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Abstract
Online auctions are inherently dynamic. Online
auction designs that internalize temporal changes in
the economic environment are generally expected to
perform better than static designs. This is because
providing opportunities for both buyers and sellers to
inform each other about preference changes over time
can increase market transparency and lead to more
efficient markets. In this paper, we focus on a feature
that is unique to online auctions, the buyout price. We
introduce a dynamic buyout model and show
analytically how the buyout price should change over
time in order to maximize seller profit and buyer
surplus. Based on our theoretical results, we suggest
that online auction performance can be improved with
the addition of more dynamic features. Finally, we
describe an experimental design that can be used to
estimate the benefits of a dynamic buyout option.

1. Introduction
As electronic markets are becoming the prevalent
platforms for firms to manage operations and
implement business strategies, IS researchers have
been increasingly interested in the discovery of the
optimal market mechanisms for various forms of
electronic auctions. But most theoretical models to date
are based on a limiting static view of the exchange
process. Costs related to time are seldom considered
because of their analytical complexity. In reality, of
course, online auctions are truly dynamic in nature, and
much more so even than traditional physical auctions.
An online auction typically lasts longer than a
conventional one, with the exception of some special
formats. Another difference between online and
traditional auctions is that buyers in online auctions
arrive at different times during the auction. Therefore,
we suggest that online auctions should be designed as
dynamic processes in which market participants

exchange information about the changing market
conditions in real time.
Low search costs, large amounts of data, and the
availability of efficient matching algorithms make
information about cost and value of items more
transparent to all participants in online auctions. Many
research studies have concluded that the level of
information transparency in markets has significant
positive impact on market efficiency (e.g., [4, 25, 33]).
In this paper, we show that increasing the level of
information transparency by allowing buyers and
sellers to communicate their time-related preferences
can enhance market efficiency in auction settings as
well. By market efficiency we mean, in this paper, that
the market performs as best it can
We focus specifically on the buyout price as an
instrument to convey useful information about
preferences to market participants. In static buyout
models, buyers can gain knowledge of a seller’s
expectation of the “fair” price through the buyout
option. However, sellers do not get information about
buyers’ willingness to pay or their time preferences,
because buyers typically wait until the end of an
auction before they reveal that information. The
optimal static buyout price is considerably harder to
determine in the absence of this information. In
addition, if sellers err when they set the buyout option
price or if they learn about an external demand shift
while the auction is in progress, they are stuck with
their incorrect decision and cannot change it.
In this paper, we introduce a novel dynamic
buyout model in which sellers can set a buyout price
dynamically (or alternatively, buyers can submit sell-itnow bids, which the seller can accept and thus
immediately end the auction). We show that auction
efficiency improves when the buyout price changes
through the course of the auction. Based on our
theoretical results, we suggest that auction designs in
industrial practice should offer buyers and sellers more
flexibility with regard to the information they share
with other market participants. Lastly, we also propose
an experimental design that can be used to validate our
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theoretical findings and to estimate the benefits of a
dynamic buy-out option.

2. Relevant literature
2.1. Online auctions
In the Information Systems (IS) literature, an
electronic market is generally defined as “an interorganizational information system that allows the
participating buyers and sellers to exchange
information about prices and product offering” [3].
Associated with electronic markets are usually ecommerce applications such as online auctions,
electronic negotiations, electronic procurement, online
retailing, and others. As a special case of an electronic
market, an online auction may be viewed and analyzed
as a game with incomplete information. Given the
incomplete information environment, the bidder’s
strategy is based on some arbitrary function of the
observed information. Bidders’ decisions about
entering and exiting auctions are likewise based on
that. In general, the bidder is not only concerned with
estimating the expected value of the traded product, but
also with estimating how the competitors will bid [9].
Therefore, the amount and quality of information made
available in an online auction has a significant impact
on the auction outcome.
Theoretically, auctions are preferable over
conventional market mechanisms for selling rare or
unique items whose prices are hard to determine or
whose valuations are largely a matter of personal taste.
One of the fundamental differences between traditional
and online auctions is that in the latter, bidders can
arrive at any point after the start of the auction. Online
auctions usually have a fixed, pre-defined duration that
is rather long because sellers try to attract as many
buyers as possible. The intuition is that a new buyer
with a willingness to pay (WTP) higher than the
current best may still appear as long as the auction
continues [22].
Some previous research indeed supports this
notion, citing evidence that longer auction lead to
higher prices (e.g., [19]). However, other studies
question the benefit of prolonging the duration of
online auctions. While we may not be able to define the
precise costs for waiting, time is a real concern for
almost everyone in online auctions. According to
Pinker et al [22] both sellers and buyers have
substantial costs associated with time and delay of a
sale. Sellers are primarily concerned with inventory
costs and turnover while buyers have to trade off
possible price savings for a postponement in receiving
the product.

