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Set-Asides and Subsidies in Auctions†

By Susan Athey, Dominic Coey, and Jonathan Levin*

Set-asides and subsidies are used extensively in government procure-
ment and resource sales. We analyze these policies in an empirical 
model of US Forest Service timber auctions. The model fits the data 
well both within the sample of unrestricted sales used for estimation, 
and when we predict (out-of-sample) outcomes for small business 
set-asides. Our estimates suggest that restricting entry substantially 
reduces efficiency and revenue, although it increases small business 
participation. An alternative policy of subsidizing small bidders 
would increase revenue and small bidder profit, with little efficiency 
cost. We explain these findings by connecting to the theory of optimal 
auction design. (JEL D44, H57, L73, Q23)

Government procurement programs often seek to achieve distributional goals 
in addition to other objectives. In the United States, the federal government 

explicitly aims to award at least 23 percent of its roughly $500 billion in annual 
contracts to small businesses, with lower targets for businesses owned by women, 
disabled veterans, and the economically disadvantaged.1 Many state and local gov-
ernments also set goals regarding small businesses or locally owned firms. Given the 
large scope of these programs, it is perhaps surprising that relatively little is known 
about the optimal design of preference programs and their costs.

Two common methods are employed to achieve distributional goals. One approach 
is to set aside a fraction of contracts for targeted firms. For instance, federal procure-
ment contracts between $3,000 and $100,000 are reserved automatically for small 
businesses, and around $30 billion in federal contracts is awarded annually through 
some form of explicit set-aside program.2 An alternative is to provide bid subsidies 
for favored firms. Subsidies are used by the federal government to assist domestic 

1 Section 15(g)(1) of the Small Business Act states: “The Government-wide goal for participation by small busi-
ness concerns shall be established at not less than 23 percent of the total value of all prime contract awards for each 
fiscal year.” Extensive documentation of US government procurement programs for small businesses can be found 
on the Small Business Administration website at http://www.sba.gov/.

2 See 15 USC 644(g)(1) or the Federal Acquisitions Regulations, Section 19.502–2, which reads: “each acqui-
sition of supplies or services that has an anticipated dollar value exceeding $3,000 … but not over $100,000 … is 
automatically reserved exclusively for small business concerns and shall be set aside for small business unless the
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firms bidding for construction contracts under the Buy America Act, by the Federal 
Communications Commission to favor minority-owned firms in spectrum auctions, 
and in California state highway procurement to assist small businesses.3

This paper develops and estimates an econometric model of entry and bidding in 
auctions, and uses it to simulate the revenue and efficiency consequences of using 
alternative market designs to achieve distributional objectives. Our empirical set-
ting is the US Forest Service timber sale program, which conducts both set-aside 
sales and unrestricted sales, but does not use subsidies. During the time period 
we study, the Forest Service sold around a billion dollars of timber a year, and in 
the region from which our data is drawn, 14 percent of the sales are small busi-
ness set-asides. We find that designating a sale as a set-aside reduced efficiency 
by 17 percent and cost the Forest Service about 5 percent in revenue. Providing 
a subsidy to small bidders in all auctions appears to be a more effective means of 
achieving distributional goals. A range of subsidies might have eliminated both 
efficiency and revenue losses, while allocating the same volume of timber to small 
bidders, increasing aggregate small firm profits, and only slightly reducing the 
profit of larger firms. If other US procurement and resource allocation programs 
are similar, these results suggest that billions of dollars might be at stake in under-
taking a redesign of set-asides.

Basic supply and demand suggests that set-aside programs should lower revenue 
and decrease efficiency by reducing the number of eligible buyers. This need not 
be the case, however, if bidding is costly and firms are heterogeneous. In such a 
setting, restricting participation may increase auction revenue. Consider a standard 
independent private value environment with risk-neutral bidders who must decide 
whether to participate in an ascending auction with no reserve price. Suppose there 
is a single large bidder with a value uniformly distributed between 0 and 30 and two 
small firms with values uniformly distributed between 0 and 10. If it costs seventy-
five cents to learn one’s value and enter the auction, the large bidder will be the only 
entrant and will win at a zero price. If participation is restricted to the small firms, 
both will enter and the expected price increases from 0 to 3 ​ 1 _ 3 ​ , despite the fact that 
expected social surplus decreases by 9 ​ 1

 _ 12 ​ . If there are more large firms to begin with, 
however, or if entry costs are substantially lower or higher, a set-aside program both 
lowers revenue and decreases efficiency.4 Thus, both entry and bidding behavior 
must be considered in a full analysis of these programs.

Bid subsidies also can have ambiguous effects depending on the relative strengths 
of the bidders and the costs of participation. A well-known insight of Myerson 
(1981) is that appropriately handicapping strong bidders can increase revenue  

contracting officer determines there is not a reasonable expectation of obtaining offers from two or more responsible 
small business concerns that are competitive in terms of market prices, quality, and delivery.” The $30 billion figure 
is from 2009, and comes from a tabulation by Neale Mahoney based on contracts in the Federal Procurement Data 
System.

3 Ayres and Cramton (1996) provide an interesting analysis of the FCC auction subsidy program.
4 Suppose, for instance, there are two large firms. Then absent an entry restriction, both large firms enter in 

equilibrium, giving an expected price of ten. And a participation restriction decreases both revenue and social sur-
plus. The effects of restricting participation also can depend on features other than costly participation, e.g., Bulow 
and Klemperer (2001) show that restricting participation sometimes can be beneficial if there are strong “winner’s 
curse” effects.
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relative to a standard open or sealed bid auction. The impact of a fixed subsidy, how-
ever, can depend subtly on bidders’ value distributions, as discussed by McAfee and 
McMillan (1989). Moreover, with endogenous participation, a subsidy will affect 
entry in ways that in principle can be helpful or harmful. In the previous example, 
a rule that awards the object to a small bidder if its bid is at least a third that of the 
large bidder generates entry by all three firms. Expected revenue increases from zero 
to 8 ​ 1 _ 3 ​ with social surplus decreasing by 4. Such a program results in a small firm 
winning two-thirds of the time. Less dramatic subsidies have a similar qualitative 
effect, raising revenue while decreasing surplus. A larger subsidy, however, may 
discourage participation by the large firm; for some entry costs, the result can be 
lower revenue than a no-subsidy sale.

Getting a handle on the effect of set-asides or subsidies in a given setting requires 
understanding the relative strengths of targeted and non-targeted bidders. Forest 
Service timber sales are characterized by a high degree of diversity in participating 
bidders. Bidders range from small logging outfits to large vertically integrated forest 
products companies. We distinguish between the smaller firms that are eligible for 
set aside sales and the larger firms that are not. The smaller firms are mainly logging 
companies, while the large firms are mills and often part of larger forest product 
companies. The relative strength of these bidders varies with the size of the sale. For 
the smallest quintile of sales by volume, the different types of bidders do not submit 
significantly different bids. In larger sales, the small firms bid substantially less, 
and our estimates imply an even greater difference in underlying valuations. One 
explanation for the bidding and value differences is that large mills can process large 
quantities of timber more efficiently or avoid frictions in re-selling harvested logs.

We next develop a model of bidder entry and bidding and estimate its param-
eters from the data. Building on Athey, Levin, and Seira (2011, hereafter ALS), we 
model each sale as a private value auction with endogenous entry. As we wish to use 
the model to assess counterfactual changes in the preference policy (i.e., varying 
entry restrictions and subsidy levels), it is important to have an econometric model 
that can accurately predict entry and prices “out-of-sample” as preference policies 
change. Thus, we estimate the model using only data from unrestricted sealed bid 
sales, and assess its performance by comparing the out-of-sample predictions for 
small business set-asides with the actual outcomes in the data. The model performs 
well: predicted prices and entry are within 5 percent of observed values, and we can-
not reject equality of the predicted and observed bid distributions.

One observation from comparing unrestricted and set-aside sales is that entry 
responses help to mitigate the losses from set-aside policies. If small bidders did 
not increase their participation relative to unrestricted sales, revenue and efficiency 
losses both would be larger (30 and 28 percent, respectively, rather than 5 and 
17 percent).

We also use the model to calculate the effect of implementing a bidder subsidy 
program (applied to all sales) in lieu of direct set-asides for a subset of sales.5 A 
range of subsidies seem more effective at achieving distributional goals than the 

5 The idea that the US Forest Service set-aside program could be replaced with a subsidy policy is discussed by 
Froeb and McAfee (1988), and also by Brannman and Froeb (2000).
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observed policy of set-asides.6 From a programmatic perspective, a 6 percent sub-
sidy for small businesses would result in small firms winning as much timber as 
under the set-aside program, with 4 percent higher prices and a 2 percent increase in 
overall program efficiency. There is a small decline in the expected profit of larger 
firm (less than 2 percent), which disappears entirely with a slightly smaller subsidy. 
The attractive performance of subsidies relative to set-asides can be understood by 
connecting our empirical model to the theory of optimal auction design, which we 
do in the final section of the paper.7

Another way to limit efficiency losses while achieving distributional objectives is 
to select sales to be set-asides where efficiency losses would be small. We construct a 
statistical model that selects sales into the set-aside program in a way that minimizes 
expected efficiency losses subject to a constraint of volume sold, and find that using 
this model to allocate sales into the set-aside program would result in revenue and 
efficiency that are virtually identical to the no-preference policy. We also investigate 
the idea that a set-aside program serves to “guarantee” a minimal level of timber for 
targeted firms, reducing the risk that small bidders will win little timber. However, 
we find that this benefit is modest due to the relatively large number of sales.

