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This mini-course will review current methods in the empirical study of auction data, with a

focus on it’s application to questions of coordinated bidding behavior (bidding rings, cartels and

collusion). The first session will discuss empirical methods focusing on recent structural econometric

tools. The second and third sessions will examine the application of these tools to the study of

collusive bidding. The underlying focus will be on frameworks for understanding where open

questions lie and ways to address them. Questions of cartel detection and damage assessment,

being intertwined with this objective, will also be addressed.

This involves two things: giving a sense of the technical side of the empirical auction litera-

ture, and giving a sense of the literature on collusion in auctions, from an empirical perspective.

Inevitably this will mean that I leave a lot of stuff out. But what I hope to do is give you enough

to be an thematically informed and critical reader of the literature. The structure of these lectures

will be as follows:

1. Introduction

2. Reduced form auction empirical work

3. Structural empirical work on auctions [This will be the most technical part]

4. Overview of Competition Law and Bidding Rings

5. Detection of collusion in auctions and damage assessment

6. Other issues

In what follows I will give a somewhat selective reading list, by section. Most likely I will cover

some papers not here, and skip others, but the hope is that this list serves as a useful reference.
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The references that I consider particularly useful are starred. All the lecture notes I use will be

posted on my website: http://www.johnasker.com/IO.html

1. Introduction

• *Robert Marshall and Leslie Marx (2013), The Economics of Collusion,

2. Reduced form auction empirical work

• *Hendricks, Ken, Rob Porter (1988), An Empirical Study of An Auction with Asym-

metric Information, American Economic Review, 865

• Hendricks, Ken, Rob Porter and Charles Wilson (1994), Auctions for Oil and Gas Leases

with an Informed Bidder and a Random Reservation Price Econometrica, Vol. 62, No.

6, 1415-1444

3. Structural empirical work on auctions [This will be the most technical part]

• Asker, John (2010), A Study of the Internal Organization of a Bidding Cartel, American

Economic Review

• Athey, Susan and Phillip Haile (2005), Nonparametric Approaches to Auctions, Yale

Working Paper (now in Handbook of EconometricsVol 6A, I think) http://www.econ.yale.edu/˜pah29/hbk.pdf

• *Guerre, Emmanuel, Isabelle Perrigne, and Quang Vuong (2000), Optimal Nonparamet-

ric Estimation of FIrst-Price Auctions, Econometrica, Vol. 68(3), 525-574

• Haile, Philip and Eli Tamer (2003), Inference with an Incomplete Model of English

Auctions, Journal of Political Economy, 2003, vol. 111, no. 1, 1-51

• Krasnokutsaya, Elena (2011) Identification and Estimation of Auction Models with Un-

observed Heterogeneity, Review of Economic Studies

• Krasnokutsaya, Elena and Katja Seim (2012) Bid Preference Programs and Participation

in Highway Procurement Auctions, American Economic Review

• Li and Vong (1998), Nonparametric Estimation of the Measurement Error Model Using

Multiple Indicators, Journal of Multivariate Analysis 65, 139-165

• Pagan and Ullah, Nonparametric Econometrics.

4. Overview of Competition Law and Bidding Rings

• Asker, John (2010) Leniency and post-cartel market conduct: Preliminary evidence from

parcel tanker shipping, International Journal of Industrial Organization 28 407-414
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• Bajari, Pat and Jungwon Yeo (2008) Auction Design and Tacit Collusion in FCC Spec-

trum Auctions, U. Minnesota Working Paper

• Bork, Robert (1978), The Antitrust Paradox,

• Graham, Dan, Robert Marshall and Jean-Francoise Richard (1990), Differential Pay-

ments Within a Bidder Coalition and the Shapley Value, American Economic Review

80(3), 493-510

• *McAfee, Preston and John McMillian (1992) , Bidding Rings, American Economic

Review, 82(3), 579-599

• Posner, Richard 2001, Antitrust Law, U. Chicago Press.

5. Detection of collusion in auctions

• Athey, Susan, Jon Levin and Enrique Seira (2011) Comparing Open and Sealed Bid

Auctions: Evidence From Timber Auctions, The Quarterly Journal of Economics, 126,

207257

• Bajari, Patrick and Lixin Ye (2003), Deciding Between Competition and Collusion, The

Review of Economics and Statistics, 85(4): 971989

• Baldwin, Laura, Robert C. Marshall and Jean-Francois Richard (1997) Bidder Collusion

at Forest Service Timber Sales, Journal of Political Economy 105(4) 657

• *Porter, Rob and Douglas Zona (1993), Detection of Bid Rigging in Procurement Auc-

tions, Journal of Political Economy, 101(3) 518

• Porter, Rob and Douglas Zona (1999), Ohio school milk markets: an analysis of bidding,

RAND Journal of Economics Vol. 30, No. 2, pp. 263-288

6. Damage assessment

• *Asker, John (2010), A Study of the Internal Organization of a Bidding Cartel, American

Economic Review

• American Bar Association, Proving Antitrust Damages

7. Other issues

• *Hendricks, Ken, Robert Porter and Guofu Tan (2008), Bidding rings and the winners

curse, RAND Journal of Economics Vol. 39, No. 4, pp. 10181041

• Roberts, James and Andrew Sweeting (2013) When Should Sellers Use Auctions? Amer-

ican Economic Review 103(5): 18301861
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Lectures on Auction Empirics, Collusion and Bidding Rings:

Modern Structural Auction Empirics

John Asker∗

December 7, 2013

1 Preliminaries: Auctions

This handout is intended to give you a map to what will be covered in the 3 hrs or so I will be

talking about modern structural auction empirics. Basically, what I want to do is to give you

an introduction to the core technical tricks currently used to analyze auctions and (perhaps more

importantly) give you the tools to access current research in the area.

Likely, there is more material here than we will be able to go through so I might be selective.

Here are some useful sources/core things to be familiar with:

• Guerre, Perrigne and Vong (2000), Optimal Nonparametric Estimation of First Price Auc-

tions, E’metrica, 68, 525

If you were to read anything following class, pp.525-532 of this article would be a good

start.

• Li and Vong (1998), Nonparametric Estimation of the Measurement Error Model Using Mul-

tiple Indicators, Journal of Multivariate Analysis 65, 139-165

Probably not a journal you have spent a lot of time reading, but these techniques are key

to many of the identification results in auctions. If you were to read another thing following class,

pp.139-145 of this article would be a good.

• Asker (2008), A Study of the Internal Organization of a Bidding Cartel, American Economic

Review 2010.
∗
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The reason I will talk about this is because it is a good example of a pure application of the

technique. Much of that literature is at least partially motivated by a desire to explore econometric

methods, and it is helpful to be reminded that this doesn’t need to be the case to right a paper

people will pay attention to. It also speaks directly to topic 2, which is collusion.

• Haile, Phil and Elie Tamer (2003), Inference with an Incomplete Model of English Auc-

tions,JPE, 111, 1-52

This paper is very different from the above three in terms of setting and technique. It

uses a partially identified model to sidestep a bunch of thorny issues in the estimation of English

auctions. It is also a beautiful piece of research.

• Athey, Susan and Phillip Haile (2005a), Non-Parametric Approaches to Auctions at

http://www.econ.yale.edu/˜pah29/hbk.pdf

This is a handbook chapter now I think in the Handbook of Econometrics V6A. Anyway,

this is a great survey to look at to see how stuff is done and also the bibligraphy is super

useful.

• Pagan and Ullah, Nonparametric Econometrics. This is the most useful econometrics book

to give you a foundation in density estimation etc. Harry Paarsch also has a very useful text

called An Introduction to the Structural Econometrics of Auction Data which has a partic-

ularly useful appendix that goes through heaps of the toolbox technique with a useful focus

on auction problems. The last econometric reference worth mentioning in an introduction is

Joel Horowitz’s Bootstrap chapter in the handbook of econometrics v5.

2 Auction Empirics: Preliminary Comments

2.1 What is the point of empirical work on auctions?

The next three or so hours will be on recent empirical work on auctions. There are several reasons

for teaching this vibrant area of research:

• it introduces the ideas behind identification in structural models in a formal yet digestible

way

2



• asymmetric information is one of the most fertile areas for empirical work: auctions present

an easily understandable environment for examining the impact of assym. info issue (ie we

can see the rules of the game, understand the strategy set etc)

• my suspicion is that the tools developed in the auction literature could be adapted to other

environments (e.g. flick through Laffont and Tirole for some examples of theory models in

this spirit - whether they have direct empiricial application is another question)

• auctions can be thought of as a kind of monopoly model (the auctioneer has monopoly

power, but less than perfect information and limited capacity, for a similar view see Bulow

and Klemperer)

• something like 10% of GDP is transacted through auction markets and their design and

application has been, and continues to be, a topic of ongoing interest to both policy makers

and business.

Basically auctions are more central to IO than most economists think.

The pattern of these lectures will go something like

1. what is the point of empirical work on auctions? + themes

2. review of the theory

3. basic empirical results in first price auctions

4. basic empirical results in ascending auctions

5. extensions: auction heterogeneity & bidder heterogeneity

There are several reasons for empirical work on auctions

• Validating basic assumptions: the theory makes a big deal of the role of asymmetric infor-

mation. To be confident that our models mean anything we should send some time making

sure that asymmetric information does, indeed, matter. This is how I think of much of the

contributions made by Hendricks and Porter

• Testing theory: Theory makes some pretty specific predictions about how model primitives

map to outcomes. These seem worth testing. Experimental work has been successful here.

Read the Handbook of Experimental Economics Chapter for an introduction to this fruitful

area of experimental work.
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• Evaluating policy: the optimality of design decisions usually depends on the properties on

the underlying primitives we can divide these into two areas:

– Uncovering the specific distribution of private information: in a FPSB IPV single unit

auction the reserve price depends on the specific distribution of private information

– Uncovering the properties of the structure of private information: in a single unit auction,

the attractiveness of the FPSB auction depends on whether we are in the IPV or common

value environment or some other private info structure.

The recent work has been on the last dot point mostly. I will talk mostly about the work that

seeks to evaluate policy by uncovering the underlying distribution of private information. Testing

private values vs common values tends to build on this anyway, often using auxiliary data.

2.2 What are we really talking about?

The problem is: given bid data and observable characteristics of the auction and bidders, what can

we say about the private information possessed by the bidders when they make bids?

Let’s start by defining an auction:

The standard simple auction model has

• N bidders

• one indivisible good for sale

• each bidder has some private information represented by a parameter θ ∈ R. This sets either
values or costs depending on whether we are in a procurement setting or not.

• the auctioneer has a utility function which is given by

V = v − p or V = p− v

again depending on whether we are in a procurement setting or not (procurement is first)

• the bidders have a utility function which looks like

Un = p− θ or Un = θ − p

It should be obvious that having bidders as buyers or sellers is just a sign change. Since each

are equally relevant empirically, I will use whichever is most appropriate for the application.
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• we need a joint distribution for the bidders’ private information so let {θ1...θN} be drawn

from the joint CDF F ∈ F·

• the auction also needs some rules for allocating the winner and payments and saying what

permitted bids are. Let G denote the set of all distributions over the space of permitted bids.

You should have covered the equilibrium theory of auctions in Micro last year. If you are hazy

on that, look through Krishna’s excellent text book which I recommend buying as a reference. I

will cover it very fast today.

The equilibrium theory gives us a way to map from the private information to bids (which may

or may not be the same as the prices (transfers) arising from the auction). Lets call this mapping

from the theory γ ∈ Γ where γ : F → G.

2.2.1 Identification

The key idea of these lectures is identification. In most contexts what this means is that given an

observed distribution of bids we can say identify a distribution of private information that is ”most

likely” or has the ”best fit” or slightly more formally minimizes the loss function of your choice.

I find it useful in structural modeling to draw the distinction between model identification and

identification in data

Lets be formal about model identification:

Definition 1 (Identification). A model (F,Γ) is identified if for every

�
F, �F

�
∈ F2 and (γ, �γ) ∈ Γ2

, γ (F ) = �γ
�
�F
�
implies (F, γ) =

�
�F , �γ

�

This gives us some hope that with real data we can invert the mapping provided by the bid

function to get the the private information and thus estimate F . Often we will take a stand on γ

which will make the identification of F much more tractable.

Lastly, bear in mind the difference between this view of identification, which is, in a sense,

asymptotic, and the practical issue of identification in small samples which is the problem you

always face when confronted with data (identification in data).

It is always possible that a model is identified in theory but places demands that the data at

hand cannot meet. Always think about this when considering your own research and that of others.

This often comes down to judgement but there is some science that can help: things you can do to

develop some intuition about your situation

• run monte carlo simulations

• plot the data to examine the available variation in exogenous variables
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• look at what other researchers were able to do with similar technology and data

3 Review of Theory

Notation

• random variables in upper case, realisations in lower case

• vectors in bold

• latent variable CDF is FY (·)

• observed variable CDF is GY (·)

• where order statistics are used let:

– Y k:n be the kth order statistic from the sample {Y1,...,Yn} with Y1 < Yn

– F k:n
Y (·) is the CDF of this order statistics

Basics

• we consider the sale of a single indivisable good to one of n bidders where n ≥ 2

• bidders are risk neutral

• N is the set of bidders (where bidders are ex ante symmetric this is not so as important as

n = |N | will be a sufficient statistic for our purposes)

• N−i are the opponents of bidder i

Private Information

bidders’ private information (or type) is a scalar random variable Xi, X = {X1, ..., Xn}

• we have a scalar signal Xi with realisation xi

• we assume signals are informative in that

∂E [Ui |Xi = xi, X−i = x−i ]

∂xi
> 0 ∀x−i

so no matter what the signal of the other guys are, my signal always has an impact on the

expectation of my utility. Among other things this rules out any one player having a perfect

signal in, say, a mineral rights model.
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• We often use Ui and Xi interchangeably as one is just a monotonic transformation of the

other. (note that in some procurement settings this will not make sense, but everything I

talk about here works this way)

• Lastly, N , FY (·) are common knowledge

Auction Terminology

The auction literature has been around for a long time and a terminology has grown up around

it that you should know. So lets run through it.

Definition 2 (Private Values). Bidders have private values if

E [Ui |Xi = xi, X−i = x−i ] = E [Ui |Xi = xi ] ∀xj and Ui

Definition 3 (Common Values). Bidders have common values if

E [Ui |Xi = xi, X−i = x−i ]

is strictly increasing in xj for all i, j and xj

• This division is not exhaustive, but is the space in which most people work. Note in particular

that it does not include the work on auctions with externalities by Phillippe Jehiel, Benny

Moldovanu and Ennio Stacchetti

• Common values can have the winners curse. The precise meaning of this differs depending on

the literature you are reading. In most economics it means the possibility that people have

some ex post regret from winning the auction. However, it can also refer to the behavioral

phenomenon of people bidding too high relative to the equilibrium and making a loss in

expectation.

• A further breakdown is between the independence of signals and affiliation of signals

• Independance means that

fXi,Xj = fXifXj

where fZ is the marginal distribution of Z

• Affiliation is defined as follows
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Definition 4 (Affiliation). A set of random variables Y = {Y1, ..., Yn} is said to affiliated if for all

y and �y (which are realisations of Y)

fY (y∨�y) fY (y∧�y) ≥ fY (y) fY (�y)

where ∨ denotes the component-wise maximum and ∧ denotes the component-wise minimum. (See

Milgrom and Weber 1982 for more info)

Affiliation means, very loosely, that the higher is my signal, the the more likely it is that yours

is high.

Example:

Let

Y =






1 1

1 2

2 1

2 2






fY =






1
4 + ε
1
4 − ε
1
4 − ε
1
4 + ε






Y is affiliated if ε ≥ 0. You may notice that affiliation is equivalent to imposing a lattice-like

structure on the structure of private information.

• So auctions that we often talk about are:

– IPV: PV with Ui being independant

– Symmetric IPV: Ui ∼ iid

– Affiliated PV (APV)

– Pure Common Values: Ui = Uo

– Mineral Rights: pure common rights with signals iid conditional on Uo

3.0.2 Applications

Think about how these models apply to the following applications:

1. OCS Oil Drilling Rights Auctions
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2. Timber Auctions

3. Treasury Bill Auctions

4. Highway construction contract Auctions

5. Auctions of bus routes

4 Empirical Example: Reduced form work prior to modern struc-

tural approach

Let’s look at Henricks and Porter’s classic paper ‘An Empirical Study of an Auction with Assymetric

Information’ in the AER 1988. It is a mineral rights model.

• Setting: Drainage leases in OCS 1959-69 - leases next to tract in which a deposit has been

discovered.

• Symmetry/assymtery of information is important for qualitative predictions in CV auctions.

In common value auction, want to consider the precision of signals in thinking about as-

symtery. Drainage vs Wildcat: drainage is adjacent to known deposit, wildcat is not

• Research Question: Does the bidding behavior look consistent with a CV model that reflects

institutions? is there evidence of bidding coordination?
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• THE MODEL (FPSB)

• Consider each tract in isolation

• 1 Neighbor (informed) firm [NFirms]

• N-1 non-neighbor firms [NNFrims]

• X - private signal on V , Z - public signal

• Neighbor firm sees X, non-neighbors do not

• Assume z (realization of Z) is fixed. Essentially, the assumption is that the neighbor firm

sees everything that the non-neighbors see. This is a stretch, but models involve simplifying

assumptions...

• Stratgey of NNFirm is Gi(.) which maps z to R
+

• Information of NFirm is H = E[V |X, z]

• H is distributed F (.|z) with mean H̄

• Strategy of neighbor firm is σ mapping H to R
+, hence: σ(h) ∈ [R,∞] where R is reserve

price

• G(b) = distribution function of max of NN bids, so profit of N firm is G(σ(h))(h− σ(h))

• profit of NN firm is

E[H − b− c|τ(b) > h; z]× F (τ(b)|z)Pr(maxNN)

c is a cost from transaction cost in negotiating pool with a neighbor

τ is a inverse of strategy

• Solve by looking for BNE
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• The paper proceeds by characterizing equilibrium. The characterization is ugly and so I will

skip it (it is also a very specific model, so little technical dividend from going through it).

Instead I will list the comparative statics that come out of the model that are taken to data:

• DATA

• 144 auctions of drainage tracts
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• Data are:

– Date

– Location and size

– Who bid and how much

– Number and date of wells

– Annual production through 1980

– Cost estimates of production

(note ex post data allows for actually realization to be used)
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5 Structural vs Reduced Form vs Model Free

Different questions suggest different approaches. Quantification often requires more modeling

than testing comparative statics. Purely descriptive work probably requires the least. Think

about what the Hendricks Porter can do - e.g. evidence suggestive of cooperative bidding.

And what it can’t do: e.g. quantify inefficiency if any.

5.1 Structural Work on Common Values

This is pretty pessimistic, or at least less developed. Recall what identification is:

Definition 5 (Identification). A model (F,Γ) is identified if for every

�
F, �F

�
∈ F2

and

(γ, �γ) ∈ Γ2
, γ (F ) = �γ

�
�F
�
implies (F, γ) =

�
�F , �γ

�

So we want to be able to map from observed behavior to primitives. Primitives, in this case,

are a joint distribution of the signals and the underlying value. For identification, we want

this mapping to be unique.

Consider the most standard data in which we see a bunch of data from a set of auctions with

a fixed number of bidders. Let’s make it a FPSB auction, so we see everyone’s bids. Now

consider a simplification of the common value setting in which there is a common value for

everyone Uo like the Hendricks Porter setup.

Now consider what you want to uncover - the joint distribution of signals and the Uo. So

with N bids, you want to understand the behavior of N + 1 random variables. That’s going

to be tough without more structure.

Basically, the extra structure that makes this easy is the Private Values assumption. Which

we explore below. I’ll show you how to relax that a little if we have time, but basically,

the results on structural identification of common value models tend to be negative due to

the above problem. Where progress has been made, it is through imposing extra structure,

focusing on questions that on require identification of a partial model, or through being able

to bring in auxiliary data (e.g. like the Hendricks Porter exploitation of ex post data of

profitability, or changes in bidders or information structure that is plausibly exogneous). For

an Example see Ali Hortascu and Jakub Kastl’s paper on Treasury Auctions in Canada. Here

they test for CV exploiting auxiliary data from a particular information structure.

Anyway, due to the implication of this problem, most structural work has focused on the

private values case, to which we now turn.
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6 Private Values: Equilibrium Theory

Here I will run through what we need for the empirical models we want to explore.

– we divide auctions into the following formats depending on the rules governing who wins

etc:

∗ · FPSB

· SPSB

· Ascending

· Clock (or Dutch)

· Other (various multi-unit or combinatorial variants)

6.0.1 FPSB Auctions

– We use Perfect Bayesian Nash equilibrium in pure strategies

– denote the equilibrium bid as Bi, with realisation bi. Let B = {B1, ..., Bn}

– assume affiliation for this section and also take no stand on private vs common values

– we assume some regularity (see Athey and Haile for details). Notably that values lie on

some compact subset of the real line

– we would like some existence and uniqueness results to proceed: Here is what exists

– Existence:

∗ ∃ an equilibrium with strictly increasing strategies except in some CV auctions with

asymmetric bidders

– Uniqueness:

∗ ∃ a unique equilibrium in strictly increasing strategies in PV auctions as long as we

have independence or symmetry (or both)

– In CV formats we tend to assume what we need. Note that we don’t really need unique-

ness, we just need everyone to be playing the same strictly increasing equilibrium.

Equilibrium a bidder with signal Xi = xi solves

max
�b

�
E

�
Ui

����Xi = xi, max
j∈N−i

Bj ≤ �b
�
− b

�
Pr

�
max
j∈N−i

Bj ≤ �b |Xi = xi

�
(1)
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that is, you set your bid to maximise the expected profit if you win (conditional on your

signal) times the probability of winning (again, conditional on your signal)

Let

�v (xi,mi;N ) = E

�
Ui

����Xi = xi, max
j∈N−i

Bj = mi

�

and

v (xi, yi;N ) = E

�
Ui

����Xi = xi, max
j∈N−i

Bj = βi (yi;N )

�

this expression will turn out to be important as v (xi, xi;N ) is the expected value of winning

when i is pivotal.

Let

GMi|Bi
(mi | bi;N ) = Pr

�
max
j �=i

Bj ≤ mi | Bi = bi,N
�

this is the CDF of the maximum bid of the opposing bidders given i’s bid and N

Let gMi|Bi
(mi | bi;N ) be the corresponding conditional density

Given this notation we can rewrite (1) as

max
�b

� �b

−∞

�
�v (xi,mi;N )−�b

�
gMi|Bi

(mi | βi (xi;N ) ;N ) dmi (2)

Some technical stuff is required here to prove that this is differentiable a.e. See Athey and

Haile, and Krishna’s text for technical comments on these points.

We can differentiate (2) w.r.t. �b to get

v (xi, xi;N ) = bi +
GMi|Bi

(bi | bi;N )

gMi|Bi
(bi | bi;N )

(3)

– This is the key equation from theory use for estimation purposes. Note the following

∗ It is pretty nice - linear structure is simple (this is from risk neutrality)

∗ LHS is the latent variable we are interested in

∗ RHS has stuff that this observed (bids) or functions related to observed stuff, this

gives hope for estimation.

6.0.2 Ascending Auctions

– Clock or button auctions are the framework used in most theory

– Unattractive for empirical work of very few ascending auctions work like this
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– Even if this framework is OK we have to deal with the fact that we never see the value

at which the highest bidder would drop out.

– However, we would see all but the first order statistic, which is a lot of information

really. That said, you have to be very careful: order statistics loose their independence

if you do not observe all of them and, in an ascending auction, but construction you do

not observe them all (see the Athey Haile survey paper for more). So overcoming the

mechanical loss of independence due to the data generating process is a central issue.

Sometimes you can get around this, more often it is a technical issue that can kill a

paper. Compare to Haile Tamer to follow.

– The key thing from theory, regardless of approach used is that bidders never bid more

than they are willing to pay, and never let anyone win with a price they are willing to

beat.

7 Identification and Estimation of FPSB PV Auctions

– Early work by Harry Paarsch and others in the early 1990s explored ways of estimat-

ing using bid functions and imposing parametric forms on the distribution of private

information.

– Other work by Laffont, Ossard and Vong (in various combinations), and Pat Bajari tried

other approaches using different theoretical ‘handles’

– The literature seems to have converged on the following basic line of attach due to

Guerre, Perrigne and Vong (2000).

Basic idea:

in equilibrium each bidder is acting optimally against the distribution of behaviour of other

bidders

How does this help?

– it means that the distribution of opponents bids in (3) can be inferred from the data

without parametric restriction.

