Our findings are also consistent
with an increasing body of research that finds that subjects are willing to take advantage of asymmetric information, but the willingness declines as information is revealed
reducing the ability to mimic a different seller type. Last, we present evidence that the
introduction of a competitor can lead buyers to behave more aggressively, thereby improving market efficiency since deals are reached earlier. Undoubtedly, more research is
needed to understand further the extent to which behavior can be predicted using the
Daley and Green (2012, 2020) models, but our main findings suggest that much of the
observed behavior in bargaining situations can be rationalized, particularly if the payoffs
are modified to allow for inequality aversion.
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Appendix: Proof of the Model with Inequality Aversion
As discussed in the main text, the equilibrium has the same structure as Daley and
Green (2020). That is, there exists a belief threshold β γ such that: when Zt ≥ β γ , the
γ
buyer offers W and both types of seller accept this offer. When Zt < β γ , the buyer makes
γ
an offer Wt < W and only an L type seller would be willing to accept such an offer with
positive probability. The buyer’s value function has a similar form with equation (14) in
Daley and Green (2020).
(
FB (z) =


γ
γ
1 − p(z) (1 + γ)VL − (1 + 2γ)W + p(z)(VH − W ) if z ≥ β γ
eu1 z
if z < β γ
C1 × 1+e
z

(3)

The optimal threshold β γ maximizes
h
i
u1 z

γ
γ
γ
γ
−u1 β γ e
F (z|β ) = (1 + e ) 1 − p(β ) (1 + γ)VL − (1 + 2γ)W + p(β )(VH − W ) e
1 + ez
γ

βγ

at every z. Therefore, dβdγ F (z|β γ ) = 0. Intuitively, β γ is greater than β in Daley and
Green (2020), because a deal reached with an L type seller would involve a greater loss.
γ
eu1 β
The parameter C1 is pinned down by the observation that FB (β γ ) = C1 1+e
β γ . Following Lemma 1 of Daley and Green (2020), since in equilibrium the net benefit of screening
is zero, then we can express
(1 + 2γ)W (z) = (1 + γ)VL − FB (z) +

FB0 (z)
1 − p(z)

Combining this expression with equation (3), we can derive that
(
FL (z) = W (z) =

W

γ

1+γ
V
1+2γ L

+

C1 (u1 −1) uz
e
1+2γ

if z ≥ β γ
.
if z < β γ

(4)

1+γ
Since 1+2γ
< 1, there is some chance that W (z) < VL . In other words, buyers may make
some non-experimentation offers, and the probability of adopting an experimentation
offer decreases in γ. Therefore, this model may help explain and rationalize why in the
laboratory we observe very few buyers’ offers consistent with experimentation.
Moreover, the acceptance rate at state z is given by

q(z) =

rFL (z) +

φ2 0
F (z)
2 L
FL0 (z)

−

φ2 00
F (z)
2 L

= (1 + γ)

φ2 VL −u1 z
e
.
2C1

Notice that the introduction of inequality aversion increases the acceptance rate for L
type sellers.
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Table 2: Theoretical Predictions in the Last 6 Trading Periods
Treatment
First Offer
Bargaining Duration
H-type seller
L-type seller
Accepted Offer
H-type seller
L-type seller

C1

B1L

B1H

C2

M2L

M2H

19.94
(0.00)

67.50
(0.00)

67.70
(0.00)

60.00
(0.00)

60.00
(0.00)

60.00
(0.00)

55.00
(0.00)
27.94
(0.00)

18.17
(13.45)
10.49
(5.38)

13.67
(6.50)
6.13
(1.65)

27.47
(0.00)
13.50
(0.00)

74.33
(65.31)
18.82
(10.13)

32.67
(19.73)
7.41
(4.06)

180.00
(0.00)
97.35
(0.00)

180.00
(0.00)
87.73
(15.83)

180.00
(0.00)
85.84
(29.55)

180.00
(0.00)
60.00
(0.00)

240.37
(0.00)
86.04
(48.28)

273.98
(0.00)
86.73
(65.49)

19.35
(0.00)
0.00
(0.00)
19.94
(0.00)
32.64
(0.00)

7.39
(19.55)
0.00
(0.00)
63.91
(16.42)
49.98
(11.10)

9.09
(22.54)
0.00
(0.00)
70.40
(27.88)
56.02
(5.32)

0.00
(0.00)
0.00
(0.00)
60.00
(0.00)
40.00
(0.00)

0.48
(11.80)
13.28
(15.94)
46.53
(10.58)
35.93
(14.76)

−10.50
(34.06)
32.22
(21.55)
68.37
(50.06)
45.82
(11.16)

0.14
(0.00)

0.96
(0.02)

0.97
(0.02)

0.00
(0.00)

0.00
(0.00)

0.00
(0.00)

Payoff
Buyer
H-type seller
L-type seller
Efficiency
Experimentation Offers
Fraction of offers ∈ (VL , KH )

Note: Offers and payoffs are measured in the units we use in the laboratory. Duration is measured in terms of
rounds per period given the news processes used in the last 6 periods of each session and no random termination
is considered. Efficiency is defined as the discounted trade surplus. For the treatments involving information, we
calculate the theoretical predictions using the previously generated series of news, which can be different from
the ex-ante predictions. For instance, in the M2L and M2H treatments, the ex-ante payoff prediction for buyers
are 0, but the ex-post predictions are 0.48 and −10.50, respectively. Standard deviations in parentheses.
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Table 3: Descriptive Statistics in the Last 6 Trading Periods
Treatment

C1

B1L

B1H

C2

M2L

M2H

First Offer

27.45
(1.22)

25.13
(2.06)

18.27
(0.54)

66.15
(10.49)

42.03
(3.94)

37.36
(4.11)

192.20
(16.19)
111.06
(9.73)

214.80
(3.03)
75.96
(9.94)

208.73
(5.03)
60.77
(9.64)

232.24
(4.20)
164.96
(18.02)

212.51
(12.51)
112.48
(4.15)

217.90
(6.29)
108.84
(1.61)

−9.71
(3.43)
4.70
(9.38)
90.67
(4.57)

5.08
(5.21)
13.99
(2.70)
58.90
(5.99)

15.46
(3.28)
14.95
(1.07)
53.19
(9.95)

−25.17
(5.32)
48.58
(4.44)
162.84
(15.73)

