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Abstract
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Professor Benjamin Handel, Chair

This dissertation develops and applies economic frameworks in industrial organization that
allow us to empirically study policy-related questions.

Chapter 1 considers how the possibility of credible announcements about firms’ entry would
alter market outcomes. If a firm can announce its intent to enter a market in a credible
manner, it may be able to deter rival firms from entering. However, such an announcement
may also provoke more aggressive competition from entrants, compared to remaining silent.
In a setup of procurement auctions, we analyze the equilibrium effects of credible entry
announcements, while firms face this strategic trade-off. The empirical setting I study is
procurement auctions conducted by Montana Department of Transportation, where a desig-
nated online Q&A forum serves as an entry disclosure device. I specify and estimate a model
of procurement auctions with costly entry, in which firms have the option to disclose entry
during a period before the bids are submitted. We find that a disclosure deters entry from
other firms, but leads remaining entrants to bid more aggressively. Overall, disclosure is
beneficial for a firm if they can disclose at an early period. The availability of disclosure de-
vice decreases the auctioneer’s payment by 6.3%, while increasing the winner’s construction
costs by 4.5% and decreasing the total entry costs by 11.1%.

Chapter 2, co-authored with Konan Hara and Paul Koh, studies identification and estimation
of dynamic games when the underlying information structure is unknown to the researcher.
To tractably characterize the set of Markov perfect equilibrium predictions while maintain-
ing weak assumptions on players’ information, we introduce Markov correlated equilibrium,
a dynamic analog of Bayes correlated equilibrium. The set of Markov correlated equilibrium
predictions coincides with the set of Markov perfect equilibrium predictions that can arise
when the players can observe more signals than assumed by the analyst. Using Markov
correlated equilibrium as the solution concept, we propose tractable computational strate-
gies for informationally robust estimation, inference, and counterfactual analysis that deal
with the non-convexities arising in dynamic environments. By applying this method, we



analyze the dynamic entry game between Starbucks and Dunkin’ in the US and the role of
informational assumptions.

Chapter 3, co-authored with Konan Hara, investigates the role of racial concordance among
doctors, specialists, and patients in doctors’ referral decisions. Using a 20% random sample
of Medicare beneficiaries from 1999-2019 in the United States, we find that doctors are
more likely to refer patients to specialists of the same race, especially when the patient also
shares that race. To isolate the effect of racial concordance from differences in expected
health outcomes and travel distance, we develop a structural model of referral decisions.
The results indicate that Asian, Black, and Hispanic patients are, on average, referred to
specialists with worse expected health outcomes than they would be in the absence of racial
concordance preferences.
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Chapter 1

Entry Deterrence in Procurement
Auctions

1.1 Introduction

When multiple firms contemplate entering a market, there may not be sufficient capacity for
the market to profitably accommodate all potential entrants. In such an environment, beliefs
about others’ entry become crucial. As discussed in Farrell (1987), if a firm can influence
the beliefs of other firms regarding its intent to enter, it may compel those other firms to
reconsider their own entry decisions. For instance, once all potential entrants believe that
a given firm will enter the market, this can benefit the firm since the other firms may then
be less inclined to enter. This argument highlights the importance of managing information
about entry when designing markets.

In attempting to influence the beliefs of rival firms and deter their entry, it is common
for firms to publicly announce their intent to enter the market. For example, a firm may
make a pre-announcement on releasing new products for this purpose. In the early 1990s,
Microsoft was accused of making product pre-announcements just for the purpose of deterring
competitors from entering. The district court judge noted that ”Microsoft could unfairly
hold onto this [dominant] position with aggressive pre-announcements of new products in
the face of the introduction of possibly superior competitive products.”! Although strategic
entry deterrence through disclosure raises concerns from an antitrust perspective, there is a
notable lack of empirical research investigating its effects on market outcomes.

In this paper, we investigate how entry disclosure affects auction outcomes by studying
procurement auctions conducted by the Montana Department of Transportation (MDOT).
Public procurement is an economically important setup, with global spending reaching $11
trillion in 2019, equivalent to 12% of the world’s GDP (Bosio et al., 2022). A notable feature
of the auctions that we study is that there is a designated online forum on MDOT’s website,

!The ruling of Judge Stanley Sporkin in Civil Action No. 94-1564 (United States of America v.s.
Microsoft Corporation 1995).
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where potential bidders can post questions about the project being let. The questions, the
identity of the firm asking, the posting time, as well as MDOT’s responses, are all publicly
accessible information. The unique feature is that the forum gets continuously updated:
questions become publicly visible almost immediately after posting. Since posting a question
on the forum typically requires a firm to have invested some time in reviewing the project
plan, posting a question on the online forum serves as an entry disclosure. Indeed, over 99%
of the questions are posted by actual entrants.

To understand how participating firms perceive the Q&A forum, we conducted interviews
with the participating firms. Their responses reveal that the firms indeed perceive that
questions are posted in a strategic manner and not always intended to gather information
about the project:

" There is always a strategical consideration to the questions we ask and is not
solely determined by us needing the information. It can be gamesmanship with
the other bidders.”

Moreover, their claim indicates that they take the questions as a credible signal for a firm
entering the auction:

"It’s safe to assume that contractors would not be asking questions unless they
are going to bid the project,”

which aligns with the fact that over 99% of the questions are posted by the actual entrants.
These claims support the idea of considering the Q&A forum as a disclosure device, which
forms the foundation of the paper.

In our setup, entry disclosure has two distinct and competing effects from a firm’s per-
spective. First, as noted earlier, a firm can alter opponents’ beliefs by disclosing, thereby
reducing their expected profits from entry, which consequently leads to less entry from other
firms. On the other hand, because the exact set of entrants is unknown at the time of
bidding, if a firm discloses its entry, other entrants may bid more aggressively. Thus, entry
disclosure can ultimately disadvantage firms that choose to disclose.

The effect of introduction of the Q&A forum on auction outcomes is ambiguous and thus
an empirical question. This ambiguity arises because firms may use the forum to coordinate
their entry decisions, potentially resulting in fewer auctions with a small number of entrants
and fewer auctions with a large number of entrants. From a policy perspective, a recent
survey highlights that DOTs vary in their treatment of entry information, where 40% of
them provide the identity of the firms who enter before the bidding happens, while others
do not (Liscow et al., 2024). This variation in practices across entities raises the question of
how information regarding entry should be managed.

To understand the impact of the option to disclose entry, we construct and estimate a
model of a procurement auction with costly entry, wherein firms can post questions on a Q&A
forum that serves as an entry disclosure device. Our model consists of two stages: (i) entry
and disclosure; and (ii) bidding. In the first stage, firms sequentially arrive at the market.
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They make entry decisions based on their private entry costs and information available on
the Q&A forum — specifically, the firms are aware of who has disclosed entry. Upon entry,
firms draw their construction costs and may strategically choose to post a question on the
forum, thereby disclosing its entry. Firms also disclose due to non-strategic reasons with a
fixed probability. The second stage occurs after all the entry decisions have been finalized.
Entrants submit their bids simultaneously, taking into account all disclosures and their own
private construction costs. The bidding procedure is a first-price sealed bid auction, and the
bidder with the lowest bid wins.

We establish three key descriptive patterns that illustrate the economic forces of the
posted questions, i.e., entry disclosure. The following observations allow us to identify the
model primitives. First, we document that the presence of a question on the forum is
associated with a lower entry probability among bidders. This is a pattern we would see
if disclosures indeed deter entry. Second, entrants submit stronger bids when faced with a
greater number of questions. This pattern aligns with the hypothesis that firms’ bidding
behaviors respond to the information presented on the Q&A forum. Third, the firms who
disclose early face weaker best rivals’ bid compared to those who never disclose and those
who disclose late. In light of our model, while the first two patterns are in play, firms
benefit from making early entry disclosures because the effect from the first pattern, entry
deterrence effect, dominates the effect from the second pattern. One alternative force that
could explain the first pattern presented above is variation in quality of the proposals across
auctions, where low quality proposals could impose additional costs to the firms. However,
this force cannot explain the other two patterns and thus we believe that this factor is
unlikely to be the primary driver of our data.

We show that the primitives of the model are non-parametrically identified from firms’
entry, entry disclosure, and bidding behaviors. The primitives we aim to recover are the
distribution of firms’ arrival timing, entry costs, costs associated with entry disclosure, i.e.,
posting questions, and construction costs. The primary challenge in identification arises
from the fact that arrival timing is only observed for the firms who disclose their entry. We
start by recovering firm X's beliefs on the evolution of disclosure history, conditional on X
entering at a fixed time point. If firm X discloses their entry, this object is directly identified
from the observed patterns. However, if X does not disclose, we cannot identify firm X’s
beliefs directly from the data, since we do not observe their entry timing. To overcome this
problem, we construct a mapping from the observed pattern of disclosures to firm’s beliefs
on the evolution of disclosure histories. The idea is to treat the setup as a survival analysis
with competing risks. Here, the event is an entry disclosure, and the possibility of multiple
firms disclosing can be seen as competing risks. Our conditional independence assumption
between the firms allows us to identify each firm’s duration until they make a disclosure,
starting from any time point (Tsiatis, 1975). We can then construct firm X’s beliefs on
evolution of disclosure history, since each firm’s duration until disclosure is known under any
history.

Given the firms’ beliefs, the primitives — specifically, distribution of firms’ arrival timing,
entry costs, costs of entry disclosure, and construction costs — are identified through the
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following six steps. First, we recover the construction costs and their distribution, following
the methodology from Guerre et al. (2000). Second, by considering the expected value
from the auction stage and the beliefs on the evolution of disclosure history, we are able
to determine the value functions with and without disclosure when firms decide whether to
disclose. Thus, value of disclosure is identified for each history and construction cost. Third,
by exploiting variation in the amount of disclosures and values of disclosure at the same
history but under different construction costs, we can identify the distribution of disclosure
costs. Fourth, given the knowledge of values with and without disclosures, along with the
distribution of disclosure costs, value of entry is identified for each disclosure history. Fifth,
by exploiting variation in the amount of disclosures, value of entry, and value of disclosure at
the same time under different disclosure histories, we can identify the distribution of entry
costs. Finally, we can identify the distribution of arrival timing by comparing the amount
of disclosures across different time points.

Given our estimates, we can quantify the value of disclosure. First, we show that dis-
closure is beneficial for firms at the beginning of the entry period, but becomes detrimental
toward the end. For a bidder with median construction costs, the value of disclosure is 1.5%
of the estimated project cost at the beginning, whereas it becomes costly by the end. The
intuition behind this finding is that if a bidder enters early and discloses, they can deter entry
from others, even though remaining entrants may bid more aggressively. In our scenario, the
deterrence effect dominates. However, if a bidder enters late and discloses, the deterrence
effect diminishes since there are fewer potential entrants remaining on the sideline. As a
result, aggressive bidding from other entrants negatively impacts the late-disclosing bidder.
Next, stronger bidders who have lower construction costs derive larger values from disclo-
sure. At the beginning of the entry period, the value of disclosure is 2.1% of the estimated
project cost for a bidder whose cost is at the 25-th percentile, while the value is 0.7% of the
estimated project cost for a bidder at the 75-th percentile. This result indicates that entry
disclosure also serves as a signal of a bidder’s strength — construction cost.

We also quantify the value of entry, and show how it changes by the presence of disclo-
sures. First, we find that the value of entry increases as we progress to later periods, holding
the number of disclosures available at the firms’ arrival time fixed. Under the case where
there are no disclosures, value of entry is 9.8% of the estimated project cost at the beginning
of the entry period and rises to 10.5% by the end. At a fixed time point, an increase in the
number of disclosures decreases firm’s value of entry, resulting in a reduction of their entry
probability by 4-6%. These findings indicate that both arrival timing and the disclosures
firms face have a significant impact on entry decisions. Finally, we show that the expected
profit from arriving at the end is 7% lower than the the case when a firm arrives at the begin-
ning. Early arrival allows firms to capture greater gains from disclosures. Conversely, firms
arriving late can make more efficient entry decisions due to increased information availability.
In our setup, the former effect dominates.

In our counterfactual analysis, we compare equilibrium auction outcomes under three
alternative scenarios: shutdown of the forum, where the Q&A forum is never made public;
last minute disclosure, where the forum becomes public after the entry period but before
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the bidding occurs; and the status quo, where the current Q&A forum is available. We
use the first scenario, in which the forum is shut down as our benchmark for exposition.
Our objective is to understand the effects of entry disclosure, which operate through two
channels: entry deterrence and provision of additional information at the bidding stage.

First, we make the Q&A forum public after the entry period ends. In this scenario,
entry disclosures affect outcomes solely through the second channel — providing additional
information when firms bid. Firms cannot deter entry, as the information only becomes
public after firms have made their entry decisions. In this case, we observe a 0.8% increase
in auctioneer’s payment, a 1.4% increase in winner’s construction cost, and a 3.2% increase
in total entry costs, compared to the shutdown scenario. Firms still make disclosures, but
only due to exogenous reasons. McAfee and McMillan (1987) and Harstad et al. (1990) have
pointed out that uncertainty about firm’s entry does not affect the auctioneer’s payment,
when bidders are risk-neutral. In line with this result, we only see a small change in the
auctioneer’s payment. This small change comes from asymmetry among the bidders (Maskin
and Riley, 2000), which also creates efficiency loss in the winner’s cost. Consider the following
example: there are two entrants, firms X and Y. Firm X discloses its entry, while firm Y
remains silent. Firm Y will adopt a more aggressive bidding strategy than firm X since
they are sure about facing a competitor. Consequently, firm Y may win some auctions even
when firm Y has a higher construction cost than firm X. This inefficiency does not arise
when firms are in a symmetric position and employ monotone symmetric strategies. The
asymmetry created by disclosures leads to inefficiency. Increase in auctioneer’s payment
dominates the increase in the winner’s cost, and thus total entry increases in equilibrium.

Next, we implement the current Q&A forum, allowing firms to deter others’ entry by
disclosing their intent to enter. Under the current forum, entry disclosures affect outcomes
through both channels — entry deterrence and additional information at the bidding stage.
In this case, we observe a more significant impact: relative to the benchmark, there is a
6.3% decrease in auctioneer’s payment, a 4.5% increase in winner’s construction cost, and
an 11.1% decrease in total entry cost. The availability of the forum allows the firms to
coordinate on their entry to some extent. Coordination among the firms reduces the number
of auctions where there is no competition, i.e., only one entrant. Since the possibility of
a firm becoming the only bidder is a strong force that increases the auctioneer’s payment,
coordination among the firms helps the auctioneer by reducing their payment. Another key
observation here is that the stronger bidders with small construction costs are more likely to
disclose their entry. While firms can deter entry through disclosure, they forfeit information
rents associated with their entry status and strength. As a result, we see a decrease in
auctioneer’s payment. Moreover, this creates a "stronger” asymmetry among the entrants:
firms who disclose will be bidding for certain and strong, while firms who stay silent may
not be present and weak even if they do enter. Consequently, winner’s cost increases.

In summary, the current platform introduces a new dimension regarding firms’ types: ar-
rival time. When a firm arrives early, to take advantage of this new dimension, they disclose
their entry status to deter other firms’ entry even at the cost of sacrificing information rents.
Furthermore, such information transmission allows the firms to coordinate their entry be-
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havior, eliminating ex-post non-competitive auctions. Consequently, this leads to a decrease
in auctioneer’s payment. Furthermore, disclosures put firms into asymmetric positions, re-
sulting in inefficiency in terms of the winner’s cost. Together, we find that the existence
of the Q&A forum, which allows the firms to send out some information, has a significant
impact on auction outcomes. More broadly, these results suggest that market designers must
exercise caution in how information is transmitted before agents take actions.

Related Literature The paper contributes to two strands of literature—the literature
on strategic entry deterrence and the literature on costly entry into auctions.

The paper provides an empirical equilibrium analysis to test how strategic entry de-
terrence can affect market outcomes, taking entry disclosure as a tool to deter entry. A
significant amount of theoretical work on strategic entry deterrence has been carried out,
e.g., Spence (1977), Dixit (1979), and Milgrom and Roberts (1982a,b).? Farrell (1987) illus-
trates how communication can allow firms to coordinate their entry. However, empirical work
on strategic entry deterrence is still limited. Goolsbee and Syverson (2008) and Sweeting
et al. (2020) study how limit pricing by the incumbent affects entry behavior in the airline
market. Scott Morton (2000) and Ellison and Ellison (2011) studies strategic investment,
such as advertisement, to deter entry in the pharmaceutical market. Ely and Hossain (2009)
studies the effects of early period bidding in online auctions. Although they find a similar
result to our paper that early period bidding deters entry but causes more aggressive bidding
from the entrants, there are two important distinctions. First, Ely and Hossain (2009) tests
for such effect by experimentally placing bids, while our analysis analyzes the effect of entry
disclosure, which arises as an equilibrium behavior. Next, they study a second-price auction
setup, while ours is a first-price auction. In second-price auctions, more aggressive bidding
due to entry disclosure is not a pattern we would expect under a private-value framework,
since bidding their own value would be an undominated strategy for the bidders. In contrast,
entry disclosure may cause more aggressive bidding from others under our setup, sealed-bid
first-price auctions with private values.

The paper also relates to the literature on costly entry into auctions. Overall, the liter-
ature has pointed out the importance of incorporating entry costs in analysis of auctions.
Ye (2007) and Quint and Hendricks (2018) theoretically study indicative bidding; Bhat-
tacharya et al. (2014) studies the effect of introducing an entry rights auction; De Silva et
al. (2008) studies the effect of releasing information about seller’s valuation on bidding in
procurement auctions; Krasnokutskaya and Seim (2011) studies how the introduction of bid
preference program affects firms entry and bid decisions; and Gentry and Li (2014) studies
non-parametric identification of an auction game with selective entry. The paper also studies
a setting where entry is costly, but is the first to empirically study how entry disclosure can
deter entry from others in first-price auctions with costly entry.

2Wilson (1992) provides a review on this topic.
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1.2 Institutional Background and Data

Institutional Background

We describe the letting process of procurement auctions conducted by the Montana De-
partment of Transportation (MDOT). MDOT uses sealed-bid first price auctions to award
construction projects. The set of firms who participate in bidding will not get disclosed by
MDOT until the final auction result is announced.

MDOT advertises projects four weeks prior to the bidding date, providing detailed spec-
ifications of each project. On the same day as the advertisement, a Q&A forum is launched
on MDOT’s website. On this forum, firms can post questions about the project, and MDOT
provides answers to the posted questions. The questions become publicly visible when the
firms post them, subject to a quick review by the MDOT. Answers from MDOT are pro-
vided within two days in most cases. The forum displays the time at which the question got
posted, the name of the company, the contact person, the question, and the corresponding
answer. Figure 1.1 presents a screenshot of the forum. The forum remains active until three
days before the bidding window closes. While other public procurement auctions also ac-
cept questions from the firms, the unique feature here is that this forum gets continuously
updated along with identity of the firms who posted questions and a timestamp.

The questions posted on the forum vary in value. Some turn out to be valuable, while
others offer little additional information. For example, a question pointed out that there is
an unnecessary item listed in the contract. MDOT responded by removing the item from the
contract and issued an addendum.® On the other hand, MDOT responds to some questions
by referring firms to existing documents, instructing them to review the relevant sections.*
This observation is in line with the quote from a firm presented above that some questions
are not solely intended to obtain information.

To participate in bidding on a project, firms must prepare the necessary documents and
submit them along with their bids. They must also engage in negotiations with subcontrac-
tors. These tasks involve significant costs, as they require substantial time and effort. As a
result, entry into auctions is inherently costly.’

Data

Our data covers projects auctioned between January 2017 and December 2022. For each
auction, it includes the project description, location, the engineer’s estimate of the total cost
of the project, and the submitted bids along with the identity of the bidding firms. Addition-
ally, the dataset contains information from the Q&A forum, including the posted questions,
MDOT’s responses, identities of the firm who posted the questions, and the timestamps of

3For example, see https://app.mdt.mt.gov/qaf/external/archive/view/493

4For example, see question #1 from https://app.mdt.mt.gov/qaf/external/archive/view/463

®Costliness of entry into procurement auctions have been pointed out in the literature (e.g., Li and Zheng
(2009)).
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MDT% A Questionand AnswerForum  jAbout B Archives  f Ask a Question
Contract Information

Project  HARDIN RD-BILLINGS, SHILOH ROAD-BILLINGS, KING AVE-BILLINGS
Advertise Date  10/17/2019 04:00 F
Close Date  11/08/2019 05:00 4

Let Date  11/14/20190%:00 &7
Notifications

No notifications found for this contract

Amendments

1-
Submitted: Friday 08-NOV-2019 2:08 PM

An Addendum has been posted for this project. ADDENDUM
Te download the addendum bid files, click here. BID FILES

Clarifications

No clarifications found for this contract

Questions

A-
Submitted: Tuesday 05-NOV-2019 07:51 AM

Company: Pavement Maintenance Solutions

Contact: Kris Woll

| noticed that there is a BMP Administration Lump Sum Bid item can you explain what this is for, also there is a Temporary Erosion Control unit bid item. Can you explain where this would be on the project and why.
Answier

Subm

ties associated with this project, BMP Administration and Temporary Erosion Control bid items are hereby removed fram the contract. An Addendum will be issued.

Figure 1.1: Screenshot of the Q&A forum

the posts. During the sample period, 592 projects were advertised, while we focus on 434
projects whose construction reports were available, which allow us to identify the type of
construction of the projects.

Table 1.1 presents summary statistics of the auctions. The median engineer’s estimate
is approximately $1.30 million, while the median winning bid is around $1.22 million. For
our analysis, we will normalize the bids by the engineer’s estimate. The median normalized
winning bid is 3.5% below the engineer’s estimate. MDOT reserves the rights to reject all the
bids, and 16 auctions during the sample period experienced such rejections.® On average, we
have three entrants. We define potential entrants as firms that entered in at least one auction
within the same district x type of construction pair during the sample period. A typical
auction has 12 potential entrants. Regarding the Q&A forum, we observe slightly fewer than
one question per auction on average.” There is some variety in the types of projects, with
overlay projects being the most common (18%).® Project distribution is relatively balanced

S1f bids are rejected, the project may be revised and advertised at a later date.

"We only include the questions submitted by the potential entrants. Moreover, there are some cases
where a firm posts multiple questions. We only keep the first questions from such firm in our dataset.

8We follow the categorization of types of construction provided in the construction reports provided by
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Table 1.1: Summary Statistics

Standard 10th 90th
Mean deviation percentile Median percentile

Engineer’s estimate ($000) 2,949 4,315 144 1,297 8,597
Lowest bid ($000) 3,022 4,702 154 1,225 8,382
Lowest bid / Engineer’s estimate 1.021 0.314 0.750 0.965 1.320
#Entrants 2.82 1.50 1 3 5
#Potential entrants 12.44 5.62 4 12 20
#Questions 0.83 0.97 0 1 2
Type of projects N percent
Bridge construction 51 11.8
Overlay 78 18.0
Reconstruction 46 10.6
Safety 67 15.4
Others 192 44.2
Districts N percent
Missoula 94 21.7
Butte 76 17.5
Great Falls 113 26.0
Glendive 73 16.8
Billings 78 18.0

Note: Total number of projects is 434. There were 5 auctions without an entrant.

across districts, although the Great Falls district accounts for the largest share (26%).”

1.3 Model

In this section, we develop a model of a procurement auction with costly entry and the
option for firms to disclose their entry. The auctioneer seeks to procure a project through a
first-price auction. There are N potential bidders who may choose to participate in bidding.
We denote the set of potential bidders as N'= {1,--- , N}. In our empirical application, the
questions submitted to the Q&A forum serve as entry disclosures.

The model consists of two stages: (i) entry and disclosure; and (ii) bidding. In the first
stage, firms sequentially arrive at the market randomly without knowledge of others’ arrival
times. When they arrive at the market, firms observe the disclosures that have been made,
make decisions on entry, and choose whether to disclose if they enter. Once the first stage
concludes, the entrants proceed to the second stage, which involves bidding. In this stage,
firms observe the complete history of disclosures, and place bids simultaneously.

MDOT. Some projects fall under multiple categories and if so we assign the project to the more popular
type.

9We split the state into five districts, following the coverage of five MDOT district offices. See https:
//www.mdt .mt.gov/contact/organization/districts.aspx
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First stage An auction is announced and the Q&A forum, serving as the disclosure device,
becomes available at ¢ = 0. The disclosure device closes at t = T, although disclosures will
remain observable after its closure. Each potential bidder i € N draws 7; € [0, T from the
distribution F, which represents the time at which bidder ¢ decides whether to participate
in the auction.!® At t = 7;, firm ¢ arrives at the market, observes the disclosure history
h7i, and draw its entry cost ¢ from distribution Fi. The disclosure history h' is public
information and records the time at which questions are posted as well as the the identities
of the posting firms, up to time . We denote the set of all time-t histories as H®. The entry
cost, & encompasses the cost of reviewing the project plan, assessing required materials and
labor, negotiating with subcontractors, and arriving at a cost estimate. Firm ¢ may choose
to enter the auction by paying the entry cost ¢ or opt to remain out without incurring any
costs. We denote the firm 4’s entry strategy as: x;.: xi-(h™, c?) — af € {0,1}.

If firm ¢ decides to enter the auction, at the same time t = 7;, it draws its construction
cost ¢;, and faces an opportunity to disclose its entry. With probability p®, firm i faces a
need to disclose and always discloses without paying any additional cost. During the review
of the project plan, issues may arise that prevent the firms from making progress in the
process. This part reflects such scenario and assume that it happens with probability p®.
With the other probability 1 —p®, firm ¢ may opt for costly disclosures by paying a disclosure
cost ciQ, which follows the distribution Fy. This cost can be viewed as the expense associated
with formulating an appropriate question, as well as a potential reputation cost. Only firms
that have entered the auction are allowed to make disclosures. We denote firm ¢’s disclosure
strategy as: ¢; - (h™, ¢;, CZQ> — aZQ € {0, 1}. If firm ¢ discloses, disclosure history A" is updated
accordingly.

Second stage After the forum closes at ¢t = T, entrants — the firms who have entered
— participate in bidding. The auction format is a sealed-bid first price auction. Before
placing their bids, the entrants observe the complete disclosure history hA”. Given h”, the
entrants submit their bids b; simultaneously. We denote the firm ¢’s bidding strategy as:

5i(hT,Ci) — bl e RT.

Payoff The payoff 7; for firm ¢ is given by:

m = (b — ¢;)1{i wins} — Paf — “a?

(3 (2 Y

where the first term represents gains from the auction, the second accounts for the entry
cost, and the third is the disclosure cost.

Assumption on firms’ types As described above, each firm i’s type is characterized by

the tuple (7;,cF, ciQ7 ¢;), which includes arrival timing, entry cost, disclosure cost, and con-

10We do not rule out the possibility that the distributions that appear in the model are common across
firms. Although we assume that these distributions are common in our empirical application, identification
argument still works with across-firm heterogeneity in these distributions. Here, we omit the index ¢ on these
distributions for the sake of exposition.
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struction cost. We assume that these four random variables are mutually independent, with
draws across firms being independent as well. Furthermore, we assume that the distributions
F., Fg, Iy, and F, are continuously differentiable.

Equilibrium We consider the Perfect Bayesian Equilibrium of the game presented above.
Equilibrium consists of firms’ strategy profile (x; r, ¢ -, 8i) such that:

1. firm 4 enters (a¥ = 1) if and only if its expected profit from entry exceeds the entry

(2

cost cF:
E |(b; — ¢;)1{i wins} — ¢?al|n7 o = 1} > cF
Q

2. firm 7 costly discloses (a;
disclosure cost ¢?

