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1 Introduction

In many common value auction settings, the winning bidder has to make investment deci-
sions that depend on the expected value of the auctioned object. Often, this value remains
uncertain to the winning bidder even after the auction. To address this uncertainty, the
winning bidder utilizes the information contained in the bids of rival bidders to form a belief
about the value of the auctioned object in addition to using its own private signal. In such
cases, whether and how the losing bids are revealed impact not only the equilibrium bids
but also subsequent strategic decisions and social welfare.

The often-studied Outer Continental Shelf (OCS) leasing auctions are an example of
such a setting. In an OCS leasing auction, the auctioneer (the government) sells the right to
explore and produce oil and gas on federal offshore tracts using a first-price sealed-bid format.
After winning the auction, the winning bidder remains uncertain about the tract’s resource
potential and must undertake costly exploratory drilling to resolve this uncertainty. The
auctioneer’s revenue comprises both the winning bid and a royalty on the tract’s production
revenue. If the tract remains unexplored, the royalty payment to the government is zero.
Importantly, after the auction outcomes are determined, the losing bids are disclosed to the
winning bidder. Given the common-value nature of the tract, lower losing bids can act as a
discouraging signal for further exploratory drilling.

This paper studies how strategically withholding information about the losing bids can
increase the auctioneer’s revenue in OCS auctions from 2000 to 2019[] Relative to a full
disclosure benchmark in which all losing bids are disclosed to the winning bidder, the main
economic tradeoff of an alternative disclosure policy is between lower bid revenue and po-
tentially higher royalty revenue. The reduction in bid revenue is due to the increase in the
uncertainty faced by the winning bidder when deciding whether to explore, resulting in a
lower profit from winning the auction. However, by strategically pooling ‘bad’ information
(i.e., low losing bids) with ‘good’ information (i.e., high losing bids), the auctioneer is able

to increase the expected probability of drilling and hence royalty revenue.

IBid disclosure policies are utilized in practice in other auction settings, but there has been no systematic
study of their effectiveness. For example, in 2009, the FDIC stopped releasing the identity of losing bidders
and the second-highest bid in failed bank acquisition auctions, which sparked outrage from industry insiders
(Fajt, 2009). In the US spectrum auction, the FCC utilizes a ’limited disclosure’ rule in which only the
number of bidders and the provisional winning bid are announced after each round (Xiao and Yuan) [Forth-
coming)). Similarly, bidders on Google Ads auctions were concerned about the lack of transparency regarding
information on losing bids (Josephl 2020). In some cases, losing bidders prefer to withhold information on
their bids. For instance, several US states blocked the release of information on their offers to host Amazon’s
second headquarters.



To motivate this exercise, I first provide suggestive evidence that shows the significance
of the aforementioned economic tradeoff. First, in this setting, the royalty revenue accounts
for approximately 85% of the total revenue of the auctioneer. However, the exploratory
drilling rate is low—only 24.5% of leased tracts were explored. This low exploration rate is
an ongoing concern for the federal government, and multiple policy adjustments designed to
improve the exploratory drilling rate have been proposedE] Second, the reduced-form anal-
ysis highlights a strong and positive correlation between the winning bidder’s exploration
likelihood and the value of the losing bids. According to the regression results, a 1% increase
in the average losing bid is associated with a 0.035 percentage-point increase in the proba-
bility of exploratory drilling. This suggests that the winning bidder utilizes the rival firms’
bids to infer their private information on the tract’s production value. As a comparison,
a 1% increase in the winning bid is associated with a 0.039 percentage-point increase in
the probability of exploratory drilling. As a firm’s bid is increasing in its expectation of the
tract’s production value, this implies that the winning firm’s exploration decision is similarly
affected by the (inferred) information of its rival firms as by its own private information.

I construct a model of a first-price sealed-bid common value auction where the auctioneer
designs and commits to how the information on the losing bids is revealed. This disclosure
policy is publicly announced to all bidders before bid submission. In the model, bidders have
private information about the production value of a tract, which they use to form their bids,
but they also face uncertainty regarding the cost of exploratory drilling. After the auction,
the winning bidder receives information about the losing bids and the realized exploration
cost, updates its belief about the tract’s profitability, and then decides whether to undertake
exploratory drilling. My first contribution is to characterize the equilibrium bidding strategy
in such a setting. Under a policy of full disclosure of the losing bids, the equilibrium bidding
strategy resembles that of a standard common value auction, exhibiting the ‘winner’s curse’
phenomenon: winning the auction indicates that the winning firm is overly optimistic on the
production value of the tract; anticipating this effect, every firm depresses its bid. Under
a nondisclosure policy in which the winning bidder does not receive any information about
losing bids, bidders further reduce their bids due to two effects. First, the expected value
from winning the auction now decreases because of the lack of information available to the
winning bidder ex post. Second, by not observing the second-highest bid, the winning bidder

perceives the auction as being less competitive. I show that this intuition generalizes to the

2For example, the 1995 Deepwater Royalty Relief Act provided large royalty suspension volumes to lessees
of deepwater tracts to promote exploration, development, and production.



case of a more general bid disclosure policy, and under a monotonic symmetric bidding
equilibrium, the equilibrium bid is always lower than that under a full-disclosure policy.

While the theoretical prediction on the reduction of bid revenue when switching away
from a full-disclosure policy is clear, whether this reduction can be offset by an increase in
royalty revenue is an empirical question. My empirical analysis relies on two datasets. The
first is a publicly available dataset on the US offshore auction outcomes, which are under
a full-disclosure policy, and the tracts’ drilling and production activities post-auction. The
second dataset is a proprietary dataset on all the contracts between the oil/gas firms and
the offshore rig company employed by the oil/gas firms to engage in drilling. The objects of
interests are (1) the joint distribution of the firm’s private signals and the true latent oil/gas
potential of the tract and (2) the distribution of the exploration cost. In the absence of any
unobserved heterogeneity in the tracts’ values, the identification of the joint distribution of
private signals and the latent value of the tract is straightforward when this latent value is
observed ex post. In my setting, additional difficulty arises because the ex post production
value of a tract is available only if the tract is explored, but the exploration decision is
endogenous to the winning firm’s belief after the auction and the unobserved exploration
cost.

Therefore, another of my contributions is to provide an alternative way to identify the
parameters of a common value auction without relying on the ex post value. Identifying
the joint distribution of the firms’ private signals and the latent tract’s value is equivalent
to identifying (i) the marginal distribution of the signals and (ii) the conditional mean of
the latent value as a function of all bidders’ realized signals. The former object is identified
from the empirical bid distribution. The identification argument of the remaining objects—
i.e., the conditional mean function and the distribution of the exploration cost—utilizes
the variation in exploration decisions across bid realizations. Since this variation comprises
the variation in both the conditional mean across bids and the ex post exploration costs,
which are not observed, I disentangle these two objects using a cost shifter that affects the
distribution of the exploration costs but does not influence the firm’s posterior belief about
a tract’s resource potential. I show that when such a cost shifter exists, the objects of the
model are nonparametrically identified. In the estimation, the cost shifter is constructed
using rig costs, which are a significant component of the exploration cost, of past contracts
associated with the nearby tracts. Thus, this cost shifter represents the rig market condition
of a tract prior to its auction date.

My estimated parameters show that the OCS auctions are a favorable setting for imple-



menting an alternative bid disclosure policy to increase the auctioneer’s expected revenue.
First, although bidders’ private signals are positively correlated, the correlation is low (0.11
and 0.12 for deep and shallow tracts, respectively). This implies that there is substantial
uncertainty about the private information of rival firms, and the winning bidder’s posterior
belief about the profitability of a tract is sensitive to the information on the losing bids.
Second, I find that the relationship between the likelihood of exploratory drilling and the
expected value of the tract under full disclosure is nonlinear. This nonlinearity arises due
to both the option value of not drilling and the shape of the exploration cost distribution.
As understood from the information design literature (Kamenica and Gentzkow), 2011), the
nonlinearity suggests scope for revenue gains from strategically designing the bid disclosure
policy.

In the first counterfactual exercise, I consider the effect of the nondisclosure policy. In this
environment, the bidders decrease their bids by 1.13% for shallow tracts and by 4.23% for
deep tracts. However, the post-auction exploration rate increases by 0.4 percentage points
on average, which leads to a 1.61% and 2.37% increase in royalty revenue from shallow and
deep tracts, respectively, resulting in a net increase in overall revenue of $0.63 million and
$0.81 million for each type of tract. The differential effects between deep and shallow tracts
reflect the differences in the characteristics of the tracts. For example, bidders have more
precise information about shallow tracts (i.e., a more informed prior belief) than about deep
tracts; therefore, the effect of a change in the bid disclosure policy on drilling outcomes as
well as equilibrium bids tends to be smaller for shallow tracts. In addition, I show that the
significant increase in royalty revenue results from increased exploration of more productive
tracts. Furthermore, achieving a positive revenue gain from a nondisclosure policy requires
the correlation between bidders’ signals to be sufficiently low. For instance, if the correlation
exceeds 0.5, implementing a nondisclosure policy leads to a revenue loss on deep tracts for
the auctioneer.

In the next counterfactual exercise, I explore the gains from using more general disclosure
policies. A natural generalization that encompasses both nondisclosure and full-disclosure
policies is a policy in which the auctioneer releases information on all losing bids below
a preset threshold and withholds information on the exact magnitude of bids above this
threshold. This policy is theoretically interesting because it represents the royalty-revenue-
maximizing disclosure policy when drilling costs are binary (either high or low). I also
consider a policy in which the k& highest (e.g., the highest and the second-highest) losing

bids are not revealed. This policy is of particular empirical interest because it has been



applied in other procurement settings| The results suggest that a nondisclosure policy is
revenue-maximizing for most tracts within the class of disclosure policies considered.

Although the auctioneer’s revenue increases significantly when an alternative policy is
implemented, it is important to examine whether such a policy induces welfare loss. In
my model, the socially optimal outcome is achieved only when the royalty rate is zero
and the winning bidder receives all available information before engaging in exploratory
drilling. Given a positive royalty rate, which is a tax on the production revenue for the
winning firm, the probability of exploratory drilling is always distorted downward under a
full-disclosure policy. By removing some information on the losing bids ex post, we introduce
another distortion to the firm’s drilling incentive. However, I show that deviating from a full-
disclosure policy might result in overall welfare gains. For instance, at the current royalty
rate, which averages 12% in the sample, the nondisclosure policy reduces the distortion
caused by the positive royalty rate for approximately 80% of tracts, leading to significant
welfare gains for deep tracts. This welfare gain arises because the positive impact of a
nondisclosure policy on drilling is concentrated in more productive tracts. Therefore, a
nondisclosure policy, on average, restores the drilling incentives for productive tracts but
does not cause excessive drilling for unproductive tracts.

The remainder of this paper proceeds as follows. I first discuss the related literature in
the next section. I then discuss the data and motivating evidence for information design on
bids in Section [3| I present the model in Section 4] and provide the identification argument
and estimation results in Section [5] The counterfactual exercises are in Section [6] Finally, I

conclude in Section 7.

2 Literature Review

My paper adds to the empirical literature on auction design with ex post actions. Earlier
works, such as |Athey and Levin (2001), Lewis and Bajari (2011)), and |Bajari et al.| (2014]),
study the equilibrium bidding strategy in scoring auctions in which each bid is an incentive
contract. For example, |Athey and Levin| (2001) study timber auctions in which firms bid a
per-unit price for each timber species, and bidders have private information about volumes
of species. In these papers, however, there is no ex post uncertainty. More recently, |Bhat-
tacharya et al. (2022)) studies auction design for onshore oil auctions in which they model

the winning bidders observing the production value of the lease ex post and strategically

3See the discussion in Section



delaying production in response to oil price uncertainty. In my OCS setting, the incentive to
strategically delay production is not a first-order issue because the production duration of an
offshore lease can be longer than 30 years. Instead, I focus on the effect of auction outcomes
on the winning bidder’s belief about the tract’s latent production value and subsequent
drilling decisions.

My paper also complements the literature on the role of information in altering an eco-
nomic agent’s behavior in general and in auctions in particular. Since the work of [Kamenica
and Gentzkow| (2011), there is a rapidly growing theoretical literature on how to optimally
design information revelation policy to persuade economic agents; however, there is still lim-
ited attention on quantifying the potential benefit of information design in empirical markets.
In the context of auctions, theoretically, Milgrom and Weber| (1982) and [Es6 and Szentes
(2007) study the auctioneer’s information disclosure policy when the auctioneer has access
to exogenous signals that are affiliated with the bidders’ valuations. Empirically, [Takahashi
(2018); [Allen et al.| (2022)), and |[Krasnokutskaya et al. (2020)) study environments in which
the bidders are uncertain about the scoring rule of an auction with multidimensional bids.
In these papers, the uncertainty in the scoring rule stems from the auctioneer having private
information on the project, and whether this information is revealed to the bidder has im-
plications for the bidding strategies. In contrast, in this paper, I study the strategic decision
of an auctioneer to disclose the rival bidders’ information that is privately revealed to the
auctioneer through their sealed bids.

In addition, my paper contributes to the literature on the identification of auction models.
Hendricks et al| (2003) and Athey and Haile| (2007) establish the identification result for a
standard pure common value when the ex post values are observed, utilizing the bid inversion
method of |(Guerre et al.| (2000)). However, as previously mentioned, in my setting, the ex post
values are not perfectly observed because only the explored tracts can be productive, and the
exploration decision is endogenous to the latent production value. Similar to|Somaini| (2020)),
my identification argument requires a cost shifter that affects the distribution of the ex post
drilling cost of the winning bidders; however, the role of the cost shifter is different here than
in [Somaini (2020). Whereas in |Somaini (2020), bidders’ costs are privately observed and
interdependent, and the cost shifters are bidder-specific, in my model, bidders do not have
private information about their drilling costs, and the cost shifter is needed only to recover
the unobserved distribution of drilling costs.

Finally, my paper contributes to the literature on the role of information in strategic

exploration decisions within the oil and gas market. |Porter| (1995) and Hendricks and Porter



(1996)) examine the determinants of exploratory drilling in U.S. offshore oil and gas auctions
from 1954 to 1979, focusing on information spillovers among neighboring leases and the
informational effects of auction outcomes. However, the market environment during this
period differs significantly from mine, as most tracts (75%) were explored, and auctions only
occurred if a tract was nominated by an oil or gas company. As a result, Hendricks and
Porter| (1996) did not find a positive correlation between the value of the losing bid and the
exploration rate. |Lin/ (2009, 2013), and Hodgson| (2018)) explore the strategic decision of oil
and gas companies to delay exploration in order to free ride on information from neighboring
leases’ exploration outcomes. In contrast, my paper abstracts from the timing of exploration
decisions and instead focuses on the impact of auction outcomes on whether exploration

occurs and how this affects optimal auction design.

3 Data and Motivating Evidence

3.1 Institutional Setting and Data

I use the publicly available data from the Bureau of Ocean Energy Management (BOEM)
on OCS auctions from 2000 to 2019f] Each year, the BOEM holds sales in which the right
to drill and extract the oil and gas from each available tract is auctioned. The BOEM data
include the bid amounts of all bids submitted to each auction, the identity of the bidders,
and whether the government accepts the highest bid as the winning bid. The data also
include information on all well activities, such as when a well was drilled and when it was
abandoned, and production activities of each well. If there is no drilling activity within a
fixed lease term, which is between 5 and 10 years, the ownership of the tract reverts to the
government. Otherwise, the lessee can continue exploration and production activities on the
lease.

