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Abstract

The current study draws on traditional auction theory research and examines the seller’s strategies, bidders’ strategies, and market dynamics on auctions price premium in hard-closing and second-priced auction environment (e.g. eBay). The interaction between online bidders and sellers in an online auction marketplace is shaped by several economic conditions. Value maximization for the auction participants is however facilitated and/or constrained by market regulation and market forces. Further, online auction designs open up room for the buyers and the sellers to formulate different strategies to maximize their financial gains. Taking all these factors into consideration, this study proposes a more comprehensive model that explains how online auction price premium is shaped. More importantly, we investigate the changing roles of these factors on seller’s price premium in various product groups. Based on data collected from eBay, we separated our sample into two product categories including higher-priced and lower-priced products. We found that many factors, such as sellers’ feedback score, are influential in shaping seller’s price premium only for one product group but not necessarily for the other.   Implications for research and practices are later offered at the end of the study.  
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INTRODUCTION 

Internet based electronic markets have opened opportunities for buyers and sellers to transact businesses regardless of time and space limitations. Online marketplaces offer a board spectrum of transaction options to their participants. The transaction processes can be based on fixed price mechanism used by majority of e-tailers or dynamic-pricing mechanism used by online auctions (Bapna et al., 2003). Among several auction formats, second-priced auction is a popular design used by a majority of online auctions – each with its own customized configurations. Online auctions, to a large extent, are based on traditional auction designs. It is however worth noting that the online environment removes many constraints posed by traditional auction format and opens room for buyers and sellers to pursue strategies to maximize their gains. For example, many online auction markets offer concurrent listings of similar items which provide broader information access to their participants. Options of hard Vs soft closing time, buy-it-now price, and feedback mechanism are other aspects that differentiate online auction from a traditional one. The prime objective of this study is to draw on traditional auction theory research and current research on online auction to examine the formation and distribution of price premium in online auction markets. 
In the online auction environment, bidders and sellers can formulate their strategies through several auction tools and regulations. Bapna et al. (2004) found that online bidders who follow the participator strategy were able to maximize their surplus. Pavlou and Dimoka (2006) found that buyer’s comments on the seller in conjunction with the seller’s feedback rating positively impacts seller’s price premium. These studies are few of many that offered interesting insights on strategies pursued by the bidders and the sellers that influence price premium. It is important to note that financial gains/savings to sellers and buyers are generally represented by different terms in online auction research. While price premium is generally referred as to financial gains to the sellers (i.e. Ba and Pavlou 2002), surpluses are generally used to represent financial savings incurring to the buyers (i.e. Bapna et al. 2004). 

Review of prior research however showed that the majority of prior studies examined buyer strategies and seller strategies separately (e.g. Ockenfels and Roth 2006; Bapna, Goes, Gupta, and Jin 2004; Lucking-Reiley; Bryan; Prasad, and Reeves 2007; Matthews 2004). We also found limited research that studied the role of market dynamics on online auction price premiums (e.g. Anwar et al. 2006; Bapna et al. 2009). The current study also investigated the differences in the impacts of these factors on different product groups (lower-priced Vs higher-priced), an approach that has rarely been taken by prior auction research. By examining the interconnected role of product types, buyer strategies, seller strategies, and market dynamics on price premium, we offer two unique contributions. First, we offer a more comprehensive model that captures factors under the control of sellers and bidders and also factors related to the unique characteristics of auction-based online marketplace. Second, the assessment of the model portraits their changing roles and relative importance based on different product groups. We believe that interesting insights on successful participant strategies and the role of auction design can emerge from this analysis.  
LITERATURE REVIEW
Price premium is defined as a price received by sellers which is above the average price for which the same products are sold (Ba and Pavlou, 2002). Price premium offers a comparative perspective on product pricing and can be derived in several ways. Considering that characteristics of the channels may be different, a better approach is to derive price premium within a channel rather than across channels (Ba and Pavlou, 2002). Within a channel, sellers and buyers take different positions in order to maximize their gains. Sellers strategize to increase price premium because it yields better profits. On the contrary, buyer’s surplus is tied to buyers’ effort to reduce price premium as much as possible because it enables them to receive financial saving in the marketplace. Market dynamics/supplies can favor either sellers or buyers. Thus, depending on which market forces are stronger, the sellers’ price premium may be reduced or enhanced. Overall, seller strategies, buyer strategies, and market forces are the key constituents that influence price premium (Herschlag and Zwick, 2000).
Our review of e-auction literature provides interesting insights (see Table 1). We found that prior studies have mainly focused on two domains in researching online auctions. The first domain entails the topic of seller’s characteristics/reputation (i.e. feedback scores) and their strategies (Standifird, 2001; Roth and Ockenfels, 2002; Ba and Pavlou, 2004, Pavlou and Dimoka, 2006). This research domain has received tremendous attention from auction researchers largely because the online environment enables its participants to engage in a transaction with limited or no prior communications with sellers. The role of feedback mechanisms and their impact on price premium has therefore become the main focus of prior studies (i.e. Resnick, et al., 2000). 
From seller’s strategy perspective, two other factors provide the opportunity for them to strategize. Auction sellers have the option to set the duration for which the auction will remain open. If an auction remains open for a longer duration, it is arguably to receive more exposure (Standifird, 2001). Opening bids is another factor under the sellers’ control. If sellers start their auctions with a relatively low beginning price, the auction can attract more interest from its potential buyers (i.e. Reynolds et al. 2009). It is however unclear if such an approach put an upward ceiling on the price, introducing more risks to the sellers. In summation, sellers’ reputation as reflected by the buyer’s feedback, auction duration, and opening bids are factors related to the sellers that can influence price premium. 
The second e-auction research domain is the studying of bidder profiles and strategies (Wilcox, 2000, Bapna et al., 2004; Deltas et al. 2005, Standifird et al, 2005). Researchers have used various characteristics such as time of entry into the auction, time of exit from the auction, bid timing, and number of bids to capture bidder’s profiles and examine their efficacy in terms of surpluses (Ward and Clark, 2002; Bapna et al., 2004; Standifird et al, 2005). Bapna and his colleagues (2004) performed cluster analyses on two different data sets. Their results revealed four common bidder classes across the two samples, including evaluators, sip-and-dippers, participators, and opportunists. There are two unique bidder classes found in their data, including middle evaluators and agent bidder. They were discovered in the first and second data set, respectively. 

