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Abstract

In this study we examine the price process of eBay online auctions. We pool sparse

and unevenly-spaced bidding histories of individual auctions, resulting in an unbal-

anced panel of bids. Since the price processes of online auctions are monotonically

increasing within individual auctions and exhibit a substantial degree of heterogeneity,

we propose a monotone series estimator for panel data with auction-specific slopes for

a common relative price growth curve. We generalize Ramsay (1998)’s monotone series

estimator to fit our panel model of the price process. We apply the proposed model and

estimator to eBay auctions of a popular handheld device (a Palm PDA). The results

are shown to capture closely the overall pattern of observed price dynamics. In partic-

ular, the early bidding, mid-auction bidding drought, and end-auction bid sniping are

well approximated by the estimated price curve.
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1 Introduction

The increasing popularity of online auctions has created much public interest, both commer-

cially and academically, on this new form of e-commerce. One of the main drivers of this

interest is the online auction site eBay. Established in 1995, eBay has since grown rapidly and

evolved into one of the world’s largest online market places, where anyone can sell practically

anything at any time. With a presence in 39 markets, including the U.S., and approximately

84 million active users worldwide, eBay has changed the face of internet commerce. In 2007,

the total value of sold items on eBay’s trading platforms was nearly $60 billion. The benefit

to consumers is clear: eBay provides an open trading platform where the market determines

the value of items that are sold. Over the years, the site has become a cultural barometer

of sorts, providing a view into what objects consumers want most at any time. At the same

time, since eBay archives detailed auction information and makes it publicly available, it

provides a unique opportunity for researchers to investigate the economics of auctions and

agents’ behavior in this market environment.

Online auctions differ from their offline counterparts in their duration, anonymity of

participants, low barrier of entry, global reach and around-the-clock availability. Therefore,

online auctions have become a serious competitor to offline auctions. Moreover, they also

create new phenomena that depart from and cannot be explained by classical auction theory.

According to classical auction theory, the final price of an auction is determined by a priori

information about the number of bidders, their valuation, and the auction format (Milgrom

and Weber, 1982 and Krishna, 2002).1

Investigation of conventional auctions is often constrained by the limited amount of auc-

tion information and non-availability of data. In contrast, online auctions provide rich and

detailed information that is publicly available. Consequently, there is a rapidly-growing liter-

ature on online auctions. For research in economics, marketing and information system, see

among others, Lucking-Reiley, et al. (2000), Ockenfels and Roth (2002), Roth and Ockenfels

1Paarsch and Hong (2006) provides a review of classical auction theories and an in-depth treatment of
econometric modeling and estimation using auction data.
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(2002), Ba and Pavlou (2002), Bajari and Hortaçsu (2003, 2004), and Bapna et al. (2004). A

second strand of the literature is contributed by the statisticians, who mainly use the method

of functional data analysis to analyze online auction data. See, for example, Shmueli and

Jank (2005), Jank and Shmueli (2006), Shmueli et al. (2006), Wang et al. (2008), and

references therein. This line of research considers the bidding histories of auctions functional

data, and thus uses the functional data analysis approach to extract common features of the

data on identical or similar auctions. One of the key findings of this literature is that what

happens during the auction also matters in online auctions. The dynamics of the bidding

process, especially the evolution of the bid arrival process and bidding process, is shown to

influence the final price of auctions.

In this study, we focus on the econometric modeling of the price process of online auctions.

The price dynamics of online auctions has important implications. For example, knowledge

of what drives price dynamics can help the seller in designing better auctions and can help

the auctioneer make adjustments that changes the auction experience (e.g., controlling bid

increment policies to alleviate the commonly experienced “bidding drought” in the middle of

the auction). In addition, Wang et al. (2008) showed that price dynamics, when incorporated

into a forecasting model, can lead to real-time predictions and result in higher accuracy

compared with classical forecasting models.

One feature of the price process of online auctions is the sparse and unevenly-spaced

(in terms of arrival time) bid information. The functional data analysis approach treats

the price history of every auction as one unit of functional data, and uses methods such as

principal component analysis to extract the commonality among auctions. This approach

typically entails smoothing the bid history of individual auctions as the first step. However,

the quality of the smoothing can be questionable when the number of bids of the auctions

is small. Moreover, individual auctions are treated as independent processes in this stage.