Delay and uncertainty about the auction outcome
are two important transaction cost components that
auction participants bear. Studies have found that
because of higher transaction costs auction ending
prices are 25%-39% lower than the posted prices of the
same items sold online [20, 28]. And Ba et al [2]
suggest that online buyers are really looking for
balanced prices when they participate in auctions,
taking cost-and-benefit factors related to time into
consideration when making buying decisions.

2.2. Information transparency effects
The low search costs, the clearly described trading
mechanism, and the abundance of transaction data
available in electronic markets make information more
transparent than in conventional settings [33].
Generally, search engines and various online
information providers supply users with current,
organized information free of charge. The abundance
of information in electronic markets helps market
participants learn more about sellers, customers, and
competitors, and increases their general informedness
about products available in the market [8].
For example, eBay provides the transaction history
of all their auctions. Using information made available
on starting and ending prices of previous bids on
specific items, users can more accurately estimate the
price range or possible deal price of the later bids on
them.
Moreover, the automated market mechanisms also
make information more transparent as they process
bids and execute trades according to clearly specified
trading protocols [6, 18]. For example, buyers are
eventually “forced” to reveal their private WTP
information during the course of auctions in which they
participate. Similarly, seller expectations are exposed
in eBay by the Buy-It-Now (BIN) option.
Previous research studies have concluded that the
transparency of information in markets enables them to
develop better matching mechanisms, reduce
transaction costs, and allocate resources more
efficiently [33]. Transparent market information
supports the use of dynamic pricing methods,
especially for online businesses, because negotiation
costs and waiting costs from both buyers and sellers
can be reduced. Furthermore, sellers can more
accurately identify their competitive position and
respond more effectively to changes in the market.
A number of research studies have concluded that
the level of information transparency has significant
positive impact on market efficiency (e.g., [4, 24, 33]).
It is commonly accepted that in an incomplete
information environment (exhibiting some information
asymmetry), the side with more information will
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benefit more from the market than the one with less
information. Cason and Plott [7] and Srivastava et al
[26] argue that information disclosures damage the
disclosing party when transacting in a market. Vragov
[30] demonstrates that, in open-bid online auction
environments, bidders can use bids as signaling devices
to cooperate against sellers.
Bakos [4] and Zhu [33] claim that high price
transparency benefits buyers at the expense of sellers in
a different way. High levels of seller information
available in markets enable buyers to have multiple
channels for acquiring an item they need.
Consequently, it can lead to lower prices and possibly
hurt sellers’ profits [25]. Consequently, Oh and Lucas
[20] suggest that online sellers change their prices
frequently to make it more difficult for consumers to
respond appropriately. On the other hand, sellers are
also providing product and trust information, in
addition to price information, and thus increasing
information transparency, in order to better facilitate
selling. Granados et al [13] examine how IT interacts
with other forces to facilitate or inhibit a move to
transparent electronic markets and they suggest that
enhanced electronic representation of products, and
competitive and institutional forces have played an
important role in the process by which most sellers
have come to favor transparent markets

