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Abstract

We study auctions with costly entry in which bidders have incomplete information about
their affiliated private valuations prior to entry. We examine whether indicative bidding-a
mechanism requiring non-binding preliminary bids before entry—can stimulate participation
and improve entrant selection, and we compare its performance with unrestricted and capped
entry in a controlled laboratory experiment. When entry costs are high, indicative bidding
generates significantly more revenue, primarily by increasing participation beyond theoretical
predictions. When entry costs are low, its predicted revenue advantage is attenuated by higher-
than-predicted selection inefficiency.
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1 Introduction

Developing bids for complex assets often requires bidders to undertake costly due dili-
gence to assess value. Such entry costs arise in settings ranging from company takeovers—
where buyers hire professional teams to evaluate targets—to government procurement and
natural resource auctions, where bidders invest in market research or site inspections.
These costs are ultimately borne by sellers through reduced participation and, conse-

quently, lower expected revenues.!

While limiting the number of bidders can mitigate
the impact of these costs by reducing anticipated competition and encouraging entry, do-
ing so requires a selection mechanism when potential demand exceeds the entry cap. The
effectiveness of this selection mechanism is crucial: selecting bidders with higher expected
values can improve both seller revenue and allocative efficiency. This paper provides novel
experimental evidence on how indicative bidding performs as an entry-selection mecha-
nism in auctions with costly entry. Importantly, it is the first to disentangle the mech-
anism’s effectiveness into two channels: increased participation and improved selection
efficiency.

Indicative bidding-widely used in practice—shortlists bidders based on non-binding
expressions of interest, typically in the form of indicative bids or bid ranges.> Although
these preliminary bids do not constrain subsequent bidding, they create strategic incen-
tives that can facilitate efficient selection. Bidders face a trade-off: conditional on entry, a
higher indicative bid increases the probability of being shortlisted for the auction, while a
lower indicative bid decreases the expected competition. High-value bidders therefore
have stronger incentives to seek entry, whereas low-value bidders prefer to enter only
when competition is limited. Despite its prevalence, there is little causal evidence that
indicative bidding simultaneously encourages participation and mitigates selection inef-

ficiencies.

1" An example local to the researchers unfolded in 2020 when Deloitte oversaw a takeover auction for Virgin

Australia. According to Khadem (2020), out of 20 initial potential bidders, at least 8 indicative bids were
lodged, but only 4 were shortlisted. The importance of the size of the shortlist was highlighted by ‘Brook-
field who reportedly pulled out because it did not want to be part of a group of more than two bidders
within a short time frame.

See examples in Hansen (2001), Boone and Mulherin (2007) and Gentry and Stroup (2019), as well as
discussions in Kagel et al. (2008) and Quint and Hendricks (2018).



We study this question by comparing indicative bidding (Ind) with two alternative en-
try mechanisms: unrestricted entry (Unr), in which all interested bidders may enter, and
restricted entry (Res) with random selection, in which entry is capped and excess demand
is resolved randomly. The indicative bidding mechanism combines an entry cap with en-
dogenous selection, with higher expressions of interest receiving priority in shortlisting.

To guide the experimental analysis, we develop a theoretical framework based on Quint
and Hendricks (2018). A set of risk-neutral bidders compete for a single indivisible asset.
Each bidder has a private value that is unknown initially; instead, they observe a private
signal and learn their full valuation only after entering the auction and paying a fixed entry
cost that is identical across entrants. A bidder’s private value is the sum of their initial pri-
vate signal that is independently drawn from a uniform distribution and a common value
component that is revealed after entry.®> The auction proceeds as a second-price sealed-bid
auction with no reservation price.*

To quantify revenue loss due to costly entry, we compare expected revenue under each
entry mechanism with the expected revenue of the zero-entry-cost benchmark. To iden-
tify the channels underlying this revenue loss, we decompose it into two components: a
participation effect and a selection effect. The participation effect captures revenue loss due to
potential bidders choosing not to participate in the auction due to costly entry, while the
selection effect captures the loss arising from the mechanism failing to admit the highest-
value interested bidders into the auction stage.

Our theoretical predictions first characterize the revenue trade-off induced by restrict-
ing entry. Reducing the maximum number of bidders increases expected participation by
lowering anticipated competition, thereby mitigating the participation effect. At the same
time, it reduces the likelihood that the highest-value interested bidders are selected, in-

creasing the selection effect. Which force dominates depends on the level of entry costs.

3 The common value assumption represents a special case of highly correlated information acquired after

entry. We adopt this because it both mirrors the information structure of our leading examples (Li and
Zheng, 2009; Aradillas-Lépez et al., 2013) and is a setting in which efficient selection is particularly critical
for auction revenue.

While the first-price auction is commonly used in these settings, the second-price auction guarantees the
existence and uniqueness of a symmetric equilibrium for our theoretical framework of the experimen-
tal settings. Both auction formats provide similar quantitative predictions for revenue and surplus for
parameters used in our experiment, see Quint and Hendricks (2018), Tables 1 and 3.



When entry costs are sufficiently high, the reduction in participation effect outweighs the
increase in the selection effect, so restricting entry raises revenue and Res outperforms
Unr. When entry costs are sufficiently low, the opposite holds and restricting entry re-
duces revenue. We then show that allowing bidders to indicate two levels of interest to
enter always reduces the participation effect. Moreover, for the value distributions and the
number of bidders considered in the experimental setup, indicative bidding also reduces
the selection effect relative to random selection. As a result, Ind is predicted to generate at
least as much revenue as Res for any entry cost and more than Unr for sufficiently high
entry costs.

We test these predictions in a 2 x 3 laboratory experiment that varies both the entry
mechanism (Unr, Res, and Ind) and the level of entry cost (low-cost and high-cost condi-
tions). Consistent with theoretical predictions, Ind and Unr generate higher average rev-
enue than Res when entry costs are low. When entry costs are high, Ind generates higher
average revenue than both Unr and Res, even though Res is predicted to yield the same
average revenue as Ind. Overall, Ind delivers weakly higher average revenue than the two
alternative mechanisms across entry-cost conditions.

Despite this overall alignment with the theory, we also observe three deviations from
equilibrium. First, non-equilibrium entry behavior leads to a higher selection effect under
both Res and Ind, which helps explain why Res and Ind do not outperform Unr in the
low-cost condition. Second, participation in Ind is higher than predicted, further reduc-
ing the participation effect and contributing to Ind’s superior performance relative to Res
under high entry costs. Third, bidders overbid on average in the second-price auction
across treatments, a pattern consistent with existing experimental evidence that does not
materially affect cross-treatment comparisons.

We also examine bidders’ profits and social welfare—defined as the sum of auction rev-
enue and bidders’ profits—across mechanisms. Ind generates higher social welfare than
Unr under both cost conditions, while Res improves welfare relative to Unr when entry
costs are high. Although Ind raises revenue relative to Res, the welfare gains are limited,
as the additional revenue largely comes at the expense of bidders’ profits and is driven

primarily by increased participation rather than improved selection.



Our paper contributes to the literature on auctions with costly and endogenous en-
try, which emphasizes the role of participation decisions in shaping auction outcomes.
When bidders must incur costly due diligence, unrestricted competition can reduce rev-
enue and welfare by discouraging entry. As Milgrom (2004, p. 209) describes “Buyers
are naturally reluctant to begin an expensive and time-consuming evaluation of an asset
when they believe they are unlikely to win at a favorable price.” Entry costs therefore gen-
erate coordination problems that are absent in standard auction models with exogenous
participation. When bidders are ex-ante symmetric and learn their values only after en-
tering, coordination failures reduce participation and expected revenue as the number of
potential bidders increases (Levin and Smith, 1994). When bidders observe informative
signals before entry, entry cutoff points increase with the number of potential bidders,
which can similarly reduce revenue and social welfare (Samuelson, 1985; Li and Zheng,
2009). These papers establish that costly entry weakens the link between competition and
revenue, focusing on environments without explicit entry-selection mechanisms.

One response to inefficient entry is the use of entry fees or reserve prices to screen out
low-value or high-cost bidders.” Such instruments can increase seller revenue and welfare
in theory (Menezes and Monteiro, 2000; Lu, 2009, 2010), but may require upfront, non-
refundable payments that may be impractical in many applied settings. Another response
is to use two-stage auction mechanisms (i.e., those that include a pre-qualification stage)
that explicitly coordinate participation. A simple form is a fixed cap on the number of
bidders. When bidders have no information before entry, Moreno and Wooders (2011)
show that an entry cap can improve social welfare and, when combined with an entry fee,
increases seller revenue. Using the Quint and Hendricks (2018) framework with a single
positive entry message, we extend this logic to environments in which bidders observe
private signals prior to entry, showing theoretically that an entry cap can increase revenue
when entry costs are sufficiently high even without entry fees. Our experimental results,
however, reveal that these revenue gains fail to materialize in practice due to selection inef-

ficiencies arising from non-equilibrium entry behavior, an effect that cannot be identified

> An entry fee is an imposed payment that transfers surplus to the seller, whereas an entry cost is a real
participation cost borne by bidders.



in purely theoretical analysis.

