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Abstract

This paper studies the impact of competition among sellers in simultaneous auctions on
their incentives to "behave" well. We extend a simple two-period dynamic auction model
with asymmetric information in which a seller’s effort and type determine the probability of
a successful outcome and implicitly the future reputation and income, first by introducing
competition in reputation among sellers and then by extending the horizon to an infinite
number of periods. Furthermore we embed Dellarocas (2010) results on equilibrium behavior
of short-lived buyers who, given sellers of different reputations, optimally select an auction
and a bid to place. Our aim is to capture the essential features of the online transaction
platform eBay and to replicate the key findings of empirical studies on eBay. The series
of theoretical and numerical results that we derive outline the circumstances under which
sellers are discouraged respectively challenged by competition to exert effort. The estimated
moments of the simulations we run match qualitatively the findings in Cabral and Hortacsu
(2010).
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1 INTRODUCTION

1 Introduction
In this study, we develop a model of reputation with asymmetric information between buyers and
sellers of an homogeneous good, that resembles the environments of online auction platforms such
as eBay. Our interest is to investigate how sellers behave in the short vs. the long run, as monop-
olists vs. competeting sellers for buyers that strategically select auctions and place bids. We first
focus our attention on the two period case and study the impact of competition on sellers’ behav-
ior. Further, we enlarge the horizon to an infinite number of periods and study the behavior of a
long-lived seller that trades off present costs of "effort" with future higher profits as a consequence
of a better reputation. Finally, in this dynamic environment we introduce competition between
sellers of private known types which differ in their "reputation". We approach the solution both
theoretically and a numerically. Our aim is to show how close this general dynamic environment
is able to account for the few key stylized facts regarding the dynamics of prices, reputation and
profits that have been recently documented for eBay.

All eBay studies highlight the crucial role the feedback system has on the well-functioning of
the online market. A rapid evolving market platform like eBay would not be sustainable without a
well-designed feedback system. Information asymmetry opens the gate for opportunistic behavior,
hence introducing risk to trading partners: the seller might not deliver the good or the good does
not comply with the customer’s expectations [9].

Therefore at the core of the business is a successful feedback system in which sellers and buyers
can rate each others’ trustworthiness. At the end of each transaction, both sellers and buyers have
the opportunity to exchange feedbacks about the development of trade.1 The feedback profile of
any market participant is composed of all the comments left by his transacting partners and forms
a public record of the behavior of a sellers associated to that particular ID profile. Several other
statistics about past transactions, like the percentage of positive feedbacks, are reported on the
profile page on each market participant. Their role is to provide potential transaction counterpar-
ties "signals" about the kind of partner they should expect to face.

The feedback system described above, however, is far from being perfect and incentive compat-
ible with truthful reporting and reporting in general the outcome of transactions. Several problems
concerning the feedback system were outlined in empirical research papers. For example, fear of
retaliation drives most of the customers to leave good feedback. This leads to a very low percent-
age of negative reviews. Resnick and Zeckhauser [27] report that negative feedbacks accounted for
less than 1% of the total amount. On the other hand, in spite of the fact that leaving feedback
is costly and hence a high percentage of free-riding would be expected, the quality of more than
50% of the transactions is pinned down in the profile of sellers.

Our model tries to provide a simple but insightful description of the key elements that describe
the online anonymous trading platform. First we assume that sellers are interested in offering
their items for a finite resp. infinite number of periods. Sellers can be of different types. For
simplicity, we assume that their "ability" to deliver is private information and can be either good
g or bad b. A buyer does not have any incentive to purchase more than one object over time,
reason for which we call him short-lived. Every period, the established sellers meet a new set of
buyers, which, by assumption, are a priori identical. Buyers, who are Bayesian updaters and have

1 Both partners can assess the performance of the other part using either a +1(good), a 0 (neutral) or a
-1(negative).
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private valuations of the item for sale, act optimally according to the auction selection strategies
and bidding strategies worked out in Dellarocas (2010). Focused on the sellers’ side, this paper is
trying to answer the following questions: how does their optimal behavior change when they face
competition from other sellers? How do incentives change when we extend the horizon to infinity?

Our results can be summarized as follows: in the two-periods version, we prove that the
Bayesian game in each case (monopolist and competition) has a unique separating equilibrium
in which sellers exert positive effort. We find that, relative to a situation in which the "trust-
worthiness" of sellers is observable, the public availability of reputational information drives the
equilibrium effort of sellers closer to an efficient allocation. When two sellers compete strategically,
their equilibrium effort levels and the expected payoff of buyers is higher than in the case of a mo-
nopolist. The reason for this can be traced back to the optimal selection and bidding strategy of
buyers. The assortative matching between buyers and sellers determines the convexity of a seller’s
revenue function. Competition among sellers is the fiercest when their reputation are relatively
close. A success or a failure will set the rank of the seller in the next period(s) and hence the
relatively higher respectively lower reputational premium. When a seller is perceived as having
the relatively lower reputation he will need to employ a high amount of costly effort to overcome
this handicap. Expecting therefore a future income determined by the low valuation buyers, this
seller will employ a lower effort level than a monopolist. On the other hand, a high reputation
seller will in general employ a higher effort level compared to the monopolist. What determines
the optimal effort level of any seller is the income perspective which in turn is determined by the
ratio of reputation of the two sellers.

• summarize results in the intertemporal case

• briefly compare intertemporal results with the 2 periods case: who and when puts more
effort.

• summarize results of simulations

2 Literature Overview
Asymmetry of information is an intense studied issue in contract theory. Ackerlof’s "Market for
lemons" is a good exemplification of what uncertainty over the quality of the traded good can
lead to. In the absence of any references about the identity of the seller, one expects "lemons" to
drive high quality products out of the market. Given the importance of reducing asymmetry in
online auctions, it comes then not as a surprise that a great amount of the empirical literature on
eBay studies the impact of reputation on various aspects of trade. Another obvious reason for the
abundance of empirical studies about eBay is the easiness of gathering a reliable and significant
data amount for testing hypotheses.

Resnick and Zeckhauser [27] inquire the impact of reputation on a buyer’s willingness to pay.
To establish their result, the authors make use of a randomized controlled experiment, where an
reputable dealer of vintage postcards sold matched pairs both under his established profile and as
a new seller. As expected, their results show that a seller with a solid reputation earns on average
more (8%) more than a new-comer. A more striking result referred to the insignificant impact of
negative feedbacks. Little variation in in feedback outcomes is a valid explanation for their second
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result.

To account for more variation in the data, Cabral and Hortaçu [7] base their analysis on the
comparison of three different markets: the market for collectible coins, for IBM Thinkpads and
for 1998 Holiday Teddy Beanie Babies. They use both a cross-section regression and a panel data
approach to estimate the effect of reputation. The results, in line with previous research, show a
steady positive trend of profits until the first negative feedback is received. Once the reputation
was tarnished, subsequent bad feedbacks arrive at a higher rate and have less impact on sales.
When a seller starts "collecting" negative feedbacks, his probability of exiting the market once
a threshold is reached increases significantly. Empirical evidence unveil opportunistic sellers’ be-
havior before exiting the market. Theoretical models proposed by the authors embed Bayesian
updating from buyer’s side, following Kreps-Wilson-Milgrom-Roberts models of reputation.

Ba and Pavlou[2] extend the analysis to a range of 18 different products. In addition to testing
the standard hypotheses, the authors are able to provide empirical evidence of the significance of
negative feedbacks when the disputed item is more expensive. Further empirical papers report
similar results to those presented above but of different magnitudes. Various reasons account for
this variety of results, among which the most important is the omitted variable bias. From the
evidence of correlation between high reputation and high volume of sales one is inclined to draw
a conclusion about the direction of causality. But that might not be univocal: high reputation
sellers have perhaps more experience in making the item more attractive to the customer than new
sellers.

There is also a vast theoretical work on reputation.
To ADD

• short overview

• similar models

In our study, we extend a simple model of reputation with asymmetric information and moral
hazard as presented in Bar-Isaac and Tadelis [4] by incorporating Dellarocas [10] results on simul-
taneous competing sellers, extending the time horizon to an infinite period model.

In his paper, Dellarocas [10] looks at static second price auction, focusing on the derivation of
buyers’ optimal bidding strategies when the probability of delivery (henceforth called reputation) of
each seller is exogenously given. In the case where each bidder is allowed to place at most one bid,
the unique Bayesian-Nash equilibrium is described by a form of probabilistic assortative matching:
assessing where they stand relative to other bidders, they assign a higher probability to bidding in
the auction that "matches" their profile, lowering gradually the probabilities the further up they
bid on the higher reputation sellers auctions. To notice is also the fact that high reputation sellers
expect to receive more bids on the one hand and attract higher valuation customers on the other.
The main result follows directly from this observation: a seller’s expected revenue is a convex and
increasing function of his reputation and decreasing in other sellers’ reputation. As a particular
case, a monopolist’s revenues will increase linearly in reputation.

In their monograph, Bar-Isaac and Tadelis [4] present a small model of reputation in a two
period model. A seller who knows his type is repeatedly selling single units of the same homoge-
nous good to buyers that have private identical valuations for the item. In the absence of any
knowledge about the seller’s type, the interested buyers hold beliefs about the "goodness" of the
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transaction partner they are facing. The seller chooses an effort level every period, that determines
the success probability of the transaction and hence his future reputation. Buyers anticipate the
equilibrium effort level and bid accordingly. Given the outcome of the transaction, second pe-
riod buyers update the beliefs about the type they are facing according to Bayes’ Rule. In this
game, the seller chooses the optimal effort level that maximizes his total payoffs. After imposing
some restrictions on the cost structure, the authors assert the uniqueness of the equilibrium. In
this framework, the complementarity between type and effort yields the single-crossing condition,
which implies that the good type will always employ higher effort in equilibrium than the bad type.
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3 The General Model
In this section we present the theoretical framework employed in studying the dynamics of repu-
tation. Further, to each corresponding scenario we describe the equilibrium concepts we employ.
We start by describing the simple auction environment in which the players interact every period.
Let G be the game with N , N = {1, . . . , N} risk-neutral short-lived potential buyers and M,
M = {1, . . . ,M} risk-neutral long-run sellers and T periods(T can be finite or infinite).

3.1 The Buyers’ Problem

Every period, a homogenous good is allocated to a buyer through a second-price auction. Every
period, each seller puts up a good for sale in a second price auction. All auctions start and
end simultaneously. We assume that throughout the game, buyers and sellers strictly keep their
identities. There are no arbitrage possibilities.
Each buyer has private information about his valuation vi for the good. That is, a buyer’s type
space is given by the set T i = [0, 1]. Valuations are independently drawn from the distribution
F (·). The total number of bidders as well as the distribution from which valuations are drawn
every period are common knowlege to all market participants. For simplicity, we assume that the
total number of bidders N is constant in every period. As in [10], a buyer’s i strategy consists
of two elements: a bid vector bi and an auction selection strategy si(vi). The bid vector bi =
(bi1, . . . , b

i
m) consists of elements bij representing the amount of money buyer i is willing to place

in seller’s j auction if she were to bid in that auction. An auction selection strategy is a vector
si(vi) = (sij(v

i))j∈M where sij(vi) is the probability that buyer i with valuation vi bids in seller’s
j auction. Since buyers’ valuations are freshly drawn every period, their strategic behavior is
independent of time and hence we omit the time index in the buyers’problem.
When a bid is submitted, a buyer takes into account the reputation of the seller he is interacting
with. The reputation rj of a seller j, which we describe in the following subsection, is the commonly
hold belief that the seller is going to perform a successful transaction, or in other words the
(subjective) probability of a succssful delivery P (success). Without loss of generality, we assume
that r1 ≥ r2 ≥ . . . ≥ rM . The expected utility of a buyer with valuation vi bidding in seller’s j
auction is given byexpectation:

Ui
(
vi, b−ij

)
=

{
rjv

i − b(2)
j if bij > max

(
b−ij
)

0 otherwise
(1)

where b(2)
j is the second highest bid in j’s auction, v−ij = {vk}k∈N\{i}, and

b−ij = {bk}k∈N\{i}∧{k bids in j’s auction}

Note that rjvi is the expected valuation of the good, conditional on winning the auction.
It is a well established result that in a second price auction, truthful bidding is a weakly dominant
strategy. In our setup buyers’ optimal strategy is to bid their expected valuation of the item in
each auction:

b∗ij (vi, rj) = rjv
i (3.1)

For a detailed description of the selection strategy of buyers, appendix A.1 present equilibrium
resuls as in [10].
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3.2 The Sellers’ Problem

Every perion each seller auctions off one unit of the same homogenous good. As previously antic-
ipated, seller’s j expected revenue from the auction is:

Rj(rj, r−j) = rj ×Hj,2(rj, r−j) (3.2)

where Hj(·, ·) is the expected type of the 2nd highest bidder in seller’s j auction, which is a
function of all sellers’ reputations. This function has different behaviors for seller j depending
on her relative reputation, and is a result of buyer’s optimal selection of auctions. For a detailed
characterization of this function, see appendix A.1.

A seller can be of either of "good" or of "bad" type. The type is indexed by θ ∈ {g, b}, where
0 ≤ b ≤ g ≤ 1 and stands for an innate ability of the seller to execute a successful transaction.
Hence a seller’s j type space is Θj = {g, b}.

3.2.1 Actions, Information and Strategies

For successfully delivering the product (a successful transaction) after the auction has been carried
out, a seller has to exert some effort. The effort is potentially hidden from all buyers (i.e. only
observed by the seller) and the outcome reveals such effort only imperfectly. Concretely, we define
the outcome at time t (for a transaction carried out by seller j) as a random variable yt,j which can
take two values: S (success) or F (failure). The technology is such that the probability of success
depends both on sellers’ effort and on his type, i.e. the probability of success of each transaction
takes the form

P
(
yt,j = S|eθ, θ

)
= eθt · θ (3.3)

where eθ ∈ [e, 1]. Hence, for a given effort level, the "good" seller has a higher probability of
success in delivering the product. By bounding the effort level above zero, we assume that each
seller will exert at least a minimal amount of effort. Further we assume that the only costs c(·)
a seller incurs is from exerting effort. The cost function is increasing and convex and has the
following properties: c(e) = 0, c′(e) = 0 and lim

eθ→1
c(eθ) =∞.

The actions available to sellers every period consist in efforts e = (eθj)j∈M ∈ [0, 1]M . At the
beginning of each period τ , sellers have two sets of information: public information, given by
the publicly observable sequence of outcomes {yt−1}t≥0 with y−̈1={y1,t−1,y2,t−1} and y1,0 = y2,0 = ∅,
and private information, given by the sequence of own effort decisions and type (which is time
invariant) {ej,t−1, θj} t

j=1,2

, From now on, we restrict attention to equilibria in "public strategies"

conditional on the private information about their own type, where sellers ignore their past effort
decisions (but not their type) when choosing their actions.

Let Ht
j be the set of all possible public histories seller j can have at the beginning of period t:

Ht
j = {htj ∈ {S, F}t−1}. For time t = 0, we assume h0

j = ∅. We define a strategy for each seller as
mapping every element of the information set into a real number, as

e : Ht ×Θ −→ R+ (3.4)

where Ht is the set containing all possible histories for the M sellers. In other words, eθtj =
ej(θ, h

t
1, . . . , h

t
M) ∈ [0, 1]
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3.3 Timing and Beliefs

The game proceeds in the following way: at time t = 0, the game is in state (µ0,j)j∈M, where µ0,j

are the publicly held time-0-beliefs about seller j being of "good" type. Sellers open simultaneous
auctions in which all sell the same homogenous good. Buyers then select an auction where to bid,
and then the M auctions take place. Every seller receives the second highest bid in his auction,
as described in the previous section. Following this, the sellers need to deliver the good. Two out-
comes are possible at this stage: either the transaction is a success, y0,j = S or a failure, y0j = F .
Finally, after having observed the outcome for each auction2, buyers (and the other sellers) update
their belief about seller’s j type. The timing is presented in figure 1.