−6.17
(2.03)
24.73
(9.17)
105.95
(2.80)

−5.34
(1.67)
23.98
(3.81)
96.13
(9.14)

13.75
(1.63)
10.06
(0.98)

17.73
(1.05)
8.82
(0.89)

19.39
(2.06)
7.40
(0.63)

9.01
(0.52)
3.52
(0.53)

11.49
(2.47)
5.24
(0.84)

11.45
(2.08)
6.51
(1.92)

0.49
(0.07)
0.84
(0.07)
36.47
(4.42)
0.15
(0.02)

0.40
(0.06)
0.81
(0.02)
32.46
(1.68)
0.05
(0.01)

0.52
(0.07)
0.87
(0.04)
36.84
(2.82)
0.02
(0.01)

0.94
(0.03)
0.99
(0.01)
61.07
(0.30)
0.24
(0.02)

0.72
(0.05)
0.94
(0.01)
50.21
(1.84)
0.13
(0.02)

0.67
(0.04)
0.88
(0.09)
45.65
(5.66)
0.09
(0.01)

Accepted Offer
H-type seller
L-type seller
Payoffs
Buyer
H-type seller
L-type seller
Deal Round
H-type seller
L-type seller
Fraction of Deals Reached
H-type seller
L-type seller
Efficiency
Experimentation Offers
Fraction of offers ∈ (VL , KH )

Note: Each entry presents the mean and standard deviation of the row variable for the treatment denoted by the
column heading. The weighted average is computed using a random-effects regression on a complete set of treatment
indicators, while the sole exception is efficiency which is calculated each period. The variables deal round and
accepted offer are recorded on the sample in which deals were reached.
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Table 4: Estimates and Simulation of the Model Incorporated with Inequality Aversion
Treatment

C1

B1L

B1H

Estimate of Inequality Aversion Coefficient
γ

0.50
(0.03)

0.97
(0.01)

0.67
(0.03)

Comparing the Results from Simulations of the Model with Laboratory Data

First Offer
Lab
Model incorporated with γ
Offer Accepted by H Type
Lab
Model incorporated with γ
Offer Accepted by L Type
Lab
Model incorporated with γ
Bargaining Duration with H Type
Lab
Model incorporated with γ
Bargaining Duration with L Type
Lab
Model incorporated with γ
Fraction of Deals Reached with H Type
Lab
Model incorporated with γ
Fraction of Experimentation Offers
Lab
Model incorporated with γ

20.76
27.45
(1.22)
8.22
(1.62)
180.00
192.20
(16.19)
209.85
(5.07)
21.20
111.06
(9.73)
8.30
(1.64)
26.00
13.75
(1.63)
26.00
(0.00)
0.34
10.06
(0.98)
0.26
(0.11)
0.00
0.49
(0.07)
0.00
(0.00)
0.14
0.15
(0.02)
0.00
(0.01)

67.50
25.13
(2.06)
40.48
(3.90)
180.00
214.80
(3.03)
219.57
(7.05)
83.07
75.96
(9.94)
45.26
(5.80)
14.00
17.73
(1.05)
19.13
(0.27)
7.02
8.82
(0.89)
2.14
(0.87)
0.75
0.40
(0.06)
0.42
(0.04)
0.96
0.05
(0.01)
0.17
(0.05)

67.70
18.27
(0.54)
44.19
(2.69)
180.00
208.73
(5.03)
214.31
(4.50)
84.11
60.77
(9.64)
56.49
(4.24)
11.46
19.39
(2.06)
13.42
(0.55)
4.51
7.40
(0.63)
2.34
(0.35)
0.71
0.52
(0.07)
0.63
(0.03)
0.97
0.02
(0.01)
0.13
(0.04)

Note: Standard deviation in parentheses. The numbers presented in bold indicate the theoretical
predication of Daley and Green (2020) given the generated news and random termination in the laboratory.
For the policy simulations, the bootstrap standard errors are calculated using estimates obtained from
the simulated model with 6,000 bootstrap samples.
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Table 5: Changes in Buyers’ Offers Between Successive Rounds
Treatment

C1

B1L

B1H

C2

M2L

M2H

0.58
(0.03)
0.24
(0.04)
0.18
(0.03)

0.50
(0.04)
0.35
(0.03)
0.16
(0.01)

0.46
(0.04)
0.40
(0.05)
0.16
(0.01)

All Rounds
Increasing Offer
Same Offer
Decreasing Offer

0.58
(0.02)
0.25
(0.02)
0.17
(0.03)

0.44
(0.05)
0.36
(0.08)
0.20
(0.03)

0.55
(0.05)
0.27
(0.04)
0.18
(0.02)

Following the Immediate Receipt of an Up Tick
Increasing Offer
Same Offer
Decreasing Offer

0.48
(0.07)
0.38
(0.09)
0.14
(0.02)

0.57
(0.05)
0.27
(0.03)
0.16
(0.03)

0.51
(0.03)
0.34
(0.04)
0.16
(0.02)

0.49
(0.04)
0.39
(0.05)
0.12
(0.02)

Following the Immediate Receipt of a Down Tick
Increasing Offer
Same Offer
Decreasing Offer

0.41
(0.03)
0.35
(0.07)
0.25
(0.05)

0.49
(0.05)
0.28
(0.04)
0.23
(0.03)

0.45
(0.05)
0.36
(0.03)
0.19
(0.02)

0.39
(0.05)
0.41
(0.06)
0.20
(0.02)

Note: Each entry in the table presents the proportion of rounds an offer changed by the
criteria in the row for the treatments in each column. Standard deviations in parentheses.
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Table 6: Factors Influencing How Buyers Adjust Their Offers Across Rounds
Treatment

C1

B1L

B1H

−5.43∗∗
(2.15)
5.91∗∗∗
(2.06)
0.43
(1.43)
8.36∗∗∗
(1.73)

6.45∗∗∗
(1.52)
63.68∗∗∗
(18.62)
2.63
(2.16)
−3.69
(2.43)
−1.76
(1.67)
2.54∗∗
(1.13)

1,745
0.007

1,844
0.021

Up Tick at t
Freq{Up Ticks}0t−1
Female
STEM
Business/Econ
Constant

Observations
R-squared

C2

M2L

M2H

4.95∗∗∗
(1.46)
83.79∗∗
(33.96)
2.16
(2.12)
−1.95
(1.52)
−1.64
(1.93)
3.30∗∗∗
(1.22)