Instead, assuming that similar auctions share a common underlying process, we use a panel

model method to pool similar auctions in our model, resulting in an unbalanced panel because

the number of bids and their arrival times differ across auctions.
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Since the price history of online auctions is a monotone process, we generalize the mono-

tone series estimator by Ramsay (1998) to model the pooled price processes. However, the

pooled bid history is not necessarily monotone because bids in multiple auctions arrived

at different points of time, and a bid submitted earlier in one auction is not necessarily

lower than a bid submitted at a later time in a different auction. Thus a naive applica-

tion of the monotone estimator to the pooled data imposes unduly restrictive constraints on

the estimation. Instead, we present a nonparametric panel estimator with auction-specific

slope coefficients, which ensures the monotonicity of bids of individual auctions and allows

a common (relative) price growth curve among all auctions.

We apply the proposed method to price histories of eBay auctions of a popular model

of Palm handhelds. It is shown that we are able to capture the price evolution of online

auctions closely with a relatively simple yet flexible model. In particular, the typical patterns

of online auction bid histories, including the early bidding, mid-auction bidding drought, and

end-auction bid sniping, are well represented by the estimated price growth curve.

The rest of the paper is organized as follows. Section 2 introduces online auctions and

discusses some features of the price process of online auctions. Section 3 presents a panel

model that pools sparse and unevenly-spaced bid histories and assumes a common price

evolution among similar auctions. Section 4 proposes a monotone series estimator with

auction-specific slopes for a common relative price growth curve that accommodates the

unique nature of pooled bid histories. Section 5 presents the data of eBay online auctions

used in this study. Section 6 discusses the estimation results and some noteworthy features

of the estimated price growth curve. The last section concludes the paper.

2 Online auction and its price process

The format of online auctions distinguishes itself from conventional auctions. For example,

in conventional onsite auctions, the number of bidders is observed by the bidders and of-

tentimes fixed. In contrast, bidders in online auctions can enter the auction at any time

during the auction, giving rise to an additional source of uncertainty in online auctions. The
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arrival of bidders and bids are often modeled as a Poisson process, or more generally, a non-

homogeneous Poisson process (see, for example, Shmueli et al. 2007). On the other hand,

unlike the sealed-bid auction (English auction), the entire bidding process is observed by

all potential bidders. Consequently, bidders can adjust their bidding strategies and timing

decisions based on real-time evolution of the ongoing bidding process. Sellers can also learn

from closed similar auctions to improve their auction designs. Examination of bid histories

of previous auctions can provide insight into questions such as what is the impact of the

minimum bid/secret reserve price on the final price, and how to determine an optimal min-

imum bid/secret reserve price, and so on. Therefore the price process of online auctions is

of prominent importance to both bidders and sellers.

The high quality and publicly available online auction data provide a unique opportunity

to investigate the price process and its dynamics. In this study, we focus on one particular

kind of auction: auctions with a hard deadline. The hard-closed auction is the dominant

format used by eBay, which usually lasts from three to ten days.2 A hard-closed eBay auction

features a pre-announced deadline. Upon the end of the auction, the bidder with the highest

bid is announced the winner, while the winning price is the second highest bid (plus a bid

increment) in the auction. In other words, eBay uses the Vickrey auction or the second price

auction. The entire bidding history is observable to the public, except for the highest bid.

The bidding process of online auctions is typically marked by some of the following

features.

• The price process is monotonically increasing. Bidders are not allowed to submit a bid

that is lower than the currently posted highest bid (plus a minimum increment).

• There is usually some bidding at the auction start, followed by a period of very little

activity, and cumulating in a surge of bidding at the end of the auction. Many online

auctions observe early bidding in the first one or two days. Early bidding often is

used as a strategy to establish a bidder’s sincere interest and to deter other bidders.

2eBay also uses some variations of the hard-closed auction. For example, some auctions offer a “Buy It
Now” price. If during the auction, someone opts to purchase the item in question at the posted “Buy It
Now” price, the auction ends immediately and that particular bidder becomes the winner of the auction.
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Another reason for early bidding is to establish time priority (when the two highest

bids are tied, the earliest bidder is the winner). The mid-auction “bidding drought”

is possibly because bidders avoid revealing their willingness to pay too early, to avoid

early price increases. Finally, during the last hours of the auction, bidding picks up

again and peaks dramatically during the last minutes of the auction. Figure 1 plots

the bid history of a typical online auction that lasted seven days (see Section 5 for

details on the sample used in this study). Early bidding, mid-auction bidding drought,

and bid sniping are evident in this particular auction.