Figure 1: Timing of the game

The infinite game consists of infinitely many periods of the stage-game described above.

The process through which beliefs are formed and updated is the following: having observed
the history of seller’s j consisting in the sequence of outcomes of past transactions up to time
t− 1, the other players hold common beliefs, µt−1,j, at the beginning of the tth period about seller
j being of "good" type. Given the beliefs about the seller’s type and the respective anticipated
optimal decisions of the sellers, the reputation a buyer attributes to seller j in the t-th period is
given by:

rt,j ≡ P
(
yt = S|e∗t,j

)
= µt−1,jge

g∗
t,j + (1− µt−1,j) be

b∗
t,j (3.5)

rt,j stands for the anticipated probability of a successful transaction when facing a seller of unknown
type and public beliefs being captured by µt−1,j. Buyers and sellers are rational learners: after
the outcome of a transaction has been observed, they update their beliefs about a seller’s type
using the Bayes rule. In case of a success, the beliefs in the next period update to µt,j = µSt−1,j,
while in the case of a failure the public belives that seller j is good with probability µt,j = µFt−1,j.
Concretelly,

2 Here we are implicitely assuming that each buyer truthfuly reports the outcome of the transaction in which
she was involved.
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Pt
(
θj = g|yt,j = S, ht−1,j; e

∗
t,j

)
≡ µSt,j =

µt−1,jge
g∗
t,j

µt−1,jge
g∗
t,j + (1− µt−1,j) beb∗t,j

(3.6)

and

Pt
(
θj = g|yt,j = F, ht−1,j; e

∗
t,j

)
≡ µFt,j =

µt−1,j

(
1− geg∗t,j

)
µt−1,j

(
1− geg∗t,j

)
+ (1− µt−1,j)

(
1− beb∗t,j

) (3.7)

Note that eθ∗t,j is the optimal effort in period t when seller j is of type θ. The actual employed
effort level does not affect the updating process, as it is not observable. The public assumes that
the seller has employed the optimal effort level.

4 Reputation and Strategic Competition: Two Periods
The studying of the game starts with the description of two simple cases of the general setting
previously presented, both within an environment where buyers and sellers meet for two periods.
The analysis of the two-period game will allow us to understand the key mechanism at play
induced by reputation. First we analyze the case of a single long-lived seller (i.e. a monopolist).
The purpose of studying the behavior of the monopolist is to understand how the perspective of
future profits acquired through a better reputation incentivizes the player in exerting effort. We
then move to the case where two sellers compete strategically across time. By contrasting the
behaviour of the monopolist with the one of the competing sellers, we aim at the indetifying the
effect that pure competition has on the incentives of the players.

4.1 The Monopolist Case

A monopolist auctions off a homogenous good over two periods. With common hold beliefs µt−1

at the beginning of period t, t = 1, 2, buyers anticipate that the optimal effort level for the good
type is eg∗t and respectively eb∗t for the bad type. Given the technology of delivery, the subjective
probability of receiving the object is given by

rt = µt−1ge
g∗
t + (1− µt−1) beb∗t (4.1)

t = 1, 2. Since in a second price auction truthful bidding is a weakly dominant strategy, the equi-
librium strategy of a buyer with valuation vi at time t is to bid bit(vi) = rtv

i in the monopolist’s
auction.
The expected revenue of the monopolist corresponds to the expected second highest bid in the
auction E

(
b

(2)
t | b

(1)
t = v

)
where b(i)

t is the expected i-th highest bid in the auction and t = 1, 2.
Notice that the expected second highest bid is a linear function in monopolist’s reputation.

Upon receiving the money, seller 1 decides how much effort to put in delivering the item. The
instantaneous expected payoff of the monopolist at the beginning of period t, conditional his type
θ is given by:

πt(θ, e
θ
t , µt−1) = E

(
b

(2)
t | b

(1)
t = v

)
− c(eθt ) (4.2)

t = 1, 2. Notice here that the actual employed effort level does not influence the present revenue
of the monopolist.
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4.1 The Monopolist Case4 REPUTATION AND STRATEGIC COMPETITION: TWO PERIODS

Exerting high effort eθt > e triggers a higher probability of a successful transaction and hence
and upward shift in the beliefs about the seller’s type. Higher beliefs lead to a higher future
reputation which implies a higher expected future revenue.

The present value (PV) of monopolist’s profits conditioning on his type is described in the
expression:

Πmonop
0 = π1(θ, eθ1, µ0) + δ

[
eθ1θ · π2(θ, eθ2, µ1|y0 = S) +

(
1− eθ1θ

)
· π2(θ, eθ2, µ1|y0 = F )

]
(4.3)

Equilibrium

One remark is important before defining the equilibrium. Given the lower bound e on the
action space for sellers, and the functional form for the (conditional) probability of success,
P (y = S|θ, e) = θ · e, then, for any equilibrium, every possible history of delivery outcomes
ht−1 ∈ Ht−1 will have possitive probability in such equilibrium. This will simplify considerably the
equiliibrium characterization, since there will be no "off-equilibrium path" information set.

Definition 1 A (Weak) Perfect Bayesian equilibrium (PBE) of the game with asymmet-
ric information with a monopolist and N independently drawn buyers every period is the tuple
(e∗, b∗(v), µ), where e∗ =

(
e∗g, e∗b

)
, e∗θ being the path of effort levels of a monopolist of type θ:

e∗θ = (e∗θt )t=1,2, b∗(v) being the bid of a buyer with valuation v and µ = (µt−1)t=1,2 the beliefs about
the ability of the monopolist at the beginning of period t, that satisfies:

1. Given the beliefs about the monopolist, players’ strategies (e∗, b∗(v)) are sequentially rational:
for any outcome path at time t, ht−1, and any alternative strategies (e′, b′(v))

Ui,t
(
e∗, (b∗i(vi)b−i(vi))|ht−1, µ

(
ht−1

)
; vi
)
≥ Ui,t

(
e∗, (bi′(vi), b−i(vi))|ht−1, µ

(
ht−1

)
; vi
)
∀i = 1, 2...

Πmonop
t

(
e∗θ, b∗(v)|µ(ht−1) ; θ) ≥ Πmonop

t

(
eθ′, b∗(v)|ht−1, µ

(
ht−1

)
; θ
)

2. Beliefs about seller’s type are updated using Bayes’ rule:

µt
(
θ = g|ht−1, yt

)
=
P (yt|θ = g) · µt−1∑

θ P (yt|θ) · P (θ)
∀ht−1 ∈ Ht−1

if
∑

θ P (yt|θ) · P (θ) > 0.

4.1.1 Characterization of the Equilibrium: The Role of Reputation

In a second price auction, it is a weakly dominant strategy for buyers to bid thruthfully. In
our setup, this results in buyers’ bidding their expected valuation for the good: b∗t (v

i) = rtv
i,

∀ vi ∈ [0, 1]. The expected revenue of the monopolist in a second price auction in which valuations
are drawn from an uniform distribution and the total number of buyers is N equals:

E
(
b

(2)
t | b

(1)
t = v

)
= rt ×H1 = rt ×

N − 1

N + 1

We now proceed with the characterization of the equilibrium of the two period game with
observable and unobservable types, highlighting the role of reputation.
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4.1 The Monopolist Case4 REPUTATION AND STRATEGIC COMPETITION: TWO PERIODS

Observable Type

Lemma 1 When seller’s type is observable, the only possible equilibrium is the one in which the
monopolist exerts the maximum costless effort3 in both periods, i.e. e∗θobst s.t. c(e∗θobst ) = 0, t = 1, 2,
θ ∈ {b, g}.

As this result is straightforward, we provide only an intuitive explanation. If the ability of the
seller is publicly observable, the seller has no "reputation" to defend and maintain . The perceived
probability of success of a transaction at time t is given by rt = θ ∗ e∗θobst , t = 1, 2, θ ∈ {b, g},
where c(e∗θobst ) = 0. Independently of what had happened in period 1, the seller will always em-
ploy the maximal costless effort in period 2. Given the monopolist’s type and anticipating its
defective behavior, a buyer with valuation vi will submit the following bid in the second period
b(vi) = θ ∗ e∗θobst vi. Since the outcome of the first period is irrelevant for the second period, a
monopolist faces the same situation as the one described above. Hence, employing costly effort
has no effect on future payoffs. The optimal effort employed by the monopolist will be again the
maximal costless effort.

Hence, in the subgame perfect equilibrium of the two-period auction-game with one seller whose
type is public information and N buyers with private valuations, the monopolist will employ the
maximal costless effort level in every period and buyers will bid their expected valuation of the
good, anticipating the behavior of the monopolist.

Unobservable Type

Introducing unobservability of types, we return to the setup described in the previous section.
Equilibrium effort levels for each type are determined by maximizing the present value of monop-
olist’s profits

max
eθ1,e

θ
2

Πmonop
0 (4.4)

s.t. eθt ∈ [e, 1]

The system of first order conditions (one for each seller type) is characterized by:

c′(e∗θ1 ) = δθH1
2 (µS1 − µF1 )(g − b)e∗θ2 (4.5)

where H1
2 = N−1

N+1
is the expected second highest value in the monopolist’s auction and e∗θ2 is the

optimal effort level employed in period 2. Following the same path as in the case with observable
types, we reason that e∗θ2 is the maximal costless effort level the seller can employ e∗θ2 = e∗θobs ∀θ.

Lemma 2 The single crossing condition yielded by the complementarity of effort and types, implies
that higher types always choose higher efforts: e∗g1 > e∗b1 .

3Note here that using the maximal costless effort level instead of the minimal effort level, we account for the
possibility of having a cost function that is constant on the first part of the support. Hence, if a seller could employ
different efforts at the same cost, he will choose the one that maximizes his probability of a successful transaction,
i.e. the maximal costless effort level e∗θobs > e s.t. c(e∗θobs) = c(e) = 0 and c(e∗θobs + ε) > 0 ∀ ε > 0.
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4.1 The Monopolist Case4 REPUTATION AND STRATEGIC COMPETITION: TWO PERIODS

Proof.

c′(e∗g1 ) = δgH1
2 (µS1 − µF1 )(g − b)e∗θobs > δbH1

2 (µS1 − µF1 )(g − b)e∗θobs = c′(e∗b1 )

The cost function being monotonically increasing and convex results in c′(e∗g1 ) > c′(e∗b! )⇔ e∗g1 > e∗b2
rule0.5em0.5em

Proposition 1 The equilibrium of the two-periods game with a monopolist of unobservable type
and N independetly drawn buyers every period exists and is unique.

Proof. See appendix A.2.
rule0.5em0.5em

The uncertainty about the seller’s type drives his incentives of employing costly effort. Effort
levels above the maximal costless level of effort e∗θobs increase the beliefs buyers hold about the
seller being of good type. When the beliefs are approaching either 0 or 1 the optimal effort level
that any monopolist will employ is converging to the maximal costless effort. The intuition behind
this is simple: as the buyers believe with more certainty that they are facing a particular type
the game starts resembling the one with observable types described above. It follows that the
incentives for any seller type to exert costly effort vanish. For, if a seller is labeled as a good or
bad type with high probability at the beginning of time t = 1, any outcome of the first transaction
will have a negligible effect on buyers’ beliefs.

Independently of his type and on the outcome of the first period, the monopolist will employ
the maximal costless effort e∗θobs in period 2 as there are no future payoffs from which he can gain
when employing a costly effort. With unobservable types, the reputation attributed to the seller
at time t = 2 crucially depends on the outcome of the first period: r2 = (µ1g + (1 − µ1)b)e∗θobs,
where µ1 are updated beliefs given the outcome of the first period (µ1 = µS1 or µ1 = µF1 ). The
buyers active at this stage will bid their expected valuation for the good: b∗i(vi) = r2v

i. Given that
reputation r2 is increasing in beliefs ∂r2

∂µ1
= (g − b)e∗θobs > 0, a monopolist has high incentives to

conclude period 1 with a success as µS1 > µF1 . Therefore, employing a higher but costly effort level
in period 1 will raise the probability of a success and the implied future payoffs. In determining
the optimal effort level, the monopolist will trade off the future benefits of a higher reputation
with the present cost of effort.

Proposition 2 For any type θ, θ ∈ {b, g}, the equilibrium effort level:

• increases with the discount factor δ

• For any type, the effort level of the good type is increasing in g and decreasing in b. The
opposite is true for the effort level of the bad type.

• is a concave in initial beliefs µ0

Proof. See appendix A.2.
rule0.5em0.5em
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4.2 The Two Sellers Case

In this section, we enhance the previous setup by introducing competition among sellers. In this
context we study the effect competition has on equilibrium outcomes and welfare.

4.2.1 The Buyers’ Problem

Buyers are presented with a setuo identical to the one presented in the general model. For sim-
plicituy, we restrict to two the number of competing sellers. When facing two sellers with different
reputations, buyers strategies consist in an auction selection vector and in a set of bids. Given that
we restrict buyers to bid in only one auction, the auction selection strategy is a two dimensional
vector of length 1 whose elements are the probabilities with which any of the present sellers is
selected. A symmetric Bayesian Nash auction selection equilibrium, for a given vector of reputa-
tions (r1, r2), is a strategy profile s∗ : [0, 1] → [0, 1]2 that maximizes the expected surplus of all
buyer types. Conditional on choosing an auction, it is a weakly dominant strategy for any buyer
to bid truthfully in a second price auction. A detailed characterization of the equilibrium selection
strategies is presented in appendix A.1.

4.2.2 The Sellers’ Problem

The game proceeds in a similar fashion to the one described in the general setup.
Contingent on his type, seller’s j instantaneous profits in the first period are:

πj,1
(
eθj,1, e

θ
−j,1, µj,0, µ−j,0

)
= Rj,1 (rj,1, r−j,1)− c

(
eθj,1
)

where Rj,1 (rj,1, r−j,1) is the expected revenue of seller j at time 1 which is a function of both
sellers’ reputation at that time. The reputation measure we use is an equilibrium outcome which,
as previously mentioned, depends on buyers’ and the other seller’s perception of type and optimal
effort. A detailed account of the expected revenue function Rj,1 (rj,1, r−j,1) is presented in the
appendix A.1.

Conditioning on the outcomes of the two simultaneous transactions in the first period, seller’s
j possible profits in the second period are:

πSSj,2 (eθj,2, e
θ
−j,2, µj,1, µ−j,1) = Rj,2(rSj,2, r

S
−j,2)− c(eθj,2)

πSFj,2 (eθj,2, e
θ
−j,2, µj,1, µ−i,1) = Rj,2(rSj,2, r

F
−j,2)− c(eθj,2)

πFSj,2 (eθj,2, e
θ
−j,2, µj,1, µ−j,1) = Rj,2(rFj,2, r

S
−j,2)− c(eθj,2)

πFFj,2 (eθj,2, e
θ
−j,2, µj,1, µ−j,1) = Rj,2(rFj,2, r

F
−j,2)− c(eθj,2)

where πyj,1y−j,1j,2 with yj,1, y−j,1 ∈ {S, F} is seller’s j profit in period 2, conditional on his and
his competitor outcome of the first period yj,1 and y−j,1. r

yj,1
j,2 is the anticipated probability of

success of seller j in the second period, given the outcome of his transaction in the first period yj,1:
r
yj,1
j,2 =

(
µ
yj,1
j,1 g +

(
1− µyj,11,1

)
b)e∗θj,2 , where yj,1 ∈ {S, F} and e∗θj,2 is the maximal costless effort level.