– ie: “given what others are doing you are doing the best you can and given what you

are doing they are doing the best they can” - we are taking both parts of this statement

very seriously
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Lets be formal recall:

ui = bi +
GMi|Bi

(bi | bi;N )

gMi|Bi
(bi | bi;N )

– first; note that this is the inverse of the bid function

– second; note that the bi is observed

– third; note that
GMi|Bi

(bi|bi;N )

gMi|Bi
(bi|bi;N ) is a ratio of properties of the joint distribution of opponents

bids.

The invertability of the bid function is the key thing for identification (i.e. we rely on the

assumption that the bidders use a strictly increasing bid function)

Guerre, Perrigne and Vong (2000), Li, Perrigne and Vong (2002) and Campo, Perrigne and

Vong (2003) work all this out for various scenarios.

Summarizing: in the APV model, if symmetric just need all the bids, if not, then need the

identities of the bidders

7.1 Estimation

How do you operationalize this?

What I want to do is take you through the standard non-parametric approach and then follow

up with some comments.

Map of Approach

Say the data is from T auctions. All auctions are the same, although there is some variation

in the number of bidders. The estimation proceeds in the following steps:

1. (a) Estimate the
GMi|Bi

(bi|bi;N )

gMi|Bi
(bi|bi;N ) from bid data

(b) Use this to compute ui = bi +
GMi|Bi

(bi|bi;N )

gMi|Bi
(bi|bi;N )

(c) Use the psuedo-sample of ui to estimate FU

There is an econometric issue that we need to confront: How do you estimate a density or

CDF from data?
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7.1.1 Aside: Kernel Estimation

– There are several ways to estimate a density from data. Kernels are the most commonly

used method in this application. A good reference on this and other approaches is Pagan

and Ullah (1999)

– A kernel estimator is basically an adaption of the idea of a histogram to the case of data

that has a support that is an interval of the real line (or for higher dimensional kernels,

Rn, where n should be fairly small or else you hit curse of dimensionality problems)

– Discrete data: say you have a random variable x such that the support of x is the set

{1, 2, 3}. To get the density of x you would count the number of times it falls into each

bin and then divide these counts by the number of observations. This is consistent etc.

– Data with a Continuous Support

∗ This is where kernels come in

∗ The idea of a kernel is that we can learn about the value of the density function at

a point v, f (v) , by looking at how common it is to see realizations of the random

variable near this point.

Details

– Imagine we had data on the realizations of a random variable, drawn from a unknown

distribution F (·) and want to know the value of the density f (·) at a point x. The data

is {x1, ..., xn}

– The closest thing to constructing a histogram we might do is to pick an interval around

the point �x, and count how many observations fall in this interval.

– Our estimator would look like

�f (x) =
1

nh

n�

i=1

I
�
x− h

2
≤ xi ≤ x+

h

2

�

where I (·) is an indicator function and h is a parameter setting the bandwidth. We can

rewrite this as

�f (x) =
1

nh

n�

i=1

I
�
−1

2
≤ xi − x

h
≤ 1

2

�

=
1

nh

n�

i=1

K (ψ) where ψ =
xi − x

h
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This is our first kernel estimator. The function K (·) is the kernel, which in this case is

a indicator function which equals when when ψ lies in the interval
�−1

2 , 12
�
.

– This kernel is not attractive as it steps, that is, it is not smooth. It has the advantage

that it integrates to one, however. Smoothness is generated by choosing a kernel such

that �

R
K (ψ) dψ = 1

Some examples of commonly used kernels are:

1. standard normal: K (ψ) = (2π)−
1
2 exp

�
−1

2 (ψ)
2
�

2. epanechnikov: K (ψ) = 3
4

�
1− ψ2

�
if |ψ| < 1, zero otherwise (this minimizes Integrated

Mean Squared Error)

Many others exist.

A few things about small sample properties:

Kernel estimates are typically biased. The bias is a function of the bandwidth, the kernel and

the density to be estimated. Bias can generally be reduced by choosing a smaller bandwidth

at the cost of increasing variance in the estimates. Procedures for generating bias-reducing

kernels exist but require that we allow the kernel to take negative values.

How to select bandwidth:

There are two ways to proceed: by plotting the density implied from the density and seeing

if it looks ”good”. Using the data to select the optimal bandwidth by imposing some criteria

(like integrated square error1 or its expectation). Both are easy to implement, for details see

Pagan and Ullah.

Asymptotic Properties

Under regularity conditions and some assumptions on the DGP kernel estimates are CAN.

See P&U for these assumptions

The key points are that

1. i.i.d draws are useful but not required (you can handle time series type issues)

2. convergence is different from a parametric estimator which means you have to be a bit

careful when using them with parametric estimators in a multi-step procedure.

1ISE is
� �

�f (x)− f (x)
�2

dx
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3. The asymptotic variance generates a 95% confidence interval that looks like

f ± 1.96 (nh)−
1
2

�
f (x)

�
K2 (ψ) dψ

� 1
2

4. bootstraps are usually used for small-sample confidence intervals.

7.1.2 Application to the FPSB PV Problem

lets start with the simplest case: FPSB with a symmetric IPV specification

1. (a) FU =
n�

i=1
FUi This makes step (c) easier

(b) due to independence:

GMi|Bi
(mi | bi;N ) = GMI (mi | n)

= Pr

�
max
j �=i

Bj ≤ mi | n
�

(c) this changes the estimated equation to

u = b+
GB (b | n)

(n− 1) gB (b | n)

where notation has been abused a little bit

i. GB (b | n) : marginal distribution of equilibrium bids in n bidder auctions

ii. gB (b | n) : the associated density

(d) This formulation makes estimation straightforward using kernels

�GB (b | n) = 1

nTn

T�

t=1

n�

i=1

χ {bit ≤ b, nt = n}

�gB (b | n) = 1

nTnhg

T�

t=1

n�

i=1

K

�
b− bit
hg

�
χ {nt = n}

so this gives us step (a)

(e) then

�u = b+
�GB (b | n)

(n− 1) �gB (b | n)
gives us step (b)

(f) then

�f (u) =
1

Tnhf

T�

t=1

1

nt

n�

i=1

K

�
u− �uit
hf

�

28



– the assymptotic distribution of these estimators are “largely unresolved”.

– the easiest way to side-step the issue is use the bootstrap (although always check that

you are ok to use it: depending on the dgp you may need to make some adjustments)

7.1.3 Algorithm for Estimation

1. take each observed bo

2. estimate �GB (bo | n) and �gB (bo | n) using the entire data set

3. infer �u (bo)

4. once the above is done for each bid, estimate �f (u) and draw a picture of it

5. then do whatever policy stuff you want

7.1.4 Other issues

– ∗ for the theory to work we need a compact support of ui. Issues arise when the

estimator is near the boundary of the support - consistency is no longer assured. Li,

Perrigne and Vong (2002, p 180 on) sort this out

∗ while nonparametric estimation is very attractive ex ante it may be that the data

set you are facing works better with the extra structure imposed by a parametric

specification. That is more structure may give you more power. In considering

whether to go parametric think about what you want to use the estimates for,

where identification is coming from and whether any auxiliary data can but used to

justify the parametric assumption.

∗ there is still a lot of structure being imposed on the data here, particularly in stages

(b) and (c). Take some time to think about how much work the functional form

assumptions are doing in these stages.

∗ lastly, and most importantly, note the big assumptions on auction heterogeneity,

bidder heterogeneity etc. More on this later...

7.1.5 Dealing with Bidder Asymmetry

– The asymmetry that we deal with here is differences in the distributions of private

information (as opposed to covariates observed by other bidders, which we deal with

later)
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– with symmetry the markdown term was

GMi|Bi
(bi | bi;n)

gMi|Bi
(bi | bi;n)

without symmetry it is

GMi|Bi
(bi | bi;N )

gMi|Bi
(bi | bi;N )

– the natural apporach, building on what we have done before is to use a kernel estimator

such that

�GM,B (m, b;Nt) =
1

TNhg

T�

s=1

K

�
b− bis
hg

�
χ {mit ≤ b,Nt = Ns}

�gM,B (m, b;Nt) =
1

TNh2g

T�

s=1

K

�
b− bis
hg

,
b−mis

hg

�
χ {Nt = Ns}

– this allows each bidder to have their own distribution from which they draw their private

information.

– If you think about this approach for just a second you will realize that it requires a

bucket load of data. You need to see the same set of bidders interacting again and

again...

– Often we can group bidders together into say class A and class B. Now we just need

to make sure that the auctions we use to estimate each density have the same number

of class A and B bidders in them. The rest of the adjustments should, by now, be

straightforward.

– A good example of this approach is the Campo, Perrigne and Vong (2003) paper - lets

have a look at it
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involves two or three firms. A number of arguments for joint bidding have been given in the
literature. For instance, joint bidding can weaken financial constraints, reduce costs by pooling
cartel members’ information and capital through the joint venture and spread risks among firms.
See e.g. DeBrok and Smith (1983), Millsaps and Ott (1985), Gilley et al. (1985) and Hendricks
and Porter (1992). As noted by many economists, however, joint bidding may have introduced
some ex ante asymmetry among bidders.

Because joint bidding is negligible in the 1950s–1960s, our study focuses on auctions held
between December 1972 and 1979.12 Because of data requirements explained subsequently, we
consider auctions with two bidders who can be either joint or solo. This gives a total of 227
auctions from which 55 auctions have two solo bids, 60 auctions have two joint bids and 112
auctions have one solo bid and one joint bid. Among the latter, 63 auctions are won by the joint
bidder. Using a normal approximation, the ratio 63/112 is greater than 1/2 at the 10% significance
level in a one-sided test, where 1/2 would be the expected ratio if the two participants have equal
chance of winning.13 Thus joint bidding has increased the probability of winning suggesting some
ex ante asymmetry among participants.

For each wildcat auction, we know the date, the acreage of the tract, the number of bidders,
their bids in constant 1972 dollars and whether the bid is a solo or a joint bid. Table I gives some
summary statistics in $ per acre for the 454 bids considered in our empirical study as well as on
solo and joint bids separately, whether the opponent’s bid is of the same type or of a different
type.

A first feature revealed by the means displayed in Table I is that joint bids tend to be higher on
average than solo bids, as a number of empirical studies have found. Moreover, joint bidders tend
to bid higher when they face a joint bidder than when they face a solo bidder. Likewise, though
their bids are lower than those of joint bidders, solo bidders tend to bid on average higher when
they face a joint bidder than when they face another solo bidder. This suggests that the bidding
strategy of each type of bidder depends on the type of their opponent. This could arise from bidders
taking into account some possible asymmetry in their bidding strategies. For instance, a test of
the equality of means for solo bids versus joint bids in the 112 auctions with one bidder of each
type gives a t-statistic equal to 1.66, which (weakly) rejects their equality. It is also interesting to
note that the within variability of solo versus solo bids is much smaller than the within variability

Table I. Summary statistics on bids

Variable # Obs Mean STD Minimum Maximum Within STD

All bids 454 687.30 1,431.31 19.51 20,751.32 1,258.91
Joint bids 232 837.32 1,717.54 21.46 20,751.32 —
Solo bids 222 532.53 1,033.20 19.51 11,019.08 —
Joint vs joint 120 875.13 2,056.12 33.94 20,751.32 2,011.99
Joint vs solo 112 796.83 1,266.32 21.46 6,377.94 —
Solo vs joint 112 603.28 1,226.61 19.51 11,019.08 —
Solo vs solo 110 456.45 788.19 20.80 7,009.10 747.43

12 We exclude auctions after 1979 since the rules of the auction mechanism have changed somewhat after this date. We
also exclude the unique sale held in 1970 and the first sale in 1972 because the water depth of the tracts sold at these
sales was much greater than usual.
13 Hereafter, all tests are conducted at the 10% significance level.

Copyright ! 2003 John Wiley & Sons, Ltd. J. Appl. Econ. 18: 179–207 (2003)
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private values than solo bidders with a relatively more important variability for the former. As
pointed out in Section 3.2, these differences can be explained by unobserved tract heterogeneity
and differences between joint and solo bidders. This issue is further investigated below.

As Figure 2 does not provide information on the affiliation between private values within
the same auction whether they are both joint or solo, it is useful to test for their indepen-
dence. We use the non-parametric test proposed by Blum et al. (1961) (BKR hereafter), which
is consistent and distribution free. For two variables X and Y, the test statistic is equal to
!1/2"#4B, with B D N!4 �N

$D1!N1!$"N4!$" ! N2!$"N3!$""2, with N the number of observa-
tions and N1!$", N2!$", N3!$", N4!$" the numbers of points lying respectively in the regions
f!x, y"jx " X$, y " Y$g, f!x, y"jx > X$, y " Y$g, f!x, y"jx " X$, y > Y$g and f!x, y"jx > X$, y >
Y$g. To impose symmetry among bidders of the same type, we duplicate the observations so that
N D 2 # L. We find a test statistic equal to 6.57 using observed bids and to 4.69 using trimmed
private values for joint bidders. For solo bidders, we obtained a test statistic equal to 9.52 using
observed bids and equal to 6.92 using trimmed private values. The null hypothesis of independence
is clearly rejected in all cases.

Case !n1, n0" D (1,1"
The potentially asymmetric case is estimated using the 112 auctions with both types. Because
there is only one bidder of each type, (4) and (5) simplify as B$

1 and B$
0 are void. In particular,

their denominators reduce to the conditional densities gb0jb1 !b1jb1" and gb1jb0 !b0jb0". Hence, (4)
and (5) reduce to

v1 D %10!b1" D b1 C Gb0jb1 !b1jb1"/gb0jb1 !b1jb1" !18"

v0 D %01!b0" D b0 C Gb1jb0 !b0jb0"/gb1jb0 !b0jb0" !19"
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Figure 2. Marginal densities of private values

$2195.14 per acre with a standard deviation equal to $3024.10 and a range of [$33.94;$13 605.86]. For the (0,2) case,
these numbers are $1027.90, $1170.15 and [$26.89; $5031.39], respectively from the 98 trimmed private values.
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Figure 4. Marginal densities of private values

asymmetry though weak between joint and solo bidders as the empirical cumulative distribution
functions slightly differ with a single crossing.22

Such an asymmetry leads the solo bidders to shade less their private values than joint bidders,
as found in Figure 3, so as to increase their probability of winning the auctions. See also Maskin
and Riley (2000a) and Pesendorfer (2000). However, the shading effect does not counterbalance
fully the asymmetry in terms of valuation distributions, as indicated by the bid averages for joint
versus solo and solo versus joint in Table I and the empirical probability of winning. As is well
known, the aggressiveness of the weak bidder relative to the strong bidder may introduce some
inefficiency in the auction in the sense that the winner of the auction has the lowest valuation. It
turns out that this does not happen in our data set, which can be explained by the relatively weak
asymmetry and the important variability of private values within each auction.

It is interesting to compare these results to the first two cases where bidders are of the same
type. Figure 5 displays the inverse bidding strategies for a joint bidder when facing a joint bidder
(O!11"!#) and when facing a solo bidder (O!10"!#), the former being to the right of the latter. Given
a same tract valuation, a joint bidder will bid more aggressively when facing a joint bidder than
when facing a solo bidder. For, the joint bidder faces less ‘competition’ when facing a solo bidder
who is more likely to draw a lower private value. Figure 6 displays the inverse bidding strategies
for a solo bidder when facing a solo bidder (O!00"!#) and when facing a joint bidder (O!01"!#), the
former being to the left of the latter. Thus, a solo bidder will bid slightly more aggressively when
facing a joint bidder than when facing a solo bidder to compensate for his lower private value.
These results confirms the descriptive statistics of Table I. Both figures indicate that bidders have
integrated the type of their opponents in their bidding strategies.

22 The graph is available upon request from the authors. A Kolmogorov–Smirnov test does not reject the equality of the
c.d.f.s on either private values or bids. Note, however, that the Kolmogorov–Smirnov test is based on the independence
of the two samples. This is not the case as joint and solo private values (or bids) are affiliated, which decreases the power
of the test.

Copyright ! 2003 John Wiley & Sons, Ltd. J. Appl. Econ. 18: 179–207 (2003)
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Figure 5. Inverse bidding strategies of joint bidders
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Figure 6. Inverse bidding strategies of solo bidders

Lastly, as indicated in Section 3.2, the comparisons of Of!2,0"
1 !!" and Of!1,1"

1 !!" as well as
of Of!0,2"

0 !!" and Of!1,1"
0 !!" provide some information about unobserved tract heterogeneity. A

Kolmogorov–Smirnov test gives a test statistic equal to 0.1917 and 0.0965 for the former and
latter comparisons, respectively. This represents a clear rejection of Of!2,0"

1 !!" D Of!1,1"
1 !!". Under the

assumptions of Section 3.2, this means that there is some unobserved tract heterogeneity as tracts
attracting two joint bidders differ significantly from tracts attracting one joint bidder and one solo

Copyright ! 2003 John Wiley & Sons, Ltd. J. Appl. Econ. 18: 179–207 (2003)



7.1.6 Incomplete data:

– ∗ Often you just observe the transaction data from FPSB auctions and little else.

∗ Some results exist on identification suggesting that a feasible estimator may exist.

Indeed a simple approach may be to exploit the properties of order statistics. Athey

and Haile has a little discussion of this.

∗ To my knowledge no-one has really implemented an estimator with incomplete data

to get at a substantive issue.

8 Ascending Auctions

– Ascending auctions are often modeled as button auctions

– these are pretty poor descriptors of what the data generating process really looks like

since the information transmission in a button auction is too good.

– Haile and Tamer investigate a bounds approach to which is elegant and likely to have

application in other asymmetric information problems where the data generating process

is not perfectly modeled.

– They start with the following two assumptions

1. (a) i. [A1] Bidders do not bid more than they want to pay

ii. [A2] Bidders do not let someone win at a price they are willing to beat

– ∗ note: this allows jump bidding, bids �= valuations, bidders that merely watch the

action without entering a bid etc

∗ the idea here is to use these restrictions to provide partial identification of valuation.

That is, provide bounds.

Formally:

1. Assume we see the bids made by all the bidders in the data set.

2. [A1] is equivalent to bi ≤ ui ∀i

3. it follows that in an n-bidder auction b(i;n) ≤ u(i;n) [this is easy but not immediate]

4. it follows that

G(i;n)
B (u) ≥ F (i;n)

U (u) ∀i, u, n (4)
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5. now we need to do a little statistics:

6. the distribution of an order statistic from an iid sample of size n from an arbitrary

distribution F (·) has distribution

F
(i:n)

(s) =
n!

(n− i)! (i− 1)!

� F (s)

0
t
i−1

(1− t)
n−i

dt

7. since the RHS is strictly increasing in F (·) ∈ [0, 1] , F
(i:n)

(s) uniquely determines a value

for F (s) ∀s

8. this is a useful result since it allows us to define the following function, φ, implicitly. φ

is just the mapping between F
(i:n)

(s) and F (s)

H =
n!

(n− i)! (i− 1)!

� φ

0
t
i−1

(1− t)
n−i

dt H ∈ [0, 1]

so that

FU (u) = φ
�
F

i:n
U (u) ; i, n

�
(5)

9. since φ : [0, 1] → [0, 1] is strickly increasing (4) and (5) give

φ
�
G

i:n
B (u) ; i, n

�
≥ FU (u)

so, given an estimate of G
i:n
B (u) we can get an upper bound on FU (u) . Lets set the

estimation of G
i:n
B (u) aside for one moment.

10. We have several versions of G
i:n
B (u) , so we have a bunch of upper bounds to choose

from. What we do is choose the least upper bound (the most informative bound)

F
+
U (u) = min

i,n
φ
�
G

i:n
B (u) ; i, n

�

11. The lower bound is similar, although we have slightly less data to work with...

12. [A2] implies that all losing bidders have valuations less than b
n:n

+ ∆, where ∆ is the

minimum bid increment

13. this implies

u
n−1:n

< b
n:n

+∆

14. this gives

G
n:n
∆ (u) ≤ F

n−1:n
U (u) ∀n, u

where G
n:n
∆ (u) is the distribution of B

n:n
+∆

15. now things proceed as above, but for the fact we only have |{n, ..., n}| lower bounds.

Also we should look for the greatest lower bound.
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Comments

– ∗ This seems a pretty flexible approach: do not really need all the bids, just the

transaction price.

∗ Also, note the importance of knowing the number of bidders. Without this it is a

bit hard to exploit the order statistics.

∗ It might be possible to proceed if you had a distribution over the possible number

of bidders.

8.0.7 Estimation

– for this to work we need estimates of Gi:n
B (u) and Gn:n

∆ (u)

– as before we use non-parametric estimates which, given these are CDFs, are actually

pretty trivial

– the estimators are

Gi:n
B (b) =

1

Tn

T�

t=1

κ
�
nt = n, bi:nt ≤ b

�

Gn:n
∆ (b) =

1

Tn

T�

t=1

κ {nt = n, bnt:nt +∆t ≤ b}

– after these estimates have been taken, we plug it into the formulae above to get the

bounds (there is a little bit of computation to be done here)

– the asymptotic distribution of the final estimates is a little weird due to the min and

max operators but Haile and Tamer show that the bootstrap is able to be applied here.

– there is a problem in that in finite samples the upper and lower bounds may overlap.

H&T discuss this and propose a solution that basically involves taking weighted averages

rather than the min or max.

8.0.8 So What?

– The key issue is whether these bounds allow you to say anything useful about the world.

– The authors show that careful inspection of the basic auction model allows to say things

about reserve prices (bound the optimal reserve price)

– An adaptation of Manski and Tamer allows them to say things about how valuations

are affected by covariates
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– The extent to which you can make useful inference about policy variables will depend

on your application and model

– Lets have a look at the H&T results
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TABLE 2
Gaps Between First- and Second-Highest Bids

Quantiles High Bid Gap
Minimum
Increment

Gap !
Increment

10% 9,151 30 4.1 1.2
25% 22,041 92 10.1 6.9
50% 55,623 309 23.4 14.8
75% 127,475 858 52.1 20.0
90% 292,846 2,048 110.5 76.4

dollars) on the median tract.23 Forest Service officials report that jump
bidding is common. Table 2 provides some support, showing a gap
between the highest and second-highest bid of several hundred dollars
(roughly 10–20 times the minimum increment) in the majority of auc-
tions. Since the cost of jump bidding—the risk that one wins with the
jump bid and pays too much—is highest at the end of the auction, jump
bidding is likely to be more significant early in the auctions. However,
these gaps themselves are generally quite small relative to the total bid,
suggesting that we may be able to obtain tight bounds.

B. Reserve Price Policy

The Forest Service’s mandated objective in setting a reserve price is to
ensure that timber is sold at a “fair market value,” defined as the value
to an “average operator, rather than that of the most or least efficient”
(U.S. Forest Service 1992). Many observers have argued that Forest
Service reserve prices fall short of this criterion and are essentially non-
binding floors (see, e.g., Mead, Schniepp, and Watson 1981, 1984; Haile
1996; Campo et al. 2000). Bidders, for example, claim that the reserve
prices never prevent them from bidding on a tract (Baldwin et al. 1997).
As discussed above, for our purposes it is sufficient to assume only that
the actual reserve prices are below the profit-maximizing reserve prices.

There is an ongoing controversy over so-called below-cost sales—sales
generating revenues insufficient to cover even the costs to the Forest
Service of administering the contract (see, e.g., U.S. General Accounting
Office 1984, 1990, 1991; U.S. Forest Service 1995). Obviously, this is
possible only with reserve prices below profit-maximizing levels. How-
ever, reserve prices are not set with the goal of profit maximization nor

23 Forest Service rules actually require only that total bids rise as the auction proceeds,
although local officials often specified discrete increments. In the time period we consider,
the 5 cent increment was a common practice in this region. Sometimes increments of 1
cent per MBF were used, and many sales used no minimum increment. We use the 5 cent
increment since this results in a more conservative bound, although variations of this
magnitude have very little effect on the results: 5 cents represents about 0.05 percent of
the average bid in our sample.
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TABLE 3
Summary Statistics

Mean
Standard
Deviation Minimum Maximum

Number of bidders 5.7 3.0 2 12
Year 1985.2 2.6 1982 1990
Species concentration .68 .23 .24 1.0
Manufacturing costs 190.3 43.0 56.7 286.5
Selling value 415.4 61.4 202.2 746.8
Harvesting cost 120.2 34.1 51.1 283.1
Six-month inventory* 1,364.4 376.5 286.4 2,084.3
Zone 2 dummy .88 0 1

* In millions of board feet.

are quite tight. The shape of the true distribution suggested by these
bounds resembles a lognormal distribution, which has been used in
several prior studies.