7

= 1) if and only if its expected gain from entry exceeds the

E |(b; — ¢;)1{i wins}|h™, af = 1,a9 = 1} —E [(bl —¢)1{i wins}|n", af = 1,a% = 0]
> @

3. firm 7 bids b; that maximizes its expected profit conditional on the complete disclosure
history ' and construction cost ¢;

b; = argmax (b — ¢;) Pr(i wins|h”, b).
b

In addition, firms have consistent beliefs given the strategy profile. We assume that an
equilibrium exists, and if there are multiple equilibria, we assume that one equilibrium is
selected and played.

Discussion of the model In our setup, entry disclosures occur through the posting of
questions. Consequently, firms may sometimes need to post questions to address issues that
arise during their preparation for bidding, even if their primary motivation is not to disclose
their entry. Our model does incorporate this feature. However, it does not account for infor-
mational spillovers that may benefit other firms. Our estimates indicate that the strongest
bid from the opponents tend to be weaker when a firm discloses its entry, holding others’
disclosure activities fixed. If information spillovers had first-order effects that outweighed
the effects of entry disclosures, the sign of this effect would be the opposite. Therefore, we
believe that this is not a primary concern in our model, though informational spillovers may
exist.

Example: Two firms

Here, we provide a simple example with two firms. The purpose of this example is to illustrate
the main economic forces that emerge from the option to disclose entry.
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There are two firms ¢ and 5 who are ex-ante symmetric. We assume that the distribution
of arrival timings follow F, ~ UJ0,1],}* the distribution of construction costs follows F, ~
U10, 1], and disclosure can be made at no cost, i.e, c? = c? = 0. Moreover, firms are never
forced to disclose their entry, p¥ = 0. We leave the distribution of entry costs Fj to be
unspecified at this point. Suppose that there is a reserve price R = 1.

For some entry cost distribution Fg, there exists an equilibrium that consists of the

following strategies:
1. Second stage: Bidding

e If AT includes two disclosures or none: bid 3;(h7,¢;) = (1 + ¢;)/2.
e If AT includes one disclosure and that is from 4, firm ¢ bids B;(h?,c) such that
B (b; AT equals to
1

1 —
r2 _ r 72
b—17) ((1—r)2 log (ij) - b_1% —r(l47r) - (12—r)

2 1Og(7a) - ﬂ%ﬂ)

where $;' is the inverse bid function, and r is i’s belief on j’s entry probability.
Firm j bids By(hT, c) such that ;' (b; hT) equals to

1 1

T

"o+ (b-1) (ﬁ log (1_b> — (L47) + g2y log(r) + %)

where 3, ! is the inverse bid function.
2. First stage: Entry

e If 1™ does not include any disclosures, firms always enter y; ,(h7,cF) = 1.
e If A7 includes one disclosure, firm enters x;.(h™,cF) = 1 if and only if m > cF,
where 75 is the expected profit from the bidding stage.

3. First stage: Disclosure

e If A7 does not include any disclosures, firms always disclose ¢; (A7, ¢;) = 1.
e If A7 includes one disclosure, firms never disclose ¢; (A7, ¢;) = 0,
and consistent beliefs, given these strategies. The construction for the bidding part follows

Kaplan and Zamir (2012). The proof is given in Appendix A.1.
The required conditions for the entry cost distribution Fg are:

1 This assumption is made for simplicity. It can be any continuous distribution without a mass.
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Notes: This figure shows the bidding functions employed in our two firm example, for the case r = 0.8.

e firms always enter under no disclosure:
FE(ﬂ'1> =1

where 7 is the expected profit from the bidding stage for the case where you have disclosed
but your opponent has not.

e firms enter with probability » when there is one disclosure:
FE (7'('2) =T

where 7, is the expected profit from the bidding stage for the case where your opponent
has disclosed but you have not.

This equilibrium presents multiple key observations that may arise from an environment
with entry disclosures. First, entry disclosure deters subsequent firms from entering the
auction after a disclosure has been made. The firm that arrives first always discloses, which
decreases the entry value for the next arriving firm, thereby reducing its probability of entry.

Second, entry disclosure compels the other firm to bid more aggressively. To illustrate
this, we can compare the scenario in which the first firm discloses with the scenario in which
it does not. In the former case, the second firm employs strategy (s, while in the latter case,
it employs strategy (. As shown in Figure 1.2, 3, represents a more aggressive strategy.'?

12This claim holds for any entry probability of the second firm, r.
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Therefore, conditional on the other firm entering, the other firm bids more aggressively when
faced with a disclosure.

Third, early disclosures are valuable, while late disclosures are detrimental. We observe
that only the firm who arrives first chooses to disclose, as disclosure is beneficial for that
firm. In contrast, the firm that arrives second finds that disclosing only prompts the first
firm to bid more aggressively, leading it to refrain from making a disclosure.

Here, through a simple example, we have shown three key observations that are expected
to arise in an environment where entry disclosure is an available option. In the following
section, we provide evidence that our data aligns with these key observations.

1.4 Descriptive Evidence

We use the data to establish three empirical facts that highlight the trade-offs firms face
when considering disclosures: disclosure may deter entry from other firms, and it may also
compel other entrants to bid more aggressively. First, we examine the relationship between
the presence of a question on the forum and firms’ entry probability. Second, we show how
bids are related to the number of questions that a firm encounters. Finally, we analyze how
the timing of questions and bids from opponents are related. Our findings align with the
patterns illustrated in the two-firm example presented in Section 1.3.

Fact 1: Presence of a question and entry probability

As we have seen in Section 1.3, entry disclosures may deter entry from others. If a question
serves as an entry disclosure and deter entry from others, presence of a question on the forum
would reduce the probability of entry from other firms. To assess the relationship between
the presence of a question and entry probability, we run the following regression:

1{firm enters};, = By + B11{question is posted from an opponent};, + f* X, + &0 (1.1)

where 7 denotes the firm and a denotes the auction. Auction-level characteristics X, include
the number of potential bidders, type of construction, and district where the project is lo-
cated. Our primary interest is in the sign of 3. The first column from table 1.2 presents
the results from this regression. We observe that presence of a question from opponents is
associated with a 3.4 percentage point decrease in entry probability, and this association is
significant at the 5% level. However, concerns may arise regarding within-auction variation
influencing this result. Specifically, firms that post questions always enter, which mechan-
ically results in fewer questions being visible on the forum within an auction. To mitigate
such concern, we restrict our sample to firms that do not post a question. The second column
of Table 1.2 shows the results for this restricted sample. We find that the result is mostly
unchanged.
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Table 1.2: Presence of question and entry probability

Dependent variable: Entry

(1) (2) (3) (4)

Sample all only not posted all only not posted
Q from opponent is present -0.034 - 0.041
(0.014) (0.012)
Number of Qs from opponent
1 -0.030 -0.039
(0.017) (0.013)
>2 -0.042 -0.044
(0.020) (0.015)
Auction-level characteristics Yes Yes Yes Yes
N 5,397 5,042 5,397 5,042

Note: Results in columns (1) and (3) is based on the entire sample of potential entrants.
Results in columns (2) and (4) is based on the sample of potential entrants who have not
posted a question. Standard errors are clustered at the auction level.

We also investigate how this relationship varies with the number of questions firms observe
on the forum. To do this, we run the following regression:

1{firm enters};, = [y + [11{One question is posted from an opponent};,

+ B21{Two or more questions are posted from an opponent},
+ BXXQ + Eia-

Our interest lies in the signs and the relative magnitudes of 5 and ;. We again observe a
negative relation between presence of opponents’ questions and entry probability. Although
the strength of this relationship by the number of questions is not statistically different (5,
and fs), our point estimate for the coefficient on seeing two or more questions is larger than
the coefficient on seeing one question.

Together, the relationship between presence of opponents’ questions and firms’ entry
probability in our data aligns with the hypothesis that questions deter entry from others.

Fact 2: Questions from opponents and bid

If firms incorporate the disclosures into their bids, they are likely to be placing stronger bids
if they observe disclosures from opponents. To assess the relationship between presence of
questions from opponents and a firm’s bid, we run the following regression:

biw = Po + f11{# questions from opponents};, + BEX, + i,

where we control for auction-level characteristics X,,.
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We find that 8; = —0.039 (S.E. = 0.013), which is consistent with our hypothesis.
Firms facing more questions from opponents tend to submit stronger bids compared to those
who facing fewer questions; in fact, seeing one additional question corresponds to placing a
stronger bid by 3.9% of the engineer’s estimate. This pattern reinforces our hypothesis that
questions function as entry disclosures and that firms incorporate this information into their
bidding behavior.

Fact 3: Timing of questions and bids from opponents

Disclosures made in early periods may have strong deterrence effects, while other entrants
may bid more aggressively compared to the case where the firm had stayed silent. On the
other hand, late disclosures may be detrimental because they may lack deterrence effects,
while other entrants still bid aggressively.

Now, note that from one entrant’s point of view, their profit depends on the best bid
among their opponents in a first price auction. If the deterrence effect from early disclosures
is strong enough, we would expect to observe weaker best bid from opponents compared
to scenarios where the firm does not disclose or disclose late. To evaluate the relationship
between timing of question postings and best bid from opponents, we run the regression:

Nb_; o = Bo + B11{posted a question};, + Sol{posted a question};, X 7, + BX Xio + i

where Ab_; , is the best bid among opponents and 7;, € [0, 1] denotes the timing of the ques-
tion posting.!* The control variables X;, include auction-level characteristics and number of
questions posted by opponents. We normalize the period at which firms can post questions
to the interval [0,1]. We expect f; > 0, 52 < 0, and (1 + B2 < 0 for our estimates to be
consistent with the hypothesis presented above.

Table 1.3 reports the results from this regression. First, we observe that firms who post
questions at ¢t = 0 face a weaker best bid from opponents compared to those who never post
by 8.0% of the engineer’s estimate (#; > 0). Second, firms that post questions at ¢t = 0
face a weaker best bid from opponents compared to those who post at ¢ = 1 by 9.1% of
the engineer’s estimate (5 < 0). Third, our point estimates suggest that firms who post
questions at ¢ = 1 face a stronger best bid from opponents than those who never post by
1.1% of the engineer’s estimate (51 + 2 < 0 ), although the relation is not statistically
significant.

These results are consistent with the hypothesis that: early disclosures are beneficial
because there is a strong enough deterrent effect; and late disclosures are detrimental as
they lead other entrants bid more aggressively while the deterrent effect becomes weak.

13Adding in a dummy variable for firm 4 posting a question and/or firm i’s timing of question posting
does not change our estimate in a meaningful way.
14The sample for this regression is the entrants who had at least one competing entrant.
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Table 1.3: Timing of questions and best
bid from opponent

Dependent variable: Best bid from opponent
Coefficient  Standard Error

Posted a Q 0.080 0.027
Timing of Q: 7 -0.091 0.040
Controls Yes
N 1,144

Note: Estimation is based on the sample: en-
trants who had at least one opponent. Standard
errors are clustered at the auction level.

Discussion

One may consider an alternative hypothesis: if there is unobserved heterogeneity in the qual-
ity (or uncertainty) of the government’s proposal across projects and the presence/number
of questions acts as a proxy for such quality, we may observe the same pattern as Fact 1.
Now, suppose that the presence/number of questions do act as a proxy for quality of the
proposals. Then, we would see weaker bids in auctions where questions are posted. However,
our findings indicate the opposite trend. While Fact 3 partly addresses this concern, we run
the following regression:

bia = Bo + Bil{#total questions}, + 4~ X, + g

Our estimate is 3; = —0.025 (S.E. = 0.011), suggesting that the level of bids are stronger in
auctions with greater number of questions. This suggests that unobserved heterogeneity in
quality of proposals does not seem to be a primary concern in our analysis.

Another alternative hypothesis may posit that if firms who have lower costs tend to
arrive earlier, we may observe the same pattern to that described as Fact 2. However, it
is important to note that this hypothesis alone cannot explain Fact 1. To further explore
this point, although with parametric assumptions, we can estimate the construction costs
of each firm without imposing structure on how decisions on entry and question posting are
made. We consider two scenarios when we estimate the construction costs for this practice:
(i) firms condition their bidding strategies on the question postings; and (ii) firms do not
condition their strategies on any question postings.We run the following regression:

éia = 50 + 617—1'(1 + BXXa + €ia-

where the sample consists of firms that posted a question, ¢;, is the estimated cost, and
Tiq 18 the timing of question posted. If this hypothesis significantly influences the data, we
would expect to see #; < 0. However, our estimates under both scenarios do not support
this pattern, where 5, = 0.017 (S.E. = 0.081) for scenario (i) and 3, = 0.016 (S.E. = 0.079)
for scenario (ii). Therefore, we do not consider this hypothesis to be a primary driver of our
data.
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1.5 Identification

In this section, we provide a discussion on identification of the model. We identify the model
primitives in a sequential manner through the six steps outlined below. The primitives we
aim to identify include: the distribution of arrival timing F., entry costs Fg, disclosure
costs Fp, construction costs F,, each entrant’s construction cost ¢; and the probability of
forced disclosure p®. Construction costs are identified from the bidding stage, while the
other primitives are identified from variation in entry and disclosure behaviors. It is worth
emphasizing that entry timing 7; is observed for the firms that disclose, but not for the firms
that do not disclose.

While the discussion below holds even when conditioning on auction-level characteristics,
we omit such expressions for the sake of exposition. Moreover, all the distributions we aim
to identify are identified at the firm level. In what follows, we may omit the firm-level index
as well.

Step 1. Construction costs ¢; and its distribution F,, First, we aim to identify
the construction costs ¢; of each bidder and the distribution Fi,. The argument follows the
strategy established by Guerre et al. (2000). We impose the following assumption on bidders’
strategies:

Assumption 1. Firm i’s bidding strateqy is strictly increasing in their construction costs
¢;, conditional on the complete disclosure history h'.

For each public history AT, the bidder i’s problem at the bidding stage is to maximize
their expected value V;(h', ¢;):

Vi(h', c) = max (b—c) (1= G_;(b|h")), (1.2)

where G_;(b|h") denotes the distribution of the lowest rival bid, Ab_;, conditional on h”.
Note that G_;(+|hT) is nonparametrically identified, and thus ¢; for each entrant and F,,(-|hT)
are identified by exploiting the first order condition of this problem. Moreover, F (c) is
identified by pooling across all realizations of h”:

Fo(c) = Pr(c; < ) = / Fu (c/hT)dFyr (7). (13)

Note that the right-hand side of (1.3) is the probability that ¢; is less than ¢ without con-
ditioning on A” (but conditional on i bidding in the auction). The distribution, F 7 is the
distribution of time-T history A” in H, which is the set of all possible time-7" histories with
1 entering.

Step 2. Beliefs on history evolution h7 — hT  Next, we identify the beliefs of firm
i on time-T" history h” conditional on the history at entry timing A™ and disclosure action
a. We denote such beliefs as p;(hT|h7, 7 = 7,a%).
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When firm 4 discloses, their beliefs u;(hT |h7, 7, = T, aZQ = 1) are directly identified from
the data. However, when firm i does not disclose, their beliefs i;(h7|h7, 7; = 7,02 = 0)
cannot be directly identified from data because there is a selection issue due to the fact that
their entry timing is not observed. In this case, the key idea for identification is to think of
this setup as a survival analysis, where the event is a disclosure from a firm. Additionally, the
possibility of multiple firms disclosing can be treated as competing risks. Following this idea,
we can establish a simple mapping from the observed evolution of disclosure histories to firm’s
beliefs about the evolution. It has been shown that the hazard function for each risk can be
identified, if potential survival times of each risk are mutually independent (Tsiatis, 1975).
In our context, this corresponds to identifying each firm’s hazard function for disclosing,
given any history. We can then identify the beliefs of a firm on how the disclosure history
would evolve.

For the sake of simplicity, we provide an argument for the symmetric case. The proof
that allows for asymmetry is given in Appendix Section A.2. First, consider the following
probability p™@ (7!, 72|h™):

P9 (71, 727" = Pr(no disclosure between time 7 and 72|A"")

where 71 < 72. Let the number of firms who have not disclosed under h™ be M. Moreover, let
the firms who have disclosed by 7! be ji,. .., j;, with their corresponding timings 71, ..., 7;.
We can express this probability as follows:

n0 1 217y Pr(hTz)
p Q(T TR = m
e S~ fr(Fn) AT (W7 (71, ), €) fe(0)de
[y Sy~ fr (R AT (o (7, o), € fele)de
(1= F(2) 4 [ fy fo6) (1= A0, 0)) fo(c)dede}
LU By 5 7 120 (L= Y ) Fu()dnde
[ B 4 2 77 1) (L A7, 0)) fule)drde )

LU By 5 7 120 (L= Y ) Fu()ande

where h™ is a history that includes the same set of disclosures as h™ and has no disclosures
between 7 and 7. The probability of entering and then disclosing under history h and
construction cost ¢, A*(h,c) is:

Alh, ) = Fp(V'(R)) (09 + (1 = p?) Fo(Avi(h,c))

where V'(h) represents the value of entry at time ¢ conditional on history h, and Avl(h,c)
is the value of disclosure at time ¢ conditional on history h and construction cost c.!

X

15Formally, if history h contains information up to time ' (¢ > t), we are conditioning on the restricted
history hf|h? that contains the same information as h* but only those that happen before t.
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Now, let us consider the beliefs of firm ¢ on the same object when the firm enters but does

not disclose at 7 (7 < 71 < 7). We denote such beliefs as p?(r, 7o|h™, 7, = 7,42 = 0).
Then,
T2 Q _
/‘L?OQ(TI7T2|]’LT1; T, =T, CLZQ = O) Pr(h 1 4 {TZ ’aIZQ — O})
Pr(h™ Nn{r =7,a7 =0})
e Fe(vi(hm) (1= (0% + (1= p?) Fa(Av(7  ¢))) felc)de
f FE(VT(hT)) (1= (p? + (1 = p?) Fo(Av(hT, ¢))) fe(c)de
| 1f0 fr(F) AT (W (T, . Fonet), ©) folc)de
[T S Fr(Fo) AT (B (71, T, €) fol€)de
M-1
ﬁ— +leﬁ( — Al ) @ﬁw}
X M—1
(1= B )+ [ J7 £ (1= A7) f(e)dede}
M-1
(1= E(2) 4 57 fy -0 (1= A0, 0)) fo(e)dede

@—ﬂwwwﬁﬁﬁ@u—NMﬂ»ﬁUMM

holds. Note that firm ¢’s knowledge of its own construction cost does not affect this belief.

From the above, we can see that there is a simple relatlonshlp between the observed

probability p™@ (7!, 72|h™") and belief p"?(y, 7|h™, 7; = 7,02 = 0). The former can be
expressed as ¢™, while the latter is expressed as ¢™ !, where ¢ is some number.'® Thus,

e (r b 7 = 1. = 0) = p (P2 |hT) (1.4)

holds. Since the right-hand side is directly identified from data, i’s beliefs on having no

disclosures between two time points are identified. Therefore, ¢’s belief on time-T" history for

the case where firm ¢ does not disclose is identified as well.

Step 3. Value of disclosure  We argue that the value of disclosure is identified. The
expected value, v;”" (A7, ¢;), from disclosing at time 7 under history h” when i’s construction

cost is ¢; is sunply

v (W7 ¢) = /V;(hT,ci) wi(RT|WT 7 = 1,0 = 1) A7, (1.5)
where V;(hT,¢c;) is the value from the bidding stage and is given by expression (1.2). For
each time-T history h', the expected value of bidder i with cost realization ¢; is Vi(hT, ¢;).
By integrating V;(h7,¢;) with respect to u;(hT|h™, 7 = 7,a%), the beliefs on distribution

(P[5 fo £-(0)(1-A (W72 ¢)) fe(c)dtde
1- F<T1)+fo I £ (1= At (R 0)) fu(c)dtde

1Explicitly, ¢ =
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over possible time-T" histories, we obtain the expected value. Similarly, the expected value,
v? T(h7,¢;), from not disclosing at time 7 under history h” when construction cost is ¢; is

O (T ) = /m(hT, es) (BTN, 75 = 7,a® = 0) dhT. (1.6)

7

Note that V;(h',¢;) is identified for all time-T' histories hT and construction costs ¢; in
Step 1, and p; was identified in Step 2. Therefore, the terms on the right-hand sides of
equations (1.5) and (1.6) are all identified, establishing that v, (R, ¢;) and v)"" (A7, ¢;) are
both identified. We denote the value of disclosure as Av7 (R, ¢;) = v, (h7, ¢;) — v} (h7, ).
We can easily see that the value of disclosure is identified.

Step 4. Probability of forced disclosure p® and distribution of disclosure costs
Fy  First, we introduce the following assumption:

Assumption 2. Support of disclosure values is [v?, U_Q] Firms always disclose at the upper
bound of the disclosure value: Fp(v®@) = 1.

The key variation we leverage here is the difference in disclosure values across firms with
varying construction costs but those who are facing the same disclosure history. When a
firm is not forced to disclose, the decision to disclose is given by the following expression:

[/Z’,T(th Ci, CzQ)
Q

if AvT (R, ¢;) > 2

=1
(1.7)
Lir(h7,ci,¢°) =0 otherwise

The expected value of the auction o] (h7,¢;) at time 7 under history hA™ and construction
costs ¢; is:
BT, ) = PPl (07, 6) + (1= p9)Bpe [max {ol (07, i), 0l (07, ) = }] . (18)
The first term corresponds to the case where firm i is forced to disclose. Inside the expectation
bracket, the first term represents the expected value from not disclosing, and the second term
represents the expected value from costly disclosing. The expected value of entry, v;(h7), is
then
o[ () = Eg, [ (W7, 1)) (1.9)

The decision to enter at time 7 under history A7 is given by the following expression:
{ Xi,T(hTaciE) =

Xi,T(hTa CzE)

1 iful(h7) > cF
(1.10)
0 if otherwise

Fix values v/,v” € R. Recall that the expected gain from disclosure, Av](h7,¢;), is
identified for all 7, ™ and ¢;. Now let us take ¢, and ¢/ appropriately so that Av(h7,c;) = v/
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and Av(h7,c]) = v" for some h™. The density that a firm with type ¢, discloses at A" is
given by:

f (aiQ =1,7n=r, hﬂcé)
= fur(W7|c;, i =17) f+(7) fe.(c)) FE(”Z(”)} (% + (1 = p?) F(v))
= fur (W77 =7) f+(1) fe,(c}) Fu(vi(h7)) Fo(v') (1.11)

where fy-, fr and f. are the densities of Fy-, F, and F,, respectively. Also, we denote
Folv) = (p? + (1 — p?)Fg(v)). The first term on the right-hand side of (1.11) is the prob-
ability that event h” occurs conditional on arrival timing 7; being equal to 7. The second
term is the probability of 7; being equal to 7, and the third term gives the probability that
the cost draw is ¢,. The fourth term corresponds to the entry probability. Finally, the last
term represents the probability of disclosure (a? = 1) conditional on time-7 history hA™ and
construction cost ¢;. This final probability accounts for (i) forced disclosure and (ii) costly
disclosure if the disclosure cost, ¢, is less than v/, i.e., ¢ < AvT (7, ¢) (= o).
Similarly, the density that a firm with type ¢ discloses under history A" is as follows:

Pr(af =17 = 707 ) = fur (077 = 7) [o(7) full) Fo(ui(h7)) Fole).  (1.12)

Since construction costs ¢; are identified for all entrants from Step 1, the left-hand sides
of expressions (1.11) and (1.12) are both identified. Moreover, f.(c¢;) and f.(c!) are both
identified because F,,(c) is identified. Hence, from the ratio of expressions (1.11) and (1.12),
we identify Fip(v')/Fq(v"). Because Fg is a distribution, p? and Fy are identified.'™'®

Step 5. Value of entry  As demonstrated in (1.9), value of entry v] (k") can be expressed
as:

vi(h7) = Eg, [0](h7,c)]
= /6Z(hT’ Ci)ch,- (Cz)
= /vaZ-l’T(hT, i)+ (1 —pEpe [max {vio’T(hT, i), v (BT, e) — C?H dF,,

— // vail’T(hT, ¢)+ (1 — pQ) max {U?’T(hT, i), vj’f(hT, ¢) — cZQ} dFg dF,

I Fg(v')/Fo(v”) is identified for all v/,v” € R, it implies that Fgy(v) is identified up to a constant, say,
F(0). This is because we can express Fg(v) as follows: Fg(v) = Fg(0) (FQ(U)/FQ(O)), where the ratio

(FQ(U)/FQ (O)) is identified. There is a unique value of F(0) such that lim Fo(v) =1

18Strictly speaking, we need an assumption for this argument to be valid. We assume that: For all
(v',v") € [u9, vQ]?, there exist a sequence of histories (h], ..., A7) and a sequence of numbers (vy, . .., Vg 41)
such that (i) vy = ¢'; (ii) vg+1 = v”: and (iii) there exist some ¢ 1, cx 2 € RT that Av/*(h™, ¢y 1) = vi and

Av* (W™ cp o) = vy for all k (1 <k < H).

v—vD
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Since all the objects that appear in this expression are identified objects, value of entry

vl (h7) is also identified.

Step 6. Distribution of entry costs Fg and arrival timing F, In this final step, our
goal is to identify the remaining two distributions: the entry cost distribution and arrival
timing distribution. To achieve this, the idea is to exploit variation in value of entry and
value of disclosure across firms facing different disclosure histories.

Suppose that under time-7 history h”, where bidders jq,...,j; have each disclosed at
Tty .-y Tj, (T, <---<Tj,), and the remaining bidders ¢ and &y, ..., kx have not disclosed.
As in Step 2, let

Al(h, ) = FL(VH (1) Fo(Ad!(h, ) (1.13)

First, consider the following density P:**

P = Pr (j,, signals at 7;,, Vm, i signals at 7, k,, does not signal before 7 Vn, ¢, ¢;)

= H fgm (TJNL)A;?J—:L (hTJm (Tj17 R TjJ)’ Cj'm)fcjm (ern)
m

<11 {1 —Ee@ [ 0= AL G ) ) <ckn>dtdckn}

X frT) AT (70, -, 7,), ) fe () (1.14)
Next, We consider the following density Q:

Q = Pr (j,,, signals at 7;,, Vm, i does not signal before 7, k,, does not signal before 7 Vn, ¢;)

= H fjm T]m T]m hTJm (Tjw R Tj])’ ij)ijm (ij)

XH{ _ phe(r / /fk" (1-4 (ht(fjl,...,fjl),ckn))fckn(ckn)dtdckn}
{1—FZ //f Ag(ht(rjl,...,%),ci))fci(ci)dtdci}. (1.15)

Taking the ratio between these two densities gives us:

fi(T)A;(hT(le, s 7TjJ)7 Ci)fcz'(ci)

P/Q = : (1.16)
{1 Fﬂg(T) + fooo foT f‘?(t) (1 - A?(ht@—jlv s 7TjJ)7 Cl)) fcz'(Ci)dtdCi}
Exploiting the relation that
O —Fir)+ [;° [y fi(t) (1 = AUN, 7)) felei)dide;)
(97'
o0 .
= [ ROA ) ) e
0
YWhen we write h'(7;,,...,7;,), this is a time-¢ history such that disclosures are made at times that are
in the set {7},,...,7;,} and before t. Note that we are also suppressing the expression on which firm disclosed

at which timing. Moreover, we use the notation Pr to represent densities for simplicity in exposition.
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the function
DA = () = 1= Fi) + [ 220 (1= Al ) fle)arae
/0 /Offof) (o) fulen)dtde (1.17)

is identified up to scale for all T € [r;,,T].** And thus

al’; oo
_E(T; (Tj17 s 7TjJ)> = /0 fﬂl-(T)AiT(hT(leﬂ s 7TjJ>7 Ci>f6<ci)dci

= fi(T)FJ%<‘/iT(hT(Tj17 S 7TjJ)))
o AR CRNE RS E

is identified up to scale. Since T';(0;h° = ¢)=1 holds, T;(T;h™ = ¢) is identified for all
7 € [0,T].>* Therefore, %I;i (1;h™ = ¢) is identified for all 7 € [0,T]. Furthermore, since Fy
is identified, f!(7)F5(V(h™ = ¢)) is identified for all T € [0, T].