Beliefs are updated according to Bayes’ rule.
Seller’s j intertemporal profits, conditional on his type, are:

Πcomp
j,0 =πj,1 + δE

[
πj,2|θ, eθj,1 ] (4.6)
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The outcomes are independent across sellers:

P (Yj = yj, Y−j = y−j) = P (Yj = yj)P (Y−j = y−j)

Therefore, the expected profit of seller j at time 2, given his type, is

E
[
πj,2|eθj,1, θ

]
=eθj,1θr−j,1π

SS
j,2 + eθj,1θ (1− r−j,1) πSFj,2

+
(
1− eθj,1θ

)
rj,1π

FS
j,2 +

(
1− eθj,1θ

)
(1− r−j,1) πFFj,2

To understand the effect competition has on the optimal effort decisions, we first characterize
the efficient effort decision and the efficient allocation of buyers to sellers.

4.2.3 Efficiency

The notion of efficiency we use implies maximizing the aggregate surplus of buyers and sellers
when the types of sellers are perfectly observable. The efficient allocation takes into account the
allocation of bidders to sellers (i.e. auctions) and the correspondent effort decision of sellers,
once the good has been allocated to a buyer. At first glance, given that we assume all auctioned
goods are homogeneous, one might want to define an efficient allocation of buyers to sellers (for
any randomly drawn set of N valuations) as one in which the highest seller with the highest
reputation, henceforth calle highest seller, is matched with the highest buyer, which is the buyer
with the highest valuation. The second highest seller is matched with the second highest buyer,
etc. This is the same notion of allocative efficiency as defined in Dellarocas(2010).

Note, however, that here the reputation of a seller used to define such allocative efficiency is
jointly determined by the seller’s type (θ) and the seller’s effort decision, eθ, and given by θeθ,
assuming observability of types. Therefore, in order to find the efficient allocation of bidders and
the efficient effort, we procede backwards: first, we characterize the efficient effort decision of each
type of seller given the valuation of the buyer he is facing. (i.e. at this stage we assume that, the
valuation of the auction’s winner of the auction is independent of the effort decision).

For a given set of N buyers, drawn i.i.d from F (·), we define the social surplus as

W0 =
∑
j

Πcomp
j,0 +

∑
i

∑
t

ECSi,t j = 1, 2 and i = 1, · · · , N, t = 1, 2(4.7)

where ECSt is the expected consumer surplus at time t. Here, Πcomp
j,0 is the discounted expected

surplus of seller j as defined by the following expression:

Πcomp
j,0 =πj,1 + δE

[
πj,2|θ, eθj,1 ]

where

E
[
πj,2|eθj,1, θ

]
=e

θj
j,1θje

θ−j
−j,1θ−jπ

SS
j,2 + e

θj
j,1θj(1− e

θ−j
−j,1θ−j)π

SF
j,2 +

+(1− eθjj,1θj)e
θ−j
−j,1θ−jπ

FS
j,2 + (1− eθjj,1θj)(1− e

θ−j
−j,1θ−j)π

FF
j,2

Note that when types are observable, the reputation of a seller of type θ is his type probability of
success: rj,1 = θeθj,1.

Note that transfers are such that Rj,1(rj,1, r−j,1) = E
(
b

(2)
j,1 |bij = maxi {bj}

)
. This means that

the total (social) surplus at t = 1 is given by −c
(
eθj,1
)

+ P (yj,1 = S|θj) vi. In addition, since θ is
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observed, type-beliefs play no role, and P (yj,2 = S|θj) is independent of the outcomes in period 1,
(yj,1, y−j,1).

Lets start from the last stage, where for a given allocation of buyers to sellers, we want to solve
for the efficient effort decision. This can be defined for seller j and conditional on v1 and v2 (the
buyer allocated to seller j and seller −j respectivelly), by the solution to

max
{eθj,1,eθ−j,1}θ

−c
(
eθj,1
)
− c

(
eθ−j,1

)
+ θ1e

θ
j,1v1 + θ2e

θ
−j,1v2 (4.8)

s.t.
ej,1 ∈ [e, 1]

The first order conditions of such problem (recall that θ is observed) for j = 1, 2 ; θ = b, g are

c′
(
eθj,1
)

= θvi (4.9)

In other words, for a given buyer’s valuation vi, the efficient allocation is such that a seller of good
type should exert higher effort than a seller of bad type.

In addition, (??) implies that, given the properties of c (·) and that vi ∼ [0, 1], eθj,1 > e. In
other words, for any vi > 0 the efficient effort is greater than the minimum effort.

Moving backwards, in a first stage the problem would be to allocate the two buyers with highest
valuations, v(1), v(2), to sellers, taking into account the optimality conditions (??):

max
{vi}

W0 (4.10)

s.t. {
c′
(
eθj,1
)

= θvi
}
j=1,2

The problem (4.10) boils down to allocating the vi’s to sellers in such a way that W0 is max-
imized. The efficient allocation will then depend, given the features of the cost function c (·), on
the possible combinations of g, b, v(1), v(2). Figure 2 ilustrates the efficienct effort problem, for the
particular case of two buyers with the same valuation v. The left panel plots the functions that
belong to the total surplus W0, while the right panel plots the optimality conditions given by (??).
The maximization of W0 is graphically represented by an allocation of v1 andv2 in such a way that
the sum of the areas between gθ and c′ (e), and bθ and c′ (e), is largest.

Although when "reputation" is taken as fixed the efficient allocation of buyers stipulates the
matching of highest valuation with the highest reputation, this is not always the case when we
consider the joint determination of the efficient allocation of buyers and the efficient effort decision.

4.2.4 Market Allocation and Srategic Effort

In the market allocation, each seller does not internalize the effect of effort decisions on the payoff
of buyers in the current period. Given the timing of the game, the only motive for exerting effort
is the desire to "build a reputation".

Following Proposition 3 in dellarocas08, and given we assume 2nd price auctions, the optimal
selection strategy for each buyer takes into account both the amount of buyers that will bid in a
particular auction and the expected valuations of such buyers, conditional on seller’s reputations.
In a second-price sealed-bid auction with private values, the highest bidder wins the auction and
pays the second highest bid. In such auctions, it is a dominant strategy for each buyer to bid her
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valuation.

Let the game G0 =
〈
e1,t, e2,t, {si, bi}Ni=1 ,Π1,t,Π2,t, {Ui}Ni=1 ,

{
µjt−1

}
j=1,2

〉
, t = 1, 2, where ej,t is

the strategy of seller j in period t; {si, bi} are the selection and bidding strategies, respectively, for
buyer i; Ui is the payoff of buyer i i in period t; Πj is the (intertemporal) payoff of seller j; and µjt
is the belief held by all other sellers and all buyers) about seller j in period t.

Definition 2 A (Weak) Perfect Bayesian equilibrium (WPBE) of the game G0 is a(
e1, e2, {si, bi}Ni=1 , µt−1

)
that satisfies

1. Sellers (and buyers) strategies, together with beliefs (e1, e2, {si, bi} , µt) are sequentially ratio-
nal: for any information set htj and alternative strategies

{
e′j
(
htj
)}
, {s′i (hti) , b′i (hti)}

Πj

(
, {si, bi} |ht, µ

(
ht
)

; θj
)
≥ Πj

(′
i

(
htj
)
,−j
(
ht−j
)
{si, bi} |ht, µ

(
ht
)

; θj
)

for j = 1, 2, ∀θj,∀ {si, bi} ,∀µ (·)
Ui,t
(
, {si, bi} |ht, µ

(
ht
)

; vi
)
≥ Ui,t

(
,
{
s′i
(
hti
)
, bi
(
hti
)}
{s−i, b−i} |ht, µ

(
ht
)

; vi
)

for i = 1, ...,N ∀, ∀µ (·)

where e = (e1, e2).

2. Beliefs about seller types are updated using Bayes rule:

µj,t
(
θ = g|ht−1, yj,t

)
=
P (yj,t|θ = g) · µj,t−1∑

θ P (yj,t|θ) · P (θ)
∀ht−1 ∈ Ht−1

if
∑

θ P (yj,t|θ) · P (θ) > 0.

Following, we consider again the cases with observable and unobservable types.

4.2.5 The Role of Seller Competition When Reputation Matters

If there is no uncertainty about the trustworthiness of sellers, the reputation mechanism would-
dissappears and a similar result as in lemma 1 holds: the unique equilibrium has sellers exerting
minimum effort in both periods, eθj,1 = e. Given the results computed above, this means that effort
will be inefficiently low whenever vi > 0.

Unobservable Type

Now, the type or trustworthiness of each seller is private information. Given that θ determines
the probability of successful delivery, buyers and other sellers need to form expectations (beliefs)
about a particular seller being of g-type. We denote µj,t−1 as the beliefs held at the beginning of
period t about seller i being of type g.

When the type of each seller is unobserved, the nature of the game in the last period does not
change. Given that effort has no value from that period onwards, minimum effort is still optimal,
i.e. ej,1 = e∀j. The effort decision in period 0, however, is different.

First we want to understand whether the primitives of the model generate effort decisions that
are monotonic in types, or what is usually known as single-crossing condition within a revealed
preference argument. We state this in Lemma 1 below.
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Lemma 3 Single-Crossing condition: Let ej : Θ×Ht −→ [e, 1] be a decision rule for seller j = 1, 2,
as a function of her type θ ∈ Θ and a history ht ∈ Ht. Then, given the multiplicative technology
P (yj = S|θ, e) = θe, it is the case in equilibrium that ej (g;ht) ≡ egj (ht) ≥ ebj (ht) , ∀ht ∈ Ht, ∀j.

Proof. See appendix A.2.
rule0.5em0.5em

Each seller j of type θ, conditional on the initial beliefs, is faced with the following problem

max
eθj,1

{
rj,1H2,j (rj,1, r−j,1)− c

(
eθj,1
)

+ δEe,θ [rj,2H (rj,2, r−j,2)− c (e)]
}

(4.11)

s.t.
eθj,1 ∈ [e, 1]

Here, rj,t = P (yj,t = S|Ht−1) is the reputation of seller j at the beginning of period t. The FOCs
of the problem, for an interior solution, are given by

c′
(
eθj,1
)

= θδ
[
r−j,2

(
πSSj,2 − πFSj,2

)
+ (1− r−j,1)

(
πSFj,2 − πFFj,2

)]
(4.12)

Proposition 3 An equilibrium exists and is unique.

Proof. See appendix A.2.
rule0.5em0.5em

We are now in a position of analyzing the two main features of our environment: the effect
of competition and the effect of reputational information. In order to do so, we first focus on
four FOCs: the optimality conditions for the monopolist strategy (eq. (4.5)); the conditions for
the efficient allocation (eqs. (4.9)); the conditions for the sellers strategies when the types are
observable (eqs. (??)), and the conditions when the types are unobservable (eqs. (4.12)).
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Figure 2: Efficient allocation of buyers and effort
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4.3 Numerical Analysis

This section uses numerical methods to explore the effect of competition on the optimal choice
of sellers. This section is divided in two parts: in the first part we analyze the problem of the
monopolist, whereas in the second we focus on the competition. In both cases we perform a se-
ries of comparative statics aimed at revealing how different factors affect the behavior of the sellers.

4.3.1 Parametrization

The cost function is chosen such that it fulfills the condions for obtaining an interior solution:
c(e) = 0, c′(e) = 0 and lim

eθ→1
c(eθ) = ∞. Furthermore, we attempt a parametrization of the cost

function that induces shape-preserving results of higher magnitude that would allow us to achieve
a pattern of outcomes closer to the one observed on eBay. In the appendix, the reader is asked to
read an extensive reasoning for this choice of parameters.

c(e) =

{
p

(1−e)2 − q · e− s if e ≥ ζ

0 if e ≤ e < ζ
(4.13)

The model has three set of parameters: (i) parameters characterizing the payoff function (discount
factor), (ii) parameters characterizing the seller types or each seller’s technology (g and b), (iii)
parameters characterizing the cost function (4.13) (p, q, s, ζ). Although the ultimate goal is
to structuraly estimate (a subset of) such parameters, here we simply assign values exogenously,
and we perform some robustness exercises for comparison. The values used are presented in table 1.

Parameter Benchmark Value
Discount Factor δ 0.95
Big gap in types g = 0.9 b = 0.1

Small gap in types (high) g = 0.7 b = 0.6
Small gap in types (low) g = 0.2 b = 0.15

p 0.01
q 0.16
s 0.04
ζ 0.5

Table 1: Parametrization of the model

4.3.2 The Monopolist

We start by analyzing the case of the monopolist in in the 2 periods game:
Figure3 depicts how the optimal effort for both types varies with different initial beliefs. The

pictures shows clearly that high enough or low enough initial beliefs lead to relative low effort.
These results are in line with the explanation offered in section 3.2. The Bayesian update of
beiefs will put little weight on the seller of being of bad type and henceforth, independent of the
anticipated optimal value of effort, the updated positive and negative beliefs will not differ much.
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Figure 3: Monopolist’s effort decisions and reputation at t = 1. Both types. N = 5

Notes: The values for the seller types for the upper row are g = 0.9 and b = 0.1. N is the number of buyers (bidders)
at the beginning of each period. Bottom row presents the monopolist’s decision for parameter values g = 0.7 and
b = 0.6.

20



4.3 Numerical Analysis4 REPUTATION AND STRATEGIC COMPETITION: TWO PERIODS

More precisely, as µ0 → 1 also µS0 → 1 and µF0 → 1 and hence µS0 − µF0 → 0 which leads to
c(e∗θ) → 0, which further implies that e∗θ → e. The same principle applies for the case where
µ0 → 0. The shape of the optimal effort levels is convex in beliefs with a peak before 0.5. Increased
difference in the innate abilities to perform, g − b, shifts the peaks to the left.

4.3.3 Competition between two sellers

We first consider sellers that can be "very" trustworthy or "barely trustworthy” (i.e. g = .9 and
b = .1). We observe three interesting features regarding the impact of competition between sellers.
First, the relative beliefs about the trustworthiness of sellers affect the incentives to exert effort.
This can be seen clearly in figures 4 and 5, which present the optimal effort decisions and the
expected profits for each type as functions of the type-beliefs of both sellers. The FOCs provide
further insights into the dependence mechanism of efforts on the relative beliefs about the two
sellers. Second, such effect, however, depends crucially on buyers’ collective behavior: effort levels
and expected profits are both larger when the amount of buyers is large, although in such case
the beliefs about a competitor’s type does not influence one’s optimal effort or expected profits
compared to the situation in which the number of buyers is small. This can be seen by comparing
the effort decisions presented in figures 4 and 6 as well as the expected profits profiles in figures 5
and 19, which present the cases when the number of buyers are 5 (4and 5) and respectively 50 (6
and 19). Third, for a fixed belief about the competitor’s type, the qualitative behavior of a seller
relative to the monopolist case does not change, as shown by the comparison of the middle row
of figure 4 and figure 3. Nevertheless one can see the effect of competition on sellers’ behavior by
looking at the overall picture.

To explain the shape of the effort level curve, we start by looking at what triggers the exertion of
effort in the first place: the expected future income of the seller as mapped in figure 16 as well as the
opponent’s behavior. Figure ?? shows a monotonic and increasing dependence between reputation
and beliefs about one seller. In figure 16, the diagonal corresponds to the case in which sellers have
identical reputation levels. The expected second highest valuation is a concave and monotonically
increasing function in one’s own reputation and decreasing in competitor’s reputation, as our
theoretical results suggest. The expected second highest bid exhibits an interesting behavior
around the diagonal: above the diagonal, the marginal increase in expected income in one’s own
reputation is higher than the marginal increase of this variable below the diagonal. This feature
is also valid for the right handside picture in figure 16 which represents seller’s 1 expected price in
the first period auction. It is the behavior of income as function of relative reputation which gives
the intuition behind the effort level curve in figure 4. Notice first that, keeping beliefs about the
oponent constant, the effort level curve preserves the same shape as in the case of the monopolist.
Nevertheless, if we look at the whole picture, the policy function exhibits three traits that result
from the introduction of competition: first, when seller 1 is relatively worse off, as we gradually
decrease the beliefs about the opponent, case coresponding to an increasing ratio of seller’s 1
versus the seller’s 2 reputation, the effort level increases as a response to higher marginal payoffs.
The bottom right image in figure 4 shows a cross section of how own effort varies with public
beliefs about the opponent, for given values of beliefs about oneself. Second, along the diagonal
the competition is the most intense: a success or a failure is going to shift his revenue above or
below the diagonal in the next period. This provides highest incentives for both sellers to exert
effort. This maximal effort level is represented by the kinks in the cross-section image. Third,
when a seller has a better relative reputation, his incentives to put effort are higher compared
to the case where he is worse off, but slightlty decreasing as his opponent reputation weakens.
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The explanation for this is intuitive, even though not straight forward. The effect of a decrease
in competitor’s reputation are twofold: in the first place it increases the reputation ratio which
implicitely leads to higher profits for seller 1 and secondly it triggers seller 2 to decrease his effort.
Both these features account for a gradual decreases of seller’s 1 effort once he becomes the player
with the better reputation.