Of these bidding classes, opportunists arguably place a single bid very close to the end of the auction to improve their chances of winning. Evaluators are similar to opportunist in that they make a single bid. They however place their bids at the beginning or in the middle of the auction. Sip and dippers generally follow a two-bid strategy. Participators are engaged in the auction and normally put in multiple bids. In general, prior findings showed that participators have a relatively lower chance of winning but are generally able to save money by reducing seller’s price premium if they win the auction (Bapna et al. 2004). 
We argue that it is also important to evaluate the distribution of these online bids according to their bidder types. For example, if ten bids are placed on an auction. These bids can be placed by bidders categorized as those of opportunists. On the contrary, the ten bids can be made by different combinations of bidder types. Our literature review disclosed mixed finding from prior studies. While Palvou and Dimoka (2006) found significant relationship between number of bids and price premium, Standifird (2001) found otherwise. These studies however treated number of bids only as control variable and discussion of their role on price premium was rather limited. We believe that this variable deserves more scrutiny and segregating them according to their bidders’ strategies will offer a more refined approach in evaluating the impact of the number of bids on price premium. Further, some auctions, such as those with hard closing format, encourage late bidding behavior which is likely to influence price premium (i.e. Ockenfels and Roth 2006). It is however important to note that prior studies did not distinguish between bidders and bids in examining late bidding behavior. This distinction is important because the influence on price premium may vary if the bids are made by different combinations of bidder classes.
Despite the growth in the two e-auction research domains discussed above, relatively fewer studies have examined market factors in evaluating price premium. Most prior studies treated each auction as separate entity from one another. Online auction marketplace offers the capability of running concurrent auctions of identical products. It also enables buyers to monitor and track multiple auctions at the same time. Thus, the number of competing auctions that are concurrently running is an important aspect that has not received sufficient attention in prior research (Anwar et al. 2006; Bapna et al. 2009). If a large number of auctions are running for the same product, it will provide market information to the buyers on prices and offer the buyers more options. A critical aspect in examining this issue is the time frame in which the buyers will explore their options - for example number of identical items available one hour before and after the auction closes. Due to the limited prior research in this area, we argue that it is important to explore time frames that are influential to bidder’s auction comparison processes. 
While the two research domains above have become mainstream of recent online auction research, little attention has been given into the role of product types. Ockenfels and Roth (2006) observed that some product characteristics may impact a bidder’s behaviors. We argue that the role of product type should be investigated more clearly in an attempt to advance our knowledge in this area. Many prior online auction studies focused only on one product which can limit the applicability of their result. Among the few studies, those conducted by Ba and Pavlou (2002) and Reynolds et al. (2009) offer us with interesting insights in how product types can influence the impact of sellers’ strategies, buyers’ strategies, and market dynamics on price premium.
Review of literature above brings forward at least three critical issues. Firstly, it identified that factors related to market dynamics have not received much attention in prior research and deserve more scrutiny. Secondly, it highlights that no prior study has examined how seller strategies, buyer strategies, and market related factors triangulate in online auction environment. Factors within each category (buyer, seller, and market) need to be outlined and investigated in a more systematic fashion. Thirdly, it manifested the over-generalization problem where a set of guidelines was derived from only one single product or when the data analysis was performed without taking product characteristics into consideration. By addressing these three critical issues, a new research model can provide a more comprehensive picture of how factors from sellers, bidders, and markets interact. It can also help us in understanding the relative importance of each factor to price premium. 
CONCEPTUAL DEVELOPMENT
Figure 1 elicits our research model. It manifests how seller strategies, buyer strategies, market dynamics, and product types play an interconnected role in determining the distribution of price premium in online auction marketplace. Economic theory provides support for this thesis. Sellers can differentiate themselves through reputation building, especially in a context in which transactions risks are high (Resnick, et al. 2000). They can also manipulate the auction duration and opening bids in an attempt to achieve desirable outcomes (Reynolds et al. 2009). Bidders, through their auction engagements, can increase their chances of getting better prices and thus increasing their surpluses (Bapna et al. 2004). They can however focus more on winning the auction regardless of what price they will have to pay. Thus, different bidding strategies driven by different motivations can lead to different outcomes. Market dynamics, through increased accessibility of market information and its concurrent listings, can benefit the buyers but also help sellers by providing a larger base of customers. All these forces can however have different impact on auction final prices contingent upon the product to be investigated (Ockenfels and Roth 2006; Ba and Palvou 2002). Overall, the research model proposes that factors related to bidders, sellers, market, and product types will influence price premium either directly or indirectly after controlling for shipping costs and payment method (PayPal). 
Figure 1: Research Model












HYPOTHESES BUILDINGS:

Sellers’ Characteristics and Strategies
Online auctions such as eBay present an environment where participating bidders face numerous forms of risks (Saeed and Leitch, 2003; Van Slyke et al. 2006). Lack of name recognition, reputation, and limited past transaction history are some sources of risks. To address this issue, many electronic markets operate feedback mechanisms to inform bidders about the transaction experiences that buyers have had with the sellers. Feedback mechanisms are institutional structures that enable buyers to provide independent assessment of their transaction experience with their sellers (Pavlou and Dimoka, 2006). Sellers are therefore motivated to gain good assessments because it is tied to their profits and long term viability in the marketplace. Further, good evaluations from their transaction partners can serve as word-of-mouth promotion and act as an incentive for the sellers to establish their reputation in the marketplace. 
Reputation captures an entity’s credibility or lack thereof as established by external entities. Sellers with good reputation can be viewed as those who honor their terms of the contract and not act opportunistically. The online environment characterized by a temporal gap in payment and delivery, lack of or little past interaction history, and physical interaction paucity, augments the transaction risks. Buyers can therefore rely on feedback mechanisms offered through the online market. Based on game theory analysis, lack of or little past transaction indicates the incentive to cheat among self-interesting and profit-maximizing entities (Ba and Pavlou, 2002). When sellers’ behaviors are linked to their reputation through feedback scores, it is more likely that they will comply with the market regulations and their term of contract. 
Online auction generally solicit feedbacks from transactions partners. Sellers who provide high quality service and consistently honor their terms of the contract can gain favorable feedbacks from their transaction partners (Phang et al. 2009). Building credibility requires a long term commitment and it results from persistent adherence to appropriate behaviors and actions. Established reputations can however yield continuing payoffs. Sellers with more positive reputation can command higher prices (i.e. Ba and Palvou 2002; Lucking-Reiley et al. 2007). Buyers, especially those who are risk averse, are generally willing to pay a premium to the sellers who have established credibility in the marketplace. In other words, buyers reward the sellers who offer a lower transaction risk (Roe and Monroe, 1996). Further, favorable feedbacks provide a signal to buyers about the quality of service offered by the sellers, increasing buyers’ willingness to place higher bids or pay higher prices (Ba and Palvou 2002; Lucking-Reiley et al. 2007). Thus, we argue that sellers with favorable feedbacks can gain higher price premium:

H1: Seller’s positive feedback is positively associated with price premium.
On the contrary, sellers who fail to comply with transaction agreements can be tagged with unfavorable feedbacks and later develop a bad reputation, detrimentally impacting their ability to earn desired prices. To compensate for the higher transaction risk, these sellers may have to attract buyers through price discount or face with buyer’s lower willingness to pay (Ba and Palvou 2002; Lucking-Reiley et al. 2007). In an auction, this will result in a lack of interest from potential buyers and lower bids to rationalize the negative feedback. Buyers will expect compensation for the increased transaction risk through lower product prices. Thus, negative feedback will result in a loss of price premium. 
H2: Seller’s negative feedback is negatively associated with price premium.
Experience in managing sales through online auctions can help the sellers in better forming their strategies according to market regulations and policies. For example, decisions on opening bids, auction duration, reserve price, and presentation of the product material are critical to their successes (i.e. Reynolds et al. 2009; Anderson et al. 2008). Seller can experiment with myriad of choices offered by the online auctioneers. Learning through involvement in prior auctions and better understanding of market rules, policies, and features can influence seller’s choices. In general, sellers can devise many strategies through at least two auction design elements, including auction duration and opening bids. eBay, for instance, offers numerous options to its sellers for setting up the auction duration ranging from a one-day auction to a ten-day auction. Sellers can also customize their closing time by paying additional listing fee to the auctioneer. It was argued that auctions with longer open time period have higher exposure and may generate more interest and participation from the buyers (Standifird, 2001). Thus, auctions with longer duration can receive more and higher bids, resulting in an increase in price premium.