2.46
(3.64)
−1.66
(3.36)
−3.12
(4.97)
11.70∗∗∗
(1.97)

6.54∗∗
(1.48)
64.56∗∗∗
(23.05)
−1.68
(2.18)
−0.09
(2.07)
1.28
(2.12)
4.63∗∗∗
(0.88)

4.47∗∗∗
(1.49)
178.20∗∗∗
(52.17)
3.40
(2.22)
−1.81
(1.63)
0.37
(2.05)
3.11∗∗
(1.46)

1,706
0.013

1,150
0.001

1,714
0.014

2,010
0.014

Note: Robust standard errors in parentheses clustered at the session level. ∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.
The models assume a homogeneous effect of each parameter in the offer equation and are weighted to account
for selective decisions by the seller to accept an offer.
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Table 7: Factors Influencing Whether a Seller Accepts a Deal in Round t
Treatment
H Type Good
Female
STEM
Business/Econ
max{Offert }

C1

B1L

B1H

M2

M2L

M2H

−0.06∗∗∗
(0.01)
0.01
(0.01)
0.01
(0.02)
0.02
(0.02)
0.001∗∗
(0.0003)

−0.11∗∗∗
(0.01)
−0.01
(0.01)
−0.02
(0.02)
0.01
(0.01)
0.002∗∗∗
(0.0004)

−0.12∗∗∗
(0.01)
0.03
(0.02)
−0.02
(0.02)
−0.04∗
(0.02)
0.002∗∗∗
(0.0005)

−0.17∗∗∗
(0.03)
0.02
(0.02)
−0.06
(0.04)
0.12∗∗∗
(0.04)
0.003∗∗∗
(0.001)
−0.001
(0.001)

−0.01
(0.02)
0.20∗∗∗
(0.05)
0.02
(0.01)

0.01
(0.01)
−0.03∗
(0.01)
−0.02
(0.03)
−0.03
(0.05)
0.04∗∗∗
(0.01)

0.01
(0.01)
−0.03
(0.02)
−0.03
(0.07)
−0.01
(0.09)
0.04∗∗
(0.02)

−0.01
(0.04)
0.00
(0.08)
−0.04
(0.04)

−0.17∗∗∗
(0.03)
0.04
(0.03)
0.00
(0.02)
0.02
(0.04)
0.000
(0.0004)
−0.002
(0.0004)
−0.01
(0.02)
−0.07∗∗∗
(0.03)
0.12∗∗∗
(0.03)
0.22∗∗∗
(0.07)
0.11∗∗∗
(0.04)

−0.13∗∗∗
(0.06)
0.02
(0.03)
0.05
(0.03)
0.05
(0.05)
0.001∗∗
(0.0002)
0.0016∗
(0.0004)
−0.02
(0.03)
−0.06∗∗∗
(0.01)
−0.06∗∗∗
(0.001)
0.13
(0.07)
−0.04
(0.02)

1,889
0.15

2,289
0.11

1,107
0.16

683
0.21

641
0.16

688
0.23

min{Offert }
Up Tick at t
Freq{Up Ticks}t−1
0
I[max{Offert }≥ 60]
I[max{Offert }≥ 180]
Constant

Observations
R-squared

Note: Robust standard errors in parentheses. ∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.
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Figure 1: Initial Offers Proposed by Buyers

41

Figure 2: Time Until the Buyer First Proposed an Offer ≥ KH
(a) One-Buyer Treatments
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(b) Two-Buyer Treatments
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Figure 3: The Distribution of Offers Accepted by L Type Sellers Across Treatments

Note: The horizontal axis in each figure corresponds to the amount of the accepted offer if a deal is reached.
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Figure 4: Cumulative Distribution of When Deals were Reached Across Treatments
(a) One-Buyer Treatments

(b) Two-Buyer Treatments
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Figure 5: The Distribution of Offers Accepted by H Type Sellers Across Treatments

Note: The horizontal axis in each figure corresponds to the amount of the accepted offer if a deal is reached.
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For Online Publication
A
A.1

