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Abstract

Since the initiation of the Internet, the reasoning that explains consumer behavior to use

reserve prices or minimum prices, and how these choices relate to the final price of an online auction is unknown. Choices related to the lack of clarity on the final price on online auctions have led to an uncertainty with respect to how pricing of auction items should be handled by auction sellers.

The purpose of this study was to determine if there is an association between reserve and minimum prices, and the final price of an online auction. The data of 2160 online auctions from eBay was collected using the AuctionIntelligence software created by Cretes Consulting. The first auction start date of data collected was 4/27/2005, and the final auction end date of data collected was 6/14/2005. The correlation between the starting price of an auction and the final price of an auction was positive for all four samples at a 97% confidence level.
Behavior on eBay would seem to indicate the majority of sellers feel that starting a bid low ultimately yields a higher final price. This assumption implies that sellers are trying to maximize their sale price. The results of this study would seem to contradict this reasoning as the study showed a positive correlation between starting price and final price.
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CHAPTER 1. INTRODUCTION

Introduction

Despite the Internet existing since the mid 1960s, only recently has it expanded into a massive medium for communications and transactions (Dans, 2001). Much of this expanded growth was spurred by the introduction of Hypertext Markup Language (HTML) and the World Wide Web (WWW) in the early 1990s (Dans). With this rapid expansion came new business opportunities, and the success of e-commerce to continue to grow over the next few years (Dans). In order to understand the effect of the Internet on business, economists may view how Internet transactions differ from transactions in traditional businesses, and how consumers’ behavior may be changing. This research concentrated on the development of Internet auctions in comparison with traditional in-person auctions. For example, some differences between traditional auctions and Internet auctions often include ending time of the auction, cost or fees associated with the auctions, and the setting minimum reserve prices.

When looking at e-commerce, the consumer has the ability to perform a comparative search easier and cheaper than in the past (Dans, 2001). Large amounts of data and information are literally at the consumer’s fingertips. Easier searching and lower costs are not the only ways in which the traditional micro-economic models are affected, but new technology used in these markets may alter the balance of power (Dans). This technology has a profound impact on Internet auctions, as small, individual buyers are able to see much of the information that was previously only available to larger buyers. 

The use of computer programs that automatically collect data, called automated agents, is an additional factor in providing consumers with online information, allowing users to compare prices and product availability easily, and to locate goods that otherwise might not have been considered (Wang, 2004). The programming of automated agents is another economic consideration, with optimal purchasing behavior being modeled on how a rational consumer may act. The issue of security pertaining to personal details (names, addresses, and credit card numbers, for example) is a factor, which had not previously arisen, but may well be criteria in defining a consumer’s choice to shop online (Wang). New aspects of economic transactions may require an examination, as to which economic theory will still apply, and how the broad field of microeconomics can be made more specific. 

Background of this Study

The availability of a large user base has made the Internet ideal for dealing with niche markets, which has encouraged the growth of Internet auction (Dans, 2001). Although Internet auctions are similar in idea to traditional auctions, the lower cost and higher accessibility have led to a huge growth in the sites offering a portal for auctions, with one site alone (eBay, which constitutes the focus of this study) generating over $950 million worth of revenue a quarter as of March, 2005 (Yahoo, 2005). 

Internet auctions do not take place exclusively on the web. Several newsgroups have been formed specifically for users to perform auctions, and email lists have allowed sellers to contact other enthusiasts easily. The success of Internet auctions depends upon the ease of communication, since the auctions allow consumers to buy items that might otherwise be unavailable, or very difficult to locate (Dans, 2001).

Statement of the Problem

Since the initiation of the Internet, the reasoning that explains consumer behavior to use reserve prices, minimum prices, or Buy It Now prices, and how these choices relate to the final price of an online auction is unknown. Choices related to the lack of clarity on the final price on online auctions have led to an uncertainty with respect to how pricing of auction items should be handled by auction sellers. A study of these uncertainties can contribute to greater clarity of seller behavior and contribute to a more efficient and effective online auction marketplace. The majority of research done on traditional auction theory is based on original work done in 1961 by William Vickrey. At the present time (Fall 2005), there have been studies by Lucking-Reiley (2000) on the effect of reserve prices and minimum bids as the bids relate to whether an online auction ends in a successful bid or goes unsold. In addition, the Buy It Now option on eBay has only been available for approximately two years and there has been very little scholarly work found that evaluate this variable. 

Purpose of this Study

The purpose of this study was to determine if there is an association between reserve prices, minimum prices, and Buy It Now prices and the final price of an online auction. Previous studies have only focused on simply whether the auction received a bid or not. This research adds the existing body of literature by examining in more detail the association of the variables and the final auction price.
 The background idea of auctions is identical for both traditional and online auctions, but the implementation differs considerably (Wang, 2004). In traditional auctions, a seller might wish for the auction to continue until only one bidder was left; since all potential bidders are contained in the same room, it is feasible. On the Internet, there is no way to ensure bidders participating will be online at a particular time; indeed, due to the international nature of the auctions, a time may be difficult to define. (Lucking-Reiley, Bryan, Prasad, & Reeves, 2000). To minimize this problem, a stated time period for holding the auction is extended to a number of days, or even weeks. A time period ensures all interested bidders can access the auction during its duration, but also means that no bidder may be present at the auction for the whole bidding period. An intellectual bidder may be best advised to only participate at the end of an auction (Lucking-Reiley, et al.).

 Last minute bidding may solve the participation problem, but has in fact only shifted an auction to a later date (Miller, 2000). Although, more Internet users may know of the auction, the late time may be impossible or impractical for bidders to place bids online at the closing of auction. Several solutions have been proposed to solve the late problem, but none of the solutions has been effective in totally eliminating last-minute bidding, especially the system used by eBay (Miller,) .

The Internet is introducing new elements in terms of starting (minimum) and reserve prices in the auctions (Wang, 2004). While such elements have been seen in auctions from the beginning (even if not formally), a seller might easily refuse to pass ownership to a highest bidder if a bid was not high enough. The ease of setting up Internet auctions (and more specifically, of repeating failed auctions) gives a new element of strategy to seller, and the additional informational differences give a new perspective on bidding to buyer. The aspects contained within this strategy have been only partially explored in Lucking-Reiley (1999), concentrating mostly on the irrationality of bidders due to risk aversion.

The possibility of a maximum or ‘buyout’ price is in direct contrast to the minimum and reserve prices in an auction. A ‘buyout’ is barely touched upon in any of the literature thus far mentioned; mainly due to the inefficiency of such a scheme in a traditional auction marketplace, but in the case of Internet auctions, a ‘buyout’ price may well affect buyers’ behaviors in the proximity (Wang, 2004). 

Research Questions/Hypothesis (es)

The following research questions were addressed in this study:

What effect (if any) does the presence of a starting bid have on the final auction price?

H1o: the presence of a starting bid has no effect on the final auction price.

H1a: the presence of a starting bid has an effect on the final auction price.

There are two possible starting bid types offered by online auction site including eBay. The first type is a minimum bid price that is visible to the buyer. The starting bid can be as low as .01. The second type is a hidden reserve bid where the minimum acceptable bid is set by the seller, but hidden so that buyers do not know the value. A seller only knows the bidder has set a minimum bid as indicated by a message next to the bid price stating “Reserve Not Met”. Once a buyer bids at least the minimum bid amount, the “Reserve Not Met” message disappears and the auction proceeds as if there had been no minimum bid set. 

As both a seller and a buyer at an online auction site, it would be useful to know if one of the types of starting bids is better than the other bids. Assuming the seller wishes to sell the item for the maximum amount, and the buyer wants to buy for the minimum amount, this usefulness may be discovered by the final auction price. The seller might want to list auctions with the type of starting bid that yields the highest final price. Whereas the buyer, would be interested in bidding in auctions where the types of starting bid yields the lowest final auction price.  

There is an option on eBay for a seller to offer a private auction. The bidders’ identities remain anonymous to everyone except the seller. This is occasionally done so the seller can offer an item for sale at auction, but not have to disclose the winning bid amount. Examples of some cases where private listings are appropriate include the sale of a high-priced ticket item or an approved pharmaceutical product.

Investigative Questions

The investigative questions for this study were based on the research question. To review, the research question was whether the final auction price is affected by the minimum starting price, a hidden a reserve price, or the Buy-It-Now feature.

 Below are the investigative questions:

1. How many items are listed on eBay?

2. How many visitors does eBay have in a given week? 

3. How many of a particular item is sold during a typical week on eBay? 

4. What are the demographics of the purchasers of a particular item on eBay? 

5. Is a particular item used in conjunction with any additional items? 

6. Who are the competitors for this particular item? 

7. What factors influence a person's decision to purchase a particular item? 

8. What words or phrases are most often used to find a particular item on eBay? 

9. Why would people want to use this particular item? 

10. What was the average starting price for this particular item? 

11. How often is a hidden reserves price used in an auction for this particular item? 

12. How many sales are transacted through the by now feature during an average 

      week on eBay. 
13. Is eBay a safe environment to transact a sale? 

Nature of this Study

This study collected, compared and appraised the effects of auction bidding habits and analyzed the possibility of significant differences in the final auction price of an auction depending on the type of starting price used. Research employed was from completed eBay auctions to research the effects of the type of starting price used on the final auction price. This data was collected utilizing a third party software program called Auction Intelligence by Certes Consulting.

Impacts of this Study

 One possible impact is that this study is the potential unfairness of the online auctions because the auctions do not provide equal access to all bidders regarding last minute bidding and thus the bidding product might not sell at true value (Lucking-Reiley, Bryan, Prasad, & Reeves, 2000). A possibility impact might be that a reserve price set on an auction could actually discourage bidders from bidding on a product (Lucking-Reiley, et al.). Similarly, there may be a chance that setting a maximum price on a product may take away the very nature of an auction. The auction may become nothing more than a typical retail outlet where items can be sold (Lucking-Reiley, et al). All of the issues have a potential effect on the online auction participants, as the industry continues to define and refine methods of online auctions, in order to make sure the auction is fair and equitable for both bidders and sellers. 

Defining and refining methods may influence the discipline of online auctions; a relatively new discipline still in growth phase (Lucking-Reiley, Bryan, Prasad, & Reeves, 2000). The discipline not only has to be defined without the help of much historical evidence (the online auctions industry has only been in existence for about 6-7 years), but the discipline itself is constantly changing due to increases in technology (like high-speed Internet access and automated bidding agents).

Scope of Study

An English, single-unit, ascending bid auction mechanism, was used for the study. This type of English auction was used for this study because of its popularity in the Internet business community, as well as it being the dominant type of auction used by eBay. Over 81% of all online auctions are English auctions (Yahoo, 2005). Eliminating other types of online auctions proved useful to the purpose of this study, as it negated some possible variances in bidding strategies used in different types of auctions.

 The most popular and largest Internet auction site, eBay, uses the English type of auction where users can bid on the goods till the auction closes at a predetermined date and time when the buyer with highest bid wins. EBay’s website formed the basis of the majority of this research and study, because eBay uses predominately the desired English type auction, and because of eBay’s dominance in the online auction industry. EBay has over a 60% market share of the online auction market, with Yahoo being number two in the industry at less than 28% (Yahoo, 2005). 

Auction Deadlines

In a traditional auction design, all potential buyers are assembled in one room, so each participant can view the actions and behavior of all other bidders. Since all bidders are in one room, bidders can be expected to know the current bid level instantaneously and respond in real time, and as a result an auction can be held with consecutive bids within ten minutes. Online auctions are typically help for a fixed time period. EBay offers auctions ending in one, three, five, seven, and ten days. The most typical time duration of an auction on eBay is seven days. When a seller lists an auction, it will end exactly seven days later. 

With online auctions, not all bidders may be available at any one time – bidders are asynchronous, and in order to maximize the potential revenue, sellers may wish to have the auction covering a longer period of time. If Internet auctions were to follow a similar format to an original auction, with no closure until all bidders have seen new bids, Internet auctions might continue for an unfeasibly long period of duration. A deadline is determined at one specific point in the future; all bids must have been engaged, and the auction will close. It is possible with today’s technology for bidders to see new bids if the bidders have email notification or instant message notifications, but this requires the bidders have continuous access to the Internet via a computer or phone. While it is possible to have 24 hour a day access to the Internet, it is not common for bidders to be available 24 hour a day to access email notification or instant message notifications.

The introduction of a fixed final point substantially changes the optimal strategies of bidding (Lucking-Reiley, 2001). The timing of bids is traditionally unimportant (whether bidder places a bid last or first; if bidder is placing the winning bid, the auction will be won). The existence of a deadline introduces a strategy that may prevent other participants from counter-bidding. By waiting until the last minute or potentially last second (due to the existence of software specifically programmed to delay bidding) bidders prevent other participants from realizing another bid may be made, and prevent the other bidder from making a higher winning bid The optimum strategy is to engage a bid as late as possible, slightly above the current bid amount, and trust that bid is not surpassed in the next few seconds. Such a strategy is not necessarily efficient as the highest valuation stands as much chance of winning as the lowest, if both are above the current bid. This result is because the winning bidder is the highest bidder at the exact time the auction ends. It is possible another bidder would have placed a higher bid (and thus have a higher valuation of the item) if there had been more time to place the bid. This process should not be an issue in theory because all bidders should place their highest bid at the start and allow the proxy bidding to automatically raise their bid as other bidders bid against them. But in actual auctions on eBay, the bidders frequently will wait to raise their maximum bid after having been outbid. 

 
For the bidder, there is the possibility of the winning amount being lower than would be otherwise, so the bidder may be more likely to take that risk. This risk is detrimental to the seller, as the seller may not get the highest valuation for their auction item. Using a hypothetical example, consider the sale of a piece of artwork. Bidder A is willing to pay up to $100. Bidder B is only willing to pay up to $80. Bidder A puts in a proxy bid for up to $75 with 3 days to go expecting to be able to raise his bid later in the auction. Bidder B waits 3 days until the very end of the auction, and places a bid for $80 in the last 5 seconds of the auction. Bidder B wins the auction for $80 because Bidder A never has a chance to increase their bid. And Bidder A had no indication Bidder B was even interested in the item, because Bidder A had been the higher bidder at $75 for 3 days. In this situation, because of the hard deadline of the auction, Bidder B gets the item for less than the valuation that Bidder A would have paid.

Extended Deadlines

In a traditional English auction, each time a bid is cast, the auction is effectively reset with a new minimum level (ignoring informational concerns) and the auctioneer will 

commence asking for new bids within a similar time period as was allowed for the last bid to arrive. The placing of a bid, therefore, effectively extends the ‘deadline’ of the 

auction. 