Now, given that fi(7)FL(Vi7(¢)) is identified, fi(t)AL(h' = ¢,c¢;) is identified for all
t € [0,T]. Consequently, as I'; is expressed as (1.17), I';(7; A7 = 7) is identified. Since T'; is
identified up to scale and now that I';(7; k7 = 7) is identified, I';(7"; A7 = 7) is identified for
all 7 € [7,T). As aresult, f:(t) Fi(Vi'(h')) such that h' includes one disclosure is identified.
By induction on the number of disclosures made, repeating this argument will allow us to
identify fi(7) Fi(V;(h7)) for all histories h".

To proceed with the identification of f., fix 7/,7” € [0,7] and take h™ and h™" appro-
priately so that V" (h™) = V7 (h™") = v for some constant v € R. We identify the ratio,
f+(7)/ f+(7") from the ratio of fi(7')Fi(V7 (A7) and fi(7")FiL(V7"(h™")). Since F, is a
distribution, F. is identified.??

Finally, since f, and fi(7)FL(Vi7(h7)) are identified, F'F is also identified.

1.6 Estimation

In this section, we provide an outline of the estimation procedure, which closely follows the
identification argument.

2ONote that df;—gf)/F(x) = w holds. If the left-hand side object is identified, log F'(x) is identified
up to a constant. Therefore, F'(z) is identified up to scale.

2I'When we write h* = ¢, we mean that time-¢ history h! does not include any disclosures.

22Gtrictly speaking, we need an assumption for this argument to be valid. We assume that: For all
(', 7") € [0,T)?, there exist a sequence of timings (71,...,77) and a sequence of numbers (vy,...,vy) such
that (i) 71 = 7/; (ii) 7 = 7" and (iii) there exist some histories h™ and A™+! such that V;*(h™) =
VA (W) for all k (1< k< H —1).

?
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Parametric assumptions

To apply our model to data, we introduce parametric assumptions, despite having established
non-parametric identification. First, we assume that firms are ez-ante symmetric, conditional
on auction-level characteristics: all the firms share the same distribution for arrival timing,
entry costs, disclosure costs, and construction costs if the auction is the same construction
type and from the same district.

In what follows, we set T' = 1. We specify parametric forms for the distributions of entry
timing, entry costs, and disclosure costs. We assume that the distribution of arrival timing
follows a Beta distribution, which lies within the interval [0, 1], with two shape parameters
0" = (ar, B;). Next, we make the following assumption on entry costs. With probability p¥,
each firm gets a chance to consider whether they would enter an auction, while a firm always
stays out with the other probability 1 —p®. This reflects the fact that firms may face various
constraints, such as other ongoing projects. If a firm considers entry, they draw an entry cost
cF from a truncated normal distribution on [0, 00) with parameters 0% = (ug, og). Here, we
parameterize ug = X8 + o, where X, is the logarithm of number of potential entrants.
Finally, we assume that the distribution of disclosure costs Fg follows a truncated normal
distribution on [0, 0o) with parameters 69 = (uq, 0¢). Note that we have also assumed that
firms are in a position where they must disclose with probability p?, reflecting the fact that
disclosures are done through posting questions in our setup.

Estimation procedure

We estimate our parameters in four steps. In the first step, we start by estimating the
construction costs for each entrant and the distribution of such costs, exploiting the bidding
results. Next, we estimate firms’ beliefs on how disclosure history evolves over time, condi-
tional on their disclosure actions. With the estimates from the bidding stage and estimated
beliefs on disclosure history, we turn to the estimation of the value of disclosure and en-
try. Finally, using the obtained estimates, we estimate the remaining model primitives via
maximum likelihood estimation.

Step 1. Construction costs ¢; To account for the fact that some bids are ultimately
rejected, we assume the presence of a secret reserve price p”, which follows a log-normal
distribution. To estimate the construction costs c¢;, we exploit the optimality of the bids
as in Guerre et al. (2000). Specifically, construction cost ¢; when the bid is b; is estimated
exploiting the first order condition for bidding:

1— G_i(b)
g—i<b)

where GG_; is the CDF of the lowest bid among the opponents, and g_; is the corresponding
pdf.23

23This will be the minimum of the opponents’ bid and the secret reserve price.
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We assume that G_; follows a log-normal distribution log-N" (u, o) with:
T R

where X! includes a dummy indicating whether i disclosed, the time at which 7 disclosed,
the number of disclosures made by others, the number of potential bidders, construction
type dummies, and district dummies. For the variance, X;* includes the number of others’
disclosures, the number of potential bidders, construction type dummies, and district dum-
mies. We estimate the parameters (5, o#) via maximum likelihood. Once we obtain the
estimates for the distribution G_;, we exploit (1.18) and estimate construction costs for each
entrant. While we allow the distribution of construction costs F, to be fully nonparametric,
we assume that the distribution depends on the type of construction and district at which
the project is located.

Step 2. Belief on the evolution of disclosure history Closely following the identifi-
cation argument, we start by estimating the observed evolution of disclosure histories. Let
us note here again that the observed evolution of disclosure histories and the beliefs on the
histories are not identical. We parameterize the distribution of time intervals between the
n-th and (n+ 1)-th disclosure as follows (time interval between ¢ = 0 and the first disclosure
will be also included as case n = 0):

ntl  _n ~ O((x = ) /or) — P(—pt/0)
Pr(r"™ — 1" <x) = 1= (/o))

if the (n + 1)-th disclosure exists and

1= (1 =7") = u)/o1)
1= ®(—pu/o)

where timing of the n-th disclosure is given by 7.242° The parameters (uy,0;y) are charac-
terized as:

Pr ((n + 1)-th disclosure does not exist) =

[y = Xutﬂut’ o, = XUt/BUt’

where X*#* includes the n-th disclosure timing 7", the number of disclosures n, the log of
(number of firms who have not disclosed yet +1), construction type dummies, and district
dummies. For the variance, X includes the number of disclosures n, and the log of (number
of firms who have not disclosed yet +1). We estimate (8¢, o) via maximum likelihood.
Next, we turn to the estimation of the beliefs of the firms. First, we estimate the belief
of a firm when the firm discloses at some time 7 facing history h”. To estimate this belief,
we simulate the evolution of the disclosure history, using the distribution of time intervals

24We are implicitly assuming that the decision to disclose depends on the number of disclosures that have
occurred up to that time and the timing of the most recent disclosure.

25Tf n is equal to the number of total potential bidders N, then the next disclosure does not exist with
probability one.



CHAPTER 1. ENTRY DETERRENCE IN PROCUREMENT AUCTIONS 27

between disclosures we have estimated above. Suppose that i’s disclosure was the n-th one.
Then, the next disclosure timing 7% !’s distribution is characterized by the above distribution
we have estimated. By repeating this process, until we draw the probability of next disclosure
not existing, we can obtain the distribution of time-T" histories. We denote the estimated
belief as: fi;(RT|h7,7; = 7,a% = 1).

Next, we estimate a firm’s belief when it enters but does not disclose at time 7 facing
history A7. Let 7" represent the most recent disclosure before 7, with 7 = 0 if none exists.
We exploit the following relationship, which we have shown as equation 1.4:

Pr(7"*! > t or no (n 4 1)-th disclosure)M~1/M
= 1;(7"" >t or no (n + 1)-th disclosure)

where M is the number of potential entrants who have not disclosed at 7, including firm <.
Moreover, from equation 1.4,

Pr(7"* > t or no (n + k)-th disclosure|(n + k — 1)-th disclosure is at 7" 5=1)(M=k)/(M=k+1)

= 1;(7"* >t or no (n + k)-th disclosure|(n + k — 1)-th disclosure is at 7""*1)

holds for all k (1 < k< M —1) and all ¢ (7""*~1 < ¢ < 1). These relationships allow us to
back out the distribution of time intervals between disclosures from firm ¢’s perspective, since
the left hand-side objects are what we had estimated at the beginning of Step 2. Now, we
can simulate the evolution of disclosure history using i’s belief on the timing of disclosures.
We denote the estimated belief as: ji;(h7|h7, 7; = 7,a% = 0).

Step 3. Value of disclosure In this step, we aim to obtain an estimate for the value
of disclosures. First, we start by estimating the value from the bidding stage V;(h',c). For
clarity, each objects are estimated for every construction type and district pair, although
we omit these specific dependencies here for simplicity. We estimate the value from bidding
conditional on time-T" history V;(h',c) by:

Vi(h",¢) = max (b~ c)(1 ~ G_;(b|n"Y),
where G_; is the estimated CDF of the lowest bid from opponents.

Next, we estimate the values with and without disclosure, v!7(h7, ¢) and v*7(h7, ¢). This
value is estimated by:

07 (h7,c) = / Vi(hT c) fu(hT|h7, 7 = 7,0 = j) dh”

for 7 = 0,1. Note that although we have expressed this as an integration, due to our estima-
tion procedure, ji; is a discrete distribution. Therefore, this turns out to be a summation, in
practice. Then, value of disclosure Av™(h7,¢) can be estimated as:

Av (17, ¢) = 9V (h7,¢) — 0°7 (K7, ).
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Step 4. Model primitives In our final step, we estimate our model primitives—specifically,
the distribution of entry timing F;, entry costs Fg and p¥, and disclosure costs Fy and p%?—
using observed entry and disclosure data. Note that if we have estimates p@ and FQ for p¥
and Iy, value of entry v(h”) can be estimated as:

o7 hr Z/ AQ 17' 7— (1 _p )]EFQ [max {@O,T(hT’C)’@LT(hT’C) —CQ}] dﬁ,@
= Z [(AQ + (1 — p9) Fo(max {0 (h",c) — 07 (W7, ¢), O})) (R, ¢)

(1= 59) (1= Fomax{™ (b7, ) = 07 (47, ¢), 01) ) 07 (A", c)

max{oL:7 (h",c)—0%7 (h7,c),0} .
—(1 —;5@)/ chFQ} (1.19)
0

where summation is taken over the estimated costs c.

Using this expression, we estimate the model primitives via maximum likelihood. Suppose
firms 71, ...,7; do not enter, firms ji,...,j; enter but do not disclose, and firms £y, ..., kg
enter and disclose at time 73, ..., 7, . Also, let each entrant ¢’s cost be ¢;. The likelihood
function for observing this history A’ and set of entrants, say N'F, is

£ ) =TT [ e [ 1001 = Fetotn))as
<IT s / £ () F(o(h))(1 — Fo(Av(h,c;,)))dt
x ch ex,) £ (7, Fi (0 (h70)) Fg(Av(h™ cy.,)),

where h' and AT are time-t and time-7;, histories that arise as a natural restriction of hT.
Furthermore, Fj is defined as: Fr = p¥Fp. The parameters we aim to estimate here are:

O = (07,09,p%, 0%, pF). We solve:

maleogE (RE, NE),

where @ = 1,..., A represents each auction, and £ is the likelihood function with previous
estimates plugged in:

c=1] [ (00701 = Filah's (02,5205 6%, )t
<L, / F (807 Ep(0(h'5 (02, p9)); (0%, p2))(1 = Fo(Bv (' ¢;,,); (69, p2)))

x ch ) (73 07V Ei (0070 (69, p)); (67, p) F(B0™ (700, ): (69, p9))
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with 07(h7) as described in Equation 1.19.

1.7 Estimation Results

This section discusses the results from the estimation of the parameters in the model.

Parameter Estimates

Table 1.4 presents the estimation results for the model parameters. Figure 1.3 illustrates
the CDF of firms’ arrival timing. Our estimates suggest that firms are more likely to arrive
during the latter half of the entry period, with 70% of the firms arriving in this time frame.
The median arrival time is 0.71, approximately one week before the forum’s closure.

Figure 1.4 shows the relationship between values of entry and entry probabilities in
a scenario with 12 potential bidders, which is the median size of the bidders’ pool. Firms
consider entering with 28% probability when there are 12 potential bidders. This probability
decreases with the number of potential bidders. Additionally, the median entry cost is
estimated to be 3.4% of the engineer’s estimate. Our estimate of entry costs is comparable
with the numbers reported in the literature (Bajari et al., 2010; Krasnokutskaya and Seim,
2011).

Figure 1.5 shows the relationship between values of disclosure and disclosure probabili-
ties. Firms get in need for posting a question with a probability of 27%, which reflects the
likelihood of disclosure even when it may be disadvantageous to them. As value of disclosure
increases, disclosure probability also rises. For instance, when the value of disclosure is 1%
of the estimated cost, firms disclose with a probability of 31%.

We summarize the estimated distributions of construction costs in Table 1.5. The table
reports the median, 25th and 75th percentiles as fractions of the engineer’s estimate for each
construction type. The median construction cost is estimated to range from 74% to 89% of
the engineer’s estimate. Overall, projects related to overlay and reconstruction have higher
construction costs compared to the other project types.

Table 1.6 presents the estimation results for the distribution of opponents’ best bids.?¢ In
a first-price auction, it is the opponents’ best bid that ultimately determines an individual
firm’s profit. First, opponents’ best bid becomes more aggressive as a firm faces more
disclosures (questions). This trend reflects the fact that disclosures are made by the actual
entrants.

Next, the results suggest that making disclosures at earlier periods makes opponents’ best
bid less aggressive, if we hold others’ disclosure behaviors fixed. To illustrate this impact,
we compare two scenarios: (i) Firm X discloses at ¢ = 0 while no other firm discloses; and
(ii) No firms disclose at all. If firm X places the median bid (b; = 1.03), its probability of
winning probability increase by 11.4 p.p. in scenario (i) compared to scenario (ii), for an
auction on an overlay project in the Missoula district. Conversely, the estimates imply that a

26Estimates for the distribution of the secret reserve price is presented in Appendix Table A.1.
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Table 1.4: Estimated parameters of the model

Distribution cg: Truncated Normal on [0, c0)
cg: Truncated Normal on [0, 00)
7: Beta
Estimate S.E.
Entry
Prob. of considering entry: p¥
Const. 0.851 0.021
In(# Pot bidder) -0.231 0.009
LE -2.926 0.015
0B 0.383 0.033
Disclosure
Prob. of always disclosing: p% 0.268 0.019
HQ -2.416 0.251
o0Q 0.642 1.213
Timing
o 1.227 0.099
Br 0.661 0.052

Note: Table presents estimates of the model parameters. Standard errors are calculated
using 100 bootstrap draws, with sampling at the auction level.

Table 1.5: Distribution of Construction Costs: by
Construction Types

25-th 75-th
Construction Types percentile Median percentile
Bridge 0.38 0.75 1.02
Overlay 0.74 0.88 1.01
Reconstruction 0.72 0.89 1.11
Safety 0.50 0.74 0.99
Others 0.56 0.74 0.97

Note: Total number of projects is 434. There were 5 auctions
without an entrant. The presented numbers are fractions of
the engineer’s estimate.

last minute disclosure would make opponents’ best bid more aggressive, although this effect
is not statistically significant.

These results align with our earlier discussion on the trade-off associated with entry
disclosures. As previously noted, while disclosures can reduce the number of entrants, they
may simultaneously provoke more aggressive bids from remaining entrants. Our results
suggest that the former effect dominates for disclosures made during earlier periods, while
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Table 1.6: Distribution of opponents’
best bid: Log-normal

Variables Estimate S.E.
1
Constant -0.023 0.067
Asked 0.044 0.027
Asked xT -0.045 0.033
In(# Pot. Bidders)  -0.017  0.034
# Q from others -0.037  0.010
Type:
Overlay 0.066 0.030
Safety 0.018 0.050
Bridge 0.207 0.054
Recons 0.102 0.044
Others Reference
District:
Missoula Reference
Butte -0.027 0.028
Great Falls 0.050 0.029
Glendive 0.035 0.032
Billings -0.022 0.043
log o
Constant -1.232 0.144
In(# Pot. Bidders) -0.018 0.082
# Q from others -0.207 0.039
Type:
Overlay -0.596 0.100
Safety 0.043 0.134
Bridge 0.274 0.140
Recons -0.240 0.139
Others Reference
District:
Missoula Reference
Butte -0.148 0.092
Great Falls -0.149 0.091
Glendive -0.028 0.094
Billings 0.320 0.123

Note: This table presents estimated parameters
of the distribution of opponents’ best bid. The
opponents’ best bid is defined as the minimum of
the opponents’ bid and the secret reserve price.
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the latter effect dominates when disclosures are made at the last minute, at a time close to
t=1.

It is important to note that these results do not account for the potential influence of one
firm’s disclosures on the disclosure behaviors of others. We now shift our focus to the value
of disclosures, entry, and arrival timing, incorporating the evolution of disclosure history
and allowing firms to optimize their bidding strategies. In what follows, the numbers and
figures we present in this section will be based on the auctions on overlay projects from the
Missoula district, which has the mode for the number of auctions across (type of construction,
district)-pairs and has the median number of potential bidders totaling 12.

Value of Disclosure, Entry, and Arrival

Figure 1.6 shows how the value of disclosure evolves over time and varies across different
levels of firms’ construction costs. The values shown in the figure are for the case where no
disclosure have been made up to the corresponding time. The results indicate that the value
of disclosure decreases as time progresses. For example, a bidder with median construction
cost (¢ = 0.86) would find the value of disclosure to be 1.5% of the engineer’s estimate at
t = 0. However, this value declines to 0.8% by t = 0.5, and ultimately becomes a loss of
0.04% at t = 1. This downward trend is consistent across all levels of construction costs.
At a given point in time, the value of disclosure tends to be lower for firms with higher
construction costs, except when the timing approaches the end of the period at ¢t = 1. For
example, at t = 0, firms with construction costs at the 25th percentile (¢ = 0.75) would value
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disclosure at 2.1% of the engineer’s estimate, compared to 1.5% for those at the median cost
(¢ = 0.86) and 0.7% for firms at the 75th percentile (¢ = 0.98). This pattern suggests that
the stronger entrants— those with low construction costs— are more likely to disclose entry.
As a result, the disclosures reveal not only information about firms’ entry but also signal the
strength of those bidders.

Finally, the value of disclosure at ¢ = 1 turns out to be negative. When disclosures are
made at the very end of the entry period, they fail to deter entry from others and instead
prompt remaining entrants to bid more aggressively. Thus, firms disclosing at the last minute
would incur a loss.

Next, we examine the value of entry for the firms over time, considering the number
of disclosures available on the forum. Figure 1.7 illustrates the value of entry by time and
number of disclosures. The values shown in the figure are for the case where the most recent
disclosure is made at ¢t = 0 if there is one. As time progresses, the value of entry increases,
provided that the number of disclosures remains constant. For example, with no disclosures,
the value of entry starts at 9.8% of the engineer’s estimate at ¢ = 0, and rises to 10.5% by
t = 1. As we would expect, this increase reflects that the absence of disclosures becomes
more informative and valuable to firms arriving later in the period.

At any given point in time, an increase in the number of disclosures reduces the value
of entry for firms. For example, having one more disclosure decreases a firm’s entry value
by 1.3-1.4 % of the engineer’s estimate, compared to the case without disclosures. This
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corresponds to a 4-5% drop in entry probability. A second disclosure further lowers entry
value by 1.1-1.2% of the engineer’s estimate, leading to an additional 5-6% reduction in
entry probability.

Finally, we analyze the value of arrival timing from an ex-ante perspective. Figure 1.8
presents values of entry based on arrival timing, regardless of whether firms decide to enter.
Arriving at ¢ = 0 yields an ez-ante value of 1.55% of the engineer’s estimate, while arriving
at t = 1 has a 7% lower value, 1.44% of the engineer’s estimate.

Two opposing effects influence the value of arrival timing. Early arrival enables a firm to
enter the auction and potentially deter others from entering by making a disclosure. However,
early arrivals also encounter higher uncertainty about the number of entrants. In contrast,
firms arriving later can benefit from available disclosures, which provide information about
whether entry is advantageous, potentially avoiding inefficient auctions. In our setup, the
benefit of early arrival is more substantial, suggesting that the potential for entry deterrence
through disclosure outweighs the informational advantages of arriving later.

1.8 Counterfactual Analysis

In this section, we use our model and estimates to evaluate the performance of the current
platform design, the Q&A forum, in comparison to alternative platform designs. We sim-
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Table 1.7: Description of the Counterfactuals

Counterfactual Description Entry Additional
Deterrence | Info at Bid

(0) Shutdown Q&A never becomes public

(1) Last minute disclosure | Q&A revealed publicly at ¢ = 1 v

(2) Status quo Current Q&A forum v v

ulate how auction outcomes—the auctioneer’s payment (conditional on the project getting
allocated), the winner’s construction cost, and entry behavior— would change under different
designs for handling questions, or more broadly, how entry information is treated. To better
understand the role of entry disclosure, we run three counterfactuals, summarized in Table
1.7.

It is important to emphasize that entry disclosure impacts the auction outcomes through
two main channels: (i) entry deterrence — entry disclosure reduces the value of entry for firms
arriving after the disclosure, potentially deterring their entry; and (ii) additional information
at the bidding stage — a firm’s disclosure may lead other entrants to bid more aggressively.

The first counterfactual, (0) Shutdown, corresponds to the case where we shut down
the Q&A forum. In this case, the firms would communicate privately with the auctioneer
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if they have any questions about the project, and those questions would not be publicly
visible. Consequently, entry disclosure would not be an option, removing both the potential
for entry deterrence and the added information at the bidding stage.

The second counterfactual, (1) Last minute disclosure, considers a case where the
Q&A forum becomes public only after t = T'(= 1) but before the bidding window closes.
Here, firms can still submit questions but their entry would only be disclosed after the
entry period ends. As a result, entry disclosures would not deter other firms from entering
the auction, though they would still provide additional information about each firm’s entry
status at the bidding stage.

Our final counterfactual, (2) Status quo, represents the current setup with the current
Q&A forum as implemented by MDOT. Disclosures are made public immediately upon
posting, potentially deterring entry from other firms. Furthermore, these disclosures provide
information to entrants during the bidding stage. According to our empirical estimates,
firms with lower construction costs—typically stronger bidders—are more likely to disclose,
meaning that disclosures signal both entry and entrant strength.

In the following sections, we simulate outcomes for auctions on overlay projects, which
constitute the most common type of auction held by MDOT, to analyze how these alternative
platform designs impact key metrics such as auctioneer payments, winner’s construction
costs, and entry behavior. We will use scenario (0) as our benchmark for comparison.

Last Minute Disclosure

First, we discuss the auction outcomes under counterfactual (1), where the Q&A forum
becomes public after ¢ = 1. In the equilibrium we have estimated, firms do not engage in
costly disclosures, which are made for strategic purposes. Any disclosure made are from
firms requiring information for exogenous reasons. This results in a disclosure rate of 27%
among the entrants.

Figure 1.9 provides estimated changes in auction outcomes compared to our benchmark
case, (0) Shutdown. Moving from a no-disclosure environment (0) to counterfactual (1),
auctioneer’s payment increases by 0.8%, which translates to an increase by $10,000 for a
median-sized project. Moreover, we observe a loss in efficiency in terms of the winner’s
construction cost, increasing by 1.4%. In terms of entry, we see a increase in the number of
entrants by 0.6% and 3.2% increase in the total entry cost.

Through disclosures, firms are giving up their information about their own entry, which
is originally private information for them. In this counterfactual, some entrants are forced
to give up such information since they are in need for asking a question through the forum.
However, McAfee and McMillan (1987) and Harstad et al. (1990) have shown that whether
or not bidders know the set of bidders essentially has no impact on the expected payment for
the auctioneer. Therefore, overall level of information about entry does not directly change
the auction outcomes.

Another factor that plays an important role here is asymmetry among the bidders. Note
that in our benchmark case (0), entrants are in a symmetric position since there is no addi-
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tional information for them. As long as the firms employ monotone and symmetric strategies
in such scenario, the winner is the firm with the lowest construction cost, maintaining effi-
ciency in allocation. This observation does not hold in our counterfactual case (1). Although
firms are ezx-ante symmetric, the entrants find themselves in asymmetric positions based on
whether they have disclosed their entry or not. For example, let us consider a case where
there are two entrants X and Y: firm X have disclosed entry, while Y have not, thereby
an asymmetry in knowledge arises. Firm Y knows that firm X is participating, but firm
X remains uncertain about Firm Y’s entry status. This difference in information leads Y
to adopt a more aggressive bidding strategy than X, ultimately introducing inefficiencies.
Consequently, there are cases where Y may win the auction despite having a higher con-
struction cost than X, resulting in inefficiency in terms of winner selection. Furthermore,
auctioneer’s payment increases due to this asymmetry in beliefs about entrants. While the
effect of asymmetry on auctioneer can go either way (Maskin and Riley, 2000), auctioneer’s
payment increases in our case.

We observe a increase in number of entrants and total entry cost. As the rise in auc-
tioneer’s payment outweighs the increase in the winner’s construction cost, value of entry
increases in equilibrium. And as a result, number of entrants increases. While this increase
in the number of entrants would counteract against the increase in payments, this force is
not large enough to flip the sign. Finally, note that total entry cost increases by a larger
fraction than the number of entrants because the firms who are marginal here are the firms
who have the largest entry costs among the entrants.

Status quo

Next, we describe the auction outcomes under counterfactual (2), where we are in the status
quo with the current Q&A forum. As we have seen in Section 1.7, the value of disclosure is
more pronounced in the earlier stages of the entry period. Approximately one-third of the
firms entering during the first half of the entry period choose to disclose entry, with about
one-fifth of these disclosures made strategically, involving a payment of positive disclosure
costs. Moreover, we have shown that firms opting to disclose tend to have lower construction
costs. We find that, overall, the firms who disclose have 1.5% lower construction cost than
the firms who do not disclose. Therefore, disclosures also act as a signal for strength of the
firms.

The estimated changes in auction outcomes for counterfactual (2), the status quo, relative
to our benchmark case, (0) Shutdown, are presented in Figure 1.9. By introducing the Q&A
forum, corresponding to moving from our benchmark (0) to counterfactual (2), auctioneer’s
payment decreases by 6.3%, which is a substantial reduction. This corresponds to a decrease
of $82,000 for a median-sized project. As in counterfactual (1), we see a loss in efficiency
regarding the winner’s construction cost compared to our benchmark scenario (0). Winner’s
construction cost increases by 4.5%, corresponding to a $38,000 increase for a median-sized
project. This change is more significant than the change in counterfactual (1). In addition,
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we see a decrease in the number of entrants by 4.9% (equivalent to 0.15 entrants) and 11.1%
decrease in total entry costs.

In this counterfactual disclosure conveys information in two dimensions: entry status
and firms’ strength. Stronger firms are more likely to disclose their entry status, which
means that, in their efforts to deter entry from competitors, they relinquish not only their
information rents related to their private entry status but also those pertaining to their
construction costs. Unlike the scenario where information pertains solely to entry, this
additional information about construction costs reduces the auctioneer’s payment.

Another factor contributing to the decrease in the auctioneer’s payment is the coordi-
nation of entry among bidders. A situation that the auctioneer would want to avoid is
where bidders assign high probabilities to being the only entrant. With the availability of
the forum, firms can gain information about others’ entry intentions, resulting in a smaller
fraction of auctions featuring only one bidder compared to our benchmark case. We observe
that this fraction decreases by 3% due to the presence of the forum, in contrast to scenarios
where entry decisions are made independently.