Indicative bidding introduces an additional margin of selection by allowing bidders to
signal varying levels of interest before entry. Although a fully separating equilibrium gen-
erally fails to exist with non-binding signals (see Ye (2007)), Quint and Hendricks (2018)
demonstrate that there is a symmetric semi-separating equilibrium in which indicative
bidding partially sorts bidders by value and improves selection relative to random as-
signment. Indicative bidding also contrasts with entry rights auctions, in which bidders
compete in a first-stage auction for the right to enter the main auction. Ye (2007) shows
that entry rights auctions can induce efficient entry in a symmetric equilibrium. More-
over, Lu et al. (2021) identify that the revenue maximizing two-stage auction involves
message-dependent shortlisting and payment rules so that the number of entrants and
their first-stage payments are endogenously determined. However, these mechanisms re-
quire bidders to make binding, non-refundable payments before acquiring full informa-
tion about the target, limiting their appeal in settings with costly due diligence. In addi-
tion, Kagel et al. (2008) provide experimental evidence comparing entry rights auctions
and indicative bidding, finding that indicative bidding performs at least as well in select-
ing high-value bidders while generating higher revenue and fewer bankruptcies. Because
no equilibrium predictions for indicative bidding were available within their theoretical
framework, selection efficiency could not be assessed relative to theory.®

Finally, our paper also relates to sequential mechanisms, such as those studied by Bu-
low and Klemperer (2009) and Roberts and Sweeting (2013), which allow sellers to solicit
bids sequentially from potential bidders. Each potential bidder’s entry decision depends
on the current bid, and therefore bidders may want to place a jump bid to discourage
future entry. Although aggressive early bids have a direct effect of increasing auction rev-

enue, by deterring future entry, expected revenue may actually decrease. Lu et al. (2021)

6 Relatedly, the “qualifying auction” with an inside bidder studied by Boone and Goeree (2009)—in which
a non-binding first stage is used to exclude the bidder with the lowest bid—was experimentally tested by
Boone et al. (2009). They observe arbitrarily high bidding (a babbling equilibrium) in the non-binding
stage, along with lower auction revenue compared to a standard English auction. Crucially, their model
assumes costless entry, so unlike our setting, bidding higher in the indicative stage does not increase
expected costs. Other experimental work on auctions with endogenous entry has focused on testing rev-
enue equivalence or winner’s curse under free or exogenous entry (Ivanova-Stenzel and Salmon, 2008;
Cox et al., 2001; Palfrey and Pevnitskaya, 2008).



show that the revenue maximizing multi-stage shortlisting rule involves sequentially en-
gaging the potential bidders with the highest pre-entry value and charging them non-
refundable entry fees.

Our experiment directly studies how entry-selection mechanisms shape participation,
selection, and welfare in environments with costly information acquisition. Our findings
help explain why indicative bidding performs well in practice, and clarify the channels—
participation versus selection—through which entry-selection rules affect auction outcomes.
By designing the indicative bidding stage to mirror the restricted theoretical message
space based on Quint and Hendricks (2018), we directly compare the observed behavior
to equilibrium benchmarks and show that while indicative bidding improves revenue rel-
ative to random selection, the gains arise primarily through increased participation (par-

ticipation effect) rather than improved selection efficiency (selection effect).

2 Theoretical Framework

Our model considers a two-stage auction with costly entry and follows the information
structure in Quint and Hendricks (2018). There is a set of N > 3 risk-neutral potential
bidders, each with private value V; for a single indivisible asset. Potential bidders do not
initially know V;, but instead have a private signal S;. Each bidder’s valuation is given by
Vi = S; + T, where T' is a common value component learned upon entering the auction
and paying an entry cost c. We assume that the bidders’ signals are independently and
uniformly distributed on [0, 5], and {9, ..., Sy, T} are mutually independent. We also
take ¢ € (0, S + E[T]) which rules out cases in which bidders’ participation decisions do
not depend on the auction mechanism used. The equilibrium-relevant parameters of this
setting can be summarized by X = (S, E[T], N, ¢), which we call the auction environment.

We consider two-stage mechanisms consisting of a communication stage and an auc-
tion stage. In the communication stage, potential bidders privately observe S; and send

one message from a finite set m € {0,1,..., M}, indexed by nonnegative integers.” Send-

7" Although this set can be countably infinite in principle, in any symmetric equilibrium only a finite number
of messages is ever used (see Quint and Hendricks (2018), Lemma 1).



ing m = 0 corresponds to opting out, while sending positive messages indicates willing-
ness to participate. Bidders are admitted to the auction stage through a precommitted
selection process that caps the number of bidders at n > 2. Those who send the highest
positive messages are selected sequentially until all n positions are filled, with ties broken
randomly. The auction stage is a standard second-price auction with no reservation price.
A two-stage mechanism is therefore characterized by the entry cap n and the number of
positive messages available M.

For any environment X, there exists an essentially unique symmetric equilibrium for
each two-stage mechanism M = (n, M).8 In this equilibrium, the communication stage is
partially separating: potential bidders with higher signals send weakly higher messages.
Equilibrium strategies can be described by cutoff signals «,,, where bidders with S; €
[, i 11] Optimally choose message m, and are indifferent between messages m and m+-1

at cutoff «,,,.

2.1 Revenue loss, participation and selection effects

For a given environment X', we evaluate the performance of a mechanism M in the pres-
ence of entry costs by comparing its expected revenue, II(M, X), to the expected rev-
enue in the same environment without entry costs. When entry is costless (¢ = 0), all
bidders enter, restricting entry is unnecessary, and auction revenue equals the second-
highest valuation among all potential bidders. Let II(A}) denote the expected revenue in
the zero-entry-cost environment A}, which is identical to X except that ¢ = 0. We then
define the total revenue loss from costly entry under the mechanism M as RL(M, X) =
TI(X,) — TI(M, X).

To isolate the participation and selection effects, we consider a counterfactual scenario
in which all potential bidders who send a positive entry message are allowed to enter the

auction stage, irrespective of the mechanism’s entry cap or selection rule. Let (ag(M), X)

8 The formal details of the assumptions required for the existence of a symmetric equilibrium are given in
Assumptions 1 and 2 in Quint and Hendricks (2018). In our setting, the existence and essential uniqueness
follow from three conditions: the mutual independence of {S1,..., Sy, T}, the uniform distribution of
each S;, and the fact that T" is a common value.



denote the expected revenue in this counterfactual scenario.” Then, for a given mechanism
M and environment X, we define the participation effect and the selection effect, respectively,
as PE(M, X) = II(X,) — II(ap(M), X) and SE(M, X) = [(ag(M), X) — TI(M, X). The
participation effect quantifies the expected revenue loss due to potential bidders who opti-
mally choose to opt out due to costly entry, while the selection effect captures the expected
revenue loss arising from the mechanism’s failure to admit the highest-value participat-
ing bidders into the auction stage. By construction, the total revenue loss is additively
decomposed into these two components.

In the remainder of this section, we first analyze how restricting entry affects revenue
when bidders can send only two messages in the communication stage (“opt in” or “opt
out”). We then study how allowing for an additional positive entry message alters partic-

ipation, selection, and overall revenue performance. The proofs for all the results in this

section are in Appendix A.

2.1.1 Entry restriction

Consider a two-stage mechanism where potential bidders can only opt in or opt out of
the auction (M = 1). The symmetric equilibrium is then characterized by a single cutoff
signal (ag) in the communication stage. For a given environment and an entry cap n, this

cutoff signal satisfies:

plco +BIT] = 0 = pumin {1, .2k o, 1)

where p, = (V1) (S _SO“O)k (Q‘Sﬁ)N_l_k is the probability that k other potential bidders will
choose m = 1. Equation 1 implies that a potential bidder with the cutoff signal o is
indifferent between opting in and opting out of the auction. This bidder would win the
auction only if no other potential bidders opt in, which happens with probability p,. The

bidder’s expected profit in this case is ag + E[T] — c. When k£ > 1 other potential bidders

 We use the notation ag(M) to represent the equilibrium cutoff signal of bidders that are indifferent be-
tween opting out with m = 0 or participating with m = 1 given mechanism M. This cutoff signal is
sufficient to characterize this hypothetical revenue given X.



opt in, the potential bidder with the cutoff signal is selected with probability min {1, el ¥
pays the entry cost, but does not win the auction. A potential bidder who opts in faces a
lower probability of being selected into the auction stage whenever more than n potential
bidders choose to participate.

Lemma 1 shows that «y decreases as n decreases, implying that a more restrictive entry

induces participation of bidders with lower initial signals.

Lemma 1. For a given environment and the set of mechanisms with M = 1, a mechanism with a

lower entry cap n has a lower cutoff signal c.

Although an entry restriction encourages more potential bidders to opt in, it also in-
creases the likelihood that some interested bidders will be excluded from the auction stage
when demand exceeds the entry cap. As a result, decreases in revenue loss due to the par-
ticipation effect may be offset by increases in the selection effect. Proposition 1 formalizes this

trade-off.

Proposition 1. For a given environment and a set of mechanisms with M = 1, a mechanism
with a lower maximum number of bidders (n) decreases the participation effect and increases the

selection effect.

The revenue consequences of restricting entry depend on the relative strength of the
participation and selection effects. When the entry cost is low, most potential bidders are
willing to opt in even with unrestricted entry. In this case, restricting entry yields only
a small reduction in the participation effect while substantially increasing the selection ef-
fect, leading to higher expected revenue loss. By contrast, when the entry cost is high,
participation is limited under unrestricted entry. Restricting entry then generates a large
reduction in the participation effect while inducing only a modest increase in the selection
effect, resulting in a lower expected revenue loss.

Proposition 2 shows that when the cost of entry is high enough, it is revenue maximiz-
ing to restrict the number of bidders to n = 2. Whereas when the entry cost is sufficiently

low, placing no restriction on the number of bidders maximizes revenue.

Proposition 2. Fix an environment other than the entry cost and consider the set of mechanisms

with M = 1.



(a) For sufficiently low entry costs, any mechanism that restricts the number of bidders (n < N)

yields a higher expected revenue loss than the unrestricted mechanism with n = N.

(b) For sufficiently high entry costs, the mechanism that restricts the number of bidders to n = 2

yields a lower expected revenue loss than the mechanisms that allow n > 2 bidders.

2.1.2 Indicative bidding

We now consider the impact of adding an additional entry message (M = 2) to the com-
munication stage of the mechanism. With two entry messages (and three total messages),
there are up to two cutoff signals o and o in the symmetric equilibrium. The cutoff signal
for potential bidders who are indifferent between opting in with the entry message m = 1

and opting out is given by the following equation:

N—-1N-1—j :
poo(ao + E[T] —¢) _CZ Z Dk.j min{l,z+‘i} =0, (2)

=0 k=1

where p,; = ("7 ("77) (%)j (a1z20)* (20) ¥ is the probability that k other
potential bidders choose m = 1 and j others choose m = 2.