Our results can be usefully compared to recent findings of Marion (2007) and 
Krasnokutskaya and Seim (2011), who study the effect of bid subsidies in California 
highway procurement auctions.8 Marion (2007) compares state-funded auctions 
that have a small businesses subsidy to federally funded auctions with no subsidy. 
He finds that procurement costs are 3.8 percent higher in the subsidy auctions, and 
attributes the increase to decreased participation by large firms in subsidy auctions. 
Krasnokutskaya and Seim (2011) use data from the subsidy auctions to estimate a 
structural bidding model, and use the model to simulate alternative preference poli-
cies. They conclude that the subsidy program has a very small effect on procurement 
costs, less than 1 percent.

An intermediate finding in these papers, and one that contrasts with our setting, is 
that the large firms in the California highway auctions do not appear to have much 
of a cost advantage, so the Myerson (1981) effect of subsidies is small. Another 
difference is that we estimate a complete model of entry and bidding using data on 
non-set-aside auctions, and establish that our model provides accurate predictions 
(out of sample) of the outcomes in small business set aside sales, providing greater 

6 Note that in comparing subsidies to set-asides, there is a sense in which subsidies are more general because 
if there is enough potential entry by small bidders, a set-aside outcome can be replicated by a sufficiently large 
small bidder subsidy. So in principle, a set-aside program could be replicated by a carefully designed subsidy pro-
gram, and it seems intuitive that some alternative subsidy program might do strictly better. Our analysis, however, 
addresses key points. The first is that in practice subsidies tend to be applied uniformly across heterogeneous sales, 
whereas set-asides frequently are targeted. The second is to go beyond a “possibility” result by showing that subsi-
dies outperform the current set-aside program for a fairly wide range of plausible subsidy levels.

7 A complementary theoretical analysis by Pai and Vohra (2012) also uses an optimal auction design approach 
to show that under certain conditions a flat subsidy can be the most efficient auction design that achieves a target 
distributional requirement.

8 Several other papers also simulate various types of preference policies as applications of estimated auc-
tion models. Examples include Brannman and Froeb (2000), and Flambard and Perrigne (2008). Brannman and 
Froeb’s (2000) paper, which looks at Forest Service timber auctions, is particularly interesting because although 
the approach is quite different from ours (they do not consider bidder participation, use different data, and consider 
a logit value model of second price auctions), they reach a similar conclusion about the revenue effect of the Forest 
Service set-aside program.
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confidence in our counterfactual simulations.9 That being said, all three studies 
share a central theme, which is that accurately accounting for participation is crucial 
in assessing bid preference programs.

I.  A Model of Set-Asides and Subsidies

This section describes our basic model of the auction process, which builds on 
ALS (2011). We then use the model to informally discuss the effect of set-asides or 
bidder subsidy programs.

A. The Model

Consider a seller who wishes to auction a single tract of timber. She announces 
a reserve price r, and whether the auction will be open or sealed bid. There are ​N​S​ 
potential small bidders and ​N​B​ potential big bidders. The potential bidders have val-
ues that are independently distributed according to either ​F​ S​ or ​F​ B​ depending on the 
bidder’s size. These distributions have densities ​f​τ​ and supports [0, ​​_ v​​τ​ ] for τ = S, B. A 
bidder must spend K to learn its private value and enter the auction. After the entry 
decisions are made, each participant learns the identities of the other participants 
before bids are submitted. In a sealed bid auction, the highest bidder wins and pays 
its bid. In an open auction, the highest bidder wins and pays the second highest bid 
(or the reserve price if there is a single bidder).

The analysis of the bidding game is standard. With sealed bidding, there is a 
unique Bayesian Nash equilibrium in which the bidders bid their values minus a 
shading factor that depends on the equilibrium behavior of opponents (Maskin and 
Riley 2000). We state and use the first-order conditions for equilibrium in Section IV. 
With an open auction, there is an equilibrium in weakly dominant strategies in which 
each bidder continues in the auction until the price reaches its valuation, at which 
point it drops out.

In the entry game, we focus on type-symmetric equilibria. Small and big bidders 
enter with probabilities denoted ( ​p​S​, ​p​B​), and entrants earn an expected profit of 
at least K. In set-asides, ​p​B​ = 0. Later, we distinguish three types of non-set-aside 
sales, based on our observation that large firms appear to have higher values than 
small firms in most sales, but not the very smallest sales. In typical sales, where 
we estimate that large firms have substantially higher values, we focus on equilib-
ria in which big bidders enter the auction ( ​p​B​ = 1), and small bidders randomize 
their entry with equal probability.10 In small sales without subsidies, ​F​ S​ = ​F​ B​  , and 
we focus on the unique fully symmetric equilibrium in which ​p​S​ = ​p​B​ . In small 
sales with a subsidy for small bidders, we consider the full set of type-symmetric 
equilibria.

9 There are also a number of specific modeling differences, for instance in the way the papers model entry 
behavior (mixed strategies versus pure strategies with incomplete information about entry costs), what bidders 
know about their competitiors when they submit their bids, and in the parametric modeling of bid distributions.

10 With a sufficiently large number of big bidders, another possibility would be that big bidders randomize entry 
and small bidders for sure do not enter. As discussed in more detail in ALS (2011), this does not appear to be the 
empirically relevant case in our setting.
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We should emphasize that modeling entry requires a number of choices that can 
be debated. For instance, our focus on type-symmetric entry equilibria involves 
looking at mixed strategies. While symmetry is a standard restriction, mixed strat-
egy equilibria have the somewhat unintuitive property that decreasing the number 
of potential bidders—for example, due to a set-aside program—potentially can 
increase expected participation and revenue.11 This “coordination effect” origi-
nally motivated us to focus on pure strategy entry equilibria. But as we discuss in 
Section IV, that approach led us to estimate implausibly high entry costs for many 
low entry sales. Subsequently we found that our estimates with mixed strategy entry 
do not imply significant coordination effects, alleviating our initial concern.

In addition to deciding whether to focus on pure or mixed equilibria, or symmet-
ric equilibria, or all possible equilibria, one can ask if bidders have private informa-
tion about their values prior to making entry decisions, whether they have or acquire 
common information that is unobserved to the econometrician, and whether they can 
acquire information about the level of likely competition. Recent papers that take 
different approaches to these issues include Li (2005); Li and Zheng (2009); Bajari, 
Hong, and Ryan (2010); Krasnokutskaya and Seim (2011); Marmer, Shneyerov, and 
Xu (2010); and Roberts and Sweeting (2011a, b). The last two papers allow bidders 
to have a degree of private value information before making their entry decisions, 
and use variation in potential entry to aid identification.12 On the other hand, they 
make some assumptions that are not ideal for our purposes. Marmer, Shneyerov, and 
Xu (2010) assume that all bidders are symmetric and rule out unobserved heteroge-
neity across auctions, while the Roberts and Sweeting (2011) approach, at least in 
its current version, is applicable only to open auctions.

B. Set-Aside Auctions

A small business set-aside excludes big bidders from the auction, but increases 
the incentives for small bidders to participate because they anticipate less com-
petition. If the small and big bidders have identical value distributions, and there 
are a sufficient number of potential small entrants to substitute one for one for big 
entrants, a set-aside provision will have no effect on total participation, revenue or 
overall efficiency. If there are not enough potential small entrants to promote fully 
compensating entry, a set-aside will reduce total entry, reduce revenue, and reduce 
efficiency.

The effects of a set-aside are less clear if the value distributions are asymmetric. 
The reason is that, as explained in the introduction, the increase in small bidder 
participation can lead to a greater overall number of auction entrants, and poten-
tially, to higher expected revenue. Indeed we saw that with a single strong bidder 

11 This can happen even if all bidders are symmetric. Consider an auction with three potential bidders who have 
values distributed uniformly on [0, 10] and an entry cost of 10/3. With no entry restriction, all bidders will enter 
with probability 2/3 in equilibrium and expected revenue will be 80/27. If one potential bidder is restricted from 
entering, the two remaining firms will enter with probability 1 and expected revenue will increase to 10/3.

12 This requires a good estimate of potential entry, which is not the strongest aspect of our data. On the other 
hand, our data has excellent information on realized entry, even for open auctions, which is something that our 
approach exploits.
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and high entry costs to deter weaker bidders, an unrestricted auction can lead to 
minimal revenue. But overall, the effect of a set-aside, both in direction and size, 
depends on the number and relative strength of potential bidders, the cost of entry, 
and the auction format. For the open auction case, it is possible to show that a 
set-aside cannot increase total surplus because the unrestricted entry equilibrium is 
socially efficient—that is, it maximizes expected surplus given the set of potential 
entrants and simultaneous entry decisions.

C. Bidder Subsidies

A subsidy program favors the bids of certain firms. A typical approach is to 
say that a favored bidder must pay only a portion b/(1 + α) of its bid b for some 
α > 0.13 (One can also make the bid credit an absolute amount rather than a fraction 
of the bid.) To illustrate the effects of a subsidy, suppose we have an open auction 
with two participants, a big bidder with value ​v​B​ and a small bidder with value ​v​S​.  
If the seller offers a subsidy of size α to the small bidder, there are three possible 
outcomes. If ​v​S​ > ​v​B​ , the subsidy will not change the outcome of the sale, but it will 
lower revenue from ​v​B​ to ​v​B​/(1 + α). If (1 + α) ​v​S​ > ​v​B​ > ​v​S​, the subsidy will allow 
the small bidder to win over the higher-valued big bidder and revenue will fall from ​
v​S​ to ​v​B​/(1 + α). Finally, if ​v​B​ > (1 + α) ​v​S​, the big bidder will win with or without 
the subsidy, but the policy will raise revenue by α​v​S​.