3. Analysis of static buyout models
Some online auction service providers are trying to
address the problem associated with long duration
times with a one-time buyout option. eBay (USA), for
example, uses a Buy-It-Now option to open a bidding
war as soon as possible. This option allows a seller to
set a fixed buyout price for her sales items, giving
buyers the opportunity to purchase the item right away
without having to run the auction to its scheduled end.
Exercising the BIN option achieves time cost savings
for both buyers and sellers. The Buy-it-Now option on
eBay (eBay US) disappears when first bid comes in, so
it usually does not shorten the duration of an auction
once first bid comes in before anyone chooses the Buyit-Now option. Other Internet auction houses, such as
Yahoo and Ubid, use a bidding rule in which the
buyout prices remain valid during the entire auction
duration.
Dynamic buyout practices have been commonly
adopted in financial markets in the upstairs block
trading. The upstairs markets are an off-exchange
market, where brokers contact potential counterparties
and negotiate the transaction price and quantity for
large institutional orders that would likely have a
market impact if executed downstairs. The buyout
price offered by a block trader enables him to trade-off

execution speed and transaction price [24]. The seller
benefits from the immediacy by limiting price
discovery and quantity discovery in the markets. Since
prices are likely to move adversely if the information
about a large block offer /order is known, Grossman
[14] concludes that potential block traders prefer to not
fully quantify their trading interest.
While these experiences from financial markets
can be applied to C2C online auctions for general
merchandise, the two markets differ in some important
aspects. Most auctions sell single items, which are
often unique, there no large block trades, and many
auctions sell items for use or consumption rather than
investment.
The buyout option creates an environment with
asymmetric information. Buyers see the buyout option
and learn something about sellers’ time preferences.
Since buyers often wait until the end to submit a lastminute bid (snipe), sellers do not learn anything about
buyers’ current willingness to pay or the buyers’ time
preferences.
In auctions without buyout prices, the winner is
the highest bidder by the end of the auction. In the
auctions with buyout prices, the winner can be any
bidder whose willingness to pay is higher than the
buyout prices. The buyout option creates uncertainty in
the auction outcome, affects buyers’ bidding strategies,
and results in different expected revenue functions.
For example, Figure 1 depicts an auction with
three bidders who arrive with willingness to pay within
[0, 1] over an interval of [0, T=1] (t1=0.21, t2=0.68,
t3=0.91). The y-axis signifies the WTP of bidders, and
the x-axis shows the time points when bidders arrive at
the auction. In this case, the seller sets a permanent
buyout price at 0.85 and schedules the auction to end at
time T. If every bidder bids according to their WTP,
then the second bidder will accept the buy price and
pay 0.85 to end the auction earlier than scheduled.
Bidder 3, who has the highest WTP, will not get the
item due to his late arrival, after the auction is already
over.

Figure 1. The basic static buyout model
In the static buyout model, if both the seller and
buyers are risk-neutral and the buyout price is at least
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as high as the expected value of the maximum WTP
among (n-1) buyers, the seller’s expected profit is the
same as in a traditional auction, and the auction is
efficient. However, online auctions are dynamic in
nature. Sellers incur costs that depend on time, or their
utilities might be discounted because of time
preferences. Buyers arrive at the auction at various
times and also incur costs related to time or have timediscounted utility functions. Since the temporal
property of a trade becomes increasingly important
[15], we can assume that every seller has some cost of
time b. Therefore, with the marginal cost of time,
simply setting a buyout price at least as high as the
expected value of the maximum WTP among (n-1)
buyers will not guarantee efficiency.
To illustrate this point, Figure 2 shows how the
incorporation of time-related costs can impact auction
efficiency. If there is no time cost, a buyout price of
0.88 will result in an efficient outcome. But when time
costs are included, the same buyout price of 0.88 will
generate a lower profit (0.79) for the seller than, for
example, a buyout price of 0.83, which will generate
0.81 revenue when marginal cost of time, b = 0.11, is
included. The static buyout model with time costs is
more efficient than standard auctions without.

Figure 2. Static buyout model with time costs
However, a static buyout model of an online
auction leaves important dynamic details out of the
analysis. The prices in the above buyout models are
pre-determined and kept unchanged. Clearly, the
setting of an appropriate buyout price is crucial to the
efficiency of the auctions. If the buyout price is too
high, no bidder will accept. Both the seller and the
bidders stay on until the end of the auction. The
example shown in Figure 3 illustrates that this case.
Here, the seller chooses a buyout price of 0.90. No
bidder is able to accept the price, and the auction will
end at the predetermined time T. The seller ends up
selling the item at 0.88 to bidder 3 who had the highest
WTP. If the buyout price, on the other hand, as the
figure also indicates, had been lower so that either
1