Entrants would be placed into an asymmetric position in this counterfactual as well. Let
us consider the same example, there are two entrants X and Y: firm X has disclosed entry,
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while Y has not. From X’s perspective, uncertainty remains regarding Y’s entry status.
Moreover, X recognizes that Y is likely a relatively weaker firm, as stronger firms are more
prone to disclose their entry. On the other hand, Y is certain of X’s entry and holds a belief
that X is a relatively stronger firm. As a result, X is inclined to submit a weaker bid than
it would in a situation without any information, while Y is tempted to submit a stronger
bid. Therefore, this environment creates a larger gap in these firms’ bidding strategies,
which gives the firm with larger construction cost a greater chance of winning the auction.
Consequently, we observe a larger efficiency loss in the winner’s construction cost compared
to counterfactual (1).

In terms of entry, we observe a significant decrease in number of entrants and total entry
cost. With a decline in the auctioneer’s payment and an increase in the winner’s construction
cost, the overall value of entry diminishes in equilibrium. The upward pressure on payments
resulting from the decrease in the number of entrants is insufficient to reverse this trend.

In summary, the availability of this entry disclosure device-the Q&A forum—compels
firms to engage in deterring others’ entry through their disclosures. A key aspect of this
setup is that firms differ along a new type dimension: arrival time. When assigned a strong
type in this new dimension—meaning they arrive early—firms can effectively deter entry
from competitors through their disclosures. Consequently, we observe a loss in efficiency
regarding the winner’s construction cost, as factors beyond construction costs now influence
firms’ strategies at the bidding stage. Additionally, as firms relinquish their information rents
through disclosures to capitalize on their advantageous arrival time, auctioneer’s payment
decreases. Bernheim (1984) noted that the possibility of strategic entry deterrence has
ambiguous effects on market concentration in scenarios where firms sequentially arrive at
the market. In our setup, the entry disclosure device reduces the firms’ expected profit from
entry on average, leading to fewer entrants overall.

1.9 Conclusion

In this paper, we study how the option to disclose entry affects market outcomes by ana-
lyzing procurement auctions conducted by MDOT. We develop and estimate a model of a
procurement auction with costly entry, where firms sequentially arrive at the market and
make decisions on entry and disclosure. We present evidence that entry disclosure has two
competing effects: it enables a firm to deter entry from others; and remaining entrants bid
more aggressively in response to disclosures. Our analysis reveals that firms who disclose in
early periods benefit from disclosures, as the deterrence effect of disclosure dominates the
impact of more aggressive bidding from other entrants. On the other hand, late disclosures
are detrimental for the firms, as aggressive bidding by opponents becomes more pronounced.
We also document that early arrivals are relatively more valuable in our setting since the
firms can enjoy the gains from disclosures, even though firms have informational advantage
when they arrive late.

We then use our model to compare alternative platform designs. Compared to a scenario
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where the Q&A forum is shut down— thus eliminating entry disclosures—the auctioneer’s
payment is lower under the current Q&A forum. Entry behavior becomes more efficient,
as fewer firms choose to enter overall. However, this comes at the cost of efficiency in
terms of the winner’s construction cost. Thus, the auctioneer must carefully weigh this
trade-off when deciding whether to implement such a platform. Two key factors drive these
outcomes. First, the forum encourages early-arriving firms to disclose their entry status,
which also signals their strength. As a result, firms forgo some information rents, leading to
a reduction in the auctioneer’s payment. Next, the forum allows the firms to coordinate their
entry behavior, leading to a smaller fraction of auctions with few entrants. This coordination
further contributes to the reduction in the auctioneer’s payment.

Our analysis shows how transmission of information can alter market outcomes. We
demonstrate that even a simple Q&A forum can serve as a tool for agents to transmit
information strategically. Designing such a platform requires careful consideration, as it can
significantly impact the market designer’s objectives, such as welfare.
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Chapter 2

Identification and Estimation of
Dynamic Games with Unknown
Information Structure

2.1 Introduction

This paper develops a computationally tractable econometric framework for estimating em-
pirical dynamic discrete game models with weak assumptions on players’ information. Let

f:(0,85 =D (2.1)

describe the data-generating process under Markov perfect equilibrium, where © is the set
of structural parameters, S is the set of information structures, and D is the data (e.g., con-
ditional choice probabilities and state transition probabilities); the correspondence in (2.1)
reflects the possibility of multiple equilibria. The standard econometric approach obtains
the identified set by inverting (2.1) after assuming that the true information structure takes
a particular form, namely that players observe their payoff shocks but not their opponents’
(Rust, 1994; Aguirregabiria and Mira, 2007; Bajari, Benkard and Levin, 2007; Pakes, Os-
trovsky and Berry, 2007; Pesendorfer and Schmidt-Dengler, 2008; Bugni and Bunting, 2021;
Dearing and Blevins, 2024).!

However, assuming the true information structure is known to the researcher is far from
innocuous. While such an assumption has facilitated computationally tractable estimation
of dynamic games, researchers often have little evidence to defend the assumptions. Recent
works have documented that misspecification of players’ information may create substantial
bias in both static and dynamic settings (Fershtman and Pakes, 2012; Grieco, 2014; Pakes
et al., 2015; Aguirregabiria and Magesan, 2020; Syrgkanis, Tamer and Ziani, 2021; Gualdani
and Sinha, 2024; Magnolfi and Roncoroni, 2023; Koh, 2023). The information structure
misspecification problem appears especially serious in dynamic game settings because fewer

1See Aguirregabiria, Collard-Wexler and Ryan (2021) for a recent survey of the literature.
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informational assumptions have been entertained in econometric works; we are unaware of
an econometric framework that considers an alternative information assumption other than
Ericson and Pakes (1995). Unfortunately, attempts to invert (2.1) directly are likely futile
since the set of information structures is large and infinite-dimensional.

In this paper, we develop a tractable empirical framework for analyzing dynamic discrete
games while treating the underlying information structure as unknown to the analyst. We
assume that the researcher only knows minimal information available to the players but
remains agnostic about the possibility that the players might observe more signals.? The
framework typically yields a set of partially identified parameters robust to misspecification
on the information structure.

The main innovation of this paper is the development of Markov correlated equilibrium,
a dynamic (Markovian) analog of Bayes correlated equilibrium (Bergemann and Morris,
2016). We show that Markov correlated equilibrium can capture the set of Markov perfect
equilibrium predictions (the joint distribution of actions and states) that can arise when
the players might observe more signals than assumed by the analyst. We establish the
informational robustness property of Markov correlated equilibrium by formulating Markov
perfect equilibrium as the Bayes Nash equilibrium of the associated reduced one-shot game
via the one-shot deviation principle and invoking Theorem 1 of Bergemann and Morris
(2016).

We build on the theory of Markov correlated equilibrium and propose computationally
tractable approaches for estimation and inference. Roughly speaking, we prove

o1 = |J o1 (5), 22)

Ses

where ©MCF s the identified set of parameters after assuming that a Markov correlated
equilibrium generated the data, and ©MP E(S’ ) is the Markov perfect equilibrium identified
set when the information structure is assumed to be S. Directly inverting (2.1) requires
constructing the right-hand side of (2.2), which is computationally infeasible when S is
large. However, we show that constructing the left-hand side of (2.2) is computationally
tractable. In sum, treating the data as if they were generated by a Markov correlated
equilibrium enables an informationally robust econometric analysis. Identified set (2.2) is
usually non-singleton. We propose a computationally attractive strategy for estimation and
inference by formulating the estimation problem as mathematical programs with equilibrium
constraints (MPEC) (Su and Judd, 2012) and applying the inference strategy of Horowitz
and Lee (2023) by nesting the confidence set for the conditional choice probabilities into the
MPEC problem.?

ZNote that this assumption restricts the set of possible information structure S in (2.1). Our framework
allows S to span the entire set of information structures, but the corresponding identified set tends to be
large and uninformative. We focus on more restrictive sets in our empirical application.

3The standard estimation strategies for dynamic games are inapplicable (e.g., the nested fixed-point
algorithm of Rust (1987) or the conditional choice probability inversion of Hotz and Miller (1993)).
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We apply our framework to study the dynamic entry and exit decisions of Starbucks
and Dunkin’, the two largest coffee chains in the US. We estimate a tight identified set by
leveraging the large support idea of Tamer (2003). Specifically, we estimate the firms’ profit
parameters by identifying markets where they operate as single players and applying the
standard dynamic discrete choice estimation methods. Next, we estimate the competitive
effects parameters under a Markov correlated equilibrium assumption using the data from
the markets where the two firms compete. The single-agent profit parameters are point-
estimated, but the competitive effects parameters are set-estimated. We also estimate the
parameters under the standard incomplete information Markov perfect equilibrium assump-
tion.

Comparison between the estimates from the standard incomplete information Markov
perfect equilibrium assumption and our informationally robust Markov correlated equilib-
rium assumption suggests that the standard incomplete information assumption may be
misspecified. The estimates from the standard approach suggest Dunkin’ likes Starbucks’
presence, while Starbucks is not affected by Dunkin’s presence. However, the Markov corre-
lated equilibrium identified set shows that these conclusions are not robust to the misspeci-
fication of information structures. The Markov correlated equilibrium identified set does not
rule out both positive and negative spillover effects.

We also conduct a counterfactual experiment in which we cut the firms’ entry costs and
simulate the evolution of the number of active firms in our sample period. We consider two
parameter values that capture the opposite extremes of the Markov correlated equilibrium
identified set estimates. The two cases capture scenarios in which firm entry decisions are
strategic substitutes and complements. We find that the counterfactual outcomes can vary
widely depending on the true value of the competitive effects parameters (which we cannot
determine under the Markov correlated equilibrium assumption in the parameter estima-
tion). However, we find that for a fixed parameter value, informationally robust bounds on
counterfactual outcomes are tight, indicating that an information designer cannot affect the
outcomes much. These tight counterfactual outcome bounds occur because the competitive
effects parameters are small in absolute value, leaving the information designer with little
room to affect the firms’ decisions relative to the case where they operate as single agents
who do not account for the opponents’ entry decisions strategically.

Our work advances the literature on the econometric analysis of game-theoretic models
in several ways. First, we contribute to the dynamic games literature by developing a new
solution concept with attractive computational properties. Markov correlated equilibrium is
a natural extension of Bayes correlated equilibrium (Bergemann and Morris, 2013, 2016) to
a class of dynamic games that build on Maskin and Tirole (2001). While various versions of
correlated equilibrium in dynamic games have been studied (e.g., see Nowak and Raghavan
(1992), Dutffie et al. (1994), Solan (2001), Solan and Vieille (2002), Mailath and Samuelson
(2006), Von Stengel and Forges (2008), He and Sun (2017), Forges (2020) and the works cited
therein), our version is new as we extend Bayes correlated equilibrium to a class of dynamic
stochastic Markov games with incomplete information. Doval and Ely (2020) and Makris
and Renou (2023) also extend Bayes correlated equilibrium to dynamic environments, but
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our setting is different as we focus on a class of dynamic discrete games common in empirical
works.

This paper also contributes to the literature on misspecification-robust econometric analy-
sis of game-theoretic models. Our work is most closely related to the econometric frameworks
that pursue robustness to misspecification on information structure (Grieco, 2014; Pakes et
al., 2015; Syrgkanis, Tamer and Ziani, 2021; Magnolfi and Roncoroni, 2023; Koh, 2023; Gual-
dani and Sinha, 2024; Han, Kaido and Magnolfi, 2024). We contribute by developing a novel
framework for estimating a class of dynamic games, building on the aforementioned works
on the econometric analysis of dynamic Markovian games. Our work also relates to works
that develop econometric approaches for estimating incomplete models with multiple equi-
libria (e.g., Tamer (2003), Ciliberto and Tamer (2009), Beresteanu, Molchanov and Molinari
(2011), and Galichon and Henry (2011)) since our approach does not require an assumption
on equilibrium selection.

The rest of the paper is organized as follows. In Section 2.2, we define Markov correlated
equilibrium and establish a connection between Markov correlated equilibria and Markov
perfect equilibria in a class of dynamic games and discuss its properties. In Section 2.3, we
introduce an econometric model and discuss informationally robust identification. Section
2.4 proposes strategies for computing the identified set. Section 2.5 discusses our approach to
inference. Section 2.6 applies our framework to the dynamic entry/exit game by Starbucks
and Dunkin’ in the US. Section 2.7 concludes. All proofs are in Appendix B.1.

2.2 Theory of Markov Correlated Equilibrium

We consider a class of dynamic Markovian games that has been used as a standard frame-
work for empirical works. We introduce the concept of Markov correlated equilibrium for
informationally robust analysis and discuss its properties.

Setup

Let t = 1,2, ..., 00 denote discrete time. A stationary dynamic Markov game of incomplete
information is defined by a pair of basic game G and information structure S. A basic
game G = (Z, (A;, u;)iez, X, E,0, f,9) specifies the payoff-relevant primitives of the model:
i €T ={1,2,...,1} indexes the players; a;; € A; denotes player i’s action at time ¢, where
A; is a finite set of actions available to player i; a; = (a4, ...,an) € A = X;erA; denotes
an action profile; x; € X denotes a state variable that is publicly observed by the players,
and X is assumed to be finite; ¢, € £ denotes a latent state variable that is not directly
observed by the players, and £ is assumed to be finite?; e, |z, TEPTresents the players’ prior on

4The finite state space assumption is non-material and simplifies the notation. The assumption also
facilitates the transition from theory to econometrics since the state space will be discretized for feasible
estimation. There is no conceptual difficulty in extending the theory to a more general space; see Syrgkanis,
Tamer and Ziani (2021) and Magnolfi and Roncoroni (2023) for the case of Bayes correlated equilibrium.
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the probability of ¢; conditional on xy; fu,,,|a;e, SPecifies the probability of transitioning
to state x;41 conditional on (ay, x4, €¢); u; : A X X x € — R is the flow payoff function of
player i; § € [0, 1) is the players’ discount factor.

An information structure S = ((7;)iez, 7) specifies the information-relevant primitives;
Tt € T; denotes player ¢’s private signal at period ¢, where 7; represents a finite set of private
signals; 7, = (T4, ..., 71t) € T = XyerT; is a signal profile; 7 : X x € — A(T) is a signal
distribution that maps the state of the world to a signal profile. Note that players’ signals are
allowed to be correlated. The interpretation is that each player ¢ does not directly observe
the latent state e; but receives a private signal 7;; whose informativeness about ¢; depends
on 7.

The game (G, S) is common knowledge to the players. The model proceeds as follows. At
the beginning of period t, the common knowledge state x; € X is given and publicly observed.
Conditional on x;, the latent state e, € £ is drawn from the probability distribution 1.,
Next, a profile of private signals 7, = (714, ...,71¢) € T is drawn from the signal distribution
Trjarer- At this point, each player i observes (z¢, 7;;) and uses Bayes’ rule to infer ¢;,. Then,
the players simultaneously choose actions a;, ¢ = 1, ..., I, and each player ¢ receives period ¢
payoff u;(a;, x4, £;) € R. Finally, the observable state z; transitions to x;,1 via the probability
kernel fi, . |a2.6,- Given x,1q, period ¢ + 1 begins.

Note that the primitives imply that the transition probability of state variables factors
as Pr(@ii1, 1], T, €0) = Yoy |mps forinlasar,e.-  Assuming that the latent variables are
generated independently of the previous-period states is standard in the empirical literature.’
The assumption also plays a vital role in this paper as it simplifies the characterization of
correlated equilibria in dynamic settings.

The players are rational and forward-looking. In period ¢, each player i chooses action
plans to maximize the expected discounted sum of intertemporal payoffs

(o'¢)
]E|:Z 6s_tui(asa CE’S, 88)‘xt7 Tit | -

s=t

The conditioning on (x, 7;;) reflects the assumption that 7 observes the public state x; and her
signal 7;; before choosing period t action. Since the environment is stationary, we suppress
time subscripts unless necessary.

Example 1 (Two-player dynamic entry game). As a running example, we consider the
two-player dynamic entry/exit model of Pesendorfer and Schmidt-Dengler (2008), which has
served as a representative example in the literature (Egesdal, Lai and Su, 2015; Aguirre-
gabiria et al., 2021; Dearing and Blevins, 2024). We also adopt a similar model in our
empirical application. There are two players, i = 1,2. In each period, firms simultaneously

5When the latent variables are correlated over time so that information asymmetries become persistent,
computing the perfect Bayesian equilibria easily becomes intractable because the players need to keep track
of the entire history and apply Bayes rule for each contingent. See Fershtman and Pakes (2012) for a
discussion.
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decide whether to be active (a; = 1) or inactive (a; = 0). The per-period payoff is

(1 —aj)m™ 4+ apm® + (1 — zg)c+ey if ay =1

Zik ifa;; =0

(2.3)

Uz‘(ait, Ajty Zits 5it) =

Here, 7™, 7%, ¢, and & represent monopoly profit, duopoly profit, entry cost, and scrap value,

respectively. The public state variable is x; = (214, 29¢), where z;; represents whether firm
i is an incumbent (z; = 1) or not (z; = 0). The firms’ previous actions determine the
incumbency states as z;; = a;;—1. In empirical applications, x; usually contains additional
observable market characteristics. The latent state variable is e, = (e, €9;), where g;; €
& C R only enters player i’s payoff. Each ¢;; independently follows the standard normal
distribution.

Standard empirical dynamic discrete game models assume that each player observes ¢,
but not ¢ for j # ¢. Formally, 7; = &;, and the private signal is 7;; = ¢;; with probability
one. Alternatively, if the information is complete, players publicly observe ;, so T; = £, and
T4 = & with probability one.

Markov Perfect Equilibrium

A Markov strategy of player i is a mapping 3; : X x T; — A(A;) that specifies a proba-
bility distribution over actions at each realization of observable state and private signal.®
A strategy profile 5 = (B4, ..., 1) is a Markov perfect equilibrium if it is a subgame perfect
equilibrium.

To leverage the results in static games to a dynamic environment, it is useful to character-
ize the Markov perfect equilibrium conditions using the one-shot deviation principle.” The
one-shot deviation principle formulation has two advantages. First, we can leverage results
established in static environments as it translates a Markov perfect equilibrium as a Bayes-
Nash equilibrium of the associated normal-form game. Second, it facilitates equilibrium
computation during econometric analysis.

6The strategies are Markov in the sense that they are memoryless and depend only on the current state.
Although the standard Markov strategy assumption only allows players to condition on payoff-relevant state
(Maskin and Tirole, 2001), our definition allows players’ strategy to depend on signals that may be unrelated
to the fundamentals (e.g., a public correlation device under complete information), which is a consequence
of considering arbitrary information structures. However, our assumptions align with the spirit of Maskin
and Tirole (2001) because we rule out arbitrary strategies by requiring actions to depend only on signals of
a memoryless latent state.

"One-shot deviation principle states that a strategy profile is subgame-perfect if and only if no player
has an information set at which a one-shot deviation is profitable. A well-known sufficient condition for
the one-shot deviation principle for infinite-horizon games is the “continuity at infinity” condition, which
states that events in the distant future are relatively unimportant (Fudenberg and Tirole, 1991). Standard
dynamic discrete game frameworks satisfy the condition because the overall payoffs are a discounted sum of
per-period payoffs, and the expected stage payoffs that arbitrary strategies can attain are uniformly bounded
(even though the payoffs themselves might have unbounded support due to payoff shocks with unbounded
support).
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Suppose a strategy profile 5 = (B, ..., fr) is given. Define the ez-ante value function
V;B (x) € R as the expected payoff to player i at state = prior to the realization of £ when all
players follow the prescriptions in §. For each i € Z, Vf € R!*! is the unique solution to

V;ﬁ(x) - Z ¢E|$7TT|$ 6ﬁa|a: T{ul(a xZ, 5 +9 Z VB f$'|ax5} Vee X (24)

ee&,7€T ,acA r’'ex

where B, = Hilzl Bi(a;|x, ;) denotes the conditional distribution over action profiles in-
duced by the strategy profile 3. Next, define the outcome-specific payoff function given
strategy profile § as

v (a,x,€) = ui(a, z,¢) +5ZVB ) ferlazes

r’eXx

which represents the continuation payoff to player ¢ when (a, z,¢) is realized today, and all
players follow the prescriptions in £ from tomorrow onward.

A strategy profile 8 in game (G, S) induces a reduced normal-form basic game G# =
(Z, (.Ai,vf)iez, X,E,). Then (G”,S) describes a “static” game in which player i’s “static”
payoff function is given by v? A X X x & — R. The following lemma allows us to import
the results in static environments into dynamic environments.

Lemma 1 (One-shot deviation principle formulation of Markov perfect equilibrium). A
strategy profile B is a Markov perfect equilibrium of (G, S) if and only if 5 is a Bayes Nash
equilibrium of (G®,S).

Markov Correlated Equilibrium

We introduce a dynamic analog of Bayes correlated equilibrium for dynamic discrete games.
A stationary Markov decision rule in (G, S) is a mapping

o X xEXT = A(A),

which specifies a probability distribution over action profiles at each realization of state
and signals. It is instructive to think of ¢ as a recommendation strategy of an omniscient
mediator who observes (z,e,7) and privately recommends action to each player. Suppose
the mediator commits to a recommendation strategy ¢ and announces it to the players.
After the state and players’ signal (z,e,7) are realized, an action profile a = (ay, ..., ay) is
drawn from the probability distribution o, -, and each a; is privately recommended to
each player . Each player i, having observed (z, 7;, a;), decides whether to obey (play a;) or
not (deviate to a, # a;). If the decision rule o is such that the players are always obedient,
we call 0 a Markov correlated equilibrium of (G, S).

We formalize the equilibrium condition as follows. Let V;? € RI*! denote the vector of
ex-ante value functions induced by o, obtained as a unique solution to

‘/ig<x> - Z w8|$7r7'|a: aaa|xer{uz(a x, 5 +6 Z VU fx’|aza} Vr e X. (25)

ee€,7€T ,acA z'eXx
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Define the outcome-specific value function associated with o as
Uf(a,x,g) = ui(a,x,s) +0 Z V;U(x,)foc’m,z,au
r'eX

which represents the payoff to player i if (a,x,¢) is realized today and o determines the
players’ actions in the future. Let E7[vf (al, a_;, x, )|z, 7;, a;] be the expected payoff to player
i from choosing a; when i observes (z,7;) and receives recommendation a;. The following
definition states that o is a Markov correlated equilibrium of (G, S) if the players do not
deviate from the mediator’s recommendations.

Definition 1. A decision rule o is a Markov correlated equilibrium of (G, S) if for each
1€, ve X, €T, and a; € A;, we have

E7 (v (ai, a_, z,€) |z, 7y a;) > B [vf (a}, a_y, x, €) |z, 77, ag) (2.6)
for each a; # a; whenever Pr°(x,7;,a;) > 0.

Since

EO—['UZ‘(CNLZ',a_i,.T,g)ll',Ti,CLi] = Z U'L’U(dia a,_i,.Z',E)PI‘O—(E,Q_AJ?,TZ‘,CLZ')

E,a—j

- Z . ws|x7rrlx,saa|x,s,7-
= va<aiaaf—iax78>< T 5

2617—_7‘-7a_i ¢a|z7r7'\z,ao—a|x,a,r

g,a_4

canceling out the denominator, which is constant across all possible realizations of (&, 7_;,a_;)—
lets us rewrite the obedience condition (2.6) as, for each 4,

Z ws\xﬂ-ﬂm,aaa\x,e,frvg(a’ x, 5) > Z Q/Js\xﬂfr\;v,eo'am,sﬂ'vf(alia a_;, T, 5); \V/LL’, Tiy Qo CL;.
€, T—i,0—j E,T—i,0—;
(2.7)
Equation (2.7) serves as the operational definition of Markov correlated equilibrium in our
econometric analysis.

A Markov correlated equilibrium always exists. Nowak and Raghavan (1992) establishes
the existence of a stationary correlated equilibrium in a discounted stochastic game with
complete information under standard regularity conditions. We will show in the following
sections that the set of Markov correlated equilibria under arbitrary information structure
always includes a complete information stationary correlated equilibrium. Thus, the set of
Markov correlated equilibria is always non-empty.

Relationship to Bayes Correlated Equilibrium

As in Section 2.2, a decision rule ¢ in game (G, S) induces a reduced normal-form basic game
G? = (Z,(A;, v )iez, X, E,1). Then (2.7) shows that if o is a Markov correlated equilibrium
of (G,S), it is a Bayes correlated equilibrium of (G, S).
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Lemma 2 (One-shot deviation principle characterization of Markov correlated equilibrium).
A decision Tule o is a Markov correlated equilibrium of (G, S) if and only if it is a Bayes
correlated equilibrium of (G?,S).

When players fully discount the future (6 = 0), a Markov correlated equilibrium collapses
to a Bayes correlated equilibrium of the stage game: for each 1,

/ /
E 77be|a:7rr|m,ao-a\x,a,’rui(a7 z, 5) > § l/Je\xﬂ-fr\x,aO'am,a,Tui(a’iv a—i, T, 8)7 \V/I’, Tiy Qg, Gy

&,T—i,a—4 €, T—3,a—4

Thus, Markov correlated equilibrium is a proper dynamic analog of Bayes correlated equi-
librium.

Unfortunately, contrary to its static analog, the Markov correlated equilibrium conditions
are not linear with respect to the decision rule, which creates two challenges that are absent
in the static case. First, Markov correlated equilibrium is more difficult to compute. While
computing a Bayes correlated equilibrium amounts to solving a linear program, computing
a Markov correlated equilibrium generally requires solving a non-convex program. Second,
the set of Bayes correlated equilibria is convex, but the set of Markov correlated equilibria is
generally non-convex. The convexity of the set of Bayes correlated equilibria implies that a
mixture of multiple equilibria is observationally equivalent to a single equilibrium; Syrgkanis,
Tamer and Ziani (2021) and Magnolfi and Roncoroni (2023) use this property to stay agnostic
about the true equilibrium selection rule in the data generating process. However, since
Markov correlated equilibrium does not share this property, assuming a single equilibrium
selection rule is not without loss.

Informational Robustness

We establish the informational robustness property of Markov correlated equilibrium. Let
an equilibrium prediction refer to the joint distribution on actions, states, and signals that
are implied by either an equilibrium strategy profile or decision rule. We prove the following
claim.

Claim 1 (Markov correlated equilibrium is informationally robust). The set of Markov
correlated equilibrium predictions is equal to the set of Markov perfect equilibrium predictions
that can arise when players can observe more signals that are unknown to the analyst.

In the empirical application, we consider a scenario where the analyst knows that each
firm observes its firm-specific payoff shock but cannot rule out the possibility that they
receive some signals about opponents’ shocks. Claim 1 says that the analyst can capture
the set of all predictions that can arise in such a scenario by resorting to Markov correlated
equilibrium. Thus, as in Bayes correlated equilibrium, Markov correlated equilibrium attains
a form of informational robustness that allows the analyst to be agnostic about the players
observing additional signals after specifying players’ minimal information. We formalize
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Claim 1 by following Bergemann and Morris (2016)’s framework and connecting Markov
correlated equilibrium to Bayes correlated equilibrium via the one-shot deviation principle.

First, we introduce a partial order on the set of information structures using the notion
of ezpansion as in Bergemann and Morris (2016). Let w € Q = X x £ denote the state of
the world.

Definition 2 (Expansion). Let S = (T,7) be an information structure. Information
structure S* = (T*,7*) is an expansion of S, or S* Zp S, if there exists (T;)icz and
A QX T = A(T) such that T;* = T; x T; for alli € T and T o = TrlwAlw,r-

Intuitively, if S* =g S, the players receive extra signals in S* than they do in S. Specif-
ically, complete information (players observe the latent state e with probability one) is an
expansion of arbitrary information structure.