From an ex ante standpoint, it is relatively easy to see that if big bidders are stron-
ger a small subsidy will tend to increase sale revenue. A small subsidy is unlikely to 
affect the allocation and conditional on the allocation being unaffected the big bid-
der is the likely winner, so revenue increases. A similar logic applies even if there 
are more bidders, although the subsidy can end up being irrelevant or neutralized if 
the high bidders are both small or both big. A small subsidy will also increase small 
bidder participation without affecting the participation of large bidders, which leads 
to another positive revenue effect, although at the cost of distorting social efficiency.

The situation becomes ambiguous if one considers larger subsidies. For fixed par-
ticipation the allocative distortions become larger, and strong but unfavored bidders 
also may be deterred from participating. So in principle, some subsidies may reduce 
both revenue and social efficiency.

II.  Description of Timber Sales

This section describes how timber auctions worked in the time period we con-
sider, the small business set-aside program, and the data for our study. We discuss 
only the essentials of the sale process; more detailed accounts can be found in 
Baldwin, Marshall, and Richard (1997); Haile (2001); Athey and Levin (2001); or 
ALS (2011).

13 An essentially equivalent formulation is to have all bidders pay their bids but to determine the winner by 
comparing scored versions of the bids, e.g., after multiplying favored bids by 1 + α.
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A. Timber Sales and Small Business Set-Asides

A sale begins with the Forest Service identifying a tract of timber to be sold, and 
conducting a survey to estimate the quantity and value of the timber and the likely 
costs of harvesting. A sale announcement that includes these estimates is made at 
least thirty days prior to the auction. The bidders then have the opportunity to con-
duct their own surveys and prepare bids. The Forest Service uses both open and 
sealed bid auctions. If the auction is open, bidders first submit qualifying bids, typi-
cally at the reserve price, followed by an ascending auction. The sealed bid auctions 
are first price auctions. In either case, the auction winner must harvest the timber 
within a set period of time, typically between one and four years.

The Forest Service designates certain sales as small business set-asides. For 
a standard set-aside sale, eligible firms must meet two basic criteria. First, they 
must have no more than 500 employees. Second, they must manufacture the tim-
ber themselves or resell it to another small business, with the exception of a 
specified fraction of the timber for which no restrictions apply. In our data, there 
appear to be some exceptions to the eligibility criteria, and conversations with 
Forest Service employees confirm that the rules are occasionally loosened for 
various reasons.

The Forest Service regulations also provide guidelines for which sales should 
be designated as set-asides.14 The Forest Service periodically sets targets for the 
amount of timber small businesses are expected to purchase in different areas. 
Though subject to some adjustment, the basic goal is to maintain the historical share 
of timber volume logged by small businesses in different areas, with the historical 
amounts corresponding to the quantities logged between 1966 and 1970. By project-
ing the amount of timber that will be purchased by small businesses in unrestricted 
sales, the Forest Service determines the quantity of timber that must be sold using 
set-aside sales, although forest managers have some discretion to accommodate spe-
cific local needs. Forest managers are expected to use the same sale methods for 
set-aside sales and to include a variety of sale sizes, terms, and qualities in the set-
aside program. Forest managers do have some discretion to designate tracts as set-
asides based on the needs of small businesses in the area, which raises the possibility 
that tracts designated as set-asides may be relatively well-suited to small firms. We 
revisit this below.

B. Data and Descriptive Analysis

Our data consists of sales held in California between 1982 and 1989. For each 
sale, we know the identity and bid of each participating bidder, as well as detailed 
sale characteristics from the sale announcement. We also collected additional infor-
mation to capture market conditions. We use national housing starts in the six months 
prior to a sale to proxy for demand conditions, and US Census counts of the number 
of logging companies and sawmills in the county of each sale as a measure of local 

14 See the US Forest Service Handbook, Section 2409.18 on Timber Sale Preparation.
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industry activity. Finally, for each sale, we construct a measure of active bidders in 
the area by counting the number of distinct firms that bid in the same forest district 
over the prior year.

We use participation in set-aside sales, combined with internet searches on indi-
vidual firms, to construct an indicator of small business status for each firm. ALS 
(2011) distinguish between mills that have manufacturing capability and logging 
companies that do not. Essentially, all of the logging companies are small busi-
nesses. The largest and most active mills are not, but there are also some smaller 
mills that are eligible for set-asides.15 In this paper, we classify bidders based on 
their small-business status (and refer to them as small and big) rather than their 
manufacturing capability. An alternative would have been to treat small mills as 
a separate category, but in later simulations that require us to compute sealed bid 
auction equilibria, the inclusion of a third type of bidder adds complication to the 
already challenging problem of accurate computation. We provide some additional 
discussion of the small business classification in online Appendix A.

Table 1 presents summary statistics of tract characteristics and auction outcomes 
for unrestricted and set-aside sales. The participation variables suggest that although 
set-asides decrease the number of eligible bidders, this does not translate directly 
into a fall in realized total participation. Additional participation by logging com-
panies substitutes for the absent mills. The table also shows that for both big and 
small tracts, prices are somewhat lower when participation is restricted, although the 
difference is not statistically significant.

Data from unrestricted sealed sales suggests that the bidding behavior of big and 
small bidders is on average quite different. To examine this more closely, we first 
stratify sales by the volume of timber being auctioned. We then regress the loga-
rithm of per-unit sealed bids on auction fixed effects and an indicator variable for 
big firms. We do this separately for sealed bid auctions in each sale size quintile.16 
Table 2 shows the results. For the smallest sales, the estimated difference between 
the bids of small and large firms is not statistically or economically significant, 
while big firms bid about 11 percent more in second quintile tracts. The coefficients 
for larger tracts are imprecisely estimated because these sales are predominantly 
open auctions, but the final column of the table shows that if we consider both the 
open and sealed sales, larger sales are more likely to be won by big bidders. In our 
empirical model below, we therefore allow the asymmetry between big and small 
bidders to depend on the size of the sale, with no asymmetry for sales in the smallest 
quintile by volume, and asymmetry for larger sales.

A key issue for our empirical analysis is the extent to which the tracts designated 
as set-asides differ from those where participation is unrestricted. The tracts should 
be comparable within a given forest based on Forest Service regulations, but forest 
managers also have some discretion. Table 1 also indicates that at least on observ-
able characteristics there are not large differences. To explore the point further, 

15 We observe a few set-aside sales in which large mills entered, presumably because of exceptions made to the 
rules. There are nine of these sales and we drop them from the analysis.

16 We use the sealed bid data only for this analysis to avoid complications in interpreting the losing bids in the 
open auctions.
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we use a logistic regression to estimate the probability that a sale is set aside as a  
function of observable tract characteristics. The results appear in Table 3. The most 
economically and statistically significant explanatory variables are the forest dum-
mies, indicating that the use of set-asides varies across forest, consistent with the US 
Forest Service policy to preserve historical volumes allocated to small bidders. Sales 
with higher logging costs (perhaps requiring more complex equipment) are less 
likely to be small business set-asides. We control for the these tract characteristics 
in our empirical models.

We then consider whether forest managers might designate as set-asides tracts 
that are relatively more attractive to small bidders. We use the logit estimates to 
compute the estimated probability that each tract is designated a set-aside; we 
refer to this as the “set-aside propensity score.” We then consider the tracts that 

Table 1—Summary Statistics

All sales Open sales Sealed sales

Observations
Unrestricted

1,167
Set-aside

163
Unrestricted

786
Set-aside

127
Unrestricted

381
Set-aside

36

Auction outcomes
Prices ($/MBF) 95.1 90.7 97.1 94.6 91.0 77.3
Entrants 4.26 4.50 4.33 4.52 4.13 4.42
Number small firms entering 2.71 4.50 2.29 4.52 3.59 4.42
Number big firms entering 1.55 0.00 2.04 0.00 0.54 0.00
Small firm wins auction 0.52 1.00 0.37 1.00 0.85 1.00

Appraisal variables
Volume of timber (100 MBF) 51.2 53.0 71.2 64.7 10.1 11.4
Small sale dummy 0.21 0.14 0.04 0.03 0.54 0.53
Reserve price ($/MBF) 40.3 37.2 40.0 37.9 41.0 34.7
Selling value ($/MBF) 272.9 292.1 281.8 301.6 254.5 258.4
Road construction ($/MBF) 7.24 7.96 10.16 10.02 1.21 0.71
Road costs missing 0.01 0.40 0.01 0.02 0.01 0.00
Appraisal missing 0.09 0.02 0.06 0.16 0.01 0.08
Logging costs ($/MBF) 102.9 109.9 107.2 114.1 93.9 95.4
Manufacturing costs ($/MBF) 122.0 127.8 127.6 132.4 110.4 111.3

Sale characteristics
Contract length (months) 24.2 27.9 30.3 31.5 11.7 15.0
Species Herfindahl 0.57 0.59 0.57 0.59 0.57 0.58
Density of timber (10,000 MBF/acre) 1,160 1,130 1,070 1,006 1,346 1,569
Sealed bid sale 0.33 0.22 0.00 0.00 1.00 1.00
Scale sale 0.81 0.85 0.90 0.92 0.61 0.61
Quarter of sale 2.42 2.28 2.33 2.21 2.60 2.50
Year of sale 85.1 85.0 85.1 84.9 85.3 85.3
Housing starts 1,597 1,600 1,602 1,607 1,588 1,576

Local industry activity
Logging companies in county 20.0 22.1 21.3 22.3 17.2 21.3
Sawmills in county 6.3 8.2 6.6 8.3 5.7 8.2
Small firms active in last year 13.2 14.2 13.3 14.1 12.9 14.4
Big firms active in last year 3.2 2.3 3.3 2.3 2.8 2.4

Notes: Data includes non-salvage Forest Service sales in California between 1982 and 1989. Small firms are those 
that are eligible for small business set-aside sales. A sale is a “small sale” if it is in the lowest quintile by timber vol-
ume. Timber volume is measured in thousand board feet (MBF). The measures of local industry activity for a given 
sale include the number of logging companies and sawmills as reported in the US Census Bureau County Business 
Patterns, and the number of small and big firms that bid in the same forest district within the prior year.
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Table 2—Small and Big Firm Bidding Differences

Regression model for 
log (bid) in sealed auctions

Coeff.  SD
Sealed bids 
per quintile

Fraction of 
unrestricted sales 

won by small firms

Big firm dummy ×
  Sale in first size quintile −0.005 (0.071) 824 0.95
  Sale in second size quintile 0.111 (0.040) 752 0.77
  Sale in third size quintile 0.041 (0.102) 80 0.51
  Sale in fourth size quintile 0.028 (0.138) 46 0.41
  Sale in fifth size quintile 0.066 (0.144) 29 0.28

Total number of sealed bids 1,731
Total number of auctions 417 1,167

Notes: The first two columns report regression results where the dependent variable is the logarithm of the bid 
per unit volume, the data includes all sealed bids submitted in unrestricted auctions, and the explanatory variables 
include auction fixed effects and a dummy equal to one if the bidder is a big firm interacted with the size of the sale. 
The sales are assigned to size quintiles based on the volume of timber being sold. The third column shows the num-
ber of unrestricted sealed bids for each size category. The fourth column shows the fraction of (sealed and open) 
unrestricted sales won by small firms.