Further, we describe the implications of the number of bidders N on the game outcomes. When
the number of buyers is low, the effect of competition on incentives to exert effort is the strongest.
This aspect can be explained by two main forces. First, as it can be seen from the FOCs 4.12 that
the main motivation for effort as in the case of the monopolist is that of revealing, imperfectly,
some information to buyers regarding a seller’s innate trustworthiness, θ. Such information will
be incorporated in next periods type beliefs, µt+1. A successful delivery today reveals information
differently than a poor delivery, given the single crossing condition property presented in Lemma 1
(the quantitative impact of this will depend, among other things, on the difference between g and
b and on the properties of the cost function). The effect of information on updated beliefs, as in
the monopolist case, changes as the prior beliefs a seller’s type increase, i.e. that when prior beliefs
about a seller are low, a successful delivery has a greater impact on posterior beliefs compared to
the situation in which prior beliefs are high. Hence, sellers have an incentive to increase effort up
to a certain threshold level of beliefs, determined by the cost-reputation trade-off. Second, when
competition is introduced, the way in which buyers select an auction in equilibrium becomes crucial
to understand the kind of buyers that a particular seller will face in her own auction. Concretely,
as described in the section on buyers’ strategies, the expected income of sellers will depend on both
their relative and absolute reputation levels (recall that reputations are equilibrium perceptions).
Without loss of generality, we assume the case in which seller 1 has the highest reputation: r1 > r2.
A seller’s expected income is summarized by the measure riH2,1 (r1, r2) previously introduced, and
can be seen quantitatively in the right panel of figure 16. In figure 18 we plot values of the
expected second highers bid in seller’s i auction H2,1 (r1, r2) for fixed values of reputation r1 (right
panel) and respectively fixed values of r2 (left panel). The type of the second highest bidder in
seller’s 1 auction will increase monotonically with seller’s 1 reputation, for a fixed reputation of her
competitor. As predicted by the analytical results, one’s expected price decreases with an increase
of opponent’s reputation (figure 18).

When a seller faces competition, she has an additional incentive to maintain a good reputation:
in addition to the direct effect of reputation as a perceived probability of delivering the good, now
a seller knows that a relatively good reputation also attracts buyers that value more the good
(i.e. buyers with higher vi). This additional incentive is what drives the quantitative difference
in effort between the monopolist seller and a seller that faces competition (figure 4). Concretely,
when the seller faces no competition, the marginal benefit of effort is lower than in the competition
case. This is due to the fact that a monopolist knows that she will face all the buyers, no matter
what her reputation is.4 Therefore, the value of H2(·) will be relatively high and constant. On the
other hand, two sellers that compete against each other for the potential buyers face a value of H2

(expected type of the second highest bidder) which depends on the relative reputations.
Although the introduction of competition affects the behavior of the incumbent seller, the way

in which such competition impacts her behavior disappears as the number of buyers increases.
Figure 6 shows the optimal effort level of a seller with when on the market are 50 potential buyers.
As it can be seen, the beliefs about seller 2 have close to no effect on seller’s 1 effort decisions.
What is going on? The answer has to be searched upon in the buyers’ optimal collective behavior.

4The fact that a monopolist faces all N potential buyers is so by assumption.
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When the number of buyers N increases, the expected difference between the highest and second
highest bids in a particular auction will decrease. This implies that the expected surplus for a buyer
of bidding on any particular auction will decrease. Therefore, a seller’s reputation will not affect
a buyer’s surplus, which is translated into a complete randomization by buyers (when N → ∞)
when it comes to select an auction. This vanishing effect of competition can also be seen from the
plot of H2 in the bottom panels (N = 50) in figure 18. It can be observed that when the relative
reputation of sellers change, although the qualitative features of the lines are similar to the case of
5 buyers (top panel), the quantitative change on the 2nd highest valuation is much smaller. Note,
however, that a seller’s own reputation will still affect the amount that each buyer will be willing
to bid.

When we consider types of sellers that are very similar and relatively high (i.e. g = .7 and
b = .6), and assuming as before common knowledge about the possible types among all market
participants, the results change significantly. In figures 7 and21 we observe first, that when sellers’
abilities are high in absolute terms and relatively similar, their incentive to exert effort decreases
significantly. The reason is that good and bad sellers have similar abilities and therefore, for a given
effort level, they would have similar reputations, independent of the beliefs held by others. This
implies that sellers have little incentive to build a reputation by exerting effort; effort is costly and
its purpose is to signal one’s type. This result becomes evident from comparing the effort levels
when the type difference is high as in figure 7 with the case of low difference in abilities as in
figure4. In the extreme case in which there are no types (i.e. sellers are ex-ante identical), then,
as we have characterized in section 4, the unique equilibrium has both sellers exerting minimum
effort. Nevertheless, the effort levels and implicitely the profit function in the case of similiar types
are characterized by a small discrete jump along the diagonal. In figure 7 we notice that whenever
a seller has the relatively worse reputation, his effort level does not vary with the beliefs about
the competitor. What this implies is that as long as seller 1 has the relative lower reputation
(reminded be that the reputations of the two sellers differ little in absolute terms), the marginal
increase in expected income is very low compared to the case of reversed reputations ranking. (see
the figure on the expected income 16).

4.3.4 Welfare comparison

In this section we study the effect on welfare of introducing competition on the seller’s side. We
unravel interesting features about the behavior of total present value profits (PV) of the sellers, as
well as buyers’ profits.

Figure 20 presents the total equilibrium profits of a monopolist versus a seller that faces com-
petition. For the competition case, we assume a fixed value of the beliefs about the competitor.
Strikingly, when sellers’ abilities are far apart, we notice that there is little variance in the present
value of profits in the two possible scenarios. Opposed to that, when both types of sellers have
high and similar abilities, then the monopolist registers higher present value profits compared to
a seller under competition, for any given initial beliefs. The intuition behind this is quite simple,
even if not straightforward. In figures 8 and 98 we observe that the effort levels and the reputations
of the monopolist and the competing seller are very close under the two possible parametrization
of types both in the first and the second period. It follows that what triggers the difference in
profits between the monopolist and the competing seller in the case of relatively close abilities
is the magnitude of the second highest bid the seller is expecting to receive across all periods.
Noticed be that in figures 8 and 9 we compare a good type monopolist and a good type competing
seller. In addition to that, the competing seller in our figures has the relative better reputation.
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When abilities are very different, the expected second highest bid in the auction of the competing
seller coincides with monopolist’s income. When g = 0.7 and b = 0.6, the reputation of a seller
records little variation with beliefs. When reputations are close, all buyers randomize between
the auctions, which results in a lower expected second highest bid for the seller with the relativ
better reputation compared to the other scenario described above. The lower expected price of the
competing seller translates therefore into lower present value profits compared to the monopolist.

What about consumer surplus? I guess it’s higher under competition. PRO’s:

• 2 buyers get goods. higher expected payoffs for all buyers due to 2 facts:

– buyers with low valuation have higher probability of winning an auction.

• some figures eventually?
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Figure 4: Effort decisions Seller 1, 2periods. Both types. g = .9 b = .1 N = 5

Notes: The values for the seller types are g = 0.9 and b = 0.1. N is the number of buyers (bidders) at the beginning
of each period.
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Figure 5: Expected Profits for seller 1, 2 periods. g = .9 b = .1 N = 5

Notes: The second row shows transversal cuts for different values of seller 2 (competitor) type beliefs, while the
bottom row presents similar graphs but for fixed own type-beliefs. The values for the seller types are g = 0.9 and
b = 0.1. N is the number of buyers (bidders) at the beginning of each period.
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Figure 6: Effort decisions Seller 1, 2periods. Both types.
g = .9 b = .1 N = 50

Notes: The values for the seller types are g = 0.9 and b = 0.1. N is the number of buyers (bidders) at the beginning
of each period.
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Figure 7: Effort decisions Seller 1, 2periods. Both types. g = .7 b = .6 N = 5

Notes: The values for the seller types are g = 0.7 and b = 0.6. N is the number of buyers (bidders) at the beginning
of each period.
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Figure 8: Monopolist vs. 2 sellers (2 periods): Effort and Reputation in period 1. N = 5
Up & middle: g = .9 b = .1; Bottom: g = .7 b = .6

Notes: N is the number of buyers (bidders) at the beginning of each period. Top figure presents equilibrium
reputations in period 1. Middle figure are effort decisions when g = .9 and b = .1; bottom figures present effort
decisions for g = .7 and b = .6. All are for fixed beliefs of seller 2, µ2 (in the case of a monopolist, there is no seller
2). 29



4.3 Numerical Analysis4 REPUTATION AND STRATEGIC COMPETITION: TWO PERIODS

Figure 9: Monopolist vs. 2 sellers (2 periods): Reputation in period 2. N = 5
Up: g = .9 b = .1

Down: g = .7 b = .6

Notes: N is the number of buyers (bidders) at the beginning of each period. Left panel presents equilibrium
reputations after a success (S); right panel presents equilibrium reputations after a failure (F). fixed beliefs of seller
2, µ2 (in the case of a monopolist, there is no seller 2).
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Figure 10: Monopolist vs. 2 sellers (2 periods): Total Expected Profits. N = 5
Up: g = .9 b = .1; Down: g = .7 b = .6

Notes: N is the number of buyers (bidders) at the beginning of each period. Left panel is for a seller of good type;
right panel for a seller of bad type. fixed beliefs of seller 2, µ2 (in the case of a monopolist, there is no seller 2).
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5 Infinite Horizon
In the long-run scenario we expand the time horizon in order to study the impact of prospective
gains on seller’s incentives to build and maintain a reputation, both when they act as a mopopolist
and when they face a competitor.

5.1 Beliefs as Payoff-Relevant Information

In the case of online auction platforms such as eBay, the information available to sellers and
potential buyers about each other is significantly limited. Usually, such information amounts to
feedback scores (current and historical, up to a certain past date) which represent a summary
statistic of past evaluations by buyers or sellers. This information is public, and is the same
inforamtion observed by a researcher / economist / econometrician.
We therefore want to restrict the strategies played by sellers to have some ’markovian’ structure;
in other words, we want strategies to make behavior by each seller at any t only dependent on
a relatively small subset of the public information available, and not on the whole history of
outcomes5. The only observable history for all players (short lived buyers and the two sellers alike)
are the sequence of delivery outcomes {yτ}tτ=1 , with yτ = {y1,τ , y2,τ}. When the types are hidden
information, then each seller’s reputation (i.e. the probability that a seller successfully delivers a
good, conditional on the past outcomes: P (yi,t = S|ht)) is a function of the (common) beliefs held
by other sellers and all buyers about seller’s i type, and of perceptions of effort decisions. Such
beliefs determine the selection and bidding behavior by buyers, which are the kernel of seller’s
payoffs. It seems natural, then, when restricting strategies to have a markovian structure, to
include current beliefs as part of the “state space” or payoff-relevant variables.

The main (theoretical) problem with including beliefs as state variables, however, is related
to the fact that type-beliefs conditional on past delivery outcomes do not arise solely from the
description of the game; given their dependence on perceptions about effort decisions by different
types, beliefs are endogenously determined in equilibrium... Although the unobservability of effort
decisions rules out the existence of pooling equilibria, it is still not clear wether a maximally-coarse
consistent partitionHt (·) of the observable history, as described in MaskinTirole2001 (see Theorem
2.3), and which constitutes the payoff-relevant history of the game with perfect information, would
include the type-beliefs in our game of private information.

Below, we propose a way to describe an equilibrium for the ∞- repeated game with hidden
information and hidden actions in which the strategies of sellers are markovian.

5.2 The Monopolist Case

At the beginning of period t, given the history up to that point, ht−1, the buyers will assign
probability µt−1(ht−1) to the seller of being of good type.

Buyers care only about the outcome of period t, and hence their behavior follow the same
pattern as described in the model setup.

5 The infinitelly-repeated game in which sellers iteract between each other, even when the effort decisions for
sellers are not observable, might allow for multiple equilibria. In the particular case when there is no hidden
information about seller’s trustworthiness (i.e. observable θ’s) and there is imperfect public information (delivery
outcomes imperfectly signalling effort decisions), FudenbergLevineMaskin1994 provide conditions guaranteeing that
any feasible, individually rational payoff vector of the stage game can arise as a perfect equilibrium of the repeated
game with sufficiently little discounting.
More resently, .
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Anticipating the optimal actions of a good and a bad seller, buyers form expectations about
the probability of receiving the good from the monopolist: rt = µt−1ge

g∗
t +(1−µt−1)beb∗t . Following

the realization of the outcome of period t, the beliefs about the seller’s type are updated according
to Bayes’ rule:

µt = µSt−1 =
µt−1ge

g∗
t

µt−1ge
g∗
t + (1− µt−1)beb∗t

or
µt = µFt−1 =

µt−1(1− geg∗t )

µt−1(1− geg∗t ) + (1− µt−1)(1− beb∗t )

A monopolist of type θ has expected present value profits given by

Πmonop ({et}∞t=1 ;µ0) = R (r0)− c
(
eθ0
)

+
∞
Σ
t=0
δt+1Et

(
R
(
ryt+1

)
− c

(
eθt+1 |y

) )
with6

Et

(
R
(
ryt+1

)
−c
(
eθt+1 |y

) )
= Et−1

(
θeθt
[
R
(
rSt+1

)
− c

(
eθ∗t+1 |S

)]
+
(
1− θeθt

) [
R
(
rFt+1

)
− c

(
eθ∗t+1 |F

)] )
Here, eθ∗t+1 |S and eθ∗t+1 |F represent type θ’s optimal effort levels at time t+1, when the outcome

of period t has been a success resp. a failure. rFt+1, rSt+1 stand for the reputation values of the
monopolist in period t+ 1 when the outcome of period t has been a failure resp. a success.

rFt+1 = µtge
g∗
t+1 |F +(1− µt)beb∗t+1 |F= µFt−1ge

g∗
t+1 |F +(1− µFt−1)beb∗t+1 |F

rSt+1 = µtge
g∗
t+1 |S +(1− µt)beb∗t+1 |S= µSt−1ge

g∗
t+1 |S +(1− µSt−1)beb∗t+1 |S

R
(
ryt+1

)
is the revenue of the seller in period t+1 when his reputation is ryt+1, y being the outcome

of the transaction between period t and t+1. The monopolist faces every period the same number
of buyers, whose valuations are i.i.d. and drawn from the same distribution. The expected second
highest valuation will be constant over time and equal to
H2 = E[v(2)|v(1) = v] = N−1

N+1
. Seller’s revenue at time t is then R (rt) = rt

N−1
N+1

Definition 3 Bayesian Markov Perfect Equilibrium

The first order condition for type θ at time t is:

c′(eθ∗t ) = δθ[R(rt)(g(µSt e
g∗
t+1 |S −µFt e

g∗
t+1 |F ) + b((1− µSt )eb∗t+1 |S −(1− µFt )eb∗t+1 |F ))−

−(c(eθ∗t+1 |S)− c(eθ∗t+1 |F ))]

When choosing the optimal effort level, a monopolist faces the trade-off between higher profits in
the future vs. the present cost of effort.