Potential bidders will prefer to send a higher entry message m = 2 when they want to
increase their chances of entering the auction despite knowing that they face competition.
The cutoff signal for which a bidder is indifferent between choosing m = 1 and m = 2

must satisfy

N-1
1 n a; — e
Zk_n Pho k+1 n
N-1 N-1—j .
. n max{0,n —j}\
CE E pk’j(mm{Lj—l—l} E )—0. (3)

Jj=1 k=max{0,n—j}

The first term is the expected benefit of increasing the probability of entering when no
other potential bidders have a signal above o, and the second term is the expected cost
of increasing the chance of entering the auction when at least one potential bidder has

a signal above o;. In an equilibrium where m = 2 is used with positive probability, the

10



cutoff signals must jointly satisfy (2) and (3). When the entry cost is high enough, these
equations do not have a solution for a1, a € [0, S); hence, in equilibrium, potential bidders
choose only m = 0 and m = 1.1°

When there is a second entry message, a potential bidder sending m = 1 is less likely
to be selected to enter the auction when facing competition. This increases the expected
value of choosing m = 1 relative to m = 0 and reduces «. Since, for a fixed environment,
the participation effect is only affected by the change in the cutoff signal o, the following
proposition shows that the participation effect will be strictly lower when the second entry

message is used in equilibrium.

Proposition 3. For any environment and entry restriction, the cutoff value cvy and the participation

effect are weakly lower when M = 2 than when M = 1. These reductions are strict when oy < S.

Although the participation effect is always reduced when a second message is added, this

t.11

is not necessarily true for the selection effect.” The availability of a second entry message

will increase the chance that a high-value bidder with S; € (a4, S) is selected to enter
the auction when a; < S. However, the second entry message also lowers «, increasing
the chance that a low-valued bidder chooses m = 1 and is selected to enter over a higher
valued bidder who also chose m = 1. For the parameters used in our experimental setting,
the selection effect does decrease when a second entry message is added. As shown in
Figure 1, the second entry message reduces both the participation effect and the selection

effect and therefore leads to less revenue loss for all entry costs given the other parameters

used in the experiment.

10T this case, the first term of (3) will be less than the second term for all oy, o that satisfy (2). For higher
entry costs, a potential bidder needs a larger expected gain to prefer m = 1 over m = 0. This raises the
cutoff o satisfying (2) for a given ;. The higher «g reduces the expected benefit from choosing m = 2
instead of m = 1 for a given «, and higher entry costs increase the expected cost of entering more often.
To keep (3) satisfied, o1 must also rise. For sufficiently high entry cost, (2) and (3) can only be satisfied
by a; > S and therefore, in equilibrium, m = 2 is not chosen.

1 Furthermore, when the entry cost is sufficiently small, a large selection effect leads to more expected rev-
enue loss than the unrestricted mechanism even when M = 2. Therefore, similar to the result of Proposi-
tion 1, an unrestricted entry mechanism with n = IV will lead to less revenue loss than a restricted entry
mechanism with multiple entry messages.

11
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Figure 1: Comparison of revenue, equilibrium cutoff signals, selection effect and partic-
ipation effect for the three two-stage mechanisms My, = (5,1), Mg,s = (2,1) and
Mina = (2,2) under the environment X = (100, 100, 5, c) and plotted against different
values of ¢, which include the low-cost ¢ = 5 and high-cost ¢ = 25 experimental conditions.
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3 Experimental design and hypotheses

Based on the theoretical predictions given in Section 2, our 2 x 3 experimental design aims
to compare the performance of unrestricted entry (My,,), restricted entry (Mpg.;), and
indicative bidding (M,4) mechanisms in both low-cost (¢ = 5) and high-cost (¢ = 25)
conditions. For each treatment, we fix the environment (other than the entry cost) so that
N =5,5 =100 and E[T] = 100.12

In the experiment, each two-stage game unfolds as follows. The computer first ran-
domly draws an integer from a uniform distribution on [0,100] for each participant inde-
pendently as their initial signal S;. Having observed their private signal, the participants
choose an entry message. Given the chosen messages, the entrants are selected according
to the treatment-specific mechanism. The selected participants are advanced to the auction
stage, pay the entry cost ¢ and learn the additional common value 7" which follows a dis-
crete distribution with probability 1/2 taking the value of 100 and probability 1/4 taking
the value of either 0 or 200 respectively.”® After learning the common value component,
a second-price sealed-bid auction is conducted. The entrants must place their bid with-
out knowing the number of other entrants against whom they are bidding. When there is
only one entrant, that entrant always wins the auction and pays zero. Once the auction is
completed, all participants receive complete feedback on each participant’s initial signal,
entry decision, bid (if selected to enter), and payoff in that round.

We employ a hybrid between-subject and within-subject experimental design. In each
session, participants complete 20 rounds of the two-stage game under the same mecha-
nism, with no carryover value between rounds. The entry cost is set to 5 (low-cost con-

dition) in rounds 1-10 and to 25 (high-cost condition) in rounds 11-20. Participants are

12 As described in Section 2, the two-stage entry mechanisms can be summarized by the number of bidders
allowed to enter, n, and the number of positive messages available, M: M = (n,M). The mechanisms
tested are My, = (5,1), Mpes = (2,1), and Mg = (2,2).

13 The common value 7 is determined for all participants (within the same experimental group) by ran-
domly assigning one of two numbers-100 and 0-to two cards independently. The sum of the two num-
bers assigned to the two cards determines the common value. Hence, the common value has 25% being
0, 50% being 100, and 25% being 200. See Appendix B for details on how this was implemented in the
experiment.

14 A history table that includes the number of participants who chose to enter in each round, as well as the
winner’s valuation, bid, and profit in all previous rounds, is also displayed on every decision screen after
round 1.

13



randomly assigned to groups of five in round 1 and remain in the same group for rounds
1-10. In round 11, they are randomly rematched (coinciding with the change in the entry
cost) and remain in their new group for rounds 10-20. At the end of the session, one round
is randomly selected for payment.'

The experiment was programmed using olree (Chen et al., 2016) and conducted at
Zhejiang Gongshang University in China. We recruited 360 students across 12 sessions,
with four sessions per treatment and 30 participants in each session.’ The sessions lasted

approximately 1.5 hours. Average earnings were around 75 RMB, inclusive of a 30 RMB

show-up fee.

3.1 Predictions and Hypotheses

Table 1 presents the predicted cutoff for each entry message, the total revenue losses due
to costly entry, along with the predicted selection and participation effects, auction revenue,

bidders’ profit, and social welfare under each mechanism.

Asindicated by Proposition 2 (and shown in Table 1), Unr generates more revenue than
Res when the entry cost is low; and when the entry cost is high, the reverse order holds.
Moreover, from Figure 1, Ind will lead to weakly higher revenues than Res for either cost

condition. This leads to the following revenue rankings:

Hypothesis 1 (Revenue ranking). When the entry cost is low, II(M 4, X) > H(Myp,, X) >
(M ges, X); when the entry cost is high, II(M nq, X) = II(M pges, X) > II(Myp,, X).

Proposition 1 and Proposition 2 characterize the direction and magnitude of changes

in the participation and selection effects with respect to the entry restriction, n, when there

is one positive entry message (M = 1). Proposition 3 further shows that the participation

15 To cover the entry cost, participants were given 30 experimental currency (i.e., EC) each round as their
initial endowment. Hence, the final payment also included the (remaining) endowment in the selected
payment round. Their earnings from the payment round were converted to RMB using an exchange rate
of 1 EC = 1.5 RMB.

16 To help the participants understand the experimental procedure, at the beginning of each session, a video
that summarizes the experimental instructions was played after they read the printed instructions. Partic-
ipants were also given control questions which they had to answer fully correctly before entering the main
part of the experiment. Please see Appendix B for the experimental instructions and relevant screenshots.
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Table 1: Theoretical Predictions

Low-cost (¢=5) High-cost(c=25)
Unr Res Ind Unr Res Ind
Qg 4323 3874 3550 62.62 5928 59.28
aq 77.59 -
Revenue Loss (RL) 1527 19.87  10.89 56.77 4993  49.93
participation effect ~ 15.27  10.12 9.77 56.77 4728  47.28
selection effect 0 9.75 1.12 0 2.65 2.65
Social welfare 167.10 167.74 172.02 12196 131.00 131.00
Auction revenue  151.39 146.79 154.86 109.89 116.73 116.73
Bidders’ profit 1571 2095 17.16 12.07 1427 1427

Note: Theoretical predictions are calculated using the parameters from the ex-
periment. Specifically, the three two-stage mechanisms M, = (5,1), Mpes =
(2,1) and M4 = (2,2) under the environment X = (100, 100, 5, ¢), withc¢ =5
and ¢ = 25 in low-cost and high-cost conditions, respectively. o and «; are the
cutoffs for message m = 1 and m = 2, respectively. Revenue loss (RL) is the
difference in revenue between Unr, Res, or Ind and the auction with zero entry
cost.

effect (weakly) decreases when a second message is added. Figure 1 shows that the selection
effect also decreases weakly. Comparisons of these effects across the three mechanisms and

two cost conditions are summarized by the following hypotheses.

Hypothesis 2 (Participation effect). When the entry cost is low, PE(M 4, X) < PE(Mpes, X) <
PE(Muyy,, X); when the entry cost is high, PE(M 4, X) = PE(Mpes, X) < PE(Muyy,, X).

Hypothesis 3 (Selection effect). When the entry cost is low, 0 = SE(Mypr, X) < SE(Mppa, X) <
SE(Mpes, X); when the entry cost is high, 0 = SE(Muyp,, X) < SE(Ming, X) = SE(Mpes, X).

