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Abstract 

Information Technology (IT) has spawned the growth of novel and innovative market 

mechanisms (such as online auctions) and associated businesses (such as eBay and 

Priceline) that were not feasible without the capabilities and reach of these modern 

information technologies.  Previous studies on designing trading mechanisms for online 

markets primarily viewed them from an economic perspective.  There has been virtually 

no study on how making changes to a mechanism alters its desirability as a mechanism 

or endogenously affects the behavior of its users.  This dissertation takes a holistic look 

at the issue of designing mechanisms: exploring not only the economic properties of a 

mechanism but also the dimensions of user acceptance and of user behavior and its 

impact on the mechanism’s performance.  We take a multidisciplinary approach, using 

theories from economics, decision psychology and computer science.  We employ 

laboratory experiments to collect primary data and use well-established methodologies 

in experimental economics to analyze the data; in addition, we use perceptual 

methodologies (such as the Technology Acceptance Model) to study the issues related 

to user acceptance and exploratory data analysis techniques to discover and explore 

emerging behaviors as features of the mechanism are changed.  The combinatorial 

auction is the context for this study.  It is a complex mechanism, where the role of IT in 

facilitating a user’s interaction with the mechanism is abundantly clear.  Furthermore, 

while the mechanism has been used for important resource allocation decisions in 

industry, its use in the online marketplace is limited, if not non existent.  Therefore, the 

issues of the mechanism’s economic adequacy and user acceptance are both of 

relevance.  We find that the design of the mechanism significantly influences not only 
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the economic properties of the mechanism but also its user perceptions.  Furthermore, 

unlike in single-item auctions, in combinatorial auctions bidders are able to generate 

greater surplus with more transparency of the mechanism.  Based on our results, we 

develop several insights on designing sustainable economic mechanisms. 

Keywords: Mechanism Design, Combinatorial Auctions, Information Feedback, User 

Acceptance of Technology, Bidder Behavior  
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1. Introduction 

Making the right pricing decision in sales or procurement is a complex task.  While the 

types of pricing policies and methods used in the exchange of goods and services vary 

greatly, exchange mechanisms can be divided into two broad categories: a) posted price 

mechanisms, and b) price discovery mechanisms.  Under a posted price mechanism, 

goods are sold at pre-determined prices specified by the seller.  In a price discovery 

mechanism, on the other hand, prices of commodities are determined via a bidding 

process. 

Auctions are a commonly used price discovery mechanism that account for an 

enormous volume of economic activity throughout the world.  Auctions are regularly 

used for the exchange of products ranging from specialized mining equipment to office 

supplies, from flowers and livestock to antiques and artwork, and from publishing and 

pollution rights to stamps and wine (Klemperer 1999; Milgrom and Weber 1982; 

Wolfstetter 1996).  There are several economic advantages of auctions over posted price 

trading, such as more efficient allocation of resources, more transparency, and the 

ability to discover equilibrium prices quickly (Harris and Raviv 1981). 

With the advent of the Internet, auctions are becoming an increasingly popular 

mechanism for exchanging goods and services via the Web.  Online auctions offer 

several benefits over traditional auctions, including: (i) lower transaction and 

participation costs, (ii) increased convenience, (iii) ability for asynchronous bidding, 

and (iv) access to larger markets (Lucking-Reiley 2000).  Thus, over the past decade, 

online auctioneers have implemented many different variations of classical single-item 

auctions, including auctions with multiple units of an item (Bapna et al. 2003).  Still, 
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these relatively simple mechanisms limit a bidder’s ability to express complex 

preferences over multiple items, such as “I will pay $100 if I get both matching end 

tables but only $40 for either one separately.” 

1.1 Research Background 

Combinatorial auctions represent a class of multi-item trading mechanisms that allow 

bidders to consider dependencies among the items by permitting bids on combinations 

of items (commonly called packages or bundles) as well as on individual items.  Prior 

research (e.g., Banks et al. 2003) suggests that this mechanism increases the net benefit 

(i.e., allocative efficiency1) of trades when values of the traded assets exhibit synergies 

(e.g., they are complementary).  Companies such as Procter & Gamble, Walmart, 

Bridgestone, Ford, Compaq, and Staples have saved millions of dollars by employing 

combinatorial auctions in place of multiple single-item auctions for resource allocation 

(Cramton et al. 2006). 

To understand the benefits of selling multiple items together, consider an 

auction for the sale of a number of equal-sized property lots surrounding a lake.  A 

potential buyer may be more interested in acquiring two adjoining lots rather than two 

separate lots, since having adjacent lots can provide more options for development.  

Consequently, she may be willing to pay more for the two lots together than separately.  

However, the sale of the lots in separate single-item auctions limits her ability to 

express her superadditive valuation, and also may lead to reduced revenue for the seller.  

Furthermore, the assets may not be won by persons who value them the most, resulting 

 
1Allocative efficency of auctions is maximized when goods are acquired by persons who value them the 
most.  Higher efficiency is a desirable goal in auctions because it leads to greater social welfare. 
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in loss of efficiency. 

Thus, combinatorial auctions have received a considerable amount of attention 

in the research literature in recent years, and have been used or proposed to be used in 

some prominent applications, including the auctioning of the rights to use railroad 

tracks (Brewer and Plott 1996), delivery routes (Caplice 1996), spectrum rights 

(McAfee and McMillan 1996), airport time slots (Rassenti et al. 1982), and the 

procurement of school meals (Epstein et al. 2002).  The compelling motivation for the 

use of combinatorial auctions in these cases was the presence of item complementarities 

that differed across bidders (Cramton et al. 2005).  In such cases, a combinatorial 

auction can mitigate the so-called exposure problem2 (Bykowsky et al. 2000) by 

allowing bidders to bid on an entire bundle of interest.  Thus, these auctions have been 

found to increase the efficiency, seller’s revenue, and bidders’ willingness to participate 

when bidder valuations of multiple items are superadditive (Ledyard et al. 2002). 

In spite of their benefits, one barrier to practical implementations of 

combinatorial auctions has been the complexity of bid evaluation.  Adomavicius and 

Gupta (2005) proved that, while there can never be more than N provisionally winning 

bids at any stage in a combinatorial auction of N distinct items, it is possible to have up 

to 2N–1 bids at any time that can potentially win the auction.  As a result, determining 

winners in combinatorial auctions in general is computationally intractable, i.e., an NP-

 
2 The exposure problem may occur when procuring multiple items through multiple single-item auctions, 
if bidders have complementary (superadditive) valuation for the items.  For example, if there are two 
items and a bidder has individual valuations of $100 for each item but a joint valuation of $250, then two 
single-item auctions may allocate goods to other bidders who have individual valuations greater than 
$100 but combined valuation of less than $250. If the bidder with complementary valuation bids too high 
on one of the items in the hope of winning the other item too, she exposes herself to a potential loss in the 
event that she is unable to win the second lot.   
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hard problem (de Vries and Vohra 2003). 

In single-item ascending auctions (e.g., English auctions), if a bidder has been 

outbid, she needs to bid an amount higher than the current highest bid to stand a chance 

of winning the auction.  However, in continuous combinatorial auctions this is not 

necessarily the case.  A bid that is not among the current winners can be among the 

future winners based on the combinations of later bids on other items.  For example, if 

we have a 2-item combinatorial auction for selling items A and B, and if the current 

bids are: (i) $10 for {AB}; and (ii) $5 for {A}, the second bid is not a current winner, 

assuming the auctioneer is maximizing her revenue (a standard assumption in the 

combinatorial auction literature).  However, if a new bid of $6 for {B} arrives, then bid 

(ii) becomes part of the currently winning bids. 

Therefore, bidders in combinatorial auctions usually do not have real-time 

awareness of the current status of their bids, e.g., whether their bids are currently 

winning or not.  Even if the winning set of bids is identified, formulating an efficient 

bid on a chosen bundle can be a cognitively daunting task.  For a combinatorial auction, 

a minimal potentially successful bid has a range of options, taking any value from the 

minimal currently winning bid and including all bids that would not currently be 

winning but might be in the future.  This has led researchers (Adomavicius and Gupta 

2005; Kwasnica et al. 2005) to assert that the computational complexity faced by the 

bidders is an even bigger challenge than winner determination in making combinatorial 

auctions practical for general use. 

Owing to these complexities, continuous versions of combinatorial auctions, 

similar to the classic English auction, are rare.  However, several iterative solutions 
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aimed at reducing the computation complexity have been introduced recently (e.g., 

Ausubel et al. 2005, Goeree and Holt 2009, Kwasnica et al. 2005, Parkes 1999, Porter et 

al. 2003).  These approaches primarily focus on creating rules and restrictions to allow 

several well-defined rounds of bidding, with the auctioneer declaring the intermediate 

results after each round.  Bidders place bids in the same round before the auctioneer 

ends the round, decides on the provisional set of current winning bids, and updates any 

information that is provided to bidders.   

Such discrete mechanisms, however, are difficult to implement in electronic 

marketplaces where bidders can potentially join an ongoing auction at any time and 

expect to immediately find up-to-date information about the auction state (e.g., “How 

much do I need to bid to win item X?”).  Therefore, we are interested in facilitating a 

version of the combinatorial auction that is simple, transparent, optimal, efficient, and 

also continuous.  A goal is to make the rules of the auction as simple as possible, so that 

the mechanism can be more easily deployed in online marketplaces for business-to-

consumer (B2C) and consumer-to-consumer (C2C) exchanges.  Continuous auctions, in 

general, are an attractive mechanism because they require minimal bidder 

sophistication, and bidders have limited incentives to invest in acquiring information 

regarding other bidders’ values or strategies (Banks et al. 2003).  If continuous auctions 

can be made practical, the use of combinatorial auctions can be greatly expanded 

beyond their current uses in iterative settings with restrictive rules and the need for an 

overseeing auctioneer.  Bidder interactions with continuous auctions would be more 

similar to the commonly available and widely used ascending auctions for single items 

and, consequently, such auctions would become easier to adopt in the broader online 
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marketplace for consumer-centric commerce.  But, given their complexity, are 

continuous combinatorial auctions feasible in consumer-oriented markets? 

1.2 Research Objectives 

Our first research objective is to design the necessary infrastructure to facilitate a 

continuous form of combinatorial auction that neither limits the scope to a specific 

application (e.g., FCC spectrum auctions) nor imposes restrictive bidding rules (e.g., 

discrete bidding rounds) on its participants.  The goal is to create an intuitive 

combinatorial bidding environment similar to that of classical auctions (i.e., English 

auctions) prevalent on the Web.     

The design of such an environment requires real-time feedback that can assist 

bidders not only in identifying intermediate winners but also in formulating successful 

bids.  Using theoretical constructs developed by Adomavicius and Gupta (2005), we 

have designed novel feedback schemes (discussed in detail in Chapter 2) to ease the 

cognitive burden on the bidders by making information available that matches the 

demands of their task.  However, an important research question is how different types 

of feedback will affect the behavior of the bidders.  In particular, would the monetary 

performance of the auction be influenced by the quality and quantity of feedback? Will 

bidders find the continuous mechanism sufficiently easy to use?   Will the nature of 

feedback have an impact on the dynamics of the auctions?  The answers are important 

in assessing the viability of continuous combinatorial auctions for consumer-centric 

electronic commerce. 

To address the questions, we conduct an empirical investigation of how different 

types of feedback influence the characteristics of continuous combinatorial auctions, the 
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perceptions of users, and the behavior of the bidders.  The empirical study has both 

normative goals, drawing from economics, and descriptive goals, drawing from 

decision psychology.  The objective is to study how feedback affects (a) the monetary 

performance of auctions, (b) bidders’ experiences with the mechanism, and (c) the 

dynamics of auctions that drive their outcomes.  We address each of these three issues 

in Chapters 3, 4, and 5 respectively.   

Most studies evaluating design choices of auctions focus on the performance of 

the systems in terms of the economic properties of the mechanism (see, for example, 

Arora et al. 2007; Kwasnica et al. 2005).  Derived from the auction literature, metrics 

related to the economic performance of combinatorial auctions include allocative 

efficiency, seller’s revenue, and bidders’ profits.  We use these metrics to evaluate the 

performance of the continuous auctions in Chapter 3.  

While the variables related to the monetary performance of the auctions are 

important for assessing the quality of a market mechanism, numerous studies in IS also 

emphasize the need for favorable user perceptions of a system for it to be adopted and 

used by people.  But, to our knowledge, no one has ever asked the question: Will the 

users, (i.e., the bidders), adopt the mechanism?  Such a question may be trivially true 

for certain simple IT-enabled tasks, e.g., single-item auctions; however, as complexity 

of IT increases, the question becomes increasingly pertinent.  This is certainly the case 

for complex online auctions, since a mechanism with an inferior design can be 

devastating to interesting business models.  Therefore, we measure the adoption 

potential of the continuous auctions in Chapter 4.  Given that continuous combinatorial 

auction is an IT-enabled artifact, perceptual measures are derived from the information 
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systems (IS) success literature, and include perceived ease of use, perceived usefulness, 

intention of use, perceived performance, and task-technology fit.  The perceptual 

measures relate to users’ experiences with the mechanism, and are meant to gauge the 

extent to which consumers are likely to adopt this mechanism once it is deployed in the 

electronic marketplace. 

Finally, in order to design effective economic institutions, it is important to 

understand the behavior of participants and the strategies they pursue in response to the 

information they receive.  We propose to analyze bidder behavior in the continuous 

combinatorial auctions to seek answer to questions, such as:  What bidding heuristics do 

the bidders adopt? Are some strategies more successful than others?  And, what are the 

profit implications of different strategies?  We adopt an inductive approach to answer 

these questions in Chapter 5.  Answering these questions should pave the way for not 

only enhancing the design of practical combinatorial auctions but also designing more 

user-centric artificial bidding agents. 

To summarize, our research objectives are: (i) to develop decision support 

capabilities that can facilitate the implementation of continuous versions of 

combinatorial auctions in the online marketplace, (ii) to compare the economic 

properties of the mechanism with and without these decision aids, (iii) to analyze the 

consumer acceptance potential of the mechanism with different types of feedback, and 

(iv) to analyze bidders’ decision making processes in these complex environments.   
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2. Designing Continuous Combinatorial Auctions 

2.1 Introduction 

IT is being increasingly used to automate existing market processes, but it also presents 

opportunities to design and deploy new, innovative market mechanisms.  While the 

benefits of combinatorial auctions in the presence of superadditive valuations of assets 

have been theoretically and empirically demonstrated, the inability to provide 

meaningful feedback in real time has resulted in limited application of such auctions.  

Continuous mechanisms, where bidders update their bids in an ongoing fashion and not 

just in discrete rounds, are primary characteristics of most online auction institutions.  A 

basic requirement for generating bidder participation in such auctions is the availability 

of information regarding the current state of the auction, e.g., identification of the 

currently winning bid(s).  Online auctioneers have implemented many different 

variations of classical single-item auctions (including auctions with multiple units – see, 

for example, Bapna et al. 2003), but there have been no widespread implementations of 

continuous combinatorial auctions to sell multiple items to multiple bidders.  This has 

led researchers (Adomavicius and Gupta 2005, Kwasnica et al. 2005) to assert that 

supporting bidders in combinatorial auctions is the next big challenge in facilitating 

wider use of combinatorial auctions.  

Kwasnica et al. (2005) noted that winner determination no longer remains a 

major challenge for combinatorial auctions, since the availability of increased 

computing power permits computational solutions in reasonable time for reasonably-

sized problems using commercial software, such as CPLEX (see, for example, 

Andersson et al. 2000).  They instead identified bidder support as the major obstacle to 
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combinatorial auctions reaching their potential.  Pekeč and Rothkoph (2003) similarly 

noted that “bidtakers should take particular care in providing tools that help bidders in 

bid preparation” (pp. 1501).  To date, only limited bidder support techniques have been 

developed for combinatorial auctions.  For example, Banks et al. (1989) created an 

Adaptive User Selection Mechanism (AUSM) in which it is the responsibility of the 

bidder to look at the existing bids in a bulletin board and submit her new bid in such a 

way that it becomes a part of the bid combination that provides maximal revenue for the 

auctioneer.  Our research is focused on facilitating a continuous combinatorial auction 

environment by designing a useful bidder support system that not only provides bidders 

with information regarding provisional allocation, but also guides bidders through 

appropriate and exact3 price feedback, without the intervention of the auctioneer. 