6 The notation is such that Et(·) = E1E2 · · ·Et(·), where Et(·) ≡ E (·|ht) is the expectation conditional on the i
formation set at time t.
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5.3 The Two Sellers Case

As mentioned when describing the underlying models, when two sellers are competing for the best
customers, their expected income is a convex and increasing function of one’s reputation.
In this section we look at the scenario in which two long-sighted sellers with possible distinct beliefs
are selling the same homogenous good to a pool of N buyers which is freshly drawn every period.

The problem has the same structure as the one presented under the competition in the two
period case.

• define history and beliefs at time t

• define markov strategy

Seller j’s instantaneous time t profit is given by:

πj,t(e
θ
j,t, e

θ
−j,t, µj,t−1, µ−j,t−1) = R(rj,t, r−j,t)− c(eθj,t)

where rj,t = µj,t−1ge
g∗
j,t + (1−µj,t−1)beb∗j,t is seller’s j probability of success at time t. Notice that in

the competition case, instantaneous profits depend on both sellers’ reputations.
Conditioning on the outcomes of the two simultaneous transactions in period t, seller’s j possible

profits in period t+ 1:

πSSj,t+1(eθj,t+1, e
θ
−j,t+1, µj,t, µ−j,t) = Rj(r

S
1,t, r

S
2,t)− c(eθj,t+1|S)

πSFj,t+1(eθj,t+1, e
θ
−j,t+1, µj,t, µ−j,t) = Rj(r

S
1,t, r

F
2,t)− c(eθj,t+1|S)

πFSj,t+1(eθj,t+1, e
θ
−j,t+1, µj,t, µ−j,t) = Rj(r

F
1,t, r

S
2,t)− c(eθj,t+1|F )

πFFj,t+1(eθj,t+1, e
θ
−j,t+1, µj,t, µ−j,t) = Rj(r

F
1,t, r

F
2,t)− c(eθj,t+1|F )

where πyj,t,y−j,tj,t+1 with yj,t, y−j,t ∈ {S, F} being seller’s j profit in period t+ 1, conditional on his and
his competitor outcome in period t yj,t and y−j,t. As before, Rj(r

S
j,t, r

S
−j,t) = rSj,t+1H

(
rSj,t, r

S
−j,t
)
is

the anticipated profit of seller j in period t+ 1, given the outcomes of his transactions in period t
and given the ranking of their reputations.

Conditioning on his type, seller’s j expected present value profits can be represented as:

Πcomp
j

(
{ej,t, e−j,t}∞t=1 ;µj,0, µ−j,0

)
= Rj (rj,1, r−j,1)−c

(
eθj,1
)
+
∞
Σ
t=0
δt+1Et

(
Rj (rj,t+2, r−j,t+2)−c

(
eθj,t+2

) )
As in the two periods case, the conditional expectattion is taken with respect to the joint distri-
bution of outcomes. The notation here is similar to the monopolist case with infinite periods (see
footnote 6).

Definition 4 Bayesian Markov Perfect Equilibrium
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5.4 Infinite Horizon: Numerical Analysis

In order to solve and simulate the fully dynamic model, we use a numerical algorithm which we
describe in appendix A.5. As a result, and given the assumptions regarding the strategies we allow
for each seller, we obtain (time-invariant) effort decision rules. These, together with an initial pair
of beliefs and their updating rule, allow us to simulate time series of auctions for each seller. The
randomness comes from the probabilistic nature of an outcome given an effort level and a seller’s
type. Accuracy tests for the approximated solution and simulation are presented in appendix A.6.

Following, we present the numerical results in the case of inter-temporal competition among
the two sellers.

5.4.1 Parameization

The cost function, disctount factor and type parameter values are all defined (for the benchmark
case) as in the 2-period setting.

5.4.2 The Monopolist Case

We start by analyzing the case of the monopolist in the infinite time horizon

• Add and comment the numerical results for the monopolist.

• Add picture of efforts-, beliefs-, and profits path

• Compare results with the 2 periods monopolist

5.4.3 The Two Sellers Case

• when the beliefs about the competitor are minimal, µ2 = 0, the shape and properties of the
policy function are identical to the one in the monopolist case.

• beliefs about the true type of the seller converge quite fast to the true distribution of
types..Due to the low intrinsic ability to succeed, a bad seller faces a sequence of failures
with high probability. This drive down the beliefs and after a couple of transactions, there
is convergence. Beliefs for both sellers follow similar paths.

• Interesting is that, whenever a bad type experiences a paradoxical chain of successes and the
beliefs about him increase as well, he is prone to exert less effort. This case corresponds to a
move upwards of the diagonal, where effort levels decrease abruptly. The fact that only one
seller experiences an increase in beliefs, while everybody believes that his competitor is bad,
it gives rise to opportunistic behavior: as the probability of future success and hence high
profits is rather slim, a bad seller is better off by exerting low effort.

• the separation of types occurs very fast. Same reasoning as before.

• the good type takes advantage of his innate abilities and puts little effort. A bad type, unable
to mimic a good type and having partially revealed his type has low incentives to exert effort.

• profits are proportional to their abilities.

• when two good sellers are competing, efforts are high.
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Figure 11: Effort decisions Seller 1, ∞-periods. Both types. N = 5, g = .9, b = .1

Notes: The values for the seller types are g = 0.9 and b = 0.1. N is the number of buyers (bidders) at the beginning
of each period. Bottom row presents effort decisions of seller 1 and type g, for fixed µ1 (left) and fixed µ2 (right).
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• beliefs converge fast.

• profits switch constantly between two levels, a sign of increased competition.

5.4.4 Two periods vs. Infinite Horizon

37



5.4 Infinite Horizon: Numerical Analysis 5 INFINITE HORIZON

Figure 12: Effort decisions Seller 1, ∞-periods. Both types. N = 5
Left: g = .9, b = .1 Right: g = .2, b = .15

Notes: N is the number of buyers (bidders) at the beginning of each period. Row presents effort decisions of seller
1 and both types, for fixed beliefs of seller 2, µ2 .
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Figure 13: Effort decisions Seller 1, ∞-periods. Both types. N = 5, g = .2, b = .15

Notes: The values for the seller types are g = 0.2 and b = 0.15. N is the number of buyers (bidders) at the
beginning of each period. Bottom row presents effort decisions of seller 1 and type g, for fixed µ1 (left) and fixed
µ2 (right).
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Figure 14: Comparison of effort decisions: 2-periods vs. ∞-periods. Both types. g = 0.8 b =
0.2 N = 5

Notes: Figure presents effort decisions of seller 1 and type g, for fixed µ1 (left) and fixed µ2 (right). The values for
the seller types are given in parenthesis. N is the number of buyers (bidders) at the beginning of each period.
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Figure 15: Comparison of effort decisions: 2-periods vs. ∞-periods. Both types. g = 0.2 b =
0.15 N = 5

Notes: Figure presents effort decisions of seller 1 and type g, for fixed µ1 (left) and fixed µ2 (right). The values for
the seller types are given in parenthesis. N is the number of buyers (bidders) at the beginning of each period.
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5.4.5 The dynamics of Sales and Reputation: Simulation results

In this section we analyze wether the reputational mechanism proposed in our dynamic game
with asymmetric information is able to account for some key features reported in several empirical
studies on eBay sellers’ behavior. In this first exercise, we simply compare the empirical findings
and simulated results for some arbitrary values of our main parameters.

The equilibrium strategies of buyers and sellers in the infinite horizon game described in pre-
vious sections {s∗i , b∗i }

N
i=1 ;

{
eg∗1 , e

b∗
1 , e

g∗
2 , e

b∗
2

}
allow us to simulate sequences of transactions between

two long-lived sellers and one-period living sets of N buyers. We consider three cases: (i) both
sellers are of g-type; (ii) one seller is of g-type and one seller is of b-type; (iii) both sellers are of
b-type.

Starting from a set of initial beliefs {µ1,0, µ2,0} for each seller we simulate M sequences of T
transactions for each of the above mentioned cases. In our benchmark simulations, M = 800 and
T = 400.7 There are three sources of randomness in each stage game: first, buyers valuations are
freshly drawn every period from the support (0, 1) on which they are a priori independently and
uniformly distributed. Secondly, which buyers bid in each auction is determined by each buyer’s
selection strategy s∗i , which is a vector of probabilities determining the odds of a buyer with an
assigned private valuation of choosing each of the open auctions. Finally, after each auction has
closed and the seller has decided how much effort to put into delivering the item eθ∗t , the outcome
of the transaction (F or S) is determined randomly according to the technology described in section
XXX: P (y = S|θ, e∗) = θe∗.

[8] analyze a sample of 819 sellers of three different goods8 and follow them at monthly intervals
between October 24, 2002 and March 16, 2003. Among other features, they make emphasis on
four moments observed in the dynamics of sales and feedback data9:

1. Conditional mean impact of the first negative feedback on sales growth rates.

2. Conditional mean impact of the second and third negative feedbacks on sales growth rates.

3. Mean number of transactions (time) until the first negative feedback.

4. Mean number of transactions (time) between the first and the second negative feedback.

We start by establishing the connection between the underlying features in [8] and the variables
in our model. While Cabral and Hortacsu assume that in their datapool each transaction has a
corresponding feedback, in our model this is true by construction: we assume that buyers truthfully
report all outcomes of the transactions. Second, in order to compute the average impact of a
negative feedback on sales growth, the authors averaged weekly sales growth rates over a four week
window before and after the week in which the seller got his first and respectively second, third,
fourth and fifth negative feedback. Then they conduct t-tests for equality of means before and
after the feedback. In our model, we compare the growth rate by looking at the outcome of the
transaction one period before and one period after the feedback. The reason is that, under the
current parametrization, our model generates a significantly higher number of negative feedbacks

7 We choose these numbers to replicate the study by Cabral2010, who considers a sample of 819 sellers, where
the median seller receives 397 feedback comments.

8 IBM ThinkPad T23, collectible coins and 1998 Holidays Teddy Beanie Babies.
9 There is a fifth dimension of sellers behavior and strategies that is analyzed by [8], but which we do not consider

here: the possinility for a seller to exit (change 0ne’s identity or leave eBay). Although we do think that having
the possibility to exit might change the importance of the reputation mechanism, the current version of our model
does not include such possibility.
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(i.e. negative outcomes) than the ones observed in the data10. This implies that most of the sellers
in our simulations experience more than one negative outcome within an 8-period window, and it
would be therefore difficult to disentangle the effect of each feedback if we use the same averaging
as in [8].11

The growth rate and the difference in growth rates of revenues is computed in the following
manner: define the revenue (sales) for seller j, period t and simulation m as Rj,t,m, with j ∈ {1, 2},
t ≥ 1 and 1 ≤ m ≤M . Assume that the first negative feedback arrives in period τ . The revenues
growth rate (rate of change in levels) between τ and τ + 1 is

γj,τ+1,m =
Rj,τ+1,m −Rj,τ,m

Rj,τ,m

if Rj,τ,m 6= 0 ; τ ≥ 1 (5.1)

In addition, the change on the growth rate after the negative feedback is

∆γj,τ+1,m = γj,τ+1,m − γj,τ,m for τ ≥ 2 (5.2)

The values γj,t,m and ∆γj,τ+1,m allows us to compute the impact of a negative feedback net of
the trend in revenues.12

In order to compute the impact of the first negative outcome, we discard those simulations
in which the seller experienced a negative outcome in the first transaction. Finally, from our
simulated data we also extract the median change after each of the negative outcomes.

Tables 2 and 3 present the comparison between data and simulations for the four combinations
of parameters ({N , g, b} = {5, .9, .1} ; {50, .9, .1} and {N , g, b} = {5, .7, .6} ; {50, .7, .6}) analyzed
throughout the paper, while table 4 presents the comparison for two other middle-range combina-
tions of parameters ({N , g, b} = {15, .9, .1} ; {15, .9, .4}). Figures 22 to 25 plot the entire frequency
distribution of revenue changes (changes of levels and growth rates) after the first negative outcome,
for the combination of parameters presented in the tables.

The second column in each table presents the value of the four moments for the data in [8].
Columns 3 to 8 present the corresponding values for simulations in which both sellers are of g-type
(columns 3 and 4) and simulations in which one seller is of g-type and one is of b-type (columns
5-8). In the latter case of a good and a bad seller, we present the transaction and sales moments for
each seller separately. The columns labeled Nθθ report the effective number of simulations (out of
a total of 800) which we actually use to compute moments; these numbers are in all cases smaller
than 800 due to the restrictions mentioned in the previous paragraph.

5.4.6 Feedback, Reputation and Revenues

• There is a big difference in impact of the 1st and 2nd negatives between the cases of N=5 and
N=50 (5 bidders against 50 bidders each period). Concretely, when there is a relatively low
amount of potential bidders, the effect of each negative feedback is one order of magnitude
bigger than what is observed in eBay data (in the case of {N , g, b} = {5, .9, .1} for example,
the average impact of a 1st negative is −116.78% and −85.59% when we simulate (g,g) and

10 While [8] finds that the average seller in their sample received 4.9 negative feedbacks or comments (0.9 percent
of all comments received by an average seller), in our simulations ... . The median seller in the data receives a total
of 397 feedbacks during the same period

11 We could potentially simulate enough pairs of sellers in order to get a "sufficient" number of them experiencing
8-period windows with just one negative feedback.

12Note that ∆γj,τ+1,m can take values lower than −100% if, for example, γj,τ+1,m = −54% and γj,τ,m = 58%. In
such case, we would have ∆γj,τ+1,m = −112%.
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(g,b) respectively). The reason might be rather “mechanic”: when we simulate time series of
auctions for each seller, buyers (bidders) valuations are drawn i.i.d. from U ∼ (0, 1). This
implies that when we draw 5 valuations, the distance between each valuation is, on average,
higher than when we draw 50 valuations. Therefore, when lower (higher) valuations are
attracted after a negative (positive) outcome, the % jump in revenues will be significantly
higher. The second panel in both table 2 and 3 shows that when we simulate the cases with
50 buyers, the average impact of a first negative is much closer to the observed impact in the
data ( for the (g,g) case the impact is −21.05% when {N , g, b} = {50, .9, .1}.

• Note that for the cases when the difference in types is relative big (i.e. (g, b) = (.9, .1) and
(g, b) = (.9, .4)) the impact of the 2nd negative (in terms of changes in growth rates) is
significantly lower than the impact of the 1st one, in accordance with what occurs in the
data.

• Recall that we discard those simulations where the 1st negative occurs in the 1st period. In
addition, when we compute the change in growth rates instead of the change in levels, we
need to discard more simulations. This implies that, in equilibrium the simulations for a
b-type seller that we actually use to compute the relevant moments are fewer that for the
g-type sellers. Note that, in all of the three tables, the last row (Ngb) for the case (g,b)
show that the observations (i.e. simulations) used are few, which makes the estimates for
the average and median impact relatively imprecise.