Next, we claim that if a strategy profile induces the same joint distribution over states
and actions as a decision rule, the two induce the same reduced normal-form games. Let S*
be an expansion of S. A strategy profile 8 in (G, S*) induces a decision rule o for (G, S) if

1
Oa|z,e,r = E /\ﬂx,a,‘r Hﬁi(ai|m77—i77~—i)7 VG,I,E,T.
FeT i=1

The strategy profile § in a game with more signals induces the same joint distribution over
actions, states, and signals as the decision rule ¢ in a game with fewer signals.

Lemma 3 (Identical reduced normal-form basic games). If 5 induces o, then the associated
reduced normal-form basic games, G® and G°, are identical.

Lemma 3 is intuitive: if # induces o, then § and o induce identical distributions over
action profiles at each state, so the associated ex-ante value functions must be identical to
each other, i.e., VA = V.?. Then, the outcome-specific payoff functions are also identical to
each other, i.e., vié = vJ, making all primitives of the basic games identical to each other.

Finally, a solution concept generates a prediction defined as a probability distribution
over actions at each state and signal. Let P%f 57 (G, S) represent the set of predictions that
can be induced by a Markov perfect equilibrium in (G,S).® Let P(%:CET (G,S) be defined
similarly for a Markov correlated equilibrium.

We are ready to state our main theorem. Suppose the analyst knows that the players
observe signals specified by S but does not know whether the players have access to extra
signals. What is the set of feasible Markov perfect equilibrium predictions? The following
theorem says that the set of Markov correlated equilibria of (G,S) captures all Markov

perfect equilibrium predictions when the players can observe more signals than in S.

7)MPE

alz,e,T

8We slightly abuse the notation and use (G, S) to denote a set of conditional distributions over

A defined at each (x,e, 7).
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Theorem 1 (Markov correlated equilibrium is informationally robust). For any basic game
G and information structure S,

PAE(G,S) = | PHE(G,59).

alze, alw,e,T
S*=pS

Theorem 1 is attractive because PMCE (G S) is far easier to characterize and compute

alz,e,T

MPE . : : : :
than J. S Pa‘mﬁ, the former does not require searching over the set of information struc-

tures. Note that when 6 = 0, Theorem 1 reduces to

PIE(G.S) = | PINE(G, S,

alz.e,m
S*=gS

which is analogous to Bergemann and Morris (2016) Theorem 1.

In empirical works, it is common to assume that the analyst observes the conditional
choice probabilities that represent the probability of each action profile at each state that
is observable to the econometrician. Thus, it is useful to characterize the implications of
Theorem 1 in terms of conditional choice probabilities. Let Pé“/fxp £ (@, S) denote the set of
feasible conditional choice probabilities that can arise under a Markov perfect equilibrium

of (G, S). Let P%CCE (G, S) be defined similarly.

Corollary 1. For any basic game G and information structure S,

PUE(G,8) = | PUFE(G,SY).

alz
S*=pS

As in the case of Bayes correlated equilibrium, if players observe more signals, the set of
Markov correlated equilibria becomes smaller. In other words, more information implies a
smaller set of Markov correlated equilibria.

Theorem 2. Let G be an arbitrary basic game. If S* =g S?, then P%SET(G, Sty C
PUCE (G, 52).

alz,e,m

Numerical Example

We continue Example 1 to illustrate the Markov correlated equilibrium identified set. The
true parameters in (2.3) are set to (7™, 7%, ¢, k) = (1.2,—1.2,-0.2,0.1), and we use the
discount factor 6 = 0.9. We generate data by finding a Markov perfect equilibrium under the
standard assumption that ; is private information to player i. Pesendorfer and Schmidt-
Dengler (2008) finds five equilibria, two of which are symmetric to other equilibria. We
report the conditional choice probabilities of equilibria (i), (ii), and (iii) of Pesendorfer and
Schmidt-Dengler (2008) in Table 2.1.7

9We use Dearing and Blevins (2024)’s MATLAB code to generate the equilibrium conditional choice
probabilities.
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Table 2.1: Probability of entry in three Markov perfect equilibria
B (i) (i)
P1 P2 P1 P2 P1 P2

Out/Out 0.733 0.276 0.615 0.528 0.576 0.576
Out/In  0.613 0.420 0.312 0.840 0.305 0.842
In/Out 0.800 0.223 0.831 0.303 0.842 0.305
In/In 0.752 0.294 0.606 0.578 0.595 0.595

Note: Each value represents the entry probability of each player at
each state. P1 and P2 represent player 1 and player 2.

To characterize the bounds on the game outcomes that can arise in a Markov correlated
equilibrium, we compute the Markov correlated equilibria that maximize and minimize the
expected number of active firms.'® Using the associated conditional choice probabilities, we
simulate the number of active firms over 7" = 6 periods, assuming that the initial state has
no incumbent, i.e., x; = (0,0).

[0}
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g 1.2
=
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c Pesendorfer and Schmidt-Dengler (i)
V03| Pesendorfer and Schmidt-Dengler (ii)
o Pesendorfer and Schmidt-Dengler (iii)
© Markov correlated equilibrium (max)
Q === Markov correlated equilibrium (min)
é 0.0 i 1 1 | | 1
1 2 3 4 5 6
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Figure 2.1: Average number of active firms over time

Figure 2.1 plots the simulated average number of active firms for 7" = 6 periods. Note that
the outcomes of Pesendorfer and Schmidt-Dengler (2008)’s three Markov perfect equilibria
are bounded by those of the Markov correlated equilibria. The Markov correlated equilibrium
bounds characterize the sharp bounds on the Markov perfect equilibrium outcomes that can
arise when players can receive information about the opponent’s payoff shock.!*

0Specifically, let ¢7(ay,az|r) be the conditional choice probability implied by decision rule o. The
expected number of active firms at state x is 0 ¢7(0,0]z) + 1 - (¢7(0, 1]x) + ¢°(1,0]x)) + 2 - ¢° (1, 1|x). We
find the Markov correlated equilibria that maximize and minimize the unweighted average over x.

1 An alternative interpretation is that the Markov correlated equilibrium bounds characterize the limits
to which an omniscient information designer who observes players’ information can manipulate the outcome.
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2.3 Informationally Robust Identification

In this section, we specialize the model for econometric analysis and discuss informationally
robust identification in dynamic discrete games using Markov correlated equilibrium.

Setup
Econometric Assumptions

To facilitate econometric analyses, we impose the following assumptions on the basic game

primitives. As commonly assumed in empirical works, we let € = (g1, €9, ...,£7) where ¢; € &;

only enters player i’s payoff and fu/q0c = fa'jaw, 1., the transition probability of public

state x is independent of latent state €. We assume that the payoff functions and the prior

distribution are parameterized by a finite-dimensional vector 6 so that u; = u¢ and ¢ = 1’
The econometrician observes data

{amt,Tme: m=1,2,... M, t=1,2,..,T},

which have players’ actions a,,; and common knowledge state variables x,,; across M inde-
pendent markets over 7' periods. We assume that M is large and that the conditional choice
probabilities ¢ : X — A (A) and the transitional probability function f : A x X — A (X)
can be non-parametrically identified from the data. Finally, we assume that the common
discount factor 0 € [0,1) is known to the econometrician. In sum, we treat the basic game
G’ = (T, (A, ul)icz, X,E,4°, f,5) as known to the econometrician up to 6.

We summarize the baseline assumptions for econometric analysis as follows.

Assumption 3 (Baseline assumptions for econometric analysis).

1. The set of covariates X and the set of latent states £ are finite.

2. The prior distribution 1° and the payoff functions u? are known up to a finite-dimensional
parameter 6.

3. The latent state is a vector of player-specific payoff shocks, i.e., ¢ = (e1,...,e1) and
uf (a,x,e) = u! (a,7,¢;), and does not affect the transition probability of public states,
i.6., fa:’\a,:t,s = f:r’\a,z'

4. The conditional choice probabilities ¢ : X — A(A) and the transition probability
function f: Ax X — A(A) are identified from the data.

The only “unconventional” assumption is that £ is finite. Although unnecessary for the
identification arguments, the discrete support assumption is necessary for feasible estimation
and makes the connection to the previous section straightforward. Other econometric papers
that use Bayes correlated equilibrium also discretize the state space for feasible estimation
(Syrgkanis, Tamer and Ziani, 2021; Magnolfi and Roncoroni, 2023; Gualdani and Sinha,



CHAPTER 2. IDENTIFICATION AND ESTIMATION OF DYNAMIC GAMES WITH
UNKNOWN INFORMATION STRUCTURE 95

2024). The player-specific payoff shock assumption, which is a conventional assumption,
makes the role of the latent state clear, but it is also not required for our identification
arguments.

Identified Set

Given a game (G?,S9), a solution concept determines a set of feasible predictions, which
in turn induces a set of feasible conditional choice probabilities. A standard econometric
approach is to assume that the information structure S is known and identify the model
parameters by inverting the mapping from the model parameters to the observed conditional
choice probability vector ¢.

Definition 3 (Identified set). Given Assumption 3, a solution concept SC, and an infor-
mation structure S, the identified set of parameters is defined as:

e ={0e0: PG S)}.

alz

In words, a candidate parameter 6 enters the identified set if the observed conditional
choice probabilities ¢ can be rationalized by some equilibrium (defined by the solution con-
cept) of the model.

Informationally Robust Identified Set

We consider a scenario where a Markov perfect equilibrium generates the data, but the true
information structure is unknown to the analyst; misspecifying the information structure
leads to biased parameter estimates. We assume that the analyst only knows that the
players minimally observe signals in S but may observe more. For instance, as assumed in
Magnolfi and Roncoroni (2023), the analyst might know that each player i observes at least
g; but does not know whether they can receive extra information about opponents’ payoff
shocks.

Assumption 4 (Identification under Markov perfect equilibrium). The data are generated
by a Markov perfect equilibrium of (G%,SY), where S° is an expansion of S.

It is well-understood that working directly with Assumption 4 is computationally infea-
sible; when the analyst knows S but does not know the true information structure S°, the
analyst has to consider the set of all information structures that are expansions of S, but
the set is too large. We can make the identification problem computationally feasible by
replacing Assumption 4 with the following.

Assumption 5 (Identification under Markov correlated equilibrium). The data are gener-
ated by a Markov correlated equilibrium of (Geo, S).

Theorem 3 (Equivalence of identified sets). The identified set under Assumptions 3 and /
is equal to the identified set under Assumptions 3 and 5.
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Theorem 3 says that an econometrician who does not know the true information structure
underlying the data-generating process can proceed by treating the data as if they were
generated by a Markov correlated equilibrium. Syrgkanis, Tamer and Ziani (2021), Magnolfi
and Roncoroni (2023), Koh (2023), and Gualdani and Sinha (2024) use similar results in
static settings. Theorem 3 extends the results to a class of dynamic games. Note that
a Markov correlated equilibrium identified set always includes the parameters that can be
obtained under the complete information Markov perfect equilibrium assumption with mixed
strategies (Ericson and Pakes, 1995; Doraszelski and Satterthwaite, 2010).

Properties of Informationally Robust Identified Set
Identified Set Shrinks with Stronger Assumptions on Players’ Information

The Markov correlated equilibrium identified set depends on the baseline information struc-
ture set by the analyst, which specifies what players minimally observe. Theorem 2 has shown
that a stronger assumption on players’ information leads to a tighter set of predictions. The
following translates this intuition to identified sets.

Theorem 4. If S' =g S?, then OMCE(SY) C @MCE(52),

Theorem 4 implies a trade-off between informational robustness and the tightness of the
identified set. Using weaker assumptions on information is more robust but increases the
size of the identified set. The econometrician obtains the tightest identified set when players’
baseline information is complete; the econometrician obtains the loosest identified set when
players minimally observe nothing about . Magnolfi and Roncoroni (2023) and Koh (2023)
have shown that fully robust identified sets (i.e., ones with no assumption on the players’
information) can be quite large and empirically uninformative.

Markov Correlated Equilibrium is Not Robust to Multiple Equilibria Issue

In the static case, assuming that a single Bayes correlated equilibrium generates the data is
innocuous because any mixture of Bayes correlated equilibria is a Bayes correlated equilib-
rium. However, this property does not carry over to the dynamic case because a mixture
of Markov correlated equilibria need not be a Markov correlated equilibrium. This occurs
because the Bayes correlated equilibrium obedience condition is linear in the decision rule
while the Markov correlated equilibrium obedience condition is nonlinear (non-convex) in
the decision rule. Thus, although we remain agnostic about the equilibrium selection rule,
we assume that the data are generated by a single equilibrium. Identification with data gen-
erated by multiple equilibria is possible (e.g., by using Beresteanu, Molchanov and Molinari
(2011)) but far more computationally challenging.
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Excluded Variables with Large Support Ensure Point-Identification

While the tightness of the identified set is largely an empirical question, the identified set can
shrink substantially when excluded variables have large support. Magnolfi and Roncoroni
(2023) prove that players’ payoff parameters are point-identified under Bayes correlated
equilibrium when there are player-specific excluded variables with large support.'? Consider,
for example, a two-player entry game. Driving a variable that enters only player j’s payoff
to either positive or negative infinity ensures that the player always stays in or stays out,
rendering the other player’s decision problem a single-agent binary choice problem. The
econometrician can use the single-agent data to identify the payoff parameters, including the
competition effect parameters (Tamer, 2003). The same intuition holds in the dynamic case:
in markets where one player always stays in or out, the other player solves a single-agent
dynamic discrete choice problem while taking the other player’s action as fixed. The players’
payoff parameters can be estimated using the single-agent dynamic discrete choice data.

In our empirical application, we leverage the intuition from the large support strategy.
We can identify many local markets where one of two firms is highly unlikely to enter so
that we can exclude the firm as a potential entrant. Then, the other firm is solving a single-
agent dynamic discrete choice problem, which is not subject to the identification problem
associated with the econometrician not knowing the true information structure underlying
the strategic interactions.!®> Thus, we can apply the standard single-agent dynamic discrete
choice estimation methods to identify the parameters that govern the single-agent dynamic
decision problem.'* After estimating the “single-agent” parameters, we can use the Markov
correlated equilibrium to identify the competitive effects parameters. This estimation strat-
egy that mimics the large support strategy helps us shrink the identified set dramatically.

Numerical Example

Following Pesendorfer and Schmidt-Dengler (2008), we assume that the econometrician
knows the values of the scrap value k = 0.1 and the discount factor § = 0.9. However,
instead of assuming that the researcher knows the information structure exactly, we assume
that the researcher only knows that ¢ minimally observes ¢; and leaves open the possibility
that 7 receives extra signals about ¢_;.

Table 2.2 reports the projection intervals of the Markov correlated equilibrium identified
sets obtained under each equilibrium. In all cases, the Markov correlated equilibrium identi-
fied set contains the true parameter vector, as expected. However, the size of the identified
set can vary depending on which equilibrium generated data. We find that the Markov
correlated equilibrium identified set obtained from equilibrium (i)—which is the only nested

12Parameter governing the correlation of players’ payoff types may not be point-identified.

13Specifically, we assume that each firm observes its &; but allow for the firms to observe arbitrary signals
about ;. However, if firm ¢ knows j always stays out, then ¢; is payoff-irrelevant to firm ¢ under our
econometric assumption.

14\We cannot apply this idea to identify the competitive effects parameters since we cannot identify markets
where one of two firms is always present.
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pseudo-likelihood-stable equilibrium and generates highly asymmetric choice probabilities
across players—is the tightest.!”> The identified sets under equilibria (ii) and (iii) are in-
distinguishable because the equilibrium conditional choice probabilities are similar to each
other.

Table 2.2: Markov correlated equilibrium identified sets

True (i) (i) (i)
™ 12 [0.93,1.83] [0.88,2.52] [0.88,2.52]
md 1.2 [-1.87,—1.01] [-3.16,—0.65] [—3.16,—0.65]
¢ -02 [-051,037] [-0.67,1.02] [~0.67,1.02]

Note: The table reports the projections of the Markov correlated equi-
librium identified set assuming that the data were generated from Pe-
sendorfer and Schmidt-Dengler (2008)’s Markov perfect equilibrium (i),

(ii), or (iii).
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Figure 2.2: Projections of the identified set

Figure 2.2 visualizes the results by plotting the convex hull of the sharp identified set cor-
responding to equilibrium (ii). In each subfigure, the shaded area represents the convex hull
of the projected identified sets, and the star represents the location of the true parameters.
As expected, the identified set is non-singleton and contains the true parameter.

Our numerical example shows that a strong assumption on information is far from innocu-
ous: removing arbitrary assumptions on who observes what may result in a significant loss of
identifying power. Robustness to misspecification on players’ information structure expands
the identified set, but the degree to which the identified set expands can vary depending

15The nested pseudo-likelihood-stability has been the subject of investigation in the dynamic games
estimation literature (see Dearing and Blevins (2024) for a review). Equilibrium (i) is nested pseudo-
likelihood-stable while equilibria (ii) and (iii) are not. Our Markov correlated equilibrium estimator is not
sensitive to the nested pseudo-likelihood-stability of the underlying equilibrium.
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on which equilibrium is selected in the data generating process. Our framework provides a
computationally feasible approach to calculating the sharp identified set associated with a
weak assumption on players’ information.

2.4 Estimation

We propose computationally feasible estimation strategies by formulating a mathematical
program with equilibrium constraints a la Su and Judd (2012). We assume the econometri-
cian knows the true conditional choice probability vector ¢ (we relax this assumption in the
next section). We also assume that the baseline information structure S is fixed and denote
the sharp identified set as ©; = OMCE(S).

Mathematical Program

For a candidate parameter 6, we have 6 € Oy if and only if there exists a decision rule o that
satisfies the Markov correlated equilibrium obedience conditions and induces the observed
conditional choice probabilities. We characterize the Markov correlated equilibrium as a set
of constraints that the econometrician can plug into optimization software.

Theorem 5 (Sharp Identified Set). Suppose Assumption 3 holds. Then 0 € O if and only
if there exists a pair (o,V') that satisfies

Oglaer = 0 for each a and ZUQW:&T =1, Vo, e, T (2.8)
a
¢a\x = Z w6|$7r7'|$,80-a|£67677'7 \V/CL, X (29)
e,T

0 .

Z 17/}€|:E7TT|1',EO-G,|CE,E,T@U'L (aga a, x, gi) S 07 VZ, T, T;, Qy, a; (210)

E,T—i,0—q

0 .

V;,x = Z ¢5|x7r7'|:c,so-a\m,5,7ui (CL, z, 872) +0 Z ¢a\x‘/2,x’fx’\a,x7 \V/Z, z (211)

&,7,a a,x’

where v?(a, z,e;) = ul(a, &) + 0> Viar faran 15 the outcome-specific value function, and
ovl(al,a,x,e;) = v (al,a_i,x,6;) — vl (as,a_y, w, ;) represents the deviation payoff from a; to
/

Constraints (2.8) mean that o is a proper conditional probability distribution, as required
by the definition of a decision rule; (2.9) requires that o induces the observed conditional
choice probabilities ¢; (2.10) is the Markov correlated equilibrium obedience condition; (2.11)
is the ex-ante value function equation described in (2.5) but one that makes the equation
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linear in (o, V') by imposing (2.9).'% Note that ¢, 7, ¢, §, and f are treated as known objects
in the mathematical program.

Theorem 5, which casts the identification problem as a nonlinear feasibility program,
provides a basis for estimating ©;. First, one may approximate ©; by checking feasibility
for a large number of candidate points that approximate the parameter space. This approach
is straightforward but may be computationally intensive.!” Second, one may find a projection
interval of ©; by minimizing p'#@ subject to the constraints above, where p € RI™©) ig a
direction vector (see, e.g., Kaido, Molinari and Stoye (2019)).'® The projection approach
alleviates the need for a grid search over the entire parameter space but can be numerically
difficult.

Fully Robust Identified Set

In the special case where the analyst sets the baseline information structure to players having
no minimal signals, S™, the corresponding identified set— “fully robust identified set”—
allows for the underlying information structure to be completely arbitrary. It turns out that
determining whether a candidate parameter enters the fully robust identified set is computa-
tionally easier because the associated program is linear. Since @MCF(S) C @MCE(gnull) for
any information structure .S, the analyst can take advantage of the computational tractability
to restrict the search area.

Theorem 6 (Fully Robust Identified Set). Suppose 3 holds. § € ©MCE(S™) if and only if
there exists (o, V') such that

Oglze > 0 for each a and Zaamg =1, Ve

¢a|x = Z¢a|xaa|x,ay Va, X (212)
€

Z ¢5|Iaa‘$758u?(a;7 a,x, gi) +0 Z ¢a|x‘/;,m’afx’\a;,a,m < O, VZ, Z, a;, CL; (213)

£,a—; a_;,x’

‘/i,x = Z w€|xaa|z,au?(a7 xZ, 51’) -+ 1) Z ¢a\x%,x’fz’|a,m7 VZ, x (214)

where Oul(a}, a,x,¢;) = ul(al,a_s, 7, &) — ul(a,x, &) represents the deviation flow payoff
from a; to aj, and Ofyatae = forlalase — farlaw 15 the change of the transition probability
from a; to a.

6Note (2.11) also allows us to express each V; as a closed-form function of o. This is similar to expressing
the ex-ante value function as a closed-form function of conditional choice probabilities in Aguirregabiria and
Mira (2007).

ITTn practice, it is useful to transform the feasibility program—which only provides a binary conclusion—
into one that measures the degree of constraint violations, e.g., a criterion function approach of Chernozhukov,
Hong and Tamer (2007).

8For example, p = (1,0, ...,0) and (—1,0,...,0) give the endpoints of ©;’s projection interval in the first
component of 6.
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The expressions above reflect the assumption that the players receive no signals about the
latent state €. They only rely on their common prior to update their beliefs after observing
private recommendations by the information designer. Since the constraints in Theorem 6
are linear in (o, V'), checking whether a candidate 6 enters the fully robust identified set
amounts to solving a linear program.

2.5 Inference

The inference problem in this paper is characterized by a moment inequality model with a
large number of moment inequalities and a high-dimensional nuisance parameter, making it
difficult to apply many inference methods for partially identified models.'® Inference methods
used by Syrgkanis, Tamer and Ziani (2021), Magnolfi and Roncoroni (2023), and Gualdani
and Sinha (2024) (e.g., Chernozhukov, Hong and Tamer (2007)’s subsampling approach)
are computationally challenging to implement in our setting because the Markov correlated
equilibrium constraints are non-convex.

We propose a computationally attractive strategy for inference based on the key insights
from Horowitz and Lee (2023).2° Our approach is intended to minimize the need for re-
peatedly solving non-convex optimization problems. For simplicity, let us assume that the
transition probability function is known to the researcher. However, an extension to the case
where f needs to be estimated is straightforward. Our approach is also applicable to Bayes
correlated equilibrium.

In our setting, the sampling errors are only associated with the reduced-form parameters,
namely the conditional choice probabilities (CCPs) ¢. If ¢ is known, the identified set can
be estimated without statistical uncertainty. Thus, we propose controlling for the sampling
uncertainty using a confidence set for the CCPs.?!

Confidence Set

Suppose P, is a confidence set for the CCPs ¢ with the property that ¢ € ®, with probability
at least 1 —« as the sample size n goes to infinity. Leading examples of ®, are box constraints
or ellipsoids. Let ©;(¢) be the identified set when the CCPs are ¢. Define the confidence

set as N
= U ©1(¢).

PEPq

19See Canay and Shaikh (2017) and Canay, Illanes and Velez (2023) for recent surveys of the inference
methods for partially identified models.

20Koh (2023) uses a similar approach in static discrete games settings.

2'Horowitz and Lee (2023) proposes methods for carrying out (non-asymptotic) inference when the par-
tially identified parameters are characterized by constraints that involve unknown population means that can
be estimated from data. Our approach follows their insights in treating the CCPs as unknown parameters
that determine the partially identified set. A similar insight has been employed by Kline and Tamer (2016),
who propose a Bayesian approach.
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If &, covers the true ¢ with high probability, then @? covers the true ©; with high
probability. Furthermore, checking whether § € ©¢ amounts to solving a nonlinear program

in Theorem 5, but with ¢ as part of the optimization variables subject to the constraint
o€ d,.

Theorem 7. Let &, be a confidence region for ¢ such that
liminfPr (¢ € ®,) > 1 —a.

n—o0

Then R

lim infPr (61 c @?> >1-a.

n—oo
Moreover, 6 € (:)? if and only if there exists (o,V, ¢) subject to ¢ € ®,, (2.8), (2.10), and
(2.11).

Implementation

We briefly discuss possible approaches for constructing ®,. While there are many possible
approaches available, it is helpful to construct ®, as linear constraints because they are
computationally easy to handle. For example, one can construct simultaneous confidence
intervals of the form

P = {¢ : Laje < bale < Ul Va,x}

where the vectors [:, U € RMIXIX| are determined by data. Examples include simultaneous
confidence intervals for multinomial probabilities proposed by Fitzpatrick and Scott (1987)
or sup-t band by Montiel Olea and Plagborg-Mgller (2019); the former is easier to compute
since the endpoints of the intervals can be computed in closed-form, but the latter can be
tighter.

An alternative is to take a parametric approach.?®> Suppose ¢ = ¢(7), where ~ is the
parameter vector that governs the CCPs. One may estimate v and construct simultaneous
confidence intervals of the form

®5{7:£k§7k§Uka Vk}

where L, U € R0 can be computed using the asymptotic distribution of 4. One may also
consider replacing ¢ with its linear approximation ¢(v) ~ ¢(5) + Vo(9) " (y — 4) to further
simplify the computation. In the identified set search, we also add the constraints defining
¢ as proper conditional distributions, i.e., ¢q, > 0, Va,z, and ) ¢qe = 1, Va.

22When the number of observations is small relative to the dimension of observable covariates, estimating
CCPs nonparametrically can be challenging. For example, there might be a covariate bin with no data
points. Employing a parametric approach can alleviate this challenge. In particular, a flexibly-specified
multinomial logit model can be useful. While such an estimator is generally inconsistent because of model
misspecification, it has a lower variance than nonparametric frequency estimates and, thus, may perform
better in small samples. Aguirregabiria and Mira (2007) test a similar approach for implementing the
two-step pseudo maximum likelihood estimation and report that it works quite well.
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2.6 Empirical Application

We study a dynamic entry game by Starbucks and Dunkin’ in the US and illustrate the
usefulness of our framework.

Background

The US coffee chain industry has grown significantly in recent decades due to the growing
demand for specialty coffee and the rise of a culture emphasizing quality, convenience, and
socialization. The coffee chain industry is highly competitive, with companies competing
for market share through pricing, product differentiation, marketing strategies, and in-store
service. In particular, Starbucks and Dunkin’ have grown to be the two largest players in the
industry, significantly outpacing other competitors by a wide margin. In 2019, Starbucks and
Dunkin’ accounted for 65% and 28% (resp. 55% and 35%) of total sales (resp. outlets) from
the top 8 coffee chains in the US (Technomic, 2019).%* Figure 2.3 shows that the number of
Starbucks and Dunkin’ stores in the US increased dramatically from 1997 to 2023. Figure
2.4 illustrates how the firms dramatically expanded their geographic footprint over time.
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Figure 2.3: Number of Starbucks and Dunkin’ stores in the US over time

Little is publicly known about how coffee chains predict opponents’ strategic entry de-
cisions. It is reasonable to expect that firms have good information about their stores’
(potential) profitability. Still, less is known about how firms learn about their opponents’
profitability. Resorting to the standard “incomplete” information assumption—firms observe
their payoft shocks but observe nothing about their opponents’ shocks—will likely result in
a model misspecification. Whether this misspecification is an empirical concern depends on
how much it may change the structural estimates and counterfactual outcomes. We apply
our Markov correlated equilibrium framework to estimate the parameters and conduct a
counterfactual experiment with weaker assumptions on players’ information.