The profit net time cost equals WTP minus cost of time. For a
buyout price of 0.88, the generated profit net time cost yields 0.79.

bidder 1 or bidder 3 could have accepted early on in the
auction, then the seller could have been better off
because of savings in time cost. For example, a buyout
price of 0.88 would have generated the same direct
profit as with the previous higher price, but the seller
would have been able to collect earlier, in t3 < T, and
hence come out better off.
If, however, the chosen buyout price had been
lower still, say 0.83, the seller would have sold to
bidder 1 as well, but lost out 0.05 in possible direct
profits. But since he would still achieve considerable
time savings, T – t1, he would again be better off as
long as those time savings were valued higher than the
forfeited direct profit.

Figure 3. Buyout model with high buyout price
Because bidders’ willingness to pay and their time
of arrival are unknown to a seller, it is impossible for
her to determine an ex-ante optimal buyout price. If
there is an unanticipated sharp shift in demand or
supply sometime during the auction and the seller is
aware of the change, he is not allowed to change the
buyout price in the static model. This will often lead to
an inefficient auction. A continuous double auction can
enable the seller to better solve the unanticipated shift
during the auction. Sellers and bidders keep
exchanging their bids and asks until transactions occur.
The exchange process enables sellers and bidders to
learn about others’ private values. However, Gode and
Sunder [11] suggest that double auctions are too
complicated to generate a clear game-theoretic solution
for them. Sellers and bidders have to experience the
course of the double auction to bid competitively with
better information. Double auction models are
commonly practiced in the area of financial markets,
where sellers and buyers join the auction in a specific
period of time. The value and volume of traded
products in financial markets justify the transaction
costs of involving the double auctions. However, in the
case of online auctions of commodity-like products,
double auction models are not applicable due to the
long predetermined auction duration (normally three to
seven days), which will results in extremely high
transaction costs. Therefore, a dynamic buyout model
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can be a solution that results in better economic
outcomes and avoids the high transaction costs that
occur in double auctions.
We next demonstrate a less apparent result in the
following section where we use a dynamic auction
model to show that even when the only reason for a
slight shift in demand or supply are the sellers’
marginal cost of time and buyers’ impatience,
efficiency requires that the seller is indeed able to
change the buyout price throughout the auction.

4. A Dynamic buyout model
Let’s consider a simplified auction model for the
sake of our argument. Without loss of generality, let us
suppose that an auction consists of T=3 periods. The
third period is the last period, in which no new bidder
arrives. We assume that the seller is risk neutral and
has a cost of time ct in period t. For model simplicity
we normalize seller’s fixed costs that are not related to
time to 0. There are two buyers in the auction that are
risk neutral and impatient. We assume that the first
buyer arrives in period 1, the second buyer arrives in
period 2, and no new buyers arrive in period 3. When a
buyer arrives in period t, her WTP, vt is distributed
uniformly in the interval [0, 1].
All this information is public except ct, which is
not known to the buyers. The seller sets an initial buy
price, p1, in period 1. If the first buyer accepts the buy
price, the auction ends. If the first buyer does not
accept, the auction continues but the buyer’s WTP is
discounted by a factor a < 1. So if a buyer’s WTP is k
upon arrival, then her valuation decreases to ak in the
following period, t and all the way till the end. In the
second period both buyers can consider the second
buyout price p2. If either of the buyers accepts that
price, the auction ends in period 2. Otherwise, the
auction ends in period 3 as a second-price sealed bid
auction.
Using the same example that we discussed in
section 3, we can see that, in a static buyout model,
setting a buyout price too high will result in no bidder
accepting it. A dynamic buyout model that lets the
seller change the buyout price during the course of the
auction can result in increased efficiency. As shown in
Figure 4, if the seller set an initial high buyout price of
0.90 for period 1, bidder 1 will not be able to take it.
But if the seller is later able to lower the buyout price,
he may be able to find a buyer before T. While a new
buyout price of 0.89 for period 2 to would not be
enough to satisfy either bidder 1 or bidder 2, a further
decrease to 0.88 for period 3 will let bidder 2 accept
and end the auction earlier than predetermined time.
Although 0.88 is not the optimal buyout price in
this case (a buyout price at 0.83 can generate a higher

profit of 0.81), enabling the seller to change the buyout
price over time still gives the seller the opportunity to
sell and turn over items faster and compensate possible
revenue losses with savings in time-related costs.
Obviously, the precise amount of the dynamic
price changes determine how fast an item can be sold
and how much revenue is traded in for time-savings.
Ad-hoc price changes, as applied in the above example,
are likely to result in suboptimal outcomes, even if they
achieve some improvement over static buyout pricing.
In next section, we derive the optimal buyout pricing
strategy.

