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THE AFFILIATION EFFECT IN FIRST-PRICE AUCTIONS

BY JORIS PINKSE AND GUOFU TAN1

We study the monotonicity of the equilibrium bid with respect to the number of
bidders n in affiliated private-value models of first-price sealed-bid auctions and prove
the existence of a large class of such models in which the equilibrium bid function is not
increasing in n. We moreover decompose the effect of a change in n on the bid level
into a competition effect and an affiliation effect. The latter suggests to the winner of the
auction that competition is less intense than she had thought before the auction. Since
the affiliation effect can occur in both private- and common-value models, a negative
relationship between the bid level and n does not allow one to distinguish between
the two models and is also not necessarily (only) due to bidders taking account of the
winner’s curse.

KEYWORDS: Affiliation effect, first-price auctions, affiliated private values, the win-
ner’s curse.

1. INTRODUCTION

THERE ARE TWO PARADIGMS in auction theory: the private- and common-
value (CV) paradigms. In the private-value paradigm, each bidder knows her
own valuation of the object to be auctioned and the only uncertainty is how
much other bidders value the object. The valuations of bidders can be ei-
ther independent (IPV) or affiliated (APV). In a pure CV setting, all bidders
attach the same value to the object ex-post, but the exact value of the ob-
ject is unknown ex-ante. More generally, in the affiliated value (AV) model,
the valuations can depend on a common unknown factor as well as on an
idiosyncratic private signal where all the signals and the common factor are
affiliated.2

A fundamental question in auction theory is whether it is possible to distin-
guish these two paradigms empirically. This question is important from both
positive and normative perspectives. A bidder’s optimal strategy is different
under the two paradigms and bidders hence behave differently in the two en-
vironments. The predictions of auction theory regarding the optimal design of
auctions therefore depend on the paradigm. For instance, if the auction envi-
ronment is CV, policy instruments may be introduced by the seller to minimize

1This paper is based on research that was financially supported by the Social Sciences and Hu-
manities Research Council of Canada. We thank Ken Hendricks for encouraging support and sug-
gestions and Susan Athey, Phil Haile, Vijay Krishna, Bob Marshall, Charlie Mullin, Mike Peters,
Tomas Sjöström, Charles Zheng, the coeditor, the referees, and seminar participants at Carleton
University, Ohio State University, Queen’s University, and the Universities of British Columbia,
California (Los Angeles and Santa Barbara), Montreal, and Toronto, and the North American
Summer Meetings of the Econometric Society at UCLA for useful comments.

2See Wilson (1977) and Milgrom and Weber (1982) for pioneering studies of general AV mod-
els. The APV model has been studied by a number of authors. See, for instance, Matthews (1987),
Laffont and Vuong (1996), and Li, Perrigne, and Vuong (2000, 2002).
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the impact of the winner’s curse. Being able to identify the applicable par-
adigm will enable one to test game theoretic predictions and provide better
policy/strategy advice.

Laffont and Vuong (1996) have shown that for any fixed number of bidders,
any symmetric AV model is observationally equivalent to some symmetric APV
model if only bids are available. This result illustrates some difficulties of using
structural models of auctions to recover the underlying distributions of sig-
nals and values among bidders. It also raises the question of whether one can
instead exploit exogenous variation in the number of bidders to differentiate
between the two paradigms.

Numerous studies have provided evidence for a negative relationship be-
tween the bid level and the number of bidders in first-price sealed-bid auc-
tions, particularly in the context of the sale of oil and gas leases. For instance,
Gilley and Karels (1981) found that individual bids still decrease with the num-
ber of bids after taking sample selection bias into account. Hong and Shum
(2002) found a similar relationship between the bid level and the number of
bidders in the context of first-price auctions for construction contracts. Such
results may lead researchers to attribute a nonmonotonically increasing rela-
tionship between (average) bid and number of bidders to the auction being of
the common-value type.3