The easiest method to combat the problems caused by a fixed deadline on Internet auctions is to abolish that deadline. There are auction sites other than eBay who will automatically extend an auction ending time by ten minutes if there are any bids placed in the last 15 minutes. This extension ensures that no bidder will win the auction simply by placing a bid at the last second, and the extension also ensures that all those bidders who desire to bid at the end of the auction will have their bids recognized by the system. Each further bid placed extends the period by another ten minutes, until the highest bidder is uncontested. Such a method is analogous with the traditional style, and upholds the same benefits, so the auction might be considered efficient since the highest valuation would win for the seller, and the benefits to bidders of last-minute bidding are seriously reduced. 

Such gains from extending the auction are not necessarily helpful for the seller. The issue of participation is reintroduced, with those bidders unable to connect to the Internet at the ending of the auction having a disadvantage. If the bidder with the highest valuation is unavailable to connect to the Internet toward the final time of the auction, then the true valuation of the item being auction may not be attained.

There are no current online auction sites that rely solely on extendable auctions to combat the problem of last-minute bidding. This lack of online auction sites that rely solely on extendable auctions strongly indicates that the auction sites do not expect people to generally be available at the end of an auction, and other measures are implemented to ensure the bidder not be present to win. Roth and Ockenfels (2002), reported such a measure of extending auctions is not totally effective in eliminating last-minute bidding, even when coupled with a proxy system.

Proxy Bidding

The eBay auction proceeds as follows: first, the seller decides on the auction style   to apply, and then the auction is opened to the public. Each potential bidder will 

locate the auction either from searching on the eBay site for key words in the description, or from a direct referral (for example, the seller may post an advertisement on a newsgroup pointing directly to the auction page), and will then view the item’s description, and see the construction of the auction by the seller. If a participant decides to bid, the bidder is faced with a ‘maximum bid’ box, which requests users to input the maximum price prepared to pay. While this request seems contrary to the above attempt to recreate English auctions, the manner in which this maximum is handled becomes a concern. By specifying a final price, the bidder is creating an automatic bidding agent that will increase a current bid each time another user (or another user’s bidding agent) places a higher bid, until the maximum price is reached. The automatic bidding is an attempt to allow people to participate in auctions without the need to constantly check the auction’s website to ensure a participant has not been outbid. Approximately 25% of users do not use this automatic feature, preferring to visit the web site at regular intervals to check the status of the bidding. (Hayne, Smith, & Vijayasarathy, 2003). 
The idea of proxy bidding may further be compared to a traditional auction, when an individual is unable to personally attend an auction. In such cases, an individual may appoint a proxy, who will be given a maximum price that will be allowed to bid. The proxy will follow a formulaic pattern of raising the bid level by a set amount, until either all other bidders withdraw (so the proxy wins the auction), or until the maximum level is reached. On eBay, the automatic-bidding agents replace these proxies, but the theory remains identical. 

When submitting a single (maximum) bid at or near the beginning, the auction will appear to be a sealed-bid, rather than simultaneous, auction type (from the bidder’s viewpoint). Since the price paid is approximately that of the second highest bidder, a consideration of the strategies employed, under a Vickrey auction is to observe how the outcome and optimal decisions will be settled. Some differences are noticed, mainly informational, like bidders may be unwilling to reveal a true valuation if an unfair advantage may be conferred to a subsequent bidder. This procedure is particularly true involving more than two bidders; the third to enter will be able to observe at least the lower of the two original valuations (eBay does not reveal amounts directly, but this observation may be taken by looking at the current bid level). While such information may appear trivial, it may have an influence concerning the case of common-value goods, and when previous bidders have an opportunity to submit a new, higher bid later in the auction. 

For private-value items, Vickrey (1961) gives an optimum strategy of submitting 

the true maximum bid at the earliest opportunity; the timing is relatively unimportant, 

but in the event of a tie for highest bid, the bid made earlier has precedence (Vickrey). Since the bidder will pay only the second highest bid, as in a Vickrey auction, there is no advantage in submitting a lower bid and raising it later; similarly, since no other participants can perceive a bidder’s maximum bid, behavior should not be affected. 

The main advantage of proxy bidding is the increase in accessibility to those bidders who are not able to be on the Internet at all times. By providing participants who are unable to attend the end of an auction, a proxy is a method of participating to encourage bidders who might otherwise believe there was no chance of winning. If another user attempts to place a last-minute bid, the proxy may reply instantly. The result is the person with the highest valuation will still win the item. 

The seller benefits from the last minute bidders. Since bidders are permitting other bidders to view their proposals, a competition among bidders might force prices to increase to a higher level. The adverse nature of no bidders participating is evident (the item goes unsold), but when one bidder is involved, the item may be theoretically sold approaching zero, if the minimum bid is negligible. In practice, all the power of the auction passes to the buyer because an insignificant bid may be cast in an amount greater than the minimum, and the seller is obligated to sell, unless the last-minute bidder has the higher valuation, but does not submit the bid in an adequate period of time to be recognized to continue with the transaction (by rules of eBay trading). The seller may, of course, protect themselves against selling the item at too low a price by using minimum or reserve bids, but this may affect the auction in other ways like discouraging bids because of a high reserve price.

A seller has numerous decisions to deliberate when creating an auction site on eBay. The user writes a detailed description, designs the layout of the page, prepares some fundamental decisions over the design of the auction, and determines the period of bidding. The seller must also decide the shipping particulars (which will alter the worth, and therefore desirability, of the item), and if a starting price or reserve price should be included or if both should be included. 

A starting price (or minimum bid) is precisely that price level specified by the seller where bidding must originate, and no bids for under this level may be submitted. The commencing bid is presented to all bidders on the auction page – even 

after the first bid has been submitted, a separate entry informs visitors of the manner 

auctions started. The application of a starting price appears twofold: first, the seller is allowed to indicate a price range of an expecting bid; secondly, an assurance if 

the auction attracts only one bidder; the item will not be dispatched at an unacceptable price. If one bidder has participated, the item is sold, and the transaction must be 

consummated. In effect, therefore, the seller is present at the auction, and is casting the 

first bid. 

Except the fact the reserve exists, buyers do not know the reserve price. On an auction page, next to the current bid level, is a notice stating either “reserve not yet met” or “reserve price met”, and this notice informs bidders that such a reserve is in place, and if the price is greater or less than current bid level. Bidding for the item will continue as normal until the end point, at that time will be determined if the reserve has been exceeded and the transaction will take place. The seller may wish to offer an item, which has not reached its reserve price to the highest bidder if the bids are sufficiently close, but this type of transaction is not registered on eBay, and is not subject to any of the feedback facilities. EBay discourages this type of transaction because it circumvents eBay-listing fees.

There are two major differences between the use of minimum and reserve bids. The 

first difference is evident from the above descriptions – the information during the auction is altered (and reduced) once a reserve bid is introduced. These informational differences may have an effect on participation, but may be argued that the lack of information will discourage some participants. The second difference, may lead to the opposite effect – unlike a minimum bid, a reserve allows people to place bids lower than the seller believes the item to be worth. Although these bids may not initially appear desirable, it permits the auction to gather momentum and attract bidders who may only bid on desirable items. This study observed which of these effects was greater, and if there was a difference between auctions.

The seller has much of the power over the auction design since a large number of options are provided during the listing of a product for an auction. These options include a reserve price, a description of the item, a picture (no picture may be preferred if the item is in a bad state), a starting (or minimum) bid, and duration of the auction. 

Buy-It-Now
On a few auction sites, a seller may elect to set a maximum, or ‘buyout’, price for an auction. A maximum price is set so if any buyer’s bid meets or exceeds the maximum price, the buyer will win the auction automatically, and no further bids will be considered. The buyer is guaranteed to win the auction if willing to pay a certain amount. There are
two auction types that can be used in this case; first, as with the reserve prices, any proxy
Table 1: EBay listing options available when setting up an auction listing

eBay Listing Option

Definition

	Auction Length
	Duration of auction. 1, 3, 5, 7, and 10-day auctions are available

	Private
	Choosing a private or public auction

	Launch Date
	Choosing a date and time to launch auction listing

	Subtitles
	Using a subtitle in the auction listing

	Bold
	Having the auction listing appear in bold text while in the gallery list



	Highlight
	Having the auction listing highlighted in light purple in the gallery list



	Buy It Now
	Listing an auction with an option to have it purchased immediately at a preset price



	Border
	Having the auction listing appear in the gallery list with a border around it



	Gift
	Having a “Gift” icon placed next to the listing


bid placed over the maximum can automatically win instantly (and if the maximum price is known the action would be equivalent to a non-auction transaction). Secondly, the maximum may only come into effect once the bidding passes the buyout price, with the time of placing the bid taking priority (simply the first bid to pass the maximum would not work, since with the use of proxy bidding this bid would be entirely random). 

The latter case may appear to be the most beneficial to the buyer, since it means 

 the maximum price might not be invoked unless bidding would take the cost above the maximum. This case does reduce the other benefit of using a maximum price – that of reducing the time period an auction runs. This case may be beneficial to both parties, because the duration of the auction will reduce the cost to the seller of keeping the item in good condition. For example, sometimes cars are auctioned on eBay, and garage fees and insurance need to be paid until sold.  

Luckey-Reiley  (1999) examined the existence of maximum price and the affects on the behavior of buyers. There will be several states of the auction, depending on the relative values of the buyout price and of the bidder’s valuation. If the valuation is lower then the maximum price, then the buyer will not wish to take up the option of ending the auction – although were the valuation to be only slightly less, the certainty this valuation brought may be worth the extra money. If the valuation of the buyer is above the maximum price, it seems likely that the buyer will desire to bring this valuation into play, but under the first system above, a buyer may be better off waiting until the bid levels are nearing the maximum. This delay might appear to increase the problem of late bidding. 

 The use of proxies (in the second case above) might eliminate this last point, since waiting to attempt to keep prices lower, may be of benefit. Indeed, if the first to place a bid over the maximum were deemed the winner, the practice of proxies would be encouraged (additionally so, if the value of the maximum were not known, all those participants bidding may have a chance of exceeding it). A question to be answered is if eBay should allow users to set maximum prices. While there seems to be a small benefit in some cases, there can be no doubt in a few areas a seller may benefit by selling an item early, and if such an option is desirable, eBay should offer it.

Definition of Terms

English Auction - Alternatively called the regular or the supply driven auction, this format helps the seller determine the minimum opening bid (price) and the reserve price, if any (Dans, 2001). This English auction is used specifically when goods are bought through a competitive online bidding process, where users can bid on the goods till the auction closes at a predetermined date and time when the buyer with highest bid wins.

Dutch Auction - A type of descending-bid auction. In the Dutch auction the auctioneer sets a  price. If there is not a buyer, the price is lowered until a bidder accepts the price the auctioneer sets.
Escrow - Refers to an online service designed to facilitate transactions between buyers and sellers in an online environment. Online escrow is simply holding the buyer's payment by a trusted third party to be conveyed to the concerned supplier once the products have been delivered to the buyer (Dans, 2001). Escrow increases the purchasing process to allow buyers and sellers a period to verify bids are satisfactory.

Hot Items - Refers to all offers that have received a minimum of five bids under the category presently being browsed.

Insurance - An understanding whereby one party assures or guarantees another party against any losses suffered during a contingency or peril. The guarantee is purely optional and buyers can calculate insurance cost in the fulfillment estimate. 

Item Name - Refers to the specific name/feature that helps identify any product at the auction.

Maximum Price – Alternatively called Buy it Now price. A maximum price that a seller sets on an item and the first person to bid maximum price will win the auction. The auction is then immediately closed.

Proxy Bid - Proxy bidding allows the system (auction web site) to bid for an individual automatically. Proxy bidding may be considered to be someone who watches the auction while the participant is engaged in other matters. A bidder activates Proxy by entering the highest amount agreeable to pay for an item in the "Place Bid" box. The system will then bid for the participant, bidding only an amount to make the individual the highest bidder. If another bidder exceeds that amount, the Proxy employs another bid for the individual, and will continue to bid until the maximum amount bidder has specified. Under no circumstances will Proxy ever bid more than bidder agreed. The system will send the participant e-mail concerning an outbid. If the participant wants to increase the bid, Proxy will be given authority to submit another bid amount. 

Paypal – PayPal enables any individual or business with an email address to securely send and receive payments online. Paypal is owned by eBay, and is used as the payment method for over 90% of the completed eBay auctions (www.paypal.com).

Reserve Bids - The web site auction supports reserve bid. Some auctions may be operated with reserve bid. The reserve price is the lowest price at which a seller is willing to market the item and reserve price is never disclosed to bidders. A seller might specify a reserve price unsure of the real value of item, but might reserve the right to refuse to sell the item, if the market value is below a certain price. If a seller has specified a reserve price, an annotation will be displayed in the item information screen during the auction.

 The seller may specify a reserve bid when an item is listed and reserve bid price should be above the minimum bid price. If a bidder has authorized a Proxy Bid that is equal to or greater than the reserve bid, the item will be sold to that bidder at the reserve price at the auction's closing.

Sniping - A term used in regards to online auctions meaning to wait until the last possible minute in an auction to bid. In an eBay auction, for example, many agents will bid one price but will reconsider if outbid and bid again if given an opportunity. An agent bids high at the last possible moment through sniping, but can not bid again (Dans, 2001).

Assumptions and Limitations

Many assumptions must be made in order to ascertain significant results. While some assumptions are not determined, listed below are the ones that were included: 
1. All bidders have equal access and knowledge to the value and condition of the item.

2. Only people with Internet access can participate in online auctions.

3. All buyers and sellers “trust” the eBay process of payment and shipping by the seller. Only completed auctions that resulted in a sale have been included in the auction. Since the only auctions being collected for this study were completed auctions, there is by definition a winning bidder, who placed a bid through eBay. Because the bidder placed a bid, an assumption might be made that at least the bidder had a minimum amount of trust regarded for the seller, otherwise the bidder would not have placed a bid. Another factor to be considered in this study was the fact that the items being employed were not considered high priced items. All items sell for under $150 meaning most bidders might not have the level of distrust commonly associated with high priced items over $1000.

4. The condition of the item up for auction is the same for all auctions of that item.

The following four items were specifically chosen because the items were very close to homogeneous from one unit to the next. The items for this study used for the auction data collection were Microsoft Office XP (computer software), Madden 2004 for Xbox (video game), The 5 People You Meet in Heaven by Mitch Albom (book), and the Star Wars Trilogy DVD (movie).