Figure 1: Bid history of an online auction
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• The last-moment bidding is called “bid sniping”. Ockenfels and Roth (2002) report

that 14% of all bidders submit their final bids in the last five minutes, 9% in the last

minute, and more than 2% in the last ten seconds before the closing of the auction.

There are various explanations as to why bidders engage in bid sniping. A commonly

found explanation is that bidders do not want to reveal their private information about

a particular item to other bidders to avoid bidding wars (Bajari and Hortaçsu, 2003).

Ockenfels and Roth (2002) identify several reasons for bidding as late as possible in

the auction. Bid sniping avoids bidding wars with incremental bidders, who, rather
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than bidding their secret valuation for an item, only place bids that are marginally

above the current high-bid in order to gain the auction lead. Late-bidding also avoids

revealing one’s true valuation for an item to uninformed bidders who look to others’

bids in order to determine their value for the item. Thus, placing the final bid as late

as possible is a valuable solution, although it carries the risk of not being recorded by

the auction mechanism due to high server and network traffic (Roth and Ockenfels,

2002).

• Bids of an online auction arrive at unevenly-spaced discrete time points chosen by

bidders. To recover the underlying common continuous price process, researchers often

rely on a large number of similar auctions with usually small numbers of bids, which

results in an unbalanced panel of bids. The consequences of this particular nature of

pooled bid histories on model construction and estimation are discussed below.

• Many popular items in online auctions, for instance, small electronics such as cell

phones and portable music players, are commonly available at conventional and online

stores that offer a posted price. The price process of these kind of auctions is usually

bounded above by this “market price”. This is in contrast to conventional auctions

of, say, art work, where the final prices are usually hard to predict. Research on

online auctions mostly focuses on auctions of these popular items due to their relative

homogeneity and the abundance of data.

Lastly, eBay requests that bidders submit their proxy bid: the highest amount that they

are willing to pay for the item. eBay’s automated bidding system records the proxy bid but

displays only an increment above the second highest proxy bid during the ongoing auction.

By doing so, bidders only need to submit their maximum willingness to pay and eBay’s

bidding system will automatically ‘bid’ for them until their bids are overtaken by other

bidders. For example, suppose that bidder A is the first bidder to submit a proxy bid on

an item with a minimum bid of $10 and a minimum increment of $1. Suppose that bidder

A places a proxy bid of $20. Then eBay’s webpage automatically display A as the highest
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bidder, with a bid of $10. Next, suppose that bidder B enters the auction with a proxy bid

of $15. eBay still displays A as the highest bidder; however, it raises the displayed high bid

to $16, one bid increment above the second-highest bid. If another bidder submits a proxy

bid above $21, bidder A is no longer in the lead. If bidder A wishes, he or she can submit a

new higher proxy bid. The process continues until the auction ends.

eBay posts complete bid histories of closed auctions for at least 15 days on its web site.

The final bid data that are publicly available on eBay’s website are proxy bids, which are

not equivalent to the prices shown during the auction. Following Wang et al. (2008), we

construct ‘live bids’ based on the observed proxy bids. The series of live bids are essentially

an ascending re-arrangement of the observed proxy bids, plus one bid increment. Although

the proxy bid series generally is non-monotone, the live bids, which are the actual prices

displayed by eBay during the ongoing auction, are strictly monotone. For the rest of the

paper, price or bid refers to the live bids.

3 The model

In this section, we lay out a model for the price process of online auctions. We first write

P (t) = α+ g(t), (1)

where g(t) is a smooth and monotone function. However, α and g(·) cannot be separately

identified without some restrictions. We assume that g(0) = 0 so that α = P (0) and is

identified.

Next, in order to impose the monotonicity in g(·), we adopt an approach based on Ramsay

(1998). Suppose that the monotone price growth curve g(t) in model (1) takes the form

g(t) =

∫ t

0

exp (w(u)) du, (2)

where w(·) is a real valued function defined on [0, T ] with w′(u) = dw(u)
du

being Lebesgue
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square integrable. It is obvious that g(0) = 0 and that g′(t) = exp(w(t)) > 0. Thus, g(t)

satisfies the identification condition and is a monotone function.