The development of such an environment requires real-time bid evaluation.  A 

major step towards that direction was taken by Adomavicius and Gupta (2005), who 

classified bids into categories and identified theoretical relationships among these 

categories.  Based on the identified relationships, it became possible to define several 

novel constructs, such as live (non-losing) and dead (losing) bids, which help in 

developing efficient approaches towards providing real-time responses to various bid-

related queries, such as: “Is my bid currently winning?” or “Does my bid stand a chance 

of winning in the future even if it is not currently winning?”  We use these constructs to 

develop several feedback schemes to support a continuous combinatorial auction 

environment, where bids can be submitted at any time.  Before describing the details of 

 
3 Some of the iterative combinatorial auctions proposed in the literature (such as RAD proposed by 
Kwasnica et al. 2005) provide only approximate prices of bundles as feedback to bidders. 



 

our modes of feedback, we first provide an overview of the computational real-time 

bidder support capabilities. 

2.2 Computational Infrastructure for Real-Time Feedback 

Let I be the set of distinct items to be sold in a combinatorial auction, and let N = | I |.  

The terms auction set and auction size refer to I and N, respectively.  Bidders can place 

bids on any itemset, which refers to any non-empty subset of I.  A bid b can be 

represented by the tuple b = (S, v, id).  Here S denotes the itemset the bid was placed on 

(∅ ⊂ S ⊆ I), also called the span of the bid; v denotes the value of the bid (v > 0), e.g., 

the monetary amount specified in the bid; and id denotes the bidder who submitted this 

particular bid.  Given bid b, S(b), v(b), and id(b) are used to refer to the span, value, and 

bidder of the bid, respectively.  We also use the notion of auction states.  In particular, 

auction state k (where k = 0, 1, 2, …) refers to the auction after the first k bids are 

submitted.  The bid set is denoted as Bk, i.e., Bk = {b1,…,bk}.  Auction state 0 refers to 

the auction before any bids are made, i.e., B0 = ∅.  Obviously, Bk ⊆ Bl, for any k and l 

such that k ≤ l.   

Given an arbitrary set of bids B in a combinatorial auction, a bid set C (where C 

⊆ B) is called a bid combination in B if all bids in C have non-overlapping spans, i.e., 

for every bx, by∈C such that bx ≠ by, we have S(bx) ∩ S(by) = ∅.  Let Ck denote the set 

of all bid combinations possible at auction state k, or, more formally, Ck = { C ⊆ Bk | 

bx,by∈C, bx ≠ by ⇒ S(bx) ∩ S(by) = ∅ }.  We assume that the winners of the auction are 

determined by maximizing the seller’s revenue, i.e., 
C

( )max
k

b CC
v b

∈∈
∑ , which is a standard 

assumption in the combinatorial auction research literature.  The bid combination that 
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maximizes this expression is called a winning bid combination and is denoted as WINk 

(for auction state k).  Moreover, given auction state k, bid b∈Bk is called a winning bid 

in Bk if b∈WINk.  Furthermore, if bid b∈Bk is not a winning bid in Bk and cannot 

possibly be a winning bid in any subsequent auction state, then b is called a dead bid in 

Bk.  Formally, bid b∈Bk is dead if b∉WINk and (∀Bl ⊇ Bk)(b∉WINl).  The set of all dead 

bids in Bk is denoted as DEADk.  On the other hand, if b∉DEADk then bid b∈Bk is called 

a live bid in Bk.  The set of all live bids in Bk is denoted as LIVEk.  Based on the 

definitions of WINk, DEADk and LIVEk, it is easy to see that: (i) DEADk ∩ LIVEk = ∅ 

and DEADk ∪ LIVEk = Bk, i.e., at any auction state k any bid b∈Bk can either be live or 

dead, but not both; (ii) WINk ⊆ LIVEk, i.e., every winning bid is obviously live; and (iii) 

DEADk ⊆ DEADk+1, i.e., once a bid becomes dead, it can never become live again. 

Now, assume that an auction participant is interested in bidding on a bundle, say 

X ⊆ I.  It is important for a bidder to know how much she should bid on X at a given 

time (i.e., at any auction state k), in order to guarantee that her bid is either winning or 

at least stands a chance of winning in the future (i.e., it is not dead).  For this purpose 

the following bid evaluation metrics are used (Adomavicius and Gupta 2005): 

1. Bid winning level (WL): for itemset X at auction state k, WLk(X) denotes the 

minimal value that auction participants have to bid on itemset X in order for this 

bid to be winning.  In other words, after k bids have already been submitted, any 

bid bk+1 on itemset X that has value above WLk(X) will be winning, i.e., v(bk+1) > 

WLk(X) where X = S(bk+1) implies bk+1 ∈ WINk+1. 
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2. Bid deadness level (DL): for itemset X at auction state k, DLk(X) denotes the 

minimal value that auction participants have to bid on itemset X in order for this 

bid to be live.  Similar to above, after k bids have already been submitted, any 

bid bk+1 on itemset X that has value above DLk(X) will be live, i.e., v(bk+1) > 

DLk(X) where X = S(bk+1) implies bk+1 ∈ LIVEk+1. 

We will explain the three possible bid states (live and winning, live and not 

winning, dead) and the two possible price levels (winning level, deadness level) for 

each combinatorial bid with an example of a three-item auction with the items being A, 

B, and C.  Table 2.1 shows the status of all the placed bids at an auction state k = 5. 

Bids 1 and 4 form the winning bid combination at the current state of the auction, with 

total revenue of $25, which is greater than that of any other bid combination.  

Table 2.1.  Example of bid status after five bids have been placed 

Bid sequence [span; value] Status after 5 bids 

1. [A; $10] Live and Winning 

2. [AC; $20] Dead 

3. [C; $11] Live but not Winning 

4. [BC; $15] Live and Winning 

5. [AB; $13] Live but not Winning 

Bid 2 is dead (after five bids are submitted) because the combined revenue from 

the bids on {A} (Bid 1) and {C} (Bid 3) exceeds that of the bundle {A, C}, so Bid 2 

cannot win at any subsequent state of the auction.  Bids 3 and 5 still have a chance to 

win depending on subsequent bids (e.g., a new bid of $13 on {C} would make Bid 5 

winning) and hence are still live.  Now, suppose a bidder wants to bid on item {B}.  

Since no bid on {B} has been placed yet, the DL on that bundle is $0, i.e., any bid 
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above $0 would be live.  The WL, on the other hand, is $4 because the bidder has to bid 

more than that in order to make it a winning bid in combination with the existing bids 

on {A} and {C}.  Thus, if the bid increment is $1, the bidder will have to bid at least $1 

on item {B} to have a chance of winning the item in the future and at least $5 in order 

to be winning at the current state of the auction. 

 Additional theoretical results about bid states and price levels in combinatorial 

auctions can be found in Adomavicius and Gupta (2005). 

 The complexity of combinatorial auctions emphasizes the need to offer real-time 

support capabilities to help bidders evaluate the existing bids as well as to provide price 

guidance in formulating new bids.  The metrics we discussed in this section provide the 

opportunity for conducting continuous combinatorial auctions similarly to ascending 

English auctions and their counterparts by providing real-time feedback to bidders.   

2.3 Feedback Schemes for Conducting Continuous Combinatorial Auctions 

The computational infrastructure derived from the concepts presented above allows us 

to provide a variety of information feedback to bidders that could potentially be useful 

in planning and executing their bidding strategies.  These are as follows: 

a) Identifying the winning bids at all stages of the auction;  

b) Removing the dead bids at all stages of the auction; 

c) Specifying the DL for any chosen bundle at all stages of the auction; 

d) Specifying the WL for any chosen bundle at all stages of the auction. 

The first two forms of feedback address the computational complexity of 

calculating winning and losing bids in combinatorial auctions and are expected to 

provide the bidders better awareness regarding the state of all the submitted bids.  
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However, as explained earlier, in combinatorial auctions, even if the bidders realize that 

their bids are not currently included in the provisional allocation, it is a cognitively 

challenging task to revise their bids so that they become winning.  Specification of DL 

and WL provides the knowledge regarding the exact prices (unlike the approximate 

prices provided in most of the iterative auctions summarized earlier) for any bundle: DL 

for knowing the minimum potential non-losing bid, and WL for knowing the minimum 

potential winning bid, at any stage of the auction.    

Furthermore, the ability to place live bids along with the provision of the DL 

potentially allows the bidders to cooperatively overcome the threshold problem (Banks 

et al. 1989).  In combinatorial auctions, the threshold problem refers to the difficulty 

that bidders seeking smaller bundles face in outbidding a single bidder who places a 

high bid on a larger bundle of which the smaller bundles are subsets.  For example, 

consider three bidders competing for two assets: A and B. Suppose that {A} is worth 

$50 to Bidder 1; {B} is worth $50 to Bidder 2; and the bundle {AB} is worth $75 to 

Bidder 3.  Now, if Bidder 3 places a bid of $60 on {AB}, neither of the other two 

bidders acting unilaterally can afford the $60 necessary to match the bid by Bidder 3.  

However, in our setting, due to the availability of DL, bidders 1 and 2 can each place 

smaller live bids, which they can gradually increase to unseat the bigger bid.  For 

instance, in the above example, bidders 1 and 2 could each incrementally place live bids 

of $5, $10, $15, $20, $25, $30, $35 on {A} and {B}, respectively.  As a result, when 

bidder 1 reaches $35 on {A} and bidder 2 reaches $35 on {B}, their combined bids will 

become winning (without any of the bidders having to singlehandedly outbid bidder 3).  

Banks et al. (1989) allowed two live bids per bidder to be placed on a bulletin board to 
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minimize the threshold problem.  However, by making DL explicitly available, our 

auction environment gives bidders the ability to place minimum live bids for bundles 

whose winning levels at any stage of the auction are higher than the bidders’ valuations, 

thus mitigating the threshold problem. 

If the bidders are able to utilize all the feedback to construct appropriate bundles 

and place bids with appropriate amounts, we would expect more efficient bidding.  

Since higher efficiency means that the total value of the trading system is higher, it has 

the potential to result in higher revenues for the seller, better surpluses for the bidders, 

or both.  A caveat arises from the bidders’ abilities to incorporate the feedback in their 

decision making:  Can bidders exploit the information provided to them in formulating 

their bids or will the feedback lead to information overload?   

To be able to study any differences on the outcome of auctions with differing 

quality and quantity of feedback, we measure the performance of the auctions with three 

progressively advanced levels of feedback.  This is important because researchers 

across disciplines (see for example, Grise and Gallupe 1999, Jacoby 1984, Schick et al. 

1990, Sparrow 1999) have found that the quality of decisions (or reasoning in general) 

of an individual correlates positively with the amount of information he or she receives 

– up to a certain point.  If further information is provided beyond this point, the 

performance of the individual will rapidly decline (Chewning and Harrell 1990).  The 

individual will no longer be able to properly interpret, synthesize, and integrate the 

information into the decision-making process (O’Reilly 1980).  A diminished decision 

quality may result when supply of information exceeds the information processing 

capacity of an individual (Malhotra 1982). 
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Therefore, for the purpose of our empirical investigation of the impact of 

feedback on auction characteristics and user behavior, we propose three distinct 

treatments, i.e., three different levels of feedback, each cumulatively providing higher 

levels of information to the bidders:  

(i) Level 1: Baseline feedback (control) – this represents the continuous 

combinatorial auction setup where all submitted bids are visible to all 

bidders, but no other feedback is provided.  The baseline provides a basis 

for identifying any benefits provided by greater feedback. 

(ii) Level 2: Outcome feedback – this level includes all feedback provided in 

Level 1 plus identification of the winning bids at all stages of the auction, 

i.e., the bidders will always be aware of which bids would win if the 

auction ended right then.  The identification of the winning bids represents 

a non-trivial feedback, since winner determination in combinatorial 

auctions is a computationally complex problem, as mentioned earlier. 

(iii) Level 3: Price feedback – this level includes all feedback provided in 

Level 2 plus price feedback.  As mentioned above, this includes the 

specification of the DL (i.e., maximum price at which bids can never be 

part of a winning bid combination) and the WL (i.e., minimum price above 

which bids become part of the set of currently winning bids) for every 

possible bundle.  Furthermore, the dead bids are removed in this feedback 

level.  This feedback is expected to direct the bidder toward formulating 

smarter, more informed bids. 
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2.4 Experiment Design for Empirical Study 

In order to test the feasibility of a continuous mechanism, and also examine the effects 

of various quality and quantity of feedback on the performance (using both economic 

and perceptual metrics) of combinatorial auctions, we conduct laboratory experiments 

where bidders participate in one of three possible treatments that differ only in the type 

of feedback provided.  We consider a hypothetical auction environment wherein 

individuals bid on real-estate properties surrounding a lake.  Our experimental 

environment is scalable, and it provides a plausible scenario in which certain sets of 

items, e.g., adjacent properties, might have greater value as a set than the sum of their 

values individually.  This feature provides the opportunity for combinatorial bidding to 

offer advantages over traditional, non-combinatorial, single-item bidding.  To construct 

the experimental setup, we relied on theoretical and empirical advances in experimental 

economics. 

Laboratory data forms an important means of analyzing and comparing complex 

auction mechanisms before they are implemented in the field.  As Kwasnica et al. 

(2005) argue: “… test bed environments in the laboratory […] exhibit as much 

complexity or simplicity as one wishes.  In these environments, one can test any 

auction” (pp. 421).  Several recent studies that have used an experimental methodology 

to test various combinatorial auction designs, primarily in evaluating the design for 

FCC spectrum auctions, provide a starting point for our research.  For example, Ledyard 

et al. (1997), during the evaluation of proposals for the FCC spectrum auctions, 

explored whether multiple items should be auctioned sequentially or simultaneously; 

they also examined the question of whether bundle bidding should be allowed.  They 



 

 19 

found that simultaneous auctions were a better choice for heterogeneous items, and that 

bundle bidding is only preferable when there are significant complementarities among 

items.   

Banks et al. (2003) compared simultaneous multi-round auctions (SMA) with 

combinatorial multi-round auctions (CMA) and found that CMA outperforms SMA 

from an efficiency perspective when individuals have superadditive preferences for 

bundles; however, SMA performs better from a revenue perspective, while CMA takes 

more rounds to complete.  Kwasnica et al. (2005) proposed a new design called the 

Resource Allocation Design (RAD) and compared it to Banks et al.’s (1989) AUSM, 

and SMA.  Kwasnica et al. reported that their design, which provides bidders with 

approximate price guidance at the end of each round, was more efficient than SMA, and 

at least as efficient as AUSM.  Note that, although AUSM is a continuous mechanism, it 

provides very limited feedback to bidders for composing and revising bids.  Recently, 

Goeree and Holt (2009) introduced the Hierarchical Package Bidding (HPB) 

mechanism that performed better than RAD and SMA in the laboratory, although the 

mechanism is tailored for a significantly constrained structure of hierarchical bundles 

proposed by Rothkopf et al. (1998).  We borrow significant design aspects from these 

experimental setups. 

2.4.1 Experimental Environment 

In our auctions, m bidders compete to acquire N property lots surrounding a lake.  For 

the specific experiments described in this paper we used m = 3 and N = 6.  Let J be the 

set of bidders, and, as specified earlier, I the set of distinct items.  The property lots are 

adjoining and successively labeled A through F as shown in Figure 2.1a.  The first and 



 

the last lots are also adjoining.  Note that, while the spatial environment considered by 

Kwasnica et al. (2005), and Ledyard et al. (1997) also had six items, the set of items 

each bidder could bid was restricted.  However, we allow bids on all 26 – 1 (i.e., 63) 

possible combinations of N (= 6) items. 