By limiting the number of bidders, both the restricted entry and indicative bidding
mechanisms increase bidders’ expected profit by reducing the number of participants who
incur the entry cost.!” This increase in bidders” surplus contributes to higher social wel-
tare. When entry costs are low, the gain in bidders’ profit largely offsets the reduction in
seller’s revenue from restricting entry, so the unrestricted and restricted mechanisms yield
similar levels of social welfare (see Table 1). When entry costs are high, restricting entry
raises both seller’s revenue and bidders’ profit, resulting in higher social welfare. In ad-

dition, when multiple positive messages are used, the indicative bidding mechanism can

17 See Equations (10) and (11) in Appendix A.
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further increase social welfare by selecting bidders with higher expected valuations into
the auction. These considerations lead to the following hypothesis regarding the ranking

of social welfare across entry mechanisms.

Hypothesis 4 (Social Welfare). When the entry cost is low, M 1,4 generates more social welfare
than M pges and My,,,; when the entry cost is high, both M4 and M g.s generate more social

welfare than M.

4 Experimental Results

In this section, we first compare auction revenue across treatments and examine how dif-
ferences in revenue are driven by the participation and selection effects. We then analyze
individual entry and bidding behavior to understand the behavioral sources of these ef-

fects. Finally, we compare social welfare and bidders’ profits across treatments.

4.1 Auction revenue: participation and selection effects

Table 2 reports multilevel linear regressions of auction revenue under each cost condition,
estimated with both session- and group-level random effects. In all specifications, the
unrestricted mechanism (Unr) serves as the baseline. Model 1 compares the restricted
entry (Res) and indicative bidding (Ind) treatments to Unr. Model 2 additionally controls
for the second-highest realized value in each group to account for differences in value
draws across treatments.'® As the estimates are qualitatively similar across models, we
focus on Model 2 in the following discussion.

In the low-cost condition, the revenue in Res is 13.91 units lower than in Unr (p < 0.01)
and 10.60 units lower than in Ind (p = 0.04). The revenue in Ind is also slightly lower
than in Unr, but the difference is not statistically significant (p = 0.53). In the high-cost
condition, the revenue in Ind exceeds that in Unr by 25.37 units (p < 0.01) and that in Res
by around 20 units (p = 0.03). Although Res is predicted to outperform Unr in the high-cost

18 Participants’ valuations are randomly drawn by the computer program in each session of the experiment,
and controlling for the second-highest value in each group reduces variations in revenue from these draws.
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condition, the observed difference of 5.65 units is not statistically significant (p = 0.54).

Overall, these results provide partial support for Hypothesis 1.

Table 2: Multilevel linear regressions on auction rev-
enue

Model 1 Model 2

Low-cost High-cost Low-cost High-cost

Unr (Cons.)  156.3**  107.1***  -1926  -30.25***
(5.726)  (7.455)  (5.927)  (9.195)

Res -15.51* -2.121 -13.91%** 5.653
(8.098) (10.54) (5.205) (9.272)
Ind -7.217 24.79** -3.313 25.37%**
(8.098) (10.54) (5.206) (9.265)
Vs 0.939***  (0.840***
(0.0276)  (0.0394)
# of Obs. 720 720 720 720
# of Groups 72 72 72 72

Note: Both Model 1 and Model 2 use multilevel linear regres-
sions with random intercepts for sessions and groups, while
Model 2 further controls for the second-highest value in the
group (V3). Standard errors in the parentheses are adjusted for
clustering at both session and group levels. *** Significant at the
1% level, ** at the 5% level, and * at the 10% level.

Result 1. When the entry cost is low, Ind and Unr generate similar revenue, and they both generate
significantly higher revenue than Res; when the entry cost is high, revenue generated by Ind is

significantly higher than in Res and Unr.

Having established the overall revenue rankings across mechanisms, we next disen-
tangle the roles of entry decisions (participation effect) and the selection process (selection
effect) in shaping revenue outcomes. Table 3 presents both observed and theoretically
predicted effects, conditional on the realized values in each treatment.” To isolate these
channels, we deliberately recalibrate the “observed” revenue rather than relying on raw
experimental outcomes. First, we replace observed bids with equilibrium bids to elimi-
nate the influence of over- or underbidding. Second, conditional on equilibrium bids and
actual entry decisions, we compute expected “observed” revenue to abstract from ran-

dom variation in bidder selection implemented in the experiment when the number of

19 These effects are slightly different from those in Table 1, which use the theoretical distribution of signals.
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entrants exceeds the cap. Details of the recalibration are provided in Tables C-1 and C-2

in Appendix C.
Table 3: Participation effect and selection effect
Participation effect Selection effect

Low-cost High-cost Low-cost High-cost
Obs Pred Obs Pred Obs Pred Obs Pred

Unr 18.54 14.57 62.2 61.78 0 0 0 0
Res  14.93* 10.82 48.63 47.45 16.18**  10.28 7.000*  2.04
Ind 10.65 9.50 33.07***  53.89 12.68**  4.83 7.55%* 215

Note: Columns labeled ”"Obs” present the expected “observed” participation effect and selection
effect, assuming participants follow equilibrium bids and given their entry choices. Columns
“Pred” present the predicted effects, using the actual values drawn in the experiment and
assuming participants all follow the equilibrium entry and bidding behaviors. Numbers in the
round parentheses are the standard deviations. Asterisks next to the observed effects denote
the significance level of the ¢-test (clustered at the group level) comparing the observed effects
with the equilibrium predictions. *** Significant at the 1% level, ** at the 5% level, and * at the
10% level.

Table 4: Multilevel linear regressions: participation effect and selection effect

Participation effect Selection effect
Model 1 Model 2 Model 1 Model 2
Low-cost High-cost Low-cost High-cost Low-cost High-cost Low-cost High-cost

Unr (Cons.)  18.54*** 62.20%** 16.94*** 34.09*** -0 -0 -3.821** -2.195*
(2.864) (6.638) (4.702) (9.009) (1.645) (0.947) (1.878) (1.230)
Res -3.617 -13.57 -3.600 -11.98 16.18*** 6.999%** 16.22%** 7.124%**
(4.050) (9.388) (4.041) (9.458) (2.326) (1.340) (2.298) (1.333)
Ind -7.892*% -29.13*** -7.852% -29.01%** 12.68*** 7.546%** 12.77%** 7.555%**
(4.050) (9.388) (4.042) (9.452) (2.326) (1.340) (2.298) (1.332)
Vs, 0.010 0.172%** 0.023*** 0.013***
(0.022) (0.037) (0.006) (0.005)

# of Obs. 720 720 720 720 720 720 720 720

# of Groups 72 72 72 72 72 72 72 72

Note: Model 1 and Model 2 are both multilevel linear regressions with random intercepts for sessions and groups,
while Model 2 further controls for the second-highest value in the group (V3). Standard errors in the parentheses
are adjusted for clustering at both session and group levels. *** Significant at the 1% level, ** at the 5% level, and * at
the 10% level.

As shown in the summary statistics given in Table 3 (left panel), the observed partic-

ipation effects are generally slightly higher than predicted-though not statistically signif-
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icantly so—across both cost conditions, with only one exception. In the Ind treatment un-
der high entry cost, the observed participation effect is substantially smaller than predicted
(33.07 vs 53.89, p < 0.01).

To further examine participation effects across mechanisms, Table 4 reports multilevel
linear regressions of participation and selection effects controlling for both session and group
level random effects.’® Consistent with theoretical predictions, Ind exhibits a smaller par-
ticipation effect than Unr under both cost conditions (weakly significant under low-cost,
p = 0.052; strongly significant under high-cost, p < 0.01). While the estimated participation
effects are also smaller in Res than in Unr, which aligns with the theory, the differences
are not statistically significant. Similarly, the difference between Ind and Res aligns with
the direction of the theoretical prediction but is not statistically significant (p = 0.29) un-
der the low-cost condition and is only marginally significant under the high-cost condition

(p = 0.07).

Result 2. The observed participation effects are largely consistent with theoretical predictions. Two
deviations arise: the participation effect is significantly smaller than predicted in Ind under high
entry cost and is marginally larger than predicted in Res under low entry cost. As predicted, the
participation effect is lower in Ind than in Unr under both cost conditions, whereas no statistically
significant difference emerges between Res and Unr, though the sign of these differences aligns with

the theory.

We next turn to the selection effect. As shown in the right panel of Table 3, observed se-
lection effects in both Res and Ind are significantly larger than predicted, indicating greater
selection inefficiency than implied by theory.”! This inefficiency reduces revenue in both
mechanisms more than expected. Under high entry cost, theory predicts that the addi-
tional message in Ind is not useful for separating bidders with high signals from those
with low signals, implying similar selection effects in Res and Ind. This prediction is sup-
ported by the data: observed selection effects are statistically indistinguishable (p = 0.75)

based on Model 2 in Table 4. Under low entry cost, the additional message in Ind is pre-

20 Similar to revenue comparisons, we also control for the second-highest values in Model 2 and the results
are qualitatively similar and our main discussion focuses on the results of Model 2.
21 No selection occurs in Unr and both predicted and observed selection effects are therefore zero.
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dicted to improve selection by allowing high-signal bidders to separate more effectively.
While the observed selection effect is indeed smaller in Ind than in Res, the difference is not

statistically significant (p = 0.13).

Result 3. In Ind and Res, selection effects are consistently larger than predicted by theory. Selection

inefficiency affects Ind and Res similarly under both low-cost and high-cost conditions.

Taken together, these findings explain the observed revenue ranking. Under high en-
try cost, Ind generates substantially higher revenue than the other mechanisms, driven
primarily by greater-than-predicted participation and a correspondingly smaller partici-
pation effect. Under low entry cost, the revenue advantage of Ind relative to Unr is offset by
a larger-than-predicted selection effect, eliminating the expected revenue gain. Although
Res is predicted to perform well under high entry cost, it generates the lowest revenue
under both cost conditions, largely due to a larger-than-expected participation effect in the
low-cost condition and a persistently larger-than-expected selection effect under both cost

conditions.