In this paper we will use a nonparametric series method to approximate the unknown

function w(·). Let ϕk be a series of real-valued, linearly independent basis functions de-

fined on [0, T ] that are at least twice-differentiable and Lebesgue square integrable. We use∑K
k=0 ckϕk(t) to approximate w(t), where ck, k = 0, 1, ..., K, are unknown parameters to be

estimated. Without loss of generality we assume that ϕ0(t) = 1 (a constant). In this case

we replace w(t) by c0 +
∑K

k=1 ckϕk(t) to obtain

g(t) =

∫ t

0

exp (w(u)) du = ec0
∫ t

0

exp

(
K∑
k=1

ckϕk(u)

)
du = β

∫ t

0

exp

(
K∑
k=1

ckϕk(u)

)
du,

where β = ec0 . Hence, our price growth model can be written as

P (t) = α+ β

∫ t

0

exp

(
K∑
k=1

ckϕk(u)

)
du ≡ α+ βm(t). (3)

It follows that m′(t) > 0 and P ′(t) = βm′(t) > 0 (since β > 0).

Consider for now the following model for a single hard-closed auction that lasts from

time 0 through T ,

P (t) = α+ βm (t) + x′γ + εt,

where m (t) is the relative or baseline price growth curve given in (3), and εt is an iid error

with mean zero and finite variance. Generally, the price process is affected by auction-specific

attributes such as seller reputation, opening bid set by the sellers, and so on. These effects

are captured by x′γ, where x is a S × 1 vector of auction attributes, and γ is a compatible

vector of unknown coefficients.

Although the price processes of online auctions are marked by regularities such as mono-

tonicity, early bidding and bid sniping, they also exhibit a considerable degree of heterogene-

ity, partly due to the relatively small number of bids in individual auctions. For this reason,

one is not expected to obtain much insight from a case study of a single online auction.
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Fortunately, there are usually a large number of auctions for identical or similar items in

online auctions, which offer an opportunity to study their price processes systematically by

pooling similar auctions. There exists a small yet fast-growing literature on online auctions.

A popular approach is to treat the price history of every single auction as a unit of functional

data, and use the functional data analysis method to explore the data. See, for example,

Shmueli and Jank (2005), Jank and Shmueli (2006), Shmueli et al. (2006), Wang et al.

(2008), and references therein. This method entails representing individual price history

by a smooth curve via some smoothing methods and then using methods such as principal

component analysis to extract common patterns among the smooth curves. This approach,

although powerful, has its limitations. The price processes are treated independently from

each other in the first-stage smoothing, thus may suffer a loss in statistical efficiency if the

bid histories share a common distribution. Moreover, many auctions only register a small

number of bids, rendering the quality of smoothed curves based on these “small” auctions

questionable.

In this study, we adopt a different strategy. We assume some common structure among

similar auctions and estimate this common structure by pooling bid histories of the auctions.

For present, assume that all auctions share a common price growth process, α+ βm(t). Let

Pj (t) be the price process of auction j. We can write the model as the following:

Pj (t) = α+ βm (t) + x′
jγ + εj,t,

where xj is a vector of attributes for auction j, j = 1, . . . , J, which accounts for the het-

erogeneity among the auctions. The error term εj,t is assumed to be iid with mean zero

and finite variance, and independent across the auctions. However, this simple model that

imposes monotonicity through α+ βm(t) for all auctions, is overly restrictive for the pooled

bid histories, where monotonicity is only maintained within every individual bid history. To

see this, note that when we pool bids from multiple auctions, the pooled bids may not be a

monotone process: A bid submitted at time t1 in one auction is not necessarily lower than a

bid submitted at a later time t2 in a second auction. Thus to circumvent this problem, we
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need to model the price evolution of each auction separately in our pooled estimation.

The assumption of common price growth process α + βm (t) may not hold for another

reason. Suppose that the price evolutions of two similar auctions follow the same growth

process but start with different opening bids. It follows that the expected final bids at time

T for the two auctions shall be different. This expected discrepancy, however, contradicts an

empirical regularity in a lot of online auctions of small electronics, as have been investigated in

many studies, that the price processes are approximately bounded above by, and sometimes

converge to, the market price.