The justification for the above method of inference appears to be straight-
forward. In the CV and AV models, the equilibrium bid in first-price auctions
can decrease in the number of bidders since the winner’s curse effect can domi-
nate the competition effect.4 This implies that restricting the number of bidders
can raise the price and benefit the seller. In APV models, where the winner’s
curse is absent, however, it is commonly believed that in first-price auctions
the presence of additional bidders always increases the price as is the case in
IPV models. The only theoretical discussion on the monotonicity of bids in
the number of bidders in APV models of which we are aware is in Matthews
(1987). When comparing the seller’s policies of revealing or concealing infor-
mation on the number of bidders, Matthews explicitly makes the assumption
that the equilibrium bid is monotonically increasing in the number of bidders.5

3For a survey on this literature, see Laffont (1997) and Hendricks and Porter (1998). Laffont
(1997) in fact states that “Despite the rather imprecise nature of predictions [·] and [·], observed
bids decreasing in the number of bidders and the winning bid increasing in 1/n have been consid-
ered as support of the theory when they should at best be viewed as rejection of the private value
model” (p. 12).

4See, for instance, Rothkopf (1969), Smiley (1979), Matthews (1984), and Wilson (1992) for
illustrations. The winner’s curse is usually associated with the fact that the value of the object to
the winner of the auction is less than what she had expected before the auction. A rational bidder
takes into account the winner’s curse effect. See Bulow and Klemperer (2002) for an interesting
discussion on the relationship between price and the winner’s curse in common-value models.

5He argues that “This assumption is not only intuitive but apparently weak: I have not found
an example satisfying [the other assumptions in his paper] that violates [it]”(p. 642).
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He further provides a sufficient condition for monotonicity, namely that con-
ditional on a bidder’s valuation, the number of bidders and the maximum of
all rivals’ valuations are affiliated.

In this paper we study a class of APV models with an exogenous number of
bidders in which bidders’ private valuations are affiliated through a common
unknown factor but are independent conditional on that factor. We show that
in this class of models the sufficient condition provided by Matthews (1987)
can be violated and the equilibrium bid function in a first-price auction can
decrease with the number of bidders.

The driving force for our results is what we call an affiliation effect. In the
class of APV models we consider, the distribution of private valuations is a
mixture of distributions indexed by an unknown common component z. Higher
values of z imply that bidders are more likely to draw higher private values.
A bidder knows that winning the auction means that the z-value is probably
smaller than her a priori information suggests that it is. She takes this phenom-
enon into account by reducing her bid accordingly. The greater is the number
of bidders, the greater is the posterior probability of z being small conditional
on winning, and hence the lower is her bid relative to the IPV case. We also
formally separate the affiliation effect from the standard competition effect
and show that the two effects work in opposite directions.

The affiliation effect can occur in both private- and common-value models.
It is different from, but similar to, the winner’s curse effect, which only occurs
in common-value models. With the winner’s curse effect, a larger number of
bidders means that the value of the object to the winner of the auction is less
than she had believed on the basis of her private information. The affiliation
effect is strategic in nature. It does not bear on the ex-post value of the object to
any bidder, but suggests to a winning bidder that the intensity of competition
is less than she had thought. Moreover, without further assumptions on the
auction environment, the relationship between bid level and the number of
bidders does not allow one to distinguish between the private- and common-
value paradigms in first-price sealed-bid auctions.

A natural question to ask is whether the expected winning bid (i.e., price)
can also be decreasing in the number of bidders; this remains an open question.
Developing an example (should one exist) is complicated by the existence of
an additional effect, the sampling effect, which arises because the presence of
one more bidder results in an extra draw from the value distribution. In Pinkse
and Tan (2004) (henceforth referred to as PT) we provide several sufficient
conditions for price to be increasing in the number of bidders.

The paper proceeds as follows. Section 2 compares the monotonicity of the
equilibrium bid function with respect to the number of bidders to that of the
reverse hazard in the context of APV models of first-price sealed-bid auctions.
Section 3 presents our main finding that the equilibrium bid can be locally
decreasing in the number of bidders. Section 4 concludes.
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2. BID FUNCTIONS

We consider the following symmetric APV model and a first-price sealed-bid
auction mechanism with a binding reserve price r. A single indivisible object
is auctioned to n potential buyers who are risk-neutral, n ≥ 2. The value to
buyer i, i = 1� � � � � n, of the object is xi, which is known only to buyer i. The
vector (x1� � � � � xn) is a random vector with distribution function F∗

n and den-
sity f ∗

n with support [x� x̄]n. The number n and the function f ∗
n are common

knowledge. We assume that f ∗
n is affiliated and symmetric in (x1� � � � � xn).