To construct estimates of bounds on the optimal reserve price, an
estimate of the cost of allowing the harvest of the tract, is needed.v ,0

We consider a range of possible values based on Forest Service estimates
(U.S. Forest Service 1995; U.S. General Accounting Office 1999).27 Table
4 shows the results of simulations used to evaluate the trade-offs between
net revenues and the probability that a tract goes unsold with alternative
reserve prices. Values of v0 between $20 and $120 are considered and
the implied bounds on the optimal reserve prices calculated. For each
value of v0, we consider three possible reserve prices: and theˆ ˆp , p ,L U

average of the two. The table reports simulated gains in profit per MBF
relative to actual profits, using each value of v0 as the measure of costs.
This is done both assuming and assumingˆF(7FX) p F (7FX) F(7FX) pL

providing estimated bounds on the profit gains (losses) fromF̂ (7FX),U

using each reserve price considered. Note that lemma 4 enables us to
use equilibrium bids in a second-price sealed-bid auction to obtain rev-
enue predictions.

As foreshadowed by our simulations, despite the tightness of the
bounds on in figure 8, the bounds on the optimal reserve price forF(7)
each v0 are fairly wide. Because the bounds on are tight, however,F(7)
our estimates of the expected revenues obtained with reserve prices

27 For sales in region 6 in 1993, the Forest Service estimated that costs of the timber
sales program were between $85 and $113 per MBF (U.S. General Accounting Office
1999). On the basis of sales in 1990–92, nationwide cost-based reserve prices between $18
and $47 per MBF were suggested as appropriate (U.S. Forest Service 1995), depending
on which timber sales program costs are to be covered by auction revenues. Both calcu-
lations include some costs that are sunk at the time of the auction and, therefore, should
be excluded from v0. However, other costs, such as forgone return on investment and
adverse environmental impacts, are excluded. Obtaining more precise estimates of v0,
ideally as a function of tract characteristics, would be an important step toward a more
definitive analysis of reserve price policies.
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Fig. 10.—U.S. Forest Service timber auctions. Solid curves are estimated bounds, and
dotted curves are bootstrap confidence bands.

between and differ little, with v0 held fixed. The calculated boundsˆ ˆp pL U

on the optimal reserve prices provide strong support for the assumption
that the actual reserve price (around $54) is well below the optimum.
Even with the estimated lower bound on is still slightly larger!v p 0, p0

than the average actual reserve price. These results also suggest that, at
least on average tracts in our sample, reserve prices could be raised
considerably without causing many tracts to go unsold. Even if F(7) p

a reserve price nearly twice the actual average would be requiredF̂ (7),U

to drive the probability that a tract will go unsold past 15 percent—a
key threshold given a Forest Service policy of ensuring that at least 85
percent of all offered timber volume is actually sold (U.S. Forest Service
1992).

The potential gains in profit from raising reserve prices obviously
depend on v0. With for example, we estimate that gains wouldv p $20,0

be less than 10 percent (and not necessarily positive) even when
28 With however, the potential gains are muchF(7) p F(7). v p $80,L 0

larger. In that case, the Forest Service might achieve net gains of $10
per MBF or more, which would represent more than an 80 percent
increase in profits. With opportunity costs above the average gross rev-
enues of $92.08 per MBF, sales typically lead to a net loss. Hence, for
costs of $100 or $120, substantial gains (reductions in losses) from im-

28 Note that, in general, revenues need not be higher with a given reserve price between
pL and pU given one particular CDF between and However, if or ifF (7) F (7). D p 0L U

Myerson’s regularity condition is assumed, then lemma 4 implies that we can rule out the
optimality of reserve prices that yield a (statistically significant) reduction in expected
revenues when is assumed. This follows from the fact that a rightward shiftF(7) p F (7)L

in raises expected revenues at any reserve price. In our simulations, reductions inF(7)
expected revenues appear for a few reserve prices, but only when is assumed.F(7) p F (7)U
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TABLE 4
Simulated Outcomes with Alternative Reserve Prices

Reserve Price

pL (p ! p )/2L U pU

Distribution of Valuations

FL FU FL FU FL FU

Reserve price when v0p$20 62.40 86.02 109.65
Change in profit 6.96 "2.78 6.67 "2.74 1.74 "18.57
Pr(no bids) .00 .02 .07 .12 .19 .41

Reserve price when v0p$40 74.93 92.29 109.65
Change in profit 7.64 ".61 7.61 "1.14 6.30 "10.04
Pr(no bids) .03 .05 .11 .18 .19 .41

Reserve price when v0p$60 85.67 103.39 121.11
Change in profit 9.23 1.92 12.04 3.14 7.21 "6.05
Pr(no bids) .07 .12 .15 .28 .35 .58

Reserve price when v0p$80 98.20 112.34 126.48
Change in profit 13.65 7.63 15.03 6.82 10.44 .96
Pr(no bids) .13 .24 .28 .46 .46 .72

Reserve price when v0p$100 111.09 122.54 134.00
Change in profit 20.09 15.94 21.65 16.87 17.00 14.30
Pr(no bids) .28 .45 .45 .60 .67 .80

Reserve price when v0p$120 144.74 156.01 167.29
Change in profit 32.06 31.31 33.72 31.64 31.56 28.87
Pr(no bids) .84 .86 .84 .89 .88 .97

Note.—Profit and reserve price figures are given in 1983 dollars per MBF. See text for additional details.

posing higher reserve prices would be obtained by selling only tracts
receiving unusually high bids. While revenue maximization is not the
objective of the Forest Service timber sales program, these estimates
suggest the magnitudes of revenues and costs that must be weighed
against other objectives in determining optimal policy.

To evaluate the effects of auction observables on bidder valuations,
we estimate the simple semiparametric model

v p X b ! eit t it

assuming Table 5 presents estimated bounds on themed[e d X ] p 0.it it

parameter vector b. Following Manski and Tamer (2002), we construct
confidence intervals using the bootstrap. Since zero lies outside the 95
percent confidence interval for each coefficient, we can reject the hy-
pothesis that any of these conditioning variables has no effect on val-
uations. The implied signs are as expected: larger inventories, higher
harvesting costs, or higher manufacturing costs reduce valuations.
Greater species concentration and higher selling value of end products



9 Extensions to the basic framework

There are many extensions to this basic framework. I want to deal with the two that seem

to me to be crucial to pretty much any empirical investigation you might wish to conduct.

Mainly I discuss the FPSB auction.

These are:

– Auction Heterogeneity (both observed and unobserved)

– Bidder Heterogeneity (both observed and unobserved)

9.1 Observed Auction Heterogeneity - FPSB Auctions

– Basically the news here is good: All the identification results we have used before go

through.

– Here I show how to handle observed heterogeneity in empirical implementation

– Let Z be a vector of auction covariates

∗ Now the variables we have been playing with become:

∗ βi (·;N ,Z) , FU (· |Z) , GMi|Bi
(b | b;N ,Z) , gMi|Bi

(b | b;N ,Z)

∗ and the bidding function we use for estimation changes accordingly

– One approach to the previous estimation is to use standard kernel smoothing over co-

variates

∗ This can also be used in the ascending auction application (see Haile and Tamer)

∗ However as is often the case with kernels this approach is vulnerable to curse of

dimensionality problems

– An alternative suggested by Haile, Hong and Shum (2003) [and applied in Krasnokut-

skaya (2004), Bajari and Tadelis (2004), and Shneyerov (2005)] is as follows:

– We exploit the fact that additive separability is preserved by equilibrium bidding

– Let

ui = Γ (zt) + ait

where ait is the bidders private information. (note multiplicative separability has also been

explored)
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– Let a normalization exist such that

Γ (z0) = 0

– so now (this is shown in HHS):

βi (ui;N , z) = Γ (z) + βi (ui;N , z0) (6)

= β (Γ (z) + ait;N )

– Now we can write the inverse bid function as

ait + Γ (zt) = βi (Γ (zt) + ait;N ) +
GMi|Bi

(βi (Γ (zt) + ait;N ) | βi (Γ (zt) + ait;N ) ;N )

gMi|Bi
(βi (Γ (zt) + ait;N ) | βi (Γ (zt) + ait;N ) ;N )

(7)

– Now we have to note a few things which are due to the additive separability of the last

few equations

∗ the events {βi (Γ (z) +Ai;N ) = βi (Γ (z) + ai;N )} and {βi (Γ (z0) +Ai;N ) = βi (Γ (z0) + ai;N )}
are equivalent for any z.

∗ the events {βj (Γ (z) +Aj ;N ) = βi (Γ (z) + ai;N )} and {βj (Γ (z0) +Aj ;N ) = βi (Γ (z0) + ai;N )}
are also equivalent for any z and j �= i.

∗ it follows that the expression

GMi|Bi
(βi (Γ (zt) + ait;N ) | βi (Γ (zt) + ait;N ) ;N )

gMi|Bi
(βi (Γ (zt) + ait;N ) | βi (Γ (zt) + ait;N ) ;N )

is invariant to zt.

– The upshot is that (6) implies (7) holds for all zt whenever it is for zt = z0

– The whole point of this is that auction heterogeneity can now be controlled for by what

amounts to a hedonic regression

∗ Let

bit = α (N ) + Γ (zt) + εit

∗ This is estimated using standard regression techniques.

∗ From this little regression we get a homogenized bid

bhit = bit − �Γ (zt)

∗ Then we run through the by now usual approach.

– The only technical point to note is that equilibrium bidding implies that the distribu-

tion of the sampling error, εit, should vary with N . Hence the final stage, where the

distribution of the private information is estimated, should be done separately for each

N
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9.2 Unobserved Auction Heterogeneity

– The problems here are that things which are observed by all the bidders but not by the

econometrician that affects valuations, and these things vary across auctions.

– There are at least three issues here:

1. (a) whether this auction heterogeneity is empirically distinguishable from other assump-

tions about the private information (i.e. is and IPV auction with unobserved het-

erogeneity distinguishable from an APV auction?)

(b) is the distribution of the private information identified (assuming you know the

dgp)?

(c) is the identification adequate? That is, can we use the inference to answer useful

questions if we don’t see the unobserved stuff. This will depend on the project you

have in mind.

– This is an area where more applied econometric work would be useful.

9.2.1 Dealing with it in a FPSB Auction

– currently the state-of-the-art for dealing with this unobserved auction heterogeneity is

Krasnokutskaya (2011) which is an application of Li and Vuong (1998).

– She does something similar to a random effects estimator familiar in panel data, but in a

non-parametric context. When we discuss the Asker 2010 I will show you the mechanics

of this.

– I leave you to go through it if you are interested. However, the key thing to note is that

identification of FU (· |Z) is now possible only up to a locational normalization. So you

can work out the shape of the distribution but not where it sits.

– So in dealing with unobserved heterogeneity we put a constraint on the applicability

of the methods. There have been other recent approaches, some which use a random

effects estimator as a parametric version of the non-parametric deconvolution estimator

(e.g. Bajari Houghton Tadelis forthcoming in the AER). Also there are some recent

new identification results that may be helpful, but I am not aware if they have been

implemented (see work by David McAdams and co-authors).
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9.3 Bidder Heterogeneity

– As far as I can tell people have very little idea of how to handle bidder heterogeneity

that is observed by bidders but not the econometrician. If we always knew what we were

doing, it wouldn’t called research...

9.4 Endogenizing entry

– This is the focus of Krasnokutskaya and Seim (AER, 2011“Bid Preference Programs

and Participation in Highway Procurement Auctions”) and Roberts and Sweeting (AER,

2013 “When Should Sellers Use Auctions”)

– This is first order important when considering the effect of policy changes

– Also has seemed important to me in thinking about collusion (more later)
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Lectures on Auction Empirics, Collusion and Bidding Rings: 

A Study of the Internal Organization  

of a Bidding Cartel 

Asker, American Economic Review 2010 

The reasons for looking at this are: 

a)  Application of everything so far 

b)  Illustrates the ways to deal with auction heterogeneity 

c)  Transition to talking about collusion and bidding rings 
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Introduction 

•  Research Question: 

•  “How do bidding rings work in practice ?” 

•  “How might rings affect market outcomes ?” 

• To do this I analyze the activity of ring of 11 stamp dealers who 
colluded in North American stamp auctions for around 20 years 

•  Why is this interesting? 

•  Regulatory reasons: Price Fixing and Bid Rigging are Illegal 

•  There is very little evidence on how cartels organize 
themselves 

•  We know very little about the magnitude of the impact of cartel 
design on revenues and efficiency 
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Conclusions:  

•  Bidding rings can introduce inefficiency into the auction, even in 
English (ascending price) auctions, but the effect is small. 

•  Weak bidders are a significant practical problem for bidding rings 
(a.k.a. asymmetry) 

•  Equilibrium analysis makes a big difference to conclusions about 
damages 

•  Rings can damage other bidders, in addition to the seller 

•  Because of this, participation may be an unmeasured channel through which rings 
may hurt sellers and diminish market efficiency: if so then this is likely to be the most 
important way a ring generates damages and distorts the market 

•  Other bidders seem to have the same economic basis for being able to claim 
damages as sellers   

Ring Organization 
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Target Auction: 

•  English – Open 
Outcry Ascending 
Bid 

•  Winner Pays Own 
Bid 

•  Cartel bids up to 
the winning 
knockout bid. 

Knockout Auction:  

•  First Price Sealed 
Bid 

•  Decides : who gets 
the stamps if the ring 
wins 

•  At what price they 
stop 

•  The side payments 

Ring Exists: 

•  11 Stamp Dealers 

•  Subset of all Bidders 

•  Each ring member 
decides whether 
interested in the 
object for sale 

Ring Organization: The Knockout (Data) 
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Consider the following data:  

The catalog description is: 

Bidding data collected and generously provided by Antitrust Division of 
NY State AG’s Department. 

Consider the following data:  

Ring Organization: The Knockout (Data) 
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Computing side payments: 

D & I get nothing: 1350 > 1200 >725 

J does get a sidepayment: 

 Take the difference between bid and target price: 

  1400 – 1350 = 50 

  ! of this goes to the winner (K) 

  ! gets split between C & J 

 Hence, J’s sidepayment is $12.5 

Bid = argmax:  (Value of object - Expected payment in target if 
   win) x (Prob of winning) 

  - (Expected payment to loser if win) x (Prob of 
   winning and having to make a payment) 

  + (Expected payment from winner if lose) x (Prob 
  of losing knockout) x (Prob of beating the price in 
  target)  
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Approach: 
•  IPV style model 
•  2 types of bidder: strong and weak  
•  Focus on 2 bidder knockouts (tractable + identified + lots of data) 
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Approach: 
•  IPV style model 
•  2 types of bidder: strong and weak  
•  Focus on 2 bidder knockouts (tractable + identified + lots of data) 

First Order Condition is: 

This provides a mapping from bids to values, such 
that v(b) is a function: for each b there is a unique v 



History of Similar Ring Designs 
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• This ring design belongs to a broad class of ring designs with the 
feature that side-payments are increasing in the amount bid in the 
knockout 

•  Long History: 

•  Mainly observe in markets for collectables 

•  Documented in Art, Coins, Antiques, Rare Books, Stamps 

•  2 Variants:  

•  “nested knockout” 

•  “sequential knockouts” 

•  First documented instance in 1830 

•  Notable mention Ruxley Lodge Estate Sale in 1919 

•  81 ring members ! 

Applicable Theory: Why use a ring like this? 

•  If everyone in the ring is ex ante homogenous then easy to design 
a knockout that is efficient and truthful:   

•  just run a first price auction for the right to bid in the target. 

•  distribute all revenues equally 

•  This is not efficient or type revealing if bidders are ex ante 
heterogeneous. 

•  In the face of this:  

•  Either exclude the weak types; or 

•  Be inclusive and try to pay people what they contribute and 
accept a little inefficiency 

•  Mailath and Zemsky (1991) and Graham, Marshall and Richard 
(1990)  

Introduction 

Ring Organization  

Applicable Theory 

Data 

Reduced Form 
Analysis 

Structural Analysis 

Results 

Conclusion 

Data 
•  Complete record of ring’s activity from July 1996 – June 1997  

•  Also depositions from the taxi driver and one of the ring members 

•  1967 target auctions. 

• Data Summary: 
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Bidder Heterogeneity & Participation 
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Reduced Form: Summary 
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•  Ring participants are heterogeneous 

•  ‘Weaker’ bidders are a problem 

Structural Analysis 
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Objectives:  

A. Measure damages: 
  - To the seller 
  - To the other bidders who are not members of 

 the ring 

B. Measure the market inefficiency introduced by 
this knockout design 

C. Measure the returns to the cartel from colluding 

- It all amounts to estimating a version of a markup 

Structural Analysis: Estimation (Basic Idea) 
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Observables:    bik , other Bids in auction k,  Bids in other auctions 

Nonparametric estimation (kernels) give 
densities 

Empirical CDF gives distributions 

Compute valuation, bootstrap standard errors 

2 Bidders in 
Knockout 

IPV Setting 

1.  Getting the distribution of the winning target price (highest non-ring 
valuation) 

  There is a selection problem in the data which I explicitly 
 model. 

2.  Observed auction level heterogeneity 

  First stage OLS regression approach 

3.  Unobserved auction level heterogeneity 

  Adopt the deconvolution technique first adapted to first price 
 auctions to deal with unobserved heterogeneity by 
 Krasnokutskaya (2004). 

4. Non-monotonicity of bid function 

  Need to make sure smoothing   
 parameters do not let this happen  

Structural Analysis: Estimation (Issues) 

Introduction 

Ring Organization  

Applicable Theory 

Data 

Reduced Form 
Analysis 

Structural Analysis 

Results 

Conclusion Bid 

Value 

Introduction 

Ring Organization  

Applicable Theory 

Data 

Reduced Form 
Analysis 

Structural Analysis 

Results 

Conclusion 

Steps in Estimation 

Step 1: Regress Bids on observed auction characteristics 

Step 2: Work with residual from step 1 

Step 2a: Do the deconvolution 

Step 3: Work with a sample drawn from the idiosyncratic bid 
distribution 

Step 3a: Selection correction on distribution of highest non-ring 
bid 

Step 3b: Adapted GPV procedure 

Step 4: Add the common element from the deconvolution back in 

Step 5: Add the observed auction characteristics back in 

Step 6: Counterfactual simulations 

Structural Analysis: Issues 1: Selection 
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•  See page 21 of the paper for the (tedious) algebra 



Structural Analysis: Issues 2 
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•  Observed auction level covariates  

•  Empirical model is that 

   vik = exk! (uik"ik) 
•  Apply Haile et al (2006), which amounts to a first stage 

regression of  

   ln(bik) =  xk! + ln( f [uik,"ik]) 

•  And then use the coefficient estimate to pop out the private 
information component 

•  Functional form is attractive because implies greater variance 
in the bids for ‘higher value’ auctions – reflected in the data 
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•  Apply Haile et al (2006), which amounts to a first stage 
regression of  

   ln(bik) =  xk! + ln( f [uik,"ik]) 

•  Crucial Assumption: 

Lemma 2: if when v = u, b is an equilibrium bid,  

   then if v = !u, !b is an equilibrium bid. 

•  Applies to  

•  But not to  
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•  Why Lemma 2 is important: 

Structural Analysis: Issues 3 
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•  Unobserved auction level heterogeneity 

•  E.g. imperfections or rare elements only apparent from a 
close inspection of the stamps for sale 

•  Dealers spent considerable time inspecting the stamps  

•  Empirical model is that 

   vik = exk!(uik"k) 

•  Krasnokutskaya (2006) has an approach to this issue that 
exploits the statistical properties of characteristic functions for 
FPSB auctions 

•  This builds in a paper by Li & Vuong (1998) focusing on 
measurement error models 

•  Allows you to separate the distributions of uik and !k 
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•  Idea: 

Auction 1: 

Auction 2: 

Auction 3: 

High Bid Low Bid 

Mean Bid 

If there was no variation in the within auction variation then could use the 
across auction variation in biding to estimate the auction level effect   
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•  Idea: 

Auction 1: 

Auction 2: 

Auction 3: 

High Bid Low Bid 

Mean Bid 

If there was no variation in the cross-auction variation then could use the 
within auction variation to estimate the variation in bids relevant to private 
information   
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•  Life gets interesting when have both things going on 

•  Use an estimator based on the inverse Fourier transformation 
to de-convolute the common and private components of the 
variation in bids 

Auction 1: 

Auction 2: 

High Bid Low Bid 

Mean Bid 
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•  Life gets interesting when have both things going on 

•  For each auction: 

•  b1 = ln[f(v1)] + ! ,  b2 = ln[f(v2)] + ! 
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•  Necessary assumptions with economic content: 

•  b1 = lnf(v1) + ! ,  b2 = lnf(v2) + !     is the functional form 

•  lnf(v1), lnf(v2) and ! are mutually independent 

•  Lemma 2: if when v = u, b is an equilibrium bid,  
   then if v = "u, "b is an equilibrium bid. 
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Steps in Estimation 

Step 1: Regress Bids on observed auction characteristics 

Step 2: Work with residual from step 1 

Step 2a: Do the deconvolution 

Step 3: Work with a sample drawn from the idiosyncratic bid 
distribution 

Step 3a: Selection correction on distribution of highest non-ring 
bid 

Step 3b: Adapted GPV procedure 

Step 4: Add the common element from the deconvolution back in 

Step 5: Add the observed auction characteristics back in 

Step 6: Counterfactual simulations 
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•  2 Bidders, IPV, known number of bidders, unknown identities 

•  Bidding function in Knockout, Strong Bidder   
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Assessing Damages 

•  An estimated model allows us to run the counterfactual 
experiment: What would have happened if the cartel did not 
exist? 

• Note that the estimated model allows standard errors to be 
computed and thus we can engage in statistical inference (i.e. 
hypothesis testing etc). 

•  What we learn: 

•  Sellers suffer to the tune of $30 each time the ring wins 

•  But when the ring loses they get somewhere between $0 
and $20 more 

•  Competing bidders get hurt by about $10 when the ring 
wins and $0 to $20 when the ring loses 

•  The ring made about $25 each time they won 

•  Economic efficiency was not affected in any meaningful 
way, unless participation was detered by the ring. 
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Results: Damages to other bidders 
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Conclusions:  
•  Bidding rings can introduce inefficiency into the auction, even in 
English (ascending price) auctions, but effect small. 

•  Weak bidders are a problem for bidding rings (a.k.a. asymmetry) 

•  Since they diminish the effectiveness of the ring should the weak ring members be 
prosecuted to the same extent as other members ? 

•  Equilibrium analysis makes a big difference to conclusions 

•  Rings can damage other bidders, in addition to the seller 

•  Because of this, participation may be an unmeasured channel through which rings 
may hurt sellers and diminish market efficiency 

•  Other bidders seem to have the same economic basis for being able to claim 
damages.   

•  Auction level heterogeneity is a serious applied issue in drawing 
inference about damages etc 

Let’s conclude by reminding ourselves of the basic economics at 
play in this ring… 
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Antitrust and a general perspective on the economics of cartels

John Asker∗
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1 Preliminaries: Antitrust and a general perspective on the eco-

nomics of cartels

This handout is intended to give you a map of US antitrust law, which is similar to much of the

EU law, and is worth knowing a bit about since it is often referred to in the economics literature

on cartels. Also, since it has been around for a lot longer, the case law (especially the early case

law when the Americans were fumbling around with how to think about anticompetitive conduct)

is interesting for coming up with research ideas.

We’ve already had an introduction to a bidding cartel. This section has a the following objec-

tives:

1. Introduce US competition law (and by association, the EU law)

2. Give a framework for thinking about cartel research generally

3. Give a few other examples of cartels that have operated in auctions

2 Introduction

The Antitrust law is comprised of a range of statutes, including, but not limited to, the Sherman

Act, the Clayton Act, the FTC Act, the Hart-Scott-Rodino Act, the National Cooperative Research

and Production Act, Antitrust Criminal Penalty Enhancement and Reform Act and the Robinson

Patnam Act. The centerpiece of the law, however, is sections 1 and 2 of the Sherman Act. The

entire original version of the Act is reproduced below:

∗
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Transcript of Sherman Anti-Trust Act (1890)

Fifty-first Congress of the United States of America, At the First Session,

Begun and held at the City of Washington on Monday, the second day of December, one thousand eight

hundred and eighty-nine.

An act to protect trade and commerce against unlawful restraints and monopolies.

Be it enacted by the Senate and House of Representatives of the United States of America in Congress

assembled,

Sec. 1. Every contract, combination in the form of trust or other- wise, or conspiracy, in restraint of

trade or commerce among the several States, or with foreign nations, is hereby declared to be illegal.

Every person who shall make any such contract or engage in any such combination or conspiracy, shall

be deemed guilty of a misdemeanor, and, on conviction thereof, shall be punished by fine not exceeding

five thousand dollars, or by imprisonment not exceeding one year, or by both said punishments, at the

discretion of the court.

Sec. 2. Every person who shall monopolize, or attempt to monopolize, or combine or conspire with any

other person or persons, to monopolize any part of the trade or commerce among the several States,

or with foreign nations, shall be deemed guilty of a misdemeanor, and, on conviction thereof; shall be

punished by fine not exceeding five thousand dollars, or by imprisonment not exceeding one year, or by

both said punishments, in the discretion of the court.