Due to the two reasons discussed above, we adopt a less restrictive assumption that the

bid histories of similar auctions follow a common relative growth process m (t). Consider β

the magnitude (or phase) of the relative growth function, the generalized model for pooled

auctions then takes the form

Pj (t) = α+ βjm (t) + x′
jγ + εj,t, (4)

where βj is an auction-specific “slope” for the relative growth function m (t) , j = 1, . . . , J .

The introduction of this auction-specific slope helps accommodate random variations across

auctions and heterogeneity that cannot be explained by observed auction-specific attributes.

4 The Estimator

In this section, we present a nonparametric estimator for model (4). Among other things,

we need an estimator that ensures the monotonicity of the price process. There exist sev-

eral approaches to model a monotone function. Earlier work includes the isotonic regres-

sion (Brunk, 1955) and the Box-Cox transformation (Box and Cox, 1964). Ramsay (1998)

presents a monotone series method. Racine et al. (2009) propose a kernel-based method for

nonparametric estimation with general constraints. Henderson and Parmeter (forthcoming)

provide a brief survey of this literature.

In principle, any parameterization that warrants monotonicity suffices. As discussed
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in the previous section, we adopt a monotone series estimator based on Ramsay (1998).

Compared with the isotonic regression which results in a step function, model (3) offers

an additional advantage of differentiability. This is an appealing feature because a variable

transformation problem requires the inversion of the transformation, perhaps to estimate

argument values at points not corresponding to the original observations, i.e. the fitted

function shall have a first derivative that is bounded away from 0. In the current study, it

is desirable to also obtain the first and second derivative functions of m, which represent

the velocity (or speed) and acceleration (or rate of change of speed) of the price process

respectively. One can show that w′ (t) = m′′ (t) /m′ (t) . Thus w′ (t) measures the relative

curvature of the monotone function in the sense that it assesses the size of the curvature

m′′ (t) relative to the slope m′ (t) . Alternatively, it can be viewed as the acceleration of m (t)

relative to its velocity.

The principal advantage brought by representation (3) is the transformation of the es-

timation problem from a problem of finding the constrained function m(·) to a problem of

computing the unconstrained function w(·). We can now model w using some parametric

specification or a flexible nonparametric smoother. Lacking any theoretical guidance, we opt

to use a nonparametric series estimator.3 Popular choices of series basis functions include

the polynomials, splines and trigonometric series (see, for example, Li and Racine, 2007 for

a review of series estimation). We set w (t) =
∑K

k=1 ckϕk (t), where ck, k = 1, . . . , K, are a

vector of unknown parameters to estimate. The special case of w(t) = t corresponds to the

case of exponential m(t) such that it has a constant relative curvature, and w(t) = c, where

c is a constant, defines a linear function. Thus, small or zero values of w′(t) correspond to

locally linear functions, whereas very large values correspond to regions of sharp curvature.

For the current study, let P (ti) , i = 1, . . . , n, be an observed bid sequence from an

auction. One can estimate model (3) using the following penalized least squares estimator

min
α,β,c

n−1

n∑
i=1

{
P (ti)− α− β

∫ ti

0

exp (w (u)) du

}2

+ λ

∫ T

0

(w′ (u))
2
du, (5)

3See Hyde et al. (2007) for parametric modeling of the price process of online auctions.
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where c = {ck}Kk=1 is the vector of parameters in w (t) =
∑K

k=1 ckϕk (t). The first term

is the least squares fitting criterion. The second penalty or regularization term is similar

to the norm of the second derivative used in cubic spline smoothing. In addition, since

w′(t) = m′′(t)/m′(t), the penalty term keeps the fitted function away from the boundary

condition m′ (t) = 0.

Our model (3) is a variant of Ramsay’s (1998) monotone series estimator that uses the

following functional form

m∗ (t) =

∫ t

0

exp

(∫ u

0

w∗ (v) dv

)
du (6)

to model a monotone function. It is seen that w′ (t) in (5) plays a similar role as w∗ (t) does

in (6). On the other hand, representation (3) has a simpler functional form and leads to a

computationally more efficient estimation procedure.