I supplement the BOEM data with the rig contract data from Rystad, which document
all the rig contracts that were active at any point in the period from 2000 to 2019. Rigs are
vital capital required for well drilling and are not owned by the oil and gas companies that
are the tracts’ leaseholders. Rigs are often contracted on a daily rate for a period between 3
months and a year. The data specify the tender date, the commencement date, the parties
involved in the contracts, the daily rig rates, and the scope for each rig contract. Table

in the Appendix summarizes the average duration and costs of rig contracts.

4Hendricks and Porter| (2014) provides a comprehensive overview of the OCS auctions and how they
evolved over the period from 1954 to 2002.



During this period, all of the available unleased areas are available to be auctioned. The
auctions’ format is first-price sealed-bid with an announced minimum bid and a fixed royalty
rate. The royalty rate determines the amount of post-production revenue that the winning
bidder must pay to the government should production occur. The government might choose
to reject the highest bid if it deems that there is insufficient competition for the lease. During
the data period, the government rejects the highest bid only when there is one bidder (0.84%
of all auctions were rejected).

Prior to the auction, potential bidders first acquire seismic information from a geophysical
company, which is then processed by geophysicists at the oil and gas firms and will be further
updated as new data arrive. The methods used by the bidders to process the data are
proprietary. After the auction’s outcome is revealed, the winning bidder decides whether to
conduct exploratory drilling to determine if the tract contains profitable natural resources.
If the outcome of an exploratory well is successful, the firm may decide to drill development
wells to start production, and the result of this development stage is more certain than that
of the exploration stage.

In this setting, firms are allowed to bid jointly, but large crude oil and gas producers face
restrictions. These bidders cannot form joint bids, nor can they bid separately if they have
agreements with other restricted bidders. Additionally, they are prohibited from making
pre-bid agreements to transfer potential lease interests to individuals on the restricted joint
bidder list. From 2000 to 2019, in auctions with at least two bidders, 25% of bids were joint,
and 44% of auctions included at least one joint bid. Across all joint ventures, joint bids are
more common for highly competitive and deeper tracts. However, among these, joint bids
between large firms are more likely for shallower tracts, where uncertainty about oil and
gas deposits is typically lower. Furthermore, joint winning bids among large firms are not
associated with a higher ex post probability of discovering oil or gas. This suggests that firms
primarily form joint bids to meet the capital requirements for bidding and, potentially, to
reduce competition rather than to pool information among informed biddersf’| In Appendix
[F] T present a detailed analysis of firms’ incentives to form joint bids.

Table [1| presents the summary statistics for auction outcomes and subsequent exploration
and production activities from 2000 to 2019, focusing on auctions with at least two bidders.
These auctions represent 23% of all auctions conducted during this period. There is sub-

stantial bid heterogeneity both across and within the auctions. For example, the average

9Hendricks and Porter (1992) examines joint bidding in OCS auctions from 1954 to 1979. The restriction
on joint bidding was introduced in December 1975. During this period, capital constraints were also a likely
explanation for joint bid formation.



Table 1: Summary statistics of 2000-2019 auctions with at least two bidders

Statistic N Mean  St. Dev. Max Min
First bid 2,510 5,089 11,733 157,111 10.10
Second Bid 2,510 2,067 6,180 84,391 4.24
Average losing bid 2,510 1,308 3,480 56,964 4.24
Number of bids 2,510 2.71 1.30 13 2
Fraction of explored tracts 2,510 0.25 0.43 1 0
Oil production 288 1,820 5,571 42,880 0
Gas production 288 11,498 27,151 253,421 0

Note: The bids are expressed in thousands of dollars. Oil production is measured in thousand
barrels of crude oil, and gas production is measured in thousand MCF (1 MCF is equal to 1032
cubic feet). Some tracts produce only oil or gas, and some tracts produce both resources.

*In the empirical analysis, I utilize all available production data, which cover 1954 to 2019. Table
in the Appendix presents the summary statistics of this extended data period.

highest bid is more than twice as high as the average second bid. The exploration rate
during this period is low: only 24.5% of leases were explored, among which 46.8% were sub-
sequently developed.ﬂ The low exploration rate in this period is mainly due to the change
in the composition of available tracts which are now heavily concentrated in the deepwater
area. Deeper tracts require higher costs of exploration and development, and their resource
potential is inherently more uncertain. Figure [16|in the Appendix shows the increase in the
average tract depth and the decline in the percentage of successfully developed tracts among
explored tracts over time. In the Appendix, I also provide evidence that the low exploration
rates are not due to oil/gas firms’ binding exploration capacity constraints (Figure (17| and
Table [18).

In the OCS setting, due to the spatial correlation in oil and gas deposits, the observed
characteristics of a tract are high-dimensional. For example, the presence of a productive
tract makes it more likely for surrounding tracts to also be productive. Therefore, the ob-
served characteristics of a tract can include the relative distance of a tract to nearby explored
tracts, the relative distance to nearby productive tracts, and the production quantities of
those tracts. These characteristics affect both the equilibrium bidding strategies and the
drilling probabilities. Figure [23]in the Appendix displays the spatial distribution of explo-
ration outcomes (whether oil/gas was found) and the production quantities of productive

tracts in my data.

6The average exploration rate of auctions with only one bidder is 8.9%.



To reduce the dimension of the observed characteristics of a tract, I construct a set
of parameters to summarize the distribution of latent oil and gas quantities of each tract
based only on the exploration and production outcomes of previously explored tracts. In this
construction, oil and gas deposits are assumed to distribute in space according to a Gaussian
random field. For each tract, the distribution of a deposit type (oil or gas) is assumed to
be 0 with some random probability and follows a Gamma distribution otherwise. The scale
parameters of the Gamma distributions are also random, whereas the shape parameter is a
constant across tracts for each deposit type. The random components are assumed to be
correlated between tracts with the degree of correlation being determined by the distance
between tracts. The parameters of the Gaussian field are estimated using all available
production data (Table in the Appendix); however, the predicted oil/gas quantities of
a tract are computed based only on the realized outcomes of previously explored tracts.
Further details on this construction appear in Appendix [E| and the estimated parameters
of the Gaussian random fields and the shape parameters of the Gamma distributions are

reported in Table [40]in the Appendix .

Table 2: Distribution of (,uBernoulli,oil; M Bernoulli,gasy HGamma,oil, ,uGamma,gas) across tracts

Statistic N Mean  St. Dev. Max Min
Bernoulli Prior Mean (Oil) 2,510  0.11 0.11 0.53 0
Bernoulli Prior Mean (Gas) 2,510  0.25 0.28 0.90 0

Gamma Prior Mean (Oil) 2,010 22,375 22,787 107,155  22.87
Gamma Prior Mean (Gas) 2,510 53,361 25,042 358,667 7,167

Note: the mean column is the average of the estimated parameters across all tracts
in the sample of tracts that were auctioned between 2000 and 2019. The standard
deviation is also across tracts. The standard errors of these estimates are not reported.

HGamma,oil s measured in thousand of barrels of oil, and pGamma,ges 15 measured in
thousand of MCF.

Under this construction, each tract is now characterized by six parameters (upernoutti,oils
K Bernoulli,gas, fGamma,oils fGamma,gas, VAT Gamma,gas> VOT Gamma,oil) WHETe L Bernoutli oil ([ Bernoulli,gas)
is the probability that the tract contains oil (gas), fGamma,oeil(fGamma,gas) 1S the predicted
quantity of oil (gas) if oil (gas) is found, and vargemmacii (VaTGammagas) 1S the variance
of the distribution of oil (gas) if oil (gas) is found. Because the shape parameter of the
Gamma distributions is the same for all tracts, the variance of the Gamma distributions is
proportional to the squared value of the means scaled by the estimated shape parameter.

Therefore, in the subsequent analysis, I restrict the set of tract’s predicted production vari-
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ables to (lBernoutliyoils Bernoulligas, HGamma,oils HGammagas)- Lhese constructed values across
tracts are summarized in Table[2l The table shows substantial variation across tracts and a
low ex ante probability of finding any oil or gas. For example, based on these estimates, a
tract in the sample, on average, has a 11% probability of containing oil and a 25% probability
of containing gas. The constructed predicted production variables explain 82.95% (34.28%)
of the variation in whether gas (oil) is found, and 17.08% (41.08%) of the variation in gas
(0il) production quantity for productive tracts.

Using a similar procedure as described above, but incorporating the realized outcomes of
all tracts (rather than only previously explored tracts), I also construct a measure of the ex
post belief on oil and gas potential. The ex post belief reflects all information about a tract
based on the outcomes of all explored tracts prior to 2019. For productive tracts, the ex post
belief equals the realized production value. For tracts that have been explored but found
unproductive, the ex post belief equals zero oil and gas discovered. For unexplored tracts,
the ex post belief is more informative than the predicted production variables because it
incorporates more precise data from neighboring tracts. Figure[24]in the Appendix illustrates
the differences between the predicted production variables and the constructed means of the

ex post belief.

3.2 Motivating Evidence

In this paper, I focus on the extent to which the negative informational content from the
auction outcomes influences the drilling decision of the winning bidder. Columns (1)-(4)
of Table [3| show a positive and significant correlation between exploration decisions and
the value of the average losing bids, and this correlation persists even after including various
control variables. For instance, in columns (2) and (4), I incorporate variables characterizing
the predicted oil and gas production of each tract (i o, /4 gas, HBernoulli, oils ABernoull, gas)ﬂ In
columns (3) and (4), I include controls for neighboring tracts’ characteristics, such as whether
a neighboring tract was explored and whether this occurred before or after the auctionﬂ I
also control for the winning bidder’s characteristics, including whether the winning bidder

owns neighboring leases and whether these leases have been explored and found productive.

"The results in column (2) show that these predicted production variables are strong predictors of ex-
ploration decisions. For instance, a 1 percentage point increase in the predicted probability of finding oil
corresponds to a 0.3 percentage point increase in the likelihood of exploration. Moreover, compared to the
results in column (4), the findings from column (2) suggest that these variables capture significant hetero-
geneity across tracts in terms of production potential, exploration likelihood, and location characteristics.

8For each tract, I define "neighboring tracts” using a metric similar to that in Hendricks et al.| (2003,
identifying tracts within 0.11 degrees of latitude and 0.12 degrees of longitude.
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Furthermore, the magnitude of the effect of the average losing bid on the exploration rate is
similar to that of the winning firm’s own bid, suggesting that the winning firm’s exploration
decision is similarly affected by the inferred information of its rivals as by its own private
information

The regression results above may suffer from omitted variable bias if bidders have access
to information about a tract’s oil and gas potential beyond what is reflected in their bids. For
example, the winning bidder might conduct additional surveys and base their exploration
decisions on newly acquired information that was not part of the initial bid formation. How-
ever, the data suggest that ex post information acquisition is rare. Only 10% of tract owners
applied for additional permits for 3D and 4D surveys—considered the most informative for
exploration and development—before a tract was explored (Table|[21|in the Appendix). This
10% statistic likely represents an upper bound, as it includes permit applications for other
not-yet-auctioned tracts by the same lessees. To further address this concern, in Column
(5) of Table [3| I include variables that characterize ex post beliefs in the regression. This
approach mitigates omitted variable bias concerns under the assumption that unobserved
post-auction information correlates with the ex post variables and that the measurement er-
ror from using these ex post variables instead of the true latent information is uncorrelated
with the losing bids. The results indicate that the positive correlation between losing bids
and exploration likelihood persists even after accounting for ex post information.m

In my analysis, I assume that each winning bidder considers its exploration decision
independently between tracts. However, because the exploration outcomes on the adjacent
tracts are usually positively correlated, the leaseholders of the adjacent tracts might choose to
explore cooperatively to mitigate potential losses from overdrilling inefficiencies (Hendricks
and Porter, 2014). To measure the extent to which firms cooperate on their exploration
decisions among neighboring leases, I exclude explored (unexplored) tracts whose owners

entered into ownership agreements with nearby unexplored (explored) tracts, which account

9In Table [35]in the Appendix, I provide an alternative regression specification that separately examines
the effects of the second-highest bid, third-highest bid, and fourth-highest bid on the exploration decision.
The regression results indicate that higher losing bids are associated with a greater likelihood of exploration.
However, the effect of the fourth-highest bid is imprecise due to the limited number of auctions with four or
more bids.

10The increase in R? when including the ex post variables arises from the construction of the ex post
Gamma variables, which are equal to zero only if a tract is explored and found unproductive; otherwise,
these values are strictly positive for productive or unexplored tracts. Excluding the ex post Gamma variables
results in R? values that are similar to those obtained when the ex post variables are not included, indicating
that ex post outcomes—such as whether oil or gas is found—do not explain the variation in exploration rates
(Table [32]in the Appendix).
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Table 3: Correlation between the exploratory drilling rate and the auction outcomes

Exploration drilling = TRUE

(1) (2) (3) (4) () (6)

Winning bid (in log) 0.059 0.055 0.048 0.048 0.039 0.036
(0.010)  (0.010)  (0.010)  (0.010)  (0.008)  (0.009)

Average losing bid (in log) 0.040 0.051 0.041 0.042 0.035 0.026
(0.014)  (0.014) (0.013)  (0.013)  (0.012)  (0.013)

Number of bids 0.018 0.015 0.013 0.012 0.007 0.003
(0.008)  (0.008)  (0.008)  (0.008)  (0.007)  (0.008)
Predicted production for oil (Bernoulli) 0.311 —0.048 —0.260 —0.016
(0.112) (0.134)  (0.391)  (0.460)

Predicted production for gas (Bernoulli) 0.405 0.258 0.422 0.241
(0.062) (0.122)  (0.259)  (0.287)

Predicted production for oil (Gamma) (in log) —0.014 0.032 0.053 0.039
(0.011) (0.018)  (0.016)  (0.016)

Predicted production for gas (Gamma) (in log) —0.024 —0.022  0.008 0.026
(0.022) (0.025)  (0.022)  (0.022)

Ex post mean for oil (Bernoulli) 0.501 0.277
(0.361)  (0.427)
Ex post mean for gas (Bernoulli) —0.362 —0.168
(0.283)  (0.312)
Ex post mean for oil (Gamma) (in log) —0.039  —0.040
(0.002)  (0.002)
Ex post mean for gas (Gamma) (in log) —0.036  —0.039
(0.002)  (0.003)

Neighbor and winning bidder characteristics No No Yes Yes Yes Yes

Area FE No No Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

Exclude Shared Ownership No No No No No Yes
Observations 2510 2510 2510 2510 2510 1,988
Adjusted R? 0.197 0.240 0.315 0.316 0.473 0.539

Note: The variables that describe the characteristics of winning bidders include the number of

tracts owned by lessees that have not been explored or under production, those under explored,

and those under production. The variables that describe the characteristics of neighboring tracts

include the average bids from neighboring tracts, the number of neighboring tracts that were

explored, and the number of neighboring tracts that were under production. In Column (6),

leases with shared ownership of nearby tracts are excluded. Standard errors are in parentheses

and adjusted for heteroskedasticity. The ex post Gamma variables may equal zero, so they are

scaled up by adding 1 to ensure that the log value is well-defined.

for 13.2% of leases in the sample. The qualitative results of the regressions remain the same

(Columns (6) of Table [3)[]]

'When the exploration decision is not independent between tracts, the bidding behavior will also be
interdependent. In my model, I account only for the effect of the realized production outcomes of neighboring
tracts on bidding behavior. Kong| (2021)) studies a model in which both the affiliation between tracts and the
potential synergies (for example, due to economies of scale in drilling activities) in a private value paradigm
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In the subsequent analysis, I assume that bidders are symmetric in their ability to process
seismic information. Consequently, the information contained in each bid is equally infor-
mative to the winning bidder. In Figure 20|in the Appendix, I show that, although there are
across-firm differences in success rates among tracts that were explored, these differences do
not seem to stem from the differences in firm’s size or experience. Instead, they are likely
due to sampling variation. For instance, consider Chevron (formerly known as California Oil
Company) and Shell Offshore, Inc—both significant market players in terms of the number
of tracts explored and the total bids placed. Chevron successfully explored approximately
25% of its tracts, while Shell’s success rate was about 40%, both figures falling below the
average success rate of 50% as presented in Table [} This conclusion holds even when the

auction’s and the tract’s characteristics are considered.