5. Seasonal conditions were minimized by the data sample being collected in a six-week period of time.

6. All auctions included in the data set did not have the seller end an auction prematurely.

7. Only completed auctions were included in the data set.

8. There were no escrow fees or financing charge variables to be considered. All items studied sell for less than $150 and are not eligible for financing or escrow through eBay due to their low sale price. Escrow and financing are offered at eBay for items selling at $500 and above.

Summary

The rapid rise of the use of auctions on the Internet has created a unique set of conditions that have never before been experienced in Auction Theory (Dans, 2001). The research set forth in the following chapters begins with a review of the current literature on both auction theory and online auction mechanics. Following this review is an explanation of the testing that focused on the determinants of final price on an online auction. Chapter four covered the process and results obtained from this study.  Chapter five analyzed the results and offered recommendations for future studies.

CHAPTER 2. LITERATURE REVIEW

The following is a review of the literature starting with the topic of auction theory. The review moves on to looking at literature focusing on some of the topics that are unique to online auctions. And finally, two of the bigger researchers in auction theory are reviewed in Vickery and Bajari.
Auctions-General


The development of Internet commerce greatly affects the way in which many economic and financial transactions take place. Currently, a consumer can purchase almost any product imaginable over the Internet (Mathews, 2002). Some transaction costs can be greatly reduced by the benefit of the Internet. Specifically, consumer search costs can be greatly reduced by using the Internet (Mathews). As a result of decreased consumer search costs; the pricing behavior of firms may likely be different and lower prices may prevail in Internet markets (Mathews). 


The benefits of a large portion of Internet commerce come from the increased efficiency resulting from reduced transactions costs, since many of the exchanges might have occurred regardless of the Internet existing (Mathews, 2002). An exception to the Internet market is the many transactions that occur in Internet auction markets. Specifically, many of the consumer-to-consumer transactions that transpire in Internet auction houses such as, eBay, are transactions that may be happening only because of the Internet. This was posited by eBay President and CEO Meg Whitman in reference to eBay, “Whereas so many of the Internet companies in existence had borrowed something that existed off-line and translated it into an online version, this was actually the creation of something that could not be done in the real world” (Mathews, p. 2). Internet auction markets may result in substantial efficiency gains, a result of the fact that many of the transactions might not be occurring without the Internet. 

Lucking-Reiley (1999) presents a history of the early development of Internet auction markets. The author gives an overview of how these markets operate, states what is being sold, and highlights shortcomings in the listing theory of auctions in regards to these new auction markets. Lucking-Reiley denotes the physical limitations of traditional auctions such as geography, presence, time, space, and a small target population virtually disappears in online settings.


Internet auction sites have expanded opportunities for business-to-business commerce, business-to-consumer commerce, and consumer-to-consumer commerce (Levin, 2003). Monetary gains and business opportunities may occur as a result of consumer-to-consumer auctions, since many of these gains are new transactions and occur because of the existence of Internet auctions. By far the largest auction site is eBay, which specializes in consumer-to-consumer commerce (Griffith, 2003).

EBay continues to grow at an accelerated pace. According to the Investors Relations section at www.eBay.com; the following financial data was reported to NASDAQ on October 16, 2003. At the end of the third quarter of 2003, eBay reported a record 85.5 million registered users, $5.8 billion in gross merchandise sales, and $155.9 million in operating income. All of these numbers are substantial increases over the previous year eBay reported a record 235 million listings which represents a 57% increase over the third quarter of 2002. 


Internet auction markets require additional work to be done in auction theory for numerous reasons (Weber, 1983). First, because of the increased consumer-to-consumer commerce generated by auction markets, more economic agents are making repeat purchases by way of auctions than in the past.  According to Weber, the traditional sequential auction theory has examined the case of unitary bidder demand for homogeneous goods. The primary focus has been on the price sequence for identical objects sold sequentially. Ashenfelter (1989) and Ashenfelter and Genovese (1992) have documented a declining price sequence when identical items are sold sequentially.  Most of the results rely upon unitary bidder demand and the fact that identical goods are being sold. Ausubel (2004) establishes an efficient auction mechanism for allocating multiple dissimilar objects.  This auction mechanism requires all objects to be sold by the same seller. In many Internet auction markets, this action is simply not the case. If a potential bidder is attempting to acquire multiple objects by way of Internet auctions, the same seller is probably not marketing all of the multiple objects. Even if the seller were selling all the objects, revenue may take presence economic efficiency (Ausubel).

 New issues and “new auction rules” become relevant when examining Internet auction markets (Mathews, 2002). Auction theory does not always clarify what the optimal behavior of bidders might be when faced with these new issues or new auction rules. According to Beam & Segev (1998), in Internet commerce in general, issues of trust are of more consideration than in traditional markets. Issues of trust are especially true in consumer-to-consumer Internet auctions, where the identity of the “consumer” offering the item for auction is unknown. Some Internet auction houses such as eBay and Amazon have been able to grant sellers added incentives to “hold up their end of the bargain”, by establishing measures of   “seller reputation”, which are based on comments from other members of the auction community (Matthews). Individuals intending to repeatedly offer items for sale on an Internet auction site might not want to develop a “bad” reputation, as this might have a negative effect on the behavior of future bidders. McDonald and Slawson (2000) examine data from eBay auctions and determine that sellers with reputable transactions may expect a higher number of bids to be placed on posted items for sale and higher selling prices for posted items. 

Another example of traditional auction theory not being adequate for an examination of Internet auctions, concerns the “proxy bidding” feature offered by many Internet auction sites (Mathews, 2002). Mathews initially argued that auctions on sites such as eBay, which allow proxy bidding, are simply second-priced auctions. If individuals have independent private valuations, a dominant strategy for participants might be to bid their true valuation as soon as the bidder first observes the auction.  An examination of bidding behavior reveals that bidders often do not follow this dominant strategy. Roth and Ockenfels (2002) developed a model of an Internet auction with a fixed end time in which equilibrium characterized by “late bidding” behavior exists, even when individuals have independent private valuations. In Roth and Ockenfels model, the auction end time is predetermined, and bids submitted “near” the end time are not received with certainty. As a result, bidders are able to implicitly collude and realize higher expected payoffs by bidding only near the end of the auction, therefore avoiding bidding wars. The insights of Roth and Ockenfels could not have been made without developing a new theory to fit these Internet auction markets (Roth and Ockenfels, 2000).

The proxy system gives an advantage to bidders who know the maximum amount the bidder is willing to bid, because the agent bids only the minimum amount required to win the auction, and it wins tie-breakers against new bidders. Based on the data collected, 75% of all bids that were observed were placed by the proxy system, and the success rate among bidders who used the proxy system exclusively was about 72%; much greater than the 13% success rate among people who exclusively placed incremental bids (Hayne, Smith, & Vijayasarathy, 2003). 


Closely related to the theory proposed by Roth and Ockenfels (2002) is the specification of rules determining when an Internet auction will end (Roth and Ockenfels). In a traditional auction, either there is a fixed deadline for bid submission (for example, sealed bid government procurement auctions) or bidding continues until no active participant wishes to further increase a bid (for example, a traditional first price ascending bid auction (Roth and Ockenfels). The close of an Internet auction might follow one of these two rules (Roth and Ockenfels). For example, an auction on eBay is characterized by a fixed deadline for bid submission. When an item is posted for sale on eBay, the auction will end either three, seven, or ten days (to the second) from the time the item was initially posted for sale (Roth and Ockenfels). Internet auction sites have changed the rules from the rules found in traditional auction markets by offering a “buyout” or “auction stop” option (Mathews, 2002). When a buyout or auction stop option is available, any potential bidder may choose to stop the auction and to purchase the item being auctioned at the buyout price, a pre-specified price set by the seller.

Theoretical considerations suggest that the rule for ending an auction at a fixed time can affect bidding behavior long before the end of the auction (Roth and Ockenfels, 2002). The clear difference observed in the amount of late bidding on eBay is strong evidence that the hard close gives bidders an incentive to bid late. This evidence is strengthened by the observation that the difference is even greater among experienced bidders. The study found that bidding once, late in an auction leads to greater success (Roth and Ockenfels).


Many factors exist to explain the reason a buyer might want to exercise or a seller might want to offer such a buyout option (Wang, 2004). Risk aversion might be an advantage for a potential bidder to exercise a buyout option or a seller to offer a buyout option. Second, if bidders are asymmetric, a seller may find it beneficial to offer a buyout option.  Bidder uncertainty regarding the number of rival bidders that will ultimately participate in the auction is another possible motivation for a buyout option.  If the auction is occurring over a long duration, differences in the discount rate of the seller and the buyers may make the offering of such an option advantageous (Wang). Finally, if multiple items are being sold, such an option may be desirable (Wang). If complementary goods are being offered for sale by way of auction simultaneously, bidders may bid more aggressively on one item if the participants can guarantee that the bidders will ultimately receive a complementary item. A buyout option could guarantee such an outcome for a bidder (Wang). Alternatively, if the seller has multiple identical items to sell, but faces uncertain demand for various items, a buyout option may allow the seller to discover the demand quicker than a traditional auction. As a result, a seller that discounts future revenue in relation to current revenue may find a buyout option beneficial (Wang).

Alternate Buyout Option Rules


EBay is a consumer-to-consumer agent auction site. Almost anything imaginable is sold on eBay (Mathews, 2002). The auctions on eBay are ascending price auctions with proxy bidding (Mathews). A seller of an item can choose to offer a buyout option, an option referred to as “buy it now” by eBay (Matthews). The seller chooses a buyout price, and a buyout option is available only before any traditional bids are placed on an item. If a traditional bid is placed, a buyout option is no longer available. If a buyout option is exercised, the auction stops immediately, and the bidder exercising the option are certain to receive the item at the buyout price (Mathews).
Reserve Bids

In a traditional auction, a reserve price is the price below, which the auctioneer refuses to sell the item (Bajari, 2000). On eBay, there are two alternative forms of reserve prices. First, the seller can set a minimum bid for the auction, which is equivalent to what theorists typically call a posted reserve (Bajari). Second, for an additional fee, sellers can use a hidden reserve price so that bidders are aware a reserve price is present, but do not know the value of the reserve at the time of bidding.

A large number of papers in economic theory, starting with Myerson (1981) and Milgrom and Weber (1982), have studied equilibrium in auctions with reserve prices and characterized the optimal reserve price policy. The revenue maximizing mechanism involves a non-zero reserve price in the situation of independent private values. (Bajari, 2000).

The Basic Models of Auctions

A key feature of auctions is the presence of asymmetric information (Klemperer, 1999). In the basic private-value model each bidder knows the amount participants value the object(s) for sale, but a value is private information to the bidder only (Bajari, 2000).


In the pure common-value model, by contrast, the actual value is the same for

all agents, but bidders have different private information about that actual value (Klemperer, 1999).  For example, the value of an oil-lease depends on the quantity of oil is under the ground, and bidders may have access to different geological “signals” about that amount of oil. In this case, a bidder might change the estimate of the value if the bidder learned another bidder’s signal, in contrast to the private-value case in which their value would be unaffected by discovering any other bidder’s preferences or information (Bajari, 2000). 

The Standard Auction Types

The four basic auction mechanisms outlined by Vickrey (1961) are the English, Dutch, first price sealed-bid, and second-price sealed-bid auctions. According to Lucking-Reiley (1996), the most familiar auction format is the English auction, an ascending-price auction in which the last remaining bidder receives the goods and pays the amount of the bidder’s high bid. The Dutch auction involves decreasing prices: a public price clock begins at some very high level, and the price declines until the first participant agrees the price low enough to submit a bid. The first bidder is declared the winner of the Dutch auction, and receives the product at the price where the clock was stopped (Lucking-Reiley). The Dutch and English auctions can be grouped together as “real-time” auctions, to distinguish the auctions from other on-line auctions in which bids are sealed and there is no real-time bidding process involved (Lucking-Reiley). 


In an ascending auction, price is successively raised until only one-bidder remains, and that bidder wins the object at the final price. The ascending auction can be conducted by having the seller announce prices, or by having the bidders call out prices, or by having bids submitted electronically with the best current bid posted. In the model most commonly used by auction theorists, the price rises continuously while bidders gradually quit the auction (Lucking-Reiley, 1996).  Bidders observe when competitors quit, and once a participant quits, the bidder is not allowed to re-enter the auction.  There is no possibility for one bidder to pre-empt the process by making a large “jump bid”. 

First-price sealed-bid auctions are also common (Kirkegaard, 2003-04). Each bidder has an opportunity to submit a single bid by a particular deadline. After a deadline expires, all bids are examined and highest bidder wins the product at bid price. In a second-price sealed-bid auction, a winning bidder does not pay the amount of a bidder’s own bid, but the amount of a second-highest bid. Vickrey (1961) proposed the second-price sealed bid auction for the desirable theoretical properties (although a rarer auction in practice than other auctions). This auction will be discussed in the next section. 

Second- price sealed-bid auction is also a sealed bid auction (Kirkegaard, 2003-04). Bidders submit written bids in ignorance of all other participants. When a single item is auctioned, the highest bidder is awarded a single item at a price equal to the highest unsuccessful bid – hence the name second-price. A multiple unit extension of the second-price sealed-bid auction is referred to as a uniform price auction (or competitive auction), since all winning bidders receive the auctioned items at the same price (Kirkegaard). There is empirical evidence (Vickrey, 1961) that the dominant strategy in a private value Vickrey auction is for a bidder to bid a true valuation. If an agent bids more than true valuation, an agent may end up with a loss if the bid wins and the second-highest bid is higher than true value. If an agent bids less, it reduces the odds of winning an object, but wining price is unaffected, since it depends on the second valuation. 

The Dutch auctions of eBay and Amazon.com can be identified with a multi-item extension of what is classically known as a Vickrey auction—in honor of the seminal work of Nobel laureate, William Vickrey (Vickrey, 1961).  The original version of the Vickrey auction was designed to be a sealed-bid auction, in contrast to eBay’s open and progressive version where all bids are posted and can be revised (Lucking-Reiley, Bryan, Prasad, & Reeves, 2000). In eBay’s Dutch auctions arrangement, current standings are always displayed after an item description, and a complete bidding history (including unsuccessful bids) is available as well (Lucking-Reiley et al.). Current research shows that to prevent demand reduction in multi-item auctions of items, the top bids are declared winners and the bidder pays an amount equal to the highest of rejected bids submitted by others bidders. A revised mechanism offers discriminating prices in contrast to the original mechanisms’ uniform pricing (Lucking-Reiley, et al.).