Each bidder has a preferred lot – the lot that she values most.  The identity of 

the preferred lot is private information to each bidder.  The value of this lot is 

represented by vp.  The preferred lots make it a hard environment for the outcome or the 

price feedback to have comparative advantages over the baseline case, since good 

efficiency can be obtained even without feedback if bidders focus their attention around 

their preferred lot.  This provides a strong test of the feedback hypotheses.  The value of 

all other lots decreases by a certain percentage rd as the lot is farther from the preferred 

position.  We call this the rate of decay.  Let the distance of a lot imply how far it is 

from the preferred lot in terms of the number of lots in between.  Thus, all adjoining lots 

of the preferred lot for a bidder are at distance 1.   

 

 

  

 

Figure 2.1a.  Property lots 
surrounding a lake 

Figure 2.1b.  Valuation of lots with 
preferred lot A, vp = $100, and decay rate rd 
= 50% 

 

If dij denotes the shortest distance of the ith lot for the jth bidder (i.e., minimum of the 
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clockwise and counterclockwise distances), then the value vij of the lot i to the bidder j 

is given by:  

,)1( ijd
dpij rvv −=  for i∈I, j∈J (1) 

For example, if Lot A is the preferred lot with vp = $100, and if the decay rate rd is 50%, 

then the values of the individual lots will be as shown in Figure 2.1b.  This setup creates 

a distribution of valuations for each bidder that is very easy to scale with more bidders 

and more assets.  Furthermore, any significant differences in efficiency we see with the 

provision of feedback in the design can be attributed to feedback. 

A key characteristic that contributes to the efficiency of combinatorial auctions 

is the non-linear valuation of items.  That is, the valuation of a bundle is not simply 

additive but superadditive due to the existence of complementarities among the items in 

the bundle.  We introduce this possibility in our design through the use of variable rs, 

called the superadditivity rate.  Owning adjoining lots increases the combined value of 

the lots by rs for every additional adjoining lot, thereby creating superadditive 

valuations. The value of any bundle will have superadditive valuation depending on the 

number of adjoining lots in the bundle.  In our case, if a is the number of consecutively 

adjoining lots in the bundle, then the superadditive adjustment for the valuation of this 

bundle is (a – 1)rs.  For example, if rs = 10% then the valuations of some bundles for the 

case depicted in Figure 2.1b, are shown in Table 2.2. 

Table 2.2.  Examples of superadditive valuation calculation 

  Bundles Number of adjoining 
lots Valuations of bundles 

Example 1 {AF} 2 adjoining ($100 + $50) * 1.1 = $165.00 

Example 2 {CDE} 3 adjoining ($25 + $12.5 + $25) * 1.2 = $75.00 
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Example 3 {BEF} 1 separate; 2 adjoining $50 + ($25 + $50)*1.1 = $132.50 
 

The aforementioned example can be generalized with a set of parameters to the 

experimental environment of Banks et al. (2003), where the valuation of an itemset can 

be defined as: 

∑∑∑
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>
Ω∈Ω∈
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where VΩ j is the value of the bundle Ω for bidder j.  Here bundle Ω is represented by an 

ordered set of items; vij is the valuation of item i∈Ω by bidder j; Aj is the superadditivity 

factor for bidder j; and  the minimum of clockwise and counter-clockwise distances 

between two items.  For example, if = 1 (say, for adjacent items i and k), the total 

value of a bundle just consisting of these two items would be (vij + vkj + Aj).  Such a 

setup allows both for a compact description of the scenario that can be provided to 

bidders participating in the auction as well as for building a simulation of the auction 

environment.   

ikl

ikl

2.4.2 Experimental Rules and Procedure 

The preferred lots for the three bidders were chosen A, C, and E respectively.  The 

values of the other variables were set as: vp = $100, rd = 50%, and rs = 10%. The 

distribution of the valuation of the lots is shown in Figure 2.2.  Since the bidder 

valuations are identically distributed, any consistent differences in bidders’ behaviors 

among auctions with differing levels of feedback can be reasonably attributed to 

varying bidder responses to feedback.  We conducted several simulation runs with 

computerized bidding agents as well as several pilot tests with human bidders to refine 
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values of the parameters in our model before carrying out our main experiments.  For 

instance, a variation of rs (the superadditivity rate) can have a significant impact on the 

outcome of the auction.  For example, in our setup, if rs = 25%, the optimal allocation is 

for one bidder to buy all the lots.  In that case, if a bidder places a high bid on the 

bundle that includes all the lots, no other combination of bids can outbid her.  After 

several simulations we chose to set rs = 10%; this leaves ample room for combinations 

of bundle bids to outbid a single bid on all the lots, providing a competitive bidding 

environment. 

 

 

 

 

 

 
Bidder 1 Bidder 2 Bidder 3 

Figure 2.2.  Valuation of lots for the bidders 
 

Bidders were allowed to place any number of bids on individual lots as well as 

on any combination of lots.  They could place as many bids as they wanted and at any 

time they wanted during the course of the auction.  In keeping with practical online 

auctions, bid withdrawal was not allowed.  At the end of the auction, winners were 

determined, and the participants were notified of the result along with their individual 

profits based on the final allocation.  In addition to these general rules, we adopted the 

following specific rules:  

(i) Bid increments:  The bid increment was set at $1.  The auction interface 
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ensured that only integer (dollar amount) bids could be submitted;  

(ii) Stopping rule:  For the continuous auctions, a soft stopping rule was used, 

i.e., after an initial time period, the auction ended if no new bids were 

placed for x minutes.  This rule of extending the auction was followed in 

order to eliminate sniping, i.e., placing bids in the last few seconds of the 

auction.  The initial time period was chosen as 13 minutes, with x = 2 

minutes.  So, each auction lasted at least 15 minutes.  The average 

duration of the auctions was 27 minutes. 

Bidders were explained how the valuations were generated.  The auction 

interface allowed them to see their individual valuations for any bundle.  The bidders 

were not given any fixed budget, but the final compensation scheme was based on their 

individual performances in terms of their retained surplus. Bidders were paid for the lots 

they won in proportion to their profits from the auction.  Profit was calculated as the 

difference between their valuation of the item(s) and their winning bid(s).  

Consequently, their profits were positive, zero, or negative depending on whether their 

winning bid was less than, equal to, or greater than their valuation, respectively.  If they 

did not win any lot, their profit was zero.  Each subject was paid an up-front sum of $10 

for participation.  Friedman and Sunder (1994) recommend this practice for three 

reasons: (a) to reduce tardiness, (b) to establish ex ante credibility with the subjects that 

the rewards being promised to them will be paid to them promptly, and (c) to provide an 

initial cushion of wealth they can afford to lose in the actual experiment without dipping 

into their own wallets.  At the end of the auction, they were paid 20 cents for every 

experimental dollar of their profit.  Similarly, they were charged 20 cents from their 
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participation fee for every dollar of loss.  The maximum amount that could be taken off 

was their participation fee.  To protect against bias induced due to learning effects, we 

ensured that a given participant only participated in a single auction. 

2.4.3 Auction Interfaces 

The auction interface for all three treatments (i.e., feedback levels) of the continuous 

combinatorial auctions was the same except for the type of feedback provided.  The 

screenshots are provided in Appendix 1.  With baseline feedback, all bids were 

displayed, with the bidder’s own bids identified on her own screen.  The bidders’ 

assigned valuations for the individual lots were displayed on their screens at all times.  

The bidders could find their private valuations for any possible combination of the lots 

(bundle) by clicking on checkboxes provided against each lot.  Bids could be placed by 

selecting the lots, entering a bid amount, and then pressing the <Submit Bid> button. 

The total elapsed time of the auction and the time since the last bid was placed were 

also displayed.  

With outcome feedback, in addition to displaying all the bids, the winning bids 

at any given stage of the auction were identified.  The set of winning bids was updated 

after every new winning bid.  

Price feedback consisted of a specification of the following prices for any given 

bundle at any point during the auction: (1) DL*: DL+ε (where ε is the bid increment) – 

the minimum price at which their bid stands a chance of winning in the future given all 

the other bids at that state of the auction, and (2) WL*: WL+ε – the minimum price at 

which their bid would be winning at that state of the auction.  These two prices 

provided a range of values for utility-maximizing bidders to bid on a selected bundle.  A 
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bidder could find these two bounds for any possible bundle by simply clicking on the 

lots constituting the bundle of interest.   
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3. Analysis of Economic Performance of Continuous 
Combinatorial auctions 

3.1 Introduction 

The construction of the information infrastructure for real-time bidder support raises the 

issue of feedback and its impact upon the economic properties of the auction as well as 

the behavior of the auction participants.  Will bidders be able to properly interpret and 

synthesize all the information available to them in order to formulate efficient bids?  Is 

more feedback regarding the state of the auction necessarily better?  It is often not clear 

whether economic agents are able to fully assimilate all the information presented to 

them in their decision-making process.  If the bidders feel overwhelmed with 

information, their decision quality might deteriorate (O’Reilly 1980).  Therefore, the 

primary goal of this study is to analyze the effects of progressively advanced levels of 

feedback on the economic performance of continuous combinatorial auctions in terms 

of efficiency, seller’s revenue, and bidder’s surplus.  Such studies are absent in the 

literature, primarily because the capabilities have only now been developed to carry out 

such auctions in real-time and to provide potentially useful real-time feedback. 

While the issue of the impact of information revelation policies on the outcome 

of auctions has been studied both theoretically (e.g., Arora et al. 2007) as well as 

experimentally (e.g., Koppius and van Heck 2003) in the context of procurement, 

similar studies have not been conducted for continuous combinatorial auctions.  The 

increased information revelation can be expected to decrease bidders’ uncertainty 

thereby increasing the efficiency of auctions by lowering the probability that assets go 

to the bidders with relatively lower valuations.  However, how the gains of the trade 



 

from higher efficiency will be distributed between the seller and the buyers is not 

apparent from the literature.  Will higher efficiency lead to higher seller’s revenue, 

higher bidders’ surplus, or both?  In a complex combinatorial bidding environment, the 

answer will likely depend on how bidders utilize the information provided to them via 

different forms of feedback. 

3.2 Performance Measures 

When choosing an auction design, a variety of criteria and measures may be used: 

Allocative efficiency, seller’s revenue, and bidders’ profit (or surplus) (Kwasnica et al. 

2005, Ledyard et al. 1997).  In general, as noted earlier, there are tradeoffs among these 

measures.  We considered the following criteria and measures in comparing the 

economic outcomes of the auctions under various feedback regimes: 

(i) Allocative efficiency.  The allocative efficiency of a mechanism measures 

the social welfare from the allocation using the mechanism as compared to 

the maximum social benefits that could have been achieved.  An auction is 

said to be 100% efficient when it assigns the set of offered items so that 

the total value that society obtains from the items is maximized.  The 

optimal allocation occurs when: (i) the winning combination represents the 

itemsets that have the largest possible aggregate valuation among the 

bidders, i.e., no other combination of itemsets can produce higher 

combined valuation; and (ii) the itemsets are sold to individuals that have 

the highest valuations for those itemsets (regardless of the actual auction 

price).  The allocative efficiency (η ) can be calculated as follows:  
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Total Auction Revenue +Total Consumer Surplus Valuation of  Auction Winners
Max Possible Total Valuation Max Possible Total Valuation

η = =

. 

Allocative efficiency has been widely used as a performance measure in the 

combinatorial auctions literature.     

(ii) Seller’s Revenue.  The seller’s revenue is the sum of the prices that the 

bidders pay for the items they win.  The amount of revenue generated from 

a particular auction mechanism partially depends on the distribution of the 

asset valuations across bidders.  This distribution changes when the 

number of bidders participating in the auction changes.  However, in our 

experiments the number of bidders and the distribution of the valuations 

are held constant across treatments.  Hence the revenue generated from all 

the treatments can be easily compared.  While a more competitive 

environment may yield higher revenues, a less information-rich 

environment also may yield higher revenues depending upon bidders’ risk 

preferences. 

(iii) Bidder’s Profit.  Each bidder’s profit (or surplus) reflects the increase in 

net worth of the bidder after the trade.  Bidders may be unwilling to 

participate in auctions where the seller extracts relatively high revenue 

from the trade, i.e., bidders’ net worth after the trade does not increase 

significantly.  Bidders’ surplus is also important from the perspective of 

comparisons across feedback levels.  For example, higher efficiency 

implies that the total value of the trade is higher (as compared to a lower 
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efficiency trade); however, if a seller is able to extract all the increases in 

value, bidders may prefer a mechanism with lower efficiency that may 

provide them similar or higher surpluses.  We measure and report 

individual bidder surpluses in each of the auctions we conducted.  

3.3 Research Hypotheses 

Recent studies on iterative auctions summarized earlier have argued that, if individuals 

or entities with high valuations can be provided with information on competitors’ bids, 

they are more likely to post competitive bids themselves.  This increases the likelihood 

of more efficient outcomes, as the bidders with relatively small valuations are outbid.  

Therefore, most of the studies in the literature have focused on some form of outcome 

feedback within or across mechanisms.  For example, while Porter et al. (2003) found 

that their Combinatorial Clock (CC) auction was more efficient as compared to SMA 

(due to complementarity of items), they also observed that auction systems that provide 

feedback and allow bidders to update their bids produce more efficient outcomes than 

their sealed-bid counterparts.  Similarly, Kwasnica et al. (2005) found that their RAD 

design, which provides winning bid information after every round, produces higher 

efficiency than SMA.  Since we provide winning bid information in both outcome and 

price feedback cases, we hypothesize that these two cases will have a significantly 

higher efficiency than the baseline case.  However, since price feedback (which, in 

addition to pointing out winning bids, provides winning and deadness levels for any 

item or bundle of interest) provides information that is implicitly oriented towards 

avoiding too high a bid at a given point in the auction, it is not clear whether there 

should be an efficiency impact as compared to outcome feedback.  Therefore, we have 
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the following hypotheses regarding the efficiency outcomes of the three different 

feedback levels: 

Hypothesis 1a: The efficiency in the case of outcome feedback will be greater 

than the efficiency in the case of baseline feedback. 

Hypothesis 1b: The efficiency in the case of price feedback will be greater than 

the efficiency in the case of baseline feedback. 

Hypothesis 1c: The efficiency in the case of price feedback will be similar to the 

efficiency in the case of outcome feedback. 

 Since we are proposing that the efficiency of the auctions with outcome and 

price feedback will be similar (although higher than in the baseline feedback case), it is 

important to think about the impact of feedback on seller’s revenue.  As discussed 

earlier, higher efficiency has the potential to increase either the revenue of the seller or 

the surplus of bidders, or both.  Since we expect higher efficiency with outcome and 

price feedback compared to the baseline case, we expect both the seller’s revenue and 

bidders’ profit (surplus) to be higher with outcome and price feedback as compared to 

baseline feedback.  However, with similar efficiency between outcome and price 

feedback, whether a given feedback leads to higher revenue or surplus depends on how 

bidders respond and use these different types of feedback.  Simply providing outcome 

feedback is generally insufficient for decision makers to make myopically optimal 

decisions (Brehmer 1980), since the feedback lacks strategic information regarding 

which itemsets to bid on and the amount associated with those bids from an individual 

bidder’s perspective.  The price feedback condition provides a higher level of cognitive 
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feedback, offering task-related (i.e., bid-centric) information, which has been shown to 

be effective in learning tasks (Balzer et al. 1989) and is expected to lead towards 

improving individual’s economic performance.  Therefore, we expect that bidders will 

be able to gain higher profits with price feedback as compared to outcome feedback.  

Given our hypothesis of similar efficiency (Hypothesis 1c), the higher bidder profits 

with price feedback imply that the seller’s revenue with outcome feedback will be 

higher than the revenue with price feedback.  Therefore, we have the following 

hypotheses: 

Hypothesis 2a: The seller’s revenue in the case of outcome feedback will be 

greater than the revenue in the case of baseline feedback. 