Sec. 3. Every contract, combination in form of trust or otherwise, or conspiracy, in restraint of trade or

commerce in any Territory of the United States or of the District of Columbia, or in restraint of trade

or commerce between any such Territory and another, or between any such Territory or Territories and

any State or States or the District of Columbia, or with foreign nations, or between the District of

Columbia and any State or States or foreign nations, is hereby declared illegal. Every person who shall

make any such contract or engage in any such combination or conspiracy, shall be deemed guilty of a

misdemeanor, and, on conviction thereof, shall be punished by fine not exceeding five thousand dollars,

or by imprisonment not exceeding one year, or by both said punishments, in the discretion of the court.

Sec. 4. The several circuit courts of the United States are hereby invested with jurisdiction to prevent

and restrain violations of this act; and it shall be the duty of the several district attorneys of the United

States, in their respective districts, under the direction of the Attorney-General, to institute proceedings

in equity to prevent and restrain such violations. Such proceedings may be by way of petition setting

forth the case and praying that such violation shall be enjoined or otherwise prohibited. When the

parties complained of shall have been duly notified of such petition the court shall proceed, as soon as

may be, to the hearing and determination of the case; and pending such petition and before final decree,

the court may at any time make such temporary restraining order or prohibition as shall be deemed

just in the premises.

Sec. 5. Whenever it shall appear to the court before which any proceeding under section four of this act

may be pending, that the ends of justice require that other parties should be brought before the court,

the court may cause them to be summoned, whether they reside in the district in which the court is

held or not; and subpoenas to that end may be served in any district by the marshal thereof.
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Sec. 6. Any property owned under any contract or by any combination, or pursuant to any conspiracy

(and being the subject thereof) mentioned in section one of this act, and being in the course of trans-

portation from one State to another, or to a foreign country, shall be- forfeited to the United States, and

may be seized and condemned by like proceedings as those provided by law for the forfeiture, seizure,

and condemnation of property imported into the United States contrary to law.

Sec. 7. Any person who shall be injured in his business or property by any other person or corporation

by reason of anything forbidden or declared to be unlawful by this act, may sue therefor in any circuit

court of the United States in the district in which the defendant resides or is found, without. respect

to the amount in controversy, and shall recover three fold the damages by him sustained, and the costs

of suit, including a reasonable attorney’s fee.

Sec. 8. That the word ”person,” or ” persons,” wherever used in this act shall be deemed to include

corporations and associations existing under or authorized by the laws of either the United States, the

laws of any of the Territories, the laws of any State, or the laws of any foreign country.

Approved, July 2, 1890.

Needless to say, there have been a few amendments to this statutes over time, the current

versions of sections 1 and 2 are:

§1 Every contract, combination in the form of trust or otherwise, or conspiracy, in restraint of trade

or commerce among the several States, or with foreign nations, is declared to be illegal. Every person

who shall make any contract or engage in any combination or conspiracy hereby declared to be illegal

shall be deemed guilty of a felony, and, on conviction thereof, shall be punished by fine not exceeding

$100,000,000 if a corporation, or, if any other person, $1,000,000, or by imprisonment not exceeding 10

years, or by both said punishments, in the discretion of the court.

§2 Every person who shall monopolize, or attempt to monopolize, or combine or conspire with any other

person or persons, to monopolize any part of the trade or commerce among the several States, or with

foreign nations, shall be deemed guilty of a felony, and, on conviction thereof, shall be punished by fine

not exceeding $100,000,000 if a corporation, or, if any other person, $1,000,000, or by imprisonment not

exceeding 10 years, or by both said punishments, in the discretion of the court.

[see http://uscode.house.gov/download/pls/15C1.txt]

Notice how broad the wording in these sections are. Unsurprisingly, judicial interpretation of

these statutes is extensive and sufficiently important that Antritrust Law is often referred to as

“Statutory Common Law”. That is, the law is developed in the case law. The courts are central

to the formulation of the Antitrust Laws.

3 Why Antitrust?

The purpose of antitrust laws is to control how firms attain and maintain their market position;

presumably for the betterment of consumers, or at least for the benefit of society.
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It is tempting to think of this as a weighted average of consumer surplus and total efficiency.

However, the law is more subtle and tends to cast things in a more dynamic framework. For

instance:

For instance:

VERIZON COMMUNICATIONS INC., PETITIONER v. LAW OFFICES OF CURTIS

V. TRINKO, LLP (Sup. Ct 2004)

“The mere possession of monopoly power, and the concomitant charging of monopoly prices, is not

only not unlawful; it is an important element of the free-market system. The opportunity to charge

monopoly prices at least for a short period is what attracts business acumen in the first place; it induces

risk taking that produces innovation and economic growth. To safeguard the incentive to innovate, the

possession of monopoly power will not be found unlawful unless it is accompanied by an element of

anticompetitive conduct.

Firms may acquire monopoly power by establishing an infrastructure that renders them uniquely suited

to serve their customers. Compelling such firms to share the source of their advantage is in some tension

with the underlying purpose of antitrust law, since it may lessen the incentive for the monopolist, the

rival, or both to invest in those economically beneficial facilities. Enforced sharing also requires antitrust

courts to act as central planners, identifying the proper price, quantity, and other terms of dealing a

role for which they are ill-suited. Moreover, compelling negotiation between competitors may facilitate

the supreme evil of antitrust: collusion.”

...

Antitrust analysis must always be attuned to the particular structure and circumstances of the industry

at issue.

...

Against the slight benefits of antitrust intervention here, we must weigh a realistic assessment of its costs.

Under the best of circumstances, applying the requirements of §2 can be difficult because the means of

illicit exclusion, like the means of legitimate competition, are myriad.United States v. Microsoft Corp.,

253 F. 3d 34, 58 (CADC 2001) (en banc) (per curiam). Mistaken inferences and the resulting false

condemnations are especially costly, because they chill the very conduct the antitrust laws are designed

to protect. Matsushita Elec. Industrial Co. v. Zenith Radio Corp., 475 U. S. 574, 594 (1986). The

cost of false positives counsels against an undue expansion of §2 liability. ”

That said, much of the mechanics of the economic analysis (as currently practiced) continues

to be static, with dynamic considerations being added subsequently (and usually informally).

A justification for Antitrust, of which I am fond (in part because of the Chicago School associ-

ation) is in Robert Bork’s fascinating and provocative book, The Antitrust Paradox, at p.311[This

is a book that should be read critically, at times the economics is wrong, but always for subtle and

interesting reasons].

“Antitrust is valuable because in some cases it can achieve results more rapidly than can market forces.

We need not suffer loses while waiting for the market to erode cartels and monopolistic mergers.”
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For more on this see Posner’s overview of Antitrust in his book (see references)

4 What is the scope of regulation?

Before going into specific topics, here is a (incomplete) washing list of the conduct that antitrust

has something to say about:

• Monopolization:

– Predatory conduct

– Refusal to deal

– Other exclusionary conduct

• Anticompetitive (horizontal) Agreements:

– Price fixing

– Bid rigging

– Market division schemes and other forms of “non-price” collusion

– Group boycotts

– Coordinated refusal to deal

– Joint ventures

– Information sharing among competitors

• Anticompetitive Vertical Restraints:

– Resale Price Maintenance

– Exclusive Dealing /Exclusive Distributorships

– Exclusive sales terriories

– Tying / Full Line Forcing

– Various quantity limit provisions etc

• Mergers and Aquisitions:

– Horizontal

– Vertical

– Conglomorate
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– Large asset aquisitions e.g. Nortel Patent Portfolio

• Price Discrimination

– Robinson Patnam Act largely about protecting small business in B2B transactions

• Unfair/Deceptive Methods of Competition (§5 of FTC Act)

• Exemptions

– Various industries have some sort of exemption from the Antitrust Laws, these include:

– Agriculture (narrowly construed)

– Interstate Transport (primarily, the Federal Maritime Commission can approve agree-

ments which are them exempt)

– Export Trade Associations (you can collude overseas subject to Commerce department

saying OK, of course you may have some issues with the overseas jurisdiction...)

– Bank Mergers (exempt from private enforcement)

– Insurance (covered by state law not federal)

– Stock Exchanges (if covered by SEC some ambiguity as to whether limited price fixing

OK)

– Labor Unions

– Professional Baseball

– Lobbying Activity

– Some folks think there is slightly odd applications to “learned” professions...

5 How does enforcement work?

Government enforcement is shared between the DoJ and the FTC. The DoJ is part of the executive,

and as such handles all criminal matters (such as price fixing). The FTC enforces the FTC Act

(among other things) and tends to have a primary role in consumer protection. Beyond that the

jurisdictions are shared. This leads to a cooperative posture to handling matters, with the matters

being allocated to the agency that has the greatest expertise in the industry at issue (in the case

of mergers) or the legal issue at hand or just the spare resources to handle it...

Both the DoJ and the FTC have large economics groups staffed by PhD economists. Presenting

research in front of this audience is aways fun and thought provoking. Both agencies also have large
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groups of lawyers. The dynamic seems tobe that the economists provide analysis that feeds into

the ultimate enforcement decisions, which seems made mostly by the lawyers (who have to bring

the cases). The process in the FTC and the DoJ differs slightly due to the fact that the FTC, by

virtue of being a statutory authority has an administrative law function. One aspect of this is that

the commissioners take a quasi-judicial role: they make judgements which have legal standing that

can get appealed to the US Court of Appeals. The DoJ does not have this feature.

Private enforcement is also an important part of Antitrust enforcement. That is, individuals

can bring actions against those that have caused them to suffer an Antitrust harm. This allows for

the recovery of damages and the creation of Class Actions. Hence, the private plaintiffs bar is, at

times, quite entrepreneurial in bringing (lucrative) actions.

6 Section 2 cases: Monopolization

I’ll be brief on this area, although there is interesting work to be done here. The basic statement

of principle is:

If that allegation states an antitrust claim at all, it does so under §2 of the Sherman Act, 15 U. S. C.

§2, which declares that a firm shall not monopolize or attempt to monopolize. ... It is settled law that

this offense requires, in addition to the possession of monopoly power in the relevant market, the willful

acquisition or maintenance of that power as distinguished from growth or development as a consequence

of a superior product, business acumen, or historic accident. United States v. Grinnell Corp., 384 U.

S. 563, 570571 (1966).

To construct a case, the complainant needs to establish: 1) definition of a relevant market; 2)

existence of market power; 3) some kind of anti-competitive conduct other than the exercise of

what might be considered normal business acumen, industry, foresight etc. (see Trinko, above)

What is interesting, and I think fairly open, is the refusal to deal in the context of network

industries and emerging technologies. Two cases are illustrative:

OTTER TAIL POWER CO. v. UNITED STATES, 410 U.S. 366 (1973)

In this civil antitrust suit brought by appellee against Otter Tail Power Co. (Otter Tail), an electric

utility company, the District Court found that Otter Tail had attempted to monopolize and had mo-

nopolized the retail distribution of electric power in its service area in violation of §2 of the Sherman

Act, 26 Stat. 209, as amended, 15 U.S.C. §2. The District Court found that Otter Tail had attempted

to prevent communities in which its retail distribution franchise had expired from replacing it with a

municipal distribution system. The principal means employed were (1) refusals to sell power at whole-

sale to proposed municipal systems in the communities where it had been retailing power; (2) refusals to

”wheel” power to such systems, that is to say, to transfer by direct transmission or displacement electric

power from one utility to another over the facilities of an intermediate utility; (3) the institution and
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support of litigation designed to prevent or delay establishment of those systems; and (4) the invocation

of provisions in its transmission contracts with several other power suppliers for the purpose of denying

the municipal systems access to other suppliers by means of Otter Tail’s transmission systems.

The court found that the conduct was a breach of §2, Trinko, which covers somewhat similar

territory, found that refusal to deal was within a ATT’s independent discretion (although such a

right was not unqualified - See Aspen Ski for an example ). For related issues in a new technology

setting see Berkey Photo, Inc. v. Eastman Kodak

The issues raised here encompass what is often referred to as the “essential services doctrine”.

The courts have been confused (in my view) about how to handle these types of cases, and empirical

work, that carefully untagles these issues would be welcome. In addition to being instructive as to

how the matter should be weighed in practice.

7 Section 1 cases: Anticompetitive Agreements

This is where our primary focus lies. Recall that section 1 reads:

Sec. 1. Every contract, combination in the form of trust or other- wise, or conspiracy,

in restraint of trade or commerce among the several States, or with foreign nations, is

hereby declared to be illegal. Every person who shall make any such contract or engage

in any such combination or conspiracy, shall be deemed guilty of a misdemeanor, and,

on conviction thereof, shall be punished by fine not exceeding five thousand dollars, or

by imprisonment not exceeding one year, or by both said punishments, at the discretion

of the court.

Basically you need i) capacity to agree, ii) an agreement, iii) a restraint of trade, and iv)

unreasonableness. Note that without unreasonableness, pretty much every commercial contract

would have trouble.

There is an expansive set of American law that unpacks all of this stuff. The main point is that

harm to competition is the basic key to unreasonableness. Further, a lot more than collusion is

covered by this section. However, collusion is often treated as a per se offense, which means that

very very fact of it is enough to gets past the unreasonableness standard.
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lower but more individuals and corporations were charged per prosecution;

that is, per capita fines were lower. During the later years, the number of
individuals and corporations charged per prosecution were lower, but

fines were much higher. This indicates that the criminal enforcement

strategy shifted to one of sending a clear deterrence signal through higher
monetary fines.

Figure 1.Total (a) criminal and (b) antitrust cases filed, 1948–2003. (c) Ratio of criminal to total
cases.
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Figure 4. Fine per corporation, 1969–2003.

Figure 3. Corporations and individuals convicted, 1969–2003.

Figure 2. Grand jury investigations initiated, 1969–2003.
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IV. EMPIRICAL FRAMEWORK

Given our discussion in Section II regarding the process of criminal investi-

gations, and the information sources that lead to criminal investigations and
timeline, it appears very difficult to determine which variables might

be jointly determined (endogenous) or predetermined (exogenous). For

example, prosecution of an individual or firm may reveal new information
leading to follow-on prosecutions. Similarly, a grand jury investigation may

lead to prosecution of firms and individuals for the violation under scrutiny,

but also generate new criminal cases. Finally, information gleaned during a
civil investigation—merger or monopolization case—may lead to the discovery

of information about criminal violations with subsequent investigation and

prosecution. This implies that variables related to the total number of criminal
cases filed in court, the number of grand jury investigations, the number of

firms and individuals prosecuted, among others, are best treated as being
jointly determined (or endogenous).

Our primary objective is to examine the dynamic interrelationships

between the different components of the criminal investigative process,
such as the total number of criminal cases filed in court by the Antitrust

Division, the number of grand jury investigations, the number of firms and

individuals prosecuted, among others. Our main approach is to use the
vector autoregressions (VAR) methodology to study the dynamic inter-

relationships. The VAR framework has proved useful in studying the histori-

cal dynamics of sets of jointly determined variables; Hamilton (1994), Enders
(1995), Brooks (2002), and Pagan (1995) present details about this method-

ology and the pros and cons. In contrast to univariate methods, VARs expli-

citly allow cross-variable dynamics. In VAR modeling, each system (jointly
determined) variable is modeled as a function of its own lagged values,

Figure 5. Fine per individual, 1969–2003.
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8 Structuring the economics of collusion

I find the introduction to the following paper from McAfee and Macmillan to be helpful in this

regard.
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That is, a successful cartel must overcome at least four obstacles.

• First, the conspirators must devise some mechanism for dividing the spoils. Each cartel member

has an incentive to argue for a bigger share.

• Second, an agreement is worthless without some way of enforcing it. Since contracts to fix prices

cannot usually be written, any collusive agreement must be designed to be self enforcing.

• Third, collusion contains the seeds of its own destruction. The high profits earned in a successfully

colluding industry attract new firms into the industry; the competition from those new entrants

tends to destroy the collusive arrangements.

• Fourth, the victims of the cartel, on the other side of the market may take actions to destabilize

it.

A large body of theory, mostly in repeated games and mechanism design is directed at un-

derstanding points 1,2 and 4. See, for instance: McAfee and McMillian; Graham, Marshall and

Richard; Harrington and Skrzypacz. I will come back to point 3 later.

On the empirical side I tend to think of papers as tending to be cover one or more of the

following topics

1. How to detect a cartel

2. Assessing damages

3. Testing theory/Descriptive

This means that you tend to be able to put an empirical paper on cartels in a 4x3 square.

Sometimes things fall in the gaps, but it’s a useful way to place papers in the literature and see

open issues. Of the papers we have seen so far, let’s try to understand where they lie.
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9 Cartel Examples

Before diving into some other areas of the literature, let’s have a look at some canonical examples

of cartels in auction settings:

9.1 Knockouts
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United States Attorney Benjamin B. Wagner 

Eastern District of California 
______________________________________________________________________________ 
FOR IMMEDIATE RELEASE CONTACT: LAUREN HORWOOD 
FRIDAY, FEBRUARY 24, 2012 (916) 554-2706 
WWW.JUSTICE.GOV/USAO/CAE 
 

CALIFORNIA INVESTOR PLEADS GUILTY TO BID RIGGING AND FRAUD AT 
PUBLIC REAL ESTATE FORECLOSURE AUCTIONS 

 
10th Guilty Plea in the Investigation to Date 

 
 SACRAMENTO, Calif. – A real estate investor pleaded guilty today in U.S. District 
Court in Sacramento to conspiring to rig bids and commit mail fraud at public real estate 
foreclosure auctions held in San Joaquin County, Calif., Sharis A. Pozen, Acting Assistant 
Attorney General of the Department of Justice’s Antitrust Division, and Benjamin B. Wagner, 
U.S. Attorney for the Eastern District of California, announced.  
 
 Wiley C. Chandler pleaded guilty to conspiring with a group of real estate speculators 
who agreed to rig bids and commit mail fraud when purchasing selected properties at public real 
estate foreclosure auctions in San Joaquin County. The goals of the conspiracies were to 
suppress and restrain competition, to fraudulently obtain selected real estate at noncompetitive 
prices and to divert money to coconspirators that would have gone to the beneficiaries, the 
department said in court papers. 
 
 According to the court documents, after the conspirators’ designated bidder bought a 
property at a public auction, they would hold a second, private auction, at which each 
participating conspirator would bid the amount above the public auction price he or she was 
willing to pay. The conspirator who bid the highest amount at the end of the private auction won 
the property. The difference between the price at the public auction and that at the second 
auction was the group’s illicit profit. The illicit profit was divided among the conspirators in 
payoffs.  According to Chandler’s plea agreement, the conspiracies began at least early as 
September 2008 and continued until at least October 2009.   
 
 To date, 10 individuals, including Chandler, have pleaded guilty in U.S. District Court for 
the Eastern District of California in connection with the investigation. They are: Anthony B. 
Ghio; John R. Vanzetti; Theodore B. Hutz; Richard W. Northcutt; Yama Marifat; Gregory L. 
Jackson; Walter Daniel Olmstead; Robert Rose; and Kenneth A. Swanger.  
 



Chandler was indicted by a federal grand jury in Sacramento on Dec. 7, 2011 with three 
investors – Andrew B. Katakis, Donald M. Parker and Anthony B. Joachim – and one auctioneer, 
W. Theodore Longley. Trial dates for these individuals have yet to be set. 
 

“The Antitrust Division will continue to cooperate with its law enforcement partners to 
bring to justice those who undermine the competitive market for foreclosed properties and harm 
consumers,” said Acting Assistant Attorney General Pozen.  
 

“Public auctions are meant for the public, not for an elite group conspiring together for 
their own profit,” U.S. Attorney Wagner stated. “The prosecution of these defendants is 
necessary to protect the integrity of the housing market.” 
 
 Chandler pleaded guilty to bid rigging, a violation of the Sherman Act, which carries a 
maximum penalty of 10 years in prison and a $1 million fine. The maximum fine may be 
increased to twice the gain derived from the crime or twice the loss suffered by the victims of the 
crime if either of those amounts is greater than the statutory maximum fine. Chandler also 
pleaded guilty to conspiracy to commit mail fraud, which carries a maximum sentence of 30 
years in prison and a $1 million fine. 
 
 These charges arose from an ongoing federal antitrust investigation of fraud and bidding 
irregularities in certain real estate auctions in San Joaquin County. The investigation is being 
conducted by the Antitrust Division’s San Francisco Field Office, the U.S. Attorney’s Office for 
the Eastern District of California, the FBI’s Sacramento Division and the San Joaquin County 
District Attorney’s Office. Trial attorneys Anna Pletcher and Tai Milder from the Antitrust 
Division’s San Francisco Field Office and Assistant U.S. Attorney Russell L. Carlberg are 
prosecuting the case.   
 
 Today’s charges are part of efforts underway by President Barack Obama’s Financial 
Fraud Enforcement Task Force. President Obama established the interagency Financial Fraud 
Enforcement Task Force to wage an aggressive, coordinated and proactive effort to investigate 
and prosecute financial crimes. The task force includes representatives from a broad range of 
federal agencies, regulatory authorities, inspectors general and state and local law enforcement 
who, working together, bring to bear a powerful array of criminal and civil enforcement 
resources. The task force is working to improve efforts across the federal executive branch, and 
with state and local partners, to investigate and prosecute significant financial crimes, ensure just 
and effective punishment for those who perpetrate financial crimes, combat discrimination in the 
lending and financial markets, and recover proceeds for victims of financial crimes. One 
component of the task force is the national Mortgage Fraud Working Group, co-chaired by U.S. 
Attorney Wagner. For more information on the task force, visit www.StopFraud.gov. 
 
 Anyone with information concerning bid rigging or fraud related to real estate foreclosure 
auctions should contact the Antitrust Division’s San Francisco Field Office at 415-436-6660, 
visit www.justice.gov/atr/contact/newcase.htm, contact the U.S. Attorney’s Office for the 
Eastern District of California at 916-554-2700 or contact the FBI’s Sacramento Division at 916-
481-9110. 
 

# # # 
 



- see also US v Seville (machine tools), US Ronald Pook (antiques) and DC v George Basiliko

(real estate)

- Recall, also Asker, A Study of the Internal Organisation of a Bidding Cartel, AER v100(3),

724-762, 2010 and also the Ruxley Lodge auction of rare books discussed there-in

9.2 Bid Rotation

Consider the following system, and think about how it relates to the knockout system and the

ability of a cartel to make explicit transfers. Why might a cartel not be able to make transfers?

Pittsburgh Post Gazette March 12 1961
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9.3 Market Division

US v. Stolt-Nielsen et al, US District Court of Pennsylvania 2007

“In 1998, the Stolt-Nielsen Transportation Group (Stolt-Nielsen), a Luxembourg parcel tanker shipping

company, entered into a customer allocation conspiracy with two of its primary competitors, Odfjell

Seachem AS (Odfjell), a Norwegian shipping company, and Jo Tankers B.V. (Jo Tankers), a Dutch

shipping company. As part of the agreement, Stolt-Nielsen and its co-conspirators would refrain from

bidding or competing for customers on deep-sea trade routes allocated to the other party. While Stolt-

Nielsens agreement with Odfjell was formalized through the exchange of customer lists, its arrangement

with Jo Tankers was ad hoc.”

This was a §1 case. it is a form of collusive agreement often referred to as market division.

Here is an example of the sort of evidence you see in this sort of case:

19















Note also the use of fake bids. See this complaint from Ohio AG in an ongoing case in pro-

curement of Salt to remove ice on highways. Note the exclusionary conduct alleged, and sham

bidding.
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9.4 Tacit Communication and within Auction Coordination

See following examples from Spectrum Auctions: these are all ascending price auctions. A large

part of the debate is how much information to give at the end of each round

From: Peter Cramton and Jesse A. Schwartz, Collusive Bidding: Lessons from the FCC Spec-

trum Auctions, Journal of Regulatory Economics, 17, 229-252, May 2000. and Pat Bajari and

Jungwon Yeo (2008) Auction Design and Tacit Collusion in FCC Spectrum Auctions, UMinnesota

Working Paper.
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geographic area covered by the license. An activity rule requires each bidder to maintain a minimum level 

of activity in each round of the auction. Activity in a round is defined as placing a new bid on a license or 

being the standing high bidder on a license in the prior round. If a bidder fails to maintain the required 

level of activity in a round, its eligibility to bid in future rounds is reduced. This rule forces bidders to bid 

actively throughout the auction, and prevents bidders from holding back until late in the auction.  