In traditional one-unit Dutch (descending) auctions, a seller continuously lowers the price until one of the bidders stops the seller and purchases the item at the current price (Vakrat, 2000). A Dutch auction is strategically equivalent to a first-price sealed-bid auction, because in both an agent's bid matters only if that bid is the highest. On the Internet (for example, on eBay and Amazon), the term "Dutch auction" is used differently (Vakrat). Dutch auctions are a special type of auction designed mainly to handle a number of identical items to be marketed by the seller. A seller should specify the minimum price (starting bid) and state exact number of items available at that price. Bidders will bid at or above minimum price for the number of items of interest, that is, bidders submit both the number of units wanting to buy and price willing to bid per unit (Vakrat). A final per unit auction price is determined by the lowest of the winning bids. Bidders who submit bids higher than the cut-price are entitled to the quantity the bidder specified, but at the per-item uniform cut price. This cut-price means at the end of the auction, the highest bidders earn a right to purchase those items at the minimum successful bid. Successful bids are usually ranked in the order of price, quantity and time. (Vakrat)

Other Types of Online Auctions on the Internet

A widely used auction mechanism in Internet auctions is the Yankee Auction (a trademark of OnSale.com), which has been implemented by eBay, SurplusAuction, OnSale, FirstAuction, Ubid, Amazon, and most other Internet auction sites (Dans, 2001). The Yankee auction is essentially a multiple-unit discriminating-price English auction conducted over the Internet. 

The Yankee Auction

In a Yankee auction, there are multiple identical units for auction, and each auction specifies minimum starting bids and bid increments. Bidders may purchase more than one unit, but all units must be purchased at the same price. Bidders desiring more than one unit are required to make lumpy bids (Tenorio, 1999). Bidders demand several units at the same price when exercising lumpy bids. Bidders are not permitted to specify a demand schedule, detailing how many units the participant is willing to buy at a certain price. For example, a bidder wanting five units in a Yankee auction that started at $40 and had a $20 bid increment is not permitted to bid $100 for three and $80 for two items at the same time. Because of this procedure, demand reduction, which can occur when bidders are allowed to present a demand curve (Ausubel 2004; Lucking- Reiley, 1999), is not an issue. Bidding takes place progressively until a predetermined time period expires. All winning bidders pay their own prices. Ties are broken first by price, second by quantity, and third by time. For example, suppose two bidders are competing for four available units. One bids $10 for three units, while the other bids $10 for one. If a new bidder bids $12 for one unit, that bidder becomes the highest winning bidder and leaves three units for lower-priced bidders. The bidder at $10 for three will remain a winning bidder because of greater quantity. The bidder at $10 for one will be bumped from the highest bidder list. If both had bid for two units, the bidder with the earliest initial bid would remain a winner (Bapna, Goes, Gupta, & Jin, 2004). 

A Yankee auction terminates on or after a pre-announced closing time, and winning bidders pay the amount on their last bid to win the auction. In multiunit settings, this rule often leads to bidders paying different amounts for the same item. The soft closing time provides no incentive to last minute bidding and is designed to attract bids early in the auction (Bapna, Goes, Gupta, & Jin, 2004).

Japanese Auction

Price rises at set increments and participants withdraw until only winning bidder remains. It can be considered equivalent to the English auction. The system of the Japanese auction is more “automatic” which is an advantage (Dans, 2001).

Quick-Win Auction

A seller can enter a product into a quick-win auction by specifying a minimum price the seller is willing to accept (Dans, 2001). When a buyer agrees to pay that amount the item is immediately sold, that is, a quick-win. The quick-win sale is similar to the “Buy It Now” feature on EBay, which will be discussed in detail later.

Sealed-Bid Double Auction

Buyers and sellers simultaneously submit secret sealed offers to buy and sell. Auctioneer opens offers and clears market. The sealed-bid double auction repeats several times to give a continuous market price (Dans, 2001).

Vickery

A closely related auction mechanism is the single-unit English auction (Vakrat, 2000). In traditional form the English auction is an oral, ascending-price auction. In the process, each bidder is at liberty to raise a bid, until only one-bidder remains. This bidder must be the agent with the highest value. It may be observed that the price an agent pays for the good is the reservation price (upper limit valuation) of the agent with the second highest value (Vakrat). This reservation price is exactly the intuition for a well-known result: under the independent private value environment as defined by Milgrom and Weber (1982). The English auction is equivalent to the second-price sealed-bid auction (Vickrey, 1961). Both models predict the same expected revenue for a seller.

In Vickrey’s seminal work on auction theory, William Vickrey (1961) presented three types of auctions used in practice:  English ascending-bid auction, first-price sealed-bid auction, and Dutch declining-price auction. Vickrey first compared the sealed-bid auction, in which all bidders submit sealed bids and the highest bidder wins at bid price, to the Dutch auction, in which prices are called out in a descending order until a bidder claims the item at current price. Applying game theory to the study of auctions, Vickrey showed that sealed-bid auctions and Dutch auctions are strategically equivalent; that is, a bidder in the Dutch auction should wait until the price falls to the exact amount the bidder would have bid if participating in a sealed-bid auction. Vickrey also showed the manner to compute Nash equilibrium bid strategies for bidders; in both the sealed-bid and Dutch auction formats, each bidder might bid strictly less than a maximum willingness to pay for the good. An amount that the bid may be discounted from the maximum willingness to pay will depend on a bidder’s belief about distribution of bids by other participants involved.  A rational bidder may bid less if the bidder expects other bids to be relatively low. 

 Vickrey (1961) then considered the well-known English ascending-price auction, in which bidders raise each other’s bids until only one-bidder remains. Vickrey showed that in an English auction, each bidder's dominant strategy is to keep bidding until the price reaches the bidders’ maximum willingness to pay for the good, and then to withdraw from the auction. The highest-value bidder then ends up winning the good, and paying a price equal to the second-highest bidder's value (plus one bid increment, to guarantee victory). This equilibrium differs from the Dutch and sealed-bid auction formats: the optimal strategy for a bidder is to reveal full value for the good (except for the winner, who wins before the auction actually reaches dropout price), rather than bidding strictly less than value. Optimal bidding in the English auction is simpler and more robust because it involves dominant strategies; that is, an optimal bidding strategy does not depend on the bids submitted by a rival (Vickrey).

Vickrey (1961) then asked whether there existed a sealed-bid procedure that might be strategically equivalent to the English ascending-price auction, in the manner that the standard first-price sealed-bid auction was equivalent to the Dutch descending-price auction. Vickrey answered in the affirmative, proposing the rules for a "second-price" sealed-bid auction (so named to distinguish it from the standard "first-price" sealed-bid auction) in which each bidder would again have a dominant strategy to bid equal to a bidder’s own value. As Vickrey (p. 17) wrote: "It is easily shown that the required procedure is to ask for bids on the understanding the award will be made to the highest bidder, but on the basis of the price set by the second highest bidder.”

Economists frequently call this second-price sealed-bid auction the “Vickrey auction”(Lucking-Reiley, 2000). The economics profession has credited Vickrey with being the first to propose a second-price sealed-bid auction format (McAfee and McMillan, 1987; Milgrom, 1989). There seems to be no examples of a second-price sealed-bid auction occurring prior to Vickrey's 1961 article. In an article, Vickrey (Lucking-Reiley, 2000) discusses use of an English auction as a standard auction format for various types of goods, use of a Dutch auction in selling flowers in the Netherlands, and use of a first-price sealed-bid auction for sales of real estate and securities, but nowhere does Vickrey indicate that a second-price sealed-bid auction had ever been used. Similarly, an extensive survey of the various types of bidding procedures in practice, by Ashish (2001), makes no mention of the second-price sealed-bid auction. 

Vickrey auctions have appeared to be so uncommon in practice that Rothkopf, Teisberg, and Kahn (1990, p. 17) were inspired to write an article asking, "Why Are Vickrey Auctions Rare?" The authors follow tradition by crediting Vickrey with inventing the format: "a sealed second-price procedure (now sometimes called 'Vickrey auctions') that he devised." Rothkopf, Tiesberg, and Kahn note (1990, p. 17): "In some auctions of collectible items such as stamps and autographs, the auction involves mailed-in sealed bids based on a catalog listing as well as oral bids," and that winning mail bidders pay one bid increment higher than the second-highest bid received.

Bajari

Bajari and Hortacsu (2000) empirically examine bidding behavior in auctions for coins on eBay and find some very interesting observations. First, bidders update their bids frequently and that bidding activity is concentrated at the end of the auction. Bajari and Hortacsu ascertain that bid levels decline in the number of bidders in an auction. Bajari and Hortacsu conclude that a private values framework cannot explain bidding behavior and that a common values framework, with a potential “winner’s curse” effect is better suited to model the auctions in our sample.

Next, there is significant variation in the number of bidders in an auction. Bajari and Hortacsu  (2000) learn that a low minimum bid, a high book value, and low negative ratings increase entry into an auction. Profit margins for bidders are slim and deviate by a small margin from book values of the coins once shipping and handling costs are accounted.

Bajari and Hortacsu (2000) discovered a number of bids submitted in an auction are decreasing in the ratio of a minimum bid to the book value. Sets that have a high book value tend to be auctioned using a secret reserve price with a minimum bid that is lower than book value. Less expensive sets are auctioned using a posted reserve price with a higher minimum bid to book ratio. Finally, experience does not appear to play a significant role in bidding (Bajari and Hortacsu).

Bajari and Hortacsu (2000) show that more than 50% of final bids are submitted after 90% of the auction duration has passed. This final bidding corresponds to the last 7 hours of the auction in a 3-day auction. About 32% of the bids are submitted after 97% of the auction has passed, that is, the last 2 hours of a 3-day auction.

 Winning bids tend to come even later (Bajari and Hortacsu). The median winning bid arrives after 98.3% of the auction time has elapsed (within the last 73 minutes of a 3 day auction), and 25% of the winning bids arrived after 99.8% of the auction time elapsed (the last 8 minutes of a 3 day auction). Evidence from the Bajari and Hortacsu (2000) study shows bidding activity is concentrated at the very end of the auction. The study finding cannot be consistent with the presence of private values.

 EBay’s explanation of the proxy bidding system, urges bidders to decide on their private value, submit it online and wait until the conclusion of the auction. It is quite clear from the Bajari and Hortacsu (2000) study that bidders do not abide by eBay’s recommendation.

The minimum bid seems to be the single greatest determinant of entry in the sample study by Bajari and Hortacsu (2000), regardless of their being a secret reserve price. In the Bajari and Hortacsu study, the difference between setting the minimum bid equal to the book value and at zero is almost four more bidders in the auction.

Bajari and Hortacsu (2000) also learned that the existence of a secret reserve price does not affect entry. All things being equal, a bidder might expect that a secret reserve price may deter entry, for rational bidders may realize that a chance of winning an auction with a secret reserve price is lower. Secret reserve price auctions are almost exclusively used for auctioning high value items, even if the probability of actually winning the auction might be low, the expected profit of the bidder can be quite high (Bajari and Hortacsu).

A seller with negative feedback attracts fewer bidders. Bajari and Hortacsu (2000) show that it takes approximately seven or eight negative comments to drive away one bidder. EBay users seldom leave negative feedback. The fear of the other party reciprocating and leaving negative feedback prevents the response. Once negative feedback is obtained on eBay, it is impossible to remove or change it.

The minimum bid is by far the most important determinant of entry according to Bajari and Hortacsu (2000). Setting a minimum bid that is higher than the reservation value is a result that is familiar because of the private values auction literature. Another prediction of a reservation price rule in private value auctions is the amount of “markup” may not depend on number of bidders. Since the parameter estimates tell a bidder that increasing the minimum bid increases the expected number of bidders, the Bajari and Hortacsu simulations also reveal a markup rule that is not very sensitive to the expected number of bidders in the auction.

Previous Studies about Sequential Non-Internet Auctions and Online Auctions

Milgrom (1989) and Milgrom and Weber (1982) provide theoretical analyses of the price trend in a sequential auction of identical objects and conclude that expected prices should remain constant throughout the sequence of auctions within a sale. Empirical evidence shows that actual price may either decline or increase sequentially. Ashenfelter (1989) reports that in sequential wine auctions, a downward price trend was observed. McAfee and McMillan (1993) examined data of Chicago wine auctions and attained similar results. Ashenfelter and Genesove (1992) also observed that “price-decline-anomaly” phenomenon occurs in a real-estate market. Other empirical studies have found that prices may be increasing. Gandal (1997) studied sequential auctions of the cable TV licenses conducted in Israel and observed increasing prices. Jones, Menezes, and Vella (1998) noticed that prices might either increase or decrease in sequential wool auctions. 

Much of the theoretical research on non-Internet sequential auctions focuses on an observance of “anomalous price trend” and its theoretical explanations. Ashenfelter and Geneove (1992) explain the anomalous price trend using participation cost. Black and de Meza (1992), Branco (1997), Krishna (2002), and Menezes and Monteiro (1999) consider synergies and impact on price trend. 

Seidmann and Vakrat (2000) provide an excellent review of current state of research on online auctions. Only a selective review of earlier research is included in this study. Several studies present overviews of online auctions (Beam & Segev 1998; Herschlag & Zwick 2000); Klein & O’Keefe 1999; Lucking-Reiley 2000). These authors’ papers represent the earliest studies of key features of online auctions. Lucking-Reiley explores what types of goods are sold through online auctions and the various format used in online auctions. Beam and Segev identify the defining characteristics of online auctions and major differences from standard auctions. Several studies (Lucking-Reiley et al. 1999; Bapna, Goes, and Gupta 2000a) have also focused on overview study of eBay auctions. Bajari and Hortacsu (2000) give an overview of eBay auctions and provide empirical insights from the study (Lucking-Reiley et al.). An analysis of determinants of prices in online auctions for collectible one-cent coins at eBay, and reports that seller's feedback ratings, particularly negative feedback ratings, have a measurable effect on the coins auction prices. Minimum bids and reserve prices have positive effects on the final price. Auctions with longer duration tend to be priced higher on average.