Experimental Instructions
Instructions for Treatment C1

You are about to participate in a session on decision-making, and you will be paid for
your participation in cash vouchers, privately at the end of the session. What you earn
depends partly on your decisions, partly on the decisions of others, and partly on chance.
Please turn off your cellular phone(s) now. Please close any programs that you may
have opened on the computer. The entire session will take place through computer
terminals, and all interaction between you and other session participants will take place
through the computers. Please do not talk directly to or attempt to communicate with
other participants during the session.
We will start with a brief instruction period. During the instruction period you will
be given a description of the main features of the session and will be shown how to use
the computers. If you have any questions during this period, raise your hand and your
question will be answered in private.
Instructions
In this experiment you will be asked to make decisions in 12 trading periods. At the
beginning of the experiment you will be randomly assigned to be a buyer or a seller and
remain in this same role in each trading period.
At the beginning of each trading period subjects are matched at random together
to form pairs, with one buyer and one seller in each pair. Each buyer will have an
opportunity to make one purchase of a fictitious perishable commodity from the seller
they are matched with during the period, according to trading rules that are explained
below.
In each trading period, a fictitious perishable commodity will be exchanged. There is
a 2/3 chance that the commodity is type Green and a 1/3 chance that the commodity
is type Blue. Only the seller knows whether the commodity is type Green or type Blue.
Buyers do not observe the color type of the good.
A buyer will make an offer for the fictitious commodity at the start of each period.
Each buyer vales a type Blue good at 300 and values a type Green good at 60.
Once the buyer makes an offer, the seller will choose whether to accept or reject this
offer. Each seller faces an initial cost of selling a good that differs by the color type of
good. A good of type Blue has an initial cost of 180 and a good of type Green has an
initial cost of 0.
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If the seller accepts the initial offer of the buyer, a trade is made and the period ends.
If the seller rejects the initial offer of the buyer, the buyer-seller matched pair moves
to the second stage which may consist of multiple rounds. The attached figures show the
computer screen in Stage 2. In each round of the second stage, the buyer will have 6
seconds to make an offer in that round. Buyers make decisions by moving their mouse
along the slider bar in the middle of the screen. At the start of each round, the mouse
is located at the position of the last offer. By moving along the slider bar to a desired
location, the buyer can make a new offer. The amount of this new offer is displayed on
the screen and by hitting the OK button, this offer is made. However, if the buyer did
not hit the OK button within 6 seconds, the computer will treat the final position of the
slider as the desired offer. If the buyer does not move the slider bar within the round,
the computer will assume the buyer wishes to make the exact same offer that he made
in the previous round. Thus, after 6 seconds, the computer will record a new offer from
the buyer. The seller will then have 6 seconds to make a decision on the buyer’s updated
decision. As before, if the seller rejects the updated offer, the matched pair would move
to another round in the second stage. Only if the seller accepts the offer, a trade is made
and the period ends. In the event of the seller not reaching a decision within 6 seconds,
the computer will make a default decision of rejection in that round of the second stage.
We will soon provide some numerical examples to clarify how much the buyer and
seller earn if a trade is made. We will also conduct 4 practice periods to familiarize you
with experiment as seen by both the buyer and the seller.
The opportunity to reach a deal in the second stage might evaporate before you seize
it, in which case both the buyer and seller earn 0 points that period. This can happen
since at the end of each round there is a 4% chance that the period will end. The
computer will draw a random number from 0 to 100, where each number is equally likely
to have been drawn. If the computer draws a number larger than 96, this is the round
determined to have ended the period.
If you enter the second stage, you will play in blocks of 12 rounds. At the end of each
block of 12 rounds, the computer will report if a number greater than 96 was drawn in
a prior round in that block and if so, in which round. In this case, that round ends the
period, irrespective of whether a deal was subsequently reached in a later round. If the
computer reports that none of the twelve numbers drawn in the block were larger than
96, the players in the group will move to a next block of 12 second stage rounds. In other
words, the total number of rounds in the second stage is determined randomly by the
computer.
Once the period ends, the color type of the good being traded is announced to the
pair. If a deal is reached, the profit or loss of a buyer is calculated as the difference
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between his value and the offer he made. The profit or loss of a seller is calculated as the
difference between the amount she received and her cost.
A few examples might help your understanding. These are not meant to be realistic:
1. At the start of the period, the seller is informed she is selling a Blue type good.
The buyer makes an initial offer of 215 that the seller immediately accepts. The
period ends immediately. Since this is a Blue good, the buyer receives 300-215=85
points and the seller receives 215-180=35 points. If instead the seller had a Green
type of good and immediately accepted the offer of 215, the buyer would receive
60-215= -155 points and the seller would receive 215-0=215 points.
2. At the start of the period, the seller is informed she is selling a Blue type good. The
buyer makes an initial offer of 160 that the seller rejects. The matched pair moves
to the second stage. After 12 rounds, the buyer makes a revised offer of 220 that
the seller accepts. In this case, if none of the random numbers drawn in the prior
rounds was greater than 96, the deal stands, the buyer earns 300-220=80 points
and the seller earns 220-180=40 points. However, if the computer randomly drew a
number greater than 96 in one of the prior rounds, say if the computer drew 98 in
round 10, the deal in round 12 is canceled, in which case both the buyer and seller
receive 0 points. If instead, the seller does not accept any offers in round 12, there
is a chance the matched pair moves to another block of twelve rounds. This chance
happens if the computer did not draw a number larger than 96 in any of the earlier
rounds in the block.
3. At the start of the period, the seller is informed she is selling a Green type good.
The buyer makes an initial offer of 60 that the seller rejects. The matched pair
moves to the second stage. After 10 rounds, the buyer makes an offer of 85 that
the seller accepts. In this case, if none of the random numbers drawn in the prior
rounds was greater than 96, the deal stands, and the buyer earns 60-85=-25 points
and the seller earns 85-0=85 points. However, if ever a random number drawn in
the prior rounds is greater than 96, say if the computer drew 98 in round 3, the
deal in round 10 is canceled, in which case both the buyer and seller in this group
receive 0 points. If instead, after 10 rounds, the seller rejects this revised offer of
85, the matched pair moves to round 11.
As you can see there are many possibilities.
When every matched pair has finished this task, and completed a transaction for the
fictitious good, the next period begins. You will be randomly re-assigned to a player in
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the next period. You will not be able to identify whom you have paired with in previous
or future periods. You will remain in the same role of either a buyer or seller in all periods
and the task in every period is exactly the same as the one just described (but with the
randomly re-matched player). The color type of the commodity will be randomly assigned
in each period. That is, regardless of what type of commodity a seller holds previously,
in the next period the seller still has a 1/3 chance of having a Blue type of commodity
and a 2/3 chance of having a Green type of commodity. The session consists of 12 such
periods.
At the end of the experiment you will be called individually and paid in cash voucher
in private by the experimenter. The amount of your cash payment includes a $10 participation fee and your earnings in the experiment. Your earning in the experiment will
be determined as follows: In the beginning of each period in today’s session each buyer
and seller will receive an endowment of 120 points. At the end of the session, one of
the 12 trading periods will be randomly selected, and you will earn the total number
of points that you obtained from the trade in that period plus your initial endowment.
The conversion rate from points to U.S. dollars is $1 = 12 points. For instance, if in the
chosen period you are a buyer and earn 48 points from the trade, you will be paid a $10
participation fee and (48points + 120points) /12 = $14 from the trade. In total, you will
be paid $24. However, if your loss exceeds 120 points in the randomly selected period,
you will only be paid the $10 participation fee.
Are there any questions?
Summary
Before we start, let me remind you that:
• After a period is finished, you will be randomly re-matched to a player of the
opposite role for the next period.
• In each period, you and another player will form a pair to complete a transaction of
a fictitious good. The color type of commodity will be randomly assigned in each
period. Only the seller knows the color type of the good at the beginning of the
period.
• If the seller accepts the buyer’s initial offer, the period ends. If the seller rejects
the buyer’s initial offer, you move to a second stage. In each round of the second
stage, buyers can decide whether to change their offer by moving along the slider
bar and sellers can decide whether or not to accept or reject an updated offer. You
have 6 seconds to act. Each round lasts 12 seconds.
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• Each round of the second stage ends (with or without a deal being reached) with a
small probability of 4% that is announced after a block of 12 rounds.
• At the end of the session, your earnings are determined by the number of points
you earned in a randomly selected period plus a starting balance that depends on
the role you play. In addition, you will receive a $10 participation fee.
Good Luck.
Figure A.1: Screenshot of Buyer in the C1 Treatment
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Figure A.2: Screenshot of Seller in the C1 Treatment