4.0.0 Code Bids, Reflexive Bids, and Retaliating Bids 
Bids are in dollars. Since the bids are reported in their entirety, and since bids on all but the smallest 

markets are at least six digits, bidders can use the last few digits of a bid to encode messages. For 

example, in the AB auction (Auction 4), GTE frequently ended its bids with “483,” which spells GTE on 

the telephone keypad. In the same auction, American Portable, a subsidiary of TDS, signaled interest in 

some markets by spelling “TDS” (837) in the last three digits. In the nationwide narrowband auction 

(Auction 1), one bidder ended its bid with the phone number of Congressman John Dingell, who introduced 

the legislation to auction spectrum. This type of behavior caught the attention of the FCC, but it was not 

viewed as compromising either efficiency or revenues. 

However, in the DEF auction (Auction 11), some bidders were more aggressive in their use of the 

last few digits of their bids. In a particularly noticeable case mentioned in the introduction, Mercury PCS 

ended its bids with market numbers to signal its rival, High Plains Wireless, that it wanted it to move off 

of Lubbock, Texas or that it would be punished on Amarillo, Texas. Each market has a three digit market 

number (for example, 264 for Lubbock and 013 for Amarillo). After trading bids on block F of Lubbock 

for several rounds, with the price rising by 10% in each round, Mercury bumped High Plains in round 121 

from Amarillo, a market on which High Plains had been the standing high bidder since round 68. This 

was Mercury’s first bid on Amarillo during the auction. The bid served as a punishment to High Plains for 

bidding against Mercury on Lubbock, a punishment made clear since it contained as its last three digits 

“264,” the market number for Lubbock. Mercury’s bid on Amarillo said to High Plains, “I am bumping 

you from Amarillo, a market you have held since round 68, a market that I have shown no interest in 

whatsoever. To win Amarillo back you will have to bid higher by at least two bid increments more than 

your previous bid. I want you to back off of Lubbock, leaving it to me.” To clarify that the Amarillo bid 

was a retaliation for High Plains bid on Lubbock, Mercury tagged its rebid in Lubbock with “013,” 

Amarillo’s market number. Tagging both the rebid in the market of interest and the punishment bid with 

the market numbers of the punishment market and market of interest, respectively, is called reflexive 

bidding. 
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What made this example exceptionally clear was that High Plains bid again on Lubbock in round 

124, enticing Mercury to repeat its punishment with another bid ending in Lubbock’s market number, and 

a rebid in Lubbock ending in Amarillo’s market number. The second time, the punishment worked. High 

Plains placed no further bids on block F of Lubbock, and Mercury placed no further bids on Amarillo. 

However, since High Plains still wanted a block of Lubbock, it switched over to the D and E licenses and 

won the D block license with a $2.38 million bid. Its highest bid on Lubbock block F was $2.11 million. 

The $2.38 million bid on a D block license had a much higher cost to High Plains when one realizes that 

had it won the F-block, High Plains, as a preferenced bidder,8 would have received a 25% bidding credit 

and an installment payment plan at attract rates worth an additional 25%. Hence, the net increase in cost 

of the D block bid was 2.38  0.5 2.11 = $1.32 million. High Plains, during and after the auction, 

complained to the FCC about Mercury’s practice. The complaints led to investigations by the FCC and 

the Department of Justice. The FCC tentatively fined Mercury $650,000 for making 13 code bids—bids 

ending in market numbers which might be construed as signals to rivals.9 

Punishments for deviations from tacit agreements need not include market numbers to be clear. 

Imagine that Mercury ended its bids on Amarillo and Lubbock with “000” rather than with market 

numbers. As long as High Plains could deduce that Mercury’s bids on Amarillo were a punishment, or 

retaliation, for High Plains’ continued bidding on Lubbock, the message to back off of Lubbock would be 

clear. A high-stakes example of retaliation that did not use trailing digits occurred between NorthCoast 

and NextWave. These bidders were competing intermittently on block F of Boston early in the auction, 

before NorthCoast placed a bid on Boston in round 43. This bid remained the high bid until NextWave 

bumped NorthCoast in round 67. Then in the following round, NorthCoast retaliated by bumping 

NextWave from block F of San Francisco with a bid of over $5 million (NextWave had been the standing 

high bidder on San Francisco since round 28). In round 70, NextWave recaptured San Francisco for $5.8 

million and NorthCoast recaptured Boston for $8.9 million. What made NorthCoast’s retaliation clear was 

that it was NorthCoast’s only bid on any block during the auction on San Francisco and that these two 

markets were the only two markets that NextWave and NorthCoast were trading bids on between rounds 

67 and 70. Thus, a retaliation need not contain market numbers to be effective. However, code bidding is 

a more powerful collusive device, since it can be used to split up markets between two bidders that are 

competing for many markets. 

                                                      
8 The FCC rules often gave designated bidders preferential treatment. We refer to these bidders as “preferenced 
bidders.” The preferences were some combination of bidding credits, installment payments, and tax breaks. See 
Ayres and Cramton (1996) for an analysis and discussion of bidder preferences. 
9 Notice of Apparent Liability for Forfeiture, FCC 97-388, October 21, 1997. 



!"# $%&'()*+,'% -,./0'.1(2

!"# $%% &'#( )"# $&** +,-./01)2., 32'4*.'&/# 5/.4#(&/#' 2, 2)' 1&4)2., /&*#' &,)2* )"# 677

89: 1&4)2.,; <,(#/ )"#'# =/.4#(&/#'> )"# $%% =.')#( )"# ?2(' =*14#( ?@ #14" ?2((#/ ., #14"

*24#,'#> )"# 2(#,)2)@ .- )"# ?2((#/> 1,( )"# 4"1,A# 2, #14" ?2((#/B' #*2A2?2*2)@; C4.,.024 )"#./@

'&AA#')' )"1) 4.**&'2., 2' #1'2#/ ). #,-./4# D/0' 2, 01/E#)' )"1) 1/# "2A"*@ )/1,'=1/#,) ?#41&'#

2) 2' #1'2#/ ). =&,2'" (#F21)./' -/.0 4.**&'2F# 1//1,A#0#,)'; G,#4(.)1* #F2(#,4# ., /#)1*21)2,A

?2(' 1/# 1?&,(1,); $./ #H10=*#> 2, )"# GIJKL 1&4)2.,> !K8.?2*# =*14#( 1 ?2( .,*@ .,4# .,

%.*&0?21> 8M NOCG7PQR )"/.&A".&) )"# 1&4)2., 2, /.&,( LL6; +) S1' /2A") 1-)#/ %1F1*2#/

I2/#*#'' "1( ?2( ., 91S122 NTCGU77QR -./ S"24" !K8.?2*# "1( ?##, )"# ')1,(2,A "2A" ?2((#/

'2,4# /.&,( VV; %1F1*2#/ I2/#*#'' "1( ?##, )"# ')1,(2,A "2A" ?2((#/ ., %.*&0?21> 8M '2,4#

/.&,( WX &,)2* 2) S1' 4"1**#,A#( ?@ !K8.?2*# 2, /.&,( LL6; I"2*# =*142,A 1 /#)1*21)./@ ?2(

., %.*&0?21> 8M> !K8.?2*# 1*'. =*14#( 1 ?2( ., 91S122 2, /.&,( LL6 ). /#4*120 2); %1F1*2#/

1*'. =*14#( 1 ,#S ?2( ., %.*&0?21> 8M 2, /.&,( LLQ ). /#4*120 2) 1,( "1' ,#F#/ =*14#( 1 ?2(

., 91S122 '2,4# )"#,; O1Y1/2 1,( $.H !"##$% 1*'. =/.F2(# 1,#4(.)#' ., /#)1*21)./@ ?2(' 2, )"#

5%J % ?*.4E 1&4)2.,;

+, /#'=.,'# ). 4.,4#/,' 1?.&) =.)#,)21* 4.**&'2.,> )"# $%% 4.,'2(#/#( *202)2,A )"# 10.&,)

.- =&?*241**@ 1F12*1?*# 2,-./01)2., 2, )"# GIJKL 1&4)2.,; %.002''2.,#/ 3#?./1" !1@*./ !1)#

')1)#( )"1)Z

[!"#/# "1' ?##, 0&4" (#?1)# 1?.&) S"#)"#/> 1,( ). S"1) #H)#,)> )142) 4.**&'2.,>

./ )"# .==./)&,2)@ -./ 4.**&'2., 1,( .)"#/ 1,)2K4.0=#)2)2F# ?#"1F2./> #H2')' 2, .&/

4&//#,) GIJ 1&4)2., /&*#'; J.0# .- )"# D,#') '4".*1/' "1F# 41&)2.,#( &' )"1) .&/

/&*#' 1**.S\01@ #F#, 2,F2)#\ '&4" 1,)2K4.0=#)2)2F# ?#"1F2./; C4.,.024 #H=#/)'

1,( 1&)"./' "1F# S/2))#, 1/)24*#' )"1) '&==./) '&4" 4.,4*&'2., 1,( (#'4/2?# ".S

#1'2*@ ?2((#/' 41, [A10#] 1&4)2.,' &,(#/ .&/ 4&//#,) /&*#'; ]

9.S#F#/> )"# $%% 1==*2#( )"# &'&1* -&** 2,-./01)2., =/.4#(&/#' ). )"# GIJKL 1&4)2., )"#

A1&A# 2) &'#( ). 0#1'&/# .- )"# *2E#*@ *#F#* .- 4.0=#)2)2., )&/,#( .&) ). ?# 1?.F# )"# =/#K

'=#42D#( *#F#*;^ +, )"# 677 89: 1&4)2.,> )"# $%% &'#( !"#"$%#&' ()**)"+> )"1) 2' 2) .,*@

=.')#( )"# ')1,(2,A "2A" ?2( -./ #14" *24#,'# 1-)#/ #14" /.&,(; !"# 2(#,)2)@ .- )"# ?2((#/> )"#

?2( 10.&,)' .)"#/ )"1, )"# ')1,(2,A "2A" ?2(> 1,( )"# 2,2)21* *#F#* 1,( 4"1,A#' .- #14" ?2((#/B'

#*2A2?2*2)@ S#/# ,.) /#F#1*#( &,)2* )"# 1&4)2., #,(#(; _

^!"# $%% 1,,.&,4#( )"1) 2- )"# /1)2. .- )"# '&0 .- 1** )"# ?2((#/'B 2,2)21* #*2A2?2*2)@> '&?Y#4) ). )"# 41=>
). )"# '&0 .- ?2((2,A &,2)' .- 1** )"# *24#,'#' .`#/#( -./ '1*#> 2' #a&1* ). ./ A/#1)#/ )"1, !> 2) S.&*( 4.,(&4)
GIJKL &,(#/ $&** +,-./01)2., 32'4*.'&/# 5/.4#(&/#'; !"# /1)2. )&/,#( .&) !!"#;

_!"# 5&?*24 +,)#/#') J=#4)/&0 %.1*2)2., N5+J%R 1*.,A S2)" b#/2:., 1,( U..A*# 1A/##( S2)" )"# $%%B'
(#42'2.,; M)"#/ ?2((#/'> 2,4*&(2,A 8#)/.5%J> 1/A&#( )"1) 1,.,@0.&' ?2((2,A S.&*( "&/) '01** D/0' ?#41&'#

W



9.5 Problems with official documents

Sometimes official documents can be irritatingly opaque as to what the cartel behavior was. For

instance, see the following press release from the DoJ
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FOR IMMEDIATE RELEASE                                                                                           AT 
THURSDAY, FEBRUARY 23, 2012 (202) 514-2007 
WWW.JUSTICE.GOV  TTY (866) 544-5309 
 

TWO FINANCIAL INVESTORS PLEAD GUILTY TO BID RIGGING AT 
MUNICIPAL TAX LIEN AUCTIONS IN NEW JERSEY 

 
WASHINGTON – Two financial investors who purchased municipal tax liens at auctions 

in New Jersey pleaded guilty today for conspiring to rig bids for the sale of tax liens auctioned 
by municipalities throughout the state, the Department of Justice announced.  
 

A felony charge was filed today in U.S. District Court for the District of New Jersey in 
Newark, N.J., against Robert W. Stein of Huntington Valley, Pa., and David M. Farber of Cherry 
Hill, N.J. Under the plea agreements, which are subject to court approval, Stein and Farber have 
both agreed to cooperate with the department’s ongoing investigation. 

 
According to the felony charge against Stein, from as early as 1998 until approximately 

spring 2009, Stein participated in a conspiracy to rig bids at auctions for the sale of municipal tax 
liens in New Jersey by agreeing to allocate among certain bidders on which liens to bid. 
According to the felony charge against Farber, from as early as the beginning of 2005 through 
approximately February 2009, Farber also participated in a conspiracy to rig bids at auctions for 
the sale of municipal tax liens in New Jersey. The department said that both Stein and Farber 
proceeded to submit bids in accordance with their agreements and purchased tax liens at 
collusive and non-competitive interest rates. 
 

“Today’s guilty pleas demonstrate that the Antitrust Division will not tolerate those who 
manipulate the competitive process in order to harm home and property owners,” said Sharis A. 
Pozen, Acting Assistant Attorney General in charge of the Department of Justice’s Antitrust 
Division.  

 
The department said that the primary purpose of the conspiracies was to suppress and 

restrain competition to obtain selected municipal tax liens offered at public auctions at non-
competitive interest rates. When the owner of real property fails to pay taxes on that property, the 
municipality in which the property is located may attach a lien for the amount of the unpaid 
taxes. If the taxes remain unpaid after a waiting period, the lien may be sold at auction. State law 
requires that investors bid on the interest rate delinquent homeowners will pay upon redemption. 
By law, the bid opens at 18 percent interest and, through a competitive bidding process, can be 
driven down to zero percent. If a lien remains unpaid after a certain period of time, the investor 
who purchased the lien may begin foreclosure proceedings against the property to which the lien 
is attached.   



 
According to the court documents, Stein conspired with others not to bid against one 

another at municipal tax lien auctions in New Jersey. Farber also agreed not bid against certain 
bidders at tax lien auctions. Because the conspiracies permitted the conspirators to purchase tax 
liens with limited competition, each conspirator was able to obtain liens which earned a higher 
interest rate. Property owners were therefore made to pay higher interest on their tax debts than 
they would have paid had their liens been purchased in open and honest competition. 

 
Each violation of the Sherman Act carries a maximum penalty of 10 years in prison and a 

$1 million fine for individuals. The maximum fine for a Sherman Act violation may be increased 
to twice the gain derived from the crime or twice the loss suffered by the victim if either amount 
is greater than the $1 million statutory maximum. 

 
Today’s pleas are the result of an ongoing investigation into bid rigging or fraud related 

to municipal tax lien auctions. On Aug. 24, 2011, Isadore H. May, Richard J. Pisciotta Jr. and 
William A. Collins each pleaded guilty to one count of bid rigging in connection with their 
participation in a conspiracy to allocate liens at New Jersey municipal tax lien auctions. 

 
Today’s charges are part of efforts underway by President Barack Obama’s Financial 

Fraud Enforcement Task Force (FFETF). President Obama established the interagency FFETF to 
wage an aggressive, coordinated and proactive effort to investigate and prosecute financial 
crimes. The task force includes representatives from a broad range of federal agencies, 
regulatory authorities, inspectors general and state and local law enforcement who, working 
together, bring to bear a powerful array of criminal and civil enforcement resources. The task 
force is working to improve efforts across the federal executive branch, and with state and local 
partners, to investigate and prosecute significant financial crimes, ensure just and effective 
punishment for those who perpetrate financial crimes, combat discrimination in the lending and 
financial markets, and recover proceeds for victims of financial crimes. For more information on 
the task force, visit www.StopFraud.gov. 

 
The ongoing investigation is being conducted by the Antitrust Division’s New York Field 

Office and the FBI’s Atlantic City, N.J., office. Anyone with information concerning bid rigging 
or fraud related to municipal tax lien auctions should contact the Antitrust Division’s New York 
Field Office at 212-335-8000, visit www.justice.gov/atr/contact/newcase.htm or contact the 
Atlantic City Resident Agency of the FBI at 609-677-6400. 
 

# # # 
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Lectures on Auction Empirics, Collusion and Bidding Rings:

Detection of Collusion in Auction Settings

John Asker∗

December 8, 2013

1 Preliminaries

The objective in these lectures is to look a some of the more classic papers that are aimed at

detecting bid rigging of some form or another (or at least those that I see being cited most often).

It is not a complete list, but rather is designed to give you a sense of the types of approaches that

are floating about in the literature.

There are three papers I want to examine, in varying degrees of detail:

• Porter and Zona (1993), Detection of Bid Rigging in Procurement Auctions, J.P.E. 101(3)

518

• Bajari and Yi (2003), Deciding between Competition and Collusion, ReStat 85(4) 971

• Athey, Levin, Seira (2011), Comparing Open and Sealed Bid Auctions: Evidence from Timber

Auctions, Quarterly Journal of Economics 126, 207

The first two might reasonably be thought of as reduced form (at least as far as the detection

parts). The last is an example of a structural approach.

Before delving into details of the papers, it’s worth being upfront about my attitude to the

detection literature: mostly, I feel people overstate it’s potential usefulness. That is, it can be

useful, but in somewhat more specific settings than folks normally claim. In this sense I am in full

agreement with the following sentiment, from the introduction to Porter and Zona:

∗
Leonard N. Stern School of Business, NYU. Email: jasker@stern.nyu.edu, Office: KMC 7-79, www.johnasker.com
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indictments in highway construction, the distribution of school milk, 
utility procurement, and other auction markets. Typically, a govern- 
ment agency, and hence the taxpayer, was the victim. 

This paper proposes econometric test procedures that are designed 
to detect the presence of bid rigging in procurement auctions.' Our 
tests will be poor substitutes for a wiretap or a disclosure by a dissident 
ring member. However, our procedures may be preferable to the 
view that patterns of bid rotation, or relatively constant market 
shares, constitute irrefutable evidence of collusion. Rotating bids are 
consistent with competitive equilibria when there are decreasing re- 
turns to scale, such as when there are capacity constraints, as Zona 
(1986) demonstrates. Lang and Rosenthal (1991) show that the non- 
cooperative mixed-strategy equilibrium of a multiproject bidding 
game, in which firms simultaneously compete for several contracts, 
may entail negative correlation between a firm's bids, or an apparent 
bid rotation pattern. Similarly, comparisons of winning bids and engi- 
neers' estimates of costs, which attempt to measure economic returns, 
may be unreliable. Engineers' estimates may be unduly influenced by 
historical bid patterns and so may be an inflated measure of true 
costs. 

In general, finding a single test procedure to detect bid rigging is 
an impossible goal. As in most tests for the exercise of market power, 
the idea is to identify differences between the observable implications 
of collusive and competitive behavior. The difficulty is that both com- 
petitive and collusive equilibria depend, to a great extent, on the 
economic environment, such as the auction rules and the nature of 
the good being traded. As Hendricks and Porter (1989) argue, collu- 
sion in auctions can take many forms, and it is important to tailor 
empirical work to specific cases. For example, a cartel might adopt a 
pure bid rotation scheme in which members take turns submitting 
bids in individual auctions (according to a "phases of the moon" 
scheme, for example). Alternatively, cartel members in addition to 
the designated winner may submit higher complementary or frivo- 
lous bids, perhaps to create the appearance of competition. It is un- 
likely that any single test procedure could detect all collusive schemes 
without data on economic returns (in which case effective collusion 
might be detected by the presence of persistently high profits). As a 
consequence, structural modeling and estimation are difficult without 
more detailed information. In environments in which complementary 
bids are submitted, structural modeling may be impossible because it 

1 Accordingly, we refer to the intended victim as the buyer, and the bidding ring is 
a subset of the potential sellers. The effect of the ring, then, is to inflate the price paid 
by the buyer. 

This content downloaded from 128.122.185.189 on Mon, 25 Nov 2013 17:08:24 PM
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So, with that preliminary comment, lets examine Porter and Zona
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2 Porter and Zona (1993), Detection of Bid Rigging in Procure-

ment Auctions, J.P.E. 101(3) 518

The paper has three types of section:

1. Institutional detail

2. model and resulting reduced form empirics

3. data analysis

Lets go through each in turn.

2.1 Institutional Setup

• NY DOT procures roadwork (specifically paving jobs)

• Details of what is needed on each job available from DOT for purchase

• ‘Plan Buyers List’ can be purchased from DOT - also distributed to subscribers. This lists

all firms buying plans on each job offered

• FPSB auctions - lowest price wins

• After auction, DOT announces all bids and who won contract.

• $120 million in Nassau and Suffock county between 1979 and 1985 contracted by DOT. 186

Contracts in total. 116 paving contracts, 575 bids on these paving contracts. 75 contracts

had 2 or more bids. A small number of bidders dominate the bidding, especially as projects

get bigger, so that competition for jobs if really among a fairly small set of firms.

• 1 large firm is prosecuted on a project predating the data. The proscution occrs in 1984. 4

other firms are named in the indictment, but not prosected. These five firms are “CARTEL”

firms. They account for 54% of bids on large projects.

• Hence the research question is something like “Was this an isolated event?”

• Why might systemic collusion be plausible in this market?

1. competition is only on price

2. DOT annouces a lot of info

3



3. DOT does not appear at all strategic (i.e. almost never rejects a winning bid)

4. Set of dominant firms appears small

5. suggestion of high barriers to entry. Usual type of capital equipment stroy but also this

interesting story about the labor unions:
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tion to member firms. A cartel should face less uncertainty, and there- 
fore perhaps be more stable, in such an environment. 

During the sample period, the DOT exhibited almost perfectly in- 
elastic demand. Although the state sets an overall budget for the 
DOT based on requests from the department, demand is largely ex- 
ogenous. With one notable exception,4 every contract was ultimately 
awarded to the low bidder, regardless of the DOT estimate of the 
cost. As a result, any inflation of winning bids due to collusion would 
be completely captured as profits. Of course, successful collusion may 
result in fewer lettings in the future. 

The set of firms submitting bids on large projects was small and 
fairly stable over the period analyzed, even though the DOT actively 
recruited New York City firms for work in Nassau and Suffolk coun- 
ties. Entry would have been difficult because of large transportation 
costs (the batch concrete and asphalt plants employed on large jobs 
are typically owned by the bidder) and control of local facilities by 
the incumbent firms. In addition, union locals could have exerted 
significant control over production.5 There may have been significant 
barriers to entry, and there was little entry in a growing market. 

As described above, the market for large jobs was highly concen- 
trated. Only 22 firms submitted bids on jobs over $1 million. On the 
25 largest jobs, 45 percent of the 76 bids were submitted by the four 
largest firms. Most of the remainder came from smaller firms that 
bid infrequently. In our sample of paving jobs, 575 bids were submit- 
ted on 116 lettings. Sixteen firms bid on jobs of $1 million or more. Of 
the 79 bids on the 25 largest pavingjobs, ranging from approximately 
$940,000 to $8 million, 46 percent were submitted by the four largest 

4 According to our data, in February 1983 the DOT solicited bids on a contract for 
resurfacing 0.8 miles of road. Eight bids were submitted, and the lowest bid was about 
$4 million. The DOT decided not to award the contract because the bid was unusually 
high relative to its own estimate of the cost. The contract was again put out to bid in 
May 1983. This time four bids were submitted, three by firms that had submitted a 
bid previously and a fourth by a new firm. The low bid was 20 percent higher and was 
submitted by the previous low bidder. Again, the contract was not awarded. The 
contract was put out to bid a third time, in February 1984, and this time three bids 
were submitted. All three firms had bid in both previous sales. The low bid was about 
10 percent higher than the previous low bid and about 30 percent higher than the low 
bid in the initial letting. It is notable that the same firm submitted the low bid in each 
of the auctions. Because of the unusual bidding patterns, the contract was not awarded 
through 1987. 

5 According to an article published in Newsday, insiders say that leaders of the two 
most powerful construction unions on Long Island discouraged outside bidders by 
threatening future labor trouble. At least one of the unions covered the entire metro- 
politan area. Thus when word spread that particular firms had "the inside track on 
large public bids on the Island and the unions wanted it that way . .. very few people 
missed the message" (November 18, 1984, pp. 3, 30). 
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6. bidders active in local trade associations (also I vaguely recall that there was a mafia

angle)

7. RFQ’s are somewhat sequential

• So the suspected conduct is that they coordinate on a low bid and the others in the cartel

submitt phantom bids. See below:
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TABLE 1 
JOINT BIDS BY CARTEL FIRMS 

Value of 
Firms Date Winning Bid 

1, 3 February 1980 $5,300,000 
2, 5 June 1980 $7,300,000 
2, 5 January 1982 $4,000,000 
2, 3, 6 November 1984 $8,000,000 

with our data. The cartel firms regularly bid "against" each other. 
Table 2 shows the number of occasions on which one of the firms in 
the group bid against another in settings of contracts involving pav- 
ing. Joint bids were excluded from our data set. For example, table 
2 indicates that on the 48 occasions in which firm 1 submitted a bid, 
37 bids were also submitted by firm 2. At least one firm in the candi- 
date cartel submitted an individual bid on all but two of the large 
jobs in our data. 