Another research focus of Bapna, Goes, and Gupta (2000) is the study of multi-unit auctions. Bapna, Goes, and Gupta identify three different types of bidders in multi-unit B2C auctions, indicating that bidders may adopt different bidding strategies. Easley and Tenorio (1999) study bidding strategies in multi-unit Internet Yankee auctions. Seidman, and Vakrat (2001) study the optimal design of multi-unit and multi-period online auctions. Arora, Cooper, Krishnan, and Padman (1999) design an e-market simulation environment, IBIZA, which allows researchers to experiment with different market mechanisms including various types of online auction formats. 

Griesmer, Levitan and Shubik (1967) analyze the equilibrium of a first-price auction in which contestants’ valuations are drawn from uniform distributions with different supports, while Wilson (1969) introduced the (pure) common-value model and developed the first closed-form equilibrium analysis of the winner’s curse.

Software Bidding Agents

A software agent is a program that acts on behalf of a user to find and filter information, automate complex tasks, monitor events and procedures or negotiate for services (Gregg & Walczak, 2003). Buyers and sellers would both benefit if the process of determining appropriate prices, how to participate, and how best to bid could be automated. Software agents provide a solution to the time and information demands of online-auction participants (Gregg & Walczak, 2003).

The software agents already employed on auction websites have the potential to alter dramatically the dynamics of online-auctions. For example, proxy bidding agents

place bids for potential buyers up to a maximum predetermined bid amount. However, these proxy agents currently do not react to changes in the bidding environment as a real bidder might react. If another bidder was repeatedly bidding against the proxy agent, that agent might immediately increase the bid to the next possible minimum bid amount. A real bidder, on the other hand, might wait to raise the bid and perhaps avoid getting into a bidding war with the other bidder (Gregg & Walczak, 2003). 

Software agents can be used to provide price histories and other auction information that can help to educate auction participants. Buyers will know what a reasonable price for a given item is and can avoid paying too much. Sellers can use the same information to determine appropriate minimum and reserve prices for the auctions. The availability of this information can help to even the playing field between experienced and newer auction players and reduce the occurrence of ‘winner’s curse’ (Gregg & Walczak, 2003).

As online-auction buyers and sellers increase the application of software agents to automate auction decisions, the outcome for both buyers and sellers will be improved. Agents can be used to optimally match buyers and sellers for specific products. With sufficient information, a pricing strategy could be ascertained to maximize the return for all auction participants (Gregg & Walczak, 2003).

Buy-Out Literature
The presence of buy-out prices in online auctions has thus far been explained by focusing on a single auction. Lucking-Reiley (2000) takes a somewhat broader view of auction markets, realizing, in particular, both buyers and sellers are aware of the fact that new products will be offered on the market in the future. Offering of products tend to depress revenue in today’s auctions, as buyers know that close substitutes might be offered tomorrow. In a dynamic environment, Lucking-Reiley will show that there are at least two reasons to introduce buy-out prices, even if agents are patient and risk is neutral.

Buy-out prices or maximum prices in online auctions were noted by Lucking-Reiley (2000) in his empirical overview of auction activities on the Internet. Since (sell) auctions are ostensibly staged to illicit high prices in situations where markets are thin and sellers are short on information about a willingness to pay of potential buyers, such buy-out prices may appear surprising. Lucking-Reiley explicitly posed this as a challenge to theorists. Evidence was quoted by Lucking-Reiley to suggest that the exercise of posted buy-out options is not uncommon in online auctions.

Reynolds and Wooders (2002) provide some additional information on the frequency of buy-out prices in Yahoo! and eBay auctions, though, not on the frequency that some bidders exercised the option. The categories sampled on March 27, 2002, were automobiles, clothing, DVD players, VCR’s, digital cameras and TV sets. A total of 1,248 auctioned items were sampled from Yahoo! of which 842 had a buy-out price posted by the seller (roughly, 66%). In similar fashion, 31,142 auctioned items were sampled from eBay, which 12,480 had a buy-out price posted by the seller (roughly,

40%). There is some variation across the categories of goods sampled, but the frequency of buy-out prices never drops below 25% in the sample. In these sampled categories, at least, the appearance of buy-out prices is very frequent.

For eBay, Mathews (2002) presents some numbers on the frequency that buy-out options are exercised when offered. For two categories of games (racing and sports) for Sony PS2, Mathews reports that on January 29 - 30, 2001, there were 210 items offered. A buy-out option was available on 124 items (59%), and it was exercised 34 times (27% of the times it was offered). In these sampled categories, the exercise frequency is high.

Mathews (2002) analyzed eBay’s version of a buy-out price, termed the Buy it Now price. The Buy it Now price, from the seller’s viewpoint, works roughly in the following manner:

If a buyer is willing to meet your Buy it Now price before the first bid comes in, your item sells instantly and your auction ends. Or, if a bid comes in first, the Buy It Now option disappears. Then your auction proceeds normally. (Mathews, p.7)

In eBay auctions, the buy-out price is temporary. 

For a case with two individual sellers, Mathews (2002) explains that the first seller can always increase the seller’s revenue by introducing a buy-out price. The revenue to the second seller is adversely affected, as is overall revenue. An optimally chosen buy-out price in the first auction also introduces inefficiency, in the sense that a bidder, who might have won no item, wins the item. 

Mathews (2002) considers the consequences of buy-out prices for a single seller intending to sell two objects. Matthews shows that a seller can increase total expected revenue by augmenting the second auction with a buy-out price, which depends on the outcome of the first auction. The buy-out price should be set fairly low, thus allowing the winner of the first auction a disproportionately large chance of winning the second auction as well. The sequence of auctions is inefficient, in a sense that one buyer may win two objects when efficiency dictates a buyer should only win one object. If that sequence happens, overall revenue will increase. The reason is the same as that which induces a monopolist to offer quantity discounts that are detrimental to efficiency: buyers with high demand contribute with higher marginal revenue on two objects than buyers with low demand do on one object.

Determinants of Final Prices: A Field Study
Ariely and Simonson (2003) ran field study that started one month before the 2000 Rose Bowl game that took place on January 1, 2000 (Stanford vs. Wisconsin). The author tracked all auctions for game tickets and recorded the details of each auction. From December 2, 1999 until December 31, 1999, there were 275 valid auctions for Rose Bowl tickets on eBay (excluding auctions that sold, in addition to tickets, other services such as parking and accommodations). For each auction, the transaction information was recorded. The information was regressed using the starting price per ticket, total number of bids, total number of bidders, date started, auction duration, seller reputation, and the number of tickets offered on the final price of the ticket (Ariely & Simonson, 2003). 

Examination of the coefficients in the study showed that the final price was positively related to the starting price, total number of bids, and the total number of bidders (Ariely & Simonson, 2003). The final price was negatively related to the starting date of the auction (auctions that started later had lower final sale prices) and to the duration of the auction. Finally, the only factor that did not have any impact on final prices was sellers’ reputation (Ariely & Simonson, 2003).

Some of these effects can be easily reconciled with straightforward expectations: An increase in the number of bidders indicates that more people were interested in the ticket, which should have increased the ticket’s price. Auctions that started earlier had a negative effect because bidders who were more interested in going to the game were likely to bid earlier and were willing to pay higher prices to ensure that tickets were available. Other results are harder to explain from a normative perspective. With respect to auction duration, a possible assumption might be that longer auctions would allow more people to view and participate in the auction while also allowing participants to increase their bids. The fact that shorter auctions were associated with higher prices could suggest that shorter auctions increased competition among bidders, which increase prices (Ariely & Simonson, 2003). 

Regarding the total number of bids, it is important to note that this measure is not the effect of the total number of bidders (people), but rather, the total number of bids submitted, including multiple bids by the same person. It is speculate that multiple bids are linked to decision dynamics, that multiple bids reflect the level of commitment and competitiveness of the participants, and to bidding frenzy, and as such contribute to price increases (Ariely & Simonson, 2003). 

CHAPTER 3 – METHODOLOGY


Since the initiation of Internet auctions, the reasoning that explains consumer behavior to use reserve prices, minimum prices, or Buy It Now prices, and how these choices relate to the final price of an online auction is unknown. Such a lack of clarity has led to an uncertainty with respect to how pricing of auction items should be handled by auction sellers. A study of these uncertainties would contribute to greater clarity of seller behavior and contribute to a more efficient and effective online auction marketplace.
Methodology

This study was purely quantitative in that historical data was collected and analyzed from eBay’s database. EBay stores data on previous auctions and allows research of past auctions using third party tools such as Auction Intelligence by Certes Consulting. The auction data is stored by eBay for 30 days after the end of the auction. This study used historical data from 4/27/2005 to 6/14/2005. representing completed eBay auctions as a basis for the research. 

The main variable was the presence of minimum bids. The measurement was on the final auction price. An attempt was made to hold constant all other possible variables.

Below were the constants in the study: 
1. Product variances – all auctions had a single, homogeneous product, in order to keep the variable constant.

2. Time / Seasonal variances – All auction data was collected over a six-week period of time to minimize the time / seasonal variances.

3. Seller trust factor – Sellers with higher feedback typically got higher prices than new eBay sellers. Auctions with low seller feedback (below ten) were discarded. The number ten was chosen because any seller with a feedback below ten has no star next to the screen name. The star next represents different levels of attained feedback. Once a feedback of ten is achieved, a star is placed next to the seller’s screen name.

4. Auction pictures and description – Any auction without a picture was discarded. Many bidders may not place a bid on an item that has no picture. The lack of a picture creates uncertainty in the bidders mind that the item is actually owned by the seller. Since the auction picture and description need to be similar as possible to reduce the chances of influencing the final auction price, all auctions without pictures were omitted from the data sample.

Once the auction items were accounted for, the remaining auctions made up the data set. The data set was then used for statistical hypothesis testing. The test included calculating the correlation between starting bid and final bid as well as running all descriptive statistics. 

Data Collection

The four products chosen to research on eBay included Microsoft Office XP, Madden 2004 X-Box, Star Wars Trilogy DVD, and a book called Five People You Meet in Heaven. These products were selected because the hypothesis is seeking to research the association between the starting price and the final price, and if that starting price has an effect on the final price of an auction. To accomplish this research, most other variables needed to be held constant. All of these four products have the distinction of not deteriorating in value, depending on the product’s condition. For example, Microsoft Office XP software should sell for the same price, whether software was in a case, or without a case, or in the box or without a box, as long as the software was a working copy of Microsoft Office XP. Madden 2004 X –Box is a video game that, like the Microsoft Office XP, should not deteriorate without a box. Madden 2004 X –Box either operates or it does not operate. The same pattern was true with a Star Wars Trilogy DVD. This particular Star Wars Trilogy DVD was only the Episodes 4, 5, and 6 from the late 1970s and the early 1980s. Lastly, the book Five People You Meet in Heaven is a small book and might have a minute value of determination if the book was in poor condition, but should sell for approximately the same price even if the book was in fair condition.  

When doing the historical data searches on eBay, the exact same phrase was used every time, so results may have the same search criteria each time. The program employed was AuctionIntelligence by Creates Consulting. This program allowed a user to pull the past 14 days of historical auction data from the eBay database. It pulled all closed auctions that had either sold or gone unsold. AuctionIntelligence used a Microsoft SQL Server 2000 engine to store the retrieved auction data. This storage allowed for the use of a robust reporting tool built into AuctionIntelligence. Some of the reporting features of AuctionIntelligence are listed below:

1. AuctionIntelligence can save reports for later view, and the reports are viewable in any web browser.

2. AuctionIntelligence saves historical data, so a report can be run on historical data at any time.

3. If an auction has already been downloaded and is in the database, AuctionIntelligence will not download the auction again.

4. AuctionIntelligence utilizes Microsoft Office XP Web Components for report interactivity.

The following statistical reports are built into the AuctionIntelligence software: 

1. Total items listed 

2. Total items sold 

3. Average price 

4. High price 

5. Number of sellers 

6. Total sales 

7. Feedback rating of buyers and sellers for each sale 

There were some variables that needed to be accounted for, including the following: the average feedback for a seller, the number of bids per item, and the average shipping amount of the item. In regards to shipping, all items that had been chosen should have a fairly consistent shipping cost for all auctions. The shipping cost should be approximately in the neighborhood of $5 to $6. Auctions with shipping cost that was very high or very low were excluded from the data set, so those auctions will not potentially skew the data.
Data Research Tools

 Numerous third-party software choices were available for analyzing historical data relating to eBay auctions, but only three programs were utilized. The first was AuctionIntelligence by Certes Consulting. The following is a description of the AuctionIntelligence software that was provided by Certes Consulting on their website (http://www.certes.net/). 

AuctionIntelligence is an auction analysis application that assists to analyze the selling environment on eBay. AuctionIntelligence starts by setting up searches that sift through all of the data on eBay to find information. AuctionIntelligence allows a user to search for items by Title, Category, Seller, or any combination of the three.

The following search options are available on AuctionIntelligence:

1.Search the following eBay sites: 
(a) eBayMotors.com (US automotive site)          
(b) eBay.co.uk (United Kingdom/Great Britain) 
(c) eBay.au (Australia)

 (d) eBay.com (US) 

2. Save common searches in AuctionIntelligence. 

3. Run one or many searches. 

4. Perform searches in the background, while viewing other reports. 

5. Perform advanced title searches. 

6. Download over 30 details about every auction. 

7. Download the bid history for each auction. 

8. Know how much was bid on each auction.

9. Limit the search by setting the minimum and maximum price. 

10. Limit searches to a single seller to see how much and what a user was selling. 

11. After searching, easily filter out results that are not relevant. 

12. View reports based on the search data. 

13. Save search data indefinitely. 

14. Analyze eBay data over days, months, and years. 

15. Filter out data that is no longer relevant. 


The second data collection software program that was used was Deep Analysis 2 by Hammertap. The following information is from the Hammertap website (http://www.hammertap.com). Deep Analysis 2 will extract and analyze licensed eBay data and statistics for any eBay market sector. This data will then employ Deep Analysis to reveal market trends and develop eBay strategies that will help a user make money on eBay. DeepAnalysis lets you scrutinize individual auctions to reveal winning eBay strategies based on data such as: 

1. Most popular 

2. Starting price 

3. Total sales 

4. Auction duration 

5. Average sale price 

6. Average number of bids 

7. Reserve auction sell-through rate 

8. Category items are listed in 

The third data collection software program used was research data by Terapeak Research. The following information is from the Terapeak Research website (http://www.terapeak.com). Working with eBay under their new data-licensing program, Terapeak has evolved into the most accurate and in-depth provider of eBay marketplace research data. Terapeak provides up-to-date and 100% reliable information about the eBay environment.