Hypothesis 2b: The seller’s revenue in the case of price feedback will be greater 

than the revenue in the case of baseline feedback. 

Hypothesis 2c: The seller’s revenue in the case of outcome feedback will be 

greater than the revenue in the case of price feedback. 

Hypothesis 3a: The bidders’ profit in the case of outcome feedback will be 

greater than the bidders’ profit in the case of baseline feedback. 

Hypothesis 3b: The bidders’ profit in the case of price feedback will be greater 

than the bidders’ profit in the case of baseline feedback. 

Hypothesis 3c: The bidders’ profit in the case of price feedback will be greater 

than the bidders’ profit in the case of outcome feedback. 
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3.4 Data Collection 

We conducted a total of 51 auctions over 15 experimental sessions.  Three to four 

auctions were simultaneously conducted in each session.  No bidder was allowed to 

participate in more than one auction.  The 153 unique participants in the 51 auctions 

were all undergraduate business students who responded to volunteer solicitation 

announcements throughout the university campus.  The average age of the subject pool 

was 20 years; 54% were male.  We have excluded seven auctions from our analysis, 

because in these at least one bidder mistakenly placed a bid significantly above her 

valuation.  They immediately notified us of the mistake; however, since our design 

disallowed bid withdrawal, rectification of the user error was not possible.  Therefore, 

we removed these auctions from further analysis, attributing the irrational bids to 

bidding errors. 

In each session, prior to the beginning of the auctions, instructions explaining 

the rules of the auction were read out loud so that everyone could hear.  The instructions 

were followed by short tests to ensure that the participants understood the rules of the 

auction and were familiar with the bidding environment.  The participants in each 

session were randomly assigned to a particular auction.  They were not told how many 

other participants were in their specific auction, because in online auctions bidders are 

usually unaware of the number of people interested in the commodity.  Furthermore, 

while the rules to generate the valuations of the lots were common knowledge, the 

distribution of the preferred lots (shown in Figure 2.2 earlier) was not.  Therefore, each 

bidder in an auction knew the distribution of values, but had no explicit knowledge of 

the valuations of other bidders.  At the end of the auctions, participants were paid 
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privately in sealed envelopes. 

3.5 Results 

Descriptive statistics for efficiency, seller’s revenue, and bidder’s profits for the 

continuous combinatorial auctions are provided in Table 3.1.  To test the hypotheses, 

we conducted Mann-Whitney Rank Sum tests, the non-parametric counterpart of the 

unpaired t-test.  When comparing data generated from human subjects, it is typical to 

assume that the data do not meet the normality assumptions required for a t-test (see, for 

example, Kwasnica et al. 2005, Porter 1999).  The rank sum test requires the two 

samples to be independent (Siegel and Castellan 1988), which is satisfied for the data 

we are comparing.  

Table 3.1 Descriptive statistics of the auctions 

 
Treatments 

Number of Auctions 
Conducted (number 
of participants) 

Mean (SE) 
Efficiency 

Mean (SE) 
Seller’s Revenue 
as a percentage 
of maximum 
possible revenue 

Mean (SE) 
Bidder’s Profit 

Baseline Feedback  14 (42) 86.23% (3.0%) 66.14% (4.3%)  $33.60 ($5.02) 

Outcome Feedback  15 (45) 90.64% (3.5%) 80.66% (1.8%)  $21.57 ($3.06) 

Price Feedback 15 (45) 93.48% (1.6%) 65.27% (5.3%)  $47.54 ($6.49) 

 
The results of the Mann-Whitney tests are displayed in Table 3.2.  The results 

show that either form of feedback – outcome or price – results in a significant 

improvement in auction efficiency over the baseline case.  Thus, the hypotheses 

regarding the positive impact of outcome and price feedback on efficiency (H1a and 

H1b) are supported.  As expected, the efficiencies with the two advanced levels of 

feedback were comparable and the null hypothesis of equality cannot be rejected (H1c).   

As we hypothesized, outcome feedback not only made the auction environment 
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more efficient compared to the baseline case, but also resulted in higher seller’s 

revenue, thus supporting H2a.  However, despite high efficiency, auctions with price 

feedback did not increase seller’s revenue compared to the auctions with baseline 

feedback; thus, hypothesis H2b was not supported.  The sister hypotheses regarding the 

bidder surplus showed a similar but opposite pattern.  Price feedback led to higher 

bidders’ profit (H3b supported); however, despite high efficiency, auctions with 

outcome feedback did not increase bidders’ profit compared to the auctions with 

baseline feedback (H3a not supported).  In fact, the baseline feedback produces 

significantly higher profits for bidders as compared to outcome feedback, i.e., the 

hypothesized relationship is reversed.  Upon further qualitative analysis of auction data, 

we find that  information on currently winning bids has an anchoring effect (Tversky 

and Kahneman 1974), leading the bidders to place much higher bids as compared to the 

baseline case where a lack of information seems to produce more conservative bids. 

Table 3.2. Comparison of feedback levels using Mann-Whitney test 

Feedback Efficiency Seller’s Revenue Bidder’s Profit 

Outcome feedback 
vs.  
Baseline feedback 

Outcome > Baseline (H1a)* 

z = 1.433; p = 0.075 

Outcome > Baseline (H2a)*** 

z = 2.620; p = 0.004 

Outcome > Baseline (H3a) 

z = – 1.384; p = 0.083 

Price feedback  
vs.  
Baseline feedback 

Price > Baseline (H1b)** 

z = 1.934; p = 0.026 

Price  > Baseline (H2b) 

z = – 0.131; p = 0.447 

Price > Baseline (H3b)* 

z = 1.357; p = 0.087 

Price feedback  
vs.  
Outcome feedback 

Price = Outcome (H1c) 

|z| = 0.064; 
two-tailed p = 0.95 

Outcome > Price (H2c)** 

z = 2.096; p = 0.018 

Price > Outcome (H3c)*** 

z = 2.581; p = 0.004 

Note:  All tests are one-tailed except where indicated.  Inequalities in the table are in the hypothesized direction. 
* p < 0.1     ** p < 0.05     *** p < 0.01 
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As hypothesized, price feedback allowed bidders to make better winning bids 

and thus to retain higher surpluses as compared to outcome feedback (supporting H3c); 

correspondingly, price feedback led to comparatively lower seller’s revenues (H2c 

supported).  Interestingly, our results (in Table 3) provide valuable insights into the 

distribution from efficiency gains between the seller and bidders for outcome versus 

price feedback.  Comparing outcome feedback to the baseline case, we observe that, 

while the efficiency increases, all the gains (and more) go to the seller, as indicated by 

substantial increase in seller’s revenue and a decrease in bidders’ profits.  However, 

when comparing price feedback to the baseline case, we observe that the efficiency 

gains result in relatively more equitable distribution of benefits, as observed by no 

decrease in revenue but a significant increase in bidders’ profits.  Overall, in terms of 

efficiency, both outcome as well as price feedback clearly improve the performance of 

the auctions.  In addition, our results reveal that the distribution of the gains (resulting 

from higher efficiency) between the bidders and the seller is influenced by the nature of 

the feedback.     

That the bidders were using the price feedback effectively is evidenced by the 

fact that, in the case of price feedback, we see significantly fewer losing (dead) bids 

being submitted: 6% with price feedback, compared to 30% with baseline feedback and 

31% with outcome feedback.  The existence of any such bids in the case of price 

feedback might seem surprising, but the violation of normative principles in competitive 

auctions is well documented in the literature (e.g., Budescu and Maciejovsky 2005).  

Furthermore, a likely cause of this behavior is that the DL could have increased (by 

virtue of other bids) between the time a bidder observed the level and placed a bid. 
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Among the non-losing bids, the mean percentage of submitted winning bids with 

price feedback (66%) was more than double that of the live (but non-winning) bids 

(28%), whereas these percentages were much closer in the other two treatments (32% 

vs. 38%, respectively, with baseline feedback; 37% vs. 32%, respectively, with outcome 

feedback).  Thus, providing price feedback seems to have made the auctions closer to 

traditional online auctions, where each new bid is a winning bid.  In spite of the 

relatively higher percentage of winning bids with price feedback, the seller’s revenue 

was lower than in the case with outcome feedback.  This is due to the fact that the 

winning bids in the former were closer to the prescribed WL*, whereas the bids in the 

latter – without the aid of WL* – were substantially higher than the WL*.  In particular, 

in the treatments where bidders were not aware of the WL*, their bids on average were 

$22 above the WL*, as compared to $8 above the WL* in treatments where they were 

aware of the metric.  Thus, with the identification of the winning bids but without the 

information regarding minimum levels required to place winning bids (i.e., with 

outcome feedback), bidders overbid in an attempt to win property lots.  In contrast, the 

bidders with price feedback were able to effectively use the DL* and WL* provided to 

them to identify competitive bids more easily than their counterparts with only outcome 

feedback.   

Table 3.3. Duration of the auctions and the number of bids placed 

Treatments Mean (SE) Duration in Minutes Mean (SE) Number of Bids Placed 

Baseline Feedback  22.58 (5.65) 50.57 (34.29) 

Outcome Feedback  29.72 (11.60) 74.93 (42.60) 

Price Feedback 29.37 (9.47) 81.67 (32.37) 
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The duration of the auctions and the number of bids placed in each are shown in 

Table 3.3.  Providing price feedback did not prolong the auction compared to the 

outcome feedback; both required close to half an hour to complete.  The auctions with 

baseline feedback required less time (22.58 minutes) to complete on average because 

the auctions were less competitive in terms of the number of bids placed.  This is 

consistent with the lower efficiency of these auctions. 

3.6 Conclusions 

While most of the current research on combinatorial auctions focuses on either 

comparing novel combinatorial auction designs with multiple single-item auctions (e.g., 

Banks et al. 1989, Banks et al. 2003, Ledyard et al. 1997) or comparing several 

combinatorial auction designs (e.g., Brunner et al. 2009, Goeree and Holt 2009, 

Kwasnica et al. 2005), this study explored how different types of information feedback 

influence the traditional metrics of interest, such as efficiency, seller’s revenue, and 

bidder profits.  In order to study these features, we first developed a simulation testbed 

that facilitated the creation of a robust experimental environment, including the 

appropriate choice of parameter values, so that the relevant effects can be isolated with 

minimal noise due to experimental instrument bias.   

The results from this study provide important theoretical contributions, 

advancing our knowledge of bidder behavior in combinatorial auctions and adding to 

the active experimental exploration and design of new combinatorial auction 

mechanisms.  The study showed that, with appropriate feedback, efficient continuous 

auctions can be conducted and, further, that information feedback plays a crucial role in 

the distribution of gains between the buyers and the sellers.    
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4. Analysis of User Acceptance Potential of Continuous 
Combinatorial Auctions 

4.1 Introduction 

The most typical approach to studying economic mechanisms is to explore the 

economic properties of the mechanisms (e.g., Arora et al. 2007; Kwasnica et al. 2005).  

The interest lies in whether a new design, that provides different information or 

incentives from existing designs, is likely to produce higher efficiency – thereby 

increasing the social welfare.  Adomavicius et al. (2007) evaluated the economic 

properties of the continuous combinatorial auction mechanism; the results show that the 

specialized feedback schemes generate significantly higher efficiency than the baseline 

(i.e., no advanced feedback) case.  Furthermore, the results indicate that, when 

information regarding only the winning bids is provided, the seller benefits more than 

the bidders, while more comprehensive feedback creates a more balanced sharing of the 

benefits between the bidders and the seller. 

However, the technical merits of a mechanism provide no usage guarantees 

(Mathieson 1991).  Given the complexity of combinatorial auctions, a complementary 

question is:  Will the users, (i.e., the bidders), adopt the mechanism?  Such a question 

may be trivially true for certain IT-enabled tasks, e.g., simple single-item auctions; 

however, as complexity of IT increases, the question becomes increasingly pertinent.  

This is certainly the case for complex online auctions, since a mechanism with an 

inferior design can be devastating to interesting business models.  For example, 

Mercata.com tried to facilitate a volume-buying approach by lowering prices for all 

bidders as the number of bidders for a given item increased; however, since all the risk 



 

 40 

was borne by early bidders, no one had the incentive to bid first.  This lack of temporal 

unwillingness to adopt the mechanism ultimately resulted in the failure of the business 

model (Kauffman et al. 2002).  In other words, the favorable economic indicators of the 

continuous combinatorial auction mechanism do not automatically suggest answers to:  

(i) Will users adopt continuous combinatorial auction mechanisms as a mercantile 

process?  (ii) What level of transparency is relatively more likely to be acceptable? 

4.2 Measuring User Acceptance Potential 

In this study, we examine whether perceptions of the fit between the task and the 

capabilities of the technology, as developed in light of the demands of the task, have a 

positive influence in fostering adoption of this novel mechanism.  To measure the 

impact of the task-oriented feedback on the adoption potential of the mechanism, we 

rely on the large body of existing IS research that articulates the predictors of IT 

adoption (e.g., Davis 1989; Venkatesh et al. 2003).  Several theoretical models have 

found user perceptions of an IT to be a key independent variable explaining acceptance 

and adoption of IT (Davis 1989; DeLone and McLean 1992; Rai et al. 2002; Seddon 

1997; and Venkatesh et al. 2003).  These models have relied on several theoretical 

foundations, such as the theory of reasoned action (TRA) (Fishbein and Ajzen 1975), 

the theory of planned behavior (TPB) (Ajzen 1991), social cognitive theory (SCT) 

(Compeau and Higgins 1999), and innovation diffusion theory (IDT) (Rogers 1983).  

Differences among these models regarding the specific constructs and relationships 

posited exist, however, the common idea is that individual’s beliefs and perceptions 

about IT have significant influence on usage intentions and actual usage behavior.  
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Moreover, and in line with our theoretical goals, beliefs can be strategically 

manipulated through appropriate system design (Davis 1993). 

We address the user acceptability issue through task analysis.  We analyze what 

is needed for users to do the task and then we develop tools to address those needs.  It is 

presumed that users are affected by the details of the mechanism and, as such, this 

approach provides a means to deal with the user acceptability issues of complex 

technology.  Combinatorial auctions, as a mechanism that is both novel and has high 

practical potential, constitute a perfect setting for applying the approach. 

The task-analytic approach is grounded in studies of expertise and, more 

specifically, draws on the task-technology fit (TTF) theory within IS (Goodhue 1995; 

Goodhue and Thompson 1995).  Studies of expertise have established that the notion of 

expertise is situation-dependent.  Expertise depends upon the expert’s specific 

knowledge and capabilities in the specific environment and its tasks (Ericsson et al. 

2006).  This idea of the interconnection of personal capabilities and task is also central 

to the TTF theory.  Consequently, the theory provides the immediate basis for our 

approach in developing the computational machinery for conducting continuous 

combinatorial auctions that are acceptable to users for this complex, IT-enabled task. 

The TTF perspective views technology as a means by which goal-directed 

individuals perform tasks.  The theory posits that a better fit between technological 

functionalities and task requirements of users will lead to better performance. The 

mechanism that we have designed is specifically intended to meet the demands of the 

tasks that bidders are expected to perform in a complex combinatorial bidding 

environment.  Exploiting the recent advances in technology and deriving from task 
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analysis, we provide intuitive feedback to bidders to create a transparent environment 

designed to be similar to that of traditional English auctions and their counterparts 

prevalent on the Web.  In our environment, bidders can potentially join an ongoing 

auction at any time and are able to find up-to-date information in real time to assist their 

bidding.  In this paper we evaluate alternative designs of the mechanism by analyzing 

their consumer acceptance potential.  

We combine the TTF and the technology acceptance model (TAM) to develop a 

conceptual model for evaluating complex auction mechanisms.  We conduct continuous 

combinatorial auctions with varying quality and quantity of feedback.  Post-auction 

responses to survey questions regarding the bidders’ experience with the auction 

environment, derived from the conceptual model, form our primary data.  The approach 

and design allow us to make both practical and theoretical contributions.  From a 

practical perspective, we investigate bidders’ intentions to use continuous combinatorial 

auctions, a complex auction mechanism.  If bidders show positive perceptions to the 

mechanism, the pathway is opened to the development and wider use of these auction 

mechanisms in the marketplace.  Moreover, we study bidders’ views under different 

feedback conditions, providing detail on how their perceptions relate to design. 