4.2 Individual behavior

Because the treatment-level revenue patterns and deviations from theoretical predictions
arise from individual decisions, we now turn to participants’ entry and bidding behavior

to account for these results.

4.2.1 Bidding Behavior

Theory predicts that in a second-price auction, bidders should bid their true valuations.
Figure 2 plots bids (vertical axis) against valuations (horizontal axis). Most observations
lie on or near the 45-degree line. Among deviations, overbidding appears to be more
prevalent than underbidding across all treatments, a pattern well documented in the ex-
perimental literature (Kagel and Levin, 2016). Within each treatment, both over- and un-
derbidding decline as the entry cost increases, with a larger reduction in underbidding.
Because high-cost rounds follow low-cost rounds, this pattern suggests that overbidding

remains relatively persistent in second-price auctions.
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Figure 2: Bidding behavior

To quantify bidding behavior, we compute the bid-value ratio (B-V ratio), defined as
the observed bid divided by the bidder’s valuation. A B-V ratio greater (less) than one in-
dicates over- (under-) bidding. We regress the B-V ratio on treatment indicators separately
for the low-cost and high-cost conditions using a multilevel linear model. Table 5 reports
the results.

When the entry cost is low, average bids exceed valuations by 15%, 22%, and 35% in
Unr, Res, and Ind, respectively (p = 0.04, p < 0.01 and p < 0.01). When the entry cost is
high, overbidding remains substantial at 17%, 29%, and 29%. Across treatments within a
given cost condition, differences in overbidding are generally not statistically significant;
only the difference between Ind and Unr in the low-cost condition is marginally significant
at the 10% level (p = 0.08).

The similarity in bidding behavior across treatments suggests that revenue differences
are not driven by bidding strategies. To verify this, we re-estimate the multilevel linear
regressions in Table 2 using counterfactual revenues constructed from observed entry de-

cisions and equilibrium bidding strategies (see Table C-3 in Appendix C). The estimated
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treatment effects and their statistical significance remain unchanged.

Table 5: Multilevel linear regressions on B-V ratio

Low-cost High-cost
Coef  Wald test Coef  Wald test
Unr (Cons.) 1.15***  p=10.04 1.17%*  p < 0.01
(0.08) (0.06)
Res 0.07 p < 0.01 0.12 p < 0.01
(0.11) (0.09)
Ind 020 p<0.01 0.12 p < 0.01
(0.11) (0.09)
agmup 0.08 0.02
(0.03) (0.02)
U?ndi'uidual 0 0.07
(0) (0.03)
# of Obs. 1,581 1,252
# of Individuals 352 331

Note: Multilevel linear regressions control for both group and
individual levels of random effects. The number of observations
(# of Obs.) is the number of observed bids conditional on entry.
The number of individuals (# of Individuals) is the number of
individual-level clusters in the multilevel regression. Wald tests
are used to compare the observed B-V ratio with 1.*** Significant
at the 1% level, ** at the 5% level, and * at the 10% level.

Result 4. Consistent with prior experimental evidence on second-price auctions, bidders system-
atically overbid in all treatments. Overbidding rates do not differ significantly across treatments

and do not drive treatment-level revenue differences.

4.2.2 Entry behavior

Turning to entry decisions, deviations from equilibrium entry behavior amplify the selec-
tion effect in both the Res and Ind treatments relative to theoretical predictions. We classify
participants’ entry choices into four categories: Nash entry, in which the chosen entry mes-
sage coincides with the equilibrium message given the initial signal; over-entry, in which
the chosen message is positive while the equilibrium prediction is zero; under-entry, in
which the chosen message is zero while the equilibrium message is positive; and (pos-
itive) entry message misuse, in which the chosen message is “1” when the equilibrium
is “2” or vice versa. As shown in Figure 3, patterns of over- and under-entry are stable

across cost conditions within each mechanism and are qualitatively similar between the
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Unr and Res treatments. Under the low-cost condition, Nash entry accounts for 78% (Unr)
and 76% (Res) of decisions; under the high-cost condition, these shares increase slightly to
83% and 80%, respectively. The remaining choices are approximately evenly split between
over- and under-entry.”? As a result, the distributions of realized number of entrants in
Unr and Res closely track their equilibrium counterparts under both cost conditions (see

Figure C-1 in Appendix C).

Figure 3: Entry choices compared to equilibrium predictions
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Note: “Under Entry” refers to cases in which the chosen message is m = 0 when the equilibrium predicts
m = 1 or m = 2. “Over Entry” refers to cases in which the chosen message is m = 1, or m = 2 when the
equilibrium predicts m = 0. “Entry Message Misuse” captures cases in which the positive message chosen
does not match the predicted positive entry message: specifically, m = 1is chosen when the equilibrium pre-
dicts m = 2, or vice versa. “NE” denotes cases in which the chosen message coincides with the equilibrium
prediction.

In contrast, only 52% of entry choices under the low-cost condition and 53% under the
high-cost condition in the Ind treatment are consistent with equilibrium predictions. In
both cost conditions, over-entry is slightly more prevalent than under-entry: 14% vs. 9%

under low-cost and 17% vs. 7% under high-cost. The greater complexity of the entry deci-

sion in Ind plausibly reduces equilibrium-consistent behavior, which in turn amplifies the

22 In the low-cost condition, over-entry and under-entry each account for 11% of decisions in Unr, and 12%
in Res. In the high-cost condition, under-entry accounts for 8% of decisions in both Unr and Res, while
over-entry accounts for 9% in Unr and 12% in Res. Table C-4 in Appendix C provides the full breakdown.
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selection effect relative to theoretical predictions. Moreover, an additional 25% (low-cost)
and 23% (high-cost) of entry choices involve misuse of positive entry messages, predomi-
nantly cases in which participants choose m = 2 when the equilibrium predicts m = 1 (the
reverse occurs in only 0.5% of cases under the low-cost condition). The systematic overuse
of the highest entry messages is the main source of selection inefficiency observed in the
Ind treatment.

Because a second-price auction without a reserve price generates zero revenue when
tewer than two bidders enter, over-entry increases revenue primarily by converting auc-
tions with zero or one entrant into auctions with at least two entrants. In the Ind treatment
under the high-cost condition-where theory predicts a substantial share of non-competitive
auctions (see Figure C-1 in Appendix C)-over-entry reduces the fraction of such auctions
from 37.09% (predicted) to 19.58% (observed). This shift attenuates the participation effect
relative to theoretical predictions and pushes realized revenue above the predicted level.
In contrast, under the low-cost condition, the predicted share of non-competitive auctions
is already small (approximately 7%), leaving limited scope for over-entry to further re-
duce the participation effect or increase revenue.

To formally compare entry behavior across treatments, we estimate the probabilities of
each message being chosen conditional on the initial signal S; (see Table 6). Across both
cost conditions, participants in the Ind treatment are significantly more likely to choose
positive messages (m € {1,2}) than those in Res (m = 1), while participants in Res are

more likely to opt in than those in Unr (all p < 0.01).

Result 5. Approximately 80% of entry choices in the Res and Unr treatments align with equi-
librium predictions under both cost conditions, with the remaining choices roughly evenly split
between over- and under-entry. In contrast, only about 50% of the entry choices in the Ind treat-
ment are consistent with equilibrium, primarily due to slightly higher over-entry and a substantial
share of misuse of the highest entry message. Conditional on the initial signal, willingness to opt

in is the highest in Ind, followed by Res, and lowest in Unr.
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Table 6: Estimated average probability of the entry message being chosen

Unr Res Ind
NE Mean P NE Mean P NE Mean P
Low-cost
m=1 0.55 0.55 0.73 0.62 0.64 0.10 0.44 0.22 0.00
(0.372) (0.352) (0.160)
m=2 0.20 0.51 0.00
(0.376)
High-cost
m=1 0.35 0.36 0.46 0.38 0.42 0.00 0.40 0.22 0.00
(0.352) (0.369) (0.157)
m=2 0 0.29 0.00
(0.324)

Note: The probability of each message being chosen, conditional on S;, is computed us-
ing the estimated cutoff points and coefficients of the multilevel ordered logistic model
with random effects at both the individual and group levels. The multilevel ordered lo-
gistic regression results are presented in Table C-5 in Appendix C. We omit the estimated
probability of m = 0, as it can be derived from 1 — p(m > 0). P-values are based on Wald
tests clustered at the group level, comparing the observed probabilities with the corre-
sponding predicted entry thresholds. Standard deviations are reported in parentheses.

4.3 Social welfare

To assess the overall impact of the mechanisms on both sellers and bidders, we com-
pare bidders’ profits and social welfare-defined as the sum of bidders’ profits and seller’s
revenue-across different treatments. Bidders” profit is calculated as the sum of profits
earned by all five potential bidders in each group in each round.”