Table 3—Choice of Set-Aside Sale

Panel A. Large tracts Panel B. Small tracts

Coefficient SE Coefficient SE

Ln (reserve price) −0.28 (0.05) −0.35 (0.08)
Ln (selling value) −0.11 (0.08) 0.00 (0.06)
Ln (manufacturing costs) 0.14 (0.09) 0.04 (0.06)
Ln (logging costs) −1.64 (0.21) −1.29 (0.29)
Appraisal missing (dummy) −7.31 (0.97) −6.25 (1.37)
Ln (road costs) −0.14 (0.03) −0.10 (0.14)
Road costs missing (dummy) 0.19 (0.38) −2.30 (1.10)
Species Herfindahl −0.26 (0.15) −0.34 (0.22)
Density of timber (10,000 MBF/acres) −0.33 (0.00) −0.75 (0.00)
Scale sale (dummy) 0.24 (0.10) 0.45 (0.11)
Potential big bidder entrants = 0 0.14 (0.11) — —
Min (potential big bidder entrants, 5) 0.13 (0.03) — —
Potential entrants −0.19 (0.02) −0.09 (0.03)
Sealed 0.28 (0.10) — —
Volume–1st decile — — −0.26 (0.11)
Volume–3rd decile 1.24 (0.15) — —
Volume–4th decile 0.93 (0.14) — —
Volume–5th decile 0.50 (0.12) — —
Volume–6th decile 0.52 (0.12) — —
Volume–7th decile 0.22 (0.12) — —
Volume–8th decile 0.19 (0.12) — —
Volume–9th decile 0.21 (0.12) — —
Constant 8.96 (1.09) 9.42 (1.72)

Additional controls Forest, species, and year dummies Forest, species, and year dummies

Observations = 925 Observations = 242

Notes: Table reports results from a logit regression where the dependent variable is equal to one if the sale is a small 
business set-aside. The estimates are reported as marginal probability effects at the mean of the independent vari-
ables. Additional controls: dummy variables for years, months, quarters, common species, and location.
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were not designated as set-asides and estimate a logit regression to estimate the 
probability that the sale is won by a small bidder, including the set-aside propensity 
score along with other sale characteristics as an explanatory variable. The propen-
sity score is not significantly related to the type of bidder that wins the auction in 
either an economic or statistically significant way (online Appendix Table A3), 
providing some evidence that set-asides are not designated on the basis of their 
attractiveness to small bidders.

As a first pass at assessing the effect of set-asides, we consider the linear model

(1) 	Y   = δ · SBA + Xβ + SBA · Xγ + ε.

Here Y is an outcome of interest (total participation or log(revenue)), SBA is a dummy 
equal to one if the sale is a small-business set-aside, and X is a vector of observed sale 
and forest characteristics, including the propensity score from the logit regression 
described above. We expect the set-aside effect to vary across auctions, particularly 
as a function of sale size, so we allow for alternative interaction effects in our speci-
fications. The key assumption for identification is that the choice of whether to make 
the sale a set-aside is uncorrelated with unobservables that might directly affect the 
outcome, that is ε and SBA are independent conditional on X.

We report regression results in Table 4. The reported estimates represent the aver-
age effect of set-aside status both over all tracts in the sample, and over those tracts 
that were actually sold as set-asides (this is ​̂  δ ​ + ​

__
 X​​   γ​, where ​

__
 X​ is the vector of the 

mean covariates of the sales in question). The estimates suggest that set-asides reduce 
revenue and entry on an average tract, and may increase entry on an average set-aside 
tract. The standard errors are relatively large, reflecting the modest sample size.

The structural model we estimate below allows us to go beyond these preliminary 
regressions in two ways. First, we incorporate information on losing bids into the 
estimation, which narrows the uncertainty in the estimated effects. Second, it gives 
us a framework for identifying the channels through which restricting entry affects 
outcomes, as well as for analyzing welfare, and for evaluating a range of counter-
factual subsidy policies.

Table 4—Effects of Set-Aside Provision

ln (entrants) ln (revenue)

Dependent variable Coefficient SE Coefficient SE

Average effect (full sample)
OLS with interactions −0.127 (0.068) −0.102 (0.072)

Average effect on set-aside tracts
OLS with interactions 0.083 (0.050) −0.001 (0.045)

Notes: Table reports estimates from OLS regressions of dependent variable on sale characteristics and a dummy 
variable for small business set-aside sale interacted with all characteristics. The first row shows the estimated aver-
age treatment effect of a set-aside for the full sample of sales. The second row shows the estimated effect for the 
set-aside tracts. Sale characteristics in the regression include all the variables from Table 3 and the estimated prob-
ability that the auction was conducted as a set-aside (the propensity score from the logit regression in Table 3).
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III.  Estimating Economic Primitives

We now calibrate our theoretical model from Section II and use it to analyze the 
impact of different policies. The primitives of the model are the value distributions of 
the big and small bidders, the entry cost for each auction, and the numbers of potential 
entrants. We first estimate the value distributions, as a function of sale characteristics, 
from the bid distributions in unrestricted sealed auctions. From these value distribu-
tions, we obtain bidder profits conditional on entry. We then estimate equilibrium 
entry probabilities using data from all the unrestricted auctions, sealed and open, as a 
function of sale characteristics and entry patterns in the local geographic area. These 
entry probabilities, together with profits and our measure of potential entry, allow us 
to infer entry costs. In Section V, we use the estimated model to investigate the effect 
of the set-aside program and to study the potential impact of bidder subsidies.

A. Bidders’ Value Distributions

Our approach to estimating the bidders’ value distributions follows Guerre, 
Perrigne, and Vuong (2000), Krasnokutskaya (2011), and ALS (2011). The first step 
fits a parametric model of the bid distributions in sealed auctions, allowing these 
distributions to depend on observed sale characteristics, and on an unobserved sale 
characteristic that accounts for within-auction correlation of bids.17 The second step 
uses nonparametric methods to estimate the implied value distributions. Estimates 
of these primitives allow us to compute expected bidder profits conditional on entry, 
and consequently to infer entry costs.

Let ​F​τ​ (· | X, u) denote the value distribution for a bidder of size τ ∈ {S, B} condi-
tional on the observed sale characteristics X, and an unobserved sale characteristic 
u. We assume that (X, u) and the number of actual participants, n = (​n​S​, ​n​B​), are 
common knowledge to the bidders at the time they submit their bids. In particular, 
bidders observe X before making their entry decision, and observe n and u after 
their entry decision but before submitting their bids. Consistent with our theoreti-
cal model, we assume that bidder values are independent conditional on (X, u) and 
that participants use equilibrium bidding strategies. If there is a single entrant to the 
auction, we assume he bids the reserve price.18 With multiple entrants, we write the 
equilibrium bid distributions as ​G​τ​ (· | X, u, n).

17 Krasnokutskaya (2011) was the first to point out the importance of allowing for unobserved auction hetero-
geneity in estimating auction models, and how the Guerre, Perrigne, and Vuong (2000) approach for sealed bid auc-
tions could be extended in this direction. In principle, the open auction data also contain relevant information about 
bidder values, but the open outcry nature of these auctions is a complicating factor. See ALS (2011) for a discussion 
that summarizes points made by Athey and Haile (2002) and Haile and Tamer (2003). Roberts and Sweeting (2011) 
use open auction data to estimate a model with unobserved heterogeneity by making use of parametric assumptions.

18 This follows from the assumption that bidders observe n before submitting their bids, which we view as a 
convenient device that allows a reasonable approximation to the data, but not as a perfect assumption. Of the 68 
sealed bid sales in our data with one entrant, there are 19 cases in which the single bid was within 1 percent of the 
reserve price, but 33 cases in which the bid exceeded the reserve by 15 percent or more. On the other hand, the 
alternative assumption that bidders do not observe n prior to submitting their bids also is imperfect because we find 
that n has considerable explanatory power in estimating the empirical bid distributions. In this sense, the “ideal” 
model— although one that we have not pursued in any detail—might be one in which bidders have partial informa-
tion about rival entry.



14	 American Economic Journal: Microeconomics�feb ruary 2013

Based on our earlier observation that bidder heterogeneity appears to matter for 
most sales, but not for the very smallest sales, we split the sample by sale size to 
estimate the equilibrium bid distributions. That is, we distinguish the small tracts 
with timber volumes in the lowest quintile from the larger tracts.