4 Model

I first present a model of a common value auction with ex post moral hazard under full
revelation of the bids ex post. This benchmark model is also the model used for identification
and estimation. I then discuss an extension of the model in which the auctioneer does not
disclose the losing bids. Throughout this section, I abstract from some empirically relevant
details, which will be introduced in Section [5]

4.1 Full-Disclosure (FD) Model

The federal government (auctioneer) wants to auction off the lease of an offshore tract via
a first-price sealed-bid auction. There are N > 2 firms/bidders. N is common knowledge.
The expected production value during the lease term is a random variable () € R, and
the common prior belief about @ is represented by the distribution F@ with density f¢.
Prior to the auction, each firm 7 receives a private signal S; € R, about @), which represents
each firm’s private information about the potential production value of the tract. Let S =
(S1,...,Sn) and f5(S|q) be the joint density of the firms’ signals conditional on Q = q. I
assume that for all ¢ € R, f5(S]q) has full support. Let the expected production value

can arise.

S
128ince f5 (-|¢) has full support, by Bayes rule, f9 (q|S = s) = %.
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conditional on § = s be denoted by

Vs f5(slq) f(q)

= ] TGl dg ™

where I assume that V(-) is differentiable almost everywhere and is symmetric in its argu-
ments. Without loss of generality, I also assume that V(s) is increasing in s; to sy and
normalize the signals such that for s = (0,..,0), V' (s) is 0. I make the standard assumption
that S, S5,,..., Sy are afﬁliated.ﬁ

Besides the winning bid, the government also charges a royalty rate of r < 1 on the tract’s
production value, where r is announced before the auction. To extract the natural resources
from the tract, the firm must incur an exploration cost. This cost is realized only after
the auction—for example, such exploration costs depend on the geophysical and geological
characteristics of the tract and can be fully assessed by a firm only after it has won the
auction and gained access to the tract.|E| We let C' > 0 denote the random variable of the
exploration cost and F'¢ be its distribution. F¢ is also common knowledge.

To summarize, suppose that firm ¢ wins the auction with a bid of . Under the realizations
Q = q and C = ¢, if firm ¢ explores the tract, then its overall profit is (1 —r) g — ¢ — b, and
the government’s profit is b + rq. On the other hand, if firm ¢ does not explore, its profit is

—b, whereas the government’s profit is b. The game proceeds as follows:
1. Each firm ¢ privately observes the realization of S;.
2. All the firms simultaneously submit a sealed bid to the auctioneer.

3. The government announces the winner, who is the highest bidder; the winner then

pays its bid. In the event of a tie, the winner is randomly chosen from among the

highest bidders.
4. The auctioneer reveals all the submitted bids.

5. The winner observes the realization of the exploration cost C.

13That is, for any 8 = (s1,...,sn) and 8’ = (s,...,sy),
fSsvs)fS(sns) > f5(s)f5(s),

where sV 8’ and s A 8’ are the component-wise maximum (i.e., join) and minimum (i.e., meet) between s
and 8, respectively.

141f the exploration cost is known with certainty before the auction, in equilibrium, all bidders with a
positive bid will explore the tract after the auction. This is because a firm will only participate in the
auction of the expected valuation of a tract is higher
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6. The winner decides whether to explore the tract. If the winner decides to explore, it
incurs C', and the value of @) is realized. Subsequently, the firm collects ) and pays
r() to the government. On the other hand, if the firm decides not to explore, the game

ends.

In this model, I assume that bidders are uncertain about exploration costs before bidding.
This is because exploration costs are primarily driven by rig market conditions, rig avail-
ability, and the technical challenges associated with drilling, which determine the duration
of the operation. The uncertainty in exploration costs arises from two main sources. First,
potential seafloor geologic and manmade hazards related to drilling activities can typically
only be assessed closer to the actual drilling date. Specifically, a required site-specific high-
resolution geohazard survey at the exact location of the planned exploration well is usually
conducted just the season before a drilling rig is mobilized to the site (BOEM], [2019)). Sec-
ond, there is substantial variation in rig contract rates, even among rigs contracted by the
same oil and gas company, as these rates are determined by market conditions where both
sides of the market are unconcentrated (Kaiser et al., 2013; [Vreugdenhil, 2020)). Figure
in the Appendix illustrates the variation in contract rates for each oil and gas company in
my data.

Since the uncertainty in exploration costs is unlikely to be related to the underlying
production value of a tract, I further assume that the realization of exploration costs in
Stage 5 does not alter the winning bidder’s posterior belief about the tract’s production
value. This is stated in Assumption [1][”’

Assumption 1 C and @) are independent.

Another implicit assumption of the model is that bidders do not possess private informa-
tion about exploration costs. The fact that tracts that were previously unexplored and whose
leases have expired often receive no bids upon re-auctioning suggests that cost heterogeneity

among bidders is not the primary factor driving the low rate of explorationm

15While exploration costs are unlikely to be correlated with a tract’s production value, development costs
are likely to be, as the size of the deposit determines the number of development wells that need to be
constructed. In Section [5] I assume that development costs are a multiplicative function of the production
value.

16This assumption is also made for tractability. In a model with both common value and private value
components (possibly correlated), the problem becomes an auction in which each bidder holds multiple
signals. Without imposing strong parametric assumptions on how these signals combine into a single sufficient
statistic, it is difficult to derive the equilibrium bidding strategy.
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4.1.1 Equilibrium Analysis

Each firm’s strategy consists of a bidding function 3; : S; — R, and an exploration decision
(conditional on winning the auction) that depends on the realization of C' and all the infor-
mation about the expected production value after the auction. The winner of the auction
will explore if and only if its expected value of (1 — )@ conditional on all the available
information is higher than the realization of C'. Given the simplicity of the drilling decision,
it suffices to focus on only the equilibrium bidding functions in the equilibrium analysis.
Henceforth, I abuse terminology and refer to an equilibrium as only the profile of the bid-
ding functions of the equilibrium strategies. I restrict attention to symmetric Bayes Nash
equilibria in which each firm ¢ bids according to the same bidding function g : S; — R,
where () is strictly increasing.

Let Y; denote the first-order statistics of the N — 1 random variables S; for j # i (i.e.,
Y; = max;,; S;). Let GY (Y;|s) denote the distribution of Y; conditional on S; = s, and
let g¥ (Yi|s) be the corresponding density. Let Z; denote the (N — 2)-dimensional random
vector (ZZ-(Q),ZZ-(?’)7 .. .,Zi(N_1)>, where ZZ-(k) denote the k-order statistics. Let GZ (Z;|s,y)
denote the distribution of Z; conditional on S; = s and Y; = y. Let ¢gZ (Z,|s,y) be the
corresponding density. Finally, let GYZ (Y}, Z;|s) denote the joint distribution of (Y;, Z;)
conditional on S; = s, and let g¥*Z (Y}, Z;|s) be the corresponding density.

Next, let ¢)(V') denote the net revenue from the tract when its ex post expected production

value is V, taking into account the firm’s drilling decision.

00 1-rV
Y (V) ::/O max {0, (1 —r)V — ¢} dF° (¢) = /0 (1=7)V =¢)dF°(c) (1)

I make two observations. First, (V) is nonlinear in V' because of the option value of not
drilling. Because of this nonlinearity, changes in the observability of V' affect the bidder’s
expected net revenue and hence actions, both at the drilling and the bidding stages, making
bid disclosure policy a useful market design tool. Second, the curvature of ¢(V') depends on
the cost distribution F'¢. To see this, note that ¢/(V) = (1 —r)F° (1 —r) V).

Let v(s,y) denote the expected net revenue conditional on S = s and Y = y when the

winning bidder observes the realization of S before drilling.
o) i= [0V (5.9,2)) 4G (als.) ®)

Therefore, v (s,y) is also firm i’s expected profit from winning the auction conditional on
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S; = s and Y; = y, where the expectation is taken at the start of Stage 2. In deriving v(-),
the assumption that all firms are playing according to an increasing strategy () is utilized;
therefore, observing all losing bids is the same as observing all private signals of losing firms.

Consequently, at the start of Stage 2, if S; = s and firm ¢ conjectures that all the other
firms bid according to 3(-), firm i’s expected overall profit from bidding b is

B~L(b)
/0 v (s,9) — blg" (yls) dy (3)

Let L (s'|s) := exp (— I f;(é@ dt).

Proposition 1 There exists a unique increasing and symmetric Bayes Nash equilibrium.

The equilibrium strategy, denoted by BYP(-), is as follows

BFD (5) = / o (s, ) dL (s']s) (4)

The proof of Proposition [1]is found in Appendix[A] The proof here is similar to the standard
common value auction (Milgrom and Weber, [1982)). In the proof, I also show that, for
any s, L (s'|s) is a proper distribution that is first-order stochastically dominated by the
distribution GY (s'|s’ < s). Therefore, 37P(s) < E[v(s,s')|s’ < s| for all s > 0. This bidding
strategy thus reflects the firm’s understanding of the “winner’s curse” — winning the auction
indicates that the firm is overly optimistic about the tract’s production value; anticipating
this effect, the firm depresses its bid.

4.2 Nondisclosure Model

[ now consider the equilibrium bidding and drilling strategies when the auctioneer announces
at the start of the auction that the losing bids will no longer be revealed, i.e., a nondisclosure
(ND) policy. The modification to the baseline game is that Stage 4 is now removed, and this

is common knowledge["]

4.2.1 Drilling Decision: FD vs. ND

Before turning to the equilibrium analysis of the bidding strategy, I first discuss the difference
in the drilling decision under FD and ND. Conditional on bidder i’s signal being S; = s,

1"Tn addition to the ND policy, my model can be extended to incorporate more general disclosure policies.
The equilibrium analysis of such policies is provided in Section [T of the Online Appendix.
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consider the winner’s expected drilling probability at the end of Stage 3——i.e., before the
realization of the cost of drilling.
Under an FD policy, the winning bidder’s expected drilling probability after winning the

auction but before the realization of its cost of drilling is given by
AFP(s) =E [FO(V(S))|S; = 5,5 < 5] (5)

Under an ND policy, winning bidder ¢ does not observe S_;. Therefore, the expected drilling
probability is given by

ANP(s) = FC(E[V (S)]8; = 5,5-; < 5]) (6)

Although the bidders are assumed to be risk neutral, when F(-) is nonlinear, AFP(s)
and ANP(s) are generally different. The difference between these two objects can be readily
understood by treating F' C(cj as a utility function. Under ND, conditional on S, the bidder
receives deterministically the value E [V (S)]S; = s,5_; < s]. Under FD, conditional on S,
the bidder receives a lottery with the payoff distribution being determined by the distribution
of S_|S; = s. Therefore, when F°(.) is always concave (convex), the drilling rates under
an ND policy are always greater (smaller) than those under an FD policy, using Jensen’s
inequality. When F°(-) admits both concave and convex regions, the theoretical predictions
on the relative magnitude of AN? and AfP are indeterminate. The effect of an ND policy on
the expected drilling probability depends on two factors: (1) the shape of the cost distribution
FC(.), and (2) the distribution of the posterior mean V(S|S; = s,5_; < s) for different

realizations s.

Figure 4: Illustration of the effect of an ND policy on the drilling probability

Posterior mean
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Figure [ illustrates this intuition when there are two bidders. I consider three scenarios.
In the first scenario, the winning signal is s, the support of the posterior mean is [V(S’ |S; =
s1,5_; = 0),V(S|S; = 1,5 = 31)}, and FY(-) is concave on this interval. Therefore,
AND(51) > AFP(s;). Conversely, in the second scenario, the winning signal is s,, and F°(-)
is convex on the interval [V(S’\Si = 59,5, = 0),V(S]S; = s9,5; = sz)]. As a result,
AFDP(sy) < AFP(sy). In the last scenario, the winning signal is s3, and F°(-) is neither
concave nor convex over the support of the posterior mean. Therefore, the effect of ND
relative to that of FD at the winning signal s3 depends the distribution of the posterior

mean V(-) over its support.

4.2.2 Equilibrium Analysis

In the following analysis, I explain the difference in the equilibrium bidding strategy between
the FD and ND auctions.
As before, I focus on symmetric Bayes Nash equilibria in which each firm ¢ bids according

to a strictly increasing function SNP : S; — R,. Let

~

Vo(s,y) =E[V (S, Y, Zi) [Si = s,Yi < o] (7)
Vo(s,y) =E[V(5:,Yi, Zi) |5 = s,Yi = y] (8)

Therefore, Vj (s,y) represents firm i’s expectation of ) conditional on S; = s, and S_; < y,
and Vj (s,y) represents firm i’s expectation conditional on more granular information that
max; S; = y. The affiliation property of the private signals implies that Vo (s,9) < Vi (s, 9).
I adopt the same notations as in Section

Proposition 2 In the ND auction, the increasing and symmetric Bayes Nash equilibrium
1S uniquely

YD (5) = /0 S (w (VO (5/,8/)> n [¢' (VO (S’,s/)> (VO (sf,s')—%(5',5’))})@(5';5). 9)

Moreover, NP (s) < BEP (s) for all s —i.e., the equilibrium bids in the ND auction are

lower than those in the F'D auction.

The proof of Proposition [2[is in Appendix . The difference between 3P (-) and P (.)
in Eq. is illustrated in Figure[f] First, recall that v (s, s') =E [y (V (S)) ]9 = ¢, Y; = &

is firm i’s expected profit from winning the FD auction when conditioned on S; = Y; = s'.
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Figure 5: Illustration of the difference between 37P(-) and gNP(-)

Vo(s", s') Vo(s', s')
O(s') == (%(s’,s’)) + (%(s’,s’)) (VO(S’,S’) — %(s’,s’))

In the ND auction, firm ¢’s expected profit from winning when conditioned on S; =Y, = ¢
is 1 (Vo (s, 8)). Note that ¢(-) is convex; therefore, v (V5 (s, s')) < v(s's’). The difference
between these two terms (the red difference in Figure [5)) reflects the anticipated decrease
in revenue resulting from less information being available to the winning bidder in the ND
auction.