The left panel of Table 7 reports multilevel linear regressions of social welfare on treat-
ment indicators for each cost condition.?* Under both cost conditions, social welfare is
higher in Ind than in Unr (p = 0.065 and p < 0.01, respectively). In contrast, the difference
between Ind and Res is not statistically significant under either cost condition (p = 0.252

and p = 0.876, respectively). Comparing Res and Unr, Res generates significantly higher

2 See Tables C-6 and C-7 in Appendix C for summary statistics.

24 Model 2 includes a control variable for the highest realized value V; in regressions on social welfare and
for the difference between the highest and second-highest realized values in regressions on bidders’ profit
(right panel of Table 7). The social welfare generated by an auction in the complete information setting
is equal to Vi—the sum of auction revenue V; and the winning bidder’s profit V; — V5. Controlling for
the drawn values of V; on social welfare and for V; — V, on bidders’ profit eliminates variations caused
by random draws across treatments. We only discuss results from model 2, given that all models give
qualitatively similar results.
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Table 7: Social welfare and bidders” profit: Multilevel linear regressions

Social welfare Bidders’ profit
Model 1 Model 2 Model 1 Model 2
Low-cost High-cost Low-cost High-cost Low-cost High-cost Low-cost High-cost
Unr(Cons.)  157.2%*  114.1**  -27.14**  -59.08*** 0.962 7.025 -13.36***  -26.65***
(5.320) (5.394) (3.285) (4.374) (3.752) (8.890) (4.360) (9.434)
Res 0.304 2.154 2.038 12.06*** 15.81*** 4.275 15.84*** 6.365
(7.523) (7.628) (2.929) (4.230) (5.307) (12.57) (5.177) (11.81)
Ind 3.083 9.479 5.397* 11.39%** 10.30% -15.31 8.623* -12.94
(7.523) (7.628) (2.929) (4.226) (5.307) (12.57) (5.184) (11.81)
1% 1.001***  0.950***
(0.0138)  (0.0175)
Vi—Va 0.909***  1.792***
(0.150) (0.233)
Obs. 720 720 720 720 720 720 720 720
Groups 72 72 72 72 72 72 72 72

Note: Model 1 and Model 2 are both multilevel linear regressions with random intercepts for sessions and groups,
while Model 2 further controls for the highest value in the group (V1) in social welfare and controls for the difference
between the highest value and the second-highest value in the group (Vi — V%) in bidders’ profit. Standard errors
in parentheses are adjusted for clustering at both session and group levels. *** Significant at the 1% level, ** at the
5% level, and * at the 10% level.

social welfare only when the entry cost is high (p < 0.01).

The right panel of Table 7 reports regressions on bidders’ profits. When the entry cost is
low, bidders earn higher profits in both Res and Ind (by 8.62 and 15.84 units) relative to Unr
(p = 0.096 and p = 0.002), while profits do not differ significantly between Res and Ind (p =
0.164). When the entry cost is high, bidders” profits do not differ significantly between
Res and Unr (p = 0.590) or between Ind and Unr (p = 0.273). Bidders earn around 19
units lower profits in Ind than in Res, although this difference is not statistically significant
(p = 0.102). While the higher-than-predicted participation in Ind raises seller revenue
compared to Res, lower bidders” profits lead to no statistically significant difference in

social welfare between Ind and Res.

Result 6. Relative to Unr, social welfare is higher in Ind for both cost conditions and higher in
Res under the high-cost condition. Social welfare does not differ significantly between Ind and Res
under either cost condition. Bidders earn higher profits in Ind and Res than in Unr under the low-

cost condition, but earn similar profits across the three treatments under the high-cost condition.
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5 Conclusion

This paper combines a controlled laboratory experiment with a supporting theoretical
framework to study how entry restrictions and indicative bidding affect revenue and wel-
fare in auctions with costly entry. We show that restricting entry involves a fundamental
trade-off: while it encourages participation by reducing expected competition conditional
on entry, it may generate inefficiencies through imperfect selection. By formally defining
and empirically measuring the participation and selection effects, we quantify the relative
strength of these opposing forces.

Our theoretical analysis predicts that imposing an entry cap can increase seller revenue
when entry costs are sufficiently high, extending Moreno and Wooders (2011) to environ-
ments in which bidders receive informative signals before entry. We further show that, for
some environments, indicative bidding with additional entry messages can increase seller
revenue relative to both a simple entry cap and unrestricted entry.

The experimental results broadly support these predictions, but also reveal systematic
deviations from equilibrium behavior. In particular, off-equilibrium entry decisions gen-
erate larger-than-predicted selection inefficiencies, preventing restricted entry from out-
performing unrestricted entry when entry costs are high. Indicative bidding consistently
increases seller revenue relative to unrestricted entry; however, contrary to theoretical pre-
dictions, these gains arise primarily from increased participation rather than improved
selection.

These findings suggest that while indicative bidding can be effective in practice, its
performance depends critically on potential bidders” ability to sort by expected values
at the entry stage—a goal shared by both sellers and bidders. One potential avenue for
improving selection is the use of sequential or multi-step screening mechanisms rather
than a single, simultaneous message choice (Sweeting and Bhattacharya, 2015; Lu et al.,
2021). Designing such mechanisms, however, may impose additional strategic complexity
on bidders. Future experimental work could examine how sequential screening affects

participation, selection, and welfare in environments with costly information acquisition.
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Appendix A Equations and Proofs

Equations

Given an entry mechanism with M = 1, the expected revenue of the auction is

IM, ) =3 g <a0—|— %(S—ao) +E[T]>, )

N
where qq is determined by (1) and ¢, = (V) (%) (%)N*]g is the probability that k

potential bidders choose m = 1. The expected revenue of the counterfactual scenario is

fi0(M), %) = 3 (a0 + 75 - an) + E171) ©)

PE(M X)—ESHLIE[T]—i 200 K= lo mr) and (6
TN “\e+1 " kr1 4
N
k—1 n-—1 _

For an entry mechanism with M = 2 the revenue is

al min{k,n} — 1
(M, X) = Z(Jk,o (ao + W

k=2

— min{k,n — 1}
’ — E[T
+ZQk,1 (a0+min{k,n—1}+1<a1 o) + E| ])

(m—a@+EWO

k=1
N min{j,n} —1
3 - g,y = 2 g E[T
+ 22 k,j (041 + min{j,n} + 1(5 ar) + Ef ]) ; (8)

where g ; = (V) (") (%)1 (21z20)* (20) "7 js the probability that j bidders choose
m = 2 and k others choose m = 1.

The revenue of the counterfactual situation and the participation effect are the same as
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in the M = 1 case.

The selection effect with M = 2 is given by

N
k-1 n-1 n—1
SE(M,X) = quo(k+1 n+1) a1 — g +qu1(k—+1— - )(Oq—oéo)

X (- i) - ©

j=n k=0

where g, = (3) () () (=52)" ()™

Given an entry mechanism with M = 1, the expected aggregate profit of the bidders is

qu <mm{k n})+1 —min{k:,n}c) taq (SJ;O‘O - CHE[T}) . (10)

For M = 2 the aggregate profit of the bidders is

N N-1 &
Qa1 — Qg : S —ag :
Y (M, X) = _ MW ink Al RS
(M, X) Z%,o (min{k,n} 1 min{ ,n}c) + ; Qi1 (min{k,n} min{ ,n}c)
N N—j

+ Z Z Q. j (m min{j, n}c) + (901 + q10) (5 J; D+ E[T]) . (1)

j= =0

Proof of Lemma 1

Given M = 1, for any n = 2,..., N the cutoff signal « is uniquely determined by (1).
Uniqueness follows from arguments provided in the online appendix of Quint and Hen-
dricks (2018) that hold for the environments used here. The LHS of this equation is con-
tinuous in o, is negative when oy = 0 and is positive for ay = S whenever ¢ < S + E[T].
Then the LHS must cross zero exactly once from below. For n’,n € {2,...,N} and n’ > n
the LHS is strictly smaller for n’ than for n for every aq € (0, S). Then the LHS must cross

zero at an o) > ay.
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Proof of Proposition 1

From Lemma 1, foreachn € {2, ..., N} thereis a unique cutoff signal ay(n) where ay(n’) >
ap(n) for n’ > n. Because the equilibrium messaging strategy is a cutoff strategy and 7" is
common to all potential bidders’ values, the participation effect equals the expected revenue
loss from the event that the second-highest-valuation bidder opts out. Conditional on this
event for a given signal profile the loss is S(5)+E[T], where S(,) is the second-highest signal.

Fix n < n' and consider the event S5y € (ag(n), ap(n’)). In this event, the second-
highest-signal bidder opts in when the cap is n, but opts out when the cap is n’. Thus the
dropout occurs under »n’ but not under n, implying a larger participation effect under »'.
In the complement event, the second-highest-signal bidder makes the same entry decision
under both caps, so the participation effect is unchanged. Therefore, the participation effect
is higher under n’ than n.

From (7), the selection effect can be written as SE(M, X) = Zg:o qr.f (n, ap; k) where
f(n,ap;k) =0fork =0,...,nand f(n,a0; k) = (53 — 257) (S —ag) fork =n+1,...,N.
From Lemma 1, ag(n’) > ap(n), hence f(n', ap(n'); k) < f(n,ap(n); k) for all k, with strict
inequality for k > n + 1.

Recall gx(n) = Pr(K = k) for K ~ Bin(N,p(n)) where p(n) = w For n’ > n,
p(n') < p(n), so K' ~ Bin(N,p(n’)) is first-order stochastically dominated by K. Since

f(n', ap(n'); k) is weakly increasing in &, we obtain

Hence, the selection effect is lower under n’ than under n.

Proof of Proposition 2

(a) Given that the total revenue loss is the sum of the participation effect and the selection ef-
fect, to show the result we will show that for sufficiently small ¢, the difference SE((n, M =
1),X) — SE((N,M = 1), X) is larger than PE((n, M = 1),X) — PE((N,M = 1), X) for all
n € {2,...,N — 1}. Given that SE((N, M = 1), X) = 0, the difference in selection effect is
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equal to SE((n, M = 1), X), which from (7) is

N

SE((H7M:1)7X)_SE((N’M: )7X>: Z dk (Z—:_Z;i) (5—040),

k=n+1

where o and therefore ¢, depend on both n and ¢. Forany n € {2,..., N — 1}, oy — O as

Nk
¢ — 0. Then gz = (V) (‘*%) (%)N_l€ — 0 for k < N and gy — 1. Then the difference

in selection effect continuously approaches (%—ﬁ - Z—j) S which is strictly positive for all
n < N.

From (6) as ¢ — 0 and therefore oy — 0 and ¢, — 0 for £ < N and ¢y — 1, it fol-
lows that for n € {2,...,N}, PE((n,M = 1),X) — 0as c — 0. Then the difference in
participation effect approaches zero and is less than the difference in selection effect for all

ne{2,....,N—1}.