The equilibrium bid function in this setting has been characterized by
Milgrom and Weber (1982), who cover all symmetric affiliated value models.
Following Milgrom and Weber, we first show that the monotonicity of bids as
a function of n depends on the monotonicity of the reverse hazard

R(x�n)= fn−1(x|x)
Fn−1(x|x)�

where Fn−1(·|x) denotes the conditional distribution function of maxj �=i xj given
xi = x and fn−1(·|x) the corresponding density. Affiliation of f ∗

n implies that
Fn−1(·|x) has the monotone likelihood ratio property (MLRP) with respect
to x. Moreover, because f ∗

n is symmetric in its arguments, R is independent
of the identity of the bidders.

To gain some intuition for how an increase in the number of bidders may
change a bidder’s optimal bidding strategy, we conduct the following exercise.
When the n − 1 rivals use the same monotone bidding strategy B(x), the ex-
pected payoff for bidder i by submitting b is

π(xi� b�n)= (xi − b)Fn−1{φ(b)|xi}�
with φ the inverse of the bid function B and hence a monotone function, also.
Note that

∂ logπ
∂b

{xi� b�n}
∣∣∣∣
b=B(xi)

= R(xi� n)φ
′(B(xi))− 1

xi −B(xi)
�

When R is increasing (decreasing) in n, bidder i will bid more (less) aggres-
sively as more rivals follow the same bidding strategy B. In equilibrium, all
bidders take this into account.

To determine the symmetric equilibrium bid function B(·� n), we use the di-
rect revelation approach. Suppose that a bidder of type x reports her type to
be x′. Equilibrium requires that her expected payoff π{x�B(x′� n)�n} be maxi-
mized at x′ = x. The first-order condition for this maximization problem yields
the differential equation

∂B

∂x
(x�n)= {x−B(x�n)}R(x�n)�(1)
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subject to the initial condition B(r�n)= r. The solution to (1) is

B(x�n)= x−
∫ x

r

exp
{

−
∫ x

t

R(s�n)ds

}
dt�(2)

which depends on x, r, and n. The following two lemmas, which follow from
(1) or (2), show formally that the monotonicity of the equilibrium bid with
respect to n is closely related to the monotonicity of R(x�n) with respect to n.

LEMMA 1: Suppose, for all x ∈ (x� x̄), R(x�n) is strictly increasing in n. Then,
∀ r ∈ (x� x̄), ∀x ∈ (r� x̄), B(x�n) is strictly increasing in n.

PROOF: Suppose that, for some n� r and some x̃, B(x̃�n)≥ B(x̃�n+1). Since

∂B

∂x
(r�n)= 0�

∂2B

∂x2
(r� n)=R(r�n)� and R(r�n) < R(r�n+ 1)�

B(x�n) < B(x�n + 1) for x in a neighborhood of r. Therefore, for some
x∗ ∈ (r� x̃],

B(x∗� n)= B(x∗� n+ 1) and
∂B

∂x
(x∗� n)≥ ∂B

∂x
(x∗� n+ 1)�

which violates (1). Q.E.D.

In the IPV model, an extreme case of the APV model, R(x�n) = (n −
1)f ∗

1 (x)/F
∗
1 (x), where F∗

1 , f ∗
1 are the unconditional marginal distribution and

density function of valuations. Clearly, R is strictly increasing in n for all x
and the sufficient condition in Lemma 1 is satisfied. It is well known that in
the IPV model both equilibrium bids and expected winning bids are increasing
functions of n.