Table 3 shows the probability of multiple cartel bids on paving and 
nonpaying jobs, given that at least one cartel firm bids on a job. For 
example, at least one other cartel firm bid on a paving job 88 percent 
of the times when firm 1 bid. Every time firm 5 bid on a paving job, 
another cartel firm did as well. The probability that cartel firms bid 
against each other on nonpaying jobs is slightly lower, as demon- 
strated by the lower percentages reported in column 2 of table 3. 

In addition to the evidence from the bidding data, information 
obtained from insiders suggests that a phantom bidding scheme was 
employed by these firms. These sources describe the process. "We all 
sat at the conference table . . . one of the contractors would have a 
list of upcoming contracts . . . they'd talk about the contract . .. how 
much money . . . who won the last one . . . who should get this 
one . . . . The contractors who were tagged to be the low bidders 
would work out their bid figures .... The rest of the contractors 
would then come up with higher bids" (Newsday [November 18, 1984], 

TABLE 2 
SIMULTANEOUS BIDS BY CARTEL FIRMS ON PAVING JOBS 

Firm 1 Firm 2 Firm 3 Firm 4 Firm 5 

Firm 1 48 37 34 1 11 
Firm 2 37 86 56 1 15 
Firm 3 34 56 71 2 14 
Firm 4 1 1 2 3 1 
Firm5 11 15 14 1 20 
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2.2 Model

The model part is pretty simple, but also very neat. As usual they posit the standard FPSB bidding

function

Pr(win|b) + (b− c)
∂Pr(win|b)

∂b
= 0

Then they posit that bidding as a function of observed covariates is (i indicates bidder, t is

auction)

log(bit) = αt + βXit + �it

4



where �it is interpreted as private information, with expectation zero and variance σ2
t . No-

tice how close this is to how the structural auction literature tends to handle observed auction

heterogeneity.1

Estimation is via GLS (i.e. conditional homoskedasticity (more precisely the spherical error

assumption) is violated since the variance is auction specific). This ends model number 1.

The second model is what this paper is known for. The idea is to look at the ranking of bids

and see if the ranking can be predicted and if the patterns appear stable across subsets of the data.

The idea is that this should be so if bids reflects actual economic factors (e.g. distance to job), that

is, if they are competitive. If bids are phantom, then this need not be true.

Let �it be distributed IID Type 1 extreme value distribution. This gives a logit structure. Hence

lnPr(bit < bjt∀j �= i) = αt + βZit

(Zit is an adjustment of the X’s by the inferred variance of the �it from the GLS estimator

above). The more familiar expression is:

Pr(bit < bjt∀j �= i) =
eβZit

�
j e

βZjt

This allows us to construct the likelihood of any sequence of ranks, just by multiplying the

probability of the each bid being lower than the ones above it. Then for all actions, we multiply

again. So (with a little abuse of notation) the likelihood for the data is

L(β) =
�

t

�

i

eβZit

�
j>i e

βZjt

Note that this can be estimated using any subset of the data. That is, independence is doing a

bunch of work, but is very helpful (what if this were a environment where dynamics were important,

but not well observed by the econometrician?)

The idea will be to compare estimates from subsets of data, and see if they are consistent. What

is done, is to look at the model for the low bidders, and then compare it to the model for all other

other rankings. The test is done using a likelihood ratio test due to Hausman and Ruud 1987.

2.3 Data Analysis

Variables are:

• BACKLOG: sum of dollars of jobs contracted for in last 3 months but not completed

1
Also, note that unobserved auction heterogeneity is largely ignored, although a random effects estimator could

have been used. That said, it would have made the rank order stuff (to follow) a lot harder to merge in.
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• CAP: capacity measured as the max of BACKLOG observed in sample period for that firm

• UTIL: utilization rate which is BACKLOG/CAP

• UTILSQ: this is the square of UTIL

• ISLAND: = 1 if headquartered on long island

• NOBACK: =1 if never won a project

The first regression is the GLS of bid on stuff
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The dependent variable in the least-squares regressions is BID. 
the logarithm of the bid of firm i on job t (bids are expressed in 
hundreds of thousands of constant 1969 dollars). The mean competi- 
tive bid was $450,000, and the mean cartel bid was $713,000. 

V. Results and Interpretation 

Analysis of Bid Levels 

The results of GLS estimation using bid data for all paving jobs are 
given in table 4. (Absolute values of estimated t-statistics are reported 
below the parameter estimates.) We report estimation results using 
three subsets of data: bids from all firms, bids from competitive firms, 
and bids from cartel firms only. In all three cases, the same auction- 
specific variance weights, derived from competitive bids, were em- 
ployed. In addition, auction-specific constants are estimated but not 
reported. If all bids are in fact competitive, all three estimate the 
same underlying parameters. If cartel bids are not competitive, then 
the model is misspecified, and only those based on competitive bids 
are consistent. 

In general, the competitive model fits well, and the estimates have 
the expected sign. Long Island firms bid about 3 percent lower than 

TABLE 4 

GLS ESTIMATES 

Data from 
Data from All Competitive Data from 

Firms Firms Cartel Firms 
(1) (2) (3) 

Observations 476 319 157 
Degrees of freedom 395 238 81 
Wald statistic 21.9 494.7 28.4 
UTIL -.0053 -.0973 .1991 

(.2) (2.8) (1.2) 
UTILSQ .0358 .1720 -.1143 

(1.0) (4.0) (.8) 
NOBACK -.0010 -.0178 

(.1) (1.6) 
CAP .1666 -1.2691 1.8225 

(1.8) (10.4) (4.6) 
CAPSQ -.4430 4.8519 -2.9029 

(2.1) (13.0) (4.4) 
ISLAND -.0288 -.0334 

(.6) (1.2) 

NOTE.-Absolute values of t-statistics are displayed in parentheses. Auction-specific constants were included but 
are not reported to save space. The Wald statistics pertain to a test of the joint significance of the reported 
coefficients. The coefficients of CAP and CAPSQ are scaled up by 104 and 108, respectively. 
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This is a bit opaque so Porter and Zona give economic magnitudes. When UTIL = 1 (running

at full capacity) bids go up by 7.5% if a firm is competitive, being on L.I. gives a bid advantage of

about 3%. Cartel firms look different and turn out to be statistically different.

The next two regressions examine the ranks.
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TABLE 5 

COMPETITIVE RANK BASED ESTIMATES 

All Ranks Low Ranks Higher Ranks 
(1) (2) (3) 

Observations 244 75 169 
Log likelihood -291.4 -89.85 -199.4 
UTIL -.0070 .0161 -.0552 

(.1) (.1) (.3) 
UTILSQ .0986 .0534 .1596 

(.8) (.3) (1.0) 
NOBACK -.0283 .0089 -.0454 

(1.0) (.2) (1.3) 
CAP -1.888 -1.641 -2.100 

(3.8) (2.4) (3.0) 
CAPSQ 6.869 6.517 7.020 

(3.9) (2.6) (2.9) 
ISLAND -.0182 -.0759 .1016 

(.3) (.9) (-9) 

NOTE.-Absolute values of t-statistics are displayed in parentheses. The coefficients of CAP and CAPSQ are 
scaled up by 104 and 108, respectively. 

(Essentially, only pairwise differences are considered.) Column 2 dis- 
plays the estimates for the determinants of the identity of the lowest 
bidder among the set of competitive firms submitting a bid. Column 
3 corresponds to the ranking among the remaining bidders, exclud- 
ing the lowest. The estimates in column 1 are derived from the likeli- 
hood function for the entire rank distribution. The estimates are 
stable over ranks. The likelihood ratio test statistic of coefficient stabil- 
ity across ranks is 4.3, which is distributed as a x2 random variable 
with six degrees of freedom under the null hypothesis. The test statis- 
tic is significant at about the 36 percent level, and therefore, we can- 
not reject the null hypothesis of no model misspecification. We cannot 
conclude that competitive bids are generated by a different process 
depending on whether or not they are low. 

Analysis of Cartel Bid Rank Data 

Estimates from the MNL model using cartel data are presented in 
table 6. The criterion for dividing the cartel data into low and higher 
ranks is the same as that for the competitive data. The number of 
observations is less than in table 4 because attention is restricted to 
the 50 auctions receiving two or more cartel bids. The estimated 
coefficients are similar to the GLS estimates for the cartel data pre- 
sented in table 4 and differ from all the competitive estimates. The 
likelihood ratio test statistic of parameter stability across ranks is 8.94, 
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TABLE 6 

CARTEL RANK BASED ESTIMATES 

All Ranks Low Ranks Higher Ranks 
(1) (2) (3) 

Observations 85 50 35 
Log likelihood - 73.97 -44.58 - 24.92 
UTIL .0429 .2107 .2310 

(.3) (1.0) (.6) 
UTILSQ -.0112 -.1128 -.4300 

(.1) (.6) (.9) 
CAP .4306 1.101 -2.537 

(.9) (1.3) (1.6) 
CAPSQ -.8473 -1.904 3.861 

(.9) (1.2) (1.4) 

NOTE.-Absolute values of t-statistics are displayed in parentheses. The coefficients of CAP and CAPSQ are 
scaled up by 104 and 108, respectively. 

which is distributed as a x2 random variable with four degrees of 
freedom under the null hypothesis. The test statistic is significant at 
about the 94 percent level. Therefore, we reject the null hypothesis 
of no phantom bidding. We conclude that cartel bids are generated 
by a different process depending on whether or not they are low. 

VI. Conclusions 

The idiosyncrasies of the DOT auction market suggest both a candi- 
date cartel and a particular bid-rigging mechanism. We find that the 
ranking of cartel bids does not coincide with rankings of costs. We 
reject the null hypothesis of no phantom bidding in cartel data. The 
bid ranking may not coincide with cost rankings because of the pres- 
ence of phantom bids. In the competitive data, bids increase with 
costs as expected, and we cannot reject the hypothesis of no phantom 
bidding for competitive firms. Because we have no reason to believe 
that the difference between cartel and competitive bidding is struc- 
tural, we may have found evidence of cartel activity. 

Our testing procedure may be conservative in that we may have 
inadvertently classified some cartel participants as competitive. Simi- 
larly, we have access to a relatively sparse set of explanatory variables. 
Therefore, it is perhaps best to view the contribution of this paper 
as methodological as well as descriptive. Unfortunately, if an antitrust 
authority or procurement agency were to publicly announce the 
adoption of our test procedure, it would be relatively easy for an 
effective cartel to tailor its phantom bids to disguise collusive behav- 
ior. For example, all cartel firms could scale their competitive bids up 

This content downloaded from 128.122.185.189 on Mon, 25 Nov 2013 17:08:24 PM
All use subject to JSTOR Terms and Conditions

7



The punchline is that in the cartel setting the lower rank model is statistically different from

the higher ranks. This is not true in the competitive setting.

The main take away from this paper is the idea of using the ranking of bids as a diagnostic,

subject to the following caveats from Rob and Doug:
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TABLE 6 

CARTEL RANK BASED ESTIMATES 

All Ranks Low Ranks Higher Ranks 
(1) (2) (3) 

Observations 85 50 35 
Log likelihood - 73.97 -44.58 - 24.92 
UTIL .0429 .2107 .2310 

(.3) (1.0) (.6) 
UTILSQ -.0112 -.1128 -.4300 

(.1) (.6) (.9) 
CAP .4306 1.101 -2.537 

(.9) (1.3) (1.6) 
CAPSQ -.8473 -1.904 3.861 

(.9) (1.2) (1.4) 

NOTE.-Absolute values of t-statistics are displayed in parentheses. The coefficients of CAP and CAPSQ are 
scaled up by 104 and 108, respectively. 

which is distributed as a x2 random variable with four degrees of 
freedom under the null hypothesis. The test statistic is significant at 
about the 94 percent level. Therefore, we reject the null hypothesis 
of no phantom bidding. We conclude that cartel bids are generated 
by a different process depending on whether or not they are low. 

VI. Conclusions 

The idiosyncrasies of the DOT auction market suggest both a candi- 
date cartel and a particular bid-rigging mechanism. We find that the 
ranking of cartel bids does not coincide with rankings of costs. We 
reject the null hypothesis of no phantom bidding in cartel data. The 
bid ranking may not coincide with cost rankings because of the pres- 
ence of phantom bids. In the competitive data, bids increase with 
costs as expected, and we cannot reject the hypothesis of no phantom 
bidding for competitive firms. Because we have no reason to believe 
that the difference between cartel and competitive bidding is struc- 
tural, we may have found evidence of cartel activity. 

Our testing procedure may be conservative in that we may have 
inadvertently classified some cartel participants as competitive. Simi- 
larly, we have access to a relatively sparse set of explanatory variables. 
Therefore, it is perhaps best to view the contribution of this paper 
as methodological as well as descriptive. Unfortunately, if an antitrust 
authority or procurement agency were to publicly announce the 
adoption of our test procedure, it would be relatively easy for an 
effective cartel to tailor its phantom bids to disguise collusive behav- 
ior. For example, all cartel firms could scale their competitive bids up 
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by the same percentage. The bid ranking would then coincide with 
cost rankings. If the cartel was not inclusive, differences between 
cartel and competitive bidding would be consistent with cost asym- 
metries between the two groups of firms. Presumably, a noninclusive 
cartel is profitable when cartel firms enjoy a cost advantage over com- 
petitive firms. In the absence of prior information on cost differences, 
bidding differences could not be attributed solely to noncompetitive 
bidding. Attention would then have to focus on the determination of 
the identity of the lowest bidder or on rates of return. 
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3 Bajari and Yi (2003), Deciding between Competition and Col-

lusion, ReStat 85(4) 971

Like most of Pat Bajari’s papers this article has a lot of ideas in it. That said, it lacks a little focus,

due (I suspect) to the fact that Pat was looking to collect a bunch of ideas that didn’t make it into

other projects and park them somewhere. As such this is not the easiest paper to pull a punchline

from.

What seems to have gained traction from this paper is the idea of testing for exchangeability

of bids, which we will see is pretty similar to the Porter Zona idea above. Here is the set up:

• Consider an asymmetric IPV auction with N bidders indexed by i

• Let Gi(b|z1, z2, ..., zn) be the distribution of i’s equilibrium bid, where zj are observable char-

acteristics of bidder j. Think of costs as something like ci = α+ β̂zi+ �i where the � is private

information

• Exchangeability says that if π(x) is a one-to-one mapping of {1, 2, ...N} onto itself, then

Gi(b|z1, z2, ..., zn) = Gπ(i)(b|zπ(1), zπ(2), ..., zπ(n))

That is, identity of the bidder should not matter for bid distributions beyond observables.

That is, if bidder 1 has the observables of bidder 2 and vice versa, the G(.) function captures

everything that changes as a result of this permutation.

• Operationally, this means that if we estimate a reduced form bids function such that

bi = γ + βX + βjZj + βkZk + ε

then we should expect βj = βk under the null of exchangeability. So this is what Bajari and

Ye test.

The data are form seal coat road construction projects in MN, ND and SD 1994 -1998 which

equals 495 contracts. There are 11 main firms and a bunch of fringe firms. The variables they see

are:

9



15,724, suggesting that bidders leave “money on the table”

due to asymmetric information.

Table 4 summarizes the distribution of the number of bids

per contract. The modal number of bids in this industry is 3,

so taking account of market power will clearly be important.

The owner of the largest �rm in the market, Astech (�rm

2), received a one-year prison sentence for bid rigging in the

mid-1980s. The owners of two other �rms, McLaughlin &

Schulz Inc. (�rm 5) and Allied Paving (�rm 1), were also

�ned for bid rigging with Astech in the seal coat industry.

The owners of all three �rms were, at one time, banned from

bidding for public-sector seal coat contracts.

One important control variable for our analysis will be

the engineer’s estimate. This is a cost estimate formed either

by civil engineers employed by the government or by

consulting engineering �rms. The engineer’s estimate is

supposed to represent a “fair market value” for completion

of the project.15 We found that estimates were available for

139 out of the 441 projects in the data set. Table 5 shows

that the engineer’s estimate is a useful control for project

costs. The normalized winning bid (winning bid divided by

the estimate) is almost exactly 1 and has a standard devia-

tion of 0.1573.

Another generated variable is distance, which we con-

struct using information about both the location of the �rms

and the location of the project.16 For jobs covering several

locations, we use the midpoints of the jobs to do the

calculation. Table 6 summarizes the distances of �rms based

on the rank of their bid, that is, DIST1 is the distance of the

low bidder, DIST2 is the distance of the second lowest

bidder, and so on. Firms with shorter distances from project

locations are more likely to win the job, because they will

have lower transportation costs.

Based on the winning bids and bidding dates, we con-

struct a new variable CAP, which is meant to measure each

�rm’s capacity utilization level. A �rm’s capacity at a

particular bidding time is de�ned as the ratio of the �rm’s

used capacity (measured by the �rm’s total of winning bids

up to that time) to the �rm’s total of winning bids in the

entire season.17

A �nal determinant of �rm i’s success in winning con-

tracts is familiarity with local regulators and local material

suppliers. We summarize the concentration of selected �rms

by state in table 7. Our results suggest that the majority of

the �rms in our data set work primarily in one state. For

instance, �rm 3 is located near the boundaries of Minnesota,

North Dakota, and South Dakota. Yet it does over 70% of its

dollar volume of seal coating in South Dakota. Firm 6 is

located near the Minnesota–South Dakota border, yet it has

won no contracts in South Dakota.

Next, we estimate a set of reduced-form bid functions to

measure the relationship between a number of variables and

the �rms’ observed bidding behavior. The variables we will

use in these regression are as follows:

c BIDi,t: Amount bid by �rm i on project t.
c ESTt: Engineer’s cost estimate for project t.
c DISTi,t: Distance between the location of the �rm and

the project.

c LDISTi,t: log (DISTi,t 1 1.0).

c CAPi,t: Used capacity measure of �rm i on project t.
c MAXPi,t: Maximum percentage free capacity of all

�rms on project t, excluding i.
c MDISTi,t: Minimum of distances of all �rms on project

t, excluding i.15 In conversations with engineers at Minnesota’s, North Dakota’s, and

South Dakota’s Departments of Transportation, the engineers stated that

they formed the estimates by gathering information on materials prices,

prevailing wage rates, and other relevant cost information.
16 The calculation is facilitated by using Yahoo’s map searching engine

http://maps.yahoo.com/ py/ddResults.py. Using city and state’s names as

input for both locations, the engine gives distances automatically. Doing

this manually would be too time-consuming, so we wrote an “electronic

spider” to do the job.

17 The season during which seal coating can take place lasts from late

May to mid-September; in our de�nition, the entire season starts on

September 1 and ends on August 31 of the following calendar year. This

measure of capacity was computed using the entire database of bidding

information, even though in our econometric analysis we will focus on a

subset of these projects.

TABLE 2.—BIDDING ACTIVITIES OF MAIN FIRMS

Firm

ID

No. of

Wins

Avg.

Bid

% Mkt.

Share

No. Bids

Submitted

%

Participation

1 92 82,790 8.2 145 29.3

2 102 191,953 21.1 331 66.9

3 20 363,565 7.8 69 14.0

4 35 241,872 9.1 114 23.0

5 29 283,323 8.9 170 34.3

6 40 77,423 3.3 84 17.0

7 45 62,085 3.0 121 24.4

8 16 87,231 1.5 134 27.1

9 10 237,408 2.6 14 2.8

11 4 328,224 1.4 28 5.7

12 3 317,788 1.0 8 1.6

14 4 754,019 3.2 25 5.1

17 5 1,018,578 5.5 8 1.6

20 13 355,455 5.0 38 7.7

21 2 903,918 1.9 5 1.0

22 2 903,953 2.0 8 1.6

23 2 439,619 1.0 4 0.8

25 3 382,012 1.2 13 2.6

Total 427 87.7

Average bid is the average of all bids that a particular �rm submitted, no. bids submitted is the total

number of bids that the �rm submitted, and % participation is the fraction of seal coat contracts the �rm

bid for.

TABLE 3.—FIRST AND SECOND LOWEST BIDS

Observations Mean Std. Dev. Min. Max.

BID1 466 191,355 227,427 3,893 1,772,168

BID2 466 207,079 244,897 4,679 1,959,928

BID21 466 15,724 29,918 33 352,174

TABLE 4.—BID CONCENTRATION

Number of bids 1 2 3 4 5 6 7

Number of contracts 29 87 190 118 44 22 5
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c LMDISTi,t: log (MDISTi,t 1 1.0).
c CONi,t: Proportion of work done (by dollar volume) by

�rm i in the state where project t is located prior to the
auction.

Summary statistics for these variables are reported in
table 5.

We assume that �rm i’s cost estimate for project t satis�es
the following structural relationship:

ci,t

ESTt
5 c~DISTi,t, CAPi,t, CONi,t, vi, dt, eit!. (26)

Equation (26) implies that �rm i’s cost in auction t can be
written as a function of its distance to the project, its
backlog, the previous experience that �rm i has in this
market (which we proxy for using CONi,t), a �rm i produc-
tivity shock v i, an auction-t-speci�c effect d t, and eit, an
idiosyncratic shock to �rm i that re�ects private information

it will have about its own costs. The results of section II
demonstrate that under certain simplifying assumptions
about dynamic competition, a dynamic model with capacity-
constrained bidders is equivalent to a static model where a
�rm’s cost is ci 1 ViL(s) 2 ViW(s): a sum of current project
costs ci plus a term ViL(s) 2 ViW(s) that captures the option
value of keeping free capacity. In practice, the measure of
backlog CAPi,t will be a good proxy for ViL(s) 2 ViW(s).
Mapping the structural cost function back to the framework
of section IV implies that zi 5 (DISTi,t, CAPi,t, CONi,t, v i, d t).

Firm i’s bid function should depend on the entire param-
eter vector z 5 ( z1, . . . , zN). However, given the limited
number of data points in our sample, it will not be possible
to model the bid functions in a completely �exible fashion,
because z is a vector with many elements. We choose to
include a �rm’s own distance, capacity, and concentration.
From our conversations with �rms that actually bid in these
auctions, we believe that the most important characteristics
of the other �rms to include in the reduced-form bid func-
tion are the location of the closest competitor and the
backlog of the competitor that has the most free capacity.
Also, we computed and simulated the equilibrium of the
asymmetric auction model, using the techniques developed
by Bajari (2001). These simulations also suggest a similar
speci�cation is appropriate. To control for d t, we use �xed
effects for the auction, and to control for vi, we use �rm
�xed effects for the largest 11 �rms in the market. We are
able to identify both our auction �xed effect and �rm �xed
effects because we do not use �xed effects for all of the
�rms. This implies that �rms that are not the 11 largest have
an identical productivity shock v i, which is probably not an
unrealistic assumption in this industry.

Since there are 138 auctions, 11 main �rms, and one pooled
group of nonmain �rms in our restricted data set, we have 137
auction dummies and 11 �rm dummies.18 The set of regressors
thus contains a constant (C), 148 dummy variables, own
distance (DISTi,t), own capacity (CAPi,t), maximal free capacity

18 One auction with an abnormal bid was removed from our data set.

TABLE 5.—SUMMARY STATISTICS

Variable No. Obs. Mean Std. Dev. Min. Max.

Winning bid 441 175,000 210,000 3893 1,732,500
Markup: [(winning bid) 2 estimate]/estimate 139 0.0031 0.1573 20.3338 0.5421
Normalized bid: winning bid/estimate 139 1.0031 0.1573 0.6662 1.5421
Money on the table: (2nd bid) 2 (1st bid) 134 15,748 19,241 209 103,481
Normalized money on the table: [1st bid) 2 (2nd bid]/est. 134 0.0776 0.0888 0.0014 0.5099
Number of bidders 139 3.280 1.0357 1 6
Distance of winning �rm 134 188.67 141.51 0 584.2
Distance of second lowest bidder 134 213.75 152.01 0 555
Capacity of winning bidder 131 0.3376 0.3160 0 0.9597
Capacity of second lowest bidder 131 0.4326 0.3435 0 1
All bids (normalized) 450 1.0819 0.1837 0.6662 1.8347
Distances (LDIST) 450 4.9315 1.1299 0.0000 6.4593
Capacities (CAP) 450 0.4172 0.3573 0.0000 1.0000
Maximal capacities among rivals (MAXP) 450 0.7915 0.3048 0.0000 1.0000
Minimal distance among rivals (LMDIST) 450 4.5679 1.3081 0.0000 9.2104
Job Concentration (CON) 450 0.5967 0.3601 0.0000 1.0000

TABLE 6.—DISTANCES (IN MILES)

Mean Min Max Mean Min Max

DIST1 122.3 0 584.2 DIST5 160.3 13 555.2
DIST2 151.9 0 585.2 DIST6 177.9 63 484.4
DIST3 177.9 0 637.6 DIST7 91 44 128.9
DIST4 166.4 11.2 608.6

TABLE 7.—CONCENTRATION OF FIRM ACTIVITY BY STATE

Concentration

Firm MN ND SD

1 1 0 0
2 0.2781 0.7218 0
3 0 0.2377 0.7623
4 0 1 0
5 0.1246 0.5338 0.3414
6 0.8195 0.1804 0
7 0.9572 0.0427 0
8 0.7290 0.2709 0

11 0 0 1
14 0 1 0
20 0 1 0
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And the summary stats are:

c LMDISTi,t: log (MDISTi,t 1 1.0).
c CONi,t: Proportion of work done (by dollar volume) by

�rm i in the state where project t is located prior to the
auction.