51

A.2

Instructions for Treatment B1L

......
We will soon provide some numerical examples to clarify how much the buyer and
seller earn if a trade is made.
In each round of the second stage, for each matched pair, the bottom panel of the
screen will display the information about the color of the good the seller is offering and the
past offers made. While the seller knows the color type of the good, this information may
help the buyer learn about the color type. To understand how information is presented,
the key features are:
• Information starts at 0.
• Each second stage round one new tick is displayed.
• The tick either moves up or down by a fixed amount, 0.01. That is, the information
either takes a step up or a step down from its prior value.
• When the good is type Green, the tick is more likely to move down than up. On
average, it moves down with probability 55%, and moves up with probability 45%.
• When the good is type Blue, the tick is more likely to move up than down. More
precisely, it moves up with probability 55%, and moves down with probability 45%.
In the practice periods, several examples of how information is presented in the second
stage rounds for both Blue and Green goods will be shown. We will also conduct 4 practice
periods to familiarize you with experiment as seen by both the buyer and the seller.
......
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Figure A.3: Screenshot of Buyer in the B1L Treatment

Figure A.4: Screenshot of Seller in the B1L Treatment
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A.3

Instructions for Treatment M2H

... ...
Instructions
In this experiment you will be asked to make decisions in 12 trading periods. At the
beginning of the experiment you will be randomly assigned to be a buyer or a seller and
remain in this same role in each trading period.
At the beginning of each trading period subjects are matched at random together
to form groups, with two buyers and one seller in each group. Each buyer in a group
will have an opportunity to make a purchase of the one fictitious perishable commodity
available from the seller they are matched with during the period, according to trading
rules that are explained below.
In each trading period, a fictitious perishable commodity will be exchanged in a
group. There is a 2/3 chance that the commodity is type Green and a 1/3 chance that
the commodity is type Blue. Only the seller knows whether the commodity is type Green
or type Blue. Buyers do not observe the color type of the good.
Each buyer will make an offer for the fictitious commodity at the start of each period.
Each buyer values a type Blue good at 300 and values a type Green good at 60.
Once all the buyers make an offer, the seller will choose whether to accept or reject
each buyer’s offer in the group. Each seller faces an initial cost of selling a good that
differs by the color type of good. A good of type Blue has an initial cost of 180 and a
good of type Green has an initial cost of 0. The seller can accept only one offer.
If the seller accepts the initial offer of one of the buyers in the group, a trade is made
and the period ends.
If the seller rejects the initial offer from both buyers in the group, we move to the
second stage which may consist of multiple rounds. The attached figures show the computer screen in Stage 2. In each round of the second stage, each buyer will have 6 seconds
to make an offer in that round. Buyers make decisions by moving their mouse along the
slider bar. At the start of each round, the mouse is located at the position of the last
offer. By moving the slider bar to a desired location, a buyer can make a new offer. The
amount of this new offer is also displayed on the screen and by hitting the OK button,
this offer is made. However, if a buyer did not hit the OK button within 6 seconds, the
computer will treat the final position of the slider as the desired offer. If a buyer does
not move the slider bar within the round, the computer will assume a buyer wishes to
make the exact same offer that he made in the previous round. Thus, after 6 seconds, the
computer will record a new offer from both buyers. The seller will then have 6 seconds
to make a decision on the buyers’ updated decisions. As before, if the seller rejects the
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updated offers from both buyers, the group would move to another round in the second
stage. Only if the seller accepts one of the offers, a trade is made, and the period ends. In
the event of the seller not reaching a decision within 6 seconds, the computer will make
a default decision of rejection of both offers in that round of the second stage.
In each round of the second stage, for each group, the bottom panel of the screen will
display the information about the color of the good the seller is offering and the past
offers made. While the seller is able to observe all the previous offers from both buyers,
each buyer can only observe his own past offers. All group members will observe the same
information about the color of the good. While the seller knows the color type of the
good, this information may help the buyers learn about the color type. To understand
how information is presented, the key features are:
• Information starts at 0.
• Each second stage round one new tick is displayed.
• The tick either moves up or down by a fixed amount, 0.005. That is, the information
either takes a step up or a step down from its prior value.
• When the good is type Green, the tick is more likely to move down than up. On
average, it moves down with probability 60%, and moves up with probability with
40%.
• When the good is type Blue, the tick is more likely to move up than down. More
precisely, it moves up with probability 60%, and moves down with probability with
40%.
In the practice periods, several examples of how information is presented in the second
stage rounds for both Blue and Green goods will be shown. We will also conduct 4 practice
periods to familiarize you with the experiment as seen by both the buyer and the seller.
The opportunity to reach a deal in the second stage might evaporate before you seize
it, in which case both the buyers and seller earn 0 points that period. This can happen
since at the end of each round there is a 4% chance that the period will end. The
computer will draw a random number from 0 to 100, where each number is equally likely
to have been drawn. If the computer draws a number larger than 96, this is the round
determined to have ended the period.
If you enter the second stage, you will play in blocks of 12 rounds. At the end of each
block of 12 rounds, the computer will report if a number greater than 96 was drawn in
a prior round in that block and if so, in which round. In this case, that round ends the
period, irrespective of whether a deal was subsequently reached in a later round. If the
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computer reports that none of the twelve numbers drawn in the block were larger than
96, the players in the group will move to a next block of 12 second stage rounds. In other
words, the total number of rounds in the second stage is determined randomly by the
computer.
Once the period ends, the color type of the good being traded is announced to the
group. If a deal is reached prior to the round where a number larger than 96 was randomly
drawn, the profit or loss of a buyer whose offer was accepted is calculated as the difference
between his value and the offer he made. The buyer whose offer was not accepted receives
0. The profit or loss of a seller is calculated as the difference between the amount she
received and her cost.
A few examples might help your understanding to clarify how much the buyer and
seller earn if a trade is made. These are not meant to be realistic:
1. At the start of the period, the seller is informed she is selling a Blue type of good.
The first buyer makes an initial offer of 215, the second buyer makes an initial
offer of 150 and the seller accepts the offer from the first buyer. The period ends
immediately. Since this is a Blue type of good the first buyer receives 300-215=85
points, the second buyer receives 0 points and the seller receives 215-180=35 points.
If instead the seller had a Green type of good and immediately accepted the offer
of 215 from the first buyer, the first buyer would receive 60-215= -155 points, the
second buyer receives 0 points and the seller would receive 215-0=215 points.
2. At the start of the period, the seller is informed she is selling a Blue type of good.
The first buyer makes an initial offer of 60 and the second buyer makes an initial
offer of 200 and the seller rejects both offers. The group then moves to the second
stage. After 12 rounds, the second buyer makes a revised offer of 220 that the seller
accepts. In this case, if none of the random numbers drawn in the prior rounds was
greater than 96, the deal stands, the first buyer earns 0 points, the second buyer
earns 300-220=80 points and the seller earns 220-180=40 points. However, if the
computer randomly drew a number greater than 96 in one of the prior rounds, say
if the computer drew 98 in round 10, the deal in round 12 is canceled, in which
case both of the buyers and seller in this group receive 0 points. If instead, the
seller does not accept any offers in round 12, there is a chance the group moves to
another block of twelve rounds. This chance happens if the computer did not draw
a number larger than 96 in any of the earlier rounds in the block.
3. At the start of the period, the seller is informed she is selling a Green type good.
The first buyer makes an initial offer of 60, the second buyer makes an initial offer
of 40 and the seller rejects both offers. The group then moves to the second stage.
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After 10 rounds, the first buyer makes a revised offer of 85 that the seller accepts.
In this case, if none of the random numbers drawn in the prior rounds was greater
than 96, the deal stands, and the first buyer earns 60-85=-25 points, the second
buyer earns 0 points and the seller earns 85-0=85 points. However, if ever a random
number drawn in the prior rounds is greater than 96, say if the computer drew 98
in round 3, the deal in round 10 is canceled, in which case both of the buyers and
seller in this group receive 0 points. If instead, after 10 rounds, the seller rejects
this revised offer of 85, the group moves to round 11.
As you can see there are many possibilities.
When every group has finished this task and completed a transaction for the fictitious
good, the next period begins. You will be randomly re-assigned to different players being
in your group in the next period. You will not be able to identify whom you have paired
with in previous or future periods. You will remain in the same role of either a buyer
or seller in all periods and the task in every period is exactly the same as the one just
described (but with the randomly re-matched players). The color type of the commodity
will be randomly assigned in each period. That is, regardless of what type of commodity
a seller holds previously, in the next period the seller still has a 1/3 chance of having a
Blue type of commodity and a 2/3 chance of having a Green type of commodity. The
session consists of 12 such periods.
At the end of the experiment you will be called individually and paid in cash voucher
in private by the experimenter. The amount of your cash payment includes a $10 participation fee and your earnings in the experiment. Your earning in the experiment will
be determined as follows: In the beginning of each period in today’s session each buyer
will receive an endowment of 120 points and each seller will receive an endowment of 60
points. At the end of the session, one of the 12 trading periods will be randomly selected,
and you will earn the total number of points that you obtained from the trade in that
period plus your initial endowment. The conversion rate from points to U.S. dollars is
$1 = 12 points. For instance, if in the chosen period you are a buyer and earn 48 points
from the trade, you will be paid a $10 participation fee and (120 + 48) /12 = $14 from
the trade. In total, you will be paid $24. However, if your loss exceeds 120 points in the
randomly selected period, you will only be paid the $10 participation fee.
Are there any questions?
Summary
Before we start, let me remind you that:
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• After a period is finished, you will be randomly re-matched to different players to
be in your group for the next period.
• In each period, two buyers and one seller will attempt to complete a transaction of
a fictitious good. The color type of commodity will be randomly assigned in each
period. Only the seller knows the color type of the good at the beginning of the
period.
• If the seller accepts the initial offer of one of the buyers in the group, the period
ends. If the seller rejects both buyers’ initial offer, the group then moves to a second
stage. In each round of the second stage, each buyer can decide whether to change
his offer and sellers can decide whether or not to accept or reject the updated offers.
The buyers have 6 seconds to act and the seller has 6 seconds to act. Each round
lasts 12 seconds.
• Each round of the second stage ends (with or without a deal being reached) with a
small probability of 4% that is announced after a block of 12 rounds.
• At the end of the session, your earnings are determined by the number of points
you earned in a randomly selected period plus a starting balance that depends on
the role you play. In addition, you will receive a $10 participation fee.
Good Luck.
Figure A.5: Screenshot of Buyer in the M2H Treatment
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Figure A.6: Screenshot of Seller in the M2H Treatment
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A.4