Figure 4. Buyout model with dynamic buyout
prices

4.1. Optimal pricing strategy
In order to find the seller’s optimal pricing strategy
we use the method of dynamic programming for
discrete time stochastic systems. We want to show that
there is a reasonable set of parameters for which there
exists a unique policy {p1, p2} that maximizes the
seller’s expected pay-off. This is accomplished in
Proposition 1. Here we start our analysis from period 3
and work backwards.
4.1.1. Buyer behavior and seller’s expected profit in
period 3. During the last period, the buyers’ weakly
dominant strategy is to set their bids equal to their
WTPs for the product because they are participating in
a standard second-price sealed-bid auction (see [29]).
Because of value discounting, the WTP of each buyer
in the last period is distributed uniformly in the interval
[0, a]. In the last period, the pdf of the lower of the two
WTPs designated by x can be written as

h( x) =

2
x
1 −  because of the properties of order
a a

statistics.
revenue

This means that the seller’s expected
in
the
third
period
is

a

a

0

0

∫ xh( x)dx = ∫

2 x (a − x )
a
and also that
dx =
2
3
a

his expected profit is
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π3 =

the buyout price in the second period is accepted in the
following way:

a
− c1 − c 2 − c3 .
3

4.1.2. Buyer behavior and seller’s expected profit in
period 2. Next we analyze the seller’s decision
problem in period 2. Remember that dynamic
programming assumes that the analysis is used to
create a plan ahead of the actual auction. That’s why
time costs should be considered in every period, which
means that the time cost for period 1 is not a sunk cost
when decisions in period 2 are considered. If the
seller’s buy-out price in the second period is accepted,
the seller will receive p 2 − c1 − c 2 and if the seller’s
offer is not accepted then the seller has to wait for the
last period, in which he will receive π 3 . The expected
profit at this point can be written as

π 2 = F2 ( p 2 )( p 2 − c1 − c 2 ) + [1 − F2 ( p 2 )]π 3

(1)

where F2(p2) is the probability that the buyout price p2
is accepted in period 2. To find the form of F2(p2) we
need to analyze the behavior of the buyers and the
intentions of the seller in period 2. There are three
separate cases to consider.
Case 1: p2 > a
If the seller considers setting a price p2 > a then
he is considering attracting the second buyer to accept
this buyout price and end the auction. This is because
the WTP of the first buyer is already weakly lower than
a. The second buyer’s expected pay-off if he waits
until period 3 is equal to the probability that he has the
highest WTP multiplied by his expected gain,
conditional on her having the highest WTP. The
probability that her WTP is the highest is equal to v2
because of the properties of order statistics. Her
expected gain, conditional on her having the highest
WTP, is equal to his WTP in the third period minus the
conditional expectation of his payment (or the
conditional expectation of the other buyer’s bid). The
complete expression for the second buyer’s expected



pay-off is therefore v 2  av 2 −



av 2
2

2
2

 av
. This
=
2


means that buyer 2 will accept p2 if her profit in period
2 is at least as high as her expected profit in period 3 or

v2 − p2 ≥

av 22
2

(2)

Since we know the pdf of v2 , we can use (2) to find the
pdf of the buyout price through transformation of
random variables. We can then find the probability that