Variables

The following variables were collected:          

1. Total number of listings (all types)
2. Total count of items

3. Total count of items sold

4. Sell-through rate of all listings

5.  Average bids per item

6. Average price for all listings

7. Total bid amount for all auctions

8. Total sales for all auctions

9. Total number of sellers

10. Average feedback for sellers

11. Average percent positive feedback for sellers

12. Total count of normal auctions

13. Total count of normal auctions sold

14. Sell-through rate of normal auctions

15. Total count of reserve auctions

16. Total count of normal auctions listed with Buy It Now

17. Sell-through rate of normal auctions with Buy It Now

18. Average bids for each auction

19. Average bids per auction (minus auctions ending with Buy It Now)

20. Average bids per auction (only auctions ending with Buy It Now)

21. Average price of normal auctions

22. Average price for auctions ending with Buy It Now

23. Total count of single-quantity fixed price items

24. Average price for single-item fixed price items

25. Total count of single-quantity fixed price items sold (ended with Buy It Now)

26. Sell-through rate of single-quantity fixed price items

27. Total count of multiple-quantity fixed price listings

28. Total count of items in multiple-quantity fixed price listings

29. Average quantity available in multiple-quantity fixed price auctions

30. Average price for multiple-quantity fixed price items

31. Total count of items in multiple-quantity fixed price listings sold

32. Sell-through rate of multiple-quantity fixed price listings

Statistical Measurements

Through the use of statistical research tools, historical data of eBay auctions was collected and evaluated. The selected products studied were Microsoft Office XP, Madden 2004 for Xbox, The 5 People You Meet in Heaven by Mitch Albom, and the Star Wars Trilogy DVD. All the products were the same in each auction allowing the research to remove items sold as a variable in this study. All the products were also popular enough items to allow a statistically significant population size. The time frame of the auctions was six weeks in length to allow for minimal variance for seasonal fluxuations in the price or demand.

The data set of historical auctions was then used for statistical hypothesis testing. This test included a correlation test performed on the collected data set at a statistically significance level. Regression analysis testing was used to ascertain if a correlation existed, and to offer a potential method of predicting final price based on the starting price. The above tests were repeated for all four items studied.

CHAPTER 4. ANALYSIS AND RESULTS

The following is an empirical approach to this study. This chapter describes how the data was collected, a description of the data and discusses in detail how to interpret the data. This chapter starts with a high level look at the data, explains how the final data set was reached, and finally, presents data interpretation and statistics.
Demographics


The data was condensed using the steps outlined in Chapter 3. The final data sets represented 2160 auctions (Madden 2004 xbox n=102, Microsoft Office XP n=407, Star Wars Trilogy DVD n=1289, and The Five People You Meet in Heaven n=362). The correlation between the starting price of an auction and the final price of an auction was positive for all four samples at a 97% confidence level.
Examining some basic statistics such as, average, median, and mean for the final prices sorted by the day of the week, indicated there was no particular day of the week that was better than the rest for selling items on eBay. The day of the week was considered to be a constant and had no effect on the rest of the study. Any seller who did not accept Paypal for their auction was removed from the data set because of the potential affect this might have on a buyer’s decision to purchase an item. This removal procedure resulted in eliminating only a few auctions as most sellers offered Paypal as a payment option. 
Since most bids for an auction occurred in the final hours of the auction, an assumption was made that the duration of the auction was also not a factor in the final price for the type of items that were being studying. 

Another variable that was assumed to be constant was category distribution. The four items being studied were not items that would be found while someone was browsing eBay. The items were found by buyers through the use of the popular eBay search bar at the top of every eBay web page. The category in which the items were listed had no bearing on the eBay search for these items.

Data Selection


The steps needed to condense the data are listed below:
1. The item number was converted to a number from text. EBay stores their item numbers as a string text characters, but SPSS needs an actual number.

2. The total bids were sorted and all auctions with total bids equal to zero were deleted. 

3. The data was sorted by the Buy It Now (Buy It Now) variable and all auctions were deleted that used a Buy It Now price. If the auction only had a Buy It Now, but the Buy It Now was not used, it was still considered an auction. For example, if the starting bid was $5, and the Buy It Now was set at $15, and the item eventually sold for $9, the sale was included in the data set because it fit the criteria of an auction. 

4. All auctions that had premium features included were removed from the data set. Premium features on eBay include bolding, highlighting, and auction listing, as well as featured item or featured plus item placement services. The reason for omitting auctions with premium features was to keep the items being studied as constant as possible. Auctions with premium features have a more visible listing location on eBay than the auctions without premium features.

5. The data set was sorted by shipping. If the shipping price was unlisted, the auction was deleted from the data set. The only exceptions were the auctions where the starting price was high enough to cover shipping.

6. The data set was sorted by the “has picture” variable, and if a picture was not included, the auction was deleted from the data set. 

7. A column was created that added the high bid and the shipping cost together to the true final price that a buyer paid to win the item.

8. After all the above deletions were made from the data set, each remaining line was individually reviewed to look for auctions that did not fit the criteria for being included in the data set. Examples of auctions removed in this manner included listings with multiple units for sale and auctions that were for training aids like a Microsoft Office XP training CD.

9. The next step was to sort the data by first bid; this identified numerous groups of first bids. This step was the final before entering the data set into SPSS.

For the book (The 5 People You Meet in Heaven), auctions were excluded that were offering large print and autographed copies of the book. For Microsoft Office XP, only the full Professional versions were included, not the upgrades full Professional versions. 


The final result of all the steps above omitted much of the auctions that were collected. The reason for this was to get all the auctions in the dataset to be a homogeneous as possible to make the variable of differences in auction listings as constant as possible. In order to get relevant results on if an association exist between a starting auction price and a final auction price, it is important to hold all other potential variables as constant as possible.

Description of the Data
The data was collected using the AuctionIntelligence software created by Cretes Consulting. The first auction start date of data collected was 4/27/2005, and the final auction end date of data collected was 6/14/2005. Table 2 shows the variables collected and a brief definition of the variable.

Data Interpretation 
No official publication is given by eBay to explain the manner eBay handles incoming bids. The process was discovered partly from the ‘eBay’s Help System’ and partly by trial-and-error. The following process was determined to be the method eBay uses to handle incoming bids. 
Table 2: Variable and Descriptions

Variable



Description

	Item Number
	Unique auction items number assigned by eBay

	Title
	Auction item title

	Total Bids
	Total number of bids received on the auction

	First Bid
	First bid on the auction - also the opening bid on the auction

	High Bid
	Highest bid on the auction

	Shipping
	Shipping cost charged by seller

	Final Cost
	Sum of High Bid and Shipping Cost

	Seller
	Sellers unique eBay user name

	Seller Rating
	Seller feedback rating

	Seller Percent
	Percent of Seller feedback that is positive

	Me
	A yes/no variable indicating if a seller has an About Me page

	Power Seller
	A yes/no variable indicating if a seller is an eBay Power Seller

	Shades
	A yes/no variable indicating if a seller has changed user names

	Start
	Start date and time of the auction

	End
	End date and time of the auction

	Dutch
	A yes/no variable indicating if an the auction was a Dutch auction

	Quantity
	Number of items available for sale in an auction

	Category
	The unique eBay category for the auction item

	Accept PayPal
	A yes/no variable indicating if a seller accepts Paypal 

	Pref PayPal
	A yes/no variable indicating if a seller prefers Paypal 

	Has Buy It Now
	A yes/no variable indicating if the auction has a Buy It Now price

	Buy It Now Price
	The Buy It Now price posted by the seller

	Buy It Now Used
	A yes/no variable indicating if the Buy It Now price was used

	Reserve
	A yes/no variable indicating if a seller set a minimum reserve price

	Reserve Met
	A yes/no variable indicating if the minimum reserve price was met

	Fixed Price
	A yes/no variable indicating if a seller set a fixed price

	Has Pic
	A yes/no variable indicating if a seller used a picture 

	Gift
	A yes/no variable indicating if a seller used a gift icon 

	Subtitle
	A yes/no variable indicating if a seller used a subtitle on the auction


1. The starting price set by the seller is the ask price and minimum bid, when the auction starts. 

2. The first bid does not affect the current ask price, but the bidder becomes the high bidder at the starting price. 

3. Any bid has to at least match the minimum bid at that time

When subsequent bids enter the auction, the new ask price and the association between researches high bidder as follows:
1. Compare current high bidder’s maximum bid and the new bid. The higher bid decides the new high bidder. A proxy bid is placed on behalf of the new high bidder which becomes the new ask price. 

2. The high bidder’s proxy bid is always more than the second highest bidder’s maximum bid by one bid increment. (The exception is when the high bidder’s maximum bid is less than one bid increment over the second highest bidder’s maximum bid. In this case, the high bidder’s proxy bid is his maximum bid) 

3. When two bids are for the same amount, the earlier one takes precedence. 

A bidder can outbid their own bid, but the bid would not change the proxy bid, except in the following cases: 
1. The bidder is tied with another bidder, but the first bidder to place the bid is the higher bidder. If the bidder places another bid to raise his maximum bid, than the bidder looses the favored ‘early bird’ status. EBay would increase the bid by one bid increment so that the first bidder will remain the high bidder. 

2. The current price is less than one increment above the second highest submitted maximum bid, which can occur if the high bidder’s maximum bid was less than the minimum increment above the second highest. In this case, if the high bidder submits a new bid, eBay would raise the current price to the minimum increment above the second highest maximum bid. 

Descriptive Statistics

The initial data set was analyzed both as a complete set and as four separate sets corresponding to the four different products studied. After running frequencies that indicated duplications of sellers’ names in the merged data set, a variable was created called multisel that counts the number of times the seller’s name appears. Multisel assigned a one to the first appearance, two to the second, etc. The most frequent seller had 87 completed sales, while the second most frequent seller had a total of 50 sales. The majority of sellers, 996, had a single sale, progressively fewer had two to five sales, and the number of sales per seller trails off after that. For all four items studied, there were 1,162 unique sellers for the 2,160 total auctions that ended in sales.

The descriptive statistics for the data sets are located in Table 3 thru Table 10. 
	Table 3 - DESCRIPTIVE STATISTICS - THE FIVE PEOPLE YOU MEET IN HEAVEN – PRICES (n=362)

	First Bid
	 
	 
	High Bid
	 

	Mean
	$2.1488
	
	Mean
	$4.0937

	Standard Error
	0.0902
	
	Standard Error
	0.1128

	Median
	1.99
	
	Median
	3.75

	Mode
	0.99
	
	Mode
	3.25

	Standard Deviation
	1.7158
	
	Standard Deviation
	2.1458

	Sample Variance
	2.944
	
	Sample Variance
	4.6046

	Kurtosis
	12.577
	
	Kurtosis
	5.091

	Skewness
	2.4954
	
	Skewness
	1.7579

	Range
	$15.94
	
	Range
	$15.94

	Minimum
	$0.01
	
	Minimum
	$0.01

	Maximum
	$15.95
	
	Maximum
	$15.95

	Count
	362
	
	Count
	362

	Largest (1)
	$15.95
	
	Largest (1)
	$15.95

	Smallest (1)
	0.01
	
	Smallest (1)
	0.01

	Shipping
	
	
	Final Cost
	 

	Mean
	2.6957
	
	Mean
	6.7894

	Standard Error
	0.0771
	
	Standard Error
	0.1238

	Median
	3
	
	Median
	6.35

	Mode
	0
	
	Mode
	5.5

	Standard Deviation
	1.4671
	
	Standard Deviation
	2.3548

	Sample Variance
	2.1523
	
	Sample Variance
	5.5451

	Kurtosis
	0.0556
	
	Kurtosis
	2.3892

	Skewness
	-0.362
	
	Skewness
	1.0963

	Range
	$6.95
	
	Range
	$14.66

	Minimum
	$0
	
	Minimum
	$1.29

	Maximum
	$6.95
	
	Maximum
	$15.95

	Count
	362
	
	Count
	362

	Largest (1)
	$6.95
	
	Largest (1)
	$15.95

	Smallest (1)
	$0
	
	Smallest (1)
	$1.29


	Table 4 - DESCRIPTIVE STATISTICS - THE FIVE PEOPLE YOU MEET IN HEAVEN (n=362)

	Seller Rating
	 
	 
	Seller Percent
	 

	Mean
	787.07
	
	Mean
	98.891

	Standard Error
	106.14
	
	Standard Error
	0.4001

	Median
	167.5
	
	Median
	100

	Mode
	2
	
	Mode
	100

	Standard Deviation
	2019.4
	
	Standard Deviation
	7.6132

	Sample Variance
	4E+06
	
	Sample Variance
	57.961

	Kurtosis
	72.462
	
	Kurtosis
	157.65

	Skewness
	7.1298
	
	Skewness
	-12.32

	Range
	25626
	
	Range
	100

	Minimum
	0
	
	Minimum
	0

	Maximum
	25626
	
	Maximum
	100

	Sum
	284919
	
	Sum
	35798

	Count
	362
	
	Count
	362

	Largest (1)
	25626
	
	Largest (1)
	100

	Smallest (1)
	0
	
	Smallest (1)
	0

	Total Bids
	 
	
	
	

	Mean
	4.2873
	
	
	

	Standard Error
	0.1641
	
	
	

	Median
	3
	
	
	

	Mode
	1
	
	
	

	Standard Deviation
	3.1227
	
	
	

	Sample Variance
	9.751
	
	
	

	Kurtosis
	0.9812
	
	
	

	Skewness
	1.082
	
	
	

	Range
	16
	
	
	

	Minimum
	1
	
	
	

	Maximum
	17
	
	
	

	Sum
	1552
	
	
	

	Count
	362
	
	
	

	Largest (1)
	17
	
	
	

	Smallest (1)
	1
	
	
	


	Table 5 - DESCRIPTIVE STATISTICS - STAR WARS TRILOGY – DVD – PRICES (n=1289)
	