H3: Auction durations are positively associated with price premium.
The second factor under the sellers’ control is the opening bids. Our literature review indicated contradicting evidence in the relationship between sellers’ opening bids and auction final prices. Some studies found a negative relationship between opening bids and prices (i.e. Lucking-Reiley et al. 2007). A group of researchers posited that lower opening bids can draw a larger group of bidders (Bajari and Hortacsu 2003 and Lucking-Reiley 2000 – auction review). Reynolds and her colleagues (2009) provided empirical evidence of negative relationship between an auctions’ opening bid and number of bids. This finding manifested the mediating role of number of bids in the relationship between opening bids and winning prices. In the same study, They found that opening bids additionally have a significant direct relationship with auction winning price but in a positive direction (Reynolds et al. 2009). In other words, setting higher opening bids provides sellers with some reassurance that a certain price level will be received (Reynolds et al. 2009). On the contrary, low beginning price may generate more interest from the buyers but it does not provide a guarantee that the desired price will eventually be attained. Sellers who are more risk averse can however set their opening bid higher to have a certain guarantee of auction final prices (Hidvégi et al. 2002 --- more citation--). Thus, it can be argued that sellers who set up a high opening bid can generate higher price premium (Reynolds et al. 2009) and we propose:
H4: Opening bids are positively associated with price premium.
Buyer Strategies
Prior works on bidding strategies argues that heterogeneity exists across bidders behaviors. Bapna et al. (2004) show that bidding strategies can be categorized into different groups based on three factors, including number of bids, time of entry, and time of exit. They propose that bidders’ strategies are shaped by two key objectives – to win the auction and/or to maximize their surpluses. Bidders may want to enhance their likelihood of winning, aspire to stay within a budget with a goal of maximizing their surplus, or both. Strategies followed by a group of bidders may put them in a position to minimize the price premium that accrues to the sellers in the process maximizing their surpluses. Other strategies may enable bidders to improve their chances of winning the auction but at the expense of increased price premium. Thus, bidding strategies will have a different impact on price premium. 
Subsequent assessment needs to assess the influence of specific bidding strategies on price premium. In this context, prior research offer four common bidder profiles as highlighted in the literature review (Bapna et al. 2004). The bidder profiles can be further segmented depending on the bidder’s time of entry and exit from the auctions. For instance, evaluators were classified into two subgroups – early evaluator and middle evaluators. This timing factor was identified as an influential factor to bidder’s winning likelihood (Bapna et al. 2004).  Prior research shows that bidder groups that consistently engage in the auction are better able to increase their surpluses. Specifically, Bapna et al. (2004) found that participators had higher surplus as compared to other bidder groups. 
On the contrary, some bidders place their bids earlier based on their true valuations of the products. Their bids therefore inform the market about their willingness to pay (Bapna et al., 2004). Evaluators and sip-and-dippers fall within this category. Opportunists also enter fewer bids but they are more likely to place their bids late with an attempt to avoid bidding war. It was reported that evaluators, sip-and-dippers, and opportunists significantly have higher loss of surpluses than participators (Bapna et al. 2004). 
Despite this finding, Bapna et al. (2009) investigated this concept of bidder strategies and its role on price premium. Their result showed that the larger percentage of participators found in the auction, the higher price premium will be received by the sellers. It is however unclear whether other bidder strategies will have similar or different effect on price premium. Since their earlier work showed that different type of bidders gained different surpluses, we argue that not all bids are created equal. Some bids can generate higher price premium than others, contingent upon their type of bidders. Thus, we propose.
H5: Different bid types affect price premium differently. 
H6: Different winner types affect price premium differently. 

While most prior studies employed number of bids or number of bidders as predictive variables of price premium, we argue that the bids found in the last minutes of an auction matter. H5 and H6 capture the asymmetric natures of the bids placed by different bidder classes and their impact to price premium. It is important to note that these two hypotheses were built upon the concept of bidder heterogeneities in online auction markets (Bapna et al. 2004). This bidder heterogeneity concept was further extended by including the timing of bids into bidder profiles. Timing of bids is arguably an essential factor in determining bidder’s winning likelihood and price premium (Bapna et al. 2004). For instance, they found that middle evaluators have significantly higher winning likelihood than early evaluators. Despite their effort to examine the role of timing of bids on price premium, their study did not reveal a bidding strategy – sniping – that has widely been adopted by online bidders. The bid sniping strategy – a strategy where bidders placed their bids very few minutes prior to the end of auctions –  has recently received tremendous attention from online auction research. Such a bidding approach is facilitated by new technology such as third-party bidding agent. Roth and Ockenfels (2002) provided evidence of the growing popularity of this bidding strategy. They found that approximately 20% of the bids were received in the last five minutes before the end of the auction at eBay. The effect of these bids on price premium has however not been examined in prior research. Since such a strategy can create bid collision which results in economic inefficiency (Bapna 2003), we propose.  

H7: The larger proportion of bids placed close to the end time of the auction, the smaller price premium gained by the auction sellers.
Market Dynamics
The third force to help shape price premium is the market dynamics. We argue that market dynamics can benefit either the buyers or the sellers. In general, auction market generally encourages competition among the buyers – which can lead to bidding war. The competition intensity can however be influenced by supply of identical items available at the time bidders perform their search activity. Online auction market offers a unique feature that cannot be found in most traditional auctions. It runs concurrent auctions of the same or similar items. These concurrent auctions open an opportunity for bidders to have higher visibility into prices and available options. Further, minimal search efforts can be taken to gain more market information. A buyers armed with more market information can make better decisions regarding which auctions to pursue and what should be the maximum willingness to pay for the product. 
Kayhan and his colleagues (2009) examined the cross-listing auctions on eBay. They defined cross listing auctions as “simultaneous auctions listed by the same seller offering identical products and having similar ending times”. Using auction of six most popular iPod models, they found that 28.3% of eBay power sellers cross-listed their auctions. They further found that sellers who adopted cross-listing strategy are more experienced than those who adopted sequential listings. Despite being more experienced, sellers with cross-listing auctions, on average, gain lower prices than those who listed their auction sequentially. Such finding indicated the role of competing items in the online auction markets. 
Many online auction marketplaces also offer a knowledge repository function where users/bidders can search for past/ended auctions (Bakos 1998). Such a function allows bidders to be equipped with more information and use the information as their external price reference to devise their bidding strategies. Knowing about past and concurrent auctions, online bidders can evaluate the risk of not winning if they choose to maximize their surpluses. The more competing items, the more risk an online bidder can take through a low-ball bid strategy.
Competing items in the auction market informs online bidders that they will have a second chance to compete against other bidders if they do not win an auction. Further, in the online auction setting, online bidders can navigate the auction sites to find more information and later devise a strategy that is best fit to their goals. They can additionally enter different auctions into their watch-list for future references. Anwar et al. (2006) examined cross-bidding behaviors adopted by online bidders. Their result indicated that bidders who cross-bid, if winning the auctions, will pay less then those who do not.

Despite this accumulated evidence of how concurrent listing functionality can affect bidders’ and seller’s behaviors, most prior studies views each auction as separate entity. Until recently, a group of researchers have examined the role of competing auction listings and revealed interesting findings. Peters and Severinov (2006 – bapna 2009) signified the role of competing listings and suggested that the final price of an auction is partly influenced by its competition. Zeithammer (2006) additionally argued that bidders tend to decrease their bids when information about future supply is provided. 
Bapna et al. (2009) study is the only work known to us to provide empirical evidence of how competing auctions determine an auction’s final prices. They found that the more time an auction shares with other auctions that provide identical items, the less price premium will be received. While their study examined the role of competing auctions on price premium by capturing the amount of time an auction shared with its competition, the current study endeavors to provide an alternative view. In their search activities, online bidders are generally provided with information regarding supply information or number of currently available auctions that match their search criteria). Thus, we adopted a bidder’s perspective and propose the following hypothesis;
H8: The number of competing items available within a certain time frame of the auction is negatively associated with the auction’s price premium.
Product Types
The above hypotheses explore the role of factors from sellers, bidders, and market dynamics on price premium. We argue that their impacts vary depending upon product of interest. Product types have often been discussed in online purchasing studies (i.e. Jiang et al. 2010) but its discussion in the context of online auction is rather scarce. While there appear to be very few studies that took product types into account, those that did engendered insightful perspectives to our body of knowledge. For instance Walley and Forin (2005) proposed a conceptual model that manifested the impact of product type on reserve price values. Ba and Palvou (2002) collected auction data from eBay to investigate the relationship between sellers’ feedback, bidders’ trust, and price premium. They later divided their samples into two product groups, including inexpensive and expensive products. Their results revealed a significant moderating effect from their products on the relationship between trust and price premium. Their result suggested that buyers of expensive product will expect more price discount from untrustworthily sellers. Their study however focused only on the impact of seller’s feedback scores, bidder’s trust, and price premium. 

In a more recent study, Reynolds and her colleagues (2009) categorized their auction samples according to the availability of external reference prices of each product. They proposed a moderated-mediation model where number of bids acts as a mediator between the relationship between reserve price, opening bids, auction duration, and price premium. Their results indicated some significant differences across different product groups. For instance, they found that while opening bids significantly influences number of bids for the group of products with more reference prices information, it does not elicit similar impact in the other product group.