From a theoretical perspective, on the basis of the TTF theory we apply a task 

analysis to develop technology-enabled mechanisms that will foster user acceptance.  

To more fully evaluate the acceptability of the mechanisms developed from this 

analysis, we create an integrative model that structurally connects the TTF model and 

TAM constructs.  From the TTF model we apply users’ perceptions of their 

performance, and from TAM we measure perceived ease of use, perceived usefulness, 
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and intention of use.  Together, these provide a set of inter-related predictors of the 

usage intentions for IT-enabled competitive market mechanisms.  We develop theory-

based hypotheses regarding the relative preference for different types of feedback and 

their impact on the performance measures in our integrated model.  From a design 

theory standpoint, the integrated model also provides a tool for enabling mechanism 

designers to consider appropriate levels of feedback and its effect on user perceptions 

when considering the design of complex market mechanisms 

4.3 Technology Adoption 

We derive our measures for evaluating the combinatorial auction mechanism with 

different levels of feedback from the TTF, and the TAM.  We provide a brief 

background of the relevant variables from the two streams as parts of an integrated 

model in the following three subsections.   

4.3.1 Task-Technology Fit 

The TTF model has been proposed in the IS literature to link underlying systems to 

their relevant impacts (Goodhue 1995; Goodhue and Thompson 1995).  This 

perspective views technology as a means by which goal-directed individuals perform 

tasks.  The theory focuses on tasks that are typically encountered in organizational 

decision making; but, in general, tasks are defined as actions that turn inputs into 

outputs.  TTF is a formal construct that expresses the extent to which characteristics of 

systems match the needs of a user to complete a task. 

A good fit between task and technology leads to higher performance and greater 

utilization of technology (Figure 4.1).  The positive impact on performance of the 

degree of fit between task and technology is also emphasized by the cognitive cost-



 

benefit perspective (Payne 1982; Smith et al. 1982).  The cognitive fit literature asserts 

that problem solving works best when the available tools support the processes required 

to perform a task (Vessey 1991; Vessey and Galletta 1991).  Utilization refers to the use 

of the technology in completing tasks and can also affect performance (Goodhue and 

Thompson 1995).  However, for many system users, utilization is not voluntary (as is 

the case in our study), in which case performance is solely dependent on the fit between 

task and the technology.  

 
Figure 4.1. Task-Technology Fit (TTF) Model 

 

4.3.2 Technology Acceptance Model 
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IS research has long studied how and why individuals adopt new information 

technologies.  We draw on this large body of research to select appropriate constructs as 

measures that have been consistently found to be significant determinants of individual 

adoption and usage behavior.  The theory of reasoned action (TRA) (Ajzen and 

Fishbein 1980; Fishbein  and Ajzen 1975), and its extension, the theory of planned 

behavior (TPB) (Ajzen 1991), have been widely employed in IS literature for the study 



 

of specific behaviors, such as electronic commerce adoption by consumers (Pavlou and 

Fygenson 2006).  In general, these theories assert that actual behavior can be 

determined by the intention to perform that behavior.  The two have been found to be 

highly correlated in numerous studies (e.g., Sheppard et al. 1988 present a review of the 

intention-behavior relationship). 

The TAM (Davis 1989; Venkatesh et al. 2003) (Figure 4.2) is an adaptation of 

the TRA to identify the determinants of initial acceptance and continued use of IS.  

Specifically, it examines the mediating role of two variables – perceived ease of use 

(PEOU) and perceived usefulness (PU) – in the relation between external variables and 

the potential of information system use. 

 
Figure 4.2. Technology Acceptance Model (TAM) 
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TAM posits that PEOU and PU are the two variables or beliefs that determine 

attitude toward an IT, intention of use (IOU), and ultimately actual use.  In the online 

context, Pavlou and Fygenson (2006) found these two variables to be important 

predictors of e-commerce adoption.  Although TAM does not explicitly identify the 

external variables responsible for the PEOU or PU of a mechanism, prior research has 

looked at possible factors such as training interventions (Venkatesh and Davis 1996).  

Adams et al. (1992) similarly argued that these constructs may be used by system 
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designers to obtain user feedback on different system features or design approaches, 

motivating the applicability of these constructs in the present context.   

Davis et al. (1989) contend that favorable ease of use perceptions are necessary 

for initial adoption and continued use of information systems.  Venkatesh (1999) argues 

that, if a system is too difficult to use, it will likely be unable to overcome the hurdle of 

user acceptance.  The importance of this construct has been emphasized in the human-

computer interaction (HCI) literature (e.g., Gould and Lewis 1985) as well.  TAM also 

suggests that PU depends upon PEOU, the idea being that the easier a technology is to 

use, the more useful it will be.  All effects of external variables, such as design 

characteristics of systems, are posited to be completely mediated by these two key 

beliefs.  However, in the context of an auction mechanism, we propose a modification 

to this notion of complete mediation from a consideration of the task characteristics.  

Within TAM, user acceptance is most directly captured as intention to use.  The direct 

effect of performance (a TTF construct) on the intention to use a mechanism, and its 

connection to TTF as a construct, are argued and incorporated in our measurement 

model. 

4.3.3 Integration of TTF and TAM 

In online auctions, a bidder’s task is to process several pieces of information, such as 

the existing highest bid and the minimum bid increment, and to place an efficient bid 

that allows her to maximize her net benefit.  Both the outcome feedback and the price 

feedback (discussed in Section 2.3) are expected to assist bidders with placing a bid, 

possibly to different degrees.  The extent to which a user finds participation in the 

auction mechanism effortless and the extent to which the mechanism appears useful 



 

depend on the alignment between task and feedback.  As Goodhue and Thompson 

(1995) assert:  “TTF should be one important determinant of whether systems are 

believed to be more useful, more important, or give more relative advantage” (p. 218).  

Furthermore, since the feedback is expected to increase the transparency of the auction 

environment and lower the cognitive burden of the bidders, the task-oriented feedback 

will likely influence the PEOU of the mechanism.   

 
Figure 4.3. Integrated TTF-TAM Conceptual Model 

 

Therefore, in our conceptual model, we integrate these TTF and TAM connections by 

showing TTF as a determinant for the TAM variables (Figure 4.3).  Although the 

classical TTF model does not explicitly model the relationship between TTF and 

adoption behavior, some researchers (e.g., Dishaw and Strong 1999; Klopping and 

McKinney 2004) have tried to model the effects of a good fit between task and 

technology on the PEOU, PU, and IOU constructs of TAM.  These studies find support 
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for the positive influence of TTF on TAM variables; and so, these relationships are 

shown in our model.   

Also included in the TTF model are impacts of fit upon performance and 

utilization (Figure 4.1).  In our study, the use of the mechanism was not discretionary, 

so we have excluded the impact of TTF on utilization in the model.  Goodhue and 

Thompson (1995) suggest that where the utilization of IT is not voluntary, the 

performance impact will depend entirely on TTF. 

In terms of performance, the studies linking TTF and TAM have looked at 

organizational decision making, but not trading mechanisms, where the objective of the 

users is to maximize their net benefit.  In auctions, performance must be considered.  

An auction for which bidders do not perceive themselves as performing well (e.g., 

generating surplus) will not be adopted irrespective of whether it has high allocative 

efficiency and/or generates high seller’s revenue.  In the context of an auction 

mechanism, the performance satisfaction of the users is expected to directly influence 

the intention to use the IS.  Further, the extent to which the mechanism allows bidders 

to perform well can be expected to influence the degree to which the users find the 

mechanism useful.  In a complex auction environment such as that of a combinatorial 

auction, absence of appropriate task-oriented feedback limits a bidder’s ability to 

perform satisfactorily.  With the availability of suitable feedback that helps to improve 

her performance, a bidder will likely find the mechanism more useful.  Thus, we model 

relationships between performance and IOU as well as performance and PU. 
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4.4 Acceptance Growth 

In addition to evaluating the adoption potential of the mechanism, we also propose to 

evaluate its growth potential as a function of the different levels of feedback.  This 

perspective is complementary to the integrated model of Figure 4.3.  The structural 

model is intended to measure intention of usage, whereas the growth perspective adopts 

a more dynamic view in addressing the potential growth in intended usage.  Thus, the 

growth perspective looks at a different aspect of intention to use (IOU).  This dynamic 

view has not been theoretically connected to the other constructs in Figure 4.3, and so 

customer loyalty is not explicitly included in that conceptual model.  However, it is a 

construct grounded in marketing theory that is indicative of user acceptability, and so 

we include it in our study. 

As a measure of customer loyalty, we use the Net Promoter Score (NPS) 

(Reicheld 2003).  This simple “customer-centric” metric is used by many companies 

(such as GE, P&G, American Express, and Microsoft) to measure their growth potential 

through favorable word-of-mouth (Reichheld 2006b).  It has been argued that the metric 

possesses greater predictive power of a company’s growth prospects than the traditional 

customer satisfaction surveys (Reichheld 2006a). 

For calculating the NPS of a product, users are asked the question: “How likely 

are you to recommend Product X to a friend or colleague?”  The responses typically are 

scored on a zero-to-ten scale, where ten denotes “extremely likely” and zero “not at all 

likely.”  The responders are sorted into three clusters: (i) promoters, those giving ratings 

of nine or ten; (ii) passives, giving seven or eight; and (iii) detractors, between zero and 

six.  NPS is the percentage of promoters minus the percentage of detractors.  The higher 
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the score, the more customers are happy with the product or service experience and are 

willing to recommend it to a friend.  A 12-point difference in NPS has been reported to 

lead to doubling of a company’s growth rate on average (Reicheld 2006b).  We pose a 

similar question and calculate this metric for each of our three feedback schemes in 

order to gauge their relative growth potential. 

4.5 Research Hypotheses 

Our hypotheses arise from the three streams of literature discussed above.  In this study, 

although we manipulate technology by varying the level of feedback provided to 

bidders, we do not manipulate tasks.  This design choice is deliberate since our study is 

not a test of the TTF model.  We are using the constructs of the model that are 

appropriate to our task as measures of user acceptance.  In this light, we directly 

measure TTF, and its impact on perceived performance and the TAM variables, 

including IOU.  Our study model is shown in Figure 4.  The other elements of the study 

model incorporate the established TAM constructs and their relationships, as discussed 

in Section 3.  The model is intended as a study measurement model, describing the 

constructs that are used to measure user acceptance and its key antecedents.  As 

discussed above, we also expect feedback to impact the anticipated change in adoption 

growth potential as measured by the NPS, which is outside the scope of the model in 

Figure 4.  In this section, we delineate the hypotheses concerning the effect of feedback 

upon NPS and the measures in the model of Figure 4.4.  As a whole the hypotheses 

address the usefulness of the task analysis for designing this feedback as well as the use 

of appropriately designed technology for facilitating performance in a complex 

environment.    



 

 
Figure 4.4. Integrated TTF-TAM Study Model 

   

TTF represents the extent to which a technology assists an individual in 

performing her tasks.  Specific tasks require specific types of technological 

functionalities to complete.  When technology enables a person to accomplish her task 

by providing task-appropriate data, the gap between task and technology narrows, and 

TTF increases.  In the context of a continuous combinatorial auction, the bidder’s task is 

to evaluate the state of an auction and place an efficient bid.  However, computing the 

winning bids and subsequently calculating the minimum bid price constitute a 

cognitively complex exercise.  Outcome feedback, which includes identification of the 

currently winning bids, is a non-trivial feedback that assists bidders in understanding 

the state of the auction.  Price feedback not only identifies the currently winning bids, 

but also provides information regarding the minimum price levels to place a non-losing 
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or a winning bid.  Furthermore, because the outcome and price feedback would provide 

the bidders with information (currently winning bid, bid amount needed to win, etc.) 

that is analogous to the information readily available in other more familiar online 

auctions, we believe the availability of such feedback in combinatorial auctions will 

make these auctions more usable for the bidders. Therefore, these feedback schemes 

better meet the task requirements of the bidders.   

Hypothesis 1a: User evaluations of task-technology fit will be higher in the case 

of outcome feedback than in the case of baseline feedback.  

Hypothesis 1b: User evaluations of task-technology fit will be higher in the case 

of price feedback than in the case of baseline feedback.  

Hypothesis 1c: User evaluations of task-technology fit will be higher in the case 

of price feedback than in the case of outcome feedback. 

According to TTF, a good fit between task and technology leads to higher performance.  

In a combinatorial auction of N items, the number of possible biddable bundles, and the 

maximum number of prior bids that may stand a chance of winning at any stage of the 

auction, is 2N-1 (Adomavicius and Gupta 2005).  Thus, placing a bid is a cognitively 

complex task that can lead participants to pursue perverse bidding strategies (Porter et 

al. 2003).  Feedback should lower the cognitive burdens on the bidders by providing 

them information that they otherwise would have to compute themselves.  Therefore, 

we expect bidders to pursue smarter bidding strategies with increased performance as 

we provide more feedback. 

Hypothesis 2a: User evaluations of their own performance will be higher in the 

case of outcome feedback than in the case of baseline feedback. 
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Hypothesis 2b: User evaluations of their own performance will be higher in the 

case of price feedback than in the case of baseline feedback. 

Hypothesis 2c: User evaluations of their own performance will be higher in the 

case of price feedback than in the case of outcome feedback. 

PEOU is the extent to which a person believes that using a system does not 

require much effort to perform her task.  A higher TTF is expected to substantially 

lessen the processing effort of the bidders resulting in higher ease of use.  Further, since 

we are proposing higher TTF with each increasing level of feedback, we also propose:  

Hypothesis 3a: Perceived ease of use will be higher in the case of outcome 

feedback than in the case of baseline feedback. 

Hypothesis 3b: Perceived ease of use will be higher in the case of price 

feedback than in the case of baseline feedback. 

Hypothesis 3c: Perceived ease of use will be higher in the case of price feedback 

than in the case of outcome feedback. 

PU is the extent to which a person believes that using a system will aid in 

improving her task performance. If a system provides a good fit with the task, bidders 

should find the system to be useful.  Since higher levels of feedback are expected to 

increase the TTF, and consequently their performance, bidders can be expected to 

perceive the mechanism as more useful.  Furthermore, TAM suggests a positive 

influence of PEOU on the PU of the mechanism.  

Hypothesis 4a: Perceived usefulness will be higher in the case of outcome 

feedback than in the case of baseline feedback. 

Hypothesis 4b: Perceived usefulness will be higher in the case of price feedback 
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than in the case of baseline feedback. 

Hypothesis 4c: Perceived usefulness will be higher in the case of price feedback 

than in the case of outcome feedback. 

From a design perspective and as part of analyzing the task components, in 

addition to understanding the aggregate impact of each level of feedback, we are also 

interested in understanding the usefulness of each component of the feedback provided.  

Price feedback consisted of three distinct components (two price levels and removal of 

losing bids) in addition to the components of outcome feedback.  In terms of task-

technology fit, the price feedback as a whole is expected to heighten perceived 

usefulness; however, we are also interested in the perceived usefulness of each aspect of 

the feedback (i.e., each of the two price levels and the removal of losing bids) to better 

understand the sources of any obtained usefulness gains.  To do so, in each of the two 

feedback conditions, questionnaire items evaluating the usefulness of each feedback 

element were included.  To assess the impact of these feedback elements, we tested 

whether the bidders were positively inclined about each element.4   

 According to TAM, the intention to use a system is determined by the 

combination of PEOU and PU.  Since we are proposing an increased PEOU and also an 

increased PU with higher levels of feedback, based on this TAM hypothesis, we 

propose: 

Hypothesis 5a: The intention to use will be higher in the case of outcome 

feedback than in the case of baseline feedback. 