The difference between ¢ (V; (s',s')) and the term inside the integral of A¥P(-) in (9)
represents the effect of the unobservability of the second-highest bid in the ND auction. This
is represented by the blue difference in Figure [f] Intuitively, the winning bidder now places
more weight on the possibility that its closest rival will place a lower bid; therefore, this
effect resembles the effect of lessening competition in the auction.

In summary, the ND auction aggravates the winner’s curse relative to the FD auction,
and the equilibrium bids are always lower in the ND auction. Intuitively, the value of
the object being auctioned is determined by the latent production value of the tract and
the available information about this latent value. Since information can always be ignored,
bidders are always weakly worse off ex post when such information is unavailable. Therefore,
the auctioneer faces a tradeoff when concealing the losing bids. On the one hand, the ND
auction yields strictly lower bid revenue than the FD auction. On the other hand, the
expected drilling rate may be higher in the ND auction. Thus, it is unclear which of the two
auctions yields the auctioneer a higher expected total proﬁtE

18 A5 a referee pointed out, the use of an ND policy may also affect bidders’ incentives to form joint bids.
In Section of the Appendix, I use a simple parametric example to explore this and demonstrate that
bidders are less likely to form joint bids under an ND policy. This result follows the intuition that if bidders
do not form joint bids under an FD policy, it is because the cost of bidding jointly is sufficiently high to
outweigh the benefits of reduced competition. As a result, bidders’ profits from solo bidding under FD are
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5 Identification and Estimation

In my data, the winning firm observes all losing bids, i.e., an FD auction. In this section,
I discuss how the parameters of the model in Section are identified given the available
data. I first introduce three additional empirically relevant features that were not included

in the theoretical model. I then discuss the identification and estimation strategies.

5.1 Additional Empirical Features

First, in my data, a lease can produce both oil and gas. Therefore, I decompose the oil and
gas quantities in each tract into an oil quantity, QQ° (measured in barrels), and a gas quantity,
(), (measured in MCF, where 1 MCF equals 1,032 cubic feet). The total value of each tract
is given by

Q=Q P +QP",

where P° and PY are the prices of oil and gas, respectively. I choose P° and PY to be the
annual average offshore U.S. Gulf Coast crude oil first purchase price and the Henry Hub
spot price in the year of the auction, respectively.

Second, I introduce two additional cost components to account for development costs,
which are costs that must be incurred after exploration if oil/gas is found to extract these
resources. These additional cost components are 0 < §, kK < 1, which are known to all bidders
prior to the auction and are objects to be identified. § represents yearly development costs
such as maintenance and operation costs, and « is an upfront development cost. Therefore,
if the firm engages in exploratory drilling after winning the auction with a bid of b and
observing that the exploration cost is C' = ¢ and the production value is ) = ¢, its profit is
(0(1 —r) —K)g —c— b, where §(1 — r) — K is assumed to be positive.

Third, I assume that there exists a cost shifter Z > 0 observed by bidders prior to the
auction such that C' = C°C(Z) where Cy > 0 is a random variable with full support and with
distribution F CO( -), and ¢ : Ry — R, is a differentiable and nonconstant function. Since it is
not possible to distinguish the scale of ((-) from the scale of C?; T also normalize ((E(Z)) = 1.
Conditional on Z = ¢, the upfront development cost is now x(¢) where £ : R, — R, is
differentiable.

Assumption 2 C°, Q, and T are pairwise independent.

higher than from joint bidding. Under an ND policy, the profit from solo bidding is even greater than under
FD. Therefore, if the profit from joint bidding remains the same under both FD and ND—which occurs
when all bidders form a single joint bid—bidders have even less incentive to form joint bids under ND.
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Therefore, Z is a tract-level observed variable that affects the exploration and upfront de-
velopment costs but does not carry any information about the tract’s production value Q).
C° represents the aspect of the exploration cost whose distribution F @ is common across
all tracts. Henceforth, I refer to C° as the base exploration cost.

In my estimation, I construct an index that captures the lagged rig rental costs and use
it as the cost shifter Z. Lagged rig rental costs are useful predictors of future rig rental
costs, which are an important component of the exploration costs. To construct Z, I first
examine the rig contracts that were signed within one year of and prior to a tract’s auction
date. Since a rig contract is signed between a lease operator (an oil/gas company) and a
rig owner, for each rig contract, I identify all leases with the same operator and drilling
activities during the contract’s duration. The set of these leases are called matching leases.
I then compute Z as the average rig rental costs of these prior contracts weighted by the
distance between the tracts of matching leases to the tract being considered, accounting for
area fixed effects and year fixed effects. Figure [27]in the Appendix shows the distribution of
the constructed cost shifter across years and tract type. Because the cost shifter reflects the
rig market condition at the tract’s location before the auction occurs, a higher 7 is intuitively
associated with a lower exploration rate. Table [28]in the Appendix shows that this is indeed

the case, providing evidence that this constructed cost shifter is relevant.

5.2 Identification

To facilitate exposition, I discuss identification while setting aside auction and tract hetero-
geneity. The objects of interest are FS(-), FE°(-), V(-), k(-),¢(-) and 8. T observe bids, which
directly identify the joint distribution of bids conditional on the cost shifter and royalty rate
FB(.|Z,r), and drilling decision, which identify the probability of drilling Pr(d = 1|B,Z, 7).

First, it is without loss of generality to normalize the marginal distribution of S; to be
U[0,1] for all 4[] Let F5(-) denote the marginal distribution of a firm’s bid. Under this
normalization, together with the symmetry assumption and that firms are playing 572 (-),

which is strictly increasing, firm 4’s signal can be computed as follows
S; = FP(Bi|Z,r)

Therefore, FS(-) is identified. Using the first-order inversion of Guerre et al.| (2000), Q(s, Z,r) :=

9By Sklar’s theorem, by normalizing the signals to be uniformly distributed, the joint distribution that
we identify is the copula of the true joint distribution.
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v(s, s|Z,r) is also identified 7]

Next, conditional on 8§ = s, let A(s,Z,r) := Pr(d = 1|s,Z,7) and Z(Z,r) = %

Therefore:
A(s,Z,r) = F (Z(Z,r)V(s)) (10)

Conditional on S = s and Y = s, using integration by parts on v(s, s|Z,r), it can be shown
that:

r¢(T) [y fo (s,8,2),Z,7) ZV ((s,5,2)) dzdG?(z|s,s) , if N> 2
r¢(T) f3 A N, I,r) LV ((s,))ds, it N =2
(11)

Q(s,Z,r) =

Proposition 3 F°(.) and ¢(-) are identified. V(-), r(-), and § are identified up to a mul-

tiplicative constant.

The proof of Proposition |3|is in Appendix [C| Intuitively, FCO(-), V(-), ¢(+), (), and 6 must
satisfy both and . The left-hand sides of both and are already identified
from the data. Conditional on r, the slope of the level curves of A(:,-,r) is the same as the
ratio of the derivative of the logs of V(-) and Z(-,r). Because of the separability of V(-)
and Z(-,r), the logs of V() and Z(-,r) are identified up to an affine transformation. They
are further pinned down up to an additive constant using (L1)). Therefore, V(-) and Z(-,r)
are identified up to a multiplicative constant. From here, I identify F o using the slope of
A(LZ,7r).

Figure [0] illustrates the identification argument outlined above, where s is simplified to
be unidimensional. The black lines in the figure represent the level curves of the expected
drilling probability A(-,-,7) as a function of s and Z, and these are identified from the
variation in drilling rates across (s,Z). By fixing the value of Z, the ratio of the slopes of the

level curves identifies the ratio of the derivative of V'(s). This implies that is identified.

20Using the first-order inversion, conditional on S = s:

G(s|s,Z,r)

T,r)=F5(s|T
TS A1)
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Figure 6: Illustration of the identification argument

VI(s)

“j:(g is identified

(drilling|s, Z) = p/
(drilling|s,Z) = p

With some algebra, it can be shown that:

A'(s,I,r) V'(s) F (V(s)Z(Z,1))

Ni(s,Zr)  V'(s)  FO(V(s)Z(T,r))

Since the left-hand side of the equation is identified, F¢° is the solution to a differential
equation, with initial conditions ensuring that F' @ remains bounded between 0 and 1. Intu-
itively, the identified level curves allow us to determine whether drilling rates are sensitive to
changes in the signals. For instance, if drilling rates increase more significantly when signals
improve for optimistic signals, it suggests either (1) that the cost distribution is convex, or
(2) that the posterior mean function V'(+) is convex. By fixing the cost shifter and comparing
drilling rates at different signal levels, we can identify the concavity of V(-). Therefore, F o
is concave (or convex) when the second derivative of the level curves with respect to the

signal (i.e., A”(-,Z,r)) is significantly more negative (or positive) than the rate of change of

V”(S)
V) )

the slope of the level curves across different drilling rates (i.e.

Assumption 3 The mean of the prior belief fsupp(Q) qf9dq is observed by the econometri-

cian.

Because the expected value of the posterior mean is always equal to the prior mean
by Bayes’ theorem, Assumption [3| provides one way to pin down the multiplicative con-
stant in Proposition [3| by setting E(V(+)) to be equal to a known number. In my empirical
application, I use Assumption [3| and set the prior mean to be ppernoutti oitGamma,oit P’ +
I Bernoulli,gas i Gamma,gas 7, Using the variables constructed in Section . Further details are
provided in the next section [5.3]
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Corollary 1 Under Assumption |3, V(-), (), and & are identified.

Since Z(Z,r) and k(-) are identified under Assumption [3} § and ((Z) can be separately
identified using the variation in royalty rates in the data. During the data period, royalty
rates vary between 12.5%, 16.67%, and 18.75%, depending on the year of the auction and
the location of the tract being auctioned.

Much of my identification strategy relies on the variation in the drilling probability across
bids and the presence of the cost shifter Z. This argument differs from the standard iden-
tification argument in the auction literature for two reasons. First, the standard method of
identifying the joint distribution between the private signals and the latent value @) requires
Q to be observed and utilizes the joint distribution of bids and QP However, in my setting,
( is not observed when exploration does not take place. Second, for my counterfactual pur-
poses, the primary objects that need to be identified are V(-) and F¢(-) (see, for example,
the equilibrium bidding strategy BVP(-)). Even when @ is always observed, it is not possi-
ble to identify F(-) based only on the bid information without utilizing observed drilling

decisions.

Discussion The model’s primitives do not include the prior belief F? and the signal
generating process F¥(S|q) because all pairs of {F? F9(S|Q)} that generate the same
{V(-), F5(8)} are observationally equivalent in terms of both bidding and drilling behaviors.
The most informative signal-generating process produces Q = V(S), and the prior belief F'¢
is the same as the distribution of V(.S). Any less informative signal generating process must
be accompanied by a prior belief F'? that is a mean-preserving spread of the distribution of
V(S).

5.3 Estimation

As discussed in Section [3 the primary source of observed heterogeneity between tracts arises
from the spatial correlation in oil and gas deposits. For example, a tract located near a pro-
ductive tract is more likely to be productive. This heterogeneity affects the distribution of the
prior belief F'@(-), which, in turn, influences the heterogeneity in V(). As mentioned in Sec-
tion [3] T assume that the heterogeneity across tracts due to spatial correlation in oil and gas
deposits can be captured by the variables (ftBermoulli, oils KBernoulli, gass AGamma, oil, FGamma, gas)-

Therefore; the ObjeCt of interest is now V('|,U/Bernoulli, oily MBernoulli, gas; HGamma, oil; #Gamma, gas)-

21For a review of the literature, see Athey and Haile| (2007)
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However, due to the small sample size, it is not feasible to nonparametrically incorporate
these variables into V' (-). Thus, for estimation purposes, I parameterize V' (-) as follows.

Let F@° (F?’) denote the distribution characterized by ppermoulli, oil (/Bernoulli, gas) and
HGamma, oil (HGamma, gas) @8 constructed in Section 3] The functional form of V(-) is micro-
founded as the posterior mean given priors (F¢°, F'?’) and a Gaussian copula signal gener-
ating process@ Specifically, for each tract, the joint distribution of (57, Ss, ..., Sy, Q°, Q9) is
given by:

F5Q(81, 8y, ..., Sn, Q) = @ (7 (F5(S1)) .., @' (F5(Sy)), @7 (F(Q)) . @' (FU(QY)))

where @ is the joint CDF of a multivariate normal distribution with mean 0 and correlation
matrix R and ! is the inverse of the CDF of a standard normal distribution. Since the

bidders are ex ante symmetric, R must satisfy the following constraints:

Rij = le for i,j, k S N
Riny1=Rjny fori,j <N

Rini2=Rjnyo fori,j < N

R15 is thus the correlation between two bidders’ private signals. To satisfy the assumption
that the signals are affiliated, R;2 must be weakly positive. Ry y41 and Ry y4o indicate
the degree of correlation between the bidders’ signals and the latent value of oil and gas,

respectively.
The conditional distribution of (®7! (F?"(Q°)),®~ (F?’(QY))) |S is thus

MOZiSi
N([ ez ] ,EQ> (12

where
o Ring g Tinge
=0T — Ve
Ri1 + Rio Ri1 + Rio
2
> Ryii,n+1 0 N RY yiy Rint1 R N2
Q — 5 | p 2
0 Ryi2Nt2 R+ Ria | Ry Rinvye R nyo

22 As previously discussed, the resulting V(+) is also consistent with other priors that are mean-preserving
contractions of F” and FQ’, provided they are accompanied by a less informative signal generating process.
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The distribution specified in then fully determines V(). M° and MY quantify the
marginal effects of the signals on the posterior belief about oil and gas quantities, respectively.
Conditional on the prior belief F'@(-), the larger M° and M9 are, the more informative the
signals. The precision of the distribution in increases as the number of bidders increases.
This represents the informational advantage of a winning bidder in an auction with more
bidders because it receives more information ex post, thus having a more precise posterior
belief.

My estimation procedure is conducted in two steps. In the first step, I use kernel esti-
mation to estimate the CDF of the bids, which then yields the estimated private signals of
the bidders. Since V() varies with N due to the informational advantage of having more
bidders, the kernel estimation is performed on six separate samples, categorized by the num-
ber of bidders (2 bidders, 3 bidders, more than 3 bidders) and the tract’s depth (shallow
tracts (less than 400m deep) and deep tracts (at least 400m deep))?| For each subsample,
I follow the method of Haile et al.| (2003)) to ‘"homogenize’ the bids, accounting for auction-
level observed heterogeneity, including year fixed effects, royalty rate, and tract water depth.
To implement Haile et al. (2003)’s approach, I first regress the log of the observed bids
on year fixed effects and a fifth-order spline of water depth for each subsample with the
same royalty rate. The residuals are then treated as the log of the bids for auctions with
homogeneous observed characteristics, conditional on Z and the four parameters that charac-
terize the predicted production quantities (ftBemoulli, oil; [tBernoulli, gass HGamma, oil; fiGamma, gas)-
The homogenized bids preserve the optimality of the original bids when the observed het-
erogeneity commonly affects both the exploration cost and the tract’s expected production
value V() in a multiplicatively separable manner. I then estimate the marginal distri-
bution of a firm’s homogenized bid F?(B|Z, ftBermouti, oil, #Bernoulli, gas: HGamma, oil, HGamma, gas)
using the Gaussian kernel and the least-squares cross-validation method to select band-
widths (Li et al) 2013)). Given the small sample size, I simplify the set of conditioning
variables to include only Z and the expected production value derived from the prior means
(HGamma, gastBernoulli, gasP? + [iGamma, oil Bernoulli, oil P°).  The estimated FZ(-) provides esti-
mates of S.