	First Bid
	 
	 
	High Bid
	 

	Mean
	$15.8601
	
	Mean
	$42.1803

	Standard Error
	0.33885
	
	Standard Error
	0.31044

	Median
	$14.99
	
	Median
	$41.29

	Mode
	$9.99
	
	Mode
	$41

	Standard Deviation
	12.1657
	
	Standard Deviation
	11.1456

	Sample Variance
	148.005
	
	Sample Variance
	124.225

	Kurtosis
	-0.2704
	
	Kurtosis
	6.12818

	Skewness
	0.53941
	
	Skewness
	0.8364

	Range
	$59.99
	
	Range
	$125.29

	Minimum
	$0.01
	
	Minimum
	$7.21

	Maximum
	$60
	
	Maximum
	$132.5

	Count
	1289
	
	Count
	1289

	Largest (1)
	60
	
	Largest (1)
	132.5

	Smallest (1)
	0.01
	
	Smallest (1)
	7.21

	Shipping
	 
	 
	Final Cost
	 

	Mean
	$7.03393
	
	Mean
	$49.2143

	Standard Error
	0.1453
	
	Standard Error
	0.27884

	Median
	6.5
	
	Median
	48

	Mode
	0
	
	Mode
	51

	Standard Deviation
	5.21668
	
	Standard Deviation
	10.0109

	Sample Variance
	27.2137
	
	Sample Variance
	100.218

	Kurtosis
	5.47983
	
	Kurtosis
	8.38295

	Skewness
	1.80219
	
	Skewness
	1.57881

	Range
	$35
	
	Range
	$114.96

	Minimum
	$0
	
	Minimum
	$21.49

	Maximum
	$35
	
	Maximum
	$136.45

	Count
	1289
	
	Count
	1289

	Largest (1)
	$35
	
	Largest (1)
	$136.45

	Smallest (1)
	$0
	
	Smallest (1)
	$21.49


	Table 6 - DESCRIPTIVE STATISTICS - STAR WARS TRILOGY - DVD (n=1289)
	

	Seller Rating
	 
	 
	Seller Percent
	 

	Mean
	1869.33
	
	Mean
	97.5866

	Standard Error
	169.278
	
	Standard Error
	0.31116

	Median
	141
	
	Median
	99.8

	Mode
	1
	
	Mode
	100

	Standard Deviation
	6077.52
	
	Standard Deviation
	11.1713

	Sample Variance
	3.7
	
	Sample Variance
	124.798

	Kurtosis
	90.3765
	
	Kurtosis
	65.4068

	Skewness
	8.38748
	
	Skewness
	-7.9121

	Range
	92012
	
	Range
	100

	Minimum
	-3
	
	Minimum
	0

	Maximum
	92009
	
	Maximum
	100

	Sum
	2409571
	
	Sum
	125789

	Count
	1289
	
	Count
	1289

	Largest (1)
	92009
	
	Largest (1)
	100

	Smallest (1)
	-3
	
	Smallest (1)
	0

	Total Bids
	 
	
	
	

	
	
	
	
	

	Mean
	11.6804
	
	
	

	Standard Error
	0.17045
	
	
	

	Median
	11
	
	
	

	Mode
	12
	
	
	

	Standard Deviation
	6.11943
	
	
	

	Sample Variance
	37.4474
	
	
	

	Kurtosis
	0.38838
	
	
	

	Skewness
	0.52798
	
	
	

	Range
	42
	
	
	

	Minimum
	1
	
	
	

	Maximum
	43
	
	
	

	Sum
	15056
	
	
	

	Count
	1289
	
	
	

	Largest (1)
	43
	
	
	

	Smallest (1)
	1
	
	
	


	Table 7 - DESCRIPTIVE STATISTICS - MICROSOFT OFFICE XP –PROFESSIONAL – PRICES (n=407)

	First Bid
	 
	 
	High Bid
	 

	Mean
	$21.78941
	
	Mean
	$103.5797

	Standard Error
	2.012672
	
	Standard Error
	2.983169

	Median
	1
	
	Median
	84.56

	Mode
	0.99
	
	Mode
	76

	Standard Deviation
	40.60414
	
	Standard Deviation
	60.18317

	Sample Variance
	1648.696
	
	Sample Variance
	3622.014

	Kurtosis
	6.199934
	
	Kurtosis
	1.477958

	Skewness
	2.485702
	
	Skewness
	1.166996

	Range
	$199.98
	
	Range
	$390.95

	Minimum
	$0.01
	
	Minimum
	$0.05

	Maximum
	$199.99
	
	Maximum
	$391

	Count
	407
	
	Count
	407

	Largest (1)
	$199.99
	
	Largest (1)
	$391

	Smallest (1)
	$0.01
	
	Smallest (1)
	$0.05

	Shipping
	 
	 
	Final Cost
	 

	Mean
	$7.312506
	
	Mean
	$110.8922

	Standard Error
	0.167754
	
	Standard Error
	2.973561

	Median
	8
	
	Median
	92

	Mode
	9
	
	Mode
	80

	Standard Deviation
	3.384306
	
	Standard Deviation
	59.98934

	Sample Variance
	11.45353
	
	Sample Variance
	3598.721

	Kurtosis
	1.462552
	
	Kurtosis
	1.555973

	Skewness
	-0.20475
	
	Skewness
	1.18288

	Range
	$20
	
	Range
	$390.01

	Minimum
	$0
	
	Minimum
	$10.99

	Maximum
	$20
	
	Maximum
	$401

	Count
	407
	
	Count
	407

	Largest (1)
	$20
	
	Largest (1)
	$401

	Smallest (1)
	$0
	
	Smallest (1)
	$10.99


	Table 8 - DESCRIPTIVE STATISTICS - MICROSOFT OFFICE XP –PROFESSIONAL (n=407)

	Seller Rating
	 
	 
	Seller Percent
	 

	Mean
	240.6314
	
	Mean
	98.15995

	Standard Error
	27.3187
	
	Standard Error
	0.50467

	Median
	43
	
	Median
	100

	Mode
	0
	
	Mode
	100

	Standard Deviation
	551.1339
	
	Standard Deviation
	10.18134

	Sample Variance
	303748.6
	
	Sample Variance
	103.6596

	Kurtosis
	31.56758
	
	Kurtosis
	83.51069

	Skewness
	4.768411
	
	Skewness
	-8.9557

	Range
	5670
	
	Range
	100

	Minimum
	0
	
	Minimum
	0

	Maximum
	5670
	
	Maximum
	100

	Sum
	97937
	
	Sum
	39951.1

	Count
	407
	
	Count
	407

	Largest (1)
	5670
	
	Largest (1)
	100

	Smallest (1)
	0
	
	Smallest (1)
	0

	Total Bids
	 
	
	
	

	Mean
	13.97297
	
	
	

	Standard Error
	0.416135
	
	
	

	Median
	14
	
	
	

	Mode
	1
	
	
	

	Standard Deviation
	8.395211
	
	
	

	Sample Variance
	70.47956
	
	
	

	Kurtosis
	1.193589
	
	
	

	Skewness
	0.695888
	
	
	

	Range
	51
	
	
	

	Minimum
	1
	
	
	

	Maximum
	52
	
	
	

	Sum
	5687
	
	
	

	Count
	407
	
	
	

	Largest (1)
	52
	
	
	

	Smallest (1)
	1
	
	
	


	Table 9 - DESCRIPTIVE STATISTICS - MADDEN 2004 XBOX – PRICES (n=102)

	First Bid
	 
	 
	High Bid
	 

	Mean
	$1.294706
	
	Mean
	$2.245294

	Standard Error
	0.19114
	
	Standard Error
	0.224551

	Median
	0.99
	
	Median
	1.705

	Mode
	0.99
	
	Mode
	0.99

	Standard Deviation
	1.930424
	
	Standard Deviation
	2.267853

	Sample Variance
	3.726536
	
	Sample Variance
	5.143156

	Kurtosis
	12.55014
	
	Kurtosis
	4.504502

	Skewness
	3.283442
	
	Skewness
	1.940557

	Range
	$11.94
	
	Range
	$11.94

	Minimum
	$0.01
	
	Minimum
	$0.01

	Maximum
	$11.95
	
	Maximum
	$11.95

	Count
	102
	
	Count
	102

	Largest (1)
	$11.95
	
	Largest (1)
	$11.95

	Smallest (1)
	$0.01
	
	Smallest (1)
	$0.01

	Shipping
	 
	 
	Final Cost
	 

	Mean
	$4.159118
	
	Mean
	$6.404412

	Standard Error
	0.202837
	
	Standard Error
	0.237276

	Median
	4
	
	Median
	5.96

	Mode
	4
	
	Mode
	4.25

	Standard Deviation
	2.048555
	
	Standard Deviation
	2.396371

	Sample Variance
	4.196578
	
	Sample Variance
	5.742595

	Kurtosis
	0.27187
	
	Kurtosis
	3.404727

	Skewness
	-0.20961
	
	Skewness
	1.42439

	Range
	$7.99
	
	Range
	$14.96

	Minimum
	$0
	
	Minimum
	$1.99

	Maximum
	$7.99
	
	Maximum
	$16.95

	Count
	102
	
	Count
	102

	Largest (1)
	$7.99
	
	Largest (1)
	$16.95

	Smallest (1)
	$0
	
	Smallest (1)
	$1.99


	Table 10 - DESCRIPTIVE STATISTICS - MADDEN 2004 XBOX (n=102)

	Seller Rating
	 
	 
	Seller Percent
	 

	Mean
	12601.76
	
	Mean
	98.98627

	Standard Error
	1974.795
	
	Standard Error
	0.145955

	Median
	760
	
	Median
	99.1

	Mode
	48670
	
	Mode
	100

	Standard Deviation
	19944.46
	
	Standard Deviation
	1.474069

	Sample Variance
	3.98E+08
	
	Sample Variance
	2.172879

	Kurtosis
	0.765338
	
	Kurtosis
	23.02827

	Skewness
	1.467741
	
	Skewness
	-4.16958

	Range
	82056
	
	Range
	10.5

	Minimum
	1
	
	Minimum
	89.5

	Maximum
	82057
	
	Maximum
	100

	Sum
	1285380
	
	Sum
	10096.6

	Count
	102
	
	Count
	102

	Largest (1)
	82057
	
	Largest (1)
	100

	Smallest (1)
	1
	
	Smallest (1)
	89.5

	
	
	
	
	

	Total Bids
	 
	
	
	

	Mean
	2.323529
	
	
	

	Standard Error
	0.192139
	
	
	

	Median
	2
	
	
	

	Mode
	1
	
	
	

	Standard Deviation
	1.94051
	
	
	

	Sample Variance
	3.765579
	
	
	

	Kurtosis
	12.94497
	
	
	

	Skewness
	2.872513
	
	
	

	Range
	13
	
	
	

	Minimum
	1
	
	
	

	Maximum
	14
	
	
	

	Sum
	237
	
	
	

	Count
	102
	
	
	

	Largest (1)
	14
	
	
	

	Smallest (1)
	1
	
	
	


The kurtosis is positive on most of the variables listed in the descriptive statistics. The kurtosis is a measure of the “peakedness” of the probability distribution of a real-value random variable. A higher kurtosis means more of the variance is due to infrequent extreme deviations, as opposed to frequent modestly sized deviations. A positive kurtosis has a higher probability than a normally distributed variable of values near the mean and near the extreme values. 

Data Explanation

The hypothesis proposed that there would be a relationship between the first bid on an item and its final cost. The linear relationship between these variables was tested with correlation coefficients performed on each of the four data sets. Table 2 displays the results.

Table 11: Correlations between the First Bid and Final Cost, For the Four Products

Product




N

r

Significance

	Madden 2004 x-box
	102
	.455
	<.001

	
	
	
	

	The Five People You Meet in Heaven
	362
	.338
	<.001

	
	
	
	

	Microsoft Office XP
	407
	.268
	<.001

	
	
	
	

	Star Wars Trilogy DVD
	1289
	.061
	.030


As Table 11 shows, the relationship between the first bid and final cost (final bid plus shipping charge) was positive and significant for all four products. Scatterplots for the four show the relationships between the two variables (Figures 1- 4). (It should be noted that in these scatterplots, the points are “jittered,” that is, randomly re-positioned around their original locations to avoid the dots “stacking up” on each other. For example, in the Madden X-box 2004 data, there were five cases in which the first bid was $.99 and the total cost was $5.99; these appear in Figure 1 as the comma-shaped grouping just below the regression line. Without the jitter effect, the five cases would appear to be a single data point.)
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Figure 1. Scatterplot of relationship between first bid and final cost, Madden 2004 x-box
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Figure 2. Scatterplot of relationship between first bid and final cost, The Five People You Meet in Heaven
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Figure 3. Scatterplot of relationship between first bid and final cost, Microsoft Office XP
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Figure 4. Scatterplot of relationship between first bid and final cost, Star Wars Trilogy DVD

The regression line in each figure is defined by the equation near the top of the figure. This shows that any given final cost can be predicted with more or less accuracy on the basis of the first bid. For example, in the Madden 2004 x-box data, if the first bid was $10, the best prediction of the final cost is $5.67 + (0.57 × $10), or $11.37. The accuracy of a prediction is represented by r (see Table 11); r2 (shown in each figure) represents the proportion of variance in final costs accounted for by knowledge of first bids. In the Madden 2004 x-box data, r= .455, r2= .207, indicating that over a fifth of the variance in the final cost data can be accounted for by the levels of the first bids. For the Star Wars Trilogy DVD data, however, r2= .004, so that less than one percent of the variance in final cost can be explained by first bids. These relationships are also visible in the scatterplots; in the Madden 2004 x-box data, there is a clear trend such that the higher the first bid, the higher the final cost; this is less obvious in the next two figures (where the relationship was somewhat weaker, though still highly significant), and obviously absent in the fourth figure.   

In Figure 3 the regression line falls well under the data points on the right. This regression occurs because all of the data points are taken into account in the calculation of the line. A way to think of this calculation is that the line must pass through the point represented by (mean of X) (mean of Y), which acts like a sort of pivot. Because there were so many low first bids, the pivot point is way to the left side of the line, so a small shift on the left (upwards) leads to a big (downwards) shift on the right.

Nonlinear Relationships

Although it appears that in each data set, the relationship between the variables is primarily linear, the data sets were also analyzed for quadratic (U-shaped curve) and cubic (S-shaped curve) relationships. The results do not differ significantly from the results using the linear regression line. An example of these relationships is shown for the Microsoft Office XP data in Figure 5. Similar figures for the other three data sets can be found in Appendix A, Figures B1 thru B3.
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Figure 5. Curve fitting to the Microsoft Office XP data  


In Figure 5, the highly variable dotted line shows the analysis’ attempt to depict the observed data with a line connecting all the data points. The linear regression line is the heavy straight line, as in Figure 3. In addition, quadratic (thin continuous line) and cubic (broken line) functions have also been fitted to the data. In this example, the cubic and quadratic functions are visible as flat U- and S-shaped curves, respectively. 