F2 ( p2 ) = Pr[ p2 < v2 −
= 1−

av22
]=
2

1 − 1 − 2ap 2

(3)

a

We can now find the optimal p2 by substituting (3) into
(1), and by setting the derivative of (1) with respect to
p2 to 0. We can then substitute the optimal price for
period 2 in (1) and get the optimal expected profit in
the second period.
Case 2: p2 ≤ a
If the seller considers setting a price p2 ≤ a , then
he is considering attracting either buyer 1 or buyer 2.
Buyer 2 will accept if v 2 − p 2 ≥

av 22
as discussed
2

above. Buyer 1’s expected pay-off if she waits until
period 3 can be calculated in exactly the same manner
as that of buyer 2, however keep in mind that buyer 1’s
WTP is already discounted by a in the second period.
Buyer 1 will accept the buyout price in period 2 if

av12
av1 − p 2 ≥
. If the auction is to end in the
2
av 2
p2 ≤ v 2 − 2
or
second
period
either
2
av 2
p 2 ≤ av1 − 1 or both. The buyout price in this
2
av 22
and
period will not be accepted if p 2 > v 2 −
2
av12
p 2 > av1 −
. It will be easier to proceed
2
mathematically if we first calculate the probability of
failure in this period as a function of p2. To do that we
need
to
define
a
random
variable


av12
av 22 
z = max av1 −
, v2 −
 and calculate its
2
2 

cdf G(z). The probability that the buyout price in the
second period will not be accepted is Pr[z<p2]=G(p2)
and

F2 ( p 2 ) = 1 − Pr[ z < p 2 ] = 1 − G ( p 2 )

(4)

Using transformation of variables once again we find
that:
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 1− 1− 2az
a
a
≤ z ≤ 1−
 1−
a
2
2

G(z) = 


1− 1− 1− 2az 1− 1− 2z  0 ≤ z < a

a
a 
2



(5)

This means that we have to consider two sub cases:
Case 2.1:

a
≤ p2 ≤ a
2

The solutions discussed in Case 1 coincide with the
solutions here. This is because the formula for F2(p2)
happens to be the same as in Case 1.

a
Case 2.2: 0 < p2 ≤
2

For the remaining lower p2’s, we have to use the
second expression in the right side of (5) and we will
get a different formula and different solutions after
substituting in (1).
4.1.3 Buyers’ and seller’s decision in period 1. Next
we analyze the seller’s decision in the first period. The
expected profit in period 1 can be written as:
π 1 = F1 ( p1 )( p1 − c1 ) + [1 − F1 ( p1 )]π 2
(6)
where F1 ( p1 ) is the probability that the buyout price
in period 1 will be accepted. Buyer 1 will choose to
end the auction in the first period if

av12
p1 ≤ v1 − av1 + p 2 and p1 ≤ v1 −
. Notice
2
av12
for every possible p2.
that v1 − av1 + p 2 < v1 −
2

The probability of rejection in the first period is then
equivalent to (3) except that p2 has to be substituted by
p1. We can now also find the optimal buyout price for
the first period by setting up the first order conditions
for a maximum. We now have enough background
information to state our result.
Proposition 1: Under some specific constraints about
the model’s parameters, the dynamic programming
problem discussed above has as a solution a unique
dynamic optimal policy {p1, p2} that maximizes the
seller’s pay-off. 2
This is sufficient to show that according to our
dynamic model the optimal policy for the seller is to
change the buy price at least once during the auction.
Using the results from the proposition and reasoning by
induction, it is also possible to show that optimality can
in fact be achieved only if the price changes in every
2

The proof is available at
http://cisnet.baruch.cuny.edu/vragov/Hicss08proof.pdf

period. If the buy price does not change then the
optimum will not be achieved and the total expected
profit from the auction will be reduced. Hence, in order
to maximize expected efficiency, online auction
designs should allow sellers to change their buyout
prices. This makes sense also because the fact that a
buyer did not accept the dynamic bin price in the first
period brings additional information about buyer’s
preferences to the seller. In the second period the seller
should be able to use this additional information to
update the dynamic buyout price.

4.2 A numerical example
Here we will derive the optimal policy for one set
of parameters in order to illustrate the model. Let a =
0.8, c1 = 0.05, c2 = 0.03, and c3 = 0.04. Seller’s
expected profit in period 3 will be 0.147 (numbers are
rounded to the third decimal place). The profit
maximizing price in period 2 is 0.448, and the
maximum expected profit in period 2 is 0.239. The
profit maximizing price in period 1 is 0.472, and the
maximum expected profit in period 1 and for the entire
policy is 0.306.