In term of bidder’s strategies, Ockenfels and Roth (2006) are one of the few that offer new information of how product types can influence bidding tactic. They found more late bidding activities in the group of antique products when compared to computers. Despite the evidence from prior studies, several questions regarding the role of product types on price premium still remain. For instance, one may ask of the relationship between auction duration and price premium will be the same across different product groups. 
Since our proposed model offer a more comprehensive view of impact from sellers’, bidders’ and market’s factors on price premium, the interactions between these factors should be cautiously taken into account. Our study strives to examine their varying impacts on two different product value groups, including lower and higher-priced products. With the little ground work in this area, we chose a more conservative approach in developing a directionless hypothesis by extending our previous hypotheses as follows;
H9: Different product types (lower Vs higher-priced products) have different combinations of factors that significantly determine their price premium. 
Control Variables
We followed a multi-pronged strategy for control variables. Some aspects were controlled through the design of the data collection process. These include reserve price and nature of the product. We will later elaborate on these aspects in the research method section. Two variables, namely shipping costs and PayPal services, are controlled in our research model. Shipping costs are an important component of online purchasing and impact the price premium (Clark and Ward 2008; Hossain and Morgan 2006). Rational buyers tend to take shipping costs into consideration when developing their willingness to pay and bidding strategy. It is likely that higher shipping costs may discourage the buyers to increase the bidding amount. Thus, higher shipping costs are likely to depress the final price that a seller can earn (Kim 2001; Sheng et al. 2007). 
Sellers also offer various payment methods to the bidders (Li and Zhang, 2004). One method that has become prevalent in online auction is the PayPal service. Offering this service has at least three advantages to the buyers. First, it makes the payment process very convenient as the service is integrated with the auction listing. Second, it offers an added layer of security because the bidders do not have to disclose credit card information. Third and perhaps more importantly, PayPal provides a certain level of protection to online bidders who purchase items from sellers whose feedback scores meet its requirements. By integrating the PayPal service with the auction listings, sellers offer an added benefit to the buyers, increasing the possibility of earning higher price premium. 
RESEARCH METHOD
Our data collection method mirrored the approach used in the earlier studies. We programmed an agent that automatically captured information from eBay website. The automatic agent was programmed to follow three steps in collecting information. Three different products were selected prior to commencing the data collection effort. They are a combination of electronic products (PlayStation II Console) and commodity-like products (Usher music CDs and Halo Computer Game) (See Table 2). The agent captured the HTML files related to the auction listing pages based on keywords (product names). Later, the agent automatically extracted the auction number, end date, and end time for the items of interest. This information was used thereafter by the agent for monitoring the auctions. When the auction ended, the program downloaded HTML files containing bid history, seller information, and winner information. The effort initially produced 1,335 auctions conducted over one-month period. 
A systematic procedure was later followed to clean the data. First, the item descriptions were reviewed to ascertain correctness. Irrelevant products, such as product accessories (i.e. PlayStation II accessories), were removed from the sample. To ensure a fair comparison and correct calculation of price premium, we focus only on auctions of new products. This issue was important because combining new and used items in the calculation of price premium can produce a comparison bias. In the group of used product, their quality may vary. Thus, auctions for used products were removed from the sample. Auctions for bundled items posed a similar problem and were therefore removed. Data on auctions that were prematurely canceled by sellers, auctions with no bids, auctions that ended with BIN, auctions that ended but did not meet the reserve price, and private auctions were removed from the sample. The agent from time to time collected data on a single auction multiple times due to network problems. These duplicate entries were removed from the final sample. After an extensive data cleaning and validation by two individuals, the sample size was reduced to 243 auctions with 3 different products (See Table 2). 

Measurement

Table 3 shows how our proposed variables were measured and their original source of idea. The information was automatically extracted from the HTML pages by running a script. After the data was extracted, an independent assessment of the data was conducted by reconciling the data with the information in the HTML pages. Computation of the price premium was performed for each product category by deducting the average price from the final price of the product and dividing the result by the standard deviation of price (See Table 3). The main reason to use the standard deviation was that division by average price induced a bias in the price premium for higher priced items. Thus, to make the price premium comparable across the product types using standard deviation as the denominator was considered appropriate. 
Seller’s positive and negative feedback scores, duration of the auction, shipping costs, PayPal services, opening bids, were directly extracted from the HTML pages. We followed an approach adopted by two prior studies that suggested a log transformation of feedback variables (Lucking-Reiley et al. 2007; Ba and Palvou 2002). Number of competing items was computed by identifying the number of same items for which the auction was open between the starting and closing time of the auction under consideration. We used three separate variables. We computed the number of auctions on competing items that were open - one hour prior to and after the closing of the auction, one day prior to and after the day of the auction, and three day prior to and after the day of the auction. We believe that these three time frames, although subjective, provide a good representation of the horizon across which buyers are likely to explore the marketplace.
Computation of bidder profiles and the number of bids placed by a bidder profile required additional analysis. Bidder profiles were developed by replicating the procedure used by Bapna et al. (2004). Data on the number of bids, time of entry, and time of exit were extracted from the HTML pages and used to develop bidder profiles through a cluster analysis. There is a total of 1,848 bidders participating in our auctions. The cluster analysis revealed six bidder classes, including opportunists, evaluators, sip and dippers, late participators, middle participators, and early participators. Table 4 and Table 5 showed distribution of cluster members and price premium across different classes. After developing the bidder profiles, information about the number of bids placed by a group of bidders on an auction was tabulated. Although the general categories are the same as reported in Bapna et al. (2004), participator category was sub-divided to provide a more detailed representation of the bidder group.
Using the result of cluster analysis, we later focused on developing a categorical variable, namely winner type. We ranked bidder classes according to their average number of bids. This ranking system is based upon the similar thesis that explains the relationship between number of bids and winning prices (i.e. Reynolds et al. 2009). With this ranking approach, the winner type variable consists of six different categorical values ranging from 1 to 6 where 1 represents the bidder class that has lowest average number of bid(s) and 6 represents the bidder class that has highest average number of bid(s). The following is categorical values and their associated bidder classes 1 (opportunist: x̄ bids = 1.27), 2 (evaluators: x̄ bids = 1.37), 3 (sip-and-dippers: x̄ bids = 1.99), 4 (late participators: x̄ bids = 3.92), 5 (early participators: x̄ bids = 4.18), and 6 (middle participators: x̄ bids = 8.61). 

Data regarding the bids close to the end of the auction was computed by extracting information on how many bids were placed within 5 minutes of the close of the auction. Later, this information was transformed to a ratio of bids placed within the last 5 minutes to total number of bids. The opening bid variable, actual shipping costs and information about availability of the PayPal service were directly extracted from the auction HTML pages. A summary of measurements of the proposed variables can be found in Table 3.
RESULTS
Using regression analysis, our data produced a regression model as shown in Table 6. The regression analysis was initially performed on the larger data set where all three different products were combined. The model produced an R2 value of 0.29. It is interesting to note that some confounding effects emerged when combining multiple product groups in the analysis. Many predicting variables did not show their significant on price premium, contradicting many prior findings. For example, none of the competing item variables showed their effect on price premium. We hence proceed with the analysis by dividing our data set into two groups, including lower-priced and higher-priced products. Such a separation allows us to later unmark the role of product type. The lower-priced product group consists of two products – Usher Confession Music CD (x̄price = $6.11) and Halo Computer Game (x̄price = $28.43) whereas the higher-priced product group has only one product – PlayStation II gaming console (x̄price = $161.77). This separation produced a total sample of 106 and 137 for the lower-priced and higher-priced product groups, respectively. 

A regression model was run separately on two different product groups. The result demonstrated a marked improvement in R2 values. We found R2 values of 0.42 and 0.61 for the lower-priced and higher-priced product groups, respectively. It was recommended that VIF value should not exceed 10.0 (Belsley, Kuh, & Welsch, 1980). We did not find any VIF values that surpassed the recommended value. The highest VIF value found in our model is 7.76. By separating our sample into two product groups, we are able to gain a richer understanding in how influential the proposed variables are to the seller’s price premium. We found that the impact of seller’s positive feedback score is only significant for higher-priced product, rendering only a partial support to H1. Seller’s negative feedback score (H2) does not however elicit significant influences on seller’s price premium – both for lowered-price and higher-priced product groups. Auction duration (H3) is found significant in shaping price premium only for the lower-priced products while seller’s opening bid strategy (H4) appears effective in both product categories. 