The fact that it is possible to fit these other regression lines to the data does not necessarily mean that the additional functions accounted for significantly more variance than the simple linear function. Table 12 presents a summary of results comparing the linear, linear plus quadratic, and linear plus quadratic and cubic analyses.

Table 12: Summary of Variances in Final Cost that can be accounted for by Different Curve-fitting Analyses. 

Data Set



Linear

Linear plus Quadratic

Linear, Quadratic, Cubic

	
	r2
	r2
	r2

	Madden 2004 x-box
	.21
	.26†
	.26

	The Five People You Meet in Heaven
	.11
	.15†
	.21†

	Microsoft Office XP
	.07
	.09†
	.11†

	Star Wars Trilogy DVD
	.00
	.02†
	.02


 † Indicates that the analysis accounted for significantly 

 more variance than the simpler preceding one.

In the Madden 2004 x-box and Star Wars Trilogy DVD data, the relationship between the final cost and first bid is best explained by the quadratic function alone; in The Five People You Meet in Haven and Microsoft Office XP data, all three functions contribute significantly in accounting for the variance. In general, then, the first bid is a fair linear predictor of the final cost, in that it accounts for a large part of whatever variance can reasonably be accounted for. It is possible a true U-shaped relationship could have a completely zero r (linear relationship) and an enormously significant quadratic function. However, for all four data sets, the final cost can be better predicted by adding a quadratic component. In other words, the first bid has a relatively small relationship to the final cost at the low end of the scale, but as first bids get higher, the bids have a progressively stronger effect (see the quadratic curve in Figure 4). Even this interpretation can be qualified in The Five People You Meet In Heaven and Microsoft Office XP data. With significantly more variance accounted for when the cubic function is added to the analysis, the “progressively stronger effect” noted above itself flattens out at the very highest levels of first bid. 

Analyses With Single-bid Cases Dropped

All of the preceding analyses were performed on full data sets (N=2160). It was observed that in the first two sets (Madden 2004 x-box (n=102) and The Five People You Meet in Heaven (n=362), a large proportion of the cases consisted of single-bid sales. In other words, in those cases, the first bid equaled the final bid. The outcome measure in these analyses was final cost, which was simply the final bid plus shipping fee. In each of these two data sets, final bid and final cost correlated at r= .71, r2= .50, meaning that half of the total variance in final cost was due to final bid, with the remaining half due to the shipping fee. Thus, in cases in which the final bid equals the first bid (i.e., one-bid sales), the correlation between the predictor (first bid) and the outcome measure (final cost) is inevitably r= .71. In a sense this can be regarded as an artifact that artificially inflates the correlations presented in Table 3. To explore this, the data sets were re-analyzed with the single-bid sales excluded. Results are presented in Table 13, along with the original data for comparison. 

Table 13: Correlations between the First Bid and Final Cost, For the Four Products, Comparing Full Data sets to Sets with Single-bid Sales Excluded
Data Set








N

% incl. 

 r

Significance
	Madden 2004 x-box
	
	
	
	
	

	
	All cases
	102
	
	.455
	<.001

	
	Multi-bid Sales only
	53
	52%
	-.034
	.810

	The Five People You Meet in Heaven
	
	
	
	
	

	
	All cases
	362
	
	.338
	<.001

	
	Multi-bid Sales only
	282
	78%
	.277
	<.001

	Microsoft Office XP
	
	
	
	
	

	
	All cases
	407
	
	.268
	<.001

	
	Multi-bid Sales only
	379
	93%
	.274
	<.001

	Star Wars Trilogy DVD
	All cases
	1289
	
	.061
	.030

	
	Multi-bid Sales only
	1251
	97%
	.071
	.012

	
	
	
	
	
	


Note: % incl. indicates the proportion of the full data set, which consisted of multi-bid sales.
As Table 13 indicates, with only a trivial proportion of single-bid sales, the Microsoft Office XP and Star Wars Trilogy DVD data sets were essentially the same whether those cases were dropped or not. For The Five People You Meet in Heaven data, the multi-bid sales only analysis was not too different from the full-set analysis, despite being based on only 78% of the data. For the Madden 2004 x-box data, however, the highly significant relationship found in the full set was completely eliminated by the restriction. In other words, in the latter data, the original relationship was due entirely to the correlation between the first bid and final cost in the single-bid cases.

Earlier, it was observed that this effect could be regarded as an artifact “in a sense.”  Yet in the larger question of whether the first bid has an effect on the final cost, an argument can be made that these first bids are just as important to observe as others. A full understanding of whether the starting bid has an effect on the final auction price must take into account all these factors.

Buy It Now Discussion

The Buy It Now feature on eBay allows a buyer to purchase an item immediately at a set price. The Buy It Now feature creates a situation on eBay that was more like a retail store than an auction. The Buy It Now feature does not allow for any type of bidding, and the listing ends only when the buyer agrees to the seller’s asking price. It was the same type of transaction that occurs in a retail store when the buyer purchases an item at the store for the asking price that the store has posted on it. 
Since the staring bid equals the final bid in a Buy It Now listing, the Buy It Now listings have a correlation equal to one. And because the Buy It Now listings were more like a retail store sale than an auction sale, applying current auction theory to the Buy It Now listings on eBay are not appropriate at this time. 

Summary
This chapter described how the data was collected, a description of the data and discussed in detail how to interpret the data. The chapter started with a high level look at the data, explained the mechanics of collecting the data, and was followed by an explanation of how the final data set was reached. Finally, the data interpretation and statistics were addressed.


Behavior on eBay would seem to indicate the majority of sellers feel that starting a bid low ultimately yields a higher final price. This is assuming sellers are trying to maximize their sale price. The results of this study would seem to contradict this reasoning as the study showed a positive correlation between starting price and final price.

CHAPTER 5-DISCUSSION AND RECOMMENDATIONS   

Restatement of the Problem

The reasoning that explains consumer behavior to exercise reserve prices or minimum prices, and how these choices relate to the final price of an online auction is unknown. Choices related to the lack of clarity of the final price on online auctions have led to an uncertainty with respect to how pricing of auction items should be handled by auction sellers. A study of these uncertainties can contribute to greater clarity of seller behavior and contribute to a more efficient and effective online auction marketplace. 

The purpose of this study was to determine if there was an association between reserve prices or minimum prices and the final price of an online auction. Most previous studies had only focused on simply whether the auction received a bid or did not receive a bid. These previous studies basically looked at the question of did an item sell, or did it go unsold. This study looked at only completed auctions to determine if there was an association between starting price of an auction and final price of an auction. This research added the existing body of literature by examining in more detail the association of the variables and the final auction price.

Methodology Revisited

This study was purely quantitative, and the data set was collected using historical data from eBay. EBay stores data on previous auctions and allowed research of past auctions using a third party tool called AuctionIntelligence by Certes Consulting. The auction data is stored by eBay for 30 days after the end of the auction, and AuctionIntelligence was able to research these archived eBay auctions in order to accumulate data. This study used this historical data from completed eBay auctions as a basis for the research. The auction data was collected from 4/27/2005 to 6/14/2005. The main variable was the presence of minimum bids. The measurement was on the final auction price. An endeavor was made to hold all possible variables constant.

Relevance of Literature Reviewed

The types of literature reviewed dealt mainly with auction house theory. William Vickery (1961) studied original auction theory in the late 1960’s. David Lucky-Riley and Bajari (2000) have done modern online auction theory. Both men looked at various aspects of online auctions to observe if the auctions held up to the original theory that William Vickery discussed in his studies. Much of the work by David Lucky-Riley and Bajari focused on the presence of bids in online auctions. This current study covered in this paper added to the body of work by the authors by looking at the relationship between starting prices and final prices in only auctions that received bids.

Significance of this Study

Identifying an association between starting price of an auction and final price of an auction provides a great deal of useful information to eBay buyers and sellers who wish to maximize (seller) and minimize (buyer) the amount the participants purchase products for on eBay. First of all, the data from this study showed that for a seller, starting an auction with a very low price is not going to necessarily result in a higher final price. And for the buyer, it is not always necessary to look for the lowest starting cost with the thinking that a lower starting cost will mean a lower final cost.

The study revealed a positive correlation between starting price and final price. It can be inferred from this finding that there is some price point that will eventually make this conclusion incorrect. It is not realistic to assume a seller can continue to start their online auctions at progressively higher and higher prices, and continue to sell their items at progressively higher and higher prices. Further research would need to be undertaken to find this price point.

The Study’s’ Findings

There was a definite relationship in the data collected for this study. A positive correlation was found that was statistically significant between the association of the starting price and the final price in completed auctions on eBay. This correlation meant the data showed a higher starting price often meant a higher final price. This data must be looked at in terms of context because it is certainly not possible to continue to raise the starting price indefinitely and expect the item to be sold. 

A major implication of this study is that a widely held idea among eBay sellers is not supported. It is widely assumed by eBay sellers that starting an auction with a low price will attract more views, more bids, and consequently, higher final prices. This assumption is not supported by the results of the study. The study finds that there is a positive correlation between starting price and final price of an online auction. And perhaps just as important, there is no support of a negative correlation between the starting price and final price of an online auction as is widely thought by eBay sellers. 

The study presented the problem of having uncertainty with respect to how pricing of auction items should be handled by auction sellers. In regards to this problem, the study presents some results that will be useful for sellers. The correlation between starting price and ending price is positive for three of the four items used in this study. With this knowledge, sellers may be more confident that starting the auction listing at a higher price will still yield an equal, or a better, final price than a low starting price. The benefit to the seller in starting an auction at a higher price is the comfort of knowing the item will definitely not sell at the very low starting price. Many sellers are concerned that if an auction is started at .99, the seller could actually be required to sell the item for only .99.

The study’s findings should be looked at within the complete framework of previous auction research. Historical researchers like Vickery (1961) presented a detailed analysis on the operating of English auctions. Within the last 5 years, researchers like Lucking-Reiley and Bajari (2000) extended Vickery’s work to incorporate online auctions. And one of the most recent studies by Ariely and Simonson (2003) supported the results of this study by also finding a positive correlation between starting auction prices and final auction prices in online auctions for event tickets.
Recommendations for Improvements and Further Research

This present study was not intended to answer all the questions about an association between starting auction price and final auction price. The number of potential variables that could affect this association are numerous, and this study could be improved by finding better methods of holding many of the variables constant. For example, the data sample was collected over a short time frame to keep seasonal sales fluxuations at a minimum. A note should be made that the average prices for these products will all drop over time as newer versions of the products in the study become available.


Another variable that could be improved by being more constant is the picture in the auction listing. All the auction listings are completed by different sellers and some of the pictures are excellent, while others are poorly displayed. The auction listings with poor pictures might generate few bids and a smaller final price. Ideally, having the same picture for all auctions would have made the picture variable constant.


A similar argument can be made for the title and description variables. Different sellers used hundreds of different ways to describe their listings. For example, on the Microsoft Office XP listings, some sellers simply listed the name of the product. While other sellers listed the product name, all necessary requirements for running the software, and many of the features of the software. These type listings would be much longer than just using the item title, and has the potential to effect the final outcome of the auction. The best scenario would be to study an item with identical descriptions and titles.

The data set for this study was collected using historical data from eBay with no participation from human subjects. Human participation would have been possible in conducting the research. This participation might have allowed better control over some of the variables being assumed constant. For example, with human subjects, the actual auctions studied might have all had identical pictures and descriptions. The human subjects could then have bid on the auctions with the resulting data to be collected and analyzed. 

This approach with human subjects introduces two formidable obstacles. If the only product viewed were the Microsoft Office XP product, a problem would be created. First, to get a realistic final auction price, the human participants would all need to be individuals who wanted to buy the Microsoft Office XP product. Finding a large enough participant base might have been very difficult. Second, if this study flooded the online auction market with a large number of additional auctions of Microsoft Office XP, there was a possibility of artificially suppressing the final auction price because of the increased supply. The same obstacles were present for Madden 2004 for Xbox, The 5 People You Meet in Heaven by Mitch Albom, and the Star Wars Trilogy DVD. For the previous reasons, human participants were not included, but may provide an interesting direction for additional research.

 
 This study could be extended on a much larger dataset and over a longer period of time for further research. EBay allows certain authorized companies to directly tap into the eBay database of historical auctions. A company could receive permission from eBay to utilize their database and write a computer program to research exactly the items needed. This program would allow for a much bigger data set. This would give the study much tighter control of the variables. This extension would help to determine if the results of this study are consistent within bigger sets of data. 

  Another area for further research would be to conduct the same study with products from more diverse categories. The four items chosen in this study could all easily be classified under the category of media. This category was done in an effort to keep the condition of the item constant in the variables.  Many other products on eBay can fit this description including coins, new toys, and other collectables.

A very interesting modification on the study used in this paper would be to collect data for just the BIN (Buy It Now) sales to learn if the final sales price in the BIN is closely related to the final sales price in the auctions. Similarly, it would be interesting to know if the presence of a BIN listing affects the buyer's decision on the amount to bid on an auction for the same item. This BIN listing could have significant impact on both the number of completed auctions and final price of an auction. For example, suppose an item on eBay is selling on average for $50 on a regular basis. Then a seller begins to flood the market with a very similar item, selling it at $35 using a Buy It Now listing. The sellers that were marketing the product for $50 might be expected to lower the sales price to the $35 Buy It Now item.


Most of the suggestions so far for future research been based on a typical online auction format like the auction employed by eBay. Some changes are beginning to be established that are based on new customer demands. For example, eBay recently released a new feature called “Want It Now”. It is a feature whereas buyers who cannot locate on eBay an exact wanted product, the buyer can post a listing for that product. 

A seller can read the Want It Now listings and possibly list more of products if the sellers see it is in demand. Would this affect the final prices of the product if the supply available on eBay increased were a good question to explore.


Technology has a potential impact on eBay auctions. As technology increases, the Internet becomes easier and easier to obtain information on a more consistent and more timely manner. As the flow of information increases, bidders have the opportunity to watch, and bid, on online auctions on a more frequent basis. Technology has also affected the online auction industry is the use of third-party automated bidding software. There are companies who make software for bidders to use that allow the bidder to program in a pre-set bid price for an auction. The software then automatically waits till the final seconds of the auction to submit the buyer’s bid. The goal of the software to submit a winning bid at the last possible moment effectively allowing no time left for other bidders to place another bid.
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APPENDIX A - SCATTERPLOTS

Figure A1. Curve Fitting: Madden 2004 xbox
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Figure A2. Curve Fitting: The Five People You Meet in Heaven
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Figure A3. Curve Fitting: Star Wars Trilogy DVD