Next we describe an estimation procedure for the panel model (4). Suppose that we

observe J auctions, the jth auction has nj number of bids, denoted by {pi,j}nj

i=1, submitted

at times {ti,j}nj

i=1 , j = 1, . . . , J. The pooled model then takes the form:

pi,j = α+ βjDjm (ti,j) + x′
jγ + εi,j, (7)

where Dj is a dummy variable for the jth auction,

m (ti,j) =

∫ ti,j

0

exp

(
K∑
k=1

ckϕk (u)

)
du,

and εi,j is an iid error with mean zero and finite variance.

Let β = {βj}Jj=1 , θ = {α, β, γ, c} and n =
∑J

j=1 nj. Model (7) is then estimated by

min
θ

n−1

J∑
j=1

nj∑
i=1

{
pi,j − α− βjDjm (ti,j)− x′

jγ
}2

+ λ

∫ T

0

(
K∑
k=1

ckϕ
′
k (u)

)2

du. (8)

We use an iterative updating procedure to find the solution for model (8). The rate of
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convergence is linear. Let c(v) be the vth-step value of c. Beginning with an initial estimate

c(0), which may be a vector of 0s, we estimate α(0), β(0) and γ(0) by linear regression. Then,

on any iteration v > 1 for which θ(v−1) are estimates on the previous iteration, we first

optimize with respect to c by the Gauss-Jordan or scoring procedure for non-linear least

squares problem to obtain c(v), and then compute α(v), β(v), and γ(v) by linear regression. In

particular, denote ϕ (t) = {ϕk (t)}Kk=1, ϕ̃(t) = {ϕ′
k(t)}

K
k=1, and r

(v−1)
j =

{
r
(v−1)
i,j

}nj

i=1
. Define

M =

∫ T

0

ϕ̃ (u) ϕ̃ (u)′ du,

m(v−1) (t) =

∫ t

0

exp
(
c(v−1)′ϕ (u)

)
du,

r
(v−1)
i,j = pi,j − α(v−1) − β

(v−1)
j Djm

(v−1) (ti,j)− x′
jγ

(v−1),

and nj ×K matrix Xj, j = 1, . . . , J, with rows

x
(v−1)
j (ti,j) =

∂m(v−1) (ti,j)

∂c
=

∫ ti,j

0

ϕ (u) exp
(
c(v−1)′ϕ (u)

)
du.

The Gauss-Jordan procedure requires that the update vector

δ(v) = c(v) − c(v−1)

be the solution of the linear equation

R(v−1)δ(v−1) = −s(v−1),

where

R(v−1) = n−1

J∑
j=1

(
β
(v−1)
j

)2 (
X

(v−1)
j

)′
X

(v−1)
j + λM,

and

s(v−1) = −n−1

J∑
j=1

β
(v−1)
j

(
X

(v−1)
j

)′
r
(v−1)
j + λMc(v−1).
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Lastly, we can select the smoothing parameter λ through some optimizing metrics such

as the risk or the prediction risk, or through the method of cross validation or generalized

cross validation (see, for example, Eubank, 2002). In this paper we use generalized cross

validation to select λ.

5 Data

Auction data typically arrive in the form of a series of bids placed over a period between the

start and the end of the auction. In our empirical investigation of the price process of online

auctions, we focus on eBay auctions of the Palm M515 Personal Digital Assistant (PDA).

These PDAs were popular items on eBay at the time of data collection and had a market

value of $249 (based on Amazon.com). All auctions examined in this study are hard-closed

with a duration of seven days, taking place between March 14th and May 25th of 2003.

The same data are studied in Shmueli et al. (2007), who employ a functional data analysis

approach. In order to reduce external sources of variation, we include only auctions that are

transacted in US dollars, for completely new items with no added-on features, having at least

10 bids, and where the seller did not set a secret reserve price. The number of auctions is

125 and the total number of bids is 3,351. For each auction, we observe the arrival time and

value of bids, and some auction-specific characteristics. Every auction in our data resulted

in a sale.

Some summary statistics of the auctions used in our analysis are given in Table 1. We

can see that the auctions vary considerably in many aspects. The number of bids ranges

from 10 to 51 with an average around 27. The final price, which is essentially the second

highest bid, ranges from $177 to $250. It is known that many factors can influence the final

price of online auctions, including the number of bidders, the opening bid, seller’s reputation,

shipping and handling, whether the item is under warranty, whether it is a brand-new or

open-boxed item, whether the item comes with extra accessories, and so on. Despite that

we only include auctions of new Palm M515 with no add-on features in our sample, the final

prices exhibit substantial dispersion. At the same time, the final prices in online auctions
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are usually bounded from above by the market price ($249 in our case). Not surprisingly, we

observe that the bids top out at $250 for all 125 auctions in our sample. The distribution

of final prices is centered around $230, $20 below the market price, and is approximately

symmetric.