Our data provide a support for H5. We found that different bid types affect seller’s price premium differently. Although the cluster analysis result showed that middle participators is the only group that produces significantly higher price premium than other types of bidders (Table 5), the regression model indicated that all bids have positive contribution to seller’s price premium but at a varying degree – some are significant and some are not. Thus, investigating bidder type alone may not fully reveal the effect of bidding strategy on price premium. By categorizing bids according to their bidder profiles, we are able to examine the role of bid strategy at a more granular level. The regression model indicated that the impact of bid activities on price premium varies, depending on the bid types. Of all bid types, middle participator bids are the most powerful bids that shape seller’s price premium for both product types. Early participator bids do not have significant affect on price premium of higher-priced product while it has a much stronger impact on price premium of lower-priced products. We also found that bids made by sip-and-dippers and late participators do not play a significant role in forming price premium of lower-priced products but they do for the higher-priced products. These results provide a support to H5.

It is interesting to find that while opportunist bids is influential in forming seller’s price premium in the lower-priced product group, the ratio of bids within the last five minutes to total bids does not (H7). The relationship between these two variables to price premium is found in an opposite direction for the higher-priced product group. Such findings confirmed the heterogeneity between opportunists and snipers claimed by Bapna and his colleagues (Bapna et al. 2004). They argued that the two bidder profiles emerge in different auction platforms (Hard Vs Soft-closing auctions). Our regression results additionally unveiled the role of winner types to the seller’s price premium (H6). Consistent to the prior findings, we found a significant positive relationship between winner type and price premium. The winner type is a categorical variable, representing different type of winner in each auction. The assignment of categorical values of this variable is based on the average number of bids placed by each bidder group. We found that seller’s price premium can be increased if the auction is won by bidders who place more bids. If the auction is won by middle participators (x̄ bids = 8.61), the seller is more likely to receive price premium higher than average. On the contrary, auctions with winners who place fewer bids (i.e. Opportunist and Evaluators) are more likely to receive lower price premium.  
The results for market dynamics also offer interesting insights. We found that competing items has a negative impact on price premium (H8). This relationship is however significant and applicable only for higher-priced products. More importantly, we found that only competing items within one hour of the closing time of the auction are influential to price premium. This result demonstrated that bidders analyzed the supply of similar items and devised their bid amount accordingly. The more supply found at the time near the auction, the lower price premium will be received by the sellers. Number of competing items with last 1 day and last 3 days did not produce significant impact on seller’s price premium. Such a finding suggested that online bidders minimize their cognitive effort in processing auction supply information by focusing only on auctions within a short time horizon.
To test H9, we conducted Chow’s test and found significant difference in the standardized coefficients of independent variables across the two product categories. The analysis revealed Chow’s statistics of 6.20 (d.f. = 209). The F test produced p-value of 0.00, providing a support to our H9. We can therefore say that different product types have different set of variables that shape their price premium. In other words, it can be said that online auction market responds differently to different product types. 

As to the control variables, we found that shipping fee has a significant negative relationship to price premium in the group of lower-priced products. In the group of higher-priced product, its relationship was found insignificant and positive to seller’s price premium. We did not find a significant relationship between PayPal payment option and price premium for both product groups.  Below we offer a more detailed discussion of our result. 
DISCUSSION
One of this study’s prime objectives is to provide a more comprehensive view of how factors from different auction entities (sellers, bidders, and market dynamics) can affect the price premium of different products in online auction environment. While prior research have greatly advanced our knowledge in this domain, little efforts have been taken to develop a model that integrates factors from several auction entities (sellers, bidders, and markets). In addition, many of past studies implies that their findings are universal and applicable to all product types.. Several of prior studies tested their models either on one product or on a larger dataset with multiple products combined. They later generally offer one set of guidelines to the online auction community. We argue that such implications may mislead auction sellers and online auctioneers to develop a strategy that is ineffective in promoting their revenues or even produces financial losses. With the result above, we argue that each product category needs to be individually placed under a microscope in order to understand the impact of factors from sellers, bidders, and markets on its price premium formation. 

The main benefit of analyzing two product groups separately is the elimination of several confounding effects. For instance, the effect of opportunist bids on price premium cannot be observed when combining the two product groups. By separating products into lower-priced and higher-priced product groups, its influences on price premium are unveiled. Separating the data set into two different product groups also provides us with richer understanding in the impact of the proposed variables on seller’s price premium. We found that some variables hold their significant affects to price premium only for certain product categories but not all. For instance, positive feedbacks score is influential in shaping price premium in the higher-priced product group but not in the lower-priced product group. Such an insignificant relationship can perhaps be explained by a higher risk tolerance nature of buyers in the lower-priced product category. 
This result above is consistent to the concept of consumer risk associated to product price discussed in a prior study by Ba and Pavlou, 2002. Their result however produced a different finding. They found that higher trust in the seller’s credibility is significantly associated with higher price premium for each identical product. We however found that such relationship only existed in higher-priced product group. It is important to note that while their study focused on the relationship between trust and price premium, our study included many other variables which can discount the impact of sellers’ reputation on price premium, especially in the lower-priced category.  When the products are relatively less expensive, buyers can take more risks or simply ignore seller’s prior performance. 
A similar explanation can be applied to the heterogeneities of the findings in the relationships between competing items and price premium. The result indicated a negative relationship between number of competing items within last 1 hour on seller’s price premium. This finding is significant only for the higher-priced product group. This result suggested that bidders who compete for a more expensive product are more engaged in comparison shopping than those who are bidding for less expensive products. It also suggested that there are more cognitive efforts involved from the bidders in higher-priced transactions. Bidders in the higher-priced product category however minimized their effort by analyzing only on the market supply within 1-hour timeframe. The number of competing items within 1 day and 3 days did not significantly affect seller’s price premium. The current study is the first, best to our knowledge, to bring the role of market supply into the equation. We further argue that online bidders will be even more engaged in analyzing the market supply as the product price becomes higher. Hence, one can expect a significant effect from number of competing items within 1 day and 3 days to price premium for more expensive products such as automobiles. 
Auction duration is another variable that pertains a similar nature to the variables discussed above. It has significant relationship with price premium but only for the lower-priced product group. Bapna and his colleagues (2001) argued that longer duration does not necessarily lead to increased revenue to sellers. Our result is also consistent to that of Reynolds and her colleagues (2009). We believe that the role of this variable in shaping the price premium is perhaps moderated by market demand – a variable that deserves more attention from future research. PlayStation II gaming console can be considered a relatively more popular products than the two other products in this study. It has approximately 10.31 bidders per auction on average, while there are only averages of 6.21 bidders and 3.35 bidders per auction for Halo Game and Usher music CD, respectively. Such information indicated higher demand for PlayStation II gaming console. Thus, sellers of PlayStation II may not need as much time exposure of the product in the market to gain higher price premium, rendering an insignificant relationship between its auction duration and price premium. 
More attention should also be given to a negative relationship between auction duration and seller’s price premium in the group of lower-priced products. Our finding is antithesis to the traditional wisdom of research in this domain. Upon a closer examination, we found that majority of items (more than 50%) in this product category were sold in a 7-day auction format. The average price premium of items sold using 7-day auction ($-0.03) format is much lower than those sold in 1-day auction format ($0.78). Such information perhaps indicated that buyers in this product group are less patient in acquiring their products. Since the products in this group are relatively inexpensive, bidders are more willing to pay a higher premium to receive a more instant gratification. They are not necessarily looking for the deal since the financial saving for these products is rather marginal. Online sellers for this product group will therefore benefit from listing the auction with a shorter duration format. 
Our findings additionally revealed the influence of bidder’s strategies on seller’s price premium. Contrary to the previous findings, we found that the strategy of middle participators benefits seller by increasing their price premium. Bapna and his colleagues (Bapna et al. 2004) discovered a different result. They found that participators generally placed their bids with small bid increment, producing higher consumer surplus and reducing seller’s price premium. We argue this difference in the findings is perhaps attributed to the progressive bid increment rule used by eBay.  When the auction price reached a certain level, eBay bidders are required to place their bids with higher bid increment. For instance, when the auction price is under $1.00, a new bid has to be at least $0.05 higher than the auction current price. When the auction price reaches $100.00, a new bid has to be at least $2.50 higher than the auction current price. With this progressive bid increment rule on eBay, participators in our study are likely to become more aggressive toward their bid amount. Bapna’s subsequent study revealed a new result which is more in line with ours. They found that the larger proportion of participators contributed to higher price premiums in an auction (Bapna et al. 2009). 
By decomposing number of bids according to their bidder’s strategy, we can closely examine how effective each bid strategy is in enhancing seller’s price premium. Middle participators’ bids are those that generate highest price premium to the sellers both for lower-priced and higher-priced product groups. Bids placed by evaluators have similar effect for both product categories. Such a finding is consistent to those reported prior study (Bapna et al. 2004). They purported that adopting evaluator strategy is more in favor to the sellers since the bidders practically leave their money on the table. It is however interesting to note that early participators’ bids significantly elevate seller’s price premium but only for the lower-priced product group, while late participator’s and sip-and-dipper’s bids significantly increase seller’s price premium but only for the higher-priced product group. This confirmed our proposal that online bids are not created equal and different products respond to different bids differently. 