In each case, we follow ALS (2011) and assume that the unobserved auction 
characteristic u is drawn from a Gamma distribution with mean one and variance θ, 
independent of X and n. We assume that conditional on (X, u, n), the bids of small 
and big firms have a Weibull distribution.19 That is, for τ = S, B,

(2) 	​  G​τ​ (b | X, u, n) = 1 − exp (− u · (​  b _ ​λ​τ​ (X, n) ​​)​
​p​τ​ (n)

​).

In equation (2), ​λ​τ​(·) is the scale of the Weibull distribution, parameterized as ln ​
λ​τ​(X, N, n) = X​β​X​ + n​β​n, τ​ + ​β​0, τ​ , while ​ρ​τ​ (·) is the shape, parametrized as ln ​
ρ​τ​ (n) = n​γ​ n, k​ + ​γ​ 0, k​ . For small sales, the bid distributions of the small and big firms 
are modelled as symmetric.

Table 5 reports estimated coefficients of the bid distribution parameters (the sum-
mary statistics for the estimation sample are reported in online Appendix Table A2). 
There is strong evidence for unobserved auction heterogeneity, indicated by the esti-
mated variance parameter θ. In the larger sales, the bids of the big firms stochasti-
cally dominate those of the small firms. Bids are also increasing in the number of 
competitors.

Given estimates of the equilibrium bid distributions, we follow Guerre, Perrigne,  
and Vuong (2000) and Krasnokutskaya (2011) in inferring the bidders’ value dis-
tributions. If the bids in the data are generated by equilibrium bidding, then in an 
auction with characteristics (X, u, n) a bidder i’s bid ​b​i​ and his value ​v​i​ are related by 
the first-order condition for optimal bidding

(3) 	​  v​i​ = ​ϕ​i​ (​b​i​; X, u, n) = ​b​i​ + ​  1 __  
​∑ j∈n\i​ 

 
  ​ ​ 

​g​j​ (​b​i​ | X, u, n)
 _ ​G​j​ (​b​i​ | X, u, n) ​​
 ​ .

Having estimated each ​G​j​ , the only difficulty in inferring values is that we do not 
observe the unobserved sale characteristic u corresponding to each observed bid. We 
do, however, have an estimate of its distribution, so we can infer the distributions ​ 
F​ S​(· | X, u) and ​F​ B​(· | X, u) for any value of u from the relationship

 	​  F​τ​ (v | X, u) = ​G​τ​ (​ϕ​ τ​ −1​(v; X, u, n) | X, u, n).

Two subtleties arise in this step. First, if bidders’ value distributions are to be 
bounded, the equilibrium bid distributions must be as well, in contradiction to our 

19 Athey, Levin, and Seira (2011) discuss the motivation both for using a parametric model of the bid distribu-
tions and for the specific choice of the Gamma-Weibull functional form. It is possible to test the appropriateness of 
the parametric assumption using Andrews’ (1997) Conditional Kolmogorov test. Using this test, we cannot reject 
the hypothesis that the parametric model accurately describes the data at a 27 percent level for big sales, and at a 
31 percent level for small sales.
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Weibull specification. We follow the procedure outlined in the appendix of ALS 
(2011) and truncate the estimated bid distributions. Second, the theoretical value 
distributions do not depend on the actual number of bidders n, but as is typical in 
two-stage estimation of auction models, there is some variation in our estimated dis-
tributions. There are several approaches to this problem. One is to average the esti-
mated value distributions obtained for different value of n. The problem is that this 
leads to an average bid distribution that is more spread out than any one distribution, 

Table 5—Bid Distributions for Sealed Bid Auctions

Panel A. Large tracts Panel B. Small tracts

Coefficient SE Coefficient SE

ln(λ) ln(λ)
Ln (reserve price) 0.60 (0.05) 0.60 (0.05)
Ln (selling value) −0.12 (0.05) −0.10 (0.04)
Ln (manufacturing costs) 0.15 (0.08) 0.03 (0.03)
Ln (logging costs) 0.16 (0.18) −0.31 (0.18)
Appraisal missing (dummy) 0.54 (0.81) −1.65 (0.80)
Ln (road costs) −0.03 (0.03) 0.16 (0.07)
Road costs missing (dummy) −0.01 (0.23) — —
Species Herfindahl −0.23 (0.10) −0.26 (0.12)
Density of timber (10,000 MBF/acres) −0.15 (0.16) 0.01 (0.19)
Scale sale (dummy) 0.16 (0.06) −0.03 (0.06)
Big bidder (dummy) 0.11 (0.04) — —
Big bidder × big bidder entrants = 1 0.02 (0.06) — —
Min (small bidder entrants, 5) 0.09 (0.02) — —
Min (big bidder entrants, 5) 0.06 (0.02) — —
Min (total entrants, 10) — — 0.07 (0.01)
Volume–1st decile — — 0.03 (0.05)
Volume–3rd decile 0.05 (0.30) — —
Volume–4th decile 0.01 (0.30) — —
Volume–5th decile −0.03 (0.30) — —
Volume–6th decile −0.40 (0.32) — —
Volume–7th decile −0.09 (0.32) — —
Volume–8th decile −0.15 (0.32) — —
Volume–9th decile −0.07 (0.32) — —
Constant 0.66 (1.00) 3.85 (0.98)

Additional controls Forest, species and year dummies Forest, species and year dummies

ln(ρ) ln(ρ)
Big bidder −0.16 (0.09) — —
Big bidder × big bidder entrants = 1 0.29 (0.16) — —
Min (small bidder entrants, 5) 0.06 (0.03) — —
Min (big bidder entrants, 5) 0.03 (0.03) — —
Min (total entrants, 10) — — 0.01 (0.01)
Constant 0.99 (0.12) 1.17 (0.08)

ln(θ) ln(θ)
Constant −1.12 (0.23) −0.60 (0.17)

Observations = 797 Observations = 710

Notes: Table presents the maximum likelihood estimates of the Gamma-Weibull bidding model, run separately on 
large and small unrestricted entry sealed bid auctions with two or more bidders. An observation is a sealed bid. 
Scale controls also include dummy variables equal to one if sale had no road construction, or if appraisal variables 
are missing.
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which in turn leads us to infer unrealistically high markups. Instead, we use the 
estimated value distribution corresponding to ​n​S​ = ​n​B​ = 2, this being a particularly 
common entry combination. To provide a rough sense of the relationship between 
bids and values, we calculate that with two small entrants and two big entrants, the 
median sealed bid markup varies from 12.6 percent to 14.2 percent depending on 
the size of the sale and the type of bidder. These figures are comparable to those 
reported in ALS (2011, 243), who used a somewhat different dataset that did not 
include set-aside sales, but included salvage sales.

B. Bidder Profits as a Function of Entry and Sale Characteristics

Given the estimated value distributions, we can find bidder profits as a function of 
(X, u, n) by simulating either open or sealed bid auctions. The simulation procedure 
works as follows. We first use the estimated value distributions, ​F​ S​ (· | X, u, n) and ​ 
F​ B​ (· | X, u, n) to compute the expected profits of a small and big entrant as a function of 
(X, u, n). This step is straightforward for an open auction because the equilibrium strat-
egy is simply to bid one’s value, so expected outcomes can be calculated by repeatedly 
drawing bidder values and calculating auction outcomes. For sealed bid auctions, the 
simulation is similarly straightforward because we have already estimated the inverse 
equilibrium bid functions ​ϕ​S​, ​ϕ​B​ above (as described in equation (3)).

Given estimates of the profit functions ​π​S​ (X, u, n) and ​π​B​ (X, u, n) we average over 
values of u, according the estimated distribution ​G​U​. This gives us the expected small 
and big bidder profits ​π​S​ (X, n) and ​π​B​ (X, n) that are relevant for the entry decision. 
(The expected profits also depend on whether a sale is open or sealed bid, but 
this will not be made explicit unless necessary.) For the small sales, the expected 
profits of small and big entrants are the same, due to the symmetric value distribu-
tions. For the larger sales, big bidders have higher expected profit. For example, 
in a large open auction with two small and two large bidders, the expected profit 
of a big bidder is 2.94 times the expected profit of a small bidder; the ratio is 2.83 
in a sealed auction.

C. Potential Entrants, Entry Probabilities, and Entry Cost

We next estimate the bidder entry costs for each sale, using the assumption that 
observed entry patterns follow a type-symmetric equilibrium. To do this, we first 
need to estimate the number of potential small and big entrants at each sale. We 
assume that potential small bidder entry at a given sale is equal to the maximum 
small bidder entry observed across all the unrestricted sales in the same forest-
year. We can do somewhat better for the big bidders because for the larger sales 
in our sample, the asymmetry of the estimated value distributions implies that if 
small bidders are entering with positive probability, as we observe, then big bid-
ders must be entering with probability one. So for larger unrestricted sales, we 
set the number of potential big bidders equal to the number of actual big entrants. 
Then for the remaining sales, we assume that the number of potential big bidders 
equals the number of actual big entrants in the “most similar” larger unrestricted 
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sale, where “most similar” means the sale in the same forest-year that is closest 
in timber volume.

To estimate entry costs, we use the equilibrium entry condition for small bidders. 
At a type-symmetric equilibrium with 0 < ​p​S​ < 1, these bidders are just indifferent 
between entering and not entering. Denoting potential entry as N = (​N​S​, ​N​B​), and 
writing the entry cost as K(X), the indifference condition is

(4) 	​  ∑ 
n⊂N

​ 
 

  ​​π​S​​ (X, n) Pr [n | X, N, i ∈ n] = K (X).