There is considerable variation in the opening bids. The lowest opening bid equals the

minimum increment ($0.01), and the highest ($180) is rather close to the market price. More

than 50% of the opening bids are less than $1, and about 75% less than $10, indicating that

most opening bids are speculative. It has been found that the opening bids have a direct

and an indirect effect on price (Bapna et al., 2004). The opening bid is typically positively

associated with final prices. But its indirect influence has the oppositive direction: Lower

opening bids attract more bidders, and the increased competition often results in a higher

final price. As for seller ratings, they vary between 0 and 6,000. On eBay, a seller’s rating is

associated with trust: higher-rated sellers tend to extract price premiums due to their higher

trust levels.

Table 1: Summary Statistics
Min. 1st Q. Median Mean 3rd Q. Max.

number of bids 10 21 26 26.81 32 51
bid (unit: $) 0.01 75 150 135.82 200 250
final price (unit: $) 177 222 233 229.10 240 250
open bid (unit: $) 0.01 0.01 1 12.40 10 180
seller rating 0 72 256 622 1,180 5,432

Lastly, Table 2 reports the frequency of bid arrivals during the course of seven-day auc-

tions.4 Apparently, the time distribution of bid arrivals exhibits the typical patterns of online

auctions: early bidding, mid-auction bidding drought, and bid sniping. In particular, bid

sniping is rather significant: the percentages of bids submitted within the last hour, last 10

minutes, last 5 minutes and last minute of the auction closed time are respectively 11.62%,

6.41%, 5.37% and 2.24%.

4The arrival time of bids is accurate up to a second and therefore is treated as a continuous variable.

16



Table 2: Time distribution of bid arrivals
Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7

Percentage (%) 13.28 6.81 6.81 5.21 9.08 13.58 45.23

6 Estimation and results

Aiming to arrive at a parsimonious representation of the relative growth function m (t),

we use the power series to model w (t) such that w(t) =
∑K

k=1 ckt
k, where K ≥ 1. Since

the duration of hard-closed auctions is fixed, the domain of w (t) is bounded. Thus the

risk associated with power series due to potential outliers is greatly reduced. Hyde et al.

(2006) employ the functional data analysis approach and use spline basis functions. They

transform the raw bid data to a step function and define the knots of spline basis along

the step functions. Instead, we model the price process directly using raw bid data. To

ensure the positivity of the predicted price process, we opt to model the logarithm of bids

in our estimation. We include two auction-specific characteristics in our model: the seller’s

reputation and opening bids. Both variables are also transformed into logarithm form. The

smoothing parameter λ is selected based on generalized cross validation. For comparison,

we also estimate a simple pooled model:

pi,j = α+ βm(ti,j) + x′
jγ + εi,j, (9)

where the auctions share both a common relative price curve m(t) and a common slope/scale

factor β.

We report the estimation results for K = 4 in Table 3. Following Ramsay (1998),

we calculate the standard errors by bootstrapping, using resampling of the residuals from

the estimated function.5 For the simple pooled model (9), the estimated β̂ = 0.3090 and

the adjusted R2 equals 0.5863. For the panel model (7), the adjusted R2 equals 0.6633,

indicating a sizeable improvement when the panel structure of the data is incorporated into

the analysis. Consistent with the fact that the price process is a monotonic increasing process,

5Under the assumption of i.i.d. disturbances, we use the simple residual resampling bootstrap method.
The number of repetitions is 300.
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all estimated β̂js in model (7) are positive, ranging from 0.1560 to 0.4776, with mean 0.3128,

median 0.3402 and standard deviation 0.0804.6 Lastly, the coefficients for seller’s reputation

and opening bid are respectively -0.0215 and 0.2382. Although empirical researchers tend to

suggest that higher seller ratings are associated with higher final prices, Wang et al. (2008)

report that higher seller ratings are associated with lower prices during the auction process,

which is consistent with our finding. On the other hand, as expected, a higher opening price

is associated with higher bids during the auction.