News Displayed in the Laboratory

Figures A.7 and A.8 respectively present the pre-generated news in the treatments with
information. The blue lines indicate the news gradually revealed to H type sellers, while
the green lines indicate the news gradually revealed to L type sellers.
Figure A.7: News Displayed in the B1L and M2L Treatments
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Figure A.8: News Displayed in the B1H and M2H Treatments
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B

Additional Empirical Results

In this subsection, we summarize additional results from a series of reduced form regressions that generate additional insights into how sellers and buyers make decisions within
the experimental environment. As noted in the main text, we consider an empirical model
that contains alternative measures from the news process. To motivate this strategy, we
begin by assuming that the offer made in any round r can be modelled as
Wirp = hr (U pi1p ...U pirp , N ewsirp , Ii0p ...Iirp , vi , pp , εi0p ..εirp ),

(B.1)

where hr is an unknown twice-differentiable function, the full history of individual characteristics (Ii0p ...Iirp ), and news announcement represented by both the cumulative stock
N ewsirp in round r and the round specific indicators if the tick moved up (U pi1p ...U pirp ),
as well as independent random shocks (εi0p ..εirp ). Note that vi is included to capture
unobserved time-invariant individual attributes and pp is capturing round-invariant period attributes that may in part reflect aggregate subject learning. In our setting, the
individual characteristics include gender, major and treatment, allowing us to suppress
the p and r subscript.
To ease exposition, we consider a setting consisting of just two stage 2 rounds and
linearize the offer process in each round. We omit the cumulative stock of news, since
its inclusion is statistically insignificant once we control for the last two recent news and
their interaction, thereby allowing us represent the offers in round 1 as
Wi1p = vi + β1 U pi1p + β2 Ii + pp + εi1p ,

(B.2)

and the offer in round 2 as
Wi2p = vi + α1 U pi1p + α2 U pi2p + α3 (U pi1p ∗ U pi2p ) + α4 Ii + pp + εi2p .