Here Pr[n|X, N, i ∈ n ] is the probability that n = (​n​S​, ​n​B​) bidders enter given that i 
enters. Assuming i is a small bidder,

(5) 	  Pr [n | X, N, i ∈ n] = Pr [​n​B​ | X, N] · Pr [​n​S​ | X, N, i ∈ n]

	 = Pr [​n​B​ | X, N ] · ​( ​N​S​ − 1   
​n​S​ − 1

 )​ ​p​​S ​ ​n​S​−1​​​​( 1 − ​p​S​ )​​​N​S​−​n​S​​.

That is, the number of small entrants follows a binomial distribution where each 
of i’s opponent’s independently decides to enter with probability ​p​S​. The big entrants 
either enter with probability one (so ​n​B​ = ​N​B​) if the sale is large and the value distri-
butions are asymmetric, or enter independently with probability ​p​B​ = ​p​S​ if the sale 
is small and the value distributions are symmetric.

We estimate the equilibrium entry probability ​p​S​ using the observed data on small 
bidder entry, using the following parametric model:

(6) 	​  p​S​ (X, N ) = ​  exp (X​α​X​ + N​α​N​)  __  
1 + exp (X​α​X​ + N​α​N​) ​ .

Table 6 reports the maximum likelihood estimates of the entry probability param-
eters.20 Using our estimates of ​p​S​(X, N ), combined with the estimated profit func-
tion ​π​S​(X, n), we use equation (4) to infer entry costs for all sales as a function of 
their covariates (X, N ). We estimate entry costs that are relatively high, $15,754 for 
the median sale, compared to the costs estimated in ALS (2011), and also somewhat 
higher than the numbers reported in Roberts and Sweeting (2011).21

20 As with the bid specification, the fitted binomial entry model can be tested against the data. Figure A2 in the 
online Appendix shows the model-implied distribution of small bidder entry in the data, as compared to the distri-
bution observed in the data. The empirical distribution is a bit more dispersed, but the difference is not statistically 
significant. That is, using the Andrews’ (1997) conditional Kolmogorov test, we cannot reject the hypothesis that 
the parametric binomial model is accurately specified at conventional levels (an 11 percent level for the large sales 
or a 40 percent level for the small sales).

21 Roberts and Sweeting (2011) estimate mean entry costs of $2.05 per MBF, and report that this number (after 
inflation adjustment) is about 30 percent lower than an estimate provided by a modern-day forester. Our median 
estimate is $5.45 per MBF, and mean is $7.54 per MBF.
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As noted above, our empirical model of entry assumes a type-symmetric equilib-
rium with mixed strategy entry by small bidders. In an earlier version of the paper, 
we based our estimation on the assumption of a pure strategy entry equilibrium. The 
difficulty with that approach is that we identified many sales where it appeared that 
a single additional small bidder entrant could make substantial profit by entering 
unless entry costs were very high. In the context of a pure strategy equilibrium, a 
natural way to rationalize this might be to assume that the set of potential entrants in 
such a sale had been exhausted. We found it difficult to get the data to separately dis-
tinguish high entry costs from a smaller number of potential entrants, and hence hard 
to avoid estimating entry costs that seemed implausible without making assumptions 
about the set of potential entrants that substantially affected our results. The mixed 
equilibrium model, despite having its own potential shortcomings, avoids some of 
these problems because it assigns positive probability to sales having ex post the 
feature that an extra small bidder could enter and make a positive profit.

IV.  Analysis of Set-Asides and Subsidies

In this section, we use the estimated model to analyze the set-aside program, and 
to evaluate whether a subsidy program could achieve the government’s distribu-
tional goals at lower cost in terms of revenue and efficiency.

Table 6—Entry Probabilities for Unrestricted Auctions

Panel A. Large tracts Panel B. Small tracts

Coefficient SE Coefficient SE

Ln (reserve price) −0.28 (0.05) −0.35 (0.08)
Ln (selling value) −0.11 (0.08) 0.00 (0.06)
Ln (manufacturing costs) 0.14 (0.09) 0.04 (0.06)
Ln (logging costs) −1.64 (0.21) −1.29 (0.29)
Appraisal missing (dummy) −7.31 (0.97) −6.25 (1.37)
Ln (road costs) −0.14 (0.03) −0.10 (0.14)
Road costs missing (dummy) 0.19 (0.38) −2.30 (1.10)
Species Herfindahl −0.26 (0.15) −0.34 (0.22)
Density of timber (10,000 MBF/acres) −0.33 (0.00) −0.75 (0.00)
Scale sale (dummy) 0.24 (0.10) 0.45 (0.11)
Potential big bidder entrants = 0 0.14 (0.11) — —
Min (potential big bidder entrants, 5) 0.13 (0.03) — —
Potential entrants −0.19 (0.02) −0.09 (0.03)
Sealed 0.28 (0.10) — —
Volume–1st decile — — −0.26 (0.11)
Volume–3rd decile 1.24 (0.15) — —
Volume–4th decile 0.93 (0.14) — —
Volume–5th decile 0.50 (0.12) — —
Volume–6th decile 0.52 (0.12) — —
Volume–7th decile 0.22 (0.12) — —
Volume–8th decile 0.19 (0.12) — —
Volume–9th decile 0.21 (0.12) — —
Constant 8.96 (1.09) 9.42 (1.72)

Additional controls Forest, species, and year dummies Forest, species, and year dummies

Observations = 925 Observations = 242

Note: Table presents the estimates from the binomial entry model, estimated separately on unrestricted large and 
unrestricted small tracts.
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A. Assessing the Fit of the Model Inside and Outside the Estimation Sample

We use our model to predict the outcome of a small business set-aside auction 
and an unrestricted auction for each tract in our data sample. For the subset of tracts 
where the actual sale was unrestricted, we compare the model’s prediction for an 
unrestricted auction to assess the model’s fit in-sample. For the tracts where the 
actual sale was a set-aside, we compare our prediction of the set-aside outcome as 
a way to assess the model’s ability to make out-of-sample predictions. (Note that 
by out-of-sample, we mean both on tract characteristics and entry restrictions—the 
model was estimated only using the unrestricted sales.) Throughout, we hold fixed 
the auction format: we simulate sealed bid auctions if a tract was sold by sealed bid-
ding, and open auctions if a tract was sold by open auction.22

The results are reported in Table 7, which is divided into two panels. The first 
reports average auction outcomes for the tracts that were sold in unrestricted sales. 
The second reports the same outcomes for small business set-aside tracts. In each 
case, we report the sale outcomes observed in the data, and the model’s predicted 
outcomes from running the sales in unrestricted fashion and as small business 
set-asides. Comparing the first and second columns in the top panel illustrates the 
model’s fit in-sample: predicted prices and the percentage of sales won by small 
bidders are within 4 percent of the actual value.

22 We report predicted outcomes for open and sealed bid auctions together rather than separately. ALS (2011), 
assess the separate fit for each format, having similarly used only sealed bid auctions to estimate bidder values (ALS 
2011, 249, table V(B)). They show a very close out-of-sample fit for open auctions in the California data.

Table 7—Effect of the Set-Aside Program

Actual  Predicted outcomes
outcome Unrestricted SE Set-aside SE

Panel A. Tracts sold by unrestricted sale (N = 1,167)
Avg. small bidder entry 2.71 2.69 (0.03) 4.93 (0.36)
Avg. big bidder entry 1.55 1.57 (0.00) 0.00 (0.00)
Avg. total entry 4.26 4.26 (0.03) 4.93 (0.36)
Avg. prices 95.1 98.5 (15.5) 95.9 (15.7)
Percent sales won by small bidders 52.4 54.1 (0.03) 97.9 (0.01)
Avg. sale surplus (per MBF) 119.2 (25.9) 100.1 (19.5)

Panel B. Tracts sold by set-aside sale (N = 163)
Avg. small bidder entry 4.50 2.57 (0.05) 4.71 (0.32)
Avg. big bidder entry 0.00 1.71 (0.00) 0.00 (0.00)
Avg. total entry 4.50 4.28 (0.05) 4.71 (0.32)
Avg. prices 90.7 97.3 (17.5) 92.0 (16.9)
Percent sales won by small bidders 100.0 50.6 (0.04) 98.3 (0.01)
Avg. sale surplus (per MBF) 119.2 (29.1) 98.4 (22.0)

Notes: Table reports actual outcomes for California sales and predicted outcomes generated by the model, assum-
ing either that sales are unrestricted or conducted as set-asides. The predicted fraction of set-asides won by small 
bidders can be less than one because (a) for some unrestricted sales, there are no potential small entrants, and (b) 
the reserve price binds in some simulated auctions. The possibility for multiple entry equilibria means we obtain a 
range of predicted outcomes. We report the midpoints; the ranges are less than 0.5 percent around the reported num-
bers. Bootstrapped standard errors from 250 bootstrap repetitions are reported in parentheses.
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The more challenging test for the model is the out-of-sample fit for tracts that 
were sold as set-asides. The results can be seen by comparing the first and third col-
umns of the bottom panel. The model predicts entry within 5 percent of the actual 
value, and prices and the percentage of sales won by small bidders (rather than left 
unsold) within 2 percent. We also can consider a statistical test of whether the dis-
tribution of predicted sealed bid matches the actual distribution of sealed bids. To 
do this, we use the model to simulate bids in the set-aside sales (those with at least 
two entrants). We then compare the distribution of predicted bids to the distribution 
of observed bids.23 To test the null hypothesis that the distributions are equal, we 
compute the statistic (​x​ p​ − ​x​ a​)′ ​V​−1​​( ​x​ p​ − ​x​ a​ )​, where ​x​ p​ and ​x​ a​ are the deciles of the 
predicted and actual bid distributions, and V is their variance-covariance matrix, 
estimated using a bootstrap procedure.24 The p-value associated with the test sta-
tistic is 0.52, so at conventional significance levels, we cannot reject equality of the 
predicted and actual bid distributions.