23Starbucks and Dunkin’ outperform other chains by a significant margin. The third and fourth chains
were Tim Hortons and Dutch Bros., which accounted for 2.2% and 1.7% (resp. 2.6% and 1.3%) of the sales
(resp. outlets) out of the top 8 chains.
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Figure 2.4: Growth of Starbucks and Dunkin’

Data

Our primary dataset is Data Axle’s U.S. Historic Business Database, which has annual
location information of all business establishments in the U.S. from 1997 to 2023. We define
markets as four-digit 2010 census tracts.?* Our geographic market definition assumes that
coffee chains compete in small geographic areas.?> We supplement the firm-location data
with the demographic/geographic data from the Longitudinal Track Data Base (Logan, Xu
and Stults, 2014) and the neighborhood characteristics data from the National Neighborhood
Data Archive. We limit our sample period to 2003-2017 to match the sample period of the
neighborhood characteristics data. We define a firm as a potential entrant in each market
if it ever operated an outlet in the market or had at least one outlet in the corresponding
county and adjacent markets during the sample period.

Table 2.3 reports the summary statistics. Our final sample comprises a balanced panel
of M = 35,686 tracts observed over T' = 15 years. Starbucks and Dunkin’ are defined as
potential entrants in 83% and 71% of the markets. The firms are active in 15% and 12% of the
observations, respectively. Entries and exits are rare (around 1% for entry and 0.2% for exit),
indicating a high correlation in the incumbency status. The number of eating places is the key
common market characteristic that controls for the overall market attractiveness (customer
traffic increases with the number of food establishments in the neighborhood). Finally, we

24Four-digit census tracts are census-defined geographic units that are contiguous and strike a balance
between county (which is too large) and six-digit census tracts (which is too small).

2 Guler (2018) shows that demand for Starbucks is highly localized. Thomadsen (2005) shows evidence
that only fast-food chains within approximately 0.5 miles—which amounts to 10 minutes walking distance—
compete as close substitutes in California; it is likely that coffee consumers travel even less.
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use own-chain outlets in the county and adjacent markets as firm-specific excluded variables
that capture the network effects associated with economies of density (Guler, 2018).

Table 2.3: Summary statistics of 35,686 coffee chain markets from 2003 to 2017

Variable Mean  Median Std. Dev. Min Max
Potential Entrant
SB is player 0.831 1 0.375 0 1
DK is player 0.708 1 0.455 1
Entry/Ezit Decisions
SB is active 0.151 0 0.358 0 1
DK is active 0.122 0 0.328 0 1
SB entered 0.012 0 0.107 0 1
DK entered 0.007 0 0.086 0 1
SB exited 0.002 0 0.043 0 1
DK exited 0.002 0 0.043 0 1
Market Characteristics
Number of eating places 16.508 9 26.667 0 910
SB outlets in county 1021.233 252 2127.375 0 10923
DK outlets in county 668.877 107 1346.954 0 7050
SB outlets in adjacent markets 1.733 1 3.413 0 108
DK outlets in adjacent markets 1.109 0 2.142 0 41

Note: SB and DK stand for Starbucks and Dunkin’.

Model

Our model follows the standard dynamic oligopoly entry/exit model with heterogeneous
firms (Aguirregabiria and Mira, 2007; Pakes, Ostrovsky and Berry, 2007; Pesendorfer and
Schmidt-Dengler, 2008). In each market m and time period ¢, firm i decides whether to
operate in the market (a;,; = 1) or not (a;,; = 0). An active firm’s flow profit is

0 T
U; (aimt = 17 Aimts Tmt, Eimt) = eiﬂuwmt + gi,ec(l - Zimt) + ei,ceajmt + Cimt-

Here, public state x,,; includes two components, observable market characteristics w,,; and
incumbency status Zin: = Qimi—1. Wme includes a constant, (log) number of eating places,
(log) own-chain outlets in the county, and (log) own-chain outlets in adjacent markets.
Parameters 6, ,, 0; .., and 0, . represent coefficients on market characteristics, entry cost,
and competitive effects, respectively. Finally, €;,,; is the idiosyncratic per-period payoff shock
assumed to be independently drawn from the standard logistic distribution. We set the flow
payoff from being inactive to zero.2® We assume the agents take the market characteristics as

26Normalizing the flow profit from the outside option to zero is not without loss of generality for coun-
terfactual analysis (Aguirregabiria and Suzuki, 2014; Kalouptsidi, Scott and Souza-Rodrigues, 2017, 2021;
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exogenous and fixed over time. The state transition is deterministic since the only dynamic
state variable is the incumbency status, determined by the firms’ actions in the previous
period.

Estimation Strategy

Baseline Information Structure. We estimate the Markov correlated equilibrium iden-
tified set assuming that the players observe at least their idiosyncratic shocks &;,;. Our
identified set is robust to the assumption that the players may observe more information
about opponents’ payoff shocks before making decisions.

Single-Agent Dynamic Discrete Choice Estimation. We leverage the intuition from
the literature that having excluded variables with large support can substantially tighten
the identified set (Tamer, 2003; Magnolfi and Roncoroni, 2023). Recall that our definition
of potential entrant requires that a firm has had at least one outlet in the county during the
sample period. In markets where a firm did not operate even a single outlet in the relevant
county, the firm is highly unlikely to enter.?” In markets where Dunkin’ (resp. Starbucks)
is not a potential entrant, Starbucks (resp. Dunkin’) solves a single-agent dynamic entry
problem. The econometrician can then apply single-agent discrete choice estimation methods
to identify the payoff parameters except the competition effects parameters. We apply the
two-step pseudo-likelihood method.

Markov Correlated Equilibrium Estimation. We then use data from markets in which
both firms are players to estimate the competitive effects parameters via our Markov cor-
related equilibrium framework outlined in Section 2.5.2% We estimate the first-stage CCPs
using flexible logit.?? We construct simultaneous confidence intervals for CCPs with a plug-in
sup-t implementation (Montiel Olea and Plagborg-Mgller, 2019).3° We estimate a criterion
function Q(f..) that measures the degree of violation in the Markov correlated equilibrium
obedience condition (2.10) for given competitive effects parameters ... We construct identi-
fied set estimates by collecting 0., that satisfies the estimated Q(6..) < ¢ for a small threshold
¢ > 0. We use non-zero ¢ to accommodate misspecifications in the structural and first-stage
CCP logit models. The identified set estimates are more conservative as we use a larger c.
We do not incorporate sampling error associated with the first-stage single-agent dynamic

Aguirregabiria, Collard-Wexler and Ryan, 2021). We show that our counterfactual experiment of reducing
a proportion of entry cost is equivalent to providing an entry subsidy equal to the same proportion of the
entry cost net of scrap value without this normalization in Online Appendix B.2.

ZTFormally, let Z;,,,+ represent the log of the number of firm j’s outlets in the county. Suppose that
is excluded from i’s payoff functions and that j’s payoff is increasing in Z;,,;. Then markets in which firm j
operates no outlet in the county has %+ = log0 = —oo, naturally satisfying the large support assumption.

28 Aradillas-Lopez and Rosen (2022) also takes a similar two-step approach in static ordered-response
games setting. The authors point-identify the non-competitive effects parameters and use the estimates to
set-identify the competitive effects parameters.

29Nonparametric estimation is infeasible since observations do not exist in some covariate bins.

30We use the covariance matrix for CCPs estimated by bootstrapping at the market level in the plug-in
sup-t implementation.
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discrete choice estimation, so a larger ¢ may prevent us from making identified set estimates
too tight.

We also estimate the parameters under the standard incomplete information Markov
perfect equilibrium assumption for comparison. We set the discount factor to 6 = 0.9. We
discretize each continuous variable into two bins by grouping the observations above and
below the median and replacing the values with within-bin means.

Estimation Results

Table 2.4 reports our estimation results. Column MPE reports the estimates from the
standard incomplete information Markov perfect equilibrium assumption. The competitive
effects parameter estimates suggest the presence of Starbucks has a positive spillover effect on
Dunkin’, while the presence of Dunkin’ does not affect Starbucks’ profitability. The market
characteristics coefficient estimates show positive effects of attractive markets on profitability
and economies of density. The entry cost estimates are quite large compared to the other
parameter estimates, which rationalizes the low entry probability.

Table 2.4: Structural parameter estimates

MPE MCE
Estimate 95% CI Estimate 95% CI

Starbucks

Intercept —0.010  [-0.032,0.018] —0.014  [-0.045,0.027]

Log eating places 0.128 [0.122,0.135] 0.130 [0.123,0.138]

Log outlets in county  0.004 [0.002, 0.007] 0.008 [0.005,0.013]

Log adjacent outlets 0.060 [0.054,0.067] 0.053 [0.041, 0.063]

Entry cost ~8.064 [-8.155,-7.976] —8.115 [-8.263, —7.984]

Competitive effect 0.011 [—0.001, 0.024] - [—0.056, 0.096]
Dunkin’

Intercept 0.011 [—0.010, 0.035] 0.149 [0.105,0.183]

Log eating places 0.071 [0.065,0.077] 0.076 [0.066, 0.086]

Log outlets in county  0.018 [0.016, 0.020] 0.016 [0.012,0.023]

Log adjacent outlets 0.083 [0.075,0.092] 0.001 [—0.015,0.016]

Entry cost 8106 [-8.194,-8.012] —8.543 [-8.692, —8.395]

Competitive effect 0.084 [0.071,0.098] - [—0.098,0.132]

Note: Parameters excluding the competitive effects parameters in column MCE are obtained us-
ing single-agent discrete choice estimation using data where the firms operate as single players. The
Markov correlated equilibrium identified set for the competitive effects parameters does not account
for sampling error associated with first-stage single-agent dynamic discrete choice estimations. Con-
fidence intervals (CIs) are bootstrapped with resampling at the market level.
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Column MCE reports the estimates from our Markov correlated equilibrium framework.
The Markov correlated equilibrium identified set estimates of the competitive effects sub-
sume their confidence intervals under the standard incomplete information assumption in
column MPE and do not allow us to determine the signs for both firms. The parameter
estimates from the single-agent dynamic discrete choice estimation are similar to those re-
ported in column MPE, but the confidence intervals do not overlap for some parameters. The
discrepancy of these parameter estimates can be attributed to either misspecification in the
information structure of the standard incomplete information assumption or the differences
in the parameters underlying separate segments of the markets.3!

Counterfactual

As a counterfactual experiment, we reduce each firm’s entry cost by 40% and study how the
number of active firms evolves beginning from 2003. We consider two competitive effects
parameter values: lower and upper bounds of their estimated identified set in column MCE
of Table 2.4. The lower bounds represent the most extreme case of strategic substitutes
because both firms lose their profits most due to the competitor’s presence. The upper
bounds are the other extreme of strategic complements, as both firms benefit most from the
competitor’s presence. By considering the two extremes, we can investigate the bounds of
counterfactual outcomes that can arise. We fix the parameters other than the competitive
effects at their two-step pseudo maximum likelihood estimates in column MPE of Table 2.4.

At each candidate parameter, we find Markov correlated equilibria that maximize and
minimize the expected number of active firms. The expected number of active firms at
state z is 0 X ¢(0,0[x) + 1 x (¢(0, 1|x) + ¢(1,0|z)) + 2 x ¢(1, 1|z), where ¢(ay,as|x) is the
equilibrium CCPs. We take an unweighted average over = to obtain the (unconditional)
expected number of active firms. We use the equilibrium CCPs to simulate the evolution of
active firms. We allow the information structure in the counterfactual equilibrium to vary
from the equilibrium in the estimation.?

Figure 2.5 plots the counterfactual results. The black curve shows the evolution of active
firms in the markets using the CCPs estimated from the data. The blue curves represent the
bounds on counterfactual outcomes at the most strategic substitute case. The red curves
represent the bounds on counterfactual outcomes at the most strategic complement case.
As expected, the strategic complement case has a higher number of active firms than the
strategic substitute case because the presence of opponents boosts firms’ profits when entries
are strategic complements.

Figure 2.5 reveals that the counterfactual outcomes are not sensitive to assumptions
on information structure in the counterfactual equilibrium. The differences between the
maximum and minimum expected number of active firms are tight for a given set of parameter

31We do not provide a formal test of misspecification in the information structure. See Han, Kaido and
Magnolfi (2024) for a related test in the Bayes correlated equilibrium context.

32We do not apply the methodology of Bergemann, Brooks and Morris (2022), which shows how to
conduct counterfactual analysis with information structure fixed at the pre-counterfactual equilibrium.
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Figure 2.5: Firm entries in counterfactual equilibria

values. The region between the maximum and minimum includes the expected numbers of
active firms arising from any Markov perfect equilibrium when the players minimally observe
their payoff shocks and may observe more information about opponents’ payoff shocks. Thus,
the tight counterfactual outcome bounds indicate that the ability to obtain more information
about opponents’ payoff shocks has little impact on the outcome. The small competitive
effects parameters (in absolute values) can explain the tight counterfactual bounds. If the
competitive effects are null, then the firms do not care about the opponents’ behavior, and
there is no room for an information designer to affect the outcomes. Here, the competitive
effects parameters range between —0.10 and 0.14, which is small considering the standard
deviation of the idiosyncratic payoff shock (the standard deviation of the standard logistic
random variable is y/72/3 & 1.81). Thus, the degree to which the outcomes can vary
in counterfactual Markov correlated equilibrium depends largely on the competitive effects
parameter values.

2.7 Conclusion

In this paper, we have studied the identification, estimation, and counterfactual analyses of a
common class of dynamic games for empirical analysis, assuming the researcher knows some
minimal information available to players. To facilitate informationally robust econometric
analysis of dynamic games, we have defined Markov correlated equilibrium, a dynamic analog
of Bayes correlated equilibrium, and studied its properties. We have discussed new challenges
that arise in dynamic environments and proposed practical solutions. We have applied our
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proposed method to study the dynamic entry and exit decisions of the two largest coffee
chains in the US.

We conclude this paper with a discussion of future research directions. First, we think
further refinement of Markov correlated equilibrium (and thus Bayes correlated equilibrium)
will attract larger interest from empiricists. The type of informational robustness offered
by Markov/Bayes correlated equilibrium admits too many possibilities. Markov correlated
equilibrium identified sets and counterfactual outcomes can span a wide range, which may
not be empirically informative; Magnolfi and Roncoroni (2023) find similar results in their
empirical application. Numerical examples from Koh (2023) and Magnolfi and Roncoroni
(2023) show that even complete information correlated equilibrium identified set can be large,
indicating that correlation in actions can also weaken the identifying power substantially. In
some settings, the researcher may be able to reasonably exclude some information structures
from consideration. It will be fruitful to find a tractable approach that can accommodate
further assumptions on the underlying information structure to narrow down the possibilities.

Second, estimation with Markov correlated equilibrium remains computationally chal-
lenging. A similar problem exists for Bayes correlated equilibrium since the analyst needs
to run a grid search. Studying how to conduct computationally tractable estimation and
inference in this class of partially identified models will be important to broaden the scope
of applications.
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Chapter 3

The Role of Racial Concordance in
Doctor Referral Decisions

3.1 Introduction

Customers often request advice from an expert to reach out to a service provider. Examples
include doctor referrals, referral-based hiring (Miller and Schmutte, 2021), and real estate
agent recommendations (Christensen and Timmins, 2022). Experts may exhibit ingroup
bias toward providers or stereotype customers, and they may make referral decisions based
on their characteristics on top of the customer’s benefit. In this paper, we study the role of
racial concordance among doctors, specialists, and patients in doctors’ referral decisions.*

Racially concordant referrals may have conflicting implications for patient care. On one
hand, racially concordant referrals may steer patients toward low-quality care. For instance,
black patients tend to visit black doctors, and black specialists tend to work in low-quality
hospitals (Bach et al., 2004; Chandra et al., 2024). On the other hand, racially concordant
referrals may also improve patients’ outcomes because racial concordance between patients
and physicians can enhance the quality of care and improve health outcomes (Alsan et al.,
2019; Greenwood et al., 2020). Thus, seemingly racially concordant referrals may reflect
doctors’ intentions to improve patient outcomes (statistical discrimination). In contrast, we
consider racially concordant referrals that persist after controlling for the expected patient
outcome and travel distance as evidence of ingroup bias. Such effect may arise from taste-
based discrimination (Becker, 1957), stereotyping (Bordalo et al., 2016), or biased beliefs
(Bohren et al., 2019). Prior work documents the presence of ingroup bias in healthcare
markets (Hoffman et al., 2016; Singh and Venkataramani, 2022). Understanding the ef-
fects of racially concordant referrals on health outcomes can help us evaluate the potential
inefficiencies and equity concerns in the doctor referral system.

"'We include both race and ethnicity when we use the term “race” in this paper. We call a referral-sending
physician a doctor and a referral-receiving physician a specialist regardless of their specialties, following
Zeltzer (2020).
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To that end, we propose a structural framework to identify the racial concordance ef-
fect, net of benefits from outcome and travel distance on doctors’ referral decisions. We
build a doctor referral decision model and a patient outcome model. The referral decision
model considers racial concordance, expected outcome, and travel distance. The outcome
model incorporates the racial concordance effect on the outcome and the specialist-specific
outcome effect. We use a 20% random sample of Medicare beneficiaries from 1999-2019
in the United States to estimate the model, where we predict physicians’ race from their
names and locations (Imai and Khanna, 2016). We first estimate the outcome model and
then plug in the outcome model estimates to gauge the expected outcome that feeds into
the referral decision model. Since revision is a relatively rare event, our estimates for the
expected outcome may suffer from measurement error. We use specialist exits from the local
market as an instrument to deal with measurement error of the specialist-specific outcome
effect.

We apply our model to patients who underwent Total Hip Arthroplasty (THA) or To-
tal Knee Arthroplasty (TKA). We focus on these surgeries performed in orthopedics for
several reasons. First, doctors would likely face a limited specialist choice set when refer-
ring patients with acute conditions, such as acute myocardial infarction and stroke. Thus,
THA /TKA—primarily due to chronic conditions, osteoarthritis and rheumatoid arthritis—
are better suited to analyze doctors’ referral decisions. Second, THA /TKA patients have a
risk of revision surgery in the short term, which has severe consequences on outcomes and
costs (Nichols and Vose, 2016; Seidelman et al., 2023). Third, revision surgeries are unlikely
to be affected by the racial concordance.? The irrelevance of racial concordance on outcomes
makes it easier to clearly show racially concordant referrals even if there are no outcome
improvements because of the racial concordance.

We find that doctors make racially concordant referrals even after accounting for outcome
benefits and travel distance for THA/TKA cases. Within a local market, Asian doctors
refer non-Asian patients to Asian specialists 1.8 percentage points (pp) more often than
non-Asian doctors. Similarly, Asian patients are referred by non-Asian doctors to Asian
specialists 3.4 pp more than non-Asian patients. We then quantify the trade-off between the
racial concordance and expected health outcome. We estimate that doctors are willing to
trade off 0.03-0.12 percentage points of revision risk to refer patients to a specialist of their
own race. Additionally, they are willing to accept 0.07-0.54 pp of additional revision risk
to match the patient with a specialist of the same race. Furthermore, we find that there
is a trade-off between health outcomes and patient’s travel distance to the specialist. Our
estimates suggest that an improvement of 1 pp in the revision rate is equivalently valued as
79.6-82.4 kilometers of travel to the specialist.

In our counterfactual analysis, we compare outcomes under two scenarios: (i) a baseline
scenario in which racial concordance influences referral decisions, and (ii) a counterfactual
scenario in which the effect of racial concordance is removed. Through this analysis, we
aim to understand how patient outcomes are affected by the existence of racially concordant

2We confirm that revision surgeries are not affected by the racial concordance in the paper.
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referrals. We find that the probability of referring a patient to an Asian, Black, or Hispanic
specialist significantly declines in the absence of racial concordance effects, with the decline
most pronounced when the doctor and patient share the same race. For instance, when both
the doctor and patient are Asian, the probability of referral to an Asian specialist drops
from 36.0% in the baseline to 14.6% in the counterfactual scenario. Additionally, for doc-
tor—patient pairs of the same race (Asian, Black, or Hispanic), the patient’s expected revision
rate improves by 0.03 pp on average—a 4% relative improvement—under the counterfactual.
This improvement comes at the cost of a modest increase in travel distance, ranging from
0.4 to 0.9 kilometers.

Our paper builds on multiple strands of literature. First, this paper is related to the
literature on heterogeneity in physician practice patterns (Abaluck et al., 2016; Chandra
and Staiger, 2020; Chan et al., 2022). We specifically examine heterogeneity arising from
racial differences among agents in the healthcare market. Prior research has highlighted the
impact of racial concordance in healthcare (Bach et al., 2004; Alsan et al., 2019; Greenwood
et al., 2020). We study the effect of racial concordance in doctor referral decisions. Second,
Sarsons (2022) and Zeltzer (2020) have shown sex homophily in doctor referrals. We extend
their ideas to racially concordant referrals. Importantly, we incorporate patient outcomes
and travel distance into our model to disentangle the racial concordance effect from other
factors.

Furthermore, this paper contributes to the literature on disparity in health. Existing work
has emphasized the role of access, social determinants, and doctor-patient relationships in
generating disparities (Alsan et al., 2019; Chandra et al., 2024). We focus on a novel channel,
doctor referrals. We document that, due to the existence of racial concordant referrals, some
racial groups experience worse health outcomes than other groups.

3.2 Data and Background

The primary data source for our study is the U.S. Medicare fee-for-service claims data,
maintained by the Centers for Medicare & Medicaid Services (CMS). We use a 20% random
sample of Medicare beneficiaries from 1999-2019, drawn from the CMS Research Identifiable
Files (RIFs). We combine two RIF's to construct our dataset: the Carrier File and the Master
Beneficiary Summary File. We collect the date of service, Healthcare Common Procedure
Coding System (HCPCS) codes, identity and specialty of the performing physician (doctor),
and identity of the referring physician (specialist) from the Carrier File. Physician identi-
fiers are linked to names using the CMS National Plan and Provider Enumeration System
(NPPES).? We infer physicians’ race based on their names and geographic location using the

3In 2008, physician identifiers transitioned from the Unique Physician Identification Number (UPIN) to
the National Provider Identifier (NPI). To consistently track physicians across this change, we follow the
methodology proposed by Parsons et al. (2017) to link records and identify the same physician before and
after the transition.
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wru package in R (Imai and Khanna, 2016).* From the Master Beneficiary Summary File,
we obtain beneficiaries’ demographic characteristics—including sex, age, race, and zip code
of residence—as well as information on comorbidities. In accordance with the CMS cell size
suppression policy, all reported statistics are based on cells with more than 10 beneficiaries,
to protect individual privacy.

Our main analysis focuses on patients who underwent Total Hip Arthroplasty (THA)
or Total Knee Arthroplasty (TKA). We use the THA/TKA revision within 90 days of the
initial surgery to evaluate the outcome of THA /TKA referrals. The leading causes of these
early revisions are surgical site infection (SSI) and dislocation for THA (Heckmann et al.,
2021) and SSI for TKA (Postler et al., 2018; Urish et al., 2020). These early revisions are
associated with substantially worse clinical outcomes and increased healthcare costs (Nichols
and Vose, 2016; Seidelman et al., 2023). The prevalence of SSI is estimated at 1-2% (Li et
al., 2022), while the prevalence of dislocation within 3 months for THA is 1% (Meek et al.,
2006). Importantly, the prevalence of SSI and dislocation varies across specialists (Hedlundh
et al., 1996; Li et al., 2022; Seidelman et al., 2023).
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Figure 3.1: Number of THA/TKA cases and revisions

Figure 3.1 presents the number of THA/TKA cases and revisions in our dataset. The
number of THA/TKA cases have been increasing over time. In 2019, we see 30,000 THA
cases and 58,000 TKA cases. Revision within 90 days occurs in 1-2% of THA cases and
0.5% of TKA cases. For each THA /TKA patient and performing specialist, we identify the
THA /TKA referring doctor by looking back at most 180 days from the surgery date of the
patient’s visits to the performing specialist.® Figure 3.2 depicts the number of THA/TKA

4While this package was originally created in the field of political science, the package has been used in
Public Health studies (e.g., Studdert et al., 2020).

5If multiple doctors meet this criterion, we retain the one whose observation is closest to the surgery
date.
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Figure 3.3: Number of THA /TKA referring doctors and performing specialists by race

referrals over time. Approximately 80% of referrals occur within the same Hospital Referral
Region (HRR) as the referring doctor.

Figure 3.3 shows the number of THA /TKA referring doctors and performing specialists
by race. Compared to the summary statistics of physicians’ self-reported race reported by
the Association of American Medical Colleges (AAMC), Black doctors/specialists represent
a higher share in our dataset. According to the AAMC’s 2018 report, the number of Asian
primary care physicians (PCPs) is 15,323; Black is 6,581; Hispanic is 7,647; and White is
66,898. The numbers for orthopedists are 1,255 for Asian, 513 for Black, 523 for Hispanic, and
13,443 for White. The shares of Asian, Black, and Hispanic PCPs and specialists reported
by the AAMC exceed those observed in our dataset. This suggests that our methodology
slightly undercounts Asian, Black, and Hispanic physicians and specialists overall.
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We exclude specialists with fewer than 10 observed THA/TKA cases in our main anal-
ysis to estimate the specialist-specific outcome effects. Specialists with 10 or more observed
THA /TKA cases, whom we refer to as experienced specialists, are expected to have performed
more than 50 cases, given that our dataset represents only a 20% random sample of Medi-
care beneficiaries and does not include non-Medicare patients. The experienced specialists
account for 94.1% of all THA/TKA cases in our dataset.

Table 3.1 summarizes the characteristics of THA /TKA patients, doctors, and specialists,
both before and after the exclusion of low-volume specialists. Column 1 tabulates the sum-
mary statistics for the full sample, and column 2 tabulates them for the restricted sample
with experienced specialists. The patient characteristics are largely similar across the full
and restricted samples (see patient comorbidities in Table C.1 in Appendix C.1). The pop-
ulation shares by race are Asian 5.9%, Black 12.1%, Hispanic 18.7%, and White 57.8% in
the 2020 U.S. Census. Thus, compared to the population shares, White patients represent a
higher share of THA/TKA patients, whereas Asian, Black, and Hispanic patients represent
lower shares. On average, we observe 100 THA/TKA cases over 14 years for experienced
specialists. These specialists are expected to have performed more than 500 cases. Thus,
the orthopedists in our sample perform THA /TKA once a week. We observe fewer than one
revision per experienced specialist.

We model doctors’ referral decisions, restricting each doctor’s referral choice set to spe-
cialists located within the same HRR, as doctors mostly refer to specialists within the same
HRR, which is a pattern we have seen in Figure 3.2.5 We estimate the structural parameters
of the referral decision contrasting two mutually exclusive race groups, e.g., Asian and non-
Asian. To estimate the structural parameters contrasting race R € {Asian, Black, Hispanic,
White} or non-R groups, we exclude HRRs that have had at least one year without either
race R or non-R specialists. We also exclude HRR-years without race R or non-R referrals
for any doctor-patient race group combinations.

Table 3.2 presents summary statistics related to doctors’ referral choice sets. On average,
each doctor has 39 specialists in their referral choice set, and patients travel an average of 22.5
kilometers to reach their referred specialist. Among patient-specialist pairs located within
the same HRR, the average distance is 56.4 kilometers, suggesting that travel distance plays
an important role in referral decisions.

Figure 3.4 illustrates the number of referrals for each HRR in year 2019.” The comparison
between Asian and non-Asian referrals excludes much of the Northwestern and Southern
areas. In contrast, the Hispanic versus non-Hispanic comparison is more geographically
concentrated near the southern border.

SHRRs are designed to contain the referral hospitals most often used by region residents (Wennberg
and Cooper, 1996). There are 306 HRRs in total. HRRs include a city where patients can have major
cardiovascular surgical procedures and neurosurgery, and more than 120,000 residents populate them. More
than 85% of referrals are within the same HRR (Zeltzer, 2020).