Summary statistics for these variables are reported in
table 5.

We assume that �rm i’s cost estimate for project t satis�es
the following structural relationship:

ci,t

ESTt
5 c~DISTi,t, CAPi,t, CONi,t, vi, dt, eit!. (26)

Equation (26) implies that �rm i’s cost in auction t can be
written as a function of its distance to the project, its
backlog, the previous experience that �rm i has in this
market (which we proxy for using CONi,t), a �rm i produc-
tivity shock v i, an auction-t-speci�c effect d t, and eit, an
idiosyncratic shock to �rm i that re�ects private information

it will have about its own costs. The results of section II
demonstrate that under certain simplifying assumptions
about dynamic competition, a dynamic model with capacity-
constrained bidders is equivalent to a static model where a
�rm’s cost is ci 1 ViL(s) 2 ViW(s): a sum of current project
costs ci plus a term ViL(s) 2 ViW(s) that captures the option
value of keeping free capacity. In practice, the measure of
backlog CAPi,t will be a good proxy for ViL(s) 2 ViW(s).
Mapping the structural cost function back to the framework
of section IV implies that zi 5 (DISTi,t, CAPi,t, CONi,t, v i, d t).

Firm i’s bid function should depend on the entire param-
eter vector z 5 ( z1, . . . , zN). However, given the limited
number of data points in our sample, it will not be possible
to model the bid functions in a completely �exible fashion,
because z is a vector with many elements. We choose to
include a �rm’s own distance, capacity, and concentration.
From our conversations with �rms that actually bid in these
auctions, we believe that the most important characteristics
of the other �rms to include in the reduced-form bid func-
tion are the location of the closest competitor and the
backlog of the competitor that has the most free capacity.
Also, we computed and simulated the equilibrium of the
asymmetric auction model, using the techniques developed
by Bajari (2001). These simulations also suggest a similar
speci�cation is appropriate. To control for d t, we use �xed
effects for the auction, and to control for vi, we use �rm
�xed effects for the largest 11 �rms in the market. We are
able to identify both our auction �xed effect and �rm �xed
effects because we do not use �xed effects for all of the
�rms. This implies that �rms that are not the 11 largest have
an identical productivity shock v i, which is probably not an
unrealistic assumption in this industry.

Since there are 138 auctions, 11 main �rms, and one pooled
group of nonmain �rms in our restricted data set, we have 137
auction dummies and 11 �rm dummies.18 The set of regressors
thus contains a constant (C), 148 dummy variables, own
distance (DISTi,t), own capacity (CAPi,t), maximal free capacity

18 One auction with an abnormal bid was removed from our data set.

TABLE 5.—SUMMARY STATISTICS

Variable No. Obs. Mean Std. Dev. Min. Max.

Winning bid 441 175,000 210,000 3893 1,732,500
Markup: [(winning bid) 2 estimate]/estimate 139 0.0031 0.1573 20.3338 0.5421
Normalized bid: winning bid/estimate 139 1.0031 0.1573 0.6662 1.5421
Money on the table: (2nd bid) 2 (1st bid) 134 15,748 19,241 209 103,481
Normalized money on the table: [1st bid) 2 (2nd bid]/est. 134 0.0776 0.0888 0.0014 0.5099
Number of bidders 139 3.280 1.0357 1 6
Distance of winning �rm 134 188.67 141.51 0 584.2
Distance of second lowest bidder 134 213.75 152.01 0 555
Capacity of winning bidder 131 0.3376 0.3160 0 0.9597
Capacity of second lowest bidder 131 0.4326 0.3435 0 1
All bids (normalized) 450 1.0819 0.1837 0.6662 1.8347
Distances (LDIST) 450 4.9315 1.1299 0.0000 6.4593
Capacities (CAP) 450 0.4172 0.3573 0.0000 1.0000
Maximal capacities among rivals (MAXP) 450 0.7915 0.3048 0.0000 1.0000
Minimal distance among rivals (LMDIST) 450 4.5679 1.3081 0.0000 9.2104
Job Concentration (CON) 450 0.5967 0.3601 0.0000 1.0000

TABLE 6.—DISTANCES (IN MILES)

Mean Min Max Mean Min Max

DIST1 122.3 0 584.2 DIST5 160.3 13 555.2
DIST2 151.9 0 585.2 DIST6 177.9 63 484.4
DIST3 177.9 0 637.6 DIST7 91 44 128.9
DIST4 166.4 11.2 608.6

TABLE 7.—CONCENTRATION OF FIRM ACTIVITY BY STATE

Concentration

Firm MN ND SD

1 1 0 0
2 0.2781 0.7218 0
3 0 0.2377 0.7623
4 0 1 0
5 0.1246 0.5338 0.3414
6 0.8195 0.1804 0
7 0.9572 0.0427 0
8 0.7290 0.2709 0

11 0 0 1
14 0 1 0
20 0 1 0
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The regression equations are:

among competitors (MAXPi,t), minimal distance among com-
petitors (MINDISTi,t), and the job concentration variable (CONi,t).
To take care of the heteroskedasticity problem, we take the
ratio of the bid and the value (the engineer’s estimate) as the
dependent variable (BIDi,t /ESTt):

BIDi,t

ESTt

5 b0 1 b1 LDISTi,t 1 b2 CAPi,t 1 b3 MAXPi,t

1b4 LMDISTi,t 1 b5 CONi,t 1 eit.
(27)

The results from the regression, estimated using ordinary
least squares, are displayed in table 8.

The results from our reduced-form bid function are con-
sistent with basic economic intuition. Firm i’s bid is an
increasing function of �rm i’s distance from the project site
and �rm i’s capacity utilization. As �rm i’s distance in-
creases, so does i’s cost. So the positive coef�cient on own
distance is consistent with the model of competitive bidding
in section II. Note that the coef�cient on CAPi,t is also
positive and signi�cant. As �rm i’s backlog increases, all
else held constant, the option value of free capacity will
increase because once i becomes completely capacity-
constrained, �rm i will no longer have a chance to bid on
future projects. The coef�cient on CONi,t is negative, indi-
cating that if �rm i has more prior experience in the state,
�rm i will tend to bid more aggressively.

Our reduced-form bid function also produces results that
are consistent with the strategic interactions implied by the
asymmetric auction model. As the distance of �rm j Þ i

increases or as the capacity utilization of �rm j Þ i

increases, competition will soften and �rm i will raise its
bid. However, the reaction to MAXPi,t is not signi�cant at
conventional levels.

C. Testing Conditional Independence

In this section, we test the conditional independence
assumption A1 in section IV. We use a reduced-form bid
function as in the previous subsection; however, we will

allow the model to be more �exible. If �rm i is one of the
largest 11 �rms in the industry, we use equation (28) with
�rm-varying coef�cients as its bid function. If �rm i is not
one of the largest 11 �rms in the industry, we use equation
(29) to model its bid function. We pool equations (28) and
(29) in the estimation and include auction �xed effects:19

BIDi,t

ESTt

5 b0,i 1 b1,i LDISTi,t 1 b2,i CAPi,t 1 b3,i MAXPi,t

1b4,i LMDISTi,t 1 b5 CONi,t 1 eit,
(28)

BIDi,t

ESTt

5 a0 1 a1 LDISTi,t 1 a2 CAPi,t 1 a3 MAXPi,t

1a4 LMDISTi,t 1 a5 CONi,t 1 eit.
(29)

Suppose the coef�cient of correlation between the resid-
ual to �rm i’s bid function and �rm j’s bid function, e i,t and
e j,t, is r ij. The test of conditional independence is then
equivalent to the test of the following null hypothesis:

H0 : r ij 5 0. (30)

We �rst report the number of pairwise simultaneous bids
and the correlation coef�cients (computed when the number
of simultaneous bids is no less than 4) in table 9. Simulta-
neous bids are reported in the lower part of the matrix, and the
correlation coef�cients in the upper part. We use the Fisher test
to test the hypothesis (30). Suppose the correlation coef�-
cient between two �rms’ bids is r. Let r be the correlation
coef�cient calculated from sample data (as reported in table
9); then the Fisher Z transformation is given by

Z 5
1
2

ln
1 1 r

1 2 r
. (31)

Let n be the number of samples; then the distribution of Z

is approximately normal with

mZ 5
1
2

ln
1 1 r

1 2 r
and sZ 5

1

Î n23
. (32)

Hence z 5 (Z 2 mZ)=n23 has approximately the stan-
dard normal distribution. In our case, under the null hypoth-
esis, r 5 0, mZ 5 0. The test statistic is Z=n23 for each
pair of �rms whenever n . 3. The results are reported in
table 10.

Among all 23 pairs which have at least four simultaneous
bids, the null hypothesis cannot be rejected except for four
pairs of �rms at 5% signi�cance level. These four pairs are
(�rm 1, �rm 2), (�rm 2, �rm 4), (�rm 5, �rm 14), and (�rm
6, �rm 7). However, of these pairs, only the pair (�rm 2,

19 Note that in equation (28) we force the coef�cient on concentration to
be equal for all �rms in our sample. This is because there was not
suf�cient variation in concentration within a single �rm to identify a
�rm-speci�c parameter for this coef�cient.

TABLE 8.—REDUCED-FORM BID FUNCTION

Variable OLS

C (constant) 0.6809
(5.95)

LDISTi ,t (own distance) 0.0404
(3.45)

CAPi ,t (own used capacity) 0.1677
(8.51)

MAXPi,t (maximal free capacity among rivals) 0.0255
(0.713)

LMDISTi,t (minimal distance among rivals) 0.0240
(1.81)

CONi ,t (job concentration) 20.0590
(21.866)

Sample size 450
R

2 0.8480

The regression also includes a �xed effect for each project t and one for each of the largest 11 �rms
in the market.
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Note that auctions fixed effects are used here. It is worth thinking about whether this makes

sense, given that the fixed effects will grow with the asymptotic. Depending on what is done with

a regression like this, you need to be mindful of the incidental parameters problem.
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The idea is to run an F-test testing the null of βj = βk for the 11 main firms. The test statistic

is

F =
(SSRc − SSRu)/n

SSRu/(T −m)

T is the number of Obs = 450, and m the number of regressors in the unconstrained model and

n is the number of constraints. c is the constrained model (29) and u is the unconstrained model

(28). The implementation looks at the whole set of data and also those pairs that compete against

each other in at least 4 auctions.

�rm 4) bid against each other more than a handful of times.
The pairs (�rm 1, �rm 2), (�rm 5, �rm 14), and (�rm 6, �rm
7) bid against each other on average no more than two or
three times a year in the data set.

D. Test for Exchangeability

In this section we use our regression model (28) and (29)
to test whether the empirical distribution of bids is ex-
changeable. Exchangeability implies that capacities and
distances should enter the �rm’s bidvalue function in a
“symmetric” way. Formally, in the reduced-form bid func-
tion, let bi1, b i2, b i3, b i4 be the coef�cients of LDIST1, CAP1,
MAXP, LMDIST for �rm i, one of the largest 11 �rms. Then
exchangeability is equivalent to the following hypothesis:

H0 : b ik 5 b jk for all i, j, i Þ j, and for all k 5 1, . . . , 4.

(33)

We use the F-test to test for exchangeability. Let SSRU and
SSRC be the sums of squared errors in the unconstrained and
constrained models, respectively. Also let T be the number
of observations (T 5 450 in our data set), m be the number
of regressors, and n be the number of constraints implied by
H0. Then the statistic

F 5
~SSRC 2 SSRU!/n

SSRU/~T 2 m!
(34)

has an F-distribution with parameters (n, T 2 m) under the
null hypothesis. Note that the F-test is also a variation of the
quasi-likelihood-ratio (QLR) test on nonlinear two- and
three-stage least squares.

We conduct two tests of exchangeability in this subsec-
tion. The �rst set is to test exchangeability for the whole
market, that is, the constrained regression that pools all the
11 main �rms together. The second set is to test the ex-
changeability on a pairwise basis, that is, the constrained
regression pools two of the main �rms together at each test
(hence the number of constraints is 4). That is, we test
whether empirically exchangeability holds on a pairwise
basis for the �rms in our data set. We perform this set of
tests for each pair of �rms with at least four simultaneous
bids. Table 11 summarizes the test results. It shows that for

TABLE 9.—SIMULTANEOUS BIDS AND COEFFICIENTS OF CORRELATION

Firm 1 2 3 4 5 6 7 8 11 14 20

1 2.744
2 15 2.5897 2.5247 2.1512 .1330 2.3010 .0909 .4260 .1304
3 0 9 2.6374 .2439 2.2345
4 0 67 4 2.1910 2.3197
5 0 76 8 63 2.3365 .5742 .8854 2.6963 .3588
6 1 17 3 3 8 2.7850 .2327
7 2 9 3 0 3 7 2.2711
8 2 12 3 2 5 12 6

11 1 2 7 0 4 0 0 0
14 0 9 0 8 10 0 0 0 0 .5768
20 0 5 1 2 5 1 1 1 0 6

TABLE 10.—FISHER TEST FOR CONDITIONAL INDEPENDENCE

Firms n r z Firms n r z

(1, 2) 15 2.744 23.3234 (4, 5) 63 2.1910 21.4979
(2, 3) 9 2.5897 21.6588 (4, 14) 8 2.3197 20.7408
(2, 4) 67 2.5247 24.6624 (5, 6) 8 2.3365 20.7829
(2, 5) 76 2.1512 21.3018 (5, 8) 5 .5742 0.9246
(2, 6) 17 .1330 0.5006 (5, 11) 4 .8854 1.4002
(2, 7) 9 2.3010 20.7609 (5, 14) 10 2.6963 22.2756
(2, 8) 12 .0909 0.2734 (5, 20) 5 .3588 0.5310
(2, 14) 9 .4260 1.1145 (6, 7) 7 2.7850 22.1165
(2, 20) 5 .1304 0.1855 (6, 8) 12 .2327 0.7111
(3, 4) 4 2.6374 20.7538 (7, 8) 6 2.2711 20.4816
(3, 5) 8 .2439 0.5566 (14, 20) 6 .5768 1.1391
(3, 11) 7 2.2345 20.4779

TABLE 11.—EXCHANGEABILITY TEST

Firm Pair n m F-Statistics Upper Tail Area Firm Pair n m F-Statistics Upper Tail Area

(1, 2) 4 194 1.2188 .3033 (4, 5) 4 194 1.0799 .3669
(2, 3) 4 194 2.1080 .0803 (4, 14) 4 194 0.9756 .4214
(2, 4) 4 194 1.0187 .3982 (5, 6) 4 194 1.2014 .3107
(2, 5) 4 194 3.9254 .0041 (5, 8) 4 194 1.2209 .3024
(2, 6) 4 194 0.7856 .5354 (5, 11) 4 194 0.2643 .9007
(2, 7) 4 194 2.3709 .0530 (5, 14) 4 194 2.3162 .0578
(2, 8) 4 194 0.6211 .6478 (5, 20) 4 194 1.2151 .3048
(2, 14) 4 194 2.1288 .0777 (6, 7) 4 194 2.2728 .0619
(2, 20) 4 194 1.6844 .1541 (6, 8) 4 194 0.1123 .9781
(3, 4) 4 194 1.8656 .1170 (7, 8) 4 194 2.0983 .0815
(3, 5) 4 194 1.5582 .1860 (14, 20) 4 194 1.1022 .3560
(3, 11) 4 194 1.1202 .3474 All pooled 40 158 1.4506 .0474

THE REVIEW OF ECONOMICS AND STATISTICS982

11



4 Athey, Levin, Seira (2011), Comparing Open and Sealed Bid

Auctions: Evidence from Timber Auctions, Quarterly Journal of

Economics 126, 207

This is a structural paper that examines the question of detection. It is worth noting from the

outset that a closely related paper is Baldwin, Laura, Robert C. Marshall and Jean-Francois Richard

(1997) Bidder Collusion at Forest Service Timber Sales, Journal of Political Economy 105(4) 657.

To see the evolution in style in the structural approach it is worth reading the two papers side by

side. That said, for time reasons I will just talk about the Athey et al paper.

The research questions: i) what is the revenue ranking of open and sealed auctions with asym-

metry between bidders? and, ii) is there evidence of non-competitive bidding? (for my taste, these

should have been two separate papers, as the composite is a bit unfocused, but that’s hardly a

reason to not like the paper)

4.1 The model

• consider a single tract as a unit of observation. Auction is either open outcry or FPSB. N

potential bidders who much pay K to enter the auction. Learn their private value and the

number of competing bidders when they enter. Number of participants conditional on entry

is n

• private values are vi ∼ Fi

• there are two types of bidder: loggers and mills (mills are bigger and have manufacturing

capacity). Indicate with subscript L and M respectively.

• The authors assume in some parts that FM stochastically dominates FL but not important

for structural part

• equilibrium is a bidding function, b, and entry probability, p, for each type of bidder

• conditional on entry, bid functions are completely standard (e.g. open v = b and fpsb, v =

b - markup)

• the entry part is a little more non-standard:

– assume that bidders enter if the expected profit > 0, that is

πi(p)−K > 0

12



where

πi(p) =
�

n∈N
profit given participants× probability of participant mix

The following gives uniqueness:

214 QUARTERLY JOURNAL OF ECONOMICS

Unlike the sealed bid auction, the open auction is efficient: the
entrant with the highest value wins the auction.

II.C. Equilibrium Entry

We now characterize equilibrium entry. Let !!L( nL, nM) and
!!M( nL, nM) denote the expected logger and mill profit in auction
format " ! {o, s} if the set of participants n includes nL loggers and
nM mills, and participants use equilibrium bid strategies. Then
bidder i’s ex ante expected profit from participating is

#!i ( p) =
!

n!N

!!i ( nL, nM)Pr [nL, nM | i enters, rivals play p"i] ,(4)

where p=( p1, . . . , pM+L) is the profile of entry probabilities, and
!!i equals !!L or !!M depending on whether i is a logger or mill.
Entering is optimal if the expected profit #!i ( p) exceeds the entry
cost K.

A type-symmetric entry equilibrium ( pL, pM) exists for both
auction formats, but in general it need not be unique. The follow-
ing result is useful in this regard.

PROPOSITION 1. Suppose that for all nL, nM, !s
M( nL, nM + 1)>

!s
L( nL, nM). Then there is a unique type-symmetric entry equi-

librium for both auction formats. In equilibrium, either pL = 0
or pM = 1.

The uniqueness condition requires that mills have a sufficient
value advantage over loggers to outweigh the effects of facing an
additional bidder. As a matter of theory it is rather strong. In our
empirical work, however, we estimate bidder value distributions
without making any equilibrium assumptions about entry behav-
ior and then verify that the condition holds for each sale tract in
our data. Thus the calibrated version of our model always has a
unique type-symmetric entry equilibrium. In our data, we observe
logger entry in more than 85% of sales and always more potential
logger entrants than actual logger entrants, so the empirically rel-
evant equilibrium appears to be one in which each logger enters
with probability between 0 and 1.

Although we focus on the type-symmetric equilibrium, the
condition in Proposition 1 also greatly restricts the broader set of
possible entry equilibria. If the bidder value distributions lead to
this condition being satisfied (as is the case with our estimated
value distributions), then in any equilibrium where any logger
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– Note that in the structural estimation this is not assumed, but the condition on profits

can be checked to see if appropriate to impose the uniqueness in the characterization.

It’s a neat bit of theory to cut through a bunch of thorny empirical modeling issues.

The upshot is that in equilibrium, all mills enter and the loggers randomize.

• To model collusion, we assume that the mills collude and only do so in the open outcry

auctions (this follows informal industry commetry).

• Further, the mills collude perfectly and frictionlessly (c.f. Asker 2010). This means that the

highest value mill enters only. Without endogenous entry this would be fairly anodyne from

an efficiency point of view. But with endogenous entry this will affect the returns to loggers

and thus affect the loggers entry process.

• so maintained assumption is no collusion in FPSB auctions and that their may be in the open

outcry auctions.

4.2 Data

The paper uses data from CA and ID/MT (the norther forests). Lets look through the summary

stats. The reduced form part of the paper uses the fact that in the northern forests their was

randomization into auction format for a subsample of the data. For the structural part, this is not

important.
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4.3 Structural Analysis

The research questions can be expressed more tightly now:

1. can a calibrated version of the model capture departures from revenue equivalence

2. can we use the model to asses the extent of any departures from competitive bidding

3. what is the welfare impact of changing auction format

I will focus on the second question

The idea will be to use bid and entry data from FPSB auctions to estimate parameters for the

model. Recall the maintained assumption that the FPSB auctions are competitive.

Following that, we use the model to predict the data. For FPSB auctions this is a measure of

fit exercise. For open outcry auctions, this is a joint test of the modeling assumptions, including

competitive bidding.

4.3.1 Estimation

Estimation proceeds in two steps: first use a parametric implementation of the GPV approach to

get the value distributions. Second, use this to get profits to pop out the entry cost from the entry

data.

I threshold question to consider is why the authors wanted to use a parametric model rather

than the non-parametric modeling approach?

Let’s look at the estimation of the value distributions first. Mostly, this is about getting a model

of bids.

• The idea here is to posit a parametric model of the bid distribution, with unobserved auction

heterogeneity, and then use the first order condition, in the spirit of GPV, to pop out the

implied distribution on private information (values)

• recall that, conditional on entry, the number of bidders is known

• let bidders valuations be given by

FL(.|X,u,N)

and

FM (.|X,u,N)

18



with corresponding bid distributions being

GL(.|X,u,N, n)

and

GM (.|X,u,N, n)

X is observed auction heterogeneity and u is unobserved (to the econometrician) auction

heterogeneity.

• Lastly we need a distribution on u, the unobserved (to the econometrician) auction hetero-

geneity.

• The parametric assumptions are that Gk’s have a Weibull distribution and u has a gamma.

The Weilbull-Gamma combo turns out to make it easy to write the likelihood...

• So:

Gk(b|X,u,N, n) = 1− exp

�
−u.

�
b

λk(X,N, n)

�ρk(n)
�

where

log λk(X,N, n) = XβX +NβN + nβn + β0

and

log ρk(n) = nγn + γ0

• lastly, u is distributed gamma with mean zero and variance θ.

• Estimation is via MLE. The log-likelihood is in the online appendix, which I reproduce here

for reference:

19
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• Once you have the estimated bid model, it is easy to use the FOC’s a la GPV to pop out a

value distribution (conditional on a value of u). Let’s look at the results
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FIGURE I
Actual versus Estimated Density of Sealed Bid Residuals (Northern Sales and

CA Sales)
Notes. Figures show estimated and actual distribution of bid residuals from

sealed bids in Northern sales (A) and California sales (B). The bid residual for
bid i in auction t is defined as !it = bit/ exp( Xt"X + Nt"N ), using the estimated
b’s. The plotted distribution of bid residuals is smoothed using a kernel. Esti-
mated bid residuals are those predicted by the Gamma–Weibull bid distribution
model.
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FIGURE II
Estimated Value Distributions and Bid Functions for the Case of Two Loggers

and Two Mills (Northern Sales and CA Sales)
Notes. Figures show estimated value distributions and equilibrium bid func-

tions for a sale in the Northern region (A) or California (B) with average covariates,
and u = 1, assuming that two loggers and two mills participate in the auction.
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Now we turn to the estimation of the entry model. The parameter to recover is the entry cost,

K.

• From theory, all mills enter. So entry is estimated off the behavior of the loggers.

• The first thing we need is the set of potential entrants: this is taken from the set of all entrants

from the previous year.

• Next we need to write down the entry condition:

Π(X,N) =
�

n∈N
πL(X,N, n)Pr(n|X,N, n, i ∈ n) = K(X,N)

• From the bid fuction and value distribution estimation above, we can work out πL(X,N, n),

so the only thing is to estimate the probability of the numbers of loggers turning up. WIth

rich enough data this could be done merely by counting, here however, we have to take a

slightly more parametric approach:

246 QUARTERLY JOURNAL OF ECONOMICS

Here Pr[n|X, N, i ! n, ! ] is the probability that n = (nL, nM) bidders
enter given that i enters.

Our estimated value distributions already provide an esti-
mate of "!L( X, N, n). We use the sealed bid data to construct an
estimate of bidder’s beliefs about opponent entry. In equilibrium,
nM = NM, whereas loggers independently randomize their entry
with identical probability ps( X, N). The distribution of logger en-
try is therefore binomial, as is the distribution of opponent entry.
In particular,

Pr[nL|X, N, i ! n, s] =
!