B. Assessing the Impact of Set-Asides

Table 7 also illustrates the impact of the set-aside policy on revenue, entry and 
welfare. For the sales that were in fact set-asides, the model suggests that opening 
up entry would have resulted in around 1.71 big bidders per sale, with 1.93 fewer 
small entrants. The fraction of sales won by small bidders would have dropped to 
51 percent, but revenue would have been 6 percent higher, and surplus 21 percent 
higher. The model yields roughly similar predictions for the effect of a set-aside 
on the tracts that were sold in unrestricted fashion. A set-aside would have reduced 
the entry of big firms to zero, and the model suggests that the increase in small 
bidder entry would have almost fully compensated in terms of revenue, leading 
to only a 3 percent revenue loss. The predicted surplus loss is greater, however, at 
16 percent. These results are driven mostly by the improved efficiency in alloca-
tion. The reduced entry costs from unrestricted sales contribute around 16 percent 
of the gain in surplus.

As previously noted, decreasing the number of potential bidders can in prin-
ciple increase participation and revenue when bidders play mixed strategies. One 
way to assess the quantitative importance of this effect is to reduce the number 
of potential small bidder entrants by one and recompute the entry equilibria and 
outcomes. If a significant coordination effect is present, this should increase prices 
or entry. This is not what we find: overall small bidder entry fell as a result of 
removing a potential small bidder, from 2.65 to 2.59. Prices also fell, from 94.90 
to 94.50. The coordination effect does not appear to be very important in our esti-
mated model.

23 To give a sense of the comparison, the tenth, twenty-fifth, fiftieth, seventy-fifth and ninetieth percentiles of the 
simulated distribution are 25.9, 38.4, 62.0, 92.0, 131.0, and the same percentiles of the actual bid distribution are 
21.6, 40.8, 72.7, 94.1, and 113.2.

24 To construct a variance-covariance matrix for the observed bid deciles, we resample from the set of set-aside 
sales and use the bid distributions from each resampled dataset. For the predicted sales, we resample from the 
asymptotic distribution of the parameter estimates, and for each draw, re-do the simulation of the set-aside sales.
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C. Assessing the Impact of Subsidies

We next use the model to consider an alternative small-business subsidy policy 
that might substitute for the set-aside program. In particular, we consider a policy 
under a small businesses would pay only 1/(1 + α) of its bid if it won an auction. 
We ask whether there are values of α for which the Forest Service could increase 
revenue and economic efficiency while selling the same fraction of timber to small 
businesses.

To simulate the effect of subsidies, we use essentially the same procedure as 
described in the previous section. There is, however, an important qualification. 
Because the equilibrium bidding strategies in a subsidized auction do not corre-
spond to objects that we observe directly in the data, we need to compute them. 
Computing equilibrium strategies in asymmetric auctions is well-known to be a 
challenging problem (Marshall 1994; Bajari 2001). The approach we take is to 
solve for equilibrium bidding strategies in an auction in which the bid space is 
discretized and use this to approximate the equilibrium in the underlying game 
with a continuous bid space. The details of the computation are provided in online 
Appendix B, and are perhaps of some independent interest. The validity of the 
approximation derives from Athey (2001), who shows that for a class of auction 
games that includes our model, the equilibria of auctions in which the bidding 
range is divided into a grid converge to an equilibrium of the continuous bid space 
game as the grid becomes finer.

We then compute entry equilibria. In the smallest sales, there may be multiple 
type-symmetric equilibria. Absent subsidies, small and big bidders have identical 
valuation distributions. We consider the natural symmetric equilibrium in which 
all potential bidders enter with the same probability. With small bidder subsidies, 
we compute all type-symmetric entry equilibria, and report average outcomes over 
these equilibria.

Table 8 shows expected outcomes, averaged over all auctions in the sample, and 
then with the smallest sales broken out, for 6 different subsidy levels (no subsidy or 
α = 5, 6, 10, 15, and 20 percent). The model’s predicted outcomes can be compared 
to the actual outcomes, which are also reported in the table. The first point to make 
is that a relatively low subsidy level, no more than 6 percent, appears sufficient 
to ensure that small businesses win the same fraction of sales and volume of tim-
ber as under the observed set-aside policy. The second point is that in our simula-
tions, these subsidies increase revenue and efficiency over existing policy. In fact, 
revenue is increasing in the subsidy level, at least up to a 20 percent subsidy. The 
revenue effect arises because the subsidy makes small firms more competitive in the 
large sales (partially mimicking the allocation rule of an optimal auction), with the 
additional effect of increasing small business participation. The model predicts that 
a 6 percent subsidy would increase average small business participation in the larger 
sales from 2.82 to 3.04.

A third point that comes out of the simulation results is that there appear to be 
subsidy levels that result in fairly widespread benefits relative to the set-aside policy. 
For example, a 6 percent subsidy entails more total surplus than the observed set-
aside policy and almost no surplus loss relative to the no-subsidy, no set-aside case. 
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This subsidy level also results in slightly more sales and timber won by small firms, 
greater small bidder profits, greater revenue, and almost as great big bidder profits 
as the set-aside policy. Larger subsidies reduce efficiency further, in part by encour-
aging excessive entry. Conditional on entry, small subsidies induce small efficiency 
costs: in an open auction, for example, the allocative inefficiency is bounded above 
by the level of the subsidy. Overall, however, the distortions created by a subsidy 
policy appear to be relatively small compared to the costs of excluding high-value 
big firms from set-aside sales.

Fourth, we examine whether the benefits of subsidies can be approximated by 
using a better-designed set-aside policy. Since the evidence suggests that small bid-
ders are attracted to small sales, we first consider a program that allocates all of the 
smallest sales to be set-asides. However, the volume-based approach leads to lower 
efficiency and revenue than the existing set-aside program. We then consider a more 
sophisticated alternative. We predict the sales that would be most efficient to desig-
nate as set-asides given the constraint that small bidders win as much volume as in 
the existing program. To do this, we select the sales that have the fitted values closest 
to zero in a regression of (Unrestricted Surplus—Set-Aside Surplus)/(Unrestricted 
Small Bidder Volume—Set-Aside Small Bidder Volume) on tract characteristics, 
selecting just enough sales so that the volume constraint is satisfied. This approach 
leads to outcomes almost as efficient as subsidies. Revenue is approximately the 

Table 8—Comparison of Set-Asides and Subsidies

Outcome variable

Small 
bidder 
entry

Big 
bidder 
entry

Total sm. 
bidder 
profit 

($000s)

Total big 
bidder 
profit 

($000s)

Price 
($/

MBF)

% won 
by 

small 
bidders

Total 
small 
bidder 

vol.

Surplus 
(per 

MBF)

Panel A. All sales (N = 1,330)
Actual policy 2.94 1.38 72.8 188.5 97.7 59.6 2,224 116.6
Set-asides selected by sale volume 3.41 1.04 71.9 189.6 97.5 68.7 2,184 113.1
Predicted optimal set-asides 2.86 1.46 67.4 199.1 98.7 58.9 2,239 118.7
No subsidy 2.66 1.60 59.2 213.3 98.3 53.2 1,818 119.3
5% subsidy 3.04 1.59 72.8 189.4 101.4 58.5 2,207 119.1
6% subsidy 3.12 1.58 75.3 185.1 101.9 59.6 2,278 119.1
10% subsidy 3.37 1.57 84.1 169.5 103.7 63.4 2,535 118.8
15% subsidy 3.62 1.55 93.5 152.9 105.2 67.4 2,810 118.2
20% subsidy 3.82 1.55 101.4 138.6 106.4 70.8 3,043 117.6

Panel B. Small sales (N = 265)
Actual policy 3.41 0.27 10.3 0.9 84.7 88.7 257 84.7
Set-asides selected by sale volume 3.69 0.00 11.2 0.0 85.3 96.1 278 85.2
Predicted optimal set-asides 3.65 0.05 11.1 0.1 85.3 95.1 274 85.2
No subsidy 3.31 0.33 9.9 1.3 84.4 85.2 247 85.4
5% subsidy 3.36 0.31 10.0 1.3 84.9 86.0 250 85.5
6% subsidy 3.41 0.27 10.1 1.1 85.0 86.9 253 85.5
10% subsidy 3.51 0.17 10.4 0.8 85.2 89.5 261 85.5
15% subsidy 3.57 0.11 10.6 0.6 85.4 91.5 265 85.5
20% subsidy 3.62 0.07 10.9 0.3 85.5 93.3 270 85.4

Notes: Table reports the implications of alternative set-aside and subsidy policies. The actual policy is the set-aside 
policy observed in the data. The volume-based set-aside policy sets aside 469 sales that are smaller than a volume 
threshold chosen to achieve a small bidder volume target. The predicted optimal set-aside policy sets aside 197 sales 
that have fitted values closest to zero in a regression of (Unrestricted Surplus—Set-Aside Surplus)/(Unrestricted 
Small Bidder Volume—Set-Aside Small Bidder Volume) on tract characteristics. For the counterfactual subsidies, 
the subsidies are applied to every auction in the sample.
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same as if there were no preference program at all. Compared to the 6 percent sub-
sidy, this set-aside policy results in 3 percent less revenue, 11 percent less small 
bidder profit, and 8 percent more big bidder profit.

Table 9 decomposes the impact of subsides and set-asides into bidding and par-
ticipation effects. We find that for sales that were sold as set-asides, endogenous 
entry reduced the loss in surplus (over an unrestricted policy) from 28 percent to 
17 percent, and it reduced the revenue losses from 30 percent to 5 percent. For fixed 
entry, a 5 percent subsidy has much less dramatic effects on price and surplus than 
a set-aside. Endogenous entry is thus less important in subsidized sales than set-
asides, although it is responsible for most of the change in revenue: The 5 percent 
subsidy policy increases revenue over the unsubsidized case, due in part from shift-
ing the allocation to the small bidders conditional on entry, but mainly from encour-
aging more small bidder entry.