(B.3)

In equation (B.3), we allow for potential complementarities in the news process since
news in the first round can interact in unknown ways with the news received at the start
of the second round. Notice the notation for the coefficients in equations (B.2) and (B.3)
are different, as we do not restrict the effects of observed inputs and news on offers to be
constant across rounds.
The above formulation is a triangular model structure. Since all of the explanatory
variables are by discrete dummy variables, the only restrictive assumption imposed by
linearization of equation (B.1) is additive separability of the error terms. Thus, full
information maximum likelihood parameter estimates of equations (B.2) and (B.3) are
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equivalent to equation-by-equation OLS, which does not impose any assumptions on the
distribution of the residuals. Ding and Lehrer (2010) point out that a local insensitivity
assumption introduced in Chesher (2003) is needed to nonparametrically identify all the
structural parameters in this triangular system of offer equations both in levels and in
first differences to remove vi .
This formulation is easy to extend beyond two rounds but could lead to a large number
of structural parameters if there are complementarities between news across all or any
combination of rounds. In Table B.1 we consider t-tests from specifications that include
further lags of the news process, and the results suggest that offers significantly change
in response to only the two most recent pieces of news. This allows us to exclude news
released in earlier round in the remaining specifications.31 To estimate the heterogeneous
effects of Up signals as well as potential dynamic complementarities between the most
recent Up signals, we represent the data in each round r in first differenced format as
∆Wirp = (α1r − α2r−1 )U pi(r−1)p + α2r U pirp + α3r (U pi(r−1)p ∗ U pirp ) + (α4r − α4r−1 )Ii + tr + ε∗irp
(B.4)
∗
where εirp = εirp − εi(r−1)p . The parameter tr can be viewed as capturing common
differences in round effects and as a sufficient statistic of where the tick stands in that
round, since we ensured that news followed the same process in the same period across
sessions.
As in the main text, we continue to use inverse probability weighting to recover
unbiased and consistent parameter estimates of equation (B.4). This analysis mimics
that undertaken in the main text but controls for a different set of variables in the news
process. We also focus on data from the first block of 12 rounds in a period since data
from subsequent blocks need to be reweighted. Table B.2 presents estimates of equation
(B.4) in which we restrict the coefficients to be constant across rounds. Each column
presents results corresponding to a different treatment. We find that buyers significantly
increase their offers when the most recent signal is up (in the B1H and M2L sessions) or
when they receive two straight up signals (in the B1L and M2H sessions).32
31

Similarly, F-tests from richer specifications almost always reject the inclusion of additional lagged
up ticks as well as further complementarities.
32
Our reduced form analysis does share some features with Enke, Gneezy, Hall, Martin, Nelidov,
Offerman, and van de Ven (forthcoming) who collect data on beliefs and regress them on the current
news signal as well as the prior signal. However, we only have information on actions (buyers’ offers
and seller decisions) but not their beliefs. This is a result of how we implement the theoretical model in
discrete time, whereby we allow subjects to have sufficient time to process the information. Collecting
information on beliefs within this setup would lead the discrete time analog to have a longer reaction time
and reduce its connection to the underlying continuous time model. An advantage of our experimental
setup is that within each period, analyzing decisions after the third round permits us to disentangle the
impact of lagged news signals from the stock value of all prior signals in that round, as well as allowing
the consideration of dynamic complementarities in the news signal process.
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Further, we attempt to shed additional light on how the up ticks in the news process
influence the change in offers between successive rounds, since the control group in the
above test consists of individuals who either received just one or zero up ticks in the two
most recent rounds. We consider the following specification,
∆Wirp =γ1 (I[U pirp = 1] ∗ I[U pi(r−1)p = 0]) + γ2 (I[U pirp = 0] ∗ I[U pi(r−1)p = 0])
+ γ3 (U pi(r−1)p ∗ U pip ) + γ4 Ii + εirp

(B.5)

where the first term contains indicator functions to capture subjects who received an up
tick in the current round, but in the prior round received a down tick. A special case of
this specification would involve estimation of a contemporaneous model in first differences
as expressed by
∆Wirp = δ1 ∆U pirp + δ4 Ii + εirp
(B.6)
The first differenced model would impose restrictions on ∆Wirp = φ1 (I[U pirp = 1] ∗
I[U pi(r−1)p = 0]) + φ2 (I[U pirp = 0] ∗ I[U pi(r−1)p = 0] + φ3 (U pi,(r−1)p ∗ U pip ) + φ4 Ii + εirp
That is, there is only a response to the current news (φ3 = 0) and there are offsetting
effects from any change in news (φ1 = −φ2 ). Similarly, a fixed effects specification of a
buyer offer equation would also impose an assumption of equal offsetting effects that our
main analysis relaxed.
Tables B.3 presents estimates of equation (B.5) as well as the as well as results from
specification tests. The specification tests consistently reject the null hypothesis that
would support a restricted first differenced model. In addition, Tables B.3 indicate that
buyers in the bilateral bargaining underreact to the news, as they adjust their offers in
a smaller magnitude than theoretical predictions. Compared to the scenario of receiving
two down ticks, Daley and Green (2020) predicts that buyers in the B1L treatment should
increase offers by 29.79 when receiving two up ticks, increase by 20.28 when receiving an
up tick at round t and a down tick at round t − 1, and decrease by 8.32 when receiving a
down tick at round t and an up tick at round t−1. However, we observe the corresponding
magnitudes in these sessions are 10.76, 1.90 and −0.64, respectively. Similar evidence is
also found in the B1H treatment.33 In contrast, buyers in the competitive market sessions
overreact to the the news. Though theory predicts that buyer should repeatedly offer VL
until their belief crosses a threshold, buyers in the laboratory often respond to news, and
even in a larger magnitude in the low quality information treatment.
33