(b) Foragivene > 0,letc = S+ E[T] — € and ay(c) = S — 6(¢). Substituting these into

(1) we get
ple = 8(e)) — e 3 pnin {1, b0 (12)

For ¢ < S + E[T], ¢ > 0 and therefore the first term of (12) is positive, which implies that
§(g) € (0,¢). It follows that as ¢ — S + E[T], both e — 0 and 6(¢) — 0.

Using this we quantify the impact of changing n on d(¢) for small e. We can approxi-
mate the cutoff condition for d(¢) close to zero using a Taylor expansion of the p;, terms.

Below we highlight terms of an order greater than or equal to §%(¢).

(a__O>N1 B (1 5(6))N1 _ . IN=1a(e) (N - DN = 2)6%(e) + o(6%(e)

P=\E) T\ TS S 257

(N1 (50 (- 56 N2:(N—_l)é(e)_<N—1>(A_f2—2>52<e>+ ()
p<N11> (&i))?( 5(_5))N3(N51)(N2)52(6) S | o(d%(e
(1) () (-4 - e

Any py, for k > 3is 0(6%(e)).
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Substituting in the Taylor expansions to (12) for n = 2 gives

C(N=1)0 | (N-1)(N —2)¢ o [((N=1)§ 2N —1)(N —2)s )

(1 5 + 537 (e—0)=c 5 e +o(67).
For n > 3, the cutoff type will be selected to enter the auction with probability 1 instead
of 2/3 when two other bidders opt in. This is reflected by the coefficient on p, taking the

value of 1 instead of 2/3. In this case, substituting the Taylor expansions gives

(1 (V- 1) N (N — 1)(N—2)52> (c—5) = ((N— 1)6 (V= 1)(N—2)52> +o(8),

S 252 S 252

where we use the ¢ to denote the cutoff when n > 3. If only the terms of order § are
considered, then there is no difference in the conditions. Therefore the difference of the
cutoff signal from changing n = 2 to n > 3 is of order 2 and we denote § — § = O(5?).
We use this fact to compare the relative size of the changes in the participation effect and
selection effect from increasing n = 2 ton > 3.

From (6) and substituting in §(¢) = S — ay(¢), the change in the participation effect is

PE((n,1),X) = PE((2,1), X) = g(6) — 9(9),

where g(5) = Y0, ax(6) (S — 25 + E[T]) and g4 (6) = (}) (%)k (1- %)Nﬁk. It follows that

g(6) = (S + E[T)) N (]\27*1) %25 + O(6*) and the difference in participation effect is

o) — g6 = YEZDSTET (2 g2 4 o, 57,

Since 62 — 62 = (6 — 6)(6 + ) its order is O(62) - O(6) = O(6°). Then the order of the change
in participation effect is also O(8?).
From Proposition 1 we know that the selection effect decreases as n increases for a given

environment. So the change in selection effect can be bounded by the selection effect of n = 2:

SE((n,1),X) — SE((2,1), )| < SE((2,1), %) = 3 ga(0) <’]z_: _ %) 5

35



The probability that 3 potential bidders opt in is

() () 0

and all g, for k > 4 are 0(6%). Then the selection effect for n = 2 can be written as

5 (5 -250) - YOI (5o

Therefore the change in selection effect from n = 2 to any n > 2 is bounded above by a
term of order ¢*. This implies that the decrease in the participation effect is of higher order
than the increase in selection effect from restricting entry from n > 2 to n = 2. Therefore,
for sufficiently high cost of entry that is less than S + E[T, restricting entry to n = 2 will

increase the expected revenue of the auction.

Proof of Proposition 3

Let o; € [0, S] be given. For all ap < oy, pg = poo and p; = Zj+k Dy fort=1... N —1.
In the following, we show that min {1,774} < min {1, %} for ¢ = j + k and that the
inequality is strict whenn < j + k + 1.

When n > j + k + 1, then min {1, %

) k+1

:1andmin{1,k+?+1} = 1. Thenfork+j =t

andn >t + 1, min {1, 7} = min {1, 25 }.

Whenn§]+k+1andj+k:t,thenmin{l,kH} ) andmln{l,tﬁl}:kgﬂ.
Then the difference in these fractions is
n—j n =)kt +1)—nk+1) nj—jlk+j+1) <0
k+1 k+j+1 (k+j+1)(k+1) (k+7+1)(k+1) =~

The last inequality follows from n < j + k + 1 and is strict when n < j + k + 1. It follows
that for any o, € [0, S]

N-1 n n—1 N—1—j o
chkmin{l,k+1}zc pk’jmin{l’k——i—i}' (13)

k=1 j=0 k=1



It follows that the second term of (1) is less negative than the second term of (2) for
any fixed ay. Moreover, each of these terms becomes less negative as oy increases (see
argument in the proof of Proposition 2). Because the first term of each equation is the
same for any o and «; < S, and the terms increase in oy, the value of oy that satisfies (1)
is higher than the a, that satisfies (2). Whenever «; < S it follows that p;, ; > 0 for some
J.k where n < j 4+ k + 1 and therefore the inequality of (13) is strict. This implies that «
is strictly lower when M = 2 than when M = 1. The participation effect only depends on
the two-stage mechanism through its equilibrium value of a. Moreover, it is decreasing

in ap (see (6)) and therefore, it is strictly less when M = 2 than when M = 1.
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Appendix B Instructions

Welcome to our experiment! You will receive 30 RMB for showing up on time. Please
read these instructions carefully and completely. Properly understanding the instructions
will help you make better decisions and hence earn more money. The experiment will last
about 1.5 hours. Your payoff in this experiment will be measured in experimental currency
(i-e., EC). At the end of the experiment, we will convert your payoff in EC to cash and pay
you in private. The exchange rate is 1 EC = 1.5 RMB.

Your total payment from this experiment will be the sum of:

(1) Your show-up fee: 30 RMB;

(2) Your payoff in this experiment;

Please keep in mind that you are not allowed to communicate with other participants
during the experiment. If you do not obey this rule you will be asked to leave the labora-
tory. Whenever you have a question, please raise your hand; an experimenter will come

to assist you.

Your task

At the beginning of the experiment, you will be given 30 EC as your initial endowment.
In this experiment, there are 20 rounds in total. Before round 1, you will be randomly
assigned to a group of 5 players and will stay in this group for the first 10 rounds. In
round 11, you will be randomly reassigned to a new group of 5 players and stay in that
group for the rest of the experiment. The computer will randomly assign letters from A
to E to each of you as your player label and this assignment changes in every round. You
will only be competing against the participants in your group.

In each round, you will participate in an auction. The auction takes place in two stages:
in stage 1, you decide if you would like to enter stage 2 or not; in stage 2, (if you enter
successfully,) you choose how much to bid in the auction. Your total valuation towards

the asset that you are bidding for is composed of two parts: You will get the first part of
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your valuation in stage 1 before you make the entry decision; then you will get the second

part of your valuation in stage 2 before you enter your bid if you enter the auction.

Stage 1: Entry decision

The computer first randomly draws an integer from 1 to 100 (including 1 and 100) for each
participant independently. Each integer has 1% chance to be drawn. You only observe
your own draw. This number reveals the first part of your valuation towards the asset that
you are bidding for in stage 2. After seeing this information, you need to make a decision
on whether or not to enter the auction stage based on this partial information you have
about your total valuation for the asset. You can choose 1 of the 3 options to indicate your
willingness to enter: “0” (Do Not Enter), “1” and “2” (both represent enter with 2 giving
you a higher entry priority than 1).

The number of entrants in each group in the auction stage is restricted to at most 2.
If the number of players that choose either “1” or “2” is equal or less than 2, then all
participants who choose “1” or “2” are selected to enter automatically. However, if there
are more than 2 participants in your group choosing to enter, a selection process will apply.
First we randomly select up to two players from those who chose “2”. Then, if less than
2 players have been selected, we randomly select the remaining entrants from those who
chose “1”.

The selected entrant(s) will proceed to stage 2 and an entry fee will be charged. Notice
that the entry fee is 5 EC in Round 1-10, and then increases to 25 EC in Round 11-20.
If you are not selected, no entry fee will apply, and you do not need to make any more

decisions in this round.

Stage 2: Auction stage

In this stage, all the entrants first see two cards on the screen. Each of the cards has two
possible values, 0 and 100. The computer will randomly assign one of the values (0, or
100 with equal chance) independently to each card. The sum of the two numbers assigned
to the two cards is the second part of your the asset valuation, which is the same for all
entrants. There are four possible scenarios: both cards have 0; the first card is 0 and the

second card is 100; the first card has 100 and the second card has 0; both cards have 100.
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Hence, the second part of the value shared by all entrants could be 0 EC with 25% chance,
100 EC with 50% chance, and 200 EC with 25% chance.

Each entrant’s full valuation for the asset (V) is calculated as the sum of the first part of
the valuation revealed in stage 1 (i.e., the independent private draw between 1-100) and
the second part of the valuation (i.e., the sum of the numbers on the two cards which are
drawn for each group) shared by all entrants revealed in stage 2. In the example below, if
an entrant’s draw in the first stage is 56, and then the computer assigned 100 and 0 to two

cards in stage 2 respectively, his/her total valuation for the asset is 56+ (0+100) =156.

56| == 100 O = 1%6

Independent private draw

. The sum of the numbers Total valuation
in stage 1

on the two cars in stage 2 for asset (V)

After learning your total valuation, all the entrants need to bid for the asset. The entrant
with the highestbid in your group will win the asset. The winner will pay an amount equal
to the second highest bid. If there is a tie for the highest bid, a winner will be randomly
selected among these bidders. In this case, the second highest bid is the same as the highest
bid. When there is only one entrant, that player wins the asset and pays zero (i.e. the

second highest bid).