Are there any weaknesses of subsidy policies? One is that the subsidy level must 
be carefully chosen, but our results suggest that a wide range of subsidy levels 
improve over current policy. Another concern is that setting aside a certain fraction 
of timber guarantees that a minimum amount will be won by small businesses. A 
subsidy policy does not provide a firm guarantee. This concern may be particu-
larly salient in a one-off auction setting, such as a sale of radio spectrum. But with 
many similar sales, it may be less important. To assess this, we used the model 
to compute the probability distribution of the timber volume won by small busi-
nesses in the 1,330 sales in our data under the observed set-aside policy and under 
a 6 percent subsidy. The cumulative distributions functions are shown in Figure 1. 

Table 9—Decomposing Bidding and Participation Effects

Outcome variable

Small 
bidder 
entry

Big 
bidder 
entry

Total big 
bidder 
prof. 

($000s)
Price 

($/MBF)

Prob. 
some 
small 
bidder 
wins

Total 
small 
bidder 

vol.
Surplus 

(per MBF)

Panel A. Unrestricted sales with positive small bidder entry (N = 1,167)
No subsidy or set-aside 2.7 1.6 59.1 214.8 98.5 54.1 1,802 119.2
Set-aside, fixed small entry 2.7 — 176.2 — 70.5 87.4 4,115 86.4
Set-aside, endogenous entry 4.9 — 173.2 — 95.9 97.9 5,021 100.1
5% subsidy, fixed big, small entry 2.7 1.6 63.7 207.2 98.9 56.1 1,925 119.1
5% subsidy, endogenous entry 3.0 1.6 72.7 190.9 101.5 58.7 2,188 119.2

Panel B. Set-aside sales (N = 163)
No subsidy or set-aside 2.6 1.7 60.5 202.2 97.3 50.6 1,939 119.2
Set-aside, fixed small entry 2.6 — 178.1 — 67.8 88.9 4,486 85.5
Set-aside, endogenous entry 4.7 — 170.5 — 92.0 98.3 5,239 98.4
5% subsidy, fixed big, small entry 2.6 1.7 65.2 194.3 97.7 52.8 2,079 119.1
5% subsidy, endogenous entry 3.0 1.7 73.6 178.7 100.5 56.5 2,345 119.1

Notes: Table reports predicted outcomes from a set-aside and from a 6 percent subsidy. For the set-aside policy, 
big bidder entry is set to zero, “fixed small entry” holds the small bidder entry probability fixed at its equilibrium 
value in an unrestricted sale, and “endogenous entry” allows small bidder entry to increase to its new equilibrium 
value. For the subsidy policy, “fixed entry” holds fixed big and small entry at their unsubsidized equilibrium levels 
and “endogenous entry” allows entry probabilities to equilibrate to the subsidy. The reported outcomes are aver-
ages across all sales in the data.
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Because of the guarantee that set-asides provide, the 6 percent subsidy CDF can-
not quite stochastically dominate the set-aside CDF. Nevertheless, Figure 1 shows 
that the relation between the CDFs is very nearly one of stochastic dominance. It is 
very unlikely that under this subsidy loggers win less than the quantity guaranteed 
to them by set-asides. Considering features of outcome distributions other than the 
means does not much alter the basic picture: set-asides appear to be a relatively 
expensive way to achieve distributional goals.

V.  Subsidies and Optimal Auction Design

Our results on subsidies can be connected usefully to the theory of optimal 
auction design. The connection is easiest to see with fixed participation. Suppose 
that a sale attracts some combination of big and small bidders, N in total. Recall 
that if bidder i is of type τ ∈ {S, B} and has value v, its “marginal revenue” is  
M​R​i​​( v )​ = v − ​ 1 − ​F​τ​ ​( v )​ 

 _ ​f​τ​ ​( v )​
  ​ . Let v = ​( ​v​1​, … , ​v​N​ )​ denote the vector of bidder values, and 

let ​q​i​ (v) denote the equilibrium probability that i wins as a function of the values. 
(Generally ​q​i​ will be zero or one, unless there are ties or a random allocation.) Of 
course, ​q​i​ may depend on the size of the bidders, the auction format, and whether a 
subsidy is in place.

Standard results from auction theory relate the allocation rule ​q​1​, … , ​q​N​  and 
the marginal revenue functions M​R​1​, … , M​R​N​ to the expected surplus and reve-
nue from the auction. In particular, expected auction surplus is ​피​v​ [​∑ i​ 

  ​​q​i​​(v) · ​v​i​], 
while expected revenue is ​피​v​ [​∑ i​ 

  ​​q​i​​(v) · M​R​i​ (​v​i​)]. In general, shifting the allocation 
toward bidders with higher value increases expected surplus, while shifting the 
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Figure 1. Empirical CDFs of Small Bidder Volume

Notes: Shows the distribution of (per-sale) timber volume won by small bidders across simulations conducted using 
the actual set-aside policy and a 5 percent subsidy. To construct the figure, we simulated the whole set of auctions 
800 times under each policy. For each simulation, we calculated the total timber volume won by small bidders and 
divided by the number of sales. The plot shows the distribution of this per sale volume number.
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allocation toward bidders with higher marginal revenue increases expected revenue. 
An efficient auction awards the sale to the bidder with the highest value—so ​q​i​ = 1 
if and only if ​v​i​ ≥ ​v​j​ for all j. A revenue optimal auction awards the sale to bidder i if 
and only if M​R​i​(​v​i​) ≥ M​R​j​(​v​j​) for all j, and M​R​i​(​v​i​) ≥ 0. The last requirement can be 
implemented by having a separate reserve price for each type of bidder.

Figure 2 represents different allocations in the space of bidder valuations, assum-
ing a tract with average characteristics (X = ​

__
 X​, u = 1). The x-axis represents the 

highest small bidder valuation, and the y-axis the highest big bidder valuation. The 
forty-five degree line represents the efficient allocation: the high-value small bidder 
should win if and only if its value is greater than that of the high-value big bidder. The 
left-most curve describes the revenue-maximizing allocation, which favors small bid-
ders. For all points to the right of the curve, the high-value small firm has the highest 
marginal revenue, so shifting the allocation from the forty-five degree line toward the 
revenue-maximizing allocation reduces efficiency but increases revenue.

The remaining curves in Figure 2 describe the equilibrium allocations from open- 
and sealed-bid auctions with no subsidy and with a 6 percent small bidder subsidy. 
(The open auction allocations do not depend on the number of bidders; the sealed 
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Notes: Shows the allocation from various subsidized and unsubsidized auctions. The x-axis is the highest value 
among the small bidders and the y-axis the highest value among the large bidders. The dots on each axis show the 
deciles of the distributions of these high values. In each case, we assume two big bidders, eight potential small bid-
ders, X equal to the mean among the larger tracts, and u = 1. The sealed auction cases assume two actual small bid-
ders. The first plot shows the Myerson revenue-optimal allocation with fixed entry, n = (2, 2). The final plot shows 
the revenue-optimal allocation with endogenous equilibrium entry by the bidders.
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allocations assume two small and two big bidders.) An open auction with no sub-
sidy yields an efficient outcome. Both a shift to sealed bidding and a small bidder 
subsidy shift the allocation toward small bidders. Both changes increase revenue at 
some cost to efficiency. To first order, however, a small shift away from the efficient 
allocation matters more for revenue, helping to explain why the revenue boost from 
a subsidy dominates the efficiency loss in Table 8.

Figure 2 also shows that in the range of likely valuations (the deciles of the bid-
der value distributions are plotted on the axes), the subsidy has a larger effect on the 
allocation than moving from open auctions to sealed bidding. This helps to explain 
why ALS (2011) found relatively minor effects of shifting between open and sealed 
bidding under competitive bidding, while we find larger effects from modest sub-
sidies. Of course, a set-aside policy has even more dramatic consequences because 
it shifts the allocation to coincide with the y-axis—reducing both efficiency and 
revenue if small firm participation is held constant.

A final point concerns endogenous participation. Suppose that we start from a 
situation where equilibrium involves the big bidders entering with probability one 
and the small bidders mixing. Because small bidders make lower expected profits 
conditional on entry, shifting the allocation in their favor will increase small bid-
der participation without decreasing the big bidder participation, at least for small 
changes in the allocation. Now, in the unsubsidized open auction case, equilibrium 
entry is efficient. So if we shift to the small bidder subsidy case, it follows that 
endogenous entry will tend to reinforce both the increase in revenue and the reduc-
tion in surplus. This helps to clarify the findings reported in Table 8. Figure 2 also 
show the revenue-optimal allocation rule with endogenous entry, which involves a 
larger bias toward small bidders than the 6 percent subsidy.

VI.  Conclusion

Distributional objectives are an important feature of public sector procurement and 
natural resource sales. They can be achieved in a variety of ways, with subsidies and 
set-asides being perhaps the two most common. Economic theory is not dispositive 
on which approach can achieve a given distributional goal at lower social cost. Our 
estimates from the federal government’s timber sales program, however, provide an 
example where set-asides might, in practice, be relatively costly compared to a sub-
sidy policy. The logic underlying our results is that if the goal is to favor a significantly 
weaker set of bidders, it may be better to subsidize the weaker bidders and modestly 
tip outcomes across a broad range of sales, rather than setting aside a targeted number 
of sales and precluding efficient firms from entering. Of course, a qualification of our 
results is that they are obtained from a relatively small data sample and a particular 
federal program. It would be interesting to explore whether the results extend to larger 
classes of public sector procurement or resource sale problems. 
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