Compared to the scenario of receiving two down ticks, theory predicts that buyers in the B1H
treatment should increase offers by 22.40 when receiving two up ticks, increase by 16.97 when receiving
an up tick at round t and a down tick at round t − 1, and decrease by 5.98 when receiving a down tick
at round t and an up tick at round t − 1. But we observe the corresponding magnitudes in these sessions
are 6.96, 3.99 and −0.68, respectively.
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A further examination of the data is contained in Appendix C that appears on the
authors’ websites.34 This additional analysis considers robustness checks involving different specifications and assumptions on the innovations in the seller’s acceptance decision
equation. Linear and nonlinear econometric estimation of reduced form models that explain both the buyer’s offer and the seller’s acceptance are presented and discussed in this
online Appendix C. Briefly, there are four main findings. First, we find that sellers focus
on the aggregate stock of news and not the individual up ticks, particularly early within
each session. In contrast, buyers focus only on recent up ticks and later in the session react more strongly to dynamic complementarities in the up ticks. Second, the econometric
estimates confirm that sellers react differently to the news information process if assigned
an H type versus an L type good for sale. Third, robustness exercises confirm that subjects under react to the news in the bilateral bargaining sessions. Fourth, for many round
groupings in both the B1L and B1H treatments, DuMouchel and Duncan (1983) tests
support the use of sampling weights when estimating equation (B.4) and thereby account
for selective seller behavior. This provides further evidence of a statistically significant
difference, and both the weighted and unweighted estimates show that buyers and sellers
respond to different portions of the news process. The additional analysis also presents
results using data from all periods.

34

See Appendix C at https://econ.queensu.ca/faculty/lehrer/dl_appc.pdf.
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Table B.1: Specification Tests of Regressions That Additionally Include
a Two-Round Lagged Up Tick Indicator Assuming Homogeneous Impacts
Treatment

B1L
All Rounds

t Statistic
p-value

0.99
0.32

B1H

First Block

0.16
0.87

All Rounds

M2L

M2H

First Block

All Rounds

First Block

All Rounds

First Block

1.45
0.15

1.31
0.19

1.08
0.28

0.47
0.64

−0.02
0.98

∗∗

2.06
0.04

Note: In this table we present results from a t-test of statistical significance on the coefficient of the two lagged up tick variable
that is the sole addition to the specifications in equation (B.4). The p-value corresponds to a two-sided test using clustered
standard errors at the subject level.
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Table B.2: Factors Influencing How Buyers Adjust Their Offers
When Dynamic Complementary is Incorporated
Treatment

C1

B1L

B1H

−5.427∗∗
(2.150)
5.908∗∗∗
(2.063)
0.430
(1.426)
8.361∗∗∗
(1.733)

0.978
(1.543)
−1.243
(1.984)
11.300∗∗∗
(3.497)
2.280
(1.428)
−3.452∗
(1.685)
−1.478
(1.640)
2.562∗∗
(0.959)

4.468∗∗
(1.618)
−0.423
(1.299)
3.063
(3.174)
1.428
(2.312)
−2.305∗
(0.795)
−1.458
(1.915)
3.263∗∗∗
(0.408)

2.461
(3.640)
−1.659
(3.357)
−3.122
(4.974)
11.700∗∗∗
(1.974)

1,745
0.007

1,708
0.024

1,570
0.011

1,150
0.001

Up Tick
Up Tick Prior Round
Two Straight Up Ticks
Female
STEM
Business/Econ Major
Constant

Observations
R-squared

C2

M2L

M2H

5.551∗∗
1.549
(2.153) (1.435)
3.042∗∗ 4.849∗∗∗
(1.398) (1.148)
2.596
4.482∗∗
(4.067) (1.693)
−1.400 3.923∗∗
(2.643) (1.338)
−0.989 −2.016
(3.054) (1.330)
0.778
−0.396
(2.159) (2.328)
2.875
0.222
(1.099) (0.404)
1,522
0.017

1,812
0.020

Note: Robust standard errors in parentheses clustered at the session level. ∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.
The models assume a homogeneous effect of each parameter in the offer equation and are weighted to account for
selective decisions by the seller to accept an offer.
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Table B.3: : Regression Results that Examine
How Alternative Sequences of News Influences Change in Buyer Offers
Treatment

B1L
All Rounds First Block

B1H
All Rounds First Block

M2L
All Rounds First Block

M2H
All Rounds First Block

10.764∗∗∗
(1.891)

8.844∗∗∗
(2.165)

6.956∗∗∗
(2.135)

8.164∗∗∗
(2.998)

11.678∗∗∗
(2.243)

11.406∗∗
(2.393)

10.019∗∗
(2.166)

10.923∗∗
(2.578)

Up Tick at t − 1
Down Tick at t

−0.641
(2.140)

0.915
(2.459)

−0.682
(2.120)

−2.266
(2.148)

2.362
(2.492)

1.895
(2.670)

4.250∗∗
(1.939)

4.303∗
(2.336)

Down Tick at t − 1
Up Tick at t

1.899
(1.668)

1.360
(1.954)

3.985∗
(2.091)

4.023
(2.625)

4.919∗∗
(2.064)

2.961
(2.179)

0.941
(1.928)

1.996
(2.084)

2.429∗
(1.262)
−3.867∗∗
(1.700)
−1.995∗
(1.105)
1.851
(1.600)
18.94
[0.00]
1,708
0.022

2.672
(1.681)
−2.700
(1.875)
0.595
(1.548)
2.213
(2.141)
8.39
[0.00]
1,169
0.018

1.321
(1.859)
−2.144
(1.426)
−1.266
(1.883)
2.733
(1.690)
5.41
[0.01]
1,570
0.010

2.429
(2.336)
−3.220∗
(1.818)
−1.092
(2.123)
1.156
(1.604)
4.60
[0.01]
1,107
0.018

−1.581
(1.530)
−1.055
(1.706)
0.914
(1.812)
5.428∗∗
(2.098)
13.57
[0.00]
1,522
0.019

−1.255
(1.806)
−0.426
(2.142)
1.335
(1.906)
5.436∗∗
(2.233)
11.54
[0.00]
1,282
0.019

4.445∗∗∗
(1.609)
−2.476
(1.511)
−1.138
(1.682)
5.133∗∗∗
(1.645)
10.79
[0.00]
1,812
0.019

5.390∗∗∗
(1.768)
−2.986∗
(1.691)
0.171
(2.003)
5.365∗∗∗
(1.959)
9.06
[0.00]
1,376
0.022

Two Straight
Up Ticks
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Female
STEM
Business/Econ
Constant
F-test of Restrictions
on FD model
Observations
R-squared

Note: Robust standard errors in parentheses. ∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.