 
4 Note that, in the outcome feedback case, only one additional feedback measure was provided 
(identification of winning bids) compared to the baseline case.  Therefore, the test of Hypothesis 4a 
precludes any further analysis. 
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Hypothesis 5b: The intention to use will be higher in the case of price feedback 

than in the case of baseline feedback. 

Hypothesis 5c: The intention to use will be higher in the case of price feedback 

than in the case of outcome feedback.  

Finally, we use the NPS metric to compare the potential growth in adoption of 

the mechanism under different feedback regimes.  Since feedback is expected to reduce 

the cognitive load on participants and help them perform better, we believe that more 

feedback will increase favorable word of mouth.  As the level of feedback is increased, 

it is expected that there will be more promoters of the mechanism and fewer detractors.  

Since NPS is the difference between the percentage of promoters and detractors, we 

arrive at the following hypothesis:  

Hypothesis 6a: The Net Promoter Score will be higher in the case of outcome 

feedback than in the case of baseline feedback. 

Hypothesis 6b: The Net Promoter Score will be higher in the case of price 

feedback than in the case of baseline feedback. 

Hypothesis 6c: The Net Promoter Score will be higher in the case of price 

feedback than in the case of outcome feedback. 

4.6 Data Collection 

In each session, prior to reading the instructions for the auction, a background survey 

was administered to record several control variables, including age, gender, and prior 

experience with online auctions.  Questions were also asked regarding their proficiency 

with computers. 
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 A second survey, intended to record the user perceptions, was administered 

following the completion of the auction.  Validated items from prior research, tailored 

to our context, were used as manifest variables (see Appendix 2) for the latent 

constructs in our study model displayed in Figure 4.  For TTF, we used questions 

directed at measuring the degree to which the technology addressed aspects of the task 

as identified in our analysis.  The items for PEOU and PU were adapted from past 

studies.5  For the IOU construct we slightly modified the item that has been used in 

previous research.  The mechanism that we are studying is not implemented anywhere 

yet, nor are the student participants in our study required to use it anywhere.  Thus, 

instead of asking whether they intend to use it, we asked whether they would encourage 

anyone to participate in such auctions.  Also, for the performance construct, we did not 

use the raw surplus garnered by the bidders because that value is confounded by several 

other factors such as the bids of other bidders.  A bidder may earn high surplus even 

without placing intelligent bids if the other bidders in the auction place even worse bids.  

Similarly, if all three bidders place competitive bids, each of them might end up with 

little surplus.  Therefore, we measured the user perceptions of performance as reflective 

indicators of their performance.  The impact item from which the NPS was calculated 

was expressed in the usual form.  However, to maintain a consistent user interface for 

survey items, responses were measured on a 7-point Likert scale, anchored by “strongly 

disagree” and “strongly agree” just as for all the items in Appendix 2.  Finally, we 

added items probing perceptions of the individual components (i.e., two different price 
 

5 For PU, two of the items refer to the auction mechanism and two refer to combinatorial auctions in 
general.  Since the subjects had no past experience with combinatorial auctions, these were expected to be 
equivalent; their perceptions of combinatorial auctions were based entirely on their experience with our 
mechanism.  The validity checks in the next section substantiated this expectation. 
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levels and removal of dead bids) that were added to the price feedback condition 

compared to the outcome feedback condition.  These survey items were only provided 

to those bidders in the two feedback conditions and in slightly different form.  Those in 

the price feedback auctions who saw the components were asked for the usefulness of 

each of them.  Those in the outcome feedback auctions, who did not receive these 

components, were asked for the potential usefulness of each of them, had they received 

them.  

4.7 Results and Discussion 

We begin by verifying the validity of the structural model (Figure 4.4) and then focus 

on the hypotheses concerning the effects of feedback. 

4.7.1 Structural Model 

We used the partial least squares (PLS) method to analyze our data.  PLS is a 

covariance-based approach that allows modeling multiple independent and dependent 

variables simultaneously and can handle nominal, ordinal, and continuous variables 

(e.g., Lohmoller 1989).  Our goal in these analyses is to validate that the measures, 

taken from other studies, behave in the same way in the present context.  PLS performs 

a confirmatory factor analysis, where the pattern of loadings of the measurement items 

on the latent constructs is specified explicitly in the model.  Then, the fit of this pre-

specified model is examined to determine its convergent and discriminant validities.  

The descriptive statistics of the constructs along with their composite reliability are 

shown in Table 4.1.  Data (N=132) for all the measures were standardized.  The internal 

consistencies of all the variables are considered acceptable since the reliability measures 

exceed 0.80 (Barclay et al. 1995). 
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As shown in Table 4.2, the loadings of all our measurement items are 

considerably higher than their corresponding cross-loadings, with significant t-values at 

the .001 alpha level on the respective latent constructs.  This demonstrates convergent 

validity of all the constructs. 

Table 4.1.  Summary statistics of the survey constructs for pooled data. 

Construct Mean (SD) Composite 

Reliability 

1. Task-Technology Fit (TTF) 5.248 (1.307) 0.884 

2. Perceived Ease of Use (PEOU) 5.655 (1.016) 0.904 

3. Perceived Usefulness (PU) 5.021 (1.251) 0.917 

4. Intention of Use (IOU) 4.984 (1.482) 1.000 

5. Perceived Performance (PP) 4.655 (1.454) 0.933 

 

Table 4.2.  Loadings and cross-loadings of the measurement variables. 

 TTF PEOU PU IOU PP 
TTF1 
TTF2 
TTF3 
TTF4 

0.740*** 
0.830*** 
0.853*** 
0.815*** 

0.649 
0.552 
0.649 
0.528 

0.413 
0.421 
0.512 
0.482 

0.382 
0.451 
0.470 
0.398 

0.456 
0.373 
0.560 
0.399 

PEOU1 
PEOU2 
PEOU3 
PEOU4 

0.684 
0.476 
0.583 
0.673 

0.825*** 
0.817*** 
0.829*** 
0.878*** 

0.565 
0.386 
0.569 
0.569 

0.493 
0.369 
0.521 
0.564 

0.520 
0.378 
0.450 
0.558 

PU1 
PU2 
PU3 
PU4 

0.644 
0.542 
0.247 
0.431 

0.647 
0.606 
0.328 
0.538 

0.898*** 
0.903*** 
0.738*** 
0.883*** 

0.640 
0.656 
0.500 
0.619 

0.460 
0.434 
0.316 
0.318 

IOU1 0.527 0.592 0.708 1.000*** 0.485 
PP1 
PP2 

0.511 
0.524 

0.507 
0.570 

0.384 
0.454 

0.368 
0.527 

0.934*** 
0.937*** 

*** p < 0.001. 
 

We analyze the average variance extracted (AVE) of our measures in order to 

demonstrate the discriminant validity of our model.  AVE measures the amount of 
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variance that a construct secures from its indicators relative to the amount due to 

measurement error (Chin 1998).  AVEs were generated using the bootstrap resampling 

technique.  As shown in Table 4.3, the square root of AVE for each latent construct is 

greater than the correlations among any pair of latent constructs.  Further, the square 

root of the AVEs for each construct is greater than the minimum recommended level of 

0.50 (Fornell and Larcker 1981).  Thus the discriminant validity of our model is 

confirmed. 

Table 4.3. Correlation matrix and average variance extracted (AVE) for 
constructs. 

 TTF PEOU PU IOU PP 
TTF 0.811     
PEOU 0.733 0.837    
PU 0.566 0.636 0.858   
IOU 0.527 0.592 0.708 1.000  
PP 0.554 0.576 0.449 0.479 0.935 

The diagonal elements (in bold) represent the square root of the AVE. 
 

All the scales exhibit good psychometric properties for each treatment too. 

Reliability estimates of all the latent constructs were above 0.80, with most being over 

0.90, suggesting high degree of reliability.  These are shown in Table 4.4.  Convergent 

and discriminant validity were supported by results from factor analysis with cross-

loadings lower than 0.20. 

Table 4.4.  Reliability measures of the latent constructs. 

Construct Number 

of Items 

Baseline 
Feedback 

Outcome 
Feedback 

Price 
Feedback 

1. Task-Technology Fit (TTF) 4 0.808 0.832 0.916 

2. Perceived Ease of Use (PEOU) 4 0.828 0.894 0.953 

3. Perceived Usefulness (PU) 4 0.894 0.944 0.925 



 

4. Intention of Use (IOU) 1 1.000 1.000 1.000 

5. Perceived Performance (PP) 2 0.927 0.922 0.940 

 

In addition to the validity tests of the individual constructs, we also tested their 

validity through the expected interrelationships among the constructs.  The PLS path 

coefficients and the explained variance (R2) for all the endogenous constructs are shown 

in Figure 4.5.  In PLS analysis, observing the R2 values of endogenous variables and the 

coefficients of structural paths quantifies the explanatory power of the structural model.  

As identified in our conceptual model (Figure 3), the positive influence of TTF on 

PEOU and PU hold.  TTF has a stronger influence on PEOU (β = .74) than on PU (β = 

.19).  Cohen (1988) provides the following formula for calculating the effect size (f2) of 

a relationship: 

2 2
-R Rincluded excluded2

=f
2

-1 R excluded

 

This can be used to study the degree to which a phenomenon is present in the 

population (Chin 1998).  Using this formula, we see the expected mediating effect of 

PEOU on the relationship between TTF and PU; the effect size of TTF on PU is small (f 

2 = .07).  Most of the impact of TTF on PU is through PEOU. 

All the relationships posited in TTF as well as TAM, except that between PEOU 

and IOU, hold.  While the PEOU-IOU relationship is in the posited direction, the 

influence of PEOU on IOU is not significant.  However, the relationship between PU 

and IOU (β = .53) is strongly significant.  These findings are in line with previous 

studies, where the PU-IOU relationship has been found to be stronger than the PEOU-
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IOU relationship (Davis 1989; Venkatesh 1999).  Most of the impact of PEOU on IOU 

is mediated by PU.  We do not find any significant direct effect of TTF on IOU (β = 

.04).  TTF influences IOU, but through PEOU, PU and PP.   

 

Figure 4.5. PLS results for the study model. 
 

Perceived performance (PP) of the users is significantly predicted by TTF (β = 

.56; R2 = .31) as posited in theory.  The effect of PP on IOU is supported at the .05 

alpha level (β = .14) but the effect of PP on PU is not supported. A greater satisfaction 

with performance did not make the mechanism more useful to the user but it increased 

their intention to use the mechanism.  Overall, the proposed model explains a 

significant portion of the variation in IOU (R2 = .55).  This, along with the significance 

of the path coefficients points to a good fit of the overall model and validates our use of 

the measures as indicators of user perceptions in the present context. 

Further, the existence of a direct effect of perceived performance on the 
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intention to use a mechanism substantiates our use of TTF in addition to the TAM 

constructs in our context of attitudes toward complex auctions.  For organizational IS, 

TAM posits that the impact of any external variables on IOU is completely mediated by 

PEOU and PU.  However, our argument is supported that, in the case of auctions, the 

extent to which the mechanism allows users to perform satisfactorily matters in 

determining their behavioral intention to use it.  An auction mechanism that does not 

allow the users to perform satisfactorily would not be able to sustain itself in the online 

marketplace. 

4.7.2 Feedback Effects 

Given the model’s validity, we now apply the measures to the hypotheses concerning 

the relative advantages of different types of feedback.  As noted earlier, subjects were 

randomly assigned to one of three treatments.  Of the bidders who participated in 

Treatment 1 (baseline), 69% reported that they had prior experience of participating in 

online auctions; 63% for Treatment 2 and 56% for Treatment 3 reported similar 

experiences.  We analyzed the data to see if the user perceptions had any significant 

correlations with prior familiarity of the subjects with online auctions.  No such 

dependence was found, so all are combined in the subsequent analyses. 

Descriptive statistics of the constructs for each of the three treatments are shown 

in Table 4.5. As expected, the mean of every construct can be seen to be monotonically 

increasing with levels of feedback.  We check whether the mechanism is perceived 

positively using t-tests for the means of each of the constructs against a hypothesized 

mean of 4.0, which is “neutral” in our response scale.  The results are shown in Table 

4.6. 
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Table 4.5.  Summary statistics of the survey constructs for each Treatment. 

 Baseline 
Feedback 

Outcome 
Feedback 

Price 
Feedback 

Number of respondents 42 45 45 
Construct Mean (SD) Mean (SD) Mean (SD) 

1. Task-Technology Fit (TTF) 4.107 (1.207) 5.505 (0.876) 6.055 (0.992) 

2. Perceived Ease of Use (PEOU) 5.214 (0.922) 5.822 (0.845) 5.900 (1.136) 

3. Perceived Usefulness (PU) 4.601 (1.137) 5.100 (1.221) 5.333 (1.299) 

4. Intention of Use (IOU) 4.452 (1.400) 5.044 (1.397) 5.422 (1.514) 
5. Perceived Performance (PP) 4.202 (1.207) 4.689 (0.877) 5.044 (0.993) 

 
 

Table 4.6.  Mean comparison test results for hypothesized mean = 4.0. 

Construct Baseline 
Feedback 

Outcome 
Feedback 

Price 
Feedback 

1. Task-Technology Fit (TTF) t = 0.5751 
p = 0.284 
(PCT>4 = 43%) 

t = 11.521 
p < 0.000*** 
(PCT>4 = 96%) 

t = 13.890 
p < 0.000*** 
(PCT>4 = 98%)

2. Perceived Ease of Use (PEOU) t = 8.539 
p < 0.000*** 
(PCT>4 = 86%) 

t = 14.458 
p < 0.000*** 
(PCT>4 = 93%) 

t = 11.218 
p < 0.000*** 
(PCT>4 = 93%)

3. Perceived Usefulness (PU) t = 3.427 
p < 0.000*** 
(PCT>4 = 69%) 

t = 6.040 
p < 0.000*** 
(PCT>4 = 89%) 

t = 6.885 
p < 0.000*** 
(PCT>4 = 87%)

4. Intention of Use (IOU) t = 2.094 
p = 0.021* 
(PCT>4 = 50%) 

t = 5.014 
p < 0.000*** 
(PCT>4 = 67%) 

t = 6.298 
p < 0.000*** 
(PCT>4 = 76%)

5. Perceived Performance (PP) t = 0.936 
p = 0.177 
(PCT>4 = 50%) 

t = 3.414 
p < 0.000*** 
(PCT>4 = 60%) 

t = 4.638 
p < 0.000*** 
(PCT>4 = 71%)

Note:  All tests are one-tailed.  * p < 0.05    ** p < 0.01    *** p < 0.001. 
 PCT>4 – percentage of respondents above 4.0 

 

We find strong evidence that the users agreed that the mechanism in general was 



 

 64 

easy to use and useful in all conditions.  However, simply displaying all the bids 

(baseline/control case) did not fulfill the task requirements of the bidders (TTF not 

significantly greater than 4.0); which is the likely reason why they were not satisfied 

with their performance in this case (PP not significantly greater than 4.0).  However, 

with outcome and price feedback, the mean of every construct is significantly greater 

than 4.0.  This is an encouraging result for the development of IT for complex 

environments based on task analyses.  It is also encouraging for online marketplaces, 

since the cognitive complexity of the environment has so far hindered the acceptance of 

this mechanism for general use even when numerous research has shown that, when 

assets exhibit dependencies, combinatorial auctions increase overall social welfare.  Our 

results constitute a step toward showing that, with appropriate feedback schemes, it is 

feasible to deploy combinatorial auctions even for consumer-centric (such as business-

to-consumer and consumer-to-consumer) electronic commerce, where the participants 

cannot be expected to be as sophisticated as the economists participating in the FCC 

spectrum auctions, for example. 

In order to test the changes in the constructs between any two levels of 

feedback, and since all pairwise contrasts were of interest, we conducted t-tests to verify 

our propositions comparing user perceptions with varying levels of feedback.  The test 

results are in Table 4.7. 

User evaluations of the TTF significantly increased with each increasing level of 

feedback (H1a, H1b, and H1c supported) – the bidders found the capabilities afforded 

by the system with each increasing level of feedback to be an increasingly better match 

for their task. 
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Table 4.7.  Hypotheses test results. 