5.4.7 Timming of Negative Outcomes

• There are substantial differences between the timing of negative outcomes in the data and in
our simulations. The first thing to notice is that negative outcomes occur much earlier and
with o higher frequency in our simulations. In table 2, the panel {N , g, b} = {5, .9, .1} shows
that the average number of transactions until the 1st negative is 3.29 for the case (g,g), while
in the data it is 240.88. In addition, the average number of transactions between the 1st and
the 2nd negative decreases almost 25% in the data, while the decrease near 9% or lower for
the simulated cases. A similar pattern can be observed in tables 3 and 4. Again, due to the
low number of observations for the case of b-type sellers, the estimate of the average timing
is probably not very accurate.
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Table 2: Dynamics of Sales and Reputation: Data vs. Model Simulations

Data Model Simulations
N = 5 ; g = .9 b = .1 a (Cabral (2010) (g,g) (g,b), g-type (g,b), b-type

Ngg
e Ngb Ngb

Mean # transactions until 1st failure 240.88 3.29 340 3.28 284 2.04 31

Mean # transactions between 1st and 2nd failures 188.76 3.02 179 3.00 146 2 2

Mean γ1stj (in %)b - 108.37 340 −5.47 284 227.95 31

Median γ1stj (in %) −22.33 340 −49.74 284 47.95 31

Mean ∆γ1stj (in %)c −12.74∗∗∗ d −116.78 165 −85.59 113 358.81 2

Median ∆γ1stj (in %) −53.94 165 −53.16 113 358.81 2

Mean ∆γ2stj (in %) ≈ 0 −67.07 78 −161.60 59 NaN 0

Median ∆γ2stj (in %) −56.42 78 −79.14 59 NaN 0

Data Model Simulations
N = 50 ; g = .9 b = .1 (Cabral (2010) (g,g) (g,b), g-type (g,b), b-type

Ngg
e Ngb Ngb

Mean # transactions until 1st failure 240.88 3.19 479 3.19 477 2.03 55

Mean # transactions between 1st and 2nd failures 188.76 3.11 270 3.11 266 2.33 3

Mean γ1stj (in %)b - −10.61 479 −11.43 477 −22.58 55

Median γ1stj (in %) −7.83 479 −8.76 477 −23.30 55

Mean ∆γ1stj (in %)c −12.74∗∗∗ d −21.05 296 −23.19 294 −66.79 2

Median ∆γ1stj (in %) −18.76 296 −21.96 294 −66.79 2

Mean ∆γ2stj (in %) ≈ 0 −3.83 163 −2.06 163 NaN 0

Median ∆γ2stj (in %) −4.49 163 −2.34 163 NaN 0

Notes: Data from Cabral (2010) uses a sample of 819 sellers. Simulations are carried out for 800 2-seller pairs.
The tables correspond to the case of g = .9, b = .1. The 3rd − 4th and 5th − 6th columns in each table correspond,
respectively, to a g-type seller when: (i) both sellers are of g-type, and (ii) the case where one seller is of g-type and
one is of b-type.
a N is the number of buyers in the model simulations.
b Change in the level of revenues after 1st negative feedback.
c Change in the growth rate of revenues after 1st negative feedback.
d The stars represent the significance level of a t-test for equality of means before and after the feedback (1 percent).
This number corresponds to the case of Think Pads; the corresponding numbers for silver coins and teddy bears
are: −13.32∗∗∗ and −17.34∗∗∗. See Table III in [8] (2010).
e Ngg represents the effective number of sellers (out of the total simulated, N) used to compute the moments.
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Table 3: Dynamics of Sales and Reputation: Data vs. Model Simulations

Data Model Simulations
N = 5 ; g = .7 b = .6 a (Cabral (2010) (g,g) (g,b), g-type (g,b), b-type

Ngg
e Ngb Ngb

Mean # transactions until 1st failure 240.88 2.91 327 2.91 327 2.71 280

Mean # transactions between 1st and 2nd failures 188.76 3.13 157 3.13 157 2.61 117

Mean γ1stj (in %)b - 75.23 327 75.40 327 29.80 280

Median γ1stj (in %) −15.05 327 −15.05 327 −16.13 280

Mean ∆γ1stj (in %)c −12.74∗∗∗ d −19.72 134 −18.84 134 −33.88 83

Median ∆γ1stj (in %) −51.82 134 −49.79 134 −34.92 83

Mean ∆γ2stj (in %) ≈ 0 −111.18 61 −111.18 61 −56.63 47

Median ∆γ2stj (in %) −68.07 61 −68.08 61 −34.38 47

Data Model Simulations
N = 50 ; g = .7 b = .6 a (Cabral (2010) (g,g) (g,b), g-type (g,b), b-type

Ngg
e Ngb Ngb

Mean # transactions until 1st failure 240.88 3.09 202 3.09 202 2.76 141

Mean # transactions between 1st and 2nd failures 188.76 2.95 93 2.95 93 2.79 60

Mean γ1stj (in %)b - −0.00 382 −0.00 382 −0.00 334

Median γ1stj (in %) −0.18 186 −0.16 186 −0.40 141

Mean ∆γ1stj (in %)c −12.74∗∗∗ d −0.69 202 −0.49 202 −1.84 141

Median ∆γ1stj (in %) −2.06 202 2.43 202 −2.96 141

Mean ∆γ2stj (in %) ≈ 0 −0.89 93 −0.89 93 −1.78 60

Median ∆γ2stj (in %) −1.94 93 −1.94 93 −1.85 60

Notes: Data from Cabral (2010) uses a sample of 819 sellers. Simulations are carried out for 800 2-seller pairs.
The tables correspond to the case of g = .7, b = .6. The 3rd − 4th and 5th − 6th columns in each table correspond,
respectively, to a g-type seller when: (i) both sellers are of g-type, and (ii) the case where one seller is of g-type and
one is of b-type.
a N is the number of buyers in the model simulations.
b Change in the level of revenues after 1st negative feedback.
c Change in the growth rate of revenues after 1st negative feedback.
d The stars represent the significance level of a t-test for equality of means before and after the feedback (1 percent).
This number corresponds to the case of Think Pads; the corresponding numbers for silver coins and teddy bears
are: −13.32∗∗∗ and −17.34∗∗∗. See Table III in [8].
e Ngg represents the effective number of sellers (out of the total simulated, N) used to compute the moments.
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Table 4: Dynamics of Sales and Reputation: Data vs. Model Simulations

Data Model Simulations
N = 15 ; g = .9 b = .1 a (Cabral (2010) (g,g) (g,b), g-type (g,b), b-type

Ngg
e Ngb Ngb

Mean # transactions until 1st failure 240.88 3.30 499 3.30 497 2.07 37

Mean # transactions between 1st and 2nd failures 188.76 3.07 254 3.07 255 2.25 4

Mean γ1stj (in %)b - −7.83 499 −7.23 497 −24.00 37

Median γ1stj (in %) −11.73 499 −10.64 497 −21.47 37

Mean ∆γ1stj (in %)c −12.74∗∗∗ d −25.29 286 −22.92 281 −29.89 3

Median ∆γ1stj (in %) −27.11 286 −25.62 281 −31.34 3

Mean ∆γ2stj (in %) ≈ 0 5.33 138 −5.72 135 NaN 0

Median ∆γ2stj (in %) 2.92 138 −6.31 135 NaN 0

Data Model Simulations
N = 15 ; g = .9 b = .4 a (Cabral (2010) (g,g) (g,b), g-type (g,b), b-type

Ngg
e Ngb Ngb

Mean # transactions until 1st failure 240.88 3.22 441 3.22 441 2.20 174

Mean # transactions between 1st and 2nd failures 188.76 3.22 235 3.22 235 2.18 42

Mean γ1stj (in %)b - −1.09 441 −0.87 441 −7.37 174

Median γ1stj (in %) −5.94 441 −6.33 441 −9.37 174

Mean ∆γ1stj (in %)c −12.74∗∗∗ d −22.83 250 −22.18 250 −37.18 30

Median ∆γ1stj (in %) −26.53 250 −27.68 250 −44.11 30

Mean ∆γ2stj (in %) ≈ 0 −17.69 126 −17.45 126 −37.99 6

Median ∆γ2stj (in %) −18.09 126 −21.24 126 −32.16 6

Notes: Data from Cabral (2010) uses a sample of 819 sellers. Simulations are carried out for 800 2-seller pairs.
The 3rd − 4th and 5th − 6th columns in each table correspond, respectively, to a g-type seller when: (i) both sellers
are of g-type, and (ii) the case where one seller is of g-type and one is of b-type.
a N is the number of buyers in the model simulations.
b Change in the level of revenues after 1st negative feedback.
c Change in the growth rate of revenues after 1st negative feedback.
d The stars represent the significance level of a t-test for equality of means before and after the feedback (1 percent).
This number corresponds to the case of Think Pads; the corresponding numbers for silver coins and teddy bears
are: −13.32∗∗∗ and −17.34∗∗∗. See Table III in Cabral (2010). See Table III in Cabral (2010).
e Ngg represents the effective number of sellers (out of the total simulated, N) used to compute the moments.
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A APPENDIX

A Appendix

A.1 Buyer’s Selection Strategy and Sellers’ Expected Revenues

Buyer’s Selection Strategy

In what follows, we describe the main features that characterize the buyer’s optimal selection
strategy, and the resulting expected type of the second highest bidder in seller’s j auction.
The ex-ante utility of a buyer with valuation vi bidding in j’s auction is defined as following:

πi(vi) =
N

Σ
n=1

Pr[n other bidders choose auctionj]× Pr[all n other bidders have types ≤ vi]

×rj × (vi − E[2nd highest type in j’s auction | highest type = vi ∧ ∃ n other bidders])
(A.1)

Following [10], we introduce a series of measures that will prove useful in defining the equi-
librium results. Given a selection strategy s : [0, 1] ⇒ [0, 1]M , the following function defines the
probability that a buyer is of type vi or lower and bids in seller’s j auction.

Qj(v
i|s) =

∫ vi
0
sij(u)f(u)du, j = 1, . . . ,M

.
The expression Qj(1|s) stands for the probability that a random buyer bids in j’s auction,

whereas 1−Qj(1|s) +Qj(v
i|s) is the probability that a random buyer is not of a higher type than

vi and bids in j’s auction.
It results that the above defined expected profit of a buyer with valuation vi bidding in j’s auction
can be written as: πi(vi) =

∫ vi
0

(1−Qj(1|s) +Qj(x|s))N−1 dx

Further we provide a short description of buyers’ equilibrium strategies as outlined Proposition
3 in Dellarocas [10].

In the general set-up withM sellers in which have assumed a complete order of their reputations,

let there be an L defined as the lowest integer 2 ≤ L ≤M − 1 for which rL+1 <
L−1∑L

j=1
N−1

√
1
rj

)N−1

.

If the integer does not exist, then L = M . The unique one-bid auction selection equilibrium is
described as following:

1. Buyers are diveded into L zones according to their types. Let tz z = 0, 1, . . . , L with t0 = 1,
tL = 0 be the zone delimiters. Buyers whose types satisfy tz < t ≤ tz−1 belong to zone z.

2. Zone z buyers randomly chose among sellers k = 1,≤ z with corresponding selection proba-
bilities:

szj =

N−1

√
1
rj∑z

j=1
N−1

√
1
rj

3. If L < M , then sellers L+ 1, . . .M are never chosen by any buyer
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4. Zone delimiters tz z = 0, 1, . . . , L− 1 are the solution to the following equations:

F (tz) =

(
N−1
√
rz+1

z∑
j=1

N−1

√
1

rj

)
− (z − 1)

A.1.1 Sellers’ Expected Revenues

Lemma 3 in Dellarocas [10] provides the closed-form solution of seller’s j payoff. In the auction
of a seller with reputation rj, where r1 ≥ . . . ≥ rj ≥ . . . ≥ rM , the expected type of the second
highest bidder is given by:

H
{r1,...,rM}
2,j = 1 + (N − 1)

∫ 1

0

(1−Qj(1) +Qj(t))
N dt−N

∫ 1

0

(1−Qj(1) +Qj(t))
N−1dt

The function H2,j(rj, r−j) is increasing in seller’s j reputation and decreasing in his competitors’
reputations.

When reputations are equal r1 = r2 = . . . = rM , the expected type of the second highest bidder
is the same in each auction and equals:

HM
2 = 1 +

N − 1

MN

∫ 1

0

(M − 1 + F (t))Ndt− N

MN−1

∫ 1

0

(M − 1 + F (t))N−1dt

Whenever there is only one seller in the market, the expected second highest value is be constant
throughout the periods and equal to H1

2 = N−1
N+1

, since the seller faces the same number of buyers
N whose valuations are drawn from the same distribution. It results the expected second highest
bid varies linearly with a seller’s reputations in the last two mentioned cases (monopolist and the
case in which all sellers have identical reputations).

In the case of two sellers, as assumed throughout the paper, these results can be summarized
as following:

The Case of Two Sellers

• Assortative Matching: there exists a threshold type t1 such that bidders with valuations
higher than t1 bid their expected valuation in the auction of the seller with the highest
reputation, which we assume to be r1. Buyers whose types are below this threshold have a
mixed optimal auction selection strategy that places a higher weight in choosing the auction
of the seller with the lowest reputation r2. Under the assumption of a uniform distribution of
buyers’ valuations, the threshold value and strategy selection vector take the following form:

t1(r1, r2) = N−1

√
r2

r1

s1 = (s11, s12) = (1, 0)

s2 = (s21, s22) =

(
N−1
√
r2

N−1
√
r2 + N−1

√
r1

,
N−1
√
r1

N−1
√
r2 + N−1

√
r1

)
• As a result, the seller with the highest reputation r1 expects to get more bids and from buyers

with higher valuations. His expected second highest valuation in the auction, henceforth
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called H2,1 is given by

H2,1(r1, r2) = 1 + (N − 1)

∫ 1

0

(1−Q1(1) +Q1(t))N dt−N
∫ 1

0

(1−Q1(1) +Q1(t))N−1dt

=
N − 1

N + 1

(
1 + tN1 − sN21

)
−
(
(1 + t1)(tN1 − sN21)− tN1

)
• Opposed to that, the seller with the relatively lower reputation, r2, expects to get a lower

number of bids than seller 1 and also from buyers with valuation from the low part of the
distribution. The exepected second highest type in his auction is:

H2,2 = ×(1 + (N − 1)

∫ 1

0

(1−Q2(1) +Q2(t))N dt−N
∫ 1

0

(1−Q2(1) +Q2(t))N−1dt)

=
N − 1

N + 1

(
2 +N −Nt1 − (1− s21)N

)
−
(
N + (1−N)t1 − (1− sN−1

21 )
)

A.2 Proofs

Proof of Proposition 1

We start by proving that a pooling equilibrium cannot exist. First, we notice that both types
exerting maximal costless effort cannot be a solution since the marginal cost of effort is lower than
the marginal benefit at this level. Furthermore, given the strict convexity and monotonicity of the
cost function and the delivery technology, it follows that for any chosen effort equal effort levels of
the two types, the good type has higher marginal benefits compared to the bad type, which leads
to him employing higher effort in equilibrium.