4.3 Implementation of the dynamic buyout
model
From a technical point of view, enabling online
auction systems to support dynamic buyout prices is
not problematic. However, since the calculations
involved in finding the optimal policy are quite
complex, it might be hard for human participants to use
and understand the feature. Granados et al [12] suggest
that dynamic and transparency is positively related, and
better economic outcomes can be achieved from
costless communication/coordination between buyers
and sellers [1].
One way to implement dynamic buyout pricing is
to allow sellers to set an initial buyout price and a
constant marginal cost of time b. The system can then
calculate the optimal policy and change the buyout
price every time a new buyer arrives. This method is
similar to Sandholm and Gilpin’s [23] take-it-or-leaveit auction model, in which a seller announces the order
in which the buyers receive offers and the amount of
each offer. During a fixed time after receiving an offer,
the buyer has to accept the offer, or reject the offer.
They conclude that the mechanism generates close-tooptimal expected utility for the seller, and that each
buyer’s dominant strategy is to act truthfully. However,
in that study, the cost of time is not included, and one
assumption is that the seller can decide the order in
which buyer receive her offers.
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An alternative way to achieve better results than
with a constant buyout price is to allow sellers to
submit an initial buyout price and buyers to submit
temporary Sell-it-Now (SIN) bids when they arrive at
the auction. The SIN bids work like an online oral
auction. If the seller is satisfied with the price, she can
accept the price to end the auction early. Just as buy
prices enable buyers to balance their predicted ending
price and waiting costs, the SIN prices enable sellers to
balance potential later bids and waiting costs. These
bids will be allowed to expire when the next period
starts. If the buyer arriving in period i has a WTP
higher than pi than the buyer should submit a SIN bid
of pi and the seller could then end the auction by
accepting that bid. Buyers should have all necessary
information to discover the seller’s optimal policy. The
initial buy price can serve as a signal to buyers for the
seller’s marginal cost related to time, which is the only
private information that the seller has in our model.
One similar practice of this method is the name-yourown-price retailing method in which rather than
posting a price the seller waits for potential buyers to
submit offers for a given product and then chooses to
either accept or reject them. Terwiesch et al [27]
suggest that the NYOP model enables a multi-item
wholesaler to practice discriminatory pricing and
thereby increase profit compared to traditional postedprice retailing.

5. Experimental design
How a dynamic buyout price is implemented is an
important question to online auction designers. For
example, there are certain behavioral factors that are
not considered in the model presented above. We could
provide more practical guidelines on implementation
issues if we conduct laboratory experiments with
human subjects based on our model. Anandalingam et
al [1] suggest that to incorporate behavioral aspects in
the design of auctions in order to better explain the
differences between empirical data and theoretical
predictions.
Under naturally occurring circumstances actual
WTPs and costs are hard to observe, so that efficiency
is hard to determine. To the best of our knowledge
there are currently no Internet auction web sites that
actually offer dynamic prices. Next, we suggest a
specific experimental design that can be implemented
in order to study the performance of our theoretical
dynamic buyout model in a laboratory setting.
We propose an experimental environment of 5
online auction bidders and a seller of a certain item.
Each buyer has a unique independent willingness to
pay within [0, 1] for the item. The 5 bidders arrive
randomly in five periods within a round of length of

240 seconds (4 minutes). The bidders’ WTP will be
scrambled so that every buyer has the chance to be the
highest WTP holder in a given round. The seller incurs
a constant marginal cost of time b and knows the
buyers’ WTP distribution.
We suggest to run four treatments in our
experiments: a baseline treatment, a static BIN price
treatment, a dynamic BIN price treatment, and a SIN
price treatment. The general rule for all treatments lets
buyers submit bids, limited to their WTP, which they
are not allowed to decrease. Bidding histories will be
made available to all bidders. The baseline treatment is
an auction without buyout price and acts as a
benchmark for the other treatments. In the static BIN
treatment, the seller needs to pre-determine a static
buyout price based on estimated buyers’ WTP and his
time cost. The buyout price will stay the same during
the entire auction. In the dynamic BIN price treatment,
the seller needs to set an initial buyout price that is
offered for the first period. Then the buyout price will
change over the following periods according to the precalculated optimal policy. The bidders will know the
initial buyout price and the rate b.
In the two BIN treatments, a bidder can either
submit a bid or accept the buyout price if her WTP is
higher than the buyout price. Once a buyer accepts the
buyout price, the auction ends. Otherwise, the auction
will finish at a predetermined end time. In the SIN
treatment, the seller needs to set an initial buyout price
valid in period one. The buyers can submit bids and
temporary Sell-it-Now prices when they arrive at the
auction. A SIN price will expire when the next bidder
arrives and a new period begins. The seller can end the
auction by accepting a SIN offer from a bidder.
In all treatments, the surplus calculation for the
sellers is straightforward. The sellers’ surplus is the
transaction price (i.e., buyout price or winning bid)
minus the time cost. This can help us evaluate how
dynamic buyout models perform (in a lab setting), and
which format is easier for buyers and sellers to grasp
and use.