"Areas with less than 10 referrals are excluded from the analysis.
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Table 3.1: Summary statistics of THA/TKA patients, doctors, and specialists (1999-2019)

Full Experienced
Sample Specialist
(1) (2)
Mean S.D. Mean S.D.
Patient (N = 1,315,864) (N = 1,238,534)
Age 74.38 6.17 74.35 6.16
Male 0.3598 - 0.3600 -
Asian 0.0075 - 0.0075 -
Black 0.0500 - 0.0493 -
Hispanic 0.0102 - 0.0098 -
White 0.9141 - 0.9152 -
THA/TKA Revision 0.0081 - 0.0080 -
Doctor (N =143,290) (N = 141,427)
Observation Length (year) 5.19 5.44 5.17 5.42
Number of Referrals 2.91 4.39 2.90 4.39
Specialist (N = 17,496) (N = 12,798)
Observation Length (year) 11.76 6.79 14.58 5.25
Number of THA/TKA Cases 71.8 111.3 96.8 120.7
Number of THA/TKA Revisions 0.58 1.24 0.78 1.39

Proportion of THA/TKA Revisions (%)  1.11 4.96 0.95 1.86

Notes: Table only shows the mean for binary variables. The experienced specialists have 10 or
more observed THA/TKA cases.

3.3 Preliminary Evidence of Racially Concordant
Referrals

We show that racially concordant referrals appear within HRRs. In this section, we broaden
our focus to include all types of referrals, rather than limiting our analysis to THA /TKA-
related referrals. We first plot race R € {Asian,Black,Hispanic,White} specialist referral
share against their corresponding specialist population share, stratified by doctor-patient
race group (race R or not) combinations for each HRR in 2019. In this analysis, we define
a referral as a unique doctor—patient—specialist triple, following Zeltzer (2020).8

8We exclude triples with the same physician as the “doctor” and “specialist.” These cases are often lab
tests in which the ordering physician is reported as the referring physician.
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Table 3.2: Summary statistics related to referral choice set (1999-2019)

Mean S.D.
Referral
Number of Specialists in Same HRR 39.20 28.78
Distance to Chosen Specialist (km) 22.51 29.48
N 304,527
Patient-Specialist Pair (Both Chosen & not Chosen)
Distance to Specialist in Same HRR (km) 56.39 55.08
N 15,467,299

(c) Hispanic (d) White
Figure 3.4: Number of referrals by HRR in 2019

Figure 3.5 depicts the fitted lines for each doctor-patient race group combination. As
expected, race R specialist referral shares are higher in HRRs with higher proportion of
race R specialists. More interestingly, we see patterns that suggest the existence of racially
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concordant referrals within HRRs. For instance, in regions where 20% of specialists are
Asian, the share of non-Asian doctors referring non-Asian patients to Asian specialists is
20% (yellow), non-Asian doctors referring Asian patients to Asian specialists is around 25%
(red), Asian doctors referring non-Asian patients to Asian specialists is around 25% (green),
and Asian doctors referring Asian patients to Asian specialists is around 35% (blue).

Race R specialist referral shares for race R doctor-race R patient pairs (blue line) are
higher than other doctor-patient race group combinations within HRRs. Additionally, race
R specialist referral shares are the lowest for race non-R doctor-race non-R patient pairs
(yellow line). Putting into words, doctors are more likely to refer patients to specialists of
the same race, particularly when the patient shares the same race as the referring doctor.
Similarly, patients are more frequently referred to specialists of their own race, especially
when the referring doctor is also of the same race. We obtain similar patterns for orthopedists
and neurosurgeons (Figures C.1 and C.2 in Appendix C.2).?

Asian Specialist Referral Share
Black Specialist Referral Share

0 A 2 3 4 5 0 A 2 3
Asian Specialist Share in HRR Black Specialist Share in HRR
Asian Doctor/Asian Patient =~ —— Other Doctor/Asian Patient Black Doctor/Black Patient ~—— Other Doctor/Black Patient
—— Asian Doctor/Other Patient Other Doctor/Other Patient — Black Doctor/Other Patient Other Doctor/Other Patient
(a) R = Asian (b) R = Black

Hispanic Specialist Referral Share
White Specialist Referral Share

T T T T T T T T T

0 2 4 6 2 4 6 8 1
Hispanic Specialist Share in HRR White Specialist Share in HRR
Hispanic Doctor/Hispanic Patient ~—— Other Doctor/Hispanic Patient White Doctor/White Patient ~—— Other Doctor/White Patient
—— Hispanic Doctor/Other Patient Other Doctor/Other Patient —— White Doctor/Other Patient Other Doctor/Other Patient
(c) R = Hispanic (d) R = White

Figure 3.5: Race R specialist referral share against their population share by doctor-patient
race group in 2019

Next, we quantify the racial concordance effect on referral patterns within HRRs using

9Inconsistent results for Hispanic neurosurgeons are likely due to the small sample size.
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the THA/TKA dataset from 1999-2019. We calculate race R specialist referral share by
doctor-patient race group combination for each HRR year. Denote the referral share for
race 7 € (R,non-R) doctor and race p € (R,non-R) patient pair in HRR [ and year t as
RefShare, ;. We then run the following regression:

RefShare, ,; = S11(r = R) + f21(p = R) + B51(r = R) - 1(p = R) + Xuf1 + crpit,

where X}, includes the covariates for HRR and year.

Table 3.3 presents the regression results. Column 1 only controls for year fixed effects.
Columns 2 and 3 additionally control for the race R specialist population share and HRR
fixed effects, respectively. A positive coefficient on the race R doctor (/1) indicates doctors
of race R are more likely to refer patients to race-R specialists than non-R doctors, when
referring non-R patients. Similarly, a positive coefficient on the race R patient ((35) indicates
that race R patients are referred to race R specialists more than non-R patients when the
patient obtains a referral from a non-R doctor. Including the race R specialist population
share or HRR fixed effects attenuates the magnitude of these coefficients but they remain
positively significant. For example, controlling for the Asian specialist population share (R =
Asian, column 2), Asian doctors refer to Asian specialists 1.8 pp more often than non-Asian
doctors for non-Asian patients. In addition, Asian patients are referred to Asian specialists
3.4 pp more frequently than non-Asian patients when referred by non-Asian doctors.

A positive sum of coefficients on the race R patient and the interaction term (i.e., So+/33 >
0) indicates that doctors are more likely to refer patients to same race specialists more when
the patient is also of the same race, relative to other patients. Similarly, a positive sum
of coefficients on the race R doctor and the interaction term (i.e., §; + 3 > 0) indicates
that patients are more likely to be referred to same race specialists when the doctor is
also of the same race, relative to other doctors. For instance, controlling for the Asian
specialist population share (R = Asian, column 2), Asian doctors refer Asian patients to
Asian specialists 13.9 pp more than they refer non-Asian patients. Also, Asian patients are
referred to an Asian specialist 12.3 pp more frequently by Asian doctors than non-Asian
doctors.

The race R specialist population share affects the race R specialist referral share in a
large magnitude. Specifically, A 10 pp increase in the race R specialist population share is
associated with an increase in the race R specialist referral share by 10.1-11.4 pp. Replacing
this covariate with HRR fixed effects yields similar estimates for the racial concordance effect,
suggesting that the observed referral patterns are not solely driven by regional variation in
preference for racial factors.

3.4 Model of Doctors’ Referral Decisions

To understand doctors’ referral behavior while accounting for specialist quality and travel
distance, we develop a model of doctors’ referral decisions. Doctors choose a specialist from
within their HRR, considering the patient’s travel distance, expected health outcome and
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Table 3.3: THA/TKA referral share regressions (1999-2019)

Race R Specialist Referral Share

R = Asian R = Black
(1) (2) 3) (1) (2) 3)
Race R Doctor 0.0260***  0.0183***  0.0186***  0.0343***  0.0155***  0.0163***
(0.0036)  (0.0030)  (0.0033)  (0.0037)  (0.0033)  (0.0032)
Race R Patient 0.0708***  0.0344***  0.0303***  0.0245*** 0.0127*** 0.0135***

(0.0109)  (0.0068)  (0.0070)  (0.0037)  (0.0033)  (0.0032)
Race R Doctor x Race R Patient  0.1288***  0.1049"*  0.1060***  0.0604™*  0.0493"*  0.0471***
(0.0200)  (0.0193)  (0.0198)  (0.0130)  (0.0118)  (0.0114)

Race R Specialist Population Share 1.018*** 1.007***
(0.0691) (0.0660)
Year Fixed Effects X X X X X X
HRR Fixed Effects X X
Number of HRR-year 12,353 12,353 12,353 13,259 13,259 13,259
R? 0.098 0.372 0.340 0.048 0.337 0.300
R = Hispanic R = White
(1) (2) (3) (1) (2) (3)
Race R Doctor 0.0206***  0.0093**  0.0109***  0.0963***  0.0652*** 0.0660***
(0.0056)  (0.0035)  (0.0037)  (0.0093)  (0.0074)  (0.0077)
Race R Patient 0.0494***  0.0164**  0.0177**  0.0938***  0.0600***  0.0605***

(0.0145) (0.0065) (0.0068) (0.0094) (0.0074) (0.0077)
Race R Doctor x Race R Patient 0.1128***  0.0623***  0.0615*** -0.0644*** -0.0406*** -0.0408***
(0.0251) (0.0175) (0.0168) (0.0074) (0.0063) (0.0061)

Race R Specialist Population Share 1.140*** 1.012%**

(0.0595) (0.0301)
Year Fixed Effects X X X X X X
HRR Fixed Effects X X
Number of HRR-year 11,556 11,556 11,556 18,697 18,697 18,697
R? 0.072 0.591 0.576 0.037 0.443 0.391

Notes: Standard errors are clustered at the HRR and year level. * p-value < .1, ** p-value < .05, *** p-value <
.01.

racial concordance preferences that are unrelated to the outcome. The outcome depends
on the racial concordance between the patient and specialist, the specialist-specific outcome
effect, and exogenous covariates, such as patient comorbidities. We contrast two mutually
exclusive race groups, 1 and 0, e.g., Asian and non-Asian, in the model.*°

Doctor 7 with Race; € {0, 1} makes a referral decision for patient j with Race; € {0,1}
in HRR [ at year-quarter ¢t. We assume that doctors’ choice set consists of specialists who
have performed THA/TKA in HRR [ at least once. Furthermore, we assume that there is
no outside option because the patient needs the referral based on her health conditions that

10Extending the model to account for three or more race groups is straightforward. However, empirical
applications will become challenging due to limited sample sizes in less prevalent race group combinations.
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require specialist treatments.
Doctor ¢’s utility of referring patient j to specialist k is

wijit(k) = g(Race;, Race;, Racey) + SE[Outcome;y; | Zi k] + yDistancej;, + gijpe. (3.1)

Function g represents the racial concordance effect net of the outcome benefit. Outcome;
is the outcome when patient j is referred to specialist k. Z;;; is doctor ¢’s information
set when they make the referral decision. Distancej; is the distance between patient j’s
residential area and the location where specialist k& provides service. e;jx; is an i.i.d. mean-
zero preference shock, and is independent of Race;, Race;, Racey, E[Outcome;|Z; ki), and
Distance;;. We are assuming travel distance to be a numeraire in the absence of prices, as
commonly assumed in the empirical market design literature (Abdulkadiroglu et al., 2017;
Agarwal and Somaini, 2018; Huitfeldt et al., 2024).
Patient j’s health outcome when treated by specialist k is:

Outcomejy;; = v1Race; + v2Race; - Racey + & + Winys + €, (3.2)

where &, is the specialist-specific outcome effect and Wj; is exogenous covariates.'!  We
assume that outcome shock ej; satisfies:

Elejnt|Race;, Raceg, &, W] = 0.

The coefficient 7, is the racial concordance effect on the outcome. We include patients’ sex,
age, and comorbidities, and year-quarter fixed effects in Wj;. We assume that doctor ’s
information set is:

Tijre = {Race;, Racey, &, Wy}

This assumption implies that doctor ¢ knows patient j’s conditions and the specialist k’s
ability &, while ¢ does not have any information on the realization of the shock ;.

Estimation

The estimation procedure consists of two steps: (i) estimating the parameters of the outcome
model, and (ii) estimating the parameters of the referral decision model.

Step 1. Outcome In the first step, we estimate parameters of the outcome model. We
estimate equation (3.2) by specialist fixed effects regression, where the term ¢ is the fixed
effect. We take THA/TKA revisions as the outcome of interest, i.e., Outcome = 1 if and
only if the patient experienced a revision. This regression allows us to obtain parameter
estimates, 41,92, and 43. Then, we recover the estimates for the fixed effects as the mean of

HTn principle, we can extend the outcome model to include terms for the doctor’s race and make the
specialist-specific outcome effect depend on the doctor-patient race group combination. However, it will
require the specialists to have a sufficient number of referrals for each doctor-patient race group combination
for estimation.
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the residuals. Furthermore, we correct for the estimation error of the fixed effects & through
an empirical Bayes approach, following Kane and Staiger (2008).

Step 2. Referral Decision In the second step, we estimate parameters of the referral
decision model. One concern when estimating this model is that the expected outcome,
E[Outcome;jy|Zik], is estimated with error even after applying an empirical Bayes approach,
since the number of observations per specialist is limited and revisions are relatively rare.
To mitigate such concern, we take the control function approach (Petrin and Train, 2010).
We assume the following first-stage equation:

E[Outcomejklt\ljklt] = h(Race;, Race;, Racey,) + 01 Distance;;, + 6220 + Mijia (3.3)

where h is a function that maps the tuple of races to some value. Zjj;; are instruments, which
are the inverse of distance between the exiting specialist and the patient, and the inverse of
distance between the exiting specialist and the doctor, while exit has to occur before .} We
assume that Z;;,; is independent of ;5 and 7;j;. The underlying assumption is that the
exiting behavior of a specialist is independent of the unobserved taste for specialists and the
unobserved component of the health outcomes. Moreover, exit of a specialist affects health
outcomes in the same HRR, while this pattern can be explained through a competition effect
and a volume effect (Lau et al., 2012). We further assume that:

Eijkit = \Nijkit + Eijkit-

Let Cijkir = Eijkue — B (E[Outcomejkltﬂ'jklt] — E[Outcomejkltﬂjklt}). We assume that the

conditional distribution, ;;u:|{Race;, Race;, Racey, Distance;i, Z;jpit, Mijrit }» follows a type 1
extreme value distribution.

First, we estimate equation (3.3) and obtain the residuals 7);;x;. Then, we estimate the
parameters based on the following equation:

wijit(k) = g(Race;, Race;, Racey,) + ﬁE[Outcomejkltmjklt] + yDistance;y + Mg + Cijhie-

For E[Outcomejkltﬂijklt] and 7);;k, we use the estimates from the previous steps.

3.5 Results

First, we present results for our outcome model. Table 3.4 shows coefficient estimates for the
outcome model (equation (3.2)). The racial concordance effect on the outcome (72) is not
statistically significant, except for the case R = Hispanic where the significance is relatively
weak.!® Thus, racial concordance between the patient and specialist is not likely to change
the likelihood of THA/TKA revision. THAs are 0.8 pp more likely to result in a revision
than TKAs. Appendix Table C.2 displays coefficient estimates for patient comorbidities.
More comorbidities result in a higher likelihood of THA /TKA revision.

L2Explicitly, we set Z = 1/(1 + d) where d is the distance. If there was no exit, we set Z = 0.
I3Note that the sign of v, for Hispanic is even in the direction of a negative effect of racial concordance.
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Table 3.4: THA/TKA outcome regressions

Outcome: THA/TKA Revision (%)

R = Asian R = Black R = Hispanic R = White
(1) (2) (3) (4)

Race
Race R Patient, v, -0.0319 -0.1678*** -0.3389*** 0.1856**
(0.1094) (0.0450) (0.0784) (0.0722)
R Patient - R Specialist, 7 -0.1309 -0.0297 0.3899* -0.0276
(0.1973) (0.1984) (0.2232) (0.0813)
Patient Characteristics
THA 0.8052*** 0.8051*** 0.8038*** 0.8028***
(0.0266) (0.0266) (0.0266) (0.0266)
Male 0.1292*** 0.1254** 0.1291* 0.1264**
(0.0179) (0.0179) (0.0178) (0.0180)
Patient Age X X X X
Patient Comorbidities X X X X
Specialist Fixed Effects X X X X
Year-quarter Fixed Effects X X X X
Number of Observations 1,239,535 1,239,535 1,239,535 1,239,535
R? 0.02796 0.02797 0.02797 0.02798

Notes: Standard errors are clustered at the HRR and year-quarter level. Comorbidities are coded
by the Chronic Condition Warehouse. * p-value < .1, ** p-value < .05, *** p-value < .01.

Table 3.5 compares the distribution of specialist-specific outcome effects across specialist
race groups. On average, White specialists have slightly better outcomes than non-White
specialists. White specialists are expected to have a 0.11 pp lower probability of revisions,
but the standard deviation of the distribution is 0.64 pp. For other race groups, we see the
opposite pattern. The overall negative average indicates that specialists who have performed
more THA/TKA cases have worse specialist-specific outcome effects. The empirical Bayes
shrinkage procedure can be one of the reasons for this since the procedure shrinks less
experienced specialists’ outcome effect more toward zero.

Table 3.6 shows coefficient estimates for the referral decision model (equation (3.1)).
We find racially concordant referrals, conditional on patient benefits for THA /TKA, which
consists of expected health outcome and distance to the specialist. To illustrate the structural
parameters, we interpret the estimated coefficients in terms of travel distance equivalents.
An improvement of 1 pp in the revision rate is equivalently valued as 79.6-82.4 kilometers
of travel to the specialist. Patients are more likely to be referred to Asian specialists. This
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Table 3.5: Distribution of specialist-specific outcome effects &, by specialist race group

Race R Specialist non-R Specialist
N Mean S.D. N Mean S.D.
R = Asian 680  -0.6417 0.5891 12,118 -0.7583 0.6182
R = Black 285  -0.6420 0.5868 12,513 -0.7538 0.6176

R = Hispanic 305 -0.7030 0.6340 12,493 -0.7530 0.6169
R = White 11,388 -0.8044 0.6416 1,410 -0.6939 0.6281

tendency is valued as 8.8 kilometers of travel. Patients are unlikely to be sent to White
specialists, where the effect is 20.5 kilometers of travel. Overall, we observe a positive effect
of racial concordance between patients, doctors, and specialists for referral decisions. For
example, For an Asian patient, Asian doctors value Asian specialists as 28.9 kilometers of
travel, relative to non-Asian specialist. Even non-Asian doctors demonstrate a preference for
racial concordance, valuing Asian specialists 14.6 kilometers of travel more than non-Asian
specialists for Asian patients.

Table 3.6: Estimates of structural parameters for THA /TKA referral decision

Referral Decision to a Specialist

R = Asian R = Black R = Hispanic R = White
(1) (2) (3) (4)

Distance between Patient and Specialist, ~y -5.821 -5.822 -5.827 -5.822
(100 km) (0.048) (0.048) (0.047) (0.048)
Expected Outcome (% Revision), g -4.751 -4.797 -4.753 -4.636
(1.185) (1.226) (1.154) (1.188)
R Specialist 0.515 0.563 0.060 -1.193
(0.275) (0.382) (0.254) (0.239)
R Doctor/R Specialist 0.555 0.133 0.352 0.434
(0.094) (0.248) (0.263) (0.059)
R Patient/R Specialist 0.332 0.403 2.577 0.360
(1.103) (0.930) (1.077) (0.457)
R Patient/R Doctor/R Specialist 0.279 0.536 0.125 -0.128
(0.181) (0.236) (0.351) (0.049)
Residual(7), A 4.008 4.054 4.011 3.915
(1.189) (1.228) (1.156) (1.189)

Notes: Standard errors are calculated using 100 cluster-bootstrap replications. Cluster is at the HRR-
year level.
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3.6 Counterfactual Analysis

We now use our structural estimates to predict the referral decisions when the effect of racial
concordance is absent.'* Our aim is to understand how racially concordant referrals influence
patient outcomes and travel distances. Gaining insight into these effects allows us to assess
whether such referrals contribute to disparities in health.

In specific, we consider the case where doctor i’s utility of referring patient j to specialist
k is:

Ui (k) = PE[Outcome;p|Z;jrie] + yDistance;x + €ijxu- (3.4)

Note that we have eliminated the racial concordance term g(Race;, Race;, Racey) from equa-
tion (3.1). We compare the outcomes between two scenarios: (i) the baseline scenario, where
the effect of racial concordance is present; and (ii) the counterfactual scenario where racial
concordance effect is absent. We assume that the expected health outcome and agents’
locations are unchanged between the two scenarios.

Table 3.7: Choice probabilities : Pr(Referred to Race R Specialist|-)

Race R Asian Black Hispanic White
Baseline

Race R Doctor - Race R Patient 0.360 0.149 0.400 0.935
Race R Doctor - non-Race R Patient 0.087 0.071 0.097 0.873
non-Race R Doctor - Race R Patient 0.144 0.055 0.101 0.860
non-Race R Doctor - non-Race R Patient 0.036 0.013 0.012 0.701
Overall Average 0.042 0.017 0.017 0.914
Counterfactual

Race R Doctor - Race R Patient 0.146 0.044 0.151 0.957
Race R Doctor - non-Race R Patient 0.038 0.041 0.082 0.926
non-Race R Doctor - Race R Patient 0.091 0.026 0.027 0.922
non-Race R Doctor - non-Race R Patient 0.023 0.008 0.011 0.839
Overall Average 0.025 0.010 0.015 0.947

Table 3.7 presents the choice probabilities for doctors referring patients to a race R spe-
cialist, comparing the baseline scenario with the counterfactual scenario. We see a decrease
in the choice probability of race R specialist for the cases where R is Asian, Black, and
Hispanic. The level of decrease is stronger in the cases where the doctor and the specialist
share the same race R (= {Asian/Black/Hispanic}). For example, when the patient and

14Here, we include the effect of a specialist being a specific race as part of the effect of racial concordance.
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the doctor are both Asian, we see a significant reduction in the probability of referring the
patient to Asian specialists (36.0% to 14.6%). Even for the case where the doctor is Asian
and the patient is non-Asian, we see a reduction (8.7% to 3.8%). For the case where the
doctor is non-Asian and the patient is Asian, we see a reduction as well (14.4% to 9.1%).

Table 3.8: Change in mean of Expected Revision Rate (%)

Race R Asian Black Hispanic White
Race R Doctor - Race R Patient -0.032 -0.030 -0.031 -0.002
Race R Doctor - non-Race R Patient -0.004 -0.004 -0.018  -0.008
non-Race R Doctor - Race R Patient -0.006 -0.007 0.001 -0.005
non-Race R Doctor - non-Race R Patient -0.001 -0.001 0.000 -0.018
Overall Average -0.001 -0.002  0.000  -0.004

Table 3.9: Change in mean of Travel Distance (in kilometers)

Race R Asian Black Hispanic White
Race R Doctor - Race R Patient 0.405 0.419 0.880 0.011
Race R Doctor - non-Race R Patient 0.000 0.022 0.067 0.095
non-Race R Doctor - Race R Patient 0.086 0.016 0.028 0.010
non-Race R Doctor - non-Race R Patient 0.005 -0.007 0.000 0.199
Overall Average 0.013 -0.002  0.000 0.029

Table 3.8 presents the change in the mean of expected probability of receiving a revision
between two scenarios.!® When the doctor and the patient share the same race, we see an
improvement in the expected revision rate. When R = Asian/Black/Hispanic, this improve-
ment is about 0.03 pp reduction in the expected revision rate, which corresponds to a 4%
relative improvement. Moreover, while the effects are smaller than these cases, we see an
improvement in patients’ health outcome in most of the pairs.

Table 3.9 reports the change in the mean of travel distance between two scenarios. When
the doctor and the patient share the same race, we observe that patients experience a longer
travel. When R = Asian/Black/Hispanic, the change is about 0.41-0.88 kilometers of travel.
Instead of getting to referred to a same race specialist nearby to the patients’ residential
area, patients travel more to seek care from a specialist with better ability. Distributions of
expected revision rates and travel distance are shown in the Appendix Figures C.3 and C.4.

15While we are aware of potential measurement error in the expected probability of revision, the results
presented here are based on the estimated expected probability of revision without further adjustment.
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3.7 Conclusion

We propose a structural framework to identify the racial concordance effect net of outcome
benefits and travel cost in doctors’ referral decisions. Applying the model to THA/TKA
cases, we find evidence of racially concordant referrals conditional on outcome benefits and
travel distance. Our results suggest that racially concordant referrals have a negative impact
on health outcomes for some race groups, such as Asian, Black, or Hispanic, while we do
not find outcome benefits from racial concordance. The negative effect is most pronounced
when the referring doctor and patient share the same race. In the absence of racially con-
cordant referrals, Asian, Black, and Hispanic patients are more frequently referred to White
specialists. Since White specialists are associated with better outcomes in our setting, these
patients experience improved health outcomes under this counterfactual scenario.

A key imitation of our study is that we do not disentangle the underlying motivations for
racially concordant referrals. Such referrals may arise from multiple factors. For example,
patients may prefer seeing a specialist with the same race, conditional on the specialist’s
quality and travel costs, since they may experience improved communication (Alsan et al.,
2019). Next, doctors and specialists with the same race may have stronger professional
or personal ties, which may reduce uncertainty about the specialist’s quality. Our current
approach does not isolate these channels, which may have an impact when we consider
welfare.

We conclude by outlining directions for future research. Although we do not find evidence
that racial concordance affects health outcomes, previous studies have shown that such
effects can exist in other contexts (Bach et al., 2004; Alsan et al., 2019; Greenwood et al.,
2020). Exploring the implications of racially concordant referrals in these alternative settings
remains an important area for future research. We also would like to emphasize that our
framework allows us to consider other types of concordance, such as shared medical school
training or professional networks.

Furthermore, we do not account for potential capacity constraints that may become
a problem in the absence of racially concordant referrals. For example, if the highest-
performing specialists attract a disproportionate number of patients, they may be assigned
a number of patients beyond their capacity. As a result, the change in outcomes we estimate
may be overstated. Accounting for specialist capacity constraints is an important direction
for future research.
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Appendix A

Appendix to Chapter 1

A.1 Proof: Equilibrium for Two-agent Example

Let agent i’s inverse bid function be ¢; = ;. Cost is distributed ~ U[0, 1]. Player 1 enters
with probability 1. Player 1’s belief on Player 2’s entry is with probability r. Let the reserve
price be R = 1.

Derivation and proof for 3; and (5 being the equilibrium bidding strategies when Player
1 enters and discloses while Player 2 enters but does not disclose, follows Kaplan and Zamir
(2012).