The solution to the monopolist’s problem must satisfy following FOCs:

{
c′(e∗g) = gf(e∗g, e∗b)

c′(e∗b) = bf(e∗g, e∗b)
(A.2)

where f(e∗g, e∗b) = δH1
2e
∗θobs
2 (µS(e∗g, e∗b)− µF (e∗g, e∗b)) and H1

2 = N−1
N+1

.
Recall that c(e∗θobs2 ) = c′(e∗θobs2 ) = 0.
First, we prove that feg(eg, eb) > 0 and feb(eg, eb) < 0

Recall that µS = µgeg

µgeg+(1−µ)beb
and µF = µ(1−geg)

µ(1−geg)+(1−µ)(1−beb) . It easily follows that ∂µ
S

∂eg
= µ(1−µ)gbeb

(µgeg+(1−µ)beb)2
>

0 and ∂µF

∂eg
= −µ(1−µ)gbeb

(µ(1−geg)+(1−µ)(1−beb))2 < 0. Hence:

feg(e
g, eb) =

∂µS

∂eg︸︷︷︸
>0

− ∂µF

∂eg︸︷︷︸
<0

> 0 (A.3)

Similar analysis applies for feb(eg, eb):
∂µS

∂eb
= −µ(1−µ)gbeg

(µgeg+(1−µ)beb)2
< 0 and ∂µF

∂eb
= µ(1−µ)gbeg

µ(1−geg)+(1−µ)(1−beb))2 >
0. Hence:

feb(e
g, eb) =

∂µS

∂eb︸︷︷︸
<0

− ∂µF

∂eb︸︷︷︸
>0

< 0 (A.4)
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We are looking for an interior solution. Since c(e∗θobs) = 0 and f(e∗obs, e∗obs) > 0, it follows that
c′(e∗obs)− gf(e∗obs, e∗obs) < 0 and c′(e∗obs)− bf(e∗obs, e∗obs) < 0. If an there exists an equilibrium, it
must be the case then that and A.2 holds, namely c′(e∗b)−bf(e∗g, e∗b) = 0 and c′(e∗g)−gf(e∗g, e∗b) =
0. Since c′(eb)− bf(eg, eb) and c′(eg)− gf(eg, eb) are increasing on [0, e∗b] resp. [0, e∗g], it must be
the case that:

∂
(
c′(eg)− gf(eg, eb)

)
∂eg

|e∗g(eb) > 0

∂
(
c′(eb)− bf(eg, eb)

)
∂eb

|e∗b(eg) > 0 (A.5)

Hence:

c′′(e∗g(eb)) > gfeg(e
∗g(eb), eb)

c′′(e∗b(eg)) > bfeb(e
g, e∗b(eg)) (A.6)

Further we differentiate implicitly the FOCS given in A.2 in order to get some information
about the Best Response functions e∗g(e∗b) and e∗b(e∗g){

c′′(e∗g(eb))∂e
∗g(eb)
∂eb

= gfeg(e
∗g(eb), eb)∂e

∗g(eb)
∂eb

+ gfeb(e
∗g(eb), eb)

c′′(e∗b(eg))∂e
∗b(eg)
∂eg

= bfeg(e
g, e∗b(eg)) + bfeb(e

g, e∗b(eg))∂e
∗b(eg)
∂eg

⇒ (A.7)

⇒

{(
c′′(e∗g(eb))− gfeg(e∗g(eb), eb)

) ∂e∗g(eb)
∂eb

= gfeb(e
∗g(eb), eb) > 0(

c′′(e∗b(eg))− bfeb(eg, e∗b(eg))
) ∂e∗b(eg)

∂eg
= bfeg(e

g, e∗b(eg)) < 0
(A.8)

From A.3, A.4 and A.7 it follows that ∂e∗g(eb)
∂eb

< 0 and ∂e∗b(eg)
∂eg

> 0. Hence best responses are
monotonically decreasing respectively increasing. Hence, there exists just one intersection of the
best responses, which implies that the equilibrium is unique. �

Proof of Proposition 2

The first order conditions are:

c′(e∗θ1 ) = δθH1
2 (µS1 − µF1 )(g − b)e∗θobs2

1. For any type, the effort level is increasing in the discount factor δ

We take the derivative of the F.O.C. with respect to δ keeping in mind that e∗θ1 is also a
function of δ. It results that:

c′′(e∗θ1 )︸ ︷︷ ︸
>0

∂e∗θ1
∂δ

= θH1
2 (µS1 − µF1 )(g − b)e∗θobs2︸ ︷︷ ︸

>0

⇔ ∂e∗θ1
∂δ

> 0
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2. For any type, the effort level of the good type is increasing in g and decreasing in b. The
opposite is true for the effort level of the bad type.

We look first at the first derivatives of µS1 and µF1 w.r.t g and b.

∂µS1
∂g

=
µbebeg(1− µ)

beb(1− µ) + eggµ)2
> 0

∂µS1
∂b

= − µgebeg(1− µ)

beb(1− µ) + eggµ)2
< 0

∂µF1
∂g

= − µ(1− beb)ebeg(1− µ)

(1− (beb(1− µ) + eggµ))2
< 0

∂µF1
∂b

=
µ(1− geg)eb(1− µ)

(1− (beb(1− µ) + eggµ))2
> 0

It easily follows that: and

3. For any type, the effort level is first increasing then decreasing in µ0 (effort level is a concave
function of µ0)

(a) We notice first that when µ0 = 0 or µ0 = 1 ⇒ µS1 = µF1 = 0 respectively µS1 = µF1 = 1.
This implies in both cases that the RHS of the F.O.Cs is 0. ⇒ c′(e∗θ1 ) = 0. Hence, the
optimal effort level when initial beliefs are either 0 or 1 is the maximal costless effort,
i.e. e∗θ1 = e∗θobs

(b) For µ0 > 0, derive the F.O.Cs implicitely w.r.t. µ0.

c′′(e∗θ1 )︸ ︷︷ ︸
>0

∂e∗θ1
∂µ0

= δθH1
2

∂(µS1 − µF1 )

∂µ0

e∗θobs2

∂(µS1 − µF1 )

∂µ0

=
ge∗gbe∗b

(µ0ge∗g + (1− µ0)be∗b)2
− (1− ge∗g)(1− be∗b)

(1− (µ0ge∗g + (1− µ0)be∗b))2
(A.9)

∂(µS1 − µF1 )

∂µ0

|µ0=0 =
ge∗g

be∗b︸︷︷︸
>1

− (1− ge∗g)
(1− be∗b︸ ︷︷ ︸

<1

> 0 and

∂(µS1 − µF1 )

∂µ0

|µ0=1 =
be∗b

ge∗g︸︷︷︸
<1

− (1− be∗b)
(1− ge∗g)︸ ︷︷ ︸

>1

and

In the first expression ?? we state the derivative of the RHS of the F.O.Cs w.r.t. µ0.
The denominator of the first fraction is strictly increasing in µ0, which implies that the
first fraction is decreasing in µ0. The opposite is true for the second fraction. It follows
immediately that ∂(µS1−µF1 )

∂µ0
?? is strictly decreasing in µ0. It must be then the case that

52



A.2 Proofs A APPENDIX

up to a threshold value of µ0, the RHS of the F.O.Cs is positive, which implies that
∂e∗θ1
∂µ0

> 0. For values of µ0 which are higher than the threshold, the RHS of the F.O.Cs

turns negative, which implies ∂e∗θ1
∂µ0

< 0. Hence the optimal effort level is concave in µ0.

Proof of Lemma 3

Define eg ∈ E and eb ∈ E as the equilibrium effort decisions for a seller of type g and type b
respectively. Relying on a revealed preference argument, it must then be the case that, for seller
j of type θ

Πj,0

(
eθj,1; θ

)
≥ Πj,0

(
eθ
′

j,1,; θ
)

This implies, for type g and b,

c (eg)− c
(
eb
)
≤ δg

(
eg − eb

) [
r−j,1

(
πSSj,2 − πFSj,2

)
+ (1− r−j,1)

(
πSFj,2 − πFFj,2

)]
(A.10)

and
c (eg)− c

(
eb
)
≥ δb

(
eg − eb

) [
r−j,1

(
πSSj,2 − πFSj,2

)
+ (1− r−j,1)

(
πSFj,2 − πFFj,2

)]
(A.11)

Here,
π
y1,1,y2,1
j,2 = e

(
gµ

yj,1
j,1 + b

(
1− µyj,1j,1

))
H2,j (r1,2, r2,2)− c (e)

is the profit for seller j in period 2 after the outcomes (yj,1, y−j,1) have been realized in period 1,
and

r−j,1 = geg−j,1µ−j,0 + beb−j,1 (1− µ−j,0)

is the reputation of seller −j in period 1, with initial type-beliefs given by (µj,0, µ−j,0).
Summing eq.(A.10) and eq.(A.11) we have

δ
(
eg − eb

)
(g − b) ≥ 0

which, given the assumption 0 < b < g ≤ 1, implies that eg ≥ eb. �

Proof of Proposition 2

Existence
The equilibrium is described by the following system of equations:


c′
(
e∗g1,1
)

= gδ
[
r2,1

(
πSS1,2 − πFS1,2

)
+ (1− r2,1)

(
πSF1,2 − πFF1,2

)]
c′
(
e∗b1,1
)

= bδ
[
r2,1

(
πSS1,2 − πFS1,2

)
+ (1− r2,1)

(
πSF1,2 − πFF1,2

)]
c′
(
e∗g2,1
)

= gδ
[
r1,1

(
πSS2,2 − πFS2,2

)
+ (1− r1,1)

(
πSF2,2 − πFF2,2

)]
c′
(
e∗b2,1
)

= bδ
[
r1,1

(
πSS2,2 − πFS2,2

)
+ (1− r1,1)

(
πSF2,2 − πFF2,2

)] (A.12)

where rj,1 is the perceived probability of success of seller j at time 1, πyj ,y−jj,2 is the time 2 profit
of seller j given that the two players have registered the outcomes yj, y−j ∈ {S, F}

To prove the existence of a WPBE we use Brouwer’s fixed point theorem.
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We start first by characterizing the marginal cost function c′(·) and its inverse c′−1(·).
c′ : [e, 1) → [0,∞) is a monotonically increasing and strictly convex function. Hence c′(·) is a
bijection. This guarantees the existence of well defined inverse function c′−1 : [0,∞)→ [e, 1).

The above system of FOC’s hence translates into:


e∗g1,1 = c′−1

(
gδ
[
r2,1

(
πSS1,2 − πFS1,2

)
+ (1− r2,1)

(
πSF1,2 − πFF1,2

)])
e∗b1,1 = c′−1

(
bδ
[
r2,1

(
πSS1,2 − πFS1,2

)
+ (1− r2,1)

(
πSF1,2 − πFF1,2

)])
e∗g2,1 = c′−1

(
gδ
[
r1,1

(
πSS2,2 − πFS2,2

)
+ (1− r1,1)

(
πSF2,2 − πFF2,2

)])
e∗b2,1 = c′−1

(
bδ
[
r1,1

(
πSS2,2 − πFS2,2

)
+ (1− r1,1)

(
πSF2,2 − πFF2,2

)]) (A.13)

Denote now e ≡
(
eg1, e

b
1, e

g
2, e

b
2

)
the 4-dimensional vector of efforts (actions) for seller-types, with

e ∈ E × E × E × E = [e, ē]4. Note that E is a convex and compact subset of the one-dimensional
Euclidean space.

For e > 0, the type-belief µ, the reputation function r (µ0, e) ≡ P (yj = S) and the expected
valuation of the second highest type in seller’s j auction (H1,2 (r) if r1 > r2, H2,2 (r) if r1 < r2 and
H2 (r) when r1 = r2) are all (vector-valued) functions continuous in e.13

Define the function (for a fixed δ, θ and µ0) Sθj : E ×E ×E ×E −→ D with D ⊂ R and i = 1, 2
as

Sθj (e; θ, δ, µ0) = θδ
[
r−j,1

(
πSS2,i − πFS2,i

)
+ (1− r−j,1)

(
πSF2,i − πFF2,i

)]
where πyj ,y−jj,2 = r

yj
j (H1,21(r

yj
j > r

y−j
−j ) +H21(r

yj
j = r

y−j
−j ) +H2,21(r

yj
j < r

y−j
−j ) is the profit for seller j

in period 2 after the (joint) outcome for seller 1 and 2 y = (y1, y2).It follows immediately that Sθj
is a continuous and bounded function.

Hence, also the function composition
(
c′−1 ◦ Sθj

)
: E4 −→ E is continuous and bounded. De-

note the vector function composition as (c′−1 ◦ S) : E4 −→ E4.

So far we have proven that E is a convex and compact subset of the 4-dimensional euclidian
space on which a continuous and bounded function (c′−1 ◦ S) is defined.

Then, Brouwer’s fixed point theorem guarantees the existence of a fix point: ∃e∗ s.t. e∗ =
(c′−1 ◦ S) (e∗). �

Uniqueness

A.3 Figures

A.4 Informative signals and the dynamics of beliefs

One of the main stylized facts observed in on-line auctions data, and described in [8], is the gradual
increase in weekly sales while reputational measures are increasing, and the sharp decrease in sales
growth after the first drop in those measures. We are interested in understanding wether our
environment can match such qualitative feature of the data.

13Recall that future profits are defined as following π
yj ,y−j

j,2 = r
yj
j (H1,21(r

yj
j > r

y−j

−j ) + H21(r
yj
j = r

y−j

−j ) +

H2,21(r
yj
j < r

y−j

−j ). It is easy to prove that the future profits function is continuous in one’s reputation and hence
in effort choices.
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Figure 16: Expected second highest bid and expected income when N = 5

Notes: the figure presents the expected second highest valuation in seller’s 1 auction as well as his income for given
levels of reputation.

Figure 17: Updating of beliefs: Reputation in Period 2. N = 5
Left: g = .9 b = .1 Right: g = .7 b = .6

Notes: the figures present equilibrium reputations in period 2, as a function of period 1 beliefs (µ0), after effort
decisions, outcomes and the corresponding updating of such beliefs. The left figure corresponds to values for the
seller types g = .9 and b = .1, while the right figure corresponds to g = .7 and b = .6. N is the number of buyers
(bidders) at the beginning of each period.
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Figure 18: Expected valuation of 2ndhighest bidder. N = 5 (top) and N = 50 (bottom)

Notes: N is the number of buyers (bidders) at the beginning of each period, while r1 and r2 are the reputation
of seller 1 and 2 respectively. Rows presents how the expected valuation of the 2nd highest bidder changes w.r.t
changes in relative reputation (fixed r1 left, fixed r2 right).
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Figure 19: Expected Profits, seller 1, 2periods. Both types. g = .7 b = .6 N = 50

Notes: The second row shows transversal cuts for different values of seller 2 (competitor) type beliefs, while the
bottom show similar graphs for fixed own type beliefs. The values for the seller types are g = 0.9 and b = 0.1. N
is the number of buyers (bidders) at the beginning of each period.
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The way in which buyers (and other sellers) update their beliefs about the seller’s type (trust-
worthiness) depends on the "informativeness" of the signal they receive. In our case, the signal is
simply the realization of a transaction. Observing a success (S) or a failure (F) provides the buyer
with information about the type of the seller (although both are unobservable, buyers and sellers
understand the way in which other sellers behave in equilibrium and therefore they acknowledge
the effort decisions by the different seller types. If the probability of an outcome, conditional on
effort, is relatively “flat” in types, meaning that in equilibrium it does not change much with the
type of a seller, then we say that the outcome is not an informative signal.

Along the previous lines, therefore, if we observe within the model that the updating of beliefs
after a failure is much more gradual than after a success, this might be due to the characteristics
of the conditional density of outcomes (conditional on effort): for certain parameter values, what
might be happening is that the probability of a failure is relatively high (note that such probability
is an equilibrium object which depends on the effort level). This implies that observing a success
provides much more information about the type of the seller than observing a failure.

Lets see this with an example. In our model, we have that the probability of a success,
conditional on effort and type is

p (r = s|e∗, θ) = e · θ

Lets consider as an example the benchmark case, in which θ ∈ {0.1, 0.9}. When we solve the
model, for a particular cost function we obtain an optimal effort level e∗ ∈ [0.1, 0.15]. This implies
that the probability of a success, conditional on type is psθ=g ∈ [0.09, 0.135] for the good type, and
psθ=b ∈ [0.01, 0.015] for the bad type.14 The “likelihood ratio” for a good type is given by

LRθ=g ≡
p (r = s|θ = g)

p (r = s|θ = b)
= 9

On the other hand, the conditional probabilities of a failure are pfθ=g ∈ [0.865, 0.91] and pfθ=b ∈
[0.985, 0.99] for good and bad types respectively. In this case, the likelihood ratio for a bad type is
given by

LRθ=b ≡
p (r = f |θ = b)

p (r = f |θ = g)
∈ [1.088, 1.138]

The above implies that a success is much more informative about a good type than a failure about
a bad type, and therefore gives rise to an asymmetry in the updating of beliefs.

A.5 Computational Algorithm

In this section we describe the steps followed to approximate numerically the solution to the
version of the game where two sellers interact with each other (and with short lived generations of
N buyers) for an infinite number of rounds. In addition, we also describe the procedure followed
in order to evaluate the accuracy of the algorithm and the approximation method.

Given the results presented in section XXX, we first restrict the possible strategies of sellers
to be markovian: past actions (which are unobserved) have a direct effect in current and future
strategies not because players believe that past play matters, but because they directly affect the
current environment. Such environment is composed by the beliefs about seller’s type, and is the
payoff-relevant information at each point in time. The dynamic reputation problem is characterized

14 This is not entirely correct, since the optimal effort functions are different for good and bad types. However,
with lower effort for bad types, the argument beow would be even more extreme.