6. Discussion and conclusion
Internet has enlarged the product space for which
auctions are appropriate to include general
merchandise. The commonly prescribed long auction
times are unnecessary, especially for commodity-like
items. Under the realistic assumption that both sellers
and buyers have costs associated with time and delay,
shortening the auction duration benefits all participants
if the optimal surplus is not harmed. This study
contributes a dynamic buyout model, which takes
advantage of the increased information transparency in
online auctions to shorten auction duration by
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efficiently trading off price and time. The study
provides some new insights on the effects of
information transparency on auction efficiency.
In previous work, Vragov [30] has concluded that
due to the relatively low level of information
transparency present in auctions formats currently
available on the internet, a few more participants, more
experience, and more time are required to achieve
efficiency levels that are comparable to those of
centralized markets like the continuous double auction
used on most commodity and stock exchanges around
the world.
Given that information is intrinsically more
transparent in electronic markets than in physical
markets, online sellers can get better information
regarding the market price range of an item. So it is
easier for a seller to set her expectation price for an
item. However, the distribution of buyers’ WTP is hard
to obtain, which creates markets with incomplete
information and information asymmetries.
One problem with the static buyout model is that
to set an optimal BIN price, sellers need to know the
number of bidders, their willingness to pay, and the
time they arrive. If a Buy-it-Now price is set too high,
no bidder will be willing to exercise the option to end
the auction. On the other hand, if a BIN price is set too
low, items will sell too fast and damage seller surplus.
The dynamic buyout model provides sellers the
flexibility to adjust their expected prices over time,
which increases auction efficiency. Because both seller
and buyer disclose more information in the dynamic
buyout model, information in this setting is more
transparent than that in the static buyout models.
Gallien and Gupta [10] suggest that while dynamic
buyout prices may bring potential revenue, they
question that the revenue increase will be significant
given the implementation complexity and possible
negative reactions from bidders. We expect that
experimental results will give some additional insights
in the tradeoff between possible revenue gains and
implementation cost.
Sellers in markets are giving consumers additional
market information in order to facilitate faster selling
and turnover. The purpose of disclosure and increasing
information transparency is to reduce uncertainty in
markets. We observe large amounts of product, price,
and trust information provided by sellers in markets.
However, the commonly accepted notion that
information disclosure always damages the disclosing
side constrains the buyer participation. In contrast, our
findings indicate that employing dynamic buyout
models disclosing additional information to market
participant increase the level of information
transparency and thereby can enhance the market
efficiency in online auctions.

The reduction of search costs in electronic markets
generally results in allocational efficiency from betterinformed buyers [3, 17]. If both search cost and time
cost are zero, buyers will look at all products offered in
the market until they find the one that best matches
their needs. However, everybody has a cost associated
with time, and buyout models for auctions are helping
with buyers’ desire to shorten the buying time. In
previous research, the costs associated with the
duration time of an auction have been largely ignored.
It has been suggested that good mechanism designs
that stimulate truth-telling would help prevent
predatory and collusive behavior [5]. While there is
some work studying buyout models, none of them have
compared the effect of different levels of information
transparency. In the present paper, we contribute a
first dynamic buyout model and compare it with
previous static buyout models, and conclude that the
information transparency has a positive impact on
online auction efficiency.
We will run lab experiments according to the
design proposed in section 5 and expect to have
empirical results ready for presentation to complement
our theoretical analysis before year’s end.
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