Your payoff

Your payoff for each round will be calculated at the end of auction as the following;:
e If you do not enter stage 2: your payoff = 0
e If you choose to enter and are selected:

— If you lose, your payoff= - entry fee
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— If you win, your payoff= your total valuation - the second highest bid - entry

fee

Summary

You will play 20 rounds of this 2-stage auction game. You will be randomly assigned to
a group of 5 participants twice during this experiment (first before round 1 and again
before round 11). In each round, you decide whether to enter the auction or not and how
much to bid. Your valuation for the asset in each round is determined by the sum of your
independent draw (revealed in stage 1) and the common draw given to all entrants in
stage 2. At the end of each round, all group members’ entry decisions, two parts of the
valuation information, entrants” bids and payoffs will be displayed to you, regardless of

whether you chose to enter stage 2 or not. See a screenshot of this page below:

Player A Player B Player C Player D PlayerE (You)
First signal 58 EC 73 EC 22 EC 93 EC 57 EC
Entry choice 1 1 2 2 0

Second value - - 0EC 0EC
Total valuation (V) - - 22EC 93 EC
Bid - - 25 EC 20 EC
Win/Lose - - Win Lose

payoff 0EC 0EC 22EC-20ECSEC= § gpe. 5pC 0EC

-3EC

In addition, a history table which gives information about entry decisions and winner’s

payoffs from previous rounds is provided.

Your total payment

After you complete all 20 rounds, the computer will randomly draw 1 round to pay you.
Your total payoff from the experiment will be your endowment (30 EC) plus your payoff
in the drawn round. Your total payoff will then be converted into cash and paid to you

together with your show-up fee (30 RMB) at the end of today’s session.

41



Other information

To further ensure that everyone in this lab understands the game properly, you will need
to answer several control questions that are constructed based on the information given
out in these instructions. The experiment will start once all of you have answered these
questions correctly. Please do not hesitate to ask for help if you have any questions re-
garding the information provided in our instructions or the control questions we ask you
to answer.

At the end of today’s experiment, you will also need to fill out a small post-experimental
questionnaire, including some demographic information (e.g., your gender, age, major...)
and your decisions in the experiment. All the information you provide will be kept anony-
mous and is strictly confidential. The only purpose of collecting this information from you
is for academic research analysis.

Thank again for your participation and patience! The experiment will start soon. ..
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Appendix C Additional results

Table C-1: Predicted revenue, participation and selection effects given drawn signals

Low-cost (¢=5) High-cost (c=25)
Unr Res Ind Unr Res Ind
Hprea(M, X) 153.93 145.69 150.02 101.80 104.83 106.84
Hpreda(ao(M), X)  153.93 155.97 154.85 101.80 106.86 109.00
Hprea(Xo) 168.5 166.79 164.34 163.58 154.32 162.88
Participation effect ~ 14.57 10.82 9.50 61.78 47.45 53.89
Selection effect 0 10.28 4.83 0 2.04 2.15

Note: IIpreq(M,X) is the expected revenue given the signal drawn in the experiment.
prea(an(M), X) is the expected revenue in the counterfactual scenario where all potential bidders
who send a positive entry message enter the auction stage, given the signal drawn in the experi-
ment. I pred(X()) is the auction revenue in the zero-entry-cost environment. ‘Participation e]j‘ect’ is
the difference between Ilp,..4(Xy) and I Pred(co(M), X), and “Selection effect’ is the difference be-
tween ﬂpred(ao(/\/l)7 X) and I p,cq(M, X).

Table C-2: Recalibrated “observed” revenue, participation and selection effects

Low-cost (¢=5) High-cost (c=25)

Unr Res Ind Unr Res Ind
Mops (M, X) 156.25 140.75 149.04 107.10 104.98 131.89
Hep(M, X) 149.96 135.68 141.37 101.37 98.68 124.86
ops(ap(M), X)  149.96 151.87 15369  101.37 105.68 129.81
Iprea(Xo) 168.5 166.79 164.34 163.58 154.32 162.88
Participation effect  18.54 14.93 10.65 62.20 48.65 33.07
Selection effect 0.00 16.18 12.68 0.00 7.00 7.55

Note: IIpps(M, X) is the observed revenue in the experiment. IIgg(M, X) is the recalibrated
“observed” revenue expected in the experiment, which is calculated using observed entry deci-
sions and equilibrium bids, and further accounts for revenue variations caused by the random
tie-breaking in Res and Ind by calculating the expected revenue when demand is higher than the

entry cap. Ilops(cg(M), X) is the counterfactual scenario where all potential bidders who send

a positive entry message enter the auction stage. 11 Pred(Xo) is the auction revenue in the zero-

entry-cost environment. ’Participation effect’ is Il pyeq(Xo) — fIObS(aU (M), X), and ‘Selection effect’ is
HObS(ao(M), X) — HEB(./\/l7 X)
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Table C-3: Multilevel linear regressions on expected rev-
enue given observed entry choice and equilibrium bids

Model 1 Model 2
Low-cost High-cost Low-cost High-cost
Unr (Cons.) 150.0***  101.4**  -13.05***  -31.02***
(5.405) (6.999) (4.574) (8.582)
Res -14.28* -2.687 -12.62*** 4.806
(7.643) (9.898) (3.925) (8.803)
Ind -8.592 23.49** -4.570 24.05**
(7.643) (9.898) (3.926) (8.797)
Vs 0.967***  0.809***
(0.0216)  (0.0361)
Observations 720 720 720 720
Number of groups 72 72 72 72

Note: Expected revenue is calculated using equilibrium bids given
actual entry decisions, and further accounts for revenue variations
caused by the random selection in Res and Ind when demand is higher
than the entry cap. It is the same expected revenue used to calculate
the participation and selection effects. Model 1 and Model 2 are both
multilevel linear regressions with random intercepts for sessions and
groups, while Model 2 further controls for the second-highest value in
the group (V2). Standard errors in parentheses are adjusted for clus-
tering at both the session and group levels. *** Significant at the 1%
level, ** at the 5% level, and * at the 10% level.
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Table C-4: Entry choice breakdown

Low-cost (c¢=5)

High-cost (c¢=25)

Unr Res Ind Unr Res Ind

No. Pct. No. Pct. No. Pct. No. Pct. No. Pct. No. Pct.
Nash Entry 931 78% 917 76% 625 52% 990 83% 958 80% 632 53%
(0,0) 405 34% 313 26% 260 22% 668 56% 597 50% 514 43%
(1,1) 526 44% 604 50% 134 11% 322 27% 361 30% 118 10%
(2,2) 231 19%
Under Entry 132 11% 141 12% 105 90/0 99 80/0 95 80/0 86 7%
(0,1) 132 11% 141 12% 97 8% 99 8% 95 8% 86 7%
(0,2) 8 1%
Over Entry 137 11% 142 12% 169 14% 111 9% 147 12% 209 17%
(1,0) 137 11% 142 12% 89 7% 111 9% 147 12% 116 10%
(2,0) 80 7% 93 7%
Message Misuse 301  25% 273 23%
(1,2) 6 0.5%
(2,1) 295  24.5% 273 23%
N 1200 1200 1200 1200 1200 1200

Note: We classify participants” entry choices into four categories: Nash entry, over-entry, under-entry, and
(positive entry) message misuse. Nash entry, over-entry, and under-entry refer to cases in which the chosen
message matches, exceeds, or falls below the equilibrium message implied by the participant’s initial signal,
respectively. Message misuse captures cases in which the chosen positive message does not match the equilib-
rium positive message. Within each category, we further disaggregate outcomes by the ordered pair (chosen
message, equilibrium message); the first element is the chosen message and the second is the equilibrium mes-

sage.
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Table C-5: Entry choice: Multilevel ordered logistic

regressions
Unr Res Ind
S; 0.0884***  0.0920***  0.0926***
(0.00404) (0.00440) (0.00343)
i.low-cost 1.593*** 1.741%** 2.0771***
(0.261) (0.337) (0.366)
Cutoff 1 5.538*** 5.163*** 4.457***
(0.299) (0.333) (0.310)
Cutoff 2 6.517***
(0.338)
Observations 2,400 2,400 2,400
Number of individuals 120 120 120

Note: We estimate entry choice using a multilevel ordered lo-
gistic model with random intercepts at the group and individ-
ual levels for each mechanism. S; is the initial signal, i.low-cost
takes the value of 1 in the low-cost condition, and 0 in the high-
cost condition. Cutoff 1 and Cutoff 2 are the estimated cutoffs
from the multilevel ordered logistic model. Standard errors in
parentheses are adjusted for clustering at both the group and
individual levels. *** Significant at the 1% level, ** at the 5%
level, and * at the 10% level.
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Figure C-1: Frequency of the average number of participants who chose to enter




Table C-6: Bidders’ profit: summary statistics

Low-cost High-cost
Unr Obs Predicted NE Obs Predicted NE
0.96 14.50 15.71 7.03 24.19 12.07
Res Obs Predicted NE Obs Predicted NE
16.77 20.92 20.95 11.3 17.57 14.27
Ind Obs Predicted NE Obs Predicted NE
11.26 21.32 17.16 -8.29 21.88 14.27

Note: Predicted bidders’ profit is the expected bidders’ profit based on
the drawn values in the experiment. NE is the theoretical expected bid-
ders’ profit (not based on drawn values). Standard deviations are in

parentheses.

Table C-7: Social welfare: summary statistics

Low-cost High-cost

Unr Obs Predicted NE Obs Predicted NE
157.22 168.43 167.10 114.12 125.99 121.96
(77.11) (82.32)

Res Obs Predicted NE Obs Predicted NE
157.52 166.6 167.74 116.28 122.40 131.09
(81.46) (76.52)

Ind Obs Predicted NE Obs Predicted NE

160.3 171.34 172.02 123.6 128.72 131.09
(74.20) (75.65)

Note: Predicted social welfare is the expected social welfare based on the
drawn values in the experiment. NE is the theoretical expected social
welfare (not based on drawn values). Standard deviations are in paren-
theses.
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