In the second step, the equilibrium bidding strategies S (-) and the expected drilling
probability before C' is realized are computed for each draw of the model’s parameters. I
then estimate the parameters of the model by minimizing the sum of the squared differ-

ence between the predicted bids and the actual bids and the squared difference between the

23The sample sizes of each subsample are listed in Table
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predicted drilling probabilities and the actual drilling outcomes. The standard errors are
bootstrapped based on 100 iterations. To account for estimation errors in the predicted pro-
duction quantities, each iteration incorporates a random draw from the estimated posterior
distribution of the hyperparameters that define the Gaussian field used to generate these
predicted production variables. Since the Gaussian field parameters are estimated using
Bayesian inference with integrated nested Laplace approximations (Krainski et al., 2018]),

block bootstrapping was not required for this step.

5.4 Estimation results

Figure 7: Model fit
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Note: The solid black line in panel (a) is the 45-degree line that goes through the origin. In panel
(b), the solid lines are the mean of the fitted drilling probabilities, and the dashed lines are the
average drilling rates in the data.

My model fit is summarized in Figure . In Panel (a), I plot the predicted bids, computed
using the equilibrium bidding strategy under FD (Proposition , against the actual bids.
The predicted median bids are $367K and $845K for shallow and deep tracts, which are
close to the observed medians in the data of $335K and $850K. In Panel (b), I plot the
distribution of the predicted drilling probability for deep and shallow tracts, which also fits
well with the data. The average predicted drilling probabilities are 0.42 and 0.13 for shallow
and deep tracts, similar to the average drilling rates of 0.43 and 0.15 in the data.
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Table |8 summarizes the parameters that measure the informativeness of the bidders’ pri-
vate signals (M° and M9 in (12])) and the correlation between these private signals (Rio in
(12)). The correlation between bidders’ signals is significantly nonnegative, thus implying
that the bidders’ signals are indeed affiliated. The estimated correlations are 0.11 for deep
tracts and 0.12 for shallow tracts, which are significantly smaller than 1. These low correla-
tions reflect the large differences between bids within the same auction, as observed in the
data. Therefore, there is substantial uncertainty about other bidders’ private information,
which suggests that bid disclosure policies may be an effective means of influencing a bidder’s

posterior belief.

Table 8: Estimated parameters

Tract’s depth Corr(S;, S;) Marginal effect of S on Marginal effect of S on
conditional mean of Q° conditional mean of 9
(M) (M9)
Deep 0.11 0.94 0.01
(0.02) (0.05) (0)
Shallow 0.12 3.55 0.3
(0.04) (2.14) (0.01)

Note: Corr(S;,S;) is the correlation between signals \S; in . The values in the
second and third columns (M° and MY) are the increase in the expected value of oil
and gas of the tract as S; increases, measured as a percentile of the distribution of the
posterior mean. Standard errors are bootstrapped.

The interpretations of M°? and MY are as follows. Conditional on S; = 0.5 Vi, the
posterior mean at the realized signal V(S) is the same as the median of the prior belief. If
one firm’s signal increases to S; = 1, the posterior mean conditional on the realized signals
increases to the 68% percentile (51% percentile) of the prior distribution for oil (gas) for
deep tracts. For shallow tracts, the increases are to the 96%-percentile (56%-percentile) of
the prior distribution for oil (gas). My estimates imply that firms’ private signals carry less
information about gas than oil because most of the tracts explored during the data period
are primarily for oil production.lﬂ

Figure |§| shows the estimated shape of the CDF of the base drilling cost C° across
deep and shallow tracts across all bootstrapped draws. The estimates of the parameters
that characterize C° is in Table in the Appendix. I make two observations. First, the

estimated CDFs are significantly nonlinear. The p values of the Kolmogorov-Smirnov test

24Much of the natural gas production in the Gulf of Mexico is from shallow tracts that were explored
before my data period (Bureau of Ocean Energy Management) |2019)).
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Figure 9: Estimated shape of the CDF of the base drilling cost FC°
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Note: Each line represents an estimated draw of the cost distribution F' ¢° The range
of the cost estimates is similar to industry estimates. For example, the cost of a deep
exploration well in the Gulf of Mexico in 2018 is said to be between 30 to 60 million
on average (Sandrea and Stark] 2020)), and prior to 2013 it was twice as expensive. For
shallow exploration wells drilled after 1998, the average per-meter depth cost is about
$25,000/meter , which translates into less than $10 million for shallow
(less than 400m, as defined by the BOEM) wells.

against a linear function for FE are less than 0.01 for both deep and shallow tracts. As
explained in Section 4.2| a bid disclosure policy can affect the auctioneer’s revenue only if the
CDF of the exploration cost is nonlinear in the support of the posterior mean. Second, the
CDF of the base exploration costs is weakly concave for deep tracts, but for shallow tracts,
the cost distribution is neither concave nor convexﬁ Therefore, an ND policy is expected
to weakly increase the drilling probability for deep tracts, but it is not theoretically clear

whether an ND policy will improve the expected drilling probability for shallow tracts.

6 Counterfactual

In the counterfactual exercises, I study the effect of alternative bid disclosure policies on the
bid revenue, drilling rate, and auctioneer revenue. I also consider the interaction between

the royalty rate and disclosure policy. In these exercises, I fix the realizations of the bidders’

25To test these hypotgaeses, I compute the 95% bootstrapped confidence interval of the minimum of the
second derivative of F¢" for each type of tract.
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private signals as estimated from the data, and the royalty revenue is computed based on
the expected value of the tract conditional on the realized signals.

I first discuss the effect of the ND policy in Section followed by two partial disclosure
policies in Section [6.2.1] and Section [6.2.2]

6.1 Nondisclosure Policy

For each auction, I compare the drilling probability between the ND auction and the FD
auction at the end of Stage 3, i.e., before the drilling cost is realized. Under ND, this drilling
probability is determined when a bidder receives its own private signal S; because it does
not receive any further information ex post. Under FD, I compute the expected drilling
probability before the losing bids are transmitted to the winning bidder. Throughout this
analysis, I assume that the number of bidders is fixed. In Section 2| of the Online Appendix,
I show that an ND policy improves revenue even when bidders’ entry decisions are taken
into account.

Figure [10|shows the distribution of the changes in the drilling probability (upper panels)
and the bid revenue (lower panels) across tracts. As shown in Proposition [2| the ND policy
results in lower equilibrium bids. For shallow tracts, the decrease is small for most tracts.
For deep tracts, the distribution of the bid decrease is bimodal because of the large right
tail of the bid distribution Since FC’(-) and thus FC(-) is concave for deep tracts, the
ND policy increases the drilling probabilities for all tracts. On the other hand, for shallow
tracts, there is a small portion (0.85%) of tracts with a decrease in the drilling probability
because F°(-) (and thus F€(.)) is not everywhere concave for shallow tracts. Overall, the
higher exploration rate under an ND policy results in an average royalty increase of $0.99M
per tract for deep tracts and $0.82M for shallow tracts, significantly larger than the drop
in bid revenue (Table . The large impact of the ND policy on the royalty revenue arises
from the heterogeneity in the effects of the ND policy across tracts. Specifically, the increase
in the drilling probability is higher for more productive tracts (Figure [30|in the Appendix).

Figure [12] demonstrates that the low correlation between bidders’ signals plays a crucial
role in the positive revenue gain resulting from the ND policy. In this exercise, I vary the
correlation between bidders’ signals, ranging from 0.1 to 0.9, while maintaining the same

level of signal informativeness. As the signals become more correlated, the marginal value

26The average bid for the tracts with a more than $0.2M drop in bids has an average bid under FD of
$11.73M. As a comparison, the average bid under FD of tracts with between a $0.15M to $0.2M drop in bids
is $3.77M.
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Figure 10: Distribution of the changes (per tract) in the drilling probability and the winning
bids from FD to ND
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Note: The changes in the drilling probability and the bid revenue are computed using
the mean of the estimated parameters. The standard errors are not reported here. The
bid revenue is computed at the realized signal of the highest bidder in the data and
is in millions of dollars. The probability of drilling is between 0 and 1, and a positive
change implies that an ND auction yields a higher expected drilling probability.

Table 11: Change in the bid and royalty revenues (per tract) from FD to ND (millions of
dollars)

A Bid %A Bid A Royalty A Royalty % A Royalty
(undiscounted)  (discounted)*
Deep | -0.37 -4.21 2.23 0.99 2.38
(0.06) (0.33) (0.4) (0.18) (0.25)
Shallow | -0.01 -1.13 1.84 0.82 1.61
(0) (0.14) (0.52) (0.23) (0.25)

Note*™: To compute the discounted value, I assume a discount factor of 0.9 and that
the royalty revenues are received in equal payments over 20 years. The numbers in the
parentheses are bootstrapped standard errors.

of observing an additional signal (from a rival) diminishes. Consequently, the improvement
in the probability of drilling under the ND policy decreases as signal correlation increases.
Simultaneously, the bid revenue difference approaches zero as bidders possess relatively less

private information, driving bids closer to the perfectly competitive benchmark. Overall, the
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Figure 12: Revenue difference between ND and FD under different correlation values
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Note: Revenue is measured in millions of dollars. The grey band represents the boot-

strapped 95% confidence interval.

change in total revenue under the ND policy becomes negative for deep tracts and is reduced

by half for shallow tracts when the correlation exceeds 0.5.

Welfare discussion In addition to increasing the auctioneer’s revenue, the counterfactual
estimates indicate that the ND policy does not reduce social welfare (Figure . Within
the model, the FD policy creates an incentive misalignment between the auctioneer and the
winning bidder due to the positive royalty rate. This is because the royalty rate functions as
a tax on production revenue, discouraging the winning bidder from drilling at the socially
optimal level. Consequently, the first-best drilling rate is defined as the drilling probability
under the FD policy but in the absence of any royalty. In this analysis, welfare is measured
as the mean absolute error between the first-best drilling probability for each tract and
the drilling probability under a positive royalty rate, weighted by the production value
of the tract, for a given disclosure policy (FD or ND). Figure illustrates the welfare
difference between FD and ND across various royalty rates r. The results show that at high
royalty rates, the ND policy mitigates some of the distortions caused by the positive royalty
rate, resulting in an overall welfare gain. At the current royalty rates observed in the data
(approximately 12% across all tracts), the ND policy reduces the distortion caused by the
positive royalty rate for 87.34% of deep tracts and 84.13% of shallow tracts. On average,

the ND policy generates a $2.84M in welfare gain for deep tracts and a smaller decrease in
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Figure 13: Difference in welfare between a full-disclosure and a non-disclosure policy
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Note: Welfare is measured as the mean absolute difference between the first-best drilling
rate and the drilling rate under a disclosure policy (FD or ND) at a given royalty rate,
weighted by the predicted production value of a tract (measured in millions of dollars).
The y-axis in this figure represents the welfare difference between the ND and FD
policies, where a positive value indicates a welfare gain under the ND policy. The

shaded area represents the 95% bootstrapped confidence interval.

welfare ($0.32M) for shallow tracts. Figure [34|in the Appendix provides the distribution of

surplus changes across tracts at the current royalty rates.

6.2 Partial-disclosure Policy

Next, instead of considering the winner of the auction either observing all the submitted
bids or not observing anything, I allow the auctioneer to commit to more general types of
bid disclosure policies.

As explained in the ND analysis, switching away from the FD policy presents a tradeoff
between the bid revenue and the royalty revenue. On the one hand, the ND policy decreases
the bid revenue. On the other hand, the ND policy increases the expected royalty revenue.
It is then natural to consider whether some intermediate policy, i.e., a partial disclosure
policy, can perform better than the ND policy. A partial disclosure policy might outperform
the ND policy for two reasons. First, the distribution of the drilling cost F¢(-) for shallow
tracts is not concave; therefore, for shallow tracts, a partial disclosure policy might yield the
highest expected drilling probability. Second, a partial disclosure policy might have a less
adverse impact on the bid revenue than the ND policy.

In this section, I explore two partial disclosure policies that encompass both the FD and
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ND policies. In the first exercise, I analyze a threshold disclosure policy that reveals losing
bids only if they fall below a specified threshold. This policy is interesting for two reasons.
First, it maximizes royalty revenue in the simple setting with binary drilling costs (high or
low). This is because the auctioneer in this case can set the threshold such that the posterior
mean when losing bids are undisclosed is equal to the high drilling cost, making the winning
bidder indifferent between drilling and not drilling when the cost realization is high. Second,
this threshold policy represents a special case of monotone partitional disclosure policies,
which pool information across adjacent types. Such policies are commonly studied in other
information disclosure settings and are optimal when the auctioneer’s revenue depends solely
on the posterior mean (Dworczak and Martini, |2019). However, this optimality result does
not extend to the OCS context, where the auctioneer’s ex post revenue is influenced not only
by the posterior mean, which determines drilling probability, but also by the production value
as well as by bid revenue.

In the second exercise, I examine a policy in which the auctioneer announces that the
k highest bids, excluding the winning bid, will not be revealed. This policy has been im-
plemented in other U.S. auction settings, such as failed financial institution auctions, where
information about the second-highest bid is withheld (k = Q)E] When a losing bid is not
revealed, the winning bidder forms a belief about the hidden bid based on (1) the correlation
between signals and (2) the values of the revealed bids, which constrain the possible range of
the hidden bid. The decision to hide only the high losing bids ensures that the hidden bids
are bounded above solely by the winning bid. Consequently, the value of the signals from
these hidden bids is also bounded above by the winning bidder’s signal, which represents the
most optimistic signal. As k increases, the weight of the winning bidder’s own information
in shaping its posterior belief increases. In contrast, a policy that reveals high losing bids, by
the same logic, increases the winning bidder’s sensitivity to the revealed losing bids. These
revealed bids act as the upper bounds for the hidden bids, potentially reducing the expected
drilling probability compared to the FD policy.

In addition, the two policies being considered are implementable in practice. In particular,
they allow a bidder whose bid was only partially disclosed to verify that the auctioneer was
truthful in their disclosed information. This ensures the auctioneer’s ability to credibly

commit to a disclosure policy ex ante[”]

2TFor more details on the bid disclosure policy in failed financial institution acquisition auctions, see
https://www.fdic.gov/resources/resolutions/bank-failures/failed-bank-1list/biddocs.html

“80n the other hand, policies that disclose only summary statistics (e.g., the mean) of losing bids cannot
be independently verified by individual bidders and may be more challenging to implement.
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6.2.1 Partial disclosure: Threshold disclosure

In this exercise, I consider the auctioneer’s revenue when the bid disclosure policy reveals
the bids only if they are below a threshold . When o = 0, this is equivalent to the ND
policy. When a = oo, this is the same as the FD policy. Proposition [3] in the Online Ap-
pendix establishes that a symmetric and increasing bidding strategy exists under a threshold
disclosure policy.