Lemma 1 provides sufficient conditions for B(x�n) to be strictly increas-
ing in n for any pair (x� r). Matthews (1987) assumes that conditional on xi,
maxj �=i xj and n are (strictly) affiliated, implying that Fn−1(y|x) satisfies the
strict MLRP with respect to n. This in turn implies that R(x�n) is strictly in-
creasing in n for all x. Lemma 1 suggests that to generate nonmonotonicity
of B(·� n) in n somewhere, R(x�n) cannot be strictly increasing in n, for all
x > r. So the condition that R(x�n) is decreasing in n somewhere, is necessary
for the nonmonotonicity of B(x�n) in n. Lemma 2 shows that the condition is
also sufficient.

LEMMA 2: Suppose that, for some value of n, R(r�n) > R(r�n+ 1). Then, for
some x > r, B(x�n) > B(x�n+ 1).
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PROOF: Because

B(r�n)= B(r�n+ 1)= r�
∂B

∂x
(r�n)= ∂B

∂x
(r�n+ 1)= 0� and

∂2B

∂x2
(r� n)=R(r�n) > R(r�n+ 1)= ∂2B

∂x2
(r� n+ 1)�

B(x�n) > B(x�n+ 1) for all x in some neighborhood of r. Q.E.D.

In Lemma 2 a reserve price r is introduced to simplify the proof. Perhaps
there are circumstances in which R(x�n) > R(x�n+ 1), but in most cases both
R(x�n) and R(x�n+ 1) are infinite, which unnecessarily complicates matters.

In summary, in the APV model, affiliation and symmetry of f ∗
n are not very

restrictive on how R and B vary with n. Indeed, our main contribution is to
show that it is fairly easy to construct reasonable examples in which B is de-
creasing in n. We do so in the next section.

3. CONDITIONALLY INDEPENDENT PRIVATE VALUES

In this section we focus on conditionally independent private-value (CIPV)
models, i.e., a class of APV models, in which bidders’ private valuations,
x1� � � � � xn, are affiliated through a random variable z, but in which they are
independent conditional on z. Denote the conditional distribution and density
function of xi given z at x by H(x|z) and h(x|z), which have support [x� x̄]. Let
G, g be the distribution and density function of z with support [z� z̄]. Assume
that h(x|z) satisfies the strict MLRP, so that x1� � � � � xn are strictly affiliated.

The CIPV model is a special case of the conditionally independent private
information (CIPI) model studied by Li, Perrigne, and Vuong (2000).6 The
CIPV model has been studied by Milgrom (1981) and Levin and Smith (1994).
It has also been used by Wang (1998) to compare auctions with posted-price
selling mechanisms.

Li, Perrigne, and Vuong (2000) provide an economic interpretation of the
CIPV model and note that by de Finetti’s theorem (see, e.g., Kingman (1978)),
any APV model is a CIPV model under “exchangeability,” or “symmetry” in
auction theory parlance. Symmetry requires that the joint distribution function
of valuations be symmetric in its arguments. While it is true that all symmetric
APV models can be expressed as CIPV models, in most cases the conditioning
variable z and the distribution H will depend on the number of bidders n. We
restrict ourselves to CIPV models in which z and H are not dependent on n.
We do impose that z be affiliated with the valuations to ensure our CIPV model
is also an APV model.

6They consider a general model in which a bidder’s utility depends on her private informa-
tion and a common component. If bidders’ valuations are conditionally independent given the
common component, the resulting model is the CIPI model.
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We now continue to analyze the effect of changes in n on B by examining the
behavior of the reverse hazard. In the CIPV model,

R(x�n)= (n− 1)

∫ z̄

z
Hn−2(x|z)h2(x|z)g(z)dz∫ z̄

z
Hn−1(x|z)h(x|z)g(z)dz �(3)

which can equivalently be written as

R(x�n)=
∫ z̄

z

R(x�n;z)pn(z|W�x)dz�

where R(x�n;z) = (n− 1)h(x|z)/H(x|z) is the reverse hazard function in an
IPV model when z is known and

pn(z|W� x)= Hn−1(x|z)h(x|z)g(z)∫ z̄

z
Hn−1(x|z)h(x|z)g(z)dz

is the posterior density function of z conditional on a bidder of type x winning
the auction; here W = “xi ≥ maxj �=i xj” denotes the event that bidder i wins the
auction. So the reverse hazard function when z is unknown is a linear combi-
nation of the reverse hazard functions for specific z, where the weights are the
posterior densities of z conditional on a bidder of type x winning the auction.