Categorizing bids according to the bidder profile also improved the explanatory power of our models. When combining all bids into one variable, the model’s R2 decreased from 0.42 to 0.35 for the lower-priced product group. Similar finding was found in the higher-priced products. The R2 value decreased from 0.61 to 0.53 when variables representing number of bids for different bidder profiles were combined into one variable. This improvement in the model’s explanatory power suggested that online sellers and online auctioneers should devise a strategy that draw a certain group of bidders more than others. An actionable guideline for this finding is provided in the following section. 

The adverse effect of ratio of last 5-minute bids to price premium was found significant but only for the group of higher-priced products. We found an average of 7.54 and 21.52 bids for the lower-priced products and higher-priced product respectively. Of these bids, there is only average of 0.80 bid placed within the last 5 minutes for the lower-priced product group. Higher-priced products have approximately 1.43 bids on average placed within such timeframe. This result highlights the negative role of last-minute bidding activities in the higher-priced product group. The higher ratio of bids placed close to the end of auction may reflect bidder’s stronger willingness to take risks of having unsuccessful bids. If the majority of the bids are placed within the last minutes, it can reduce the opportunity for the sellers to gain higher premiums. Such a concept can however be applied only on higher-priced product since these products are more likely to surpass the price threshold that requires higher bid increment.

As to the control variables, we found that shipping fee has a significant affect but only on lower-priced products. We found averages of $5.77, $3.00, and $25.38 shipping fees for Halo Game, Usher music CD, and PlayStation II Gaming Console, respectively. This statistics indicated higher ratio of shipping fees to the product base price in the lower-priced product group. For example, shipping fee of Usher music CD is approximately 49.01% of the CD price itself.  Shipping fee of PlayStation II Gaming Console is considered much less expensive when considering the product base price (approximately 15% of the product base price). It was suggested that when a surcharge is low relative to a base price (e.g. ten percent), consumers do not view the surcharge as an impediment to viewing an offer favorably (Sheng et al. 2007). By contrast, when the surcharge is high relative to a base price (e.g. 50 percent), consumers view the surcharge negatively, rendering an adverse effect on their perception of the offer. Such arguments support the findings in this study. 

We however did not find a significant impact of PayPal payment option on seller’s price premium. We argue that this insignificant affect can be attributed to our sample characteristics. Of 106 auctions in the lower-priced product group, only 3 auctions did not offer PayPal payment option. Similarly, only 2 auctions from the higher-priced product category did not offer PayPal option. This dispersion (or lack thereof) in PayPal offers prevented us from examining the role of this payment intermediary in online auction at a more granular level. We believe that a sample with a better-balanced distribution between auctions that offer this payment option and those that did not will provide more concrete evidence in how influential the payment intermediary is to auction success. 
IMPLICATIONS, LIMITATIONS, AND DIRECTIONS FOR FUTURE STUDIES
Our study offers various implications to theory and practice. From a theoretical perspective, we offer a more comprehensive model that examined the roles of sellers, bidders, and market competition/dynamics on price premium of different products in online auctions. The explanatory power produced from our regression model is in an upper range when compared to those reported in prior studies (Ba and Pavlou 2002; Anderson et al. 2008; Reynolds et al. 2009; Lucking-Reiley et al. 2007). Such an improvement in the model explanatory power is partly attributed to separating products into two different groups. Several prior studies omitted to raise a concern of the limited applicability of their models to all product types. Our result suggested that online sellers and auctioneers should devise their strategies according to their product types. A strategy that was found effective for one product may not produce similar results for others. The caveat is one should not over generalize their findings without taking the role of product type into consideration.

Another important source of improvement in the model explanatory power is the decomposition of online auction bids according to their bidder types. We extended the knowledge of bidder strategies and applied it to examine how they interact with market elements and sellers’ strategies in shaping auction price premium.  Our study also embraces strategies that online bidders pursue and their impacts on price premium. The results indicated some commonalities and differences to those discovered in prior studies. For instance, we found that participators do not always place their bids with marginal increments. This finding contradicted a prior study by Bapna and his colleagues (2004). We argue that the differences are perhaps derived from the hard-closing format and/or progressive bid increment rules on eBay. While our data captured auction transactions with hard-closing time format, their samples are those collected from auctions with Yankee auction format (going-going-gone). Future research can therefore further explore the impact of these two auction formats on bidder’s strategies and price premium.
Online bids placed by middle participators were found most influential in enhancing the seller’s price premium. It is however important to note that other bid types have some contribution in improving seller’s price premium but at a varying degree. The auction sellers should therefore devise a more customized strategy to draw some certain bid types. For instance, by lowering opening bids, an auction can draw the most premium-driving bid types (middle participator) since lower opening bids allow more room for these bidders to be more aggressive. A caution should however be made when employing this strategy. Since opening bids have a significant positive relationship to price premium, lowering opening bids to a certain level can produce a detrimental effect to the price premium. Reynolds et al. (2009) showed the mediating role of number of bids in the relationship between opening bids and winning prices. Auction sellers should therefore find an optimum level of opening bid that helps attract more middle participators while maintaining some assurance of a certain price.
Our study was also the first, best known to us, that brought the role of market supply (in a form of competing items within a given time period) into light of online auction research. We found that the more supply of similar items found in a shorter timeframe (1-hour before and after the auction ends), the lower price premium received by the sellers. This result is however only applicable to the higher-priced product group. This finding suggested that online bidders surveyed the market and revised their bids accordingly. We encourage future studies to examine the role of external price reference on seller’s price premium. In other words, one may investigate how the final prices in previous auctions influence bidder’s evaluation of current auctions. 
With the separation of products into two product groups, our result unveiled several heterogeneities in the relationships between the proposed variables and seller’s price premium. Among several factors, positive feedback was found highly significant but only for higher-priced products. It does not however have similar impact on price premium of lower-priced products. Buyers of lower-priced products were found to bypass the seller’s feedback information. We used this result to derive a guideline for online sellers and recommended that sellers who suffer from lower positive feedback score or those who just started their online auction business should focus on selling lower-priced products to avoid loss of price premium. In addition, sellers who previously gained negative feedbacks may consider rebuilding their reputation by offering lower-priced products. This guideline does not however take into consideration of product cost incurring to the sellers, a variable that cannot be observed from our sample. Cost of products, an important factor that will eventually defines seller’s profits, should also come into play in the decision-making process of what products to sell. 
One may observe that negative feedback score is a neglected element by online bidders for both higher and lower-priced products. In the previous section, we offer one alternative explanation that buyers of lowered-priced product perhaps can take more risk and negative feedback information are therefore insignificant in their bid formulation. Another alternative explanation can be derived from the concept of bidder evolution (Bapna et al. 2004). Prior studies suggested that as bidders become more experienced they can develop a more sophisticated bidding strategy (Roth and Ockenfels 2002). Since online auction market is now reaching a more mature stage, it is logical to assume that online bidders in general are becoming more experienced. We further argue that these bidders are therefore becoming more understanding and perhaps more forgiving to the seller’s negative feedback information, especially those of the power sellers. Such types of sellers are those who conduct high volume of auction transactions and are more likely to be tagged with some negative feedback score.
Our data of 243 auctions are offered by 127 unique sellers (19 Halo sellers, 65 Usher CD sellers, and 43 PlayStation II sellers). On average, they have total feedback score of 1,843.43. This average feedback is indicative of the experienced characteristics of these sellers. It appears that online bidders take into consideration of this seller’s characteristics. We therefore argue that negative feedback may not have as much power in shaping price premium as before (i.e. Ba and Palvou; Lucking-Reiley et al. 2007). Future research should look the diminishing role negative feedback in online auction marketplace and its interaction with other sellers’ characteristics such as their experiences. We however argue that sellers’ negative feedbacks can be a more powerful factors in an auction of highly expensive products. It would also be interesting to explore the threshold concept proposed by Ba and Pavlou (2002) in better understanding bidder engagement in auctions where the sellers pose a high transaction risk.
Auction sellers can adopt a higher opening bid as an avenue to minimize their risk of receiving lower price premium. Our result is consistent to those reported in a study by Reynolds and her colleagues (2009). The positive relationship between opening bids and price premium show that using higher opening bids strategy provide some assurance to the seller and guarantee some certain price level. It is however important to note that our data focused only on that auctions that were materialized. We argue that setting the opening bid too high can be a culprit of non-materialized auctions, resulting in a waste of seller’s time and financial resources. 