NL " 1
nL " 1

"
ps( X, N)nL!1 (1" ps( X, N) )NL!nL .

(12)

For estimation, we specify a parametric model:

(13) ps( X, N) =
exp (X#X + N#N)

1 + exp (X#X + N#N)
.

We estimate the parameter vector # by maximum likelihood using
the observed logger entry into sealed bid auctions. These
estimates are reported in Table IV.25

Putting the estimated equilibrium profit function "s
L(X, N, n)

together with the estimated probability of logger entry ps(X, N),
we use (11) to compute the predicted logger profits from a sealed
bid auction, $s

L(X, N), as a function of the characteristics (X, N).
Then, treating each tract in our sample as an (X, N) pair, we im-
pute for each tract an entry cost K(X, N) = $s

L(X, N). We estimate
a median entry cost of $2,870 (s.e. $325) for the Northern forests
and $5,056 (s.e. $673) for the California forests. As the costs of
surveying a tract can run to several thousand dollars, this seems
reasonably consistent with our prior beliefs about the costs of ac-
quiring information.26

25. With these estimates in hand, we can check if our assumption of that the
probability of logger entry was strictly positive even for the few tracts where we
observe zero logger entry. If this were so, we should expect the data to contain
significantly more auctions with zero logger entry than is predicted by the binomial
model. They do not.

26. As a point of comparison, we estimate that across tracts in our sample the
median expected mill profit from a sealed bid auction is roughly $45,000 gross of
entry costs. Our analysis assumes a type-symmetric entry equilibrium. A similar
analysis is possible under the assumption that potential entrants play a pure
strategy entry equilibrium. In this case, the strong asymmetry between mills and
loggers ensures a unique number of mill and logger entrants for any entry cost, and
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• Then, recover K for each auction (ie. X,N pair) by setting Π(X,N) = K(X,N)

So how does the model fit? and what can we learn about competition in the open auctions?

23



COMPARING OPEN AND SEALED BID AUCTIONS 249

step, however, provides a demanding test of the theory. We use
the model to predict the outcomes of the open auctions and com-
pare these predictions to the data. Here we are asking the model

TABLE V
ACTUAL OUTCOMES VERSUS OUTCOMES PREDICTED BY MODEL

Notes. Column (1) shows average outcomes for sale sealed bid or open sales in the region. Column (2)
shows predicted outcomes from the model for those same sales, conditional on the number of entering firms
observed in the data. Column (3) shows predicted outcomes based on the equilibrium model of entry and
bidding. All standard errors obtained by a parametric bootstrap.
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The hypothesis that the actual price and the predicted price for Northern open auctions are the

same is rejected. Whether this difference is economically important is open for debate. One thing

the authors do is disaggregate this difference a little into auctions with different entry patterns.

See below
COMPARING OPEN AND SEALED BID AUCTIONS 251

TABLE VI
ACTUAL VERSUS PREDICTED SALE PRICES BY MILL PARTICIPATION

Notes. All numbers are for sales in the Northern region. Column (1) shows average sales prices for sales
with zero, one, or two or more participating mills. Columns (2) and (3) show predicted prices for these sales
based on the estimated model.

at conventional confidence levels. An assumption of mildly coop-
erative behavior on the part of participating mills appears to pro-
vide a better match than either the competitive or fully collusive
extremes.

It is worth noting that this conclusion is not sensitive to our
assumption that the sealed bid auctions are competitive. If we as-
sumed a degree of collusion in the sealed bid auctions, we would
infer a higher distribution of bidder values from the data. This
would reinforce the finding that open auctions appear less than
perfectly competitive. A possibility is that there is collusion at a
small fraction of the sales. We should note, however, that when
we looked at the open auctions for which the predicted price is
substantially above the actual price, we did not find any obvious
pattern.

As statistical detection of collusion is known to be a difficult
problem (e.g., Bajari and Ye 2003), it is interesting to consider
more refined predictions of the collusive model. One such predic-
tion concerns the relationship between prices and the number of
participating mills. For sales with zero or one mill, the compet-
itive and collusive model yield identical predictions. Any effect
of mill collusion should appear only in sales with more than two
mills.

To explore this, we divide the sales in the Northern region
into three groups: those with zero participating mills, one
participating mill, and two or more participating mills. Table VI
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In thinking through this paper as a detection device, bear in mind that at heart what is going on

is a completely specification test, and that the model is perhaps most extreme in the assumptions

about the entry of the mills.
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Lectures on Auction Empirics, Collusion and Bidding Rings:

Detection of Collusion in Auction Settings

John Asker∗

December 7, 2013

1 Preliminaries

The objective here is to circle back on the issue of damages, give a quick sense of how it tends to be

talked about by lawyers (or at least American lawyers) and talk about some of the issues I think

are not yet well developed in the literature.

2 Damages

Already we have seen a structural approach to damage assessment (Asker, 2010). Here I want

to review the basic lawyer approach (for which the ABA’s book Proving Antitrust Damages is a

useful reference) and look at an example of a reduced form approach, as a sort of comparison to a

structural approach. You should think about when one approach might be preferred to another.

2.1 Basic approaches to damages assessment

More or less, there are four approaches to building a but-for price to use to work out how much a

cartel affected pricing (and hence damages, whether economic or ‘antitrust’):

1. Before - During

This is pretty much what you expect: Compare prices before to prices during. Think of it as

an RDD if you like.

The implementation tends to come in two flavors: the first is to run a regression of prices

on stuff, and include a dummy variable for the collusive period. If you do this, you need to

∗Leonard N. Stern School of Business, NYU. Email: jasker@stern.nyu.edu, Office: KMC 7-79, www.johnasker.com
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know how the cartel works to be confident in the functional form assumption implicit in this

dummy variable approach.

An alternative is to use a prediction model. That is, to build a ‘forecasting’ model using

the non-cartel period and use the covariates from the cartel period to forecast what the

price would have been under competition. This makes some sense, but i’d like to see some

model verification on out-of-sample competitive prices. This is not always feasible given data

however.

2. Before - During - After

This is pretty much what you expect: Compare prices before to prices during. Think of it as

an RDD if you like with two D’s. Comments above apply here too.

3. Benchmark

This comes in a few flavors. The first is to pick a comparable product that is very similar and

compare the prices. The problems are obvious. A more refined approach is to do something

like compare the markups or similar. Still, problems exist. A yet more refined approach is to

look at cost data from products that were and were not cartelized and build the comparison

set from there.

Basically, it’s a rough Diff, with all the problems that that implies.

4. Benchmark with Diff-in-Diff

The standard diff-in-diff is a useful tool. Something to keep in mind is what the sampling

theory is, for example if you are using panel data have a look at “Inference with Difference

in Differences in Panel Data Review of Economics and Statistics, Vol. 89, 2007, pp. 221-233

An example of a Before-During forcasting model is this picture from Froeb and Shor.1

1Auction Models, Chapter IX in Harkrider, John, ed. (2005), Econometrics: Legal, Practical, and Technical

Issues, American Bar Association, pp. 225-246.

2



236 ECONOMETRICS 
 
 

0.8

0.9

1

1.1

1.2

1.3

11/17/1986 11/17/1987 11/16/1988

Actual
Price

Estimated
Price

3.75

3.50

3.25

3.00

2.75

2.50

2.25
            1/1/1987                         1/1/1988                           1/1/1989

COLLUSION COMPETITION

pr
ic
e

date  
Figure 1. Actual and estimated prices for frozen perch at auction.   
The thick line represents observed prices. The thin line marks estimated 
prices calibrated to “competition” prices and backcast into the collusive 
period. 
 
 In Figure 1, the average price paid by the DPSC for frozen perch 
filets from 1987 through September, 1989, is plotted using a bold-faced 
line.  The period before and after prices fell are marked as the 
“collusion” and “competition” periods, respectively.  Using data on fresh 
perch as a cost variable, observed prices were regressed on costs for the 
competitive period to determine the relationship between costs and 
prevailing prices.  These estimates then allow a “backcast” into the 
collusive period to determine what prices would have prevailed absent 
the conspiracy.  The thin line marks the predicted price from the 
regression.  Note that during the competitive regime, prices are quite 
volatile, while during the collusive regime, price is relatively 
unresponsive to large seasonal swings in costs, represented by the 
variation in estimated prices.  During the collusive period, actual prices 
are on average 23 percent higher than the prices predicted by the 
estimation.  Consequently, damages were computed as 23 percent of the 
total volume of commerce. 
 The above analysis is simplified by observing both a competitive and 
collusive regime.20  Other natural experiments may allow for a contrast 
                                                           
20. For other forecasting approaches, see Jeffrey H. Howard & David L. 

Kaserman, Proof of Damages in Construction Industry Bid-Rigging 
Cases, 34 ANTITRUST BULL. 359 (1989); John P. Nelson, Comparative 

Something to thing about is how a structural approach fits into this typology.

Now let’s look at academic work, that takes a reduced form approach.

2.2 Porter, Rob and Douglas Zona (1999), Ohio school milk markets: an anal-

ysis of bidding, RAND Journal of Economics Vol. 30, No. 2, pp. 263-288

The genesis of this paper is the case State of Ohio v. Louis Trauth Dairies. Much of the data comes

from information collected during the case. In this case 13 dairies were charged with collusion in

school milk auctions between 1980 and 1990. Here we will just focus on the damages part of the

paper.

The paper focuses on the 3 cartel milk processors that operate around Cincinatti. The cartel

agreement was a non-compete agreement, that respected incumbency. So this is a weak form of

market division.

School milk is bought via a procurement process that is similar to the road construction process

we considered in the earlier Porter/Zona paper. The key factor is that distance is a really big deal.

Let’s look through the paper...

3
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FIGURE 1 

1987 REGIONAL SUPPLY CONCENTRATION AND PLANT LOCATIONS 
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TABLE 2 Probability of Bidding and Winning Conditional on Distance from Plant to School 

District 

Distance in Number of Probability of Proportion of Probability of Proportion of 

Miles Districts Bidding All Bids Winning Winning Bids 

(a) (b) (c) (d) (e) 

0-10 2,115 19.5% 20.1% 13.6% 22.9% 

10-20 3,197 14.0 21.7 8.9 22.5 

20-30 3,840 7.6 14.2 4.9 15.0 

30-40 4,526 5.5 12.1 3.4 12.1 

40-50 5,637 2.3 6.3 .9 4.2 

50-60 6,440 1.9 5.9 1.0 5.0 

60-70 5,314 1.4 3.7 .5 2.0 

70-80 6,732 1.4 4.7 .8 4.4 

80-90 5,200 1.0 2.5 .6 2.5 

90-100 4,885 1.2 2.8 .7 2.8 

100-150 26,079 .5 6.1 .3 6.6 

Notes: Columns (b) and (d) report, for each distance category, the percentage of districts in which firms 

submitted a bid or the winning bid, respectively. Columns (c) and (e) total 100% and report the fraction of 

all bids or winning bids, respectively in each distance category. Results are based on a total of 2,053 submitted 

bids from control group firms out of 73,965 bid opportunities; 1,260 of these were winning bids. 
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TABLE 1 Characteristics of Ohio School Milk Dataset 

Number of 
Number of Plants Number of 

School Operated by Dairies Average Price Average FMO 
Districts Total Enrollment Submitting Submitting Per Half-Pint Price for Raw 

Year or Cooperatives in School Districts Dairies Bids ($0.00) Milk 

(a) (b) (c) (d) (e) (f) 
1980 366 1,257,925 54 43 .1282 .0718 

1981 398 1,379,619 50 44 .1295 .0769 

1982 415 1,371,164 46 40 .1295 .0760 

1983 436 1,415,281 48 40 .1288 .0764 

1984 448 1,430,644 53 38 .1313 .0741 

1985 463 1,460,697 48 35 .1322 .0708 

1986 481 1,457,437 47 36 .1304 .0700 

1987 494 1,566,591 46 33 .1310 .0701 

1988 509 1,520,635 44 30 .1338 .0666 

1989 491 1,564,869 43 26 .1389 .0708 

1990 412 1,296,587 43 26 .1575 .0797 

Notes: Dollars per hundred weight, FMO #33 class 1 Fluid Milk, 186 half-pints per hundred weight. Prices 
quoted for July of each year. 

potential suppliers, then under a set of standard assumptions either one or two bids 
would be observed. The low-cost supplier would submit a bid just below the cost of 
the next-lowest-cost supplier, and the next-lowest-cost supplier would be indifferent 
between bidding at its own cost or not bidding. About 43% of all bids are submitted 
by the firms with the plant closest to the district, and 8% by the firm with the second- 
closest plant. Among winning bids, 49% are submitted by the firms with the closest 
plants, and 8% by those with the second-closest plant. 

[E Bid submission. In a competitive market a firm will submit a bid in a particular 
district whenever the probability of winning is relatively high, and when the expected 
return covers both the costs of preparing the bid and the incremental costs of supplying 
the district. A reduced-form model of bidding behavior should account for variables 
that reflect the potential bidder's absolute and relative advantage in serving a district. 
For example, variables that may be important in characterizing these advantages include 
whether or not the firm (i) has significant transportation costs to the particular district, 
as reflected by the distance from the district to the plant; (ii) is a distributor or a 
processor of milk; (iii) is the closest potential supplier (and so the most likely low-cost 
supplier for that district); (iv) is the second-closest, and hence likely the second-least- 
costly, potential provider; (v) is bidding on a large or small school district, as larger 
districts may require more time and energy to prepare a bid; and (vi) can efficiently 
provide the specified milk under the terms of the contract (whether or not coolers are 
required, or whether fixed price or indexed contracts are specified, for example). 

From available bidding data, we estimate how these factors affect the bid-submis- 
sion decision of the control group of nondefendants. A list of the variables employed 
is contained in Table 3. Table 4 presents the results from the estimation of several 

? RAND 1999. 
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FIGURE 3 

PREDICTED LEVEL OF SUBMITTED BIDS BY DISTANCE: CONTROL GROUP 
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bidder fixed effects and with district and bidder fixed effects, and the tests lead to the 
same conclusion. 

Next, we test for differences in the statistical process generating the level of bids, 
using a LaGrange Multiplier test of equal slope coefficients in the bid-level equations.20 
For each of the Cincinnati defendants we use the following procedure: (1) compute the 
predicted bid for the firm based on the control group bid equation estimates; (2) con- 
struct a residual (the difference between actual and predicted bids) for each school 
district and year when possible; (3) regress these residuals on the independent variables 
in the control group bid equation; and (4) compute an F-statistic to test whether all the 
slope coefficients equal zero. The null hypothesis is that the slope coefficients for the 
control group data and the defendants are identical. The intercepts could differ, allowing 
a firm to have higher or lower bids, on average, under the null. Each of the test statistics 
leads to a rejection of the null hypothesis at any conventional significance level. The 
test statistic was computed for the other specifications considered, bidder fixed effects 
and district and bidder fixed effects, and we reach the same conclusions. 

We conducted similar tests of the determinants of the level of bids for each of the 
15 control group firms for which sufficiently many observations are available. In all 
but three cases, we cannot reject the null hypothesis of identical slope coefficients at 
5% significance levels. 

To summarize, the bidding behavior of each of the Cincinnati defendants differs 
from that of the control group. Behavioral differences are not necessarily the result of 
anticompetitive behavior. We are interested in the nature of the differences in behavior 
of the defendants from the control group. 

E Comparison to a collusive strategy. We are faced with a standard problem in 
antitrust economics: distinguishing between competitive and collusive behavior.2' In 
our previous work in highway construction auctions, we identify collusion by (1) fo- 
cusing on bid levels rather than submission decisions, because conspirators apparently 
submitted complementary bids; (2) identifying differences in the determinants of the 
rank order of cartel bids relative to that of other firms; and (3) observing that the rank 

20 The LM test was used for convenience. Of course, other test procedures (such as likelihood ratio) 
could have been used. 

21 Baker and Bresnahan (1992) discuss related methods of detecting the exercise of market power. 
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Now let’s look at the damages assessment approach. The idea is a form of benchmark approach,

using variation across markets in the extent of the exposure to the cartel firms to create a sort of

continuous variable capturing the extent of the cartel’s influence on the market price. First let’s

look at the variables used, then the regression that is used to pop out a damage estimate.

284 / THE RAND JOURNAL OF ECONOMICS 

We estimate using OLS the effect of variables that determine costs for the most 
efficient provider and other variables on the standardized price of the winning bid for 
district-year combinations in our sample. Table 8 describes the variables used in the 
analysis. The sample covers about 400 districts, including those outside the south- 
western region. Annual dummy variables control for changes in the raw milk price, 
changes in uncertainties in the raw milk price over time, and changes in the costs of 
packaging year to year. We also control for district enrollment, the number of deliveries, 
and other characteristics of the school district. We include two relative location vari- 
ables. One accounts for the effects of the distance from the closest plant to the school 

TABLE 8 Variable Definitions 

Dependent Variable 

Log of standard bid The natural logarithm of the standardized bid of the winner of the district. 

Independent Variables 

Equivalent firms The equivalent number of equal-sized firms assuming competition, based 
on the Herfindhal index described in the text. 

Equivalent firmsA2 The square of Equivalent firms. 

Delta The difference between the equivalent number of equal-sized firms as- 
suming competition and the equivalent number of equal-sized firms 
assuming collusion. 

DeltaA2 The square of Delta. 

Closest Approximate distance (in miles) between the district and the closest 
plant. 

Second closest Approximate distance (in miles) between the district and the second- 
closest plant. 

Log of district The natural logarithm of the number of students enrolled in the district 
enrollment in the 1993-1994 school year. 

Number deliveries When available, number of deliveries per week (otherwise Number de- 
liveries is zero and Delivery missing is one). 

Indicator Variables 

No cooler One if information on coolers available and no cooler supplied, zero oth- 
erwise. 

Cooler provided One if information on coolers available and cooler supplied, zero other- 
wise. 

Fixed bid One if information on escalator clauses available and bid is fixed, zero 
otherwise. 

Escalator One if information on escalator clauses available and bid is not fixed, 
zero otherwise. 

Straws not included One if information on straws available and no straws supplied, zero oth- 
erwise. 

Straws included One if information on straws available and straws supplied, zero other- 
wise. 

Delivery missing One if no information available on deliveries per week, zero otherwise. 

Region One if the district is in the western part of Ohio, zero otherwise. 

1981-1990 One if bid was made in the indicated year, zero otherwise. 

?) RAND 1999. 
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TABLE 9 Estimated Market Price Equation 

Variable Coefficient t-statistic 

(a) (b) 
Constant -1.7794 114.3 

Equivalent firms -.0150 6.9 

Equivalent firmsA2 -.0003 1.1 

Closest -.0004 3.2 

Second closest .0003 3.4 

Log of district enrollment -.0134 13.7 

No cooler .0041 .9 

Cooler provided .0076 3.3 

Fixed bid -.0024 .3 

Escalator -.0096 3.0 

Straws not included -.0020 .9 

Straws included .0033 1.1 

Number deliveries .0007 .8 

Delivery missing -.0009 .4 

1981 Indicator -.0303 1.1 

1982 Indicator -.0572 1.4 

1983 Indicator -.0744 4.1 

1984 Indicator -.0814 5.7 

1985 Indicator -.0593 3.3 

1986 Indicator -.0987 7.3 

1987 Indicator -.1118 8.3 

1988 Indicator -.0927 6.3 

1989 Indicator -.0367 .2 

1990 Indicator .0992 14.2 

.6239 

Observations 3,431 

Degrees of freedom 3,407 

Note: Model is estimated using data from all districts. The model controls 
for the effects of collusion by including the variable Delta and related 
variables. The estimated effect of collusion is presented on the next table. 

then prices could be about half a cent (or about 5%) higher than they otherwise would 
be. Districts further from potential competitors face higher markups, and districts closer 
to the plants of competitive firms would pay lower markups. 

7. Summary 
* The empirical work in this article exploits specific features of school milk markets, 
and we would not necessarily advocate using similar methods to study other auction 
? RAND 1999. 
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TABLE 10 Estimated Effect of Collusion on the Price Paid by School Districts 

Estimated Estimated Estimated Estimated Effect 
School Delta Estimated DeltaA2 Interaction Average Conditional on 
Year Coefficient Coefficient Coefficient Effect Incumbency 

(a) (b) (c) (d) (e) 
1980-1981 -.00140 -.00150 .00163 3.0% 3.2% 

1981-1982 .01304 .01167 .00103 11.3% 40.2% 

1982-1983 .02731 .00225 .00098 8.6% 23.2% 

1983-1984 .02995 -.00970 .00156 4.5% 1.1% 

1984-1985 .02147 .00106 .00199 6.7% 19.7% 

1985-1986 .02684 -.00230 .00122 5.4% 11.5% 

1986-1987 .02425 .00173 .00130 6.5% 20.5% 

1987-1988 .00368 .02901 .00060 3.3% 49.0% 

1988-1989 -.02270 .03636 .00229 2.9% 29.4% 

1989-1990 -.04940 .01340 .00410 -1.6% 3.4% 

1990-1991 -.02010 -.01260 .00634 -.3% -8.3% 

Note: The table reports the estimated coefficients on the collusion indices described in the text. We have 
estimated the effect of collusion based on the mean values of the variables used in the regression. The results 
reported in column (d) are the expected markups for all districts over competitive prices, in percent. 

markets. For example, an unusual feature of Ohio school milk auctions is that few bids 
are submitted, even relative to school milk auctions in other states. An important com- 
ponent of strategic decisions in this market is whether to submit a bid. 

We also focus on the role of distance in bidding decisions. Processed milk is 
relatively expensive to ship, and competition is localized. We emphasize the fact that 
two of the three Cincinnati dairies tend to submit relatively low bids for distant school 
district contracts, and yet submit higher bids close to their plant. We document these 
patterns with a reduced-form bidding model that ignores characteristics of potential 
rivals, except to the extent that we control for district-specific fixed effects, in large 
part because we cannot be sure whether other firms were indeed rivals. In the case of 
the Cincinnati dairies, this omission should bias the results in their favor. Had they 
competed aggressively, bids for nearby districts should have been relatively low, as 
there were three local potential suppliers. Yet the local Cincinnati prices were relatively 
high, especially in comparison with the distant bids of the Cincinnati dairies. An in- 
verted price umbrella is consistent with local monopoly power, but local monopoly 
power in Cincinnati is consistent only with collusion. 

The detection of collusion in auction or other markets is necessarily case specific, 
as the details of an optimal collusive scheme depend on a number of factors. The study 
of auction markets can nevertheless inform the study of collusion in other markets. 
Data are often available on the bids of all participants in an auction, and the auction 
rules define the set of strategic considerations. Under these circumstances, a detailed 
study of strategic behavior is feasible, and it may be possible to isolate behavior that 
is inconsistent with competition. A contribution of this article is to describe some 
features of a conspiracy among a group of neighboring suppliers, when the conspirators 
are protected locally from competition by the transportation costs borne by distant 
suppliers, and when the conspirators compete on a relatively equal footing with other 
? RAND 1999. 
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Note the reduced form approach. What does it miss? what are the limits of this approach?

As far as research goes, I tend to think of damages as interesting, mainly for understanding

how economic distortions impact market participants, as distinct from merely by how much price

goes up. Have a think through the difference between this Porter-Zona paper (which I admire)

and the stamp cartel paper I presented earlier, in terms of the economic phenomena that are being

explored.
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3 Open Questions

There are lots of interesting economics still to be explored in thinking about collusion as it relates

to auctions. Note that much of it is also a general issue in collusion separate from auctions. As far

as collusion goes, I tend to think of auctions as a very neat environment in which to think about

collusion...

Here are some of the things that bother me from time to time...

• Damages are almost always thought of as a intensive margin issue - what about the extensive

margin? (c.f. recent auction literature on entry)

• We tend to focus on the product market, but if MRP’s are affected then why should we also

be concerned about the inputs markets?

• How does structure affect performance?

• How do we think of regulatory exploitation or capture? (c.f. the paradox of proof that Kaplow

talks about)

• Do specific markets give rise to specific challenges? e.g. ACO’s in US health care or IP

markets (c.f. Litigation alleging RPX is a buyers cartel, and more generally rules around

licensing)

• Are we sure we understand anything about side-payments? e.g. subcontracting, litigation

settlement etc

• Is there anything systematic to say about why we see such a wide range of practices (Marshall

and Marx have a little on this, but likely more to be said).

• Should we ever take tacit coordination stories seriously? (c.f. footnote 3 (or maybe 4) in

Green and Porter)

• Do we fully understand coordinated bidding in common value settings (c.f. a super RAND

paper by Hendricks, Porter and Tan, but again more to be done)? Almost certainly, there is

progress to be mode on the policy side here.
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