Note that R(x�n;z) increases with both n and z for all x�n, and z, which
follows from the strict MLRP. However, pn(z|W� x) can decrease with n, de-
pending on z.

3.1. A Special CIPV Model

To understand why R, and hence the equilibrium bids B, may decrease in n
in the CIPV model, first consider the two-point distribution of z. When z can
take two values, z1 and z2, with probabilities g1 and g2, respectively, where
z1 < z2, the posterior probabilities z conditional on a bidder of type x winning
the auction can be written as

pn(z1|W� x)= h(x|z1)g1

h(x|z1)g1 + [H(x|z2)

H(x|z1)
]n−1h(x|z2)g2

and pn(z2|W� x)= 1 −pn(z1|W� x).
Note that given the strict MLRP, H(x|z1) >H(x|z2) for almost all x ∈ (x� x̄).

Consider one such x. The posterior probabilities pn(zk|W� x), k = 1�2, have
two interesting properties. First, for any n ≥ 2, the posterior probability of
z = z1 conditional on winning exceeds the corresponding prior probability, i.e.,

pn(z1|W� x) > p1(z1|x)= h(x|z1)g1

h(x|z1)g1 + h(x|z2)g2
�
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Hence, also pn(z2|W� x) < p1(z2|x). Therefore, the fact that bidder i wins the
auction with valuation x makes it more likely to her that z = z1 than before the
auction commenced.

Second, the posterior probability pn(z1|W� x) increases with n and pn(z2|
W� x) decreases with n. That is, conditional on a bidder of type x winning the
auction, the posterior probability of the true state z being z1 (z2) increases
(decreases) with n. So the greater is the number of bidders n, the greater is
the discrepancy between the probability a given bidder attaches to the state
being z1 before the auction and upon winning the auction.

Furthermore, the reverse hazard defined in (3) can be written as

R(x�n)=R(x�n;z1)pn(z1|W� x)+R(x�n;z2)pn(z2|W� x)�(4)

Since both R(x�n;z1) and R(x�n;z2) increase with n and R(x�n;z1) <
R(x�n;z2) for all x�n, in the expression of R in (4) the decreasing compo-
nent, pn(z2|W� x), can decrease with n (much) faster than the other com-
ponents increase. If we select the ratio [h(x|z1)g1]/[h(x|z2)g2] appropriately,
then R(x�n) can decrease with n. Note, however, that as n becomes large,
∂R(x�n)/∂n is approximately equal to ∂R(x�n;z1)/∂n which is nonnegative.
Therefore, R(x�n) eventually increases with n. This is formally shown in PT,
Proposition 1.

We now offer a concrete example in which R, and hence B, is not increasing
in n. The distribution function in the example originates from Wilson (1992),
who uses the class of distributions in a common-value framework.

EXAMPLE 1: Suppose that z takes two values z1 and z2 with probabilities
g1 and g2, respectively, where z1 < z2, and that, for x ∈ (0�1],

H(x|zk)= exp{zk(1 − x−β)}� where β> 0�

It can be verified that H satisfies the strict MLRP.
We choose z1 = �01, z2 = 2, g1 = �85, g2 = �15, β= �5, and r = �1. The equilib-

rium bid functions for n = 2�6 are computed and presented in Figure 1. Note
that the bidding curve for n = 6 is below the one for n= 2 between x= �11 and
x= �63. Hence, equilibrium bids are not monotone in n.

The intuition for our result can be described as follows. Consider a first-price
auction of an abstract painting in which there are two states of the world. In
the first state (z1) people are likely to detest the painting and in the second
state (z2) tastes are distributed more evenly. Imagine that a bidder somewhat
likes the painting (x = �4, say). Because of strict affiliation, for any fixed num-
ber of bidders she bids less when she knows that z = z1 than when z = z2. If
she knew the value of z, then she would bid more if the number of bidders n
was larger. When she does not know z, however, a larger number of bidders
implies that winning the auction (with the same x) makes it more likely that
z = z1 (i.e., pn(z1|W� x) increases with n). But if she knew that z = z1, she
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FIGURE 1.—Bid functions.

could bid less and still win the auction. Therefore, with affiliation she may bid
less when n is greater. In a common-value auction the event of winning the
auction informs a bidder that the common value of the object is less than she
had expected. In our private-value example the event of winning the auction
tells her that a smaller fraction of individuals (in the population, not just of the
actual bidders) like the object than her prior information had her believe.