Construct Outcome vs. 
Baseline 

Feedback 

Price vs. 
Baseline 

Feedback 

Price vs. 
Outcome 
Feedback 

1. Task-Technology Fit (TTF) t = 6.145 
p < 0.001*** 

t = 8.189 
p < 0.001*** 

t = 2.786 
p = 0.003** 

2. Perceived Ease of Use (PEOU) t = 3.199 
p = 0.001** 

t = 3.101 
p = 0.001** 

t = 0.368 
p = 0.357 

3. Perceived Usefulness (PU) t = 1.973 
p = 0.026* 

t = 2.802 
p = 0.003** 

t = 0.878 
p = 0.191 

4. Intention of Use (IOU) t = 1.973 
p = 0.026* 

t = 3.103 
p = 0.001** 

t = 1.230 
p = 0.111 

5. Perceived Performance (PP) t = 1.6447 
p = 0.052† 

t = 2.697 
p = 0.004** 

t = 1.176 
p = 0.121 

Note:  All tests are one-tailed assuming equal variances.  † p < .10    * p < 0.05    ** p < 0.01    *** p < 
0.001. 

 

The increased TTF also enhanced their perception of performance in the cases of 

outcome and price feedback compared to their performance in the baseline case, thus 

supporting H2a and H2b.  This suggests that the bidders found the feedback that we 

designed with the idea of assisting them in their task of placing bids to be indeed 

helpful.  However, H2c is not supported: the increase in performance between outcome 

and price feedback was not statistically significant. 

 This is somewhat in contrast to the economic performance results (Adomavicius 

et al. 2007).  In terms of efficiency, i.e., the degree to which goods tend to go to the 

bidders who value them the most, the results matched.  Greater efficiency was obtained 

with feedback of either kind compared to the baseline case, with no discernible 

difference between them.  Greater transparency can lead to greater competition, and can 

perhaps squeeze bidders out of surplus in a traditional single-item auction. However, in 

a multi-item auction with differential valuations, each bidder can take a portion of the 

proverbial pie in equilibrium. One of the well-understood goals of mechanism design is 
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to increase the size of this pie, so that everyone can increase their surplus. In our case, 

increased levels of feedback increased the overall efficiency, meaning that goods tended 

to go to bidders who valued them the most, in concert with perceived performance (H2a 

and H2b).  However, in terms of bidders’ outcomes, price feedback resulted in greater 

bidder surplus compared to outcome feedback (p < 0.01) as well as baseline feedback (p 

< 0.1).  And, outcome feedback did not significantly increase bidder’s surplus compared 

to the baseline case.  Thus, outcome feedback increased efficiency but not bidders’ 

profits.  With price feedback, bidders were able to retain maximum surplus for 

themselves because, with information aids regarding the minimum amount to bid in 

order to place a potentially winning bid, bidders were able to place bids with greater 

precision.  Without price feedback, they tended to overbid. 

We find a similar significance pattern for PEOU and PU as with perceived 

performance.  The increase in TTF with outcome and price feedback made the 

mechanism significantly easier to use compared to the baseline case (H3a and H3b 

supported).  With the availability of feedback that catered to their processing needs, the 

amount of effort that the bidders needed to expend in placing a bid progressively 

diminished.  Similarly, each of the two cases with feedback was significantly more 

useful than the baseline case (H4a and H4b supported).  However, while the increase in 

TTF between outcome feedback and price feedback did result in increased user 

perceptions of ease of use and greater perceived usefulness on average, this increase 

was not statistically significant (H3c and H4c not supported). 

At the back end of the model, consistent results were obtained.  The increase in 

PEOU and PU with feedback resulted in the increase of IOU with feedback compared to 
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the baseline case (H5a and H5b supported).  However, just as the increase in PEOU and 

PU from outcome feedback to price feedback was not statistically significant, the 

increase in IOU between these two cases was not statistically significant as well (H5c 

not supported).   

The results indicate that, although the increase in feedback created statistically 

significant differences in TTF between each pair of the three levels of feedback, these 

differences did not lead to significant differences between the outcome and price 

feedback cases for the TAM variables.  In order to focus on each of the three additional 

components of feedback that we provided in the price feedback case beyond those 

provided in the outcome feedback case, we analyzed the survey questions that were 

targeted at the usefulness of each of the three components of price feedback separately, 

namely:  (i) the minimum amount required to place a winning bid on a chosen bundle, 

(ii) the minimum amount required to place a bid that has a chance to win in the future 

on a chosen bundle, and (iii) the removal of bids that had no chance of winning in the 

future.  The results for the price feedback case, where all these three pieces of 

information were available to the users, are displayed in Table 4.8.  The means for all 

the three dimensions are significantly higher than 4.0, indicating an agreement among 

the users that these decision aids were useful. 

We gave similar items to the participants receiving just outcome feedback, 

asking whether they thought that these decision aids would have been useful to them if 

they were provided.  The results, shown in Table 4.9, also point to the potential 

usefulness of the additional decision aids with all means indicative of an agreement. 
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Table 4.8.  Incremental usefulness of Price Feedback. 

Question Mean 
(SD) 

Responses 
> 4.0 

Mean Comparison 
with Hypothesized 
mean = 4.0 

1. I found the information provided by 
the system, regarding the minimum I 
needed to bid in order for my bid to be 
winning, useful in formulating my 
bids. 

6.089 
(1.221) 91% t = 11.472 

p < 0.001*** 

2. I found the information provided by 
the system regarding the minimum I 
needed to bid in order for my bid to 
stand a chance of winning in the 
future, useful in formulating my bids. 

6.022 
(1.234) 93% t = 10.995 

p < 0.001*** 

3. I found the removal from the bid 
history, of the bids that stood no 
chance of winning in the future, useful 
in formulating my bids. 

5.889 
(1.654) 80% t = 7.658 

p < 0.001*** 

Note:  All tests are one-tailed assuming equal variances.  *** p < 0.001. 
 

Table 4.9.  Potential Usefulness of Price Feedback. 

Question Mean 
(SD) 

Responses 
> 4.0 

Mean Comparison with 
Hypothesized mean = 
4.0 

1. In this auction, if the system provided 
information regarding the minimum I 
needed to bid in order for my bid to be 
winning, it would have been useful in 
formulating my bids. 

5.667 
(1.796) 78% t = 6.224 

p < 0.001*** 

2. In this auction, if the system provided 
information regarding the minimum I 
needed to bid in order for my bid to stand 
a chance of winning in the future, it 
would have been useful in formulating 
my bids. 

5.889 
(1.369) 78% t = 9.257 

p < 0.001*** 

3. In this auction, if the bids that stood no 
chance of winning in the future were 
removed from the bid history, it would 
have been useful in formulating my bids. 

5.711 
(1.854) 80% t = 6.191 

p < 0.001*** 

Note:  All tests are one-tailed assuming equal variances.  *** p < 0.001. 
  

Note that, although the additional decision aids provided in the price feedback 
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case appear to be useful to the bidders in that treatment and also potentially useful to the 

bidders in the outcome feedback case, the difference is not captured by the PU construct 

of TAM.  How is it that the individual components of the price feedback can be 

perceived as useful and yet the feedback overall is not perceived as more useful than the 

outcome feedback auctions where these components are omitted?  One possibility is 

that the result is due to the limitations of using a between-subjects design in a context 

for which bidders do not have prior experience.  Combinatorial auctions are not 

commonplace and were new to the subjects.  It could be that they recognized the value 

of feedback in each case (i.e., outcome and price feedback) and responded positively in 

each case (as supported by Table 6).  However, the responses were not sensitive to the 

differences between the conditions because there was no common context to which the 

two groups could compare and respond.  A second possibility, as hinted in Section 2.2, 

is that the usefulness of the individual components did not sum to an overall perception 

of usefulness due to the aids being countered by the increased complexity that the added 

feedback provides to the mechanism.  The feedback has good fit to the task, but it is 

added information; information overload is a possibility.  At this point, we can clearly 

conclude that feedback is beneficial with respect to the TAM and TTF constructs; 

however, the best level of feedback is still open. 

As another perspective on this issue, we apply the marketing view incorporated 

in the Net Promoter Score (NPS).  In our context, NPS provides a standalone metric of 

relative likelihood of increased acceptance and constitutes an independent measure of 

the impact provided by different levels of feedback.  For the purpose of calculating the 

NPS, we coded the responses to the question: “I will encourage my friends to 
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participate in this type of auction” as follows: promoters (6 and 7), neutral (5), and 

detractors (1, 2, 3, and 4).  The NPS is calculated by subtracting the percentage of 

detractors from the percentage of promoters.  The results are shown in Table 4.10.  We 

find that with baseline feedback the mechanism has net detractors.  This emphasizes the 

need to provide appropriate task-oriented feedback to conduct continuous combinatorial 

auctions.  With the provision of outcome feedback, we have net promoters of the 

mechanism, the number of which increases even more with the provision of price 

feedback. 

Table 4.10. Net Promoter Score (NPS) for different levels of feedback. 

 Baseline 
Feedback 

Outcome 
Feedback 

Price  
Feedback 

Promotersa 24% 40% 56% 
Detractorsb 50% 33% 24% 
NPS - 26 points 7 points 32 points 
a All pairwise proportions between different levels differ, one-tailed z, p < .10. 
b Level 1 proportion differs from each feedback level proportion, one-tailed z, p < .10.  Levels 2 and 3 
differ, one-tailed z, p < .20. 

 

Overall, we find the NPS increasing by at least 25 points with each increasing 

level of feedback (H6a, H6b and H6c supported).  It is reported that, on average, a 12-

point increase in NPS corresponds to a doubling of a company’s growth rate (Reichheld 

2006b, p.43).  Thus, our results indicate a potential for almost quadrupling of growth in 

adoption rate of the mechanism with each more advanced level of feedback.  This 

market-oriented measure thus shows a performance-based advantage favoring the added 

price feedback.  The additional assistance could potentially generate a more favorable 

word-of-mouth for the mechanism compared to outcome feedback, positively 

influencing the growth in adoption of the mechanism. 
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4.8 Conclusions 

Advancements in information technology in e-commerce have opened the way for 

increasingly complex consumer-oriented mechanisms and capabilities.  Even when the 

technical issues of providing these new capabilities can be addressed, the issue of user 

acceptance of complex technologies remains.  Combinatorial auctions represent such a 

mechanism that has had limited use and has not yet made inroads into general consumer 

e-commerce settings due to its complexity.  The approach to addressing the user 

acceptance implications of this complexity is through an analysis of the task from a 

task-technology fit perspective.  This approach has general applicability as well as 

provides a pathway to expanding the opportunities for use of combinatorial auctions in 

e-commerce. 

This study advances the development of the requisite information tools for 

making this complex trading environment more intuitive and transparent to participants.  

To achieve this goal, we use a task-analytic approach to designing feedback schemes 

that provide a good task-technology fit.  The schemes are task-oriented, i.e., they are 

designed to lower the cognitive effort expended by the auction participants.  Hence, we 

expected the feedback to improve the perceptions of the users regarding the fit and 

usefulness of the technological capabilities with the task at hand, leading to increased 

intentions of using the mechanism.  To test our hypotheses, we conducted a laboratory 

experiment, providing three different levels of feedback to bidders, and measured 

whether making the mechanism more transparent causes significant differences in user 

perceptions of the environment.  Our results point towards significantly higher levels of 

adoption potential with the feedback schemes that we have designed.  Furthermore, the 
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mechanism exhibits higher growth potential with increasingly higher levels of feedback.   

Several researchers have suggested that the cognitive complexity of assessing 

the auction state and formulating an effective bid in combinatorial auctions is a major 

hurdle preventing this economically attractive mechanism from reaching its full 

potential.  However, while the technical merits of various combinatorial auction 

mechanisms have been evaluated in previous research, no one has attempted to analyze 

how users view such mechanisms.  Our main contribution in this paper is to apply a task 

analysis to develop feedback that positively impacts user attitudes.  Numerous studies 

have emphasized the relevance of favorable user perceptions for the acceptance and 

continued usage of IS.  Specifically, the widely used TAM has laid out the two most 

significant predictors of behavioral intentions to use an IS.  Given that conducting 

continuous combinatorial auctions is made feasible by the vast improvements in 

computing and information processing capabilities, we use the TAM to demonstrate the 

effectiveness of the feedback schemes in fostering potentially higher adoption of this 

IT-enabled artifact.  Furthermore, using the NPS metric from the marketing literature, 

we show that the auctions with higher levels of feedback generate net promoters of the 

mechanism, whereas the baseline case has net detractors.  The results of our study 

reveal that our approach lowers the hurdle of participating in combinatorial auctions 

considerably, thus enhancing their potential long-term usage in electronic markets.  

Each of the feedback levels improves the perceptions of TTF, which in turn leads to 

better perception of performance and greater intention to adopt the mechanism.      

As part of the task analysis, we extend the TAM in the context of mechanism 

design by demonstrating the role of perceived performance in influencing the intention 
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to use a mechanism.  TAM posits that any possible effect of external variables on IOU 

is mediated by PEOU and PU.  Several studies since then have found evidence 

supporting this hypothesis in numerous organizational decision-making tasks.  

However, the types of systems that have been studied were created with the motivation 

of maximizing the performance of the users.  That is not necessarily the case in an 

auction mechanism, where maximizing allocative efficiency or seller’s revenue can be 

at the sacrifice of bidders’ ability to perform well.  When this is the case, we believe 

systems have a low likelihood of wide acceptance in the online marketplace.  While 

high efficiency increases overall social welfare and high revenue benefits the seller, 

bidders are not likely to adopt a mechanism that hurts their interests.  Thus, we 

proposed that the perceived performance, in addition to the TAM-specified beliefs, is an 

important predictor of behavioral intention to use an auction mechanism.  We find 

support for this relationship.  Overall, our approach demonstrates positive potential for 

developing technology based on task-technology fit, which leads to good user 

acceptance in a complex environment. 
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5. An Exploration of Bidder Behavior in Continuous 
Combinatorial Auctions 

5.1 Introduction 

This study is motivated by the notion that, in order to design effective information 

systems, it is essential to not only evaluate the performance of the systems but also 

analyze the interactions of the users with the systems that lead to certain economic 

outcomes (Bapna et al. 2003, 2004).  Bapna et al. (2004) assert that “users’ preferences, 

behaviors, personalities, and ultimately their economic welfare are intricately linked to 

the design of information systems” (p. 1).  For combinatorial auctions to be an effective 

online mechanism, it is important to understand: (i) What behaviors do bidders adopt in 

such auctions? And, (ii) how do variations in bidding behavior affect the economic 

performance of both the seller and the bidders? 

Since combinatorial mechanisms in e-commerce are virtually non-existent, a 

principal application of increasing our understanding of how bidders behave in these 

auctions relates to the design of novel combinatorial auction mechanisms.  

Traditionally, auction design has been largely an analytic process relying on 

assumptions such as fully rational bidder behavior (for a review, see McAfee and 

McMillan 1987; Milgrom 1989; Myerson 1981) or myopic best response (Parkes 1999) 

of bidders.  However, empirical evidence suggests that bidders often exhibit unexpected 

behavior, breaking down many of the assumptions in the analytical models (e.g., Bajari 

and Hortacsu 2003; Bapna et al. 2003).  The challenge is even more pronounced in the 

cognitively complex, continuous combinatorial bidding environment where identifying 

profitable bidding strategies is a demanding task for the bidders.  In fact, in the absence 
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of appropriate decision support systems, bidders have been found to pursue perverse 

bidding strategies (Porter et al. 2003).  While numerous studies have examined bidder 

behavior in various forms of single-item auctions (Bapna et al. 2003; Bapna et al. 2004; 

Cox et al. 1982; Ockenfels and Roth 2006; Neugebauer and Selten 2006; Shah et al. 