To simplify the comparison between tracts, the threshold for each tract is normalized as
follows. For a given value of a € [0, 1], the threshold value of each tract is the o quantile
value of the bid distribution of the same tract under the FD policy. For example, at o = 0.5,
the threshold of each tract is the median value of the equilibrium FD bid distribution of the
tract. At a = 0, this is now equivalent to the ND policy. At a = 1, this is now equivalent
to the FD policy.

Figure |14]illustrates the revenue composition for deep and shallow tracts under threshold
disclosure policies at varying values of a. The results reveal a nonmonotonic relationship
between the amount of information withheld (which decreases as the threshold a increases)
and the bid revenue. For instance, for shallow tracts, the bid revenue when o = 0.5 is lower
than the bid revenue under ND. This occurs because a bidder whose signal exceeds a faces
an additional trade-off when deciding its bid: by lowering its bid, the bidder gains access
to more information post-auction but faces a lower winning probability. As o — 1 (the
FD benchmark), this downward pressure on equilibrium bids diminishes since the benefit of
additional information decreases. Similarly, as & — 0 (the ND benchmark), the loss from
increased competition rises, and firms have less incentive to lower their bids. As a result,
selecting an intermediate value of a may reduce revenue for the auctioneer. For example,
setting o = 0.5 decreases total revenue per tract by $0.3645M for deep tracts and $0.0278M
for shallow tracts compared to the FD benchmark.

Figure [14] also shows that, on average, the ND policy generates the highest total revenue
for both deep and shallow tracts. When considering disclosure policies tailored to individual
tracts, 15.77% of deep tracts and 2.37% of shallow tracts achieve their optimal threshold
at an intermediate value (Figure 36| in the Appendix). Additionally, the optimal threshold
tends to be higher for tracts with greater oil and gas uncertainty but high potential (i.e.,
lower probability of finding oil or gas but high production value if discovered) (Table [37|in
the Appendix).
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Figure 14: Effect on the per-tract revenue of threshold disclosure policies relative to the FD
benchmark (in millions of dollars)
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Figure 15: Effect on the per-tract revenue of a withhold-£ policy relative to the FD bench-
mark (in millions of dollars)
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Note: When k = 2, only the second highest bid is not disclosed. When k = 3, the
second and the third highest bid are not disclosed. The revenue on the y-axis is the
revenue relative to the FD revenue. As k& — N, the bid revenue, the royalty revenue,
and the total revenue all converge to those under the ND policy. In the computation
of the royalty revenue, the government’s discount factor is assumed to be 0.9, and the
royalty revenue for each tract is paid in equal payments over 20 years. The gray band

is the 95% bootstrapped confidence interval.

6.2.2 Partial disclosure: Withhold-k policy

In this exercise, I consider a partial disclosure policy in which the auctioneer announces that

the £ highest bids, not including the winning l%d, are not revealed. For example, when k = 4,



the second, third, and fourth highest bids are not revealed. The ND policy is a special case
in which £ = N. Proposition [2| in the Online Appendix shows that the withhold-k policy
has a symmetric and strictly increasing bidding strategy.

The revenue estimates of withhold-k policies are depicted in Figure [I5 I make two
observations. First, similar to the results from the threshold policy analysis, Figure 15| also
exhibits nonmonotonicity in the bid revenue as the number of hidden losing bids increase. For
example, for deep tracts, the policy that yields the lowest bid revenue is when k£ = 5. Second,
on average, the withhold-£ policy that yields the highest revenue for the auctioneer is still
the ND policy. When the optimal withhold-k policy for each tract is considered (Figure [31]in
the Appendix), the ND policy is optimal for almost all tracts. As a comparison, withholding
only the second-highest bid achieves 17.3785% (71.7352%) of the revenue increase from the
ND policy for deep (shallow) tracts.

Discussion In the model, I do not consider bidders’ incentives to trade information after
the auction under a partial or non-disclosure policy. Two institutional features support
this assumption. First, the literature has noted that firms are reluctant to disclose their
proprietary technologies for interpreting seismic surveys (Haile et all [2010). For example,
there have been documented cases where oil and gas companies refuse to share information
with regulators due to concerns about losing their competitive advantage (Greene, 2011]).
Additionally, even information that must be submitted to regulators is subject to an embargo,
remaining confidential for 50 years before being publicly released. Second, exploration by
a winning bidder creates a positive externality for losing bidders who may be interested in
bidding on adjacent tracts. In this scenario, the cost of revealing information for losing

bidders is no longer negligible.

7 Conclusion

In this paper, I empirically study how information on the losing bids should be strategically
revealed to the winning bidder in the context of US OCS auctions and quantify the potential
revenue gain from such an information mechanism. In an OCS auction, the auctioneer (the
government) auctions off the right to extract oil and gas on federal offshore tracts via a first-
price sealed-bid auction. In addition to receiving the winning cash bid from the auction, the
government also charges a royalty on the tract’s production value. After the auction, the

winning bidder decides whether to explore the tract, which is a costly decision. Unexplored
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tracts do not produce oil and gas; therefore, the winning bidder’s post-auction action also
affects the auctioneer’s payoff.

I first construct and estimate a model of a first-price sealed-bid pure common value
auction in which the winner also chooses whether to explore the tract after the auction at a
cost after observing all the losing bids. I show that by combining the bid data, the variation
in the exploration rate across auctions, and an exploration cost shifter, the firms’ posterior
beliefs on the production value of the tract conditional on all the bidders’ private signals are
nonparametrically identified.

I then extend the model to the case in which the auctioneer can use an alternative bid
disclosure policy. Under an alternative bid disclosure policy, the equilibrium bids decrease
for two reasons. First, when less than full information is transmitted to the winning bidder,
the winning bidder makes more ex post mistakes, which lowers the revenue from winning
the auction, resulting in an incentive to lower its bid. Second, when the winning bidder is
unable to observe the second-highest bid, the effect on the equilibrium bidding strategy is
akin to a decrease in the competitiveness of the auction. On the other hand, an alternative
bid disclosure policy might be able to improve the likelihood of exploratory drilling, which
can ultimately result in higher royalty revenue. The counterfactual analysis reveals that
an alternative bid disclosure policy can significantly improve the government’s revenue and
offset some of the negative consequences of a positive royalty rate on welfare.

The economic trade-off discussed in this paper extends beyond OCS auctions to other
contexts involving an auctioneer in a common-value setting, where the auctioneer’s utility
depends on an ex post action taken by the winning bidder. For example, in pull supply con-
tract auctions, where a buyer (the auctioneer) engages suppliers (the bidders), the winning
supplier must invest in capacity before the buyer’s demand uncertainty is resolved. In this
scenario, strategically disclosing losing bids could influence the winning bidder’s expecta-
tions about demand uncertainty, thereby mitigating the risk of underinvestment in capacity.
A similar rationale applies to timber and failed bank auctions, where bidders can gain in-
sights into bidder-specific persistent private cost components—such as capacity constraint
in timber auctions or liquidity constraint in failed bank auctions—based on revealed bids.
This transparency could dampen competition and reduce the auctioneer’s revenue in future

auctions.
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A Proof of Proposition

Proof:

Fix any strictly increasing () and suppose that all firms j # i play according to 8. Firm
1’s expected profit from bidding b when S; = s is given by Eq . Differentiating Eq
with respect to b, the FOC is

0=—GY(B7'(b)]s) + [v(s, 871 (b)) — b] g" (B (D)]s)

B'(B=1(b))
At a symmetric equilibrium in which every firm plays [, the above equation must be satisfied
at b = [(s), which implies that

0=—G"(s|s) +1/8'(s) [v(s,5) = B(s)] " (sls)

= B(5)+ 86 Ty = ol 5)

(13)
Eq is a linear ordinary differential equation with a boundary condition of 5(0) = 0.
Therefore, Eq is the unique solution of the FOC.

Next, I show that (-) is increasing. Because the signals are affiliated, v(s, y) is increasing
in both s and y. Moreover, for § > s, L(y|s) < L(y|$) for any y. Therefore, L(:|s) is first
order stochastic dominated by L(-|§). Therefore, 5(-) is indeed an increasing function.

Finally, I show that 3(-) is firm i’s best response against all other firms playing 5. Suppose
that firm ¢ bids 5(5), where § # s. Its expected profit is

U(3]s) = / Jols, ) — BG)] ¢ (ls)dy
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Take the derivative with respect to s:

P (1u(s:8) = 5060 2~ 9)) €l (1)

From the FOC, % =0. Eq can be rewritten as

1 = (106605 - 509 50 5.9 - 501 ) 6 s (19

Because v(s, 5) < v(3, §) and gy(;‘?) < g |s§)) by the affiliation property, the LHS of Eq

is negative. Therefore, bidding 3(5) is not firm 4’s best response

Similarly, if § < s, then v(s, 5) > v(8, 5) and 3;((?@) > Iy (S| Therefore, bidding 5(5) is also

not firm ’s best response. W

B Proof of Proposition

Proof:
Fix any strictly increasing (-) and suppose that all firms j # i play according to §. After
the auction, conditional on winning at a bid b, firm ¢’s profit before the exploration cost is

realized is given by

Vo(s. 57 (0) =E [V(s,y,2]s,5 < 57 (0))]

where we have defined V, on Eq @
Therefore, firm ¢’s expected profit from bidding b when S; = s is given by

/05‘1(b) (w (\A/O(s,ﬁfl(b))) _ b> ¢¥ (y|s)dy (16)
The FOC w.r.t b is
0= [ V(.57 00) =] 0" (5~ O) gy
<§b¢ (VO(S N ))> - 1) GV (571 (b)]s) (17)
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where

~ b

B=1(b)
1/GY (8 / / (5,9, 2)9% (2]5.) Y<y|s>dzdy]

g (B~ (b)ls)
p(B=HB)GY (67H(b)[s)

At a symmetric equilibrium in which every firm plays £, the above equation must be satisfied

at b= B(s).

_ (170<3, BH(b)) — %(s,ﬁ*l(b»)

(18)

0= [w (VO(S, S)) — 6(5)} gy(s|s)ﬁ+

(w' (0 (5.9)) [Fo(s.9) = Vots. )] % 1) G (sls)
(19)

= 00+ MO = [0 (9) 4 (0 09) [t~ it ] S5
(20)

Equation (20) is a linear ODE equation with an initial condition 3(s) = 0. Therefore, Eq[J]
is the solution of ([20).

It remains to show that (VO(S, 5)) + (VO (s, s)> [\70(5,5) — %(5,3)] is increasing in s.
Note that ¢/(-) = F°(-), therefore, 1(-) is convex. It follows that, for s’ > s:

v (Vals',)) = v (Va(s,s))
=0/ (Vifo.9) |
=0’ (Vo(e.)) [%
>/ < 0(575)> _Ao

where the last inequality follows from Vj(s, s) < Vo(s',s'). Therefore, 3(-) is increasing.

(s,s)] - (f/o(s,s)) [Vo(s,s) - ‘A/o(s,s)}
— V(¢ 5')] — (‘70(8, s)) [Vg(s,s) - \70(3, s)]

~—~ —~ —~
V2)
~
V)
~
~— ~— ~— A
o

The rest of the proof (showing that 5(-) is a bidder’s best response) follows the same
logic as in Proof [A] and is therefore omitted. W
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C Proof of Proposition

Proof:

As stated in the main text, F<°(-), V(-), ¢(-), &(-), and & are objects to be identified, and
they must satisfy both and (11). The left-hand side (LHS) of and are identified
from the data.

Coarllsig(erz (10)). The slopes of the level curves of A(:,-,r) are also identified and equal to

— asktszy- Lherefore:
oL

dlog A(s,Z,r) dlog V (s)
Os _ Os

dlogA(s,Z,r) ~ 0Olog Z(Z,r) (21>
0T 0T

Suppose that there exists {f/(-),f(-),ﬁco,é(I),g,/%} and {V(~),§(-),FCO,C(I),5,R} that

both satisfy , , and thus . From , for any s,Z, and r. Similar to the main
text, I define

2z 0 _Cr()I_ K(T)
2z 0 _g:()z; R(T)

Thus, 3 .
2 logV(s) B L log Z(Z,r)

% logV(s) a% log Z(Z,r)

Since the LHS of the above equation is a function of only s whereas the right-hand side
(RHS) is a function of only (Z, ), there exists two constants kg, k1, ks > 0 such that

Z(T,r) = ko Z(Z, 7)o
and  V(s) =k V(s)k

WLOG, let kg > 1. I now prove that kg = 1. Suppose, for a contradiction, that ky > 1.

Counsider two cases:

48



Case 1: N > 2. From Eq , conditional on S5; = s

[ 7 _ 0 7 z C 9 ya $,8,2 2 dG?(zs, s
0:/ / Afs. 5.2 0) |ZE D)V (08.5) = ZTNDkgZV (50 )} iz dGZ (25, )

= / /ZA(&S%I) :%V(S,SJ-) (2@ - 2 T)E(I)klkovko‘l(s,s,é))} dz dG (zs, s)

> /5 /zA (S,S,é, I) :%V(S,S,é) (Z(I, T’)C(I) — klk’ovko_l(s,s,é))} dz dGZ(Z|S,S)

(22)

where the last inequality is due to Z(Z,r)C(Z) = 6(1 —r) — &(Z) < 1. Since V() is strictly
increasing, %V(s, s,z) > 0. Since V(0) = 0, for S; = s sufficiently small, the right hand side
of Eq. is positive, which is a contradiction.

Case 2: N =2. From (|11, conditional on S; = s

0= /S A(s, 8 1) <Z(Z, T)C(I)%V(s/, s — Z(T, r)g(I)lﬁ%Vko(s/, s/)) ds'  (23)

Similar to the N > 2 case, for S; = s sufficiently small, the right hand side of Eq. is
positive, which is a contradiction.

Therefore, kg = 1. Therefore, V(-) and Z(-,-) are identified up to two multiplicative constant
k1 and ks, respectively.

I now show that ((-),(-), and § are also identified up to a multiplicative constant. Note
that if Z(Z,r) is identified, 6/¢(Z) and % is identified due to the variations in r in the
data. Using the normalization ((E(Z)) = 1, § is identified. Therefore, ((Z) and x(Z) are
both identified. In other words

‘7(3) = le(s)

¢(T) =<¢(@)

R(T) = kok(T)

5(T) = ko (24)

Since (11)) must be satisfied, ky = kil Therefore, V(+), k(-), and 0 are identified up to the
same multiplicative constant, and ((-) is identified.
I now show that F¢° is also identified as long as V(-),&(-), and & is identified. Consider (10)
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and take derivative of A(-,Z,r) at s and 8’ # s

0/0sA(s,T,7) [ (V(s)Z(L,r)
0/0sA(s',T,7)  f°(V(s)Z(Z,r)V'(s)

~—
<

—
»

and

0j0sns,T,r) 1O (V@) V' (s)
0/0sA Tr)  for (V(s') (T,1))

The above equations are well defined because V(+) is strictly increasing. Using and that
ks = 1/kq, the above two equations imply

V(S Z(Zr) _ [TV Z (L)

— = = (25)
fCWV(s)Z2(Zr) [V I(s)Z(Z,r)
This implies that there exists a constant k3 such that
FUC) = ka0 (26)

Since ¢ and f€° are both density functions, k3 = 1. Therefore, f©° and thus F¢ are
identified. W
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Figure 16: Average exploration rate, tract depth, and hit rate over time
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Note: The left panel and middle panel show the average exploration rate and average
water depth among tracts that were assigned within a given year. The right panel
shows the proportion of tracts that were successfully developed among tracts that were
explored.