3.2. The Affiliation Effect

In this section, we decompose changes in bids with respect to the number
of bidders into an affiliation effect and a competition effect and show that the
affiliation effect is negative and can offset the competition effect.

The effect of a change in the number of bidders in a CIPV model can be de-
composed as follows. Let Q(·|x) and q(·|x) denote the distribution and density
function of x1 conditional on x2 = x, i.e.,

Q(t|x)= P(x1 ≤ t|x2 = x)=
∫ z̄

z
H(t|z)h(x|z)g(z)dz∫ z̄

z
h(x|z)g(z)dz �

q(t|x)=
∫ z̄

z
h(t|z)h(x|z)g(z)dz∫ z̄

z
h(x|z)g(z)dz �

and let RQ(x�n)= (n− 1)q(x|x)/Q(x|x)= (n− 1)R(x�2). So RQ(x�n) is the
reverse hazard function when the n − 1 rivals of bidder i draw independently
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from the marginal distribution of private valuations conditional on bidder i’s
private valuation being equal to x. Equation (2) implies that

∂B

∂n
(x�n) =

∫ x

r

(∫ x

t

∂�R

∂n
(s�n)ds exp

{
−

∫ x

t

R(s�n)ds

})
dt

︸ ︷︷ ︸
(5)

affiliation effect

+
∫ x

r

(∫ x

t

∂RQ

∂n
(s�n)ds exp

{
−

∫ x

t

R(s�n)ds

})
dt

︸ ︷︷ ︸
�

competition effect

where �R(x�n)=R(x�n)−RQ(x�n). Since q�Q are positive, the second term
on the right-hand side of (5) is positive and measures the effect of increased
competition due to larger n on the bid function at private valuation x. The
first term measures the corresponding effect of affiliation and is necessarily
negative (except at r), as established in Proposition 1. We call the effect mea-
sured by the first term in (5) the affiliation effect. Note that since �R(x�2)= 0,
�R(x�n) itself is therefore also negative for n > 2.7

In Proposition 1 and other theoretical results that follow, we make repeated
use of the inequality stated in Lemma 3.

LEMMA 3: For any random variable ξ, if ε1 and ε2 are nondecreasing functions
with Eε2

j (ξ) < ∞ for j = 1�2, then the correlation between ε1(ξ) and ε2(ξ) is
nonnegative.

PROOF: Let ε̃1(ξ) = ε1(ξ) − Eε1(ξ), and let ξ0 be the smallest value such
that ε̃1(ξ0)= 0. Then

cov
(
ε1(ξ)� ε2(ξ)

) = E
(
ε̃1(ξ)ε2(ξ)

)
= E

((
ε̃1(ξ)− ε̃1(ξ0)

)(
ε2(ξ)− ε2(ξ0)

)) ≥ 0�

since ε̃1(ξ)≥ ε̃1(ξ0) if and only if ε2(ξ)≥ ε2(ξ0). Q.E.D.

Kingman (1978) coined the inequality in Lemma 3 “the other Chebyshev
inequality.” If ξ is vector-valued, then the conditions of Lemma 3 constitute
the definition of association. Lemma 3 also holds if ξ is a vector of affiliated
random variables.8

PROPOSITION 1: In the CIPV model with H satisfying the strict MLRP, for all
x ∈ (r� x̄), �R(x�n) is decreasing in n for all n≥ 2.9

7Both the decomposition and the result that the affiliation effect is necessarily negative hold
for general APV models. See PT, Section 3.