2003), only a few have attempted to analyze bidder behavior in combinatorial auctions 

(e.g., An et al. 2005; Avenali and Bassanini 2007).  Moreover, these studies are based 

on simulations of bidding agents, and also the goal of the study by An et al. (2005) was 

to find “a good bidding strategy” (p. 1) in a complex package bidding environment.  

Our goal is to adopt a data-driven approach to uncover the actual strategies pursued by 

bidders in such auctions.   

Since real data from combinatorial auctions are not publicly available, we rely 

on laboratory experiments for this empirical analysis.  In the experiment, bidders are 

able to bid asynchronously in hypothetical combinatorial auctions.  We capture not only 

the bids but also the click-stream of the bidders with the goal to inductively discover the 

strategies that bidders pursue.  This data provides process information that is concurrent 

with the task, satisfying the recommendations for valid process measurement (cf. 

Ericsson and Simon 1993).  A complementary focus is on analyzing how bidding 

behavior changes as a function of changes in information feedback leading to 

differences in auction outcomes.  This feature of the study provides better information 

to systems designers for the future development of novel combinatorial auction 

mechanisms.  By modeling bidder behavior, the study aims to enhance the design of 

practical combinatorial auctions and also facilitate the design of more user-centric 

artificial bidding agents. 
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5.2 Data Collection 

We conducted a total of 51 auctions over 15 experimental sessions. We excluded seven 

auctions from our analysis, because in these at least one bidder mistakenly placed a bid 

significantly above her valuation.  They immediately notified us of the mistake; but, 

since our design disallowed bid withdrawal, rectification of the user error was not 

possible.  Therefore, we removed these auctions from further analysis, attributing the 

irrational bids to bidding errors.  In the 44 remaining auctions – 14 with BF, and 15 

each with OF and PF – over 3000 bids were placed.  In addition to the bids, to better 

understand the behavior of the bidders, the click-stream of each participant was also 

recorded.  The click-streams include data on the bidder’s exploration of various bundles 

(through checks and unchecks of checkboxes), screen refreshes, and bid submissions.  

Close to 50,000 clicks were recorded.  While the bid data allow us to analyze 

characteristics of participation of the bidders in the auction, the click-stream data 

provide an opportunity to understand the bidders’ bid formulation processes. 

5.3 Data Analysis 

Our overall strategy for data analysis is to discover “meaningful” patterns from the data 

and interpret the patterns to provide insights regarding the different bidder strategies.  

At the outset, we identify two broad levels of analysis of the data that we have 

collected: 

i) Identifying overarching strategies of bidders through the analysis of the click-

stream data and bidder-specific auction level data.  Since the click-stream data 

represents the exploratory analysis that a bidder employs before placing a bid, 

it can help capture the bidder’s bid-formulation process.  Bidder-specific 
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auction level data, such as the number of bids made and the time of the first 

bid, capture characteristics of participation and can help characterize bidder 

strategy.  

ii) Identifying the different characteristics of bids bidders place.  Regardless of 

the overarching strategy used by a bidder, a given bid can be characterized 

with respect to the existing auction environment at the time when the bid is 

placed.  An understanding of differentiated bid properties can help identify 

key characteristics that distinguish the bids and whether a given type of 

feedback and associated information results in significantly different bid 

characteristics.   

We analyze bidder strategies and bid characteristics using the collected data.  

We then identify a mapping of bidder strategies over the bid characteristics to describe 

the complex temporal bidding process in combinatorial auction under the three 

treatment conditions. We conclude our analysis with an exploration of economic 

implications of bidders’ strategies in terms of their retained surplus.  A major goal of 

this research is also to examine the role that information feedback plays in affecting 

bidder behavior because if we understand the impact of different types of information 

on bidder behavior and auction dynamics, we can design practical mechanisms that 

achieve intended auction objectives, such as maximization of welfare, revenue, or 

market coverage.  Therefore, throughout our analyses, we study both the effect of 

feedback as well as its interaction with bidder strategies. 

In Section 5.3.1, we use a clustering-based technique similar to that used by 

Bapna et al. (2004) for classifying and discovering bidder strategies based on aggregate 



 

 78 

bidding data in single-item auctions.  However, our approach differs significantly from 

theirs.  Because of the complexity of multi-item combinatorial auctions and our ability 

to collect primary data on bidder activity, we differentiate between bidder strategies 

(bid formulation and bidder characteristics) and bid characteristics.  In Bapna et al. 

(2004), bid characteristics are part of bidder strategies since bid formulation in single-

item auctions is a rather straightforward process.  However, our environment allows for 

placement of several different types of bids by a bidder who is following a particular 

strategy.   

Thus, in Section 5.3.2 we first analyze characteristics of bids from the 

perspective of their states (dead, live and winning) to examine how the state of bids 

placed by the bidders following different bidding strategies, as identified in Section 5.1, 

compare across different experimental treatments.  The bid state constitutes a useful, yet 

coarse level of categorization; a more nuanced categorization can provide additional 

insights into the bidding process.  For example, a bid can be placed precisely at WL* or 

it can be significantly higher than WL*.  Furthermore, a bid substantially above the 

WL* at the beginning of an auction may not have similar impact as a bid substantially 

above the WL* close to the end of an auction.  Therefore, in Section 5.3.3 we use 

another clustering-based analysis to empirically derive a taxonomy of bid types to 

identify major trends in the individual bids under all three feedback conditions.  Section 

5.3.4 then maps the different types of bids to the classes of bidders and the treatments.   

We conclude our analyses by investigating the impact of bidding behaviors upon 

the economic welfare of the bidders.  Section 5.5 addresses whether bidder’s strategy 
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and the nature and strength of competition (as reflected by strategies of other bidders 

within the same auction) have any economic impact on the bidder’s own surplus.     

5.3.1 Bidder Strategies 

As discussed earlier, our conceptualization of bidder strategies involves the activity that 

bidders engage in to formulate their bids and the overall auction-level characteristics 

that capture the nature of participation by an individual bidder.  To uncover the different 

bidder strategies, we conduct cluster analysis based on four aggregate variables 

representing each bidder’s behavior.  The choice of the variables is in part based on 

existing literature on bidder behavior in a single-item setting (Bapna et al. 2003; Bapna 

et al. 2004) extended to our multi-item setting as well as on the availability of data that 

captures exploratory analysis conducted by bidders during an auction.    

The variables considered by Bapna et al. (2004) were Time of Entry (TOE), 

Number of Bids (NOB), and Time of Exit (TOX).  We consider TOE and NOB.  

However, TOX – the time of a bidder’s final bid in the auction – is not pertinent in our 

setting because, instead of online auctions where bidders are free to join and leave any 

time over a period of a day or multiple days, our data come from auctions conducted in 

a laboratory, where bidders did not leave the auction until it was over, and average 

duration of the auctions was less than 30 minutes.  In addition to TOE (called ENTRY 

in our setting) and NOB (called BIDS in our setting), we include two new variables: 

SPANS and EFFORT, which are particularly important in a multi-item setting.  SPANS 

captures the number of distinct bundles that a particular bidder placed the bid on: e.g., if 

a bidder places bids only on bundles {ABC} and {AB}, then SPANS =2.  EFFORT 

captures the amount of exploratory analysis a bidder conducted before placing a bid, 
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and is defined as the total number of clicks made by a bidder divided by the total 

number of bids placed by that bidder (i.e., the average number of clicks per bid).   

Table 5.1.  Descriptive statistics for each experimental treatment. 

Feedback Types 
(number of bidders) 

BIDS (SE) ENTRY (SE)
(mm:ss)

SPANS (SE) EFFORT (SE)

Baseline Feedback (BF) (42) 16.86 (13.51) 01:37 (02:59) 9.92 (6.59) 15.84 (14.31)  
Outcome Feedback (OF)  (45) 24.98 (18.80) 02:38 (05:41) 11.80 (9.17) 24.85 (27.21) 
Price Feedback (PF)  (45) 27.02 (15.19) 01:38 (03:10) 11.53 (5.79) 17.84 (11.51) 

 
The means and standard errors for each of these dimensions in each treatment 

are shown in Table 5.1.  The mean of BIDS increases monotonically with the amount of 

feedback while those of ENTRY, SPANS, and EFFORT are each highest with OF and 

lowest with BF.  It may seem counterintuitive that EFFORT is lowest in the least 

transparent case (BF) but that is likely due to the fact that in this case, without the 

provisional allocation or the prices, the bidders could not acquire meaningful 

information through greater effort.  However, with the availability of the winning set of 

bids at every stage of the auction (OF), the bidders could formulate better bids through 

greater effort.  Further, in Level 3, with greater transparency (PF), the bidders did not 

need to expend as much effort to formulate efficient bids as they did in the other two 

cases. 

We used the k-Means clustering algorithm (Witten and Frank 2005) to uncover 

the differences in bidder behavior as captured by the variables mentioned above.  Prior 

to using k-Means, we used the Expectation-Maximization (EM) algorithm (Witten and 

Frank 2005) to determine the value of k, i.e., the optimum number of clusters in each 

case.  The EM algorithm proceeds by re-computing a set of parameters until a desired 

convergence value is achieved.  The algorithm terminates when a formula that measures 
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cluster quality no longer shows significant improvements.   

The clustering algorithm uncovered three groups of bidders in each treatment.  

The cluster centroids, arranged in ascending order of BIDS within each level of 

feedback, are shown in Table 5.2.  Comparing the three clusters across feedback levels, 

we find that the properties of each cluster are very similar across treatments.  The small 

number of bidders in the first cluster in each level places the fewest bids but invests a 

massive amount of effort in placing them.  They wait and follow the progress of the 

auction for a long time before placing their first bid.  None of the bidders in this cluster 

placed a bid in the first five minutes of the auction.    Based on their aggregate bidding 

behavior, it appears that these bidders carefully analyze the bid-space before narrowing 

down the set of spans and placing a small number of bids; therefore, we call the bidders 

in the first cluster Analyzers. 

Table 5.2.  Cluster centroids for bidder classes. 

Feedback Types Clusters
(number of bidders)

BIDS ENTRY 
(mm:ss) 

SPANS EFFORT 

Baseline Feedback (BF)  Analyzers (2) 2.00 14:15 1.50 66.00 
 Participators (34) 13.41 01:00 8.38 14.23 
 Explorers (6) 41.33 00:43 21.50 2.43 
Outcome Feedback (OF)  Analyzers (1) 18.00 10:05 2.00 144.78 
 Participators (36) 18.72 02:18 8.67 25.32 
 Explorers (8) 54.00 03:10 27.13 7.70 
Price Feedback (PF) Analyzers (4) 15.50 11:05 8.00 32.97 
 Participators (34) 23.06 00:43 9.88 17.45 
 Explorers (7) 52.86 00:35 21.57 11.15 

 
For all the three feedback levels, at least 75% of the bidders are in the second 

cluster.  This cluster is characterized by moderate activity – both in terms of the number 

of bids (BIDS) as well as the number of clicks per bid (EFFORT).  This class of bidders 
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usually starts bidding within the first minute of the start of the auction (ENTRY ≤ 1:00).  

Even with OF, where the mean time of the first bid is 2 minutes 18 seconds from the 

start of the auctions, more than 60% of the bidders in the second cluster placed a bid 

within the first minute.  Since the bidders in this cluster seem to place bids in regular 

intervals throughout the auction and exhibit qualitatively similar behavior as attributed 

to Participators by Bapna et al. (2004), we call the bidders in the second cluster 

Participators as well.  

In all the feedback levels, the bidders in the third cluster are characterized by a 

larger number of bids on significantly more spans than bidders in the other two clusters.  

Furthermore, the bidders in this cluster bid early (except with OF) and often.  

Intriguingly, these bidders put comparatively the least amount of effort in placing their 

bids.  Thus, it appears that the bidders in this cluster explore the bid-space by placing a 

large number of bids after only a rudimentary analysis.  Based on these observations, 

we label the bidders in the third cluster as Explorers. 

Comparing analyzers and participators within each feedback level, we find that, 

while the analyzers put almost five times the effort of the participators with BF and 

almost six times the effort of the participators with OF, they put less than two times the 

effort of the participators with PF.  The relative drop in the amount of effort with PF can 

be explained by the fact that the higher quality of feedback provided with PF reduced 

the effort required to acquire relevant information for the analyzers as compared to the 

BF and OF cases.  Further, the analyzers and participators put the most effort with OF 

compared to that in the other two treatments.  This can be explained by the fact that 

with OF (where partial information was provided), more meaningful information could 
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be obtained by conducting appropriate analysis.  For instance, let us suppose that, at a 

certain stage of the auction, the winning set of bids are {ABC} and {DEF}, and suppose 

the maximum bid on a bundle S is denoted by max{S}.  If a bidder wants to bid on the 

bundle {BC}, she can bid max{ABC} – max{A} + ε on {BC} to be among the winning 

set replacing the bid on {ABC}, where ε is the bid increment.  With BF, a lack of 

feedback regarding the currently winning bids make similar computation of potential 

winning bids difficult.  On the other hand, with PF, a bidder can easily find the exact 

current winning price on {BC} (in this example) without needing to explore and 

discover suitable complementary bids. 

The analyses presented in this subsection demonstrate a remarkable consistency 

of bidder characteristics across quite different experimental conditions.  The systematic 

nature and limited number of primary bidding strategies is a significant finding and 

contribution of this study.  To delve into more specific understanding of these 

strategies, we shift to a finer-grained analysis, i.e., an analysis of bid characteristics.  In 

the next three subsections, we conduct analyses of the individual bids by bidder types 

and by feedback levels.  

5.3.2 Analyses of Individual Bids: Bid States 

We first explore a basic characterization of bids, i.e., bid state (dead, live or winning) at 

the time it was placed by the bidders. Our interest in exploring the bid states across 

different bidder strategies stem from the desire to learn the impact of information 

regimes (BF, OF, and PF) on the bidders to answer questions such as: (i) What 

proportion of live and winning bids do bidders place? (ii) Do bidders place a large 

percentage of dead bids with BF and OF, where the minimum prices to place live and 



 

winning bids are not identified? (iii) Are certain bidders more capable than others in 

identifying the minimum prices even without explicit feedback?  

The percentage of dead, live, and winning bids that each type of bidder placed is 

shown in Figure 5.1.  Three trends stand out from the figure.  The first is the 

significantly higher proportion of winning bids placed by the analyzers across feedback 

conditions as compared to both participators and explorers.  In addition, the analyzers 

(who spent the highest amount of effort in placing each bid) also placed the fewest 

percentage of dead bids overall.  Interestingly, even with just BF and OF, analyzers do 

not place any dead bids.  Therefore, one can conclude that the analyzers are effective in 

meaningful bid construction.  The fact that this class of bidders place a few dead bids 

with PF might seem surprising, but the likely cause of this behavior is that the DL* 

could have increased (by virtue of other bids) between the time a bidder observed the 

level and placed a bid.  Furthermore, we show later that with PF the bidders place bids 

that are extremely close to DL* and WL* and hence the likelihood that these levels 

change quite rapidly, due to placement of other bids, is quite high.  We study this 

phenomenon in more detail in Section 5.3.4. 

Baseline Feedback (BF) Outcome Feedback (OF) Price Feedback (PF) 

 

Figure 5.1.  Mix of bids placed by the different types of bidders. 
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The second major pattern in the figure is the similarity between bid state 

distributions across the three types of bidders in the baseline and outcome feedback 

conditions, with increasing proportions of winning bids (and smaller proportions of 

dead bids) from explorers to participators to analyzers.  One can think of the ratio of 

winning bids to dead bids or live bids to dead bids as a measure of effectiveness of 

bidding strategy, since dead bids represent lost effort.  The analyzers are the most 

effective bidders since they place approximately 80% winning, 20% live and no dead 

bids; the participators are next from the perspective of effectiveness since they place 

approximately 45% winning, 35% live, and 20% dead bids; and the explorers perform 

least effectively with approximately 25% winning, 35% live, and 40% dead bids.  The 

explorers, who place a large number of bids with minimal effort, end up making a large 

percentage of dead bids.  This suggests that, although these bidders were actively 

bidding