Figure 17: Number of explored leases among newly acquired leases for each oil/gas company
in 3-year rolling windows
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Note: Each dot in the graph represents the number of newly acquired leases and
explored leases within a 3-year window for a particular year for each oil/gas company.
The number of leases includes only leases with at least 50% ownership. The three-
year benchmark was chosen because, during my data period, most explored leases
(68.5851%) were explored within the first three years. Most firms acquire many more
leases than the number of tracts that will eventually be explored, and some firms do
not explore any leases. For example, on average, firms acquire 28 leases but explore
only 2 in a three-year window.

o1



Table 18: Correlation between the number of explored leases and the number of all newly
acquired leases for each owner

Number of explored leases

Number of newly added leases (at least 50% ownership) 0.029**
(0.008)
Year FE Yes
Lease owner FE Yes
Observations 633
Adjusted R? 0.543

Note: In this table, I regress the number of explored leases among newly acquired tracts in a given
year for owners with majority ownership percentage (> 50%) on the total number of tracts acquired
in the same year, year fixed effects, and owner fixed effects. Standard errors are in parentheses and
adjusted for heteroskedasticity. The positive correlation suggests that gas and oil companies are more
likely to explore new tracts if they have more newly acquired tracts. Therefore, exploration capacity

is unlikely to be the main reason for low exploration rates.

Table 19: Summary statistics of all available auctions and production data

Statistic N Mean  St. Dev. Max Min
First bid 16,280 1,463 5,194 157,111 0.12
Second bid 46 1,555 5,015 84,391 4.24
Average losing bid 46 16 2,823 56,964 4.24
Number of bids 16,280 0 0 0.01 0
Fraction of Explored Tracts 30,757 0.28 0.45 1 0
Oil production 4,119 4,702 19,446 581,873 0
Gas production 4,119 40,098 109,538 4,253,872 0

Note: The bids are expressed in hundreds of thousands of dollars. Oil production is
measured in thousand barrels of crude oil, and gas production is measured in million
cubic feet.
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Figure 20: Successful exploration rate across large oil/gas companies
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Note: This figure includes only oil and gas companies classified as large bidders in
Section [F] i.e., those whose total bids exceed that of the median bidder during the data
period. The horizontal axis represents the number of explored tracts owned by each
company, including those acquired through joint bids. In the top figure, the vertical
axis shows the average success rate among explored tracts. In the bottom figure, the
vertical axis represents the coefficients of firm fixed effects from a regression where I
estimate whether a tract was successfully explored. The regression includes the log
value of the winning bid, the log value of the average losing bid, the number of bidders,
the log value of the tract’s water depth, the predicted quantities of oil and gas in the
tract, as well as fixed effects for the tract’s location and year. The size of each point
in the figure reflects the total bid amount placed by each firm during the data period.
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Table 21: Summary statistics of the total number of geological and geophysical survey permit
application by lessees

(a) All permits

Fraction of tracts with survey permits | Number of tracts

Unexplored tracts 0.21 22094
Explored unproductive tracts 0.17 4544
Explored productive tracts 0.28 4119

(b) Only 3D and 4D permits

Fraction of tracts with survey permits | Number of tracts

Unexplored tracts 0.10 22094
Explored unproductive tracts 0.08 4544
Explored productive tracts 0.15 4119

Note: The number of permits indicates whether a tract’s lessee applied for a geological and geophysical
permit after acquiring the tract but before any exploration drilling occurs. A permit is required prior
to surveying; however, the location of the survey is proprietary information and is not disclosed by the
government. Thus, this value represents the upper bound of the actual number of tract-specific permits.
In the upper table, all permits are included. In the lower table, only deep-penetration seismic 3D and

4D surveys are included, as these are typically the most informative for exploration and development.

Figure 22: Current composition of source of revenue
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Figure 23: Observed oil and gas production
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Note: The upper graphs show the locations and production quantities of tracts that
have produced oil or gas or both. The units of production are barrels for oil and MCF
for gas. The lower graphs show the locations of tracts that were explored. The gray
tracts are tracts that were explored but were subsequently abandoned, and the red
tracts are tracts that were explored and subsequently developed. The lower graphs
cover a larger area than the upper graphs.
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Figure 24: Comparisons between ex post and prior constructed beliefs on oil and gas
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Note: The red line represents the 45-degree line. The x-axis shows the mean of the
prior distribution, while the y-axis shows the mean of the ex post distribution. The

unit for the Gamma mean is in MCF.

Table 25: Subsample statistics

Number of bidders Tract type Percentage Number of observations

2 Deep 9% 1025
2 Shallow 3% 343
3 Deep 52% 5714
3 Shallow 5% 555
>3 Deep 2% 186
> 3 Shallow 29% 3127
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Table 26: Summary statistics of rig contracts

Statistic Mean N St. Dev.
Contract Duration (Days) 143.50 4,649 275.50
Daily Rate 90.82 4,649 113.70
Total Rig Cost 27,551.00 4,649  121,522.00

Note: The rig contracts are only available between 2000 and 2019. The data is recorded
at the contract level. The units of the daily rate and the total rig rental cost are
thousands of dollars.

Figure 27: Distribution of cost shifter across years and tract type
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Note: The solid lines in the right panel represent the average annual values of the constructed cost
shifter over the years.
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Table 28: Relevance of Cost Shifter

Explored
(1) (2) (3)
Log Average Rig Rate —0.1425 —0.1077 —0.1474
(0.0545)  (0.0544)  (0.0541)
Number of Bids 0.0294 0.0146
(0.0078)  (0.0079)
Log First Bid 0.0363 0.0564
(0.0102)  (0.0100)
Log Average Losing Bid 0.0229 0.0494
(0.0137)  (0.0137)
Area FE No Yes Yes
Time FE No No Yes
Observations 2,510 2,510 2,510
Adjusted R? 0.0015 0.1623 0.2475

Note: The rig rental costs are in thousands of dollars. The average rig rental cost is the
constructed cost shifter Z, which is a tract-level variable. It represents the distance-
weighted daily rig rental costs of nearby tracts prior to a tract’s auction, accounting
for year fixed effects and area fixed effects. The regression estimates suggest that this
constructed average daily rig rental cost is a useful predictor of the realized cost of

exploration, as it is negatively correlated with the exploration probability.
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Figure 29: Average and standard deviation of contract rates across operators
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Note: Each contract is signed between a rig owner and an oil/gas company, which acts
as the operator of a lease. The contract outlines the daily price for rig rental. On the
graph, each point represents a summary statistic of all rig contracts signed by the same
operator, with the mean shown on the left and the standard deviation on the right.
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Figure 30: Average royalty revenue (in millions of dollars) across deciles of drilling rate
change
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Note: In this figure, I categorized tracts into 10 groups according to the impact of a
non-disclosure policy on the tracts’ drilling probabilities. For example, a tract in the
5th decile has a median increase in the drilling probability relative to other tracts in
the sample. On the vertical axis, I compute the average royalty revenue of those tracts.
This figure shows that the most productive deep tracts tend to be associated with the
largest increase in the drilling probability when a non-disclosure policy is implemented.
This explains the significant increase in the royalty revenue for deep tracts despite the

modest average increase in the drilling probability.
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Figure 31: Distribution of optimal k values across tracts
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Note: In this exercise, I find the optimal withhold-k policy for

each tract. When N = k, the optimal policy is the same as the
ND policy.
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Table 32: Correlation between losing bids and exploration rate

Exploration drilling = TRUE
(1) (2) (3) (4)

Winning bid (in log)
Average losing bid (in log)
Number of bids

Predicted production for oil (Bernoulli)

Predicted production for gas (Bernoulli)
Predicted production for oil (Gamma) (in log)

Predicted production for gas (Gamma) (in log)

Ex post mean for oil (Bernoulli)
Ex post mean for gas (Bernoulli)

Observations
Adjusted R?

0.047  0.047  0.048  0.047
(0.010)  (0.010)  (0.010)  (0.010)
0.039  0.039  0.038  0.028
(0.012)  (0.012)  (0.012)  (0.013)
0.008  0.006  0.007  0.007
(0.008)  (0.008)  (0.008)  (0.009)
~0.049 —0.503  —0.306
(0.134)  (0.452)  (0.553)
0258  0.614  0.526
(0.122)  (0.288)  (0.315)
0.032 0031  0.015
(0.018)  (0.018)  (0.019)
—0.022 —0.020 —0.007
(0.025)  (0.025)  (0.027)
0422  0.262

(0.411)  (0.512)

—0.395 —0.213

(0.318)  (0.349)

2,510 2510 2,510 1,988
0315 0316 0316  0.369

Note: Other included but unreported variables are the number of tracts owned by lessees that have

not been explored or are under production, those that have been explored, and those currently under

production. Additionally, the model includes the average bids from neighboring tracts, the number

of neighboring tracts explored, the number under production, tract depth, year fixed effects, and area

fixed effects. In Column (4), leases with shared ownership of nearby tracts are excluded. Standard

errors are in parentheses and adjusted for heteroskedasticity.

Table 33: Estimated parameters related to F o

Deep | -2.47 | -401 |-444 [-387 [-3.92 [-055 |-1.62 |-2.3 |-1.28
(0.053) | (0.087) | (0.084) | (0.067) | (0.029) | (0.067) | (0.006) | (0.001) | (0)
Shallow | -0.04 | -4.01 | -4.07 |-3.73 |-3.19 |-1.84 |-1.86 |-1.86 |-0.83
(0.042) | (0.032) | (0.05) | (0.054) | (0.089) | (0) (0) (0) (0)

Note: For each tract depth (shallow or deep), F' ¢ is modeled using a cubic spline function with five

interior knots.

These knots are positioned approximately at the 10th, 30th, 50th, 70th, and 90th

percentiles of the estimated posterior mean distribution (i.e., the distribution of V(S)). Bootstrapped

standard errors are provided in parentheses.
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Figure 34: Distribution of welfare difference across tracts at observed royalty rates
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Note: Surplus is measured in millions of dollars. A negative
(positive) surplus indicates that the FD policy results in a higher
(lower) surplus compared to the ND policy.

Table 35: Correlation between the exploration decision and the values of losing bids

Exploration drilling = TRUE
(1) (2) (3) (4)

Winning bid (in log) 0.059 0.058 0.047 0.047
(0.010)  (0.010)  (0.009)  (0.009)
Second highest bid (in log) 0.044 0.044 0.036 0.037
(0.012)  (0.013)  (0.011)  (0.011)
Difference between third highest bid and winning bid (in log) —0.029 —-0.022 —0.021 —0.017
(0.010)  (0.012)  (0.009)  (0.011)
At most two bids —-0.391 —-0.294 —0.264 —0.217
(0.139)  (0.166)  (0.124)  (0.148)
Difference between fourth highest bid and winning bid (in log) —0.018 —0.008
(0.017) (0.016)
At most three bids —0.274 —0.111
(0.244) (0.223)
Ex post mean variables included No No Yes Yes
Observations 2,510 2,510 2,510 2,510
Adjusted R? 0.318 0.318 0.474 0.473

Note: Other control variables, not reported here, are consistent with those in Column (5) of Table
These include the number of tracts owned by lessees that are unexplored, under production, or have
been explored; the average bids from neighboring tracts; the number of neighboring tracts explored or
under production; tract depth; year and area fixed effects; the number of bids; and predicted production

variables. Ex post belief variables are defined as in Table [3| Standard errors, presented in parentheses,

are adjusted for heteroskedasticity.
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Figure 36: Distribution of optimal thresholds (under the threshold disclosure policy) across

tracts
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Table 37: Correlation between the optimal threshold and expected production quantities

Optimal threshold for each tract

Predicted production for oil (Gamma) (in log)

Predicted production for gas (Gamma) (in log)

Predicted production for oil (Bernoulli)
Predicted production for gas (Bernoulli)

Observations

Deep Shallow
(1) (2)
0.407 0.095
(0.155) (0.068)
0.596 0.177
(0.356) (0.091)
—15.260 —0.700
(1.246) (0.386)
0.326 —0.860
(1.504) (0.502)
1,661 843
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E Construction of tract’s potential (1tyamma.oils Kgamma.gass

Hbvernoulli,oil s Mbernoulli,gas)

I assume that once production begins at a tract, all potential bidders observe that tract’s
production value. For leases that have expired—which I term ‘completed’ leases—the oil and
gas quantities of a tract are equal to the total amount of oil and gas the tract has produced.
For tracts that are still in production at the end of my data period, I construct a measure
of the total amount of oil and gas that will be produced using the production data of the

previous 2 years.

Construction of production values For leases that have not expired by the end date of
my data set, I use the following regression on completed leases to predict the total amount

of oil and lease in the tract:
S T
log (Z QE’T> =Bo+ > _ B +aXi+yr + ¢ (27)
=T J=1

where i € {0, g}, and Qi’T is the total amount of reserve type ¢ produced by tract t after
7 months of production, and X; are tract characteristics. I allow the regression coefficients
{Bo, Bjj=12,.1,a,7} to be dependent on the range of T. In my benchmark estimates, 7" = 2
years, and I estimate regressions separately for T < 5 years, T" < 10 years, ..., up to 30

years. Table [38] summarizes the number of completed and uncompleted tracts in my data,

and figure 39| shows the model fit of ([27)).

Table 38: Summary of tract types

Tract type N obs  Average Production Duration (in month)
Uncompleted oil tracts with sufficient data 770 335.4
Completed oil tracts 691 157.6
Uncompleted oil tracts without sufficient data 56 9
Uncompleted gas tracts with sufficient data 724 335.4
Completed gas tracts 2786 147.9
Uncompleted gas tracts without sufficient data 40 10.7

For tracts that were explored but not subsequently developed, their production quantities
are assumed to be 0 (Q° = Q7 = 0).
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Figure 39: Oil and gas production model fit
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COHStTUCting (,uGamma,oilv HGamma,gass HBernoulli,oil y MBernoulli,gas) I decompose the priOl"
F@ into two priors F'9° and F?’ for oil and gas quantities, respectively. For each deposit
type i € {0, g}, the unconditional (with respect to any ex post outcomes of nearby tracts)
prior Fth of a tract ¢ is assumed to be a mixture distribution as follows:
i _ : s exp(Bh+1/5,)
Qi = 0 with probability -0~ (B (28)
i . 1. 1
Qi ~ Gamma(-,-) with probability {———7:=o—- o)
where 3} is a parameter to be estimated. 1{, is assumed to be a Gaussian random field with
a Matérn correlation function, where, for two tracts ¢ and t’, the covariance between 1/}, and
Vb 18

oi” (villse — sull) K1 (illse — sull) . (29)

where o), and 7} are parameters to be estimated, ||s; — sy|| denotes the distance between the
centroid of tract ¢ and tract ¢, and K;(.) is the modified Bessel function of the second kind
with a smoothness parameter of one (Krainski et al., 2018). Next, the Gamma distribution

in Eq. is assumed to have mean y! and standard deviation (‘gi)z, where

log pi; = B + Vi,

in which ¢’ and 3} are parameters to be estimated, and v, is also a Gaussian random field

similarly defined as in (29) with parameters o¢ and ~i. To estimate 7§, I estimate the range

value pi, = ¥3. I follow a similar procedure for yi—i.e., we estimate pi = ¥3.
0 7 1 ’ 1 7
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Thus, in summary, the parameters that need to be estimated are {8}, of, pi, @', Bi, 0%, p' }
for i € {0,g}. These parameters represent the spatial distribution of oil and gas deposits. I
estimate these parameters using R-INLA (Rue et al.. 2009). The estimated parameters of
the priors are summarized in Table [0}

Table 40: Estimated parameters of the priors

Bs it ¢ I ot % g’
Estimate -7.112  14.750  0.388  2.203  1.955 1492 2.944
SE 1.364  0.851  0.017 0.726 0.380 0.300 0.404

3 it ¢ i ot 4 op’
Estimate -6.233 17430 0.716 0.207 1.012 1.837 3.321
SE 1.207  0.073 0019 0.041 0.077 0.304 0.428

The prior distribution of a particular tract ¢ being auctioned in year 7 is then the dis-
tribution in conditional on ex post production and exploration outcomes of all tracts
that were explored prior to year 7. This naturally implies that tracts that were auctioned
in earlier years have less informative priors than those that were auctioned in later years. In

addition, the same tract can have different priors based on the year of the auction.