In term of selecting an effective auction duration strategy, we again recommend that product types should be taken into account. For products that indicated higher demand and/or are more expensive products, auction sellers can assume additional risk by using shorter auction duration without sacrificing price premium. This strategy will also benefit sellers by improving the turnover of products and avoid price reduction caused by product obsoleteness. A more cautious strategy should however be formulated for lower-priced products. As mentioned earlier, bidders for these products are more willing to pay extra to have an instant gratification. In this product group, we found that auction with shorter duration gain higher price premium. With this result, we suggest that auction sellers should consider adopting a combined strategy by simultaneously providing auction and buy-it-now options to the buyers. By providing the two options in the transaction, auction sellers can sell their products faster and at a higher premium. The challenge of this approach is to find optimum price level that is comfortable to the buyers.
Our data demonstrated that late bids such as those placed by opportunists and late participators help improve seller’s price premium for both product groups. We therefore suggest that online auctioneer should consider changing their bid increment rules to draw even more participator bidders within such timeframe. While eBay offers a tool such as text messaging to notify subscribed bidders that the auction is coming to the end, they can be more proactive by changing their bid increment rules. For instance, uBids.com, another online auctioneer, explicitly stated that they may decrease incremental bids amount to create more excitement at the end of their auctions (See http://www.ubid.com/help/topic8.asp). Thus, we encourage online auctioneers to consider adopting an intelligent agent to make a decision whether the bids increment rule should be modified as the auction become closer to the end. Using information such as how many bidders are currently watching the auction, current bid activities, and bid history, the intelligent agent can decrease the bid increment level to promote participatory bidding behaviors which can result in higher price premium to the sellers and higher commission fee to the online auctioneer. 
We found that after our data were collected eBay offer a new bid policy to improve the number of bids within the last minutes. eBay users has recently been offered with a 1-click bid, a new bidding approach that save times for the online bidders. This bidding technique can be used only within the last 1 minute of the auction. The bidding agent will increase bidder’s bid amount by one increment automatically. With this time saving, bidders can perhaps become participatory bidders and place their bids closer to the end of auctions without taking as much risk of having unsuccessful bids. It should however be noted that to use this bidding technique online bidders need to have at least one bid placed on the auction already. Since this new bidding technique became available after our data were collected, we encourage future study to reexamine the role of bids within the last minutes. 
While our results manifested that some variables can influence seller’s price premium only in one product category, some other factors are significant in increasing price premium for both product groups. Those factors include opening bids, bids placed by evaluators, bids placed by middle participators, bids placed by opportunists, and winner types. Interestingly, eBay encourages their customers to bids the maximum amount they are willing to pay for the item (http://pages.ebay.com/help/buy/bidding-overview.html). This recommendation is line with our finding that evaluator bids help promote sellers price premium for both product types. An important observation should however be made to the fact that eBay is promoting evaluator strategy, not participator strategy. The online auctioneer’s goals, while for the most part are similar to those of auction sellers, may have different priorities from the auction sellers’ goals. For instance, having the products sold may be more important to online auctioneers than having the products sold at the highest price. It provides some assurance of final commission fee and guarantee that the auction will be materialized. Thus, it is more logical for online auctioneers to promote the evaluator strategy more than others. 
Not only did our study suggest that auction sellers should adopt different strategy when selling different products, we also make the same suggestion to online bidders. For instance, bidders of lower-priced product may avoid using opportunist, evaluator, early participator, and middle participator strategy. These bidding approaches were found to provide price premium to the sellers significantly. Using sip-and-dipper and late participator strategy may provide financial saving to bidders in this product group.
Our study faces some limitations and constraints. First, the field study methodology gave us limited control over the availability of data. For instance, we have limited diversity of auctions with and without PayPal payment option. This sample characteristic prevented us from examining the role of this payment intermediary to seller’s price premium. In addition, our study focused only on the quantitative measure that can be observed from public information listed on eBay website. Several qualitative characteristics such as quality of pictures, page design, etc. were not included in our analysis. The qualitative nature of feedback score such as buyers’ written comments was also not included. We also omitted the role of reserve price and buy-it-now option. This omission is largely driven by the sample characteristics in our study. None of the lower-priced product samples has adopted these two auction features. In addition, auctions ended with buy-it-now prevented us from fully examine the role of time of entry and time of exit in the cluster analysis. 
It can also be argued that the product groups used in this study was selected subjectively. While there is a relatively large disparity between average prices across the two product groups, one may argue that the two products used in the lower-priced product group should be treated separately. Future studies may reapply our model to a more expensive product such as jewelry and automobiles. We expected the role of negative feedback to be more prominent for such products. We also faced a challenge in term of time-sensitive nature of product price. The data collection was undertaken over the one-month period to avoid the decrease in price due to the product obsoleteness. By extending time horizon to collect more samples, our data may suffer from external factors such as new inventions or substitutable products that come in the market. 
To calculate the competing item within a certain timeframe, we focused only on identical products. In reality, buyers can also compare their product of interest to other alternatives. For example, bidders who plan to purchase PlayStation II gaming console may also look at Xbox or Wii gaming consoles. These bidders may also compare other options such as buying PlayStation II gaming console bundled with some free games or buying these products separately. Similar comparison approach can be performed for Usher Music CD and Halo game. We therefore encourage future studies to select products that have limited substitutability. When applying our proposed model to such products, one may hope to find a stronger impact from supply of competing items within a certain timeframe on seller’s price premium.  
To examine the role of product type, the current study adopted a more conservative approach to build one of its hypotheses (H9). Our attempt was to provide an initial evidence of varying impacts of sellers’ strategies, bidders’ strategies, and market dynamics on different products. We additionally endeavored to produce a more parsimonious model by cautiously proposing a directionless hypothesis. With the finding in this study, we encourage future research to examine the role of product type more thoroughly by examining its moderating effect. 

Last but not least, we encourage future studies to examine the role of external price references on price premium. We believe that online bidders are more sophisticated and equipped with more tools to perform comparison shopping. Many online auctioneers allow their users to create a watch list. Online bidders can often search for ended auctions to find pricing information. This added information perhaps set a certain price boundary for each product. With this assumption, we argue that the relationship between price premium and number of bids/bidders may not be best represented in a linear form. Having more bidders or bids therefore does not always produce higher price premium. With the aforementioned guidelines, we believe that there is more room for this research to grow and encourage auction researchers to investigate the suggested topics in their own right.  
CONCLUSION
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Table 1: Literature Review ~ Key Findings of Prior Studies

	Cite
	Study Variables
	Key Findings

	Ba and Pavlou, 2002
	Trust

Feedback Profile

Product Price

Price Premium
	Feedback can induce creditability based trust and result in higher price premium for the reputable sellers. Further, for expansive products, the relationship between trust and price premium is stronger. While for in-expansive products the buyers are not willing to pay a premium to the seller even if the trust is at a very high level. 

	Pavlou and Dimoka, 2006
	Comments

Positive

Negative

Buyer Experience

Auction Bids

Price Premium
	Propose and find that text based feedback enhance the buyer’s trust in the seller’s credibility and benevolence thus leading to higher price premium for the reputable sellers. The overall model explains a higher variance as compared to the earlier models. 

	Ward and Clark, 2002


	Bid Timing

Bidder Experience
	Bid timing and nature of the bids impact the revenue earned by the seller. For example, auctions with early bids have higher revenues. Further, minimum incremental bid strategy tends to reduce the revenue earned by the sellers. Bidder experience did not affect revenue earned by the seller. 