Here, we focus on the proof of optimality of the disclosure strategies taken in our example.
First, let us consider the required condition that forces the first entrant to disclose. To
consider this condition, let us first prove the following claim:

Claim: Fix r. ¢1(b) > r¢o(b) for all b € (:+,1). Note that support of the bids for each

1477
player is [1+ , 1}

Proof: Let X = - T)Q log =2 —r(147) — % log(r) — (Hr) Then,
1 1
¢ (b——)X——r’% (- 1)X + &

To show ¢ > r¢s, it is equivalent to show that:
—r(l+r)/(1—7)>2—-br—0X

holds. Let h(b) = (2 — br — b)X. Note that h(ﬁ) = —r(l1+r)/(1 —r). Observe that:

h’(b):—(1+r)X+(2—br—b)(1ir)2 (bil_bil)
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Again, note that h’(l—}ﬂ,) = 0. Next,

v r? 1 1 r’ 1 1
w0 =20 () e (G )

= a —7’)2(T_ 1)°h < 0
Thus, h'(b) < 0 for all b € (%Jrr,l). Therefore, h(b) < —r(1 4 r)/(1 — r) holds for all
be (1+ ,1). This is what we wanted to show. |
Now, we are ready to prove the following claim.
Claim: Fix r. EU;(c) > EUs(c) for all ¢ € (0,1). EU;(c) is the expected utility for Player
¢ conditional on entering and cost ¢, when players take strategies 8; and ;.
Proof: Observe that:

EUL(¢) = (Pi(c) = ) (1 = 1) + (Bi(c) — e)r(1 = da(fBr(c)))
= (bi(c) = ) (1 = ra(fr(c)))

and
EU,(¢) = (ba(c) — ¢)(1 — d1(bs
By the previous claim, we know that r¢9(ba(c)) < ¢1(ba(c

)
(bi(c) = e)(1 = rda(bi(c))) = (ba(c) = ¢)(1 = r¢2(ba(c)))
> (ba(c) = ¢)(1 = du(ba(c)))

Hence, EU,(c) > EU,(c) holds for all ¢ € (0,1). |
This claim implies that if a Player is entering, they prefer being in the position of Player
1. Therefore, if you arrive and enter first, it is optimal for the player to disclose their entry.
The next required condition is that if you are the second entrant facing one disclosure,
you do not disclose. To show that this condition holds, we prove the following claim:

c)))-

Now, the following holds:

(
) -

1—
11—

Claim: 2b—1>¢1()f0rallb6(1+, 1) when r < 1.
Proof: We will prove 5 (1 5T ¢ Let
1 1 r

Hb)=——=—-(0b—-)X

) = 3=~ 0= DX+
WhereX—(1 o 5 log 172 T(1+T)—%log(r)—@. We shall show H(b) > 0 for all
be(uw 1). Observe that.

1 1 r? 1 1

H{®)=——-—(b—- - - X
(®) 2(1 — b)2 ( 7“> (1—r)2 (b—l b—})

and

H’( ! ):2i2(1—7")(1+27")>0
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Next,
"y 1 B 272 1 B 1 B _1 r2 - 1 1
H(b)_(l—b)3 (1—’/’)2 (b—l b—%) (b 7“) (1—7“)2( (b—1)2+(b—%)2)
:<b—1>i(b—l><1ir)21;r{‘1;T<b‘%”2(*’—1>2+<b—1><—26+1+%>}
:(b—l)i(b—l)(lir) {_lzr(b_%)+2(b—1)2+(b—1)(—2b+1+%)}

BB R <%_1>2>°

Thus, H'(b) > 0 holds for all b € (1+ ,1). Moreover, since H(1+r) > 0, we get H(b) > 0 for

all b € (1 >+ 1). This completes our proof. |
Now, to complete our discussion, we show that it is optimal for the second entrant to not

disclose.

Claim: Let the expected player’s profit be V' (c) when both bidders take strategy b(c) = <.

Then, EUs(c) > V(c) holds.

Proof: Observe that:

Vi(e) = (b(c) = ) (1 = (2b(c) = 1))
(b(c) — )(1 = ¢1(b(c)))

(Ba(c) = ) (1 = ¢1(Ba(c)))
UQ(C).

IN A

First inequality holds since 2b—1 > ¢1(b) holds by the previous claim. The second inequality
holds by the optimality of 5 when the other bidder employs ;. [ |

Combining the results from these claims, we have shown that the disclosure behavior
presented in our example satisfies the equilibrium requirements.



APPENDIX A. APPENDIX TO CHAPTER 1 101

A.2 Step 2 of Identification: Asymmetric Case

Suppose that under h7, bidders ji, ..., j; signals before ¢ each at 7;,,...,7;, (15, < -+ < 75,)
, and for the rest of bidders kq, ..., kg, their signals are yet to be observed. Take 7 such
that 7;,, < 7, < 7 holds for all m. Let

Aj(h, ¢i) = F(Vi (h) Fo(Avi(h, c;)) (A1)

We consider the following density P:

P = Pr (j,, signals at 7;,, Vm, i signals at 7, k,, does not signal before 7 Vn, ¢, ¢;)

= H fgm (ij)A;inm (thm (Tj1 1 TjJ)’ ij)fcg'm (ij)

xH{ ~ Phar //fk (1-A (ht(le,...,TjJ),ckn))fckn(ckn)dtdckn}

X fi(T)Az—(hT(lea <o 7Tjj>7 Ci)fcz'<ci) (A2)
We consider the following density @:

() = Pr (j,, signals at 7;,, Vm, i does not signal before 7, k,, does not signal before 7 Vn, ¢)

= H fjm TJm ij hT]m (Tjw SR ’TjJ)7 ij)ijm (ij)

X H { — Fh (7 / / i) (1= AL (he(Tiy, 0 7T) s ) Jew,, (ckn)dtdckn}

X {1 — F;(T) + / / f;:(t) (1 — Ag(ht(le, e ,Tjj), Cz)) fCi (cz)dtdcz} (Ag)
0 0

Taking the ratio between these two densities gives us:

fi(T)AZ(hT<Tj1> o 7TjJ)7 ci)fcz'(ci)
{L=Fir)+ [o7 Jy fit) (1= Alhu(7yy, - 755), ¢0)) e (ci)dtdei }
Exploiting the relation that

(1 — Fi(r) + [~ [y fi(t) (1= AL(h7, ;) feles)dtde;)
or

- /0 fi(T)AiT(hT(TjU s 7TjJ)7 Ci)fC(Ci)dCia

PIQ - (A.4)

the function

Li(rsh" = (15,,...,75,)) =1— Fl / / fZ 1 — At CZ)) fe(c)dtde;
—1- / / LA, ) fu(e)dtde,
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is identified up to scale for all 7 € [r;,,T]. Since I';(0; A7 = ¢)=1 holds, I';(T; A7 = ¢) is
identified. Therefore, f(T)AT(h™ = ¢, ¢;) f.(c;) is identified for all 7 € [0, T].

Now, given that fi(7)AT(h™ = ¢,¢;)fe(c;) is identified, T;(7; A7 = 7) is identified. As
a result, I';(t;h' = 7) (t > 7) such that A’ includes one disclosure at 7 is identified. By
induction on the number of disclosures made, repeating this argument will allow us to identify
[';(t; A7) for all histories ™. Note that f'(7)A7(h",¢;)f.(c;) is also identified for all h”.

Let

R= H F () AG (R (T Tja)s i) e (€)
X H fl (1,)A thP(TJI, T Tl Ty )s Czp)fclp (ci,)
XHFk = (Tjys e s Ty Tl e -5 T1p))
and
H P (T AR (R (T i)y ) e, (G0)
XHDP = (T, Tj,))
XHFkn = (Tj,,---,7j,))-

Since all the objects that appear in R and S are identified, R and S are identified.
Belief of i can be written as:

Pr(h"|h, 1 =7,A% =0) = R/S

and since R and S are identified, this object is also identified.
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A.3 Details on the Estimation

We discuss the details on the estimation that we omit from the main text.

Step 1. Construction costs ¢; We estimate G7¢, the CDF of the minimum of the
bids among the opponents and the secret reserve price. We assume that G~¢ and the secret
reserve price both follows a log-normal distribution. Parametric specification of G~ is given
in the main text. We assume that secret reserve price follows log-N (u", 0").

We split our observations into four cases, and show the corresponding likelihood for each
case below:

1. When winner was accepted but the bidder lost the auction:
g-i(b)
where b is the winner’s bid.

2. When you are the winner but rejected:

Jo 9-i(0) £ (B)db
Fr(b)

3. When you are the winner and accepted, there is another bidder:

g ()1 = B(82) + [ g-i(0) f(B)db
1_Fr(b)

where b is the winner’s bid and b? is the highest opponent’s bid.

4. When you are the winner and accepted, there is no other bidder:

;7% g_a(0) £ (b)db
1 _Fr(b)

where b is the winner’s bid and b? is the highest opponent’s bid.

Using this likelihood, we estimate parameters for G~ and the distribution of secret reserve
price via maximum likelihood. Integration is computed by evaluating values on a grid.
Given our estimate G, we estimate construction costs for each entrant by:

1-@G .
oy 1=Ga)
sz‘(b

Step 2. Belief on the evolution of disclosure history Parameters regarding the distri-
bution of time intervals between the n-th and (n + 1)-th disclosure, (5*¢, 37) are estimated
via maximum likelihood as described in the main text.
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Given the estimates on time intervals, we estimate the belief of a firm when the firm
discloses at some time 7 facing history h”. To obtain this estimate, we simulate the evolution
of disclosure histories. The simulation procedure proceeds as follows:

1. Suppose that a firm makes the n-th disclosure. We fix the firm’s entry and disclosure
timing at 7 € {0,0.05,0.1,...,0.95}.

2. Draw the timing of the next disclosure 77!, If the next disclosure does not exist,
terminate. Otherwise, repeat this step until the next disclosure does not exist or there
are no potential bidders left.

We take 10,000 draws for each 7". This gives us the estimated belief fi; for cases where ¢
discloses.

Next, we estimate the belief of a firm when the firm enters but does not disclose. To
obtain this estimate, we again simulate the evolution of disclosure histories. The simulation
procedure proceeds as follows:

1. Suppose that a firm observes n disclosures. We fix the firm’s entry timing at 7 €
{0,0.05,0.1,...,0.95}. Also, fix the timing of the latest question 7" € {0,...,7}
(r°=0ifn=0).

2. Draw the timing of the next disclosure 7", To make a draw, we exploit the following
relationship, which we have shown as equation 1.4:

Pr(7"" > t or no (n + 1)-th disclosure)™~-1/M
= (7" > ¢ or no (n + 1)-th disclosure)

where M is the number of potential entrants who have not disclosed at 7, including
firm ¢. If there are no disclosures beyond, terminate.

3. We draw the next disclosure timing until the draw suggests that next disclosure does
not exist. Here , we exploit:

Pr(7"*t* >t or no (n + k)-th discl. | (n + k — 1)-th discl. is at 77 TF=1)(M=R)/(M=k+1)
= p;(7"* >t or no (n + k)-th discl. | (n 4+ k — 1)-th discl. is at 7"*71).

We take 10,000 draws for each tuple (7,7, 7). This gives us the estimated belief fi; for cases
where 7 does not disclose.

When we need to evaluate [i; when timings are not on the grid {0,0.05,...,1}, we make
a linear interpolation.

Step 3. Value of disclosure In this step, we aim to obtain an estimate for the value of
disclosures. First, we estimate the value from bidding conditional on time-T history V;(h?, ¢)
by:

Vi(hT,c) = max (b—c)(1 —G_;(b|h")),
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where G_; is the estimated CDF of the lowest bid from opponents. We estimate this object
for all A” and for all values of estimated construction costs. For h”, we include the number
of disclosures from opponents, a dummy for whether i disclosed, and i’s disclosure timing.
we evaluate V; on a grid of disclosure timings: {0,0.05,...,1}. A linear interpolation is made
when necessary.

Next, we estimate the values with and without disclosure, v!7(h7, ¢) and v*7(h7, ¢). This
value is estimated by:

o7 (h7,c) = /m(hT,C) (W07 7 = 7,02 = j) dh"

for j = 0,1. Note that although we have expressed this as an integration, due to our
estimation procedure, ji; is a discrete distribution. Therefore, this calculation turns out to be
a summation, in practice. We estimate these objects for all A” and for all values of estimated
construction costs. For A”, we include the number of disclosures from opponents and the
most recent disclosure timing. The values are evaluated on a grid of time 7: {0,0.05,...,1}.
A linear interpolation is made when necessary.

Then, value of disclosure Av™(h™,¢) can be estimated as:

Av (7, ¢) = 0V (h7,¢) — 0°7 (K7, ).

Step 4. Model primitives The model primitives are estimated via maximum likelihood
as described in the main text. We calculate standard errors via bootstrapping. Our final
procedure bootstraps over the entire estimation procedure to incorporate estimation error
in earlier steps.
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A.4 Simulating the Status Quo and Model Fit

We simulate the auction outcome under status quo using our estimates to consider counter-
factuals and evaluate the model fit. The procedure is as follows:

1. For each potential bidder i, we draw a tuple (7;,c” ,ciQ,ci) — arrival timing, entry
cost, disclosure cost, and construction cost—. Moreover, we make draws for whether ¢

considers entry and whether ¢ is forced to disclose.

2. Starting from the firm with the earliest arrival timing, we determine their actions on
entry and disclosure. For entry, we use the estimated value of entry v”(h”) to assign

the entry action. For disclosures, we use the estimated value of disclosure Av’ (h” ).

3. Repeat the previous step until all the actions are determined for the firm with the
latest arrival timing.

4. Now that the time-T history h' is determined, we solve:

argrbnax(b —¢;)(1 = G_i(b|h™))

and obtain b; for each entrant.

We repeat this procedure for 10,000 times.

Figure A.1 shows the observed and simulated outcomes from the auction. The model does
relatively well fitting the overall shape of the actual bid distribution, number of entrants,
number of disclosures, and timing of disclosures.
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A.5 Appendix Tables

Table A.1: Secret reserve price

Distribution: Log-normal

Parameters Estimate S.E.
I 0.738 0.079
o 0.261 0.057

Note: Table shows parameters for the
distribution of the secret reserve price.
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Table A.2: History Transition

Variables Estimate S.E.
ot
Constant 0.720 0.358
# Q posted (n) -0.214  0.141
In(# Pot. Bidders not posted Q yet +1) 0.099 0.136
Time of previous Q (77) -0.873  0.164
Type:
Overlay -0.222 0.081
Safety -0.054 0.099
Bridge -0.291 0.100
Recons -0.655 0.135
Others Reference
District:
Missoula Reference
Butte 0.060 0.071
Great Falls 0.133 0.068
Glendive 0.079 0.082
Billings 0.130 0.089
log o,
Constant 0.447 0.248
# Q posted (n) 0.237 0.433
In(# Pot. Bidders not posted Q yet +1)  -0.407  0.131

Note: This table presents estimated parameters (8#t,0%t) that relates to
the distribution of (n+1)-th disclosure, conditional on the n-th disclosure.

The specification is described in Step 2 from Section 1.6.
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Appendix B

Appendix to Chapter 2

B.1 Proofs

We use BNE, BCE, MPE, and MCE for Bayes Nash equilibrium, Bayes correlated equi-
librium, Markov perfect equilibrium, and Markov correlated equilibrium, respectively, for
brevity in the following proofs.

Proof of Lemma 1
Proof. (=) Let 3 be a MPE of (G, S). 3 induces (G”,S). The BNE best-response condition
is directly implied by the MPE condition of (G, S).

(<) Let 8 be a BNE of (G”,S). The BNE best-response condition implies that there is
no profitable one-shot deviation given that each player expects all players to follow the
prescription of 5 in the future. The absence of profitable one-shot deviation implies that

is a subgame perfect equilibrium of (G, S) by the one-shot deviation principle. Therefore, 3
is a MPE of (G, S). O

Proof of Lemma 2

Proof. The statement follows by applying the one-shot deviation principle. O]

Proof of Lemma 3

Proof. Tt is enough to show that V’ (z) = Vi (z) for all i € 7 and 2 € X because then it
follows that viﬁ (a,z,e) =0 (a,x,¢e) foralli e Z, a € A,z € X, and € € £.
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Recall that V/” and V satisfy (2.4) for (G, S*) and (2.5) for (G, S), respectively. Since

)

f induces o, (2.4) for (G, S*) is equivalent to

Z ¢6|LE7TT|J:€ T|$€Tﬂa|a} T, T <uz (CL z,e +5ZVB fm’|ax€>

87'7'(1

= Z¢a|xﬂ—r\x£0—a|xar (uz (a z, 5 +5ZVIB fx’|aa:a) )

g, T,a

where fujz.r7 = HZI L Bi (a;]z, 73, 7;). Comparison of the above equation for Vf and (2.5) for
(G, S) that defines V7 implies that V;° = V. O

Proof of Theorem 1

Proof. To prove the statement of the theorem, we make use of Theorem 1 of Bergemann and
Morris (2016) (BM), which we restate below.

Lemma 4 (BM Theorem 1). Let (G,S) be a static game of incomplete information. A
decision rule o is a BCE of (G,S) if and only if, for some expansion S* of S, there is a
BNE of (G, S*) that induces o.

(C) Suppose o is a MCE of (G,S). We want to show that there exists an expansion S*
and a strategy profile 8 in (G, S*) such that 8 is a MPE of (G, S*) and (8 induces o. Since
o is a MCE of (G, S), it is a BCE of (G?,S). By BM Theorem 1, there exists an expansion
S* of S and a strategy profile § of (G?, S*) such that 5 is a BNE of (G?,5*) and  induces
o. But since G7 = G?, 3 is also a BNE of (GB, S*), which in turn implies that 5 is a MPE
of (G, S*).

(D) Suppose S is a MPE of (G,S5*). We want to show that if g induces ¢ in (G, S5),
then o is a MCE of (G, S). Since § is a MPE of (G, S*), it is a BNE of (G”,S*). By BM
Theorem 1, if ¢ is induced by 3, then ¢ is a BCE of (Gﬂ, S). But since G# = G, ¢ is also
a BCE of (G7,S), which in turn implies that ¢ is a MCE of (G, S). O

Proof of Corollary 1
Proof. (C) Take ¢ € PMCE (G, S). By definition, there exists ¢ € PMCE (G S) such that

q induces ¢, i.e.,pqs = ZSEg,TET Ve|aTriz,ealwers Va € A, v € X. The;ut’iigre exists S* such
that S* g S and g € Pé‘gﬁ (G, S*), implying that ¢ € PMPE (G, S).

(2) Take ¢ € Uges,s PI%PE (G,S*). Then there ex1sts S* such that S* g S and
NS P%EPE (G, S*), which implies that there exists q € P%JIZET (G, S*) such that ¢ induces ¢.

Then since ¢ € PMCYE (G S), we have ¢ € PMCE (G S). O

alz,e,m alz
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Proof of Theorem 2
Proof. Let ¢ € PMCE (G SY). We want to show ¢ € PMCE (G S?). From our Theorem 1,

alz,e,m alze,m
we have

rPMCE (G, Sl) — U PMPE (G, S*) and PMCE (G, 52) — U PMPE (G, S**)

alz,e,m alz,e,m alz,e,m alz,e,m
S*-gSt S** 5 §2

If ¢ € PMCE (G S1), then there exists S* such that ¢ € PMPE (G S*). But since S* =p S*

alz,e,m alz,e,m

and S' Zg S?, we have S* ZZp 5%, which implies ¢ € Jguer , o PMPE (G S**) which is what

alz,e,m

we wanted to show. O

Proof of Theorem 3

Proof. We want to show that ©}“%(S) = Ug-, g OMPE(S). Take # € OMCF(S). By def-
inition, ¢ € P%CE(Ge,S). By Corollary 1, there exists some S* =g S such that ¢ €

x

PTP(G, S*). But this immediately implies § € ©7'77(5*), and thus 6 € g, g OMPE(G),

alz
The proof of converse follows the above steps in reverse. m

Proof of Theorem 4

Proof. The statement follows from Theorem 2. n

Proof of Theorem 5

Proof. The statement directly follows from the fact that the constraints (2.8), (2.9), (2.10),
and (2.11) characterize the MCE identification conditions as implied by the definition of
identified sets. Note that the ex-ante value function equation (2.11) is equivalent to (2.5)
because

§ ¢£|x7rr|x,ao-a\x,a,’r E ‘/i,a:’fx’\a,az = E <§ 77Z)5|cc77—T|:z:,ao-a96,5,7) V;,z’far’|a,x
e,T

e,T,a x’ a,x’

= Z ¢a|x‘/i,x’ fx’\a,x-

a,x’

Proof of Theorem 6

Proof. The ex-ante value function (2.14) can be derived by expanding (2.5) and imposing
(2.12) similarly to the proof of Theorem 5 in Appendix B.1. The obedience condition (2.13)
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is derived as follows. The obedience condition in the fully robust case is

0/ 1
E Ve|p0a|z,00; (a5, i, T, ;) < 0. (B.1)
£,a_;
But since
E : 0/ 1
wa|zaa|$,avi (aia a_;, T, 51’)
g,a_;
0.1
= E ws|x0-a|x,s (Ul (aia a—;, T, 5i) +9 E V;,x’fx’a;,a_i,m>
£,a—; x’
O/ 1
- E ¢a|x0-a|a:,aui (aiaa—hxagi) + 5 <§ we|mgax,e> <5 § %,x’fxﬂa;,ai,z)
€,a_4 a_; € x/
O 1
= E ws|x0a|m,€ui (ai: a_;, T, gi) +9 E ¢a\x%,x’fx’|a;,a,i,xv
€,a—4 a_;,x’

where the last equation is obtained by imposing (2.12), the obedience condition (B.1) can
be replaced by

0 / . /
E ¢€\xaa|x,€au@' (aiv a, T, 82') +9 E ¢a\x‘/i,a:’afx/|a§,a,x < 07 VZ, T, ai, Q;

£,a_; a_;,x’

where 0u!(a}, a,z,¢;) = uf(a}, a_;, x, ;) — ul(a,z,¢;) and Ofatae = felata—ie — farlae O

Proof of Theorem 7

Proof. By construction, Pr (91((15) C Usea, @1((25)) > Pr(¢ € &,). By taking the limit
inferior on both sides, we obtain the desired result. The remaining statement holds by the
definitions of ©;(¢) and OF. O

B.2 Interpretation of Counterfactual Analysis

As noted in a series of papers (Aguirregabiria and Suzuki, 2014; Kalouptsidi, Scott and Souza-

Rodrigues, 2017, 2021; Aguirregabiria, Collard-Wexler and Ryan, 2021), normalizing the flow

payoff from the outside option to zero is not without loss of generality for counterfactual

analysis. However, we provide a way to interpret our normalization and counterfactual

analysis under the assumption that a parametric specification is correct.
Suppose that the flow payoff is given by

Yo+ 0w + 07 (1 — zi) + 07 caj + e ifayg =1

i,ec

. 9
0F . zis ifa;=0

1,8V

uf(aih Qjt, Ty, Eit) = { (B.2)
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where 07, < 0 is the true entry cost and 67, > 0 is the true scrap value. A critical
assumption in (B.2) is that the scrap value is independent of the market characteristics.

Payoff (B.2) implies that the payoff difference is

Uf(l, ajt7 T, 5it> - U?(O, ajt7 T, €it) =
( ZO - 9;81}) + ej,wwt + (H;ec + GZSU) (1 - Zit) + ej,ceajt + €t

Thus, the estimated intercept captures (67, — 0;,) (i.e., fixed cost net of scrap value), and

1,8V

the estimated entry cost captures (6., + 0;,,) (i.e., entry cost net of scrap value). This is

consistent with Aguirregabiria and Suzuki (2014) that the fixed cost, entry cost, and scrap
value are not separately identified.

Now consider the counterfactual experiment of reducing the entry cost as in Section 2.6.

One can show that this is equivalent to holding 6}, fixed and reducing 607 . (making it less

2,8V 1,ec
negative) to 6;%, by

i,ec
GZZC = 6;:60 — A (QZec + 92(,31)7
—_——

<0

where ) is the proportion of entry cost intended to be cut. Thus, our counterfactual exper-
iment is equivalent to providing an entry subsidy equal to A of the entry cost net of scrap
value.
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Appendix to Chapter 3

C.1

Other Summary Statistics

Table C.1: Average THA/TKA patient comorbidities (1999-2019)

Full Experienced
Sample Specialist
N 1,315,864 1,238,534
Alzheimer’s Disease 0.017 0.017
Acute Myocardial Infarction 0.007 0.007
Anemia 0.580 0.579
Asthma 0.102 0.102
Atrial Fibrillation 0.111 0.112
Heart Failure 0.150 0.149
Chronic Kidney Disease 0.161 0.163
Cancer 0.127 0.127
Chronic Obstructive Pulmonary Disease 0.132 0.131
Depression 0.203 0.204
Diabetes 0.266 0.266
Hip/Pelvic Fracture 0.025 0.024
Hyperlipidemia 0.627 0.632
Hypertension 0.812 0.812
Ischemic Heart Disease 0.363 0.361
Osteoporosis 0.131 0.131
Rheumatoid Arthritis/Osteoarthritis 0.994 0.994
Stroke/Transient Ischemic Attack 0.034 0.034

Notes: Comorbidities are coded by the Chronic Condition Warehouse
(CCW). Cancer combines all site-specific cancers in the CCW (En-

dometrial, Breast, Colorectal, Lung, and Prostate Cancer).
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C.2 Other Preliminary Evidence

Asian Specialist Referral Share

Black Specialist Referral Share
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C.3 Other Structural Estimates

Table C.2: Coeflicients on patient comorbidities for THA/TKA outcome

regressions
Outcome: THA/TKA Revision(%)
R = Asian R = Black R = Hispanic R = White
(1) (2) (3) (4)
Alzheimer’s Disease 0.0864 0.0886 0.0885 0.0896
(0.0895) (0.0895) (0.0896) (0.0895)
Acute Myocardial Infarction -0.0976 -0.0993 -0.0975 -0.0991
(0.1150) (0.1150) (0.1150) (0.1151)
Anemia 0.6349*** 0.6375*** 0.6348*** 0.6380**
(0.0361) (0.0362) (0.0360) (0.0362)
Asthma 0.1232*** 0.1257*** 0.1232%** 0.1255***
(0.0266) (0.0266) (0.0266) (0.0265)
Atrial Fibrillation 0.1845*** 0.1801*** 0.1835*** 0.1784***
(0.0348) (0.0349) (0.0348) (0.0348)
Heart Failure 0.2716*** 0.2743** 0.2720*** 0.2746***
(0.0355) (0.0355) (0.0355) (0.0355)
Chronic Kidney Disease 0.3629*** 0.3660*** 0.3626*** 0.3653***
(0.0318) (0.0316) (0.0318) (0.0316)
Cancer -0.0451* -0.0442* -0.0461* -0.0458*
(0.0246) (0.0246) (0.0246) (0.0246)
COPD 0.1800*** 0.1789*** 0.1796*** 0.1778***
(0.0314) (0.0314) (0.0315) (0.0314)
Depression 0.6015*** 0.5973*** 0.6017*** 0.5962%**
(0.0254) (0.0257) (0.0255) (0.0255)
Diabetes 0.0052 0.0091 0.0067 0.0114
(0.0228) (0.0226) (0.0228) (0.0227)
Hip/Pelvic Fracture 44727 4.469*** 44717 4.468***
(0.2093) (0.2091) (0.2093) (0.2092)
Hyperlipidemia -0.0654***  -0.0677*** -0.0659*** -0.0680***
(0.0159) (0.0159) (0.0160) (0.0160)
Hypertension 0.1680** 0.1725*** 0.1681*** 0.1723***
(0.0175) (0.0177) (0.0175) (0.0176)
Ischemic Heart Disease 0.0292 0.0286 0.0291 0.0286
(0.0227) (0.0227) (0.0227) (0.0227)
Osteoporosis 0.2730*** 0.2694*** 0.2731%** 0.2712%**
(0.0340) (0.0340) (0.0340) (0.0340)
RA /Osteoarthritis 2.678*** 2.678*** 2.678*** 2.678***
(0.2344) (0.2343) (0.2344) (0.2343)
Stroke/TIA 0.1598** 0.1606** 0.1596** 0.1603**
(0.0621) (0.0620) (0.0620) (0.0620)

Notes: Standard errors are clustered at the HRR and year level. Comorbidities are
coded by the Chronic Condition Warehouse (CCW). Cancer combines all site-specific
cancers in the CCW (Endometrial, Breast, Colorectal, Lung, and Prostate Cancer). Ab-
breviations are COPD for Chronic Obstructive Pulmonary Disease, RA for Rheumatoid
Arthritis, and TIA for Transient Ischemic Attack.
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C.4 Other Counterfactual Figures
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