F Joint Bidding

In this section, I examine bidders’ incentives to form joint bids. The analysis focuses on three
explanations for joint bids proposed in the literature (see, for example, [Hendricks and Porter
(1992)): (1) alleviating capital constraints required for bidding, (2) reducing competition,
and (3) sharing information among bidders. Notably, changes in the bid disclosure policy
could influence the composition of joint bids if bidders form them to pool information.

To distinguish between bidders who are likely to possess private information on produc-
tion values of tracts and bidders who primarily provide capital without directly engaging
in drilling operations, I categorize bidders into two categories: large and small. Large bid-
ders typically possess the expertise required for the exploration and development of offshore
wells, allowing them to submit bids independently. In contrast, small bidders are less likely
to make solo bids. A large bidder is defined based on their bidding activity from 2000 to

2019, considering both individual and joint bid contributions, exceeding the median bidder’s
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activity. This classification identifies 58 large bidders and 237 small bidders. Figure [41]illus-
trates the composition of joint bids. 28% of joint bids involve only one or no large bidders,
and the majority of joint bids involve two large bidders. Joint bids among large bidders are

more common in deeper tracts where bids are more expensive.

Figure 41: Composition and characteristics of joint bids
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Due to the observation that some large bidders rarely compete against each other, I
further organize them into clusters using a network approach, where each bidder represents
a node and those participating in joint bids are linked. Using the algorithm in
(2008)), I form 23 distinct clusters of bidders. In most auctions (65.34%), bidders do not
compete against firms within their own clusters.

Table 42| summarizes the auction statistics for large bidders within and across clusters.
The summary statistics suggest that (1) joint bids formed between large firms within the
same cluster are likely intended to reduce competition rather than to pool information; (2)
joint bids formed across clusters are more likely aimed at pooling capital; and (3) joint bids
between large firms tend to target tracts that are ex ante less risky, which does not support
the hypothesis that bidders form joint bids to share information.

Column (1) of Table [42 shows that within-cluster joint bids often occur on shallower, less
expensive tracts that are ex ante gas-productive. For instance, the predicted probability of
finding gas for these tracts is 29%, significantly higher than those for other tracts, where
predictions range between 10% and 13%. This higher predicted probability of finding gas
also implies a higher ex post probability of discovering gas. In comparison, when firms from
the same cluster submit separate bids for the same tract (column (2)), the average winning
bid is significantly higher ($6.79M compared to $3.19M). These tracts tend to be deeper,

attract more bids, are more expensive, and have lower predicted probabilities of discovering

68



Table 42: Summary statistics of bids involving at least two large firms

No Within-cluster Across-cluster
within-cluster  rival bidding, no joint bids
rival bidding, no  across-cluster
across-cluster joint bids
joint bids
(1) (2) (3)
Number of auctions 1419 550 336
Average winning bid 3:19 6.79 12.99
(7.43) (14.28) (19.18)
Average losing bid (gig) (égg) (222)
Average number of clusters (égé) (igg) (gé%
Average number of bids (2 03;3 (1?:129) ézg)
Average water depth 2966.21 4416.64 4867.47
(2921.97) (2280.69) (2532.52)
Bernoulli prior (oil) 0.12 0.07 0.1
Bernoulli prior (gas) 0.29 0.1 0.13
Productive in oil 0.04 0.03 0.04
Productive in gas 0.12 0.04 0.03

Note: Numbers in parentheses represent the sample standard deviation. Bid statistics are reported
in millions of dollars.

gas and oil than tracts in Column (1).

Column (3) of Table 42| also indicates that large bidders form joint bids across clusters
for highly competitive and expensive tracts that are likely to contain more oil and gas than
tracts where bidders from the same cluster submit separate bids. In addition, the average
bid for these tracts is more than double the winning bids for other tracts in the sample.
This result is consistent with the hypothesis that firms form joint bids to pool the capital
required for bidding.

Table [43] analyzes the propensity of bidders to submit joint bids, controlling for firm and
tract location fixed effects. In columns (1) and (2), I examine whether firms are more likely
to submit joint bids for tracts that turn out to be more productive, considering all bids
and those submitted by large bidders, respectively. In column (3), I investigate whether a
positive correlation exists between the decision of large firms to form joint bids with other
large firms in different clusters and the productivity of a tract. The results indicate that joint

bids are more likely to be formed for tracts that are ex ante more productive. For instance, a
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Table 43: Determinant of joint bids

Dependent variable:

Joint bids Joint bids across
clusters
(1) (2) 3)
Bid (in log) 0.053 0.053 0.024
(0.004) (0.004) (0.004)
Number of bids 0.002 0.004 0.004
(0.003) (0.003) (0.002)
Tract’s water depth —0.008 0.003 0.002
(0.010) (0.012) (0.009)
Productive in oil (ex-post) —0.001 —0.013 0.005
(0.028) (0.032) (0.026)
Productive in gas (ex-post) 0.010 —0.013 —0.059
(0.019) (0.026) (0.015)
Productive in oil (ex-post) x winning —0.014 0.006 0.037
(0.045) (0.053) (0.048)
Productive in gas (ex-post) x winning 0.012 —0.030 0.030
(0.028) (0.039) (0.026)
Bernoulli prior (gas) —0.007 —0.050 0.101
(0.056) (0.068) (0.049)
Gamma prior (gas) 0.0001 —0.018 —0.015
(0.012) (0.017) (0.010)
Bernoulli prior (oil) 0.159 0.160 0.015
(0.074) (0.086) (0.070)
Gamma prior (oil) 0.033 0.019 0.029
(0.011) (0.013) (0.009)
Constant —1.154 —0.676 —0.669
(0.266) (0.343) (0.209)
Firm FEs Yes Yes Yes
Area FEs Yes Yes Yes
Year FEs Yes Yes Yes
Sample All Large bidders Large bidders
Observations 8,549 6,673 6,673
Adjusted R? 0.352 0.330 0.159

Note: In the first column, the sample includes all bids from auctions held between 2000 and 2019 that
involved at least two bidders. The second and third columns focus exclusively on bids involving at least

one large bidder. The dependent variable in columns (1) and (2) is a binary indicator of whether a bid

is a joint bid. In column (3), the dependent variable is a binary indicator of whether a joint bid was

formed between large firms across different clusters. Standard errors, adjusted for heteroskedasticity,

are reported in parentheses.
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1% increase in the prior probability of a tract containing oil raises the likelihood of forming
a joint bid—either between any two firms or between two large firms—by 0.16 percentage
points. Additionally, firms are more inclined to submit joint bids when planning to place
large bids. Specifically, a 1% increase in bid value corresponds to a 0.05 percentage point
increase in the probability of submitting a joint bid. These findings align with the theory
that firms form joint ventures to pool capital for bidding on competitive tracts, consistent
with the results of [Hendricks and Porter| (1992). However, the post-bid outcomes—such as
whether a tract was explored or produced oil or gas—do not exhibit a significant positive
correlation with joint bid status across all regression models. This suggests that joint bidders

likely do not possess an informational advantage over solo bidders.

F.1 A model of joint bidding with communication friction

In this section, I present a stylized model to examine firms’ incentives to form joint bids. In
this framework, bidders can form joint bids but incur a cost, as doing so requires them to
reveal private information about the tract’s production potential. This modeling choice is
motivated by the fact that firms in the OCS setting are often reluctant to share proprietary
information related to their technology, which determines the profitability of a tract. I first
analyze the equilibrium joint bid formation under the full disclosure (FD) policy, followed
by the non-disclosure (ND) policy.

Consider a first-price sealed-bid auction with two bidders, where each bidder ¢ (for i =
1,2) receives a private signal .S;, drawn uniformly from the interval [0, 1]. After the auction,
the winner has the option to incur a cost C' to extract the value of the tract, which is given
by:

v St + 52.
2
If the winning bidder chooses not to pay this cost, the value of the tract is 0. The cost C'is

drawn from a uniform distribution over the interval [0, 1], i.e., C' ~ UJ0, 1].

Bidders also have the option to participate in a joint bidding venture. To bid jointly, each
bidder ¢ must disclose a message M;, which is defined as M; = o;¢; + (1 — 0;)S;, where ¢; is
randomly drawn from UJ0, 1]. Here, o;, which can be either 0 or 1, denotes the precision of
M;. When ¢; = 0, bidder ¢ fully shares their private information with the joint bid partner,
while 0; = 1 indicates that the message M; contains no meaningful information about the
tract. The choice of o; is made privately before the realization of the private signal S; and

before forming the joint bid. I assume that choosing o; = 1 incurs a cost of k, while choosing
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0; = 0 incurs a higher cost, k, where 0 < k < k. In a joint venture, the combined bid
and post-auction decisions are determined by the aggregate information provided by both
parties, which is equal to S; = %(Ml + M,).

In this example, k represents the cost of forming a joint venture, which could arise if the
government deems the auction non-competitive and rejects the joint bid. In a more general
model with multiple bidders, this cost can also capture (in a simplified way) the equilibrium
effect of increased equilibrium bids when all bidders decide to form joint bids.@

Throughout this exercise, I focus on symmetric Bayes-Nash equilibria. In the follow-
ing analysis, [ examine the equilibrium decisions regarding whether to bid jointly and the

precision of M; under both the FD policy and the ND policy for losing bids.

Full-disclosure policy

FD
solo

Under an FD policy of losing bids, let () denote the equilibrium bidding strategy. Firm

1’s profit from bidding b is as follows
2(st) 1] . i
E / {5(3 +5') — c} dc —bls' < BEP™(b) | Pr (3’ < pEp (b))

Applying Proposition [I] in the main text, conditional on S; = s, bidder i’s bidding strategy
is given by

L,

FD ——
solo(S) 68

The expected profit from solo bidding is given by

3
wio(8) = 578°

Now, let’s consider the incentive to form a joint bid. When both firms form a joint bid, this
becomes an auction with only one bidder. Therefore, the joint bidder will bid b = 0 and
obtain the tract.

29For example, [Krishna and Morgan| (1997) studies equilibrium bidding strategies in a common-value
auction (without ex post actions), assuming the latent value is the average of all firms’ signals. The key
result of this paper is that joint bidding mitigates the winner’s curse and leads to higher equilibrium bids with
fewer bidders, under the assumption that the signal distribution is log-concave. [DeBrock and Smith| (1983)
reach a similar conclusion using numerical simulations. However, these papers do not examine whether
forming a joint bid is optimal.
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Conditional on o; = 0, the expected profit of firm ¢ from joint bidding is given by

1 (M50 1 s g if ai:1
E 5/ ?&+&%%7M7—m@%= 2 (30)

Conditional on ¢; = 1, the expected profit of firm 7 from joint bidding is given by

1 [z Ty sk if o,=1
E 5/ 505, +05) —C|dC | ~n(o) = {5 (31)

s(s+ Lz _
6 tog—F it 0;=0

Proposition 4 Under FD:

e Bidders do not form a joint bid in equilibrium if k > g5 and Kk > i4.

o Ifk < % or K < ﬂ, bidders form a joint bid and choose not to reveal their private

signals if 9—16 <Rk -—K.

o Ifi< g ork< bidders form a joint bid and choose to reveal their private signals

24,
1
at cost Of/i ifR— kK< g-

Proof:
From (30), it can be shown that firm ¢ will choose 0; = 0 (1) if & — £ < (>) 5. Similarly, the

same threshold applies to (31)). Therefore, the equilibrium choices of (0;,0;) are as follows:

o (0,=0,0;=0)if kR —Kr < & 96, yielding an expected equilibrium profit for each firm of
Tjoint = 9—76 — K.

e (0,=10;=1)ifk—Kk> %, yielding an expected equilibrium profit for each firm of
Tjoint = % — k.

The ex-ante expected profit from solo bidding under FD is E (757 (s)) = &. Therefore,

the statements of Proposition [4] are obtained. W

Non-disclosure policy

Under an ND policy, let BYP(.) denote the equilibrium bidding strategy. Firm 4’s profit from
bidding b is as follows

s+s |s'<Bis ~ (®)
</E( (e 55251@)‘0]“‘5)“(5<ﬁﬁf31“>
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Applying Proposition [2] in the main text, conditional on S; = s, bidder i’s bidding strategy

is given by 0
ND/y _ 2 .2
solo (S) - 648

The expected profit from solo bidding is given by

9
ND -
solo(s) - 648

Figure 44: Illustrations of the optimal bidding and messaging strategies

(FD) (ND)
R /l R 7
1| /S /,’
! e
24 I & L Y A
: 768 [
1 1
1 1
1
1
1/ 1/
% [/ 96
1 1
1 K 5 2
96 763

Note: The gray region represents the values of (%, k) for which bidders will bid solo in equilibrium.
In the blue region, bidders bid jointly but disclose only uninformative messages. In the red region,

bidders bid jointly and fully reveal their private signals.

Proposition 5 Under ND:

e Bidders do not form a joint bid in equilibrium if k > =< and Kk > 255

5 _ _ 29
o Ifk < =g oMk < 7,

signals if 9—16 <K — K.

bidders form a joint bid and choose not to reveal their private

5 — _ 29
o Ifr < = ork < g,

at a cost ofﬁifﬁ—@<%.

bidders form a joint bid and choose to reveal their private signals

Proof:
The proof is similar to that of Proposition [4| and is therefore omitted. W

74



Figure [44] illustrates Propositions @ and [5] Here, bidders are less likely to form a joint bid
after a non-disclosure policy is implemented. This is because the profit under solo bidding
is higher under ND than under FD. Despite being able to obtain the tract at zero bid as
a joint venture, forming a joint bid is costly to the bidders for two reasons. First, when
firms choose not to reveal their private signals, the post-auction decision of whether to incur
C' is suboptimal. Second, the cost of revealing more information is entirely borne by the
bidder, whereas some of the gain from this additional information is expropriated by the
other bidder.
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