	Standifird, 2001 
	Positive, Negative & 
Neutral Rating
Number of Bids

Open Days

Opening Bid

Reserve Price

Weekend Closing
Final Bid Price 
	Negative feedback has a much stronger impact on final bid price and final total cost (final bid plus shipping costs). None of the other variables were significantly associated with final bid price and final bid cost. 

	Roth and Ockenfels, 2002 
	Feedback Score
Timing of the Bids 
	Found evidence that a considerably large percentage of bids on ebay are placed in the last one hour and 5 minutes of the auction. Further, bidders with higher experience engage in last minute bidding as part of their overall bidding strategy.

	Bapna et al., 2004
	Buyer Bidding Strategy
	Found that bidder follow different bidding strategies and they yield different outcomes in terms of likelihood of winning and earning surplus. Opportunists and sip and dippers have a higher likelihood of winning the auction but as the expense of a reduction in surplus. On the contrary participators have a lower likelihood of winning but with higher surplus. 

	Standifird et al, 2005
	Buy it Now Option

Buyer Behavior
	Buyers did not use the buy it now option even when the product price was set below the market price of the product. Highlight the hedonic experience of engaging in the auction is a probable reason. 


Table 2: Product Descriptive Statistics

	Products
	N
	Mean (Price)
	S.D
(Price)

	Confessions: Special Edition (NEW)
	78
	6.11
	2.02

	Halo 2 for XBOX Game (Brand New) 
	28
	28.43
	3.88

	NEW SONY SLIM PLAYSTATION 2 SYSTEM CONSOLE (NEW)
	137
	161.77
	21.96


Table 3: Measurement Approach for Study Variables

	Study Variable
	Measurement
	Reference

	Dependent Variable

Price Premium
	

Winning Price – Average Price

Price Premium = ----------------------------------------------



Standard Deviation of the Price


	Bapna et al., 2004, Ba and Pavlou, 2002

	Seller Strategies/ Characteristics
Feedback Positive

Feedback Negative
Auction Duration

Opening Bids


	Ln (Number of Positive Feedback)
Ln (Number of Negative Feedback)
Days that the auction was open

$ amount of beginning price selected by sellers
	Standifird, 2001; Ba and Pavlou, 2002, Pavlou and Dimoka, 2006; Roth and Ockenfels, 2002

Standifird, 2001; Li and Zhang, 2004

	Buyer Strategies

Bidding Strategies

Winner Type

Last minute bids
	Number of bids decomposed according to bidder classes

Classification of auction winner according to bidder class ranked by average number of bids (Categorical variable)

The ratio of number of bids within the last 5 minutes to total number of bids

	Bapna et al., 2004

Bapna et al., 2004

Ward and Clark, 2002;Roth and Ockenfels, 2002

	Market Factors

Competition
Product Type


	Number of Competing Items within the time frame in which the auction was open (within 1 hour, within 1 day, and within 3 days) 

Categorical variable – lower Vs higher priced products


	Pavlou and Dimoka, 2006, Standifird, 2001, Bapna et al., 2004; Roth and Ockenfels, 2002

Ba and Pavlou 2002


	Control Factors

Shipping Costs
PayPal

	Shipping cost ($amount) of the product

Payment option offered or not
	Hossain and Morgan, 2006; Standifird, 2001; 
Li and Zhang, 2004



Table 4: Cluster Analysis Results

	Winner Type
	Number of Members
	Price Premium (Average/Std. Dev.)
	Number of Winners

	Opportunists
	1,040 (56.28%)
	-0.13/0.97
	178 (73.25%)

	Evaluators
	330 (17.86%)
	-0.22/0.91
	4 (1.65%)

	Sip and Dippers
	160 (8.66%)
	0.03/0.79
	4 (1.65%)

	Late Participators
	168 (9.09%)
	0.28/0.93
	40 (16.46%)

	Middle Participators
	67 (3.63%)
	0.97/1.18
	11 (4.53%)

	Early Participators
	83 (4.49%)
	0.39/0.88
	6 (2.47%)


Table 5: Comparison of Price Premium across Winner Types

	Winner Type
	Winner Type
	Mean Difference
	Sig.

	Opportunists
	Evaluators
	0.08
	1.00

	
	Sip and Dippers
	-0.16
	0.99

	
	Late Participators
	-0.41
	0.14

	
	Middle Participators
	-1.11**
	0.00

	
	Early Participators
	-0.52
	0.79

	Evaluators
	Sip and Dippers
	-0.25
	0.99

	
	Late Participators
	-0.50
	0.92

	
	Middle Participators
	-1.19
	0.29

	
	Early Participators
	-0.61
	0.93

	Sip and Dippers
	Late Participators
	-0.25
	0.99

	
	Middle Participators
	-0.94
	0.55

	
	Early Participators
	-0.36
	0.99

	Late Participators
	Middle Participators
	-0.69
	0.29

	
	Early Participators
	-0.11
	1.00

	Middle Participators
	Early Participators
	0.58
	0.84


** The mean difference is significant at the 0.01 level.
Table 6: Initial Regression Analysis
	Variables
	All Products
	Lower-Priced Products
	Higher-Priced Products

	
	Standardized Coefficients

(t-values)
	Sig
	Standardized Coefficients

(t-values)
	Sig
	Standardized Coefficients

(t-values)
	Sig

	Ln (Positive Feedback)
	0.50***
(4.31)
	0.00
	0.08
(0.60)
	0.55
	0.472***

(3.01)
	0.00

	Ln (Negative Feedback)
	-0.11
(-0.92)
	0.36
	-0.02
(-0.10)
	0.92
	0.245
(1.54)
	0.13

	Auction Duration
	0.04
(0.46)
	0.65
	-0.22**

(-2.32)
	0.02
	0.05
(0.58)
	0.44

	Opening Bids
	0.16**
(2.19)
	0.03
	0.49***

(4.57)
	0.00
	0.60***

(5.86)
	0.00

	Opportunist Bids
	0.07
(0.91)
	0.36
	0.30***
(3.12)
	0.00
	0.22**
(2.79)
	0.01

	Evaluator Bids
	0.13*
(1.76)
	0.08
	0.20**

(2.29)
	0.03
	0.20**

(2.79)
	0.01

	Sip and Dipper Bids
	-0.01
(-0.07)
	0.94
	0.06

(0.71)
	0.48
	0.20**
(2.31)
	0.02

	Late Participator Bids
	0.11
(1.62)
	0.11
	0.05
(0.49)
	0.63
	0.27***

(3.94)
	0.00

	Early Participator Bids
	0.03
(0.52)
	0.61
	0.24**

(2.50)
	0.01
	0.07
(1.10)
	0.28

	Middle Participator Bids
	0.20***

(3.09)
	0.00
	0.26**

(2.65)
	0.01
	0.28***

(4.17)
	0.00

	Winner Type
	0.22***

(3.42)
	0.00
	0.18*
(1.77)
	0.08
	0.19***

(2.93)
	0.00

	Ratio of bids within last 5 minutes
	-0.01
(-0.11)
	0.91
	0.07
(0.77)
	0.44
	-0.16**
(-2.51)
	0.01

	Competing items within last 1 hour
	-0.10
(-1.40)
	0.16
	-0.06
(-0.63)
	0.52
	-0.14*
(-2.02)
	0.05

	Competing items within last 1 day
	0.05
(0.40)
	0.69
	0.03
(0.21)
	0.83
	0.12
(1.24)
	0.22

	Competing items within last 3 days
	0.13
(1.15)
	0.25
	0.27
(1.48)
	0.14
	0.03

(0.30)
	0.77

	Shipping Fee
	-0.30**

(-2.63
	0.01
	-0.44***

(-3.85)
	0.00
	0.14
(1.67)
	0.10

	PayPal 
	0.19***

(3.27)
	0.00
	0.03
(0.30)
	0.76
	0.06
(1.05)
	0.30

	

	R2
	0.29
	0.42
	0.61

	F Value
	5.47***
	3.73***
	10.97***

	***P-Value < 0.01

** P-Value < 0.05

* P-Value < 0.10
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Control Variables:


Shipping Costs


Payment Service (i.e. PayPal)
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