8See Theorem 4.2 in Karlin and Rinott (1980) and Theorem 23 in Milgrom and Weber (1982).
9The proof shows that �R(x�n + 1) < �R(x�n) for all integers n ≥ 2 whereas (5) relies on

derivatives. The proof can be adapted to show that �R(x�n+ t) < �R(x�n) for all real t > 0.
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PROOF: Note that, for all n≥ 2,

�R(x�n+ 1)−�R(x�n)

= n

(
R(x�n+ 1)

n
− R(x�n)

n− 1

)
+ R(x�n)

n− 1
−R(x�2)�

It suffices to show that ∀x ∈ (r� x̄), n: R(x�n + 1)/n < R(x�n)/(n − 1), or
equivalently (omitting arguments) that∫

(h/H)Hkn

∫
kn <

∫
(h/H)kn

∫
Hkn with kn = Hn−1hg�(6)

But by the strict MLRP, for all x ∈ (r� x̄), h/H is strictly increasing in z and
H is strictly decreasing in z. By Lemma 3, noting that kn is proportional to a
density, (6) holds. Q.E.D.

The affiliation effect also occurs in common-value models and is distinct
from the winner’s curse effect.10

The key to Example 1 is the nonmonotonicity of R(x�n) with respect to n.
Our proposition below shows that in the CIPV model R, and hence B, can
easily decrease with n.

PROPOSITION 2: In the CIPV model, for any H(x|z) that satisfies the strict
MLRP and for any x ∈ (x� x̄), for which minz{H(x|z)h(x|z)} > 0, there exist
n and g such that R(x�n) > R(x�n+ 1).

PROOF: Note that the strict MLRP implies that, for any x ∈ (x� x̄) such that
minz{H(x|z)h(x|z)}> 0, both H(x|z) and H(x|z)/h(x|z) are strictly decreas-
ing in z. Hence, by Lemma 3 (omitting arguments),

(z̄ − z)

∫ z̄

z

H(H/h) >

∫ z̄

z

H

∫ z̄

z

(H/h)�

For our choice of n to be made later, let g(z) = α/{H(x|z)n−2h(x|z)2}, where
α is such that

∫ z̄

z
g(z)dz = 1. Hence,

R(x�n)= (n− 1)
z̄ − z∫ z̄

z
(H/h)

and R(x�n+ 1)= n

∫ z̄

z
H∫ z̄

z
H(H/h)

�

10In CV and AV models (5) would have a third term, namely ∂En(U(V �x)|W� x)/∂n,
with U(V �x) the unknown ex-post value of the object to a bidder with private valuation x. When
U is strictly increasing in its first argument, the additional term is negative and measures the
winner’s curse effect.
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Then R(x�n) > R(x�n+ 1) is equivalent to

1 − 1
n
>

∫ z̄

z
H

∫ z̄

z
(H/h)

(z̄ − z)
∫ z̄

z
H(H/h)

�(7)

Since the right-hand side of (7) is strictly less than 1 and independent of n, n
can be chosen large enough such that (7) is satisfied. Q.E.D.

From Proposition 2 it follows that for any given x0 ∈ (x� x̄), there ex-
ist (n∗� g∗) (which generally depend on x0) such that R(x0� n) is strictly de-
creasing in n at n = n∗. If r is set to x0 or close to x0, then by Lemma 2
B(x�n∗ + 1) < B(x�n∗) for x in a neighborhood of x0. This implies our main
result stated in Corollary 1.

COROLLARY 1: In the CIPV model the equilibrium bid can be decreasing in n.

Proposition 2 requires that the support of x is independent of z and that
the strict MLRP is satisfied. An example that violates both conditions simul-
taneously is the following. Let H(x|z) = (x/z)γ for x ∈ [0� z] and for some
γ > 0. For any given x > 0 and z ≥ x, H(x|z)/h(x|z) is independent of z and
R(x�n)= (n− 1)γ/x, which is increasing in n.

Note that Propositions 1 and 2 rely on Lemma 3. Since Lemma 3 also holds
for affiliated vectors ξ, both propositions also hold when z is an affiliated vec-
tor.

While Corollary 1 states that B can be decreasing in n, it is necessarily in-
creasing in n at x= x̄ as Proposition 3 shows.

PROPOSITION 3: In the CIPV model, B(x̄�n) is increasing in n.