58



A.5 Computational Algorithm A APPENDIX

by a continuous decision space (the effort chosen by each seller-type is a continuous variable) and
a continuous state space (the beliefs about a seller being of good type are also continuous in [0, 1]).

Computing Best Responses

There are two key features of a dynamic game that must be taken into account when solving the
problem numerically:

1. In equilibrium, the optimal effort decisions are best response functions (BR) of each seller to
other seller’s behavior and to the optimal auction selection strategy of buyers. Concretely,
and following the notation in the main text where µ = (µ1, µ2), are the beliefs about the two
seller’s reputation, we have that

ekθ = ek
(
µ;BR−k

(
ekθ
)
, H2k (µ) , θ

)
(A.14)

≡ BRk

(
e−k∗, H2k; θ

)
∀k 6= −k ∈ {1, 2}

Here, ekθ is the optimal effort of seller k when she is of type θ, while H2k (·) is the expected
type of the 2nd highest bid in seller’s k auction.

2. Probabilities of outcomes and beliefs are subjective perceptions of seller i, function of the BR
for all players, and these perceptions must be confirmed in equilibrium:

P̃k
(
y′k, y

′
−k|θk, ekθ (µ) , BR−k

(
ek;µ

))
= P

(
y′k|θk, ekθ;µ

)
· Pk

(
y′−k|B̃R−k

(
ekθ;µ

))
(A.15)

where the equality in (A.15) comes from the independence of conditional outcomes. Note
that Pk

(
y′−k| ˜BR−k

(
ekθ;µ

))
is simply the reputation of seller −k, which represents a belief

held by seller k (and, in equilibrium, by all other sellers and buyers). The tilde over B̃R (·)
is meant to make explicit the subjective nature of this object.

The algorithm employed is a slightly modified version of the ideas developed in [25] and Pakes2006,
and it operates with the first order conditions (FOCs) of the model, for both sellers (i = 1, 2) and
types (θ = g, b). We use a successive approximation strategy to the policy functions. Given the
nature of the economic problem we face, we are interested in preserving both the shape and the
non-differentiabilities that might be present in the best responses from both sellers. Within each
iteration of the algorithm, we approximate the (unknown) effort functions by means of linear ap-
proximation schemes, consisting of basis functions and approximation nodes ; in other words, we
will have e∗ (µ) ≈ ê (µ; {c}) where {c} is a vector of parameters. We use two standard approximat-
ing methods: one spectral method (Chebyshev polynomial interpolation) and one finite-elements
method (piecewise linear interpolation, or linear spline interpolation).

Under such algorithm, convergence to the true solution is not guaranteed (there is no result
about the particular mapping being a contraction). Convergence will usually hinge on, among
other things, key parameters in the model (discount factor) and the approximation and numerical
integration errors.

The numerical algorithm used can be summarized as follow:

• Step 0 : Compute FOCs of the problem for each seller i and each type θ (these are given
by equations (??) in the main text). They define an implicit (and invariant in equilibrium)
effort (best response) function eθ∗i of the form

F
(
θ, δ, ekθ, BR−k

(
ekθ
)
,µ
)

= 0 , ∀ k 6= −k, ∀ θ (A.16)
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with F : [0, 1]×[0, 1]→ R (since c′
(
ekθ
)

: [0, 1]×[0, 1]→ B ⊂ R). This will define the residual
function Rm (µ, {c}) = F̂ (θ, δ,µ, {c}) once the true effort function, ekθ (·), is replaced by an
approximation êkθ (·).

• Step 1 : Choose an approximating method, m, and an objective function for the approxi-
mation. Here we use one spectral method (Chebyshev polynomials) and one finite-elements
method (bi linear splines). The grid Gm (method m, with m = {cheb., spline}) used to
approximate eθ will be defined accordingly.
For the case of Chebyshev polynomials, we need to define the number of basis elements {T},
n1 and n2 (degree of approximating polynomials for both dimensions). Let Ti1 (h (µ1)) and
Tj2 (h (µ2)) be the i-th (j-th) element of the n1-th (n2-th) degree Cheb. polynomial, where
h (·) : [0, 1]→ [−1, 1]; we then define the tensor Chebyshev approximation for eθ as

êθ (µ; {c}) ≡ ê (µ, θ; {c}) =

n1∑
i=0

n2∑
j=0

cij · Ti1 (µ1)Tj2 (µ2) (A.17)

We use general regression in order to determine the approximating coefficients {cij}; in other
words, the objective function in the approximation is such that

{c} = argmin

∫
µ1×µ2

[
eθ (µ)− êθ (µ; {c})

]2
dµ1dµ2 (A.18)

Given the properties that characterize the Chebyshev polynomial family, the coefficients {cij}
are relatively easy to compute (this includes the approximation of the integral in (A.18) using
Gauss-Chebyshev quadrature, where we need to define the number of Chebyshev nodes mµ1

and mµ2, with n1 ≤ mµ1 and n2 < mµ2) .
For the case of bi-linear splines, we choose a set of nodes {µ1i, µ2j}i,j which together with
the basis {ψ}i,j, they define the tensor approximation as

êθ (µ1, µ2; {c}) ≡ ê (µ1, µ2, θ; {c}) =

mµ1∑
i=0

mµ2∑
j=0

cij · ψi (µ1)ψj (µ2) (A.19)

The basis (tent functions) are such that the coefficients take a simple form: cij = eθ (µ1i, µ2j).15

Note that, contrary to the strategy folowed for Chebyshev polynomials, we will have a just-
identified system.

• Step 2 : Choose an initial value for the best response functions, ekθ0,m (µ1, µ2) , k = 1, 2; θ =
{g, b} defined at the grid Gm for the approximating method m. Define a stopping criterion
ε > 0.

• Step 3 : Given ekθ0,m, compute approximating coefficients {c0} following (A.18). These will be
required for the interpolation of next period’s optimal effort in step 4 below.

• Step 4 : Given the state today (µ1, µ2), the effort decision for both sellers e1θ
0,m and e2θ

0,m deter-
mine the probability distribution (A.15), P̃i

(
y
′

k, y
′

−k|θk, eθk (µ) , BR−k (ek;µ)
)
. For each possi-

ble combination of realizations from such distribution (y1, y2) = {(S, S) , (S, F ) , (F, S) , (F, F )}
compute sequentially:

15 In addition, for µ1 = µ1i and µ2 = µ2j we have êθ (µ1i, µ2j) = eθ (µ1i, µ2j).
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1. µ′k = g
(
µk, e

kθ
0,m, yk

)
, k = 1, 2

2. ekθ′ = êkθm (µ′1, µ
′
2; {c0}) , k = 1, 2

where the law of motion µ′ = g (µ, ·) is derived from a Bayesian learning process’s. Note that
interpolation might be needed in 2. since (µ′1, µ

′
2) can fall outside the grid G.

• Step 5 : compute (rational) expectations in the FOCs. Given that outcomes (realizations of
the random variable y) take discrete values, this boils down to computing a weighted sum
using P̃k

(
y
′

k, y
′

−k|θk, ekθ (µ) , BR−k (ek;µ)
)
.

• Step 6 : solve for ekθ1,m in F̂
(
θ, δ, ekθ1,m, ê

kθ
m (µ′1, µ

′
2; {c0}) , µ, µ′

)
= 0. In general, this step

requires finding the zero of a non-linear function which implicitly defines the policy.

• Step 7 : If maxk
{
|ekθ1,m − ekθ0,m|

}
< ε, stop. Else, update the guess by weighted function

iteration. ekθ0,m = αekθ0,m + (1− α)ekθ1,m , with α ∈ [0, 1] and go to step 3.

Some particularities of our model are worth noting. The fact that the stochastic variable in our
model, y, (the outcome of transactions given effort decisions and types) takes discrete values
(success or failure), implies that we don’t need to employ numerical integration when computing
expectations in step 5 ; this eliminates one source of numerical approximation error. However,
we are still left with the errors arising from the approximation of ekθ in step 3 (fitting step); in
addition, we cannot avoid incurring in errors coming from an optimization or internal root finding
algorithm required in step 6.

A.6 Accuracy of Numerical Solution

As it was mentioned above, it is not clear that our numerical solution strategy satisfies a contraction
property. Therefore, we cannot directly infer the magnitude of the error ‖e− ê‖. In addition,
and as it can be guessed from the solution to the model with two sellers and two periods, the
(theoretical) effort decisions for both sellers and both types,

{
ekθ∗

}
, k = 1, 2; θ = g, b are probably

non-differentiable (they present some kinks) at some points of the state space µ1⊗µ2. This renders
the numerical approximation to the infinite-rounds version, under both spectral and finite elements
methods, quite difficult. We therefore provide some characterization of the approximation quality
of the above algorithm by means of two error estimates.

The first estimate computes (a normalization) of the FOC errors (the residual functionRm (µ; {c}))
across the state space. If we were able to obtain the exact (theoretical) policy functions, then the
FOCs should be satisfied exactly at all states. Therefore, the idea is that a good numerical approx-
imation must be associated with “small” deviations from the first-order conditions.16 The above
implies that states at which Rm (µ; {c}) 6= 0 represent the error incurred in when the approxima-
tion is used instead of the true policy. For interpretation reasons, we normalize such residuals by
the effort level at each particular state value:

R̃m (µ; {c}) =

∣∣∣∣ R (µ; {c})
ẽkθ (µ; {c})

∣∣∣∣ =

∣∣∣∣ ẽkθ (µ; {c})− g (µ; {c})
ẽkθ (µ; {c})

∣∣∣∣ (A.20)

where g (µ; {c}) = ekθimp (µ; {c}) is the effort level implied by the right-hand side of the first order
condition, while ẽkθ (µ; {c}) is the effort level computed using the approximation coefficients. In

16 This might obviously change if there are relevant (binding) constraints affecting the effort decision.
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other words, expression (A.20) represents the fraction of effort exerted by the seller above or below
the optimal effort level which arises from using an approximation to the “true” best response. The
approximation quality is then represented by the maximal and the average R̃m over the entire state
space.17 We present maximal and median errors for seller 1 and both types (seller 2 is symmetric
given the nature of the problem) in table 5.

The second method we use for analyzing the approximation error is similar to the test for accu-
racy of a numerical solution to a rational expectations model, developed by DenHaanMarcet1994.
Such test, instead of analyzing the residuals across the state space, makes use of the fact that, on
the optimal solution path,

E
[
F
(
µt,µt+1, · · ·

)
|Ωt

]
= 0 (A.21)

where Ωt is the information set available at time t (the beliefs about the sellers). The idea is that
F
(
µt,µt+1, · · ·

)
should be a forecast error and therefore not correlated with any information at

t. The above expression also implies that

E
[
F
(
µt,µt+1, · · ·

)
· h (zt)

′] = 0 (A.22)

where zt ⊂ Ωt are instruments and h (zt) is a vector of (any) functions of such instruments.
The instruments used here are a constant and the first and second order monomials of the
state variables, µ1 and µ2. If we use the sample analog of the left hand side of (A.22), BT =
1
T

∑T
t=1

[
F
(
µt,µt+1, · · ·

)
· h (zt)

′], then BT ≈ 0 can be tested.
Following the time series-GMM literature, in order to implement this test we simulate, for

each approximation method, N series of length T using the approximated solution to our model.
We then compute the proportion of t-statistic values (#

N
) that fall on the upper or lower tails

of the t-statistic’s (T-asymptotic) distribution.18 Note that, given that we are working with an
approximation to the true solution by construction, if we simulate the model for a large enough
number of rounds T, the test will reject the validity of the approximation with higher and higher
probability. Results are presented in Table 5.

17One has to bare in mind, however, that in general small Euler equation residuals cannot be explicitly mapped
into a bound for the approximation errors of the policy function. In other words, the error estimates cannot be
matched to a particular source: we cannot tell wether the errors in the FOCs come from the numerical algorithm
(successive approximation on the policy function) or from a particular approximation method. In addition, unit-free
residuals are not sufficient to analyze the required accuracy. Santos2000 analyzes and derives some results on the
asymptotic behavior of the residuals in finite dimensional optimization problems. They show that, under some
very particular (and strong) assumptions, the approximation error of the policy function is of the same order of
magnitude as the Euler equation residuals.

18 The t-statistic is given by
M = TB′TATBT (A.23)

, where BT = 1
T

∑T
t=1 F (µt, µt+1, · · · ) · h (zt)

′ and AT is a consistent estimate of Tvar
(
F (µt, µt+1, · · · ) · h (zt)

′).
For the true model, M is distributed asimptoticaly as a χ2

nq, where n is the dimension of F (µt, µt+1, · · · ) and
q is the dimension of h (zt). The key feature of our model that simplifies the computation of the t-statistic (see
NeweyWest1987 and DenHaanMarcet1994 for discussion) is that F (µt, µt+1, · · · ) ·h (zt)

′ is uncorrelated across time.
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Figure 20: Total Expected Profits, seller 1. N = 5 (left) vs. N = 50 (right)
g = .9 b = .1

Notes: N is the number of buyers (bidders) at the beginning of each period. Figure presents PV expected profits
for both types, and different number of buyers. We fixed the beliefs about seller 2, µ2.

Table 5: Accuracy of Approxmation: FOC errors

Effort # Polynomial elements = 4 # Polynomial elements = 10
type g g=.9, b=.1 g=.7, b=.6 g=.2, b=.15 g=.9, b=.1 g=.7, b=.6 g=.2, b=.15

Maximal error 4.91× 10−2 4.09× 10−4 3.16× 10−4 3.24× 10−2 2.86× 10−4 5.31× 10−5

Median error 7.05× 10−3 7.59× 10−5 6.64× 10−5 2.36× 10−3 4.34× 10−5 1.02× 10−5

Effort # Polynomial elements = 4 # Polynomial elements = 10
type b g=.9, b=.1 g=.7, b=.6 g=.2, b=.15 g=.9, b=.1 g=.7, b=.6 g=.2, b=.15

Maximal error 7.81× 10−3 3.52× 10−4 1.60× 10−4 4.63× 10−3 2.46× 10−4 4.05× 10−5

Median error 1.01× 10−3 6.53× 10−5 3.38× 10−5 4.62× 10−4 3.75× 10−5 8.18× 10−6

Notes: All computations were carried out for a number of buyers N = 5. Top table refers to errors in the effort
decision for a g-type seller, while bottom table is for a b-type.
Values g and b are the possible types for a seller; each pair (g, b) generates different effort decisions for sellers. The
cardinality of polynomial elements is simply the number of elements from the basis of a family of polynomials used
to approximate the effort decisions. The errors presented are expressed as a proportion of the optimal effort decision
at each node of the state space.
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A.6 Accuracy of Numerical Solution A APPENDIX

Figure 21: Expected Profits for seller 1, 2 periods. g = .7 b = .6 N = 5

Notes: The second row shows transversal cuts for different values of seller 2 (competitor) type beliefs, while the
bottom row presents similar graphs but for fixed own type-beliefs. The values for the seller types are g = 0.7 and
b = 0.6. N is the number of buyers (bidders) at the beginning of each period.
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Figure 22: Distribution of Sales change after 1st failure. Case{N , g, b} = {5, .9, .1}
Left: growth rate Right: ∆ in growth rates

Notes:
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Figure 23: Distribution of Sales change (growth rates) after 1st failure Case{N , g, b} = {15, .9, .4}
Left: growth rate Right: ∆ in growth rates

Notes: .

Figure 24: Distribution of Sales change (growth rates) after 1st failure Case{N , g, b} = {50, .9, .1}
Left: levels Right: growth rates

Notes: .
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Figure 25: Distribution of Sales change (growth rates) after 1st failure Case{N , g, b} = {50, .7, .6}
Left: growth rate Right: ∆ in growth rates

Notes: .
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