Table 3: Estimation results (bootstrapped standard errors included)
Coef. S.E.

intercept 2.8809 0.1145
seller rating -0.0215 0.0171
open bid 0.2382 0.0254
mean(βj) 0.3128 0.0055
median(βj) 0.3402 0.0070
s.d.(βj) 0.0804 0.0048
adjusted R2 0.6633

Figure 2 shows the estimated log-price process:

P̂ (t) = α̂+ β̃m̂ (t) + x̃′γ̂,

where β̃ is the median of estimated auction specific slopes, and x̃ is the median of auction

attributes of the entire sample. Also plotted are the raw bid data. It is seen that the

estimated curve closely captures the general pattern of the price evolution. The bidding

increases quickly during the first one or two days of the auctions; the growth slows down

between day 2 and day 6; and it accelerates in the last day of the auction.

Next recall that the relative acceleration, m′′(t)/m′(t), is captured by w′(t), which is

plotted in Figure 3. Note that m′(t) > 0 for the entire duration of auction, thus the sign

of the relative acceleration depends on m′′(t) alone. The result provides a clear illustration

of the price dynamics. The relative acceleration increases gradually and persistently during

6In our estimation, the signs of β̂js are not constrained to be positive.
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Figure 2: Estimated price process
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the auction. The acceleration for the early stage of the auctions is negative, indicating that

price movement has slowed down since the onset of the auction. The second stage of the

auction is characterized by a near zero acceleration, corresponding to the middle segment

of the price curve, which is roughly linear. The final stage of the price process exhibits a

positive and increasing acceleration, accumulating in “bid sniping” type behavior towards

the end of the auction.

Finally, it is noted that the estimation results are not sensitive to the values of K and

λ. A close examination of the objective function (8) reveals that the roughness penalty only

applies to w′(t), or equivalently, to the common relative growth function m(t). The inclusion

of auction attributes and auction specific slopes allows a considerably high degree of model

heteoskedasticity, which is little affected by the smoothing parameter. At the same time,

m(t) appears to be quite robust to our choice of number of basis functions. To see this,

we plot the estimated growth functions for K = 2, 4, 6 in Figure 4, where the three curves

exhibit little difference.7 In particular, the estimated curves are nearly identical for the last

7A referee suggested to us to try even higher order power series as a robust check, we used K = 10 and
the estimated growth function is still very similar to the case of K = 4 (the result is not reported here to
save space).
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Figure 3: Estimated relative acceleration price process
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day of the auction. These results indicate that the underlying common growth curve is likely

to be very smooth and therefore can be concisely summarized by a monotone series estimator

with a small number of basis functions.

Figure 4: Estimated price processes with different number of basis functions (K = 2, dashed;
K = 4, solid; K = 6, dotted)
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7 Conclusion

In this study we examine the price process of online auctions at eBay. The bidding histo-

ries of online auctions are spare and unevenly-spaced in time. We pool bidding histories of

similar auctions, resulting in an unbalanced panel of bids. Since the price process of on-

line auctions is monotonically increasing, we propose a monotone series estimator for panel

model. Furthermore, the pooled data have two distinct features: First, monotonicity is ob-

served within individual auctions, but not necessarily across auctions; second, auctions with

different opening bids tend to converge to a common final price, the market price. Corre-

spondingly, we assume a common relative or baseline price growth curve among all auctions,

and use auction-specific slopes for the relative price growth curve to accommodate random

variations and unobserved heterogeneity among similar auctions.

We generalize Ramsay (1998)’s monotone series estimator to estimate a panel model

of the price process of online auctions. We apply the proposed model to a sample of bid

histories of eBay auctions of a popular handheld device (a Palm PDA). The results are

shown to capture closely the overall pattern of observed price dynamics. In particular, the

early bidding, mid-auction bidding drought, and end-auction bid sniping are evident in the

estimated curve. Finally, we note that the our estimates are robust against alternative basis

function configurations and smoothing parameter selection.

There is a small literature of the bid arrival process of online auctions (see for example,

Shmueli et al., 2007), another important respect of the price dynamics of online auctions. For

future research, a simultaneous investigation of the bid arrival process and bidding process

is expected to shed further insight into the price dynamics of online auctions.
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