PROOF: Note that

R(s�n)= d logFn−1(s|s)
ds

− ∂ logFn−1(s|x)
∂x

∣∣∣∣
x=s

�

implying that
∫ x̄

t

R(s�n)ds = − logFn−1(t|t)−
∫ x̄

t

∂ logFn−1(s|x)
∂x

∣∣∣∣
x=s

ds�

But ∀ t: ∂ logFn−1(t|t)/∂n ≤ 0 and (omitting arguments and setting kn =
Hn−1hg as before)

∂2 logFn−1(s|x)
∂x∂n

∣∣∣∣
x=s

=
∫
kn

h′
h

logH
∫
kn − ∫

kn
h′
h

∫
kn logH

(
∫
kn)2

≤ 0
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by Lemma 3 since logH is decreasing in z and h′/h is increasing in z by affili-
ation. The claim follows from (2). Q.E.D.

Because in equilibrium a bidder with value x̄ always wins the auction, the
event of winning the auction is not informative to her about the value of z.
However, since type x̄ bidders know that other bidders will be shading their
bids, it is still optimal for type x̄ bidders to bid less than they would have in
the IPV case, so there is an affiliation effect even at the top of the value dis-
tribution. However, this affiliation effect is no longer sufficient to offset the
competition effect at x̄.

Proposition 3 also holds for general APV models, as is shown in Propo-
sition 5 of PT. This result can potentially be used to distinguish between
common- and private-value auctions if data on a number of similar auctions
is available since B(x̄�n) is necessarily increasing in n in private-value auctions
but can be decreasing in n in common-value auctions.

By Proposition 2, nonmonotonicity can occur at any value of n. However,
since pn(z1|W� x) → 1 as n → ∞, R(x�n) behaves similarly to R(x�n;z1) for
large n. This suggests that R(x�n) increases with n when n is sufficiently large.
This is shown formally in PT, Proposition 1. Therefore, for any fixed g and H,
if n is sufficiently large, then the bid function is again increasing in n. That is,
in the CIPV model the competition effect will eventually dominate the affili-
ation effect. But the number of bidders n beyond which the bid functions are
increasing in n is unknown and hence it is unclear if this will apply to empirical
work.

4. CONCLUSION

It has long been known that the equilibrium bid in first-price common-value
auctions can decrease with the number of bidders since the winner’s curse ef-
fect can dominate the competition effect. In this paper, we have shown that a
nonmonotonically increasing relationship between the equilibrium bid and the
number of bidders can also occur in an affiliated private-value model, in which
the winner’s curse is absent. We have identified an affiliation effect which is
similar to, but different from, the winner’s curse effect. If a bidder wins an
auction, it implies that the distribution of rivals’ valuations has more mass at
lower valuations than what the bidder had expected prior to bidding. This af-
filiation effect can offset the competition effect since more competition im-
plies that, conditional on winning, the rivals’ valuations are more likely to be
low. The affiliation effect also occurs in common-value models. This implies
that a negative relationship between bid level and the number of bidders in
common-value models is not necessarily only due to bidders taking account of
the winner’s curse.

Our result demonstrates that one cannot use a reduced-form test on the re-
lationship between the bid level and the number of bids to distinguish between
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the private- and common-value paradigms in first-price auctions. However,
such a reduced-form test works well in second-price and ascending private-
value auctions since it is then a dominant strategy for a bidder to bid her
true valuation. An alternative approach is taken by Athey and Haile (2002),
who provide conditions for identification and nonparametric structural tests of
standard auction models using a variety of available information including one
or more bids, the transaction price, and exogenous variation in the number of
bidders. Haile, Hong, and Shum (2002) pursue yet another possibility. Follow-
ing Li, Perrigne, and Vuong (2002), they use a test that is based on the fact that
the bidders’ expected value distributions are first-order stochastic dominance-
ordered in terms of the number of bidders under the common-value paradigm,
but are independent of the number of bidders under the private-value par-
adigm. Hendricks, Pinkse, and Porter (2003) suggest that the private-value
hypothesis can be tested by examining bidding behavior close to the reserve
price. Finally, as pointed out in Section 3, one could use a test based on our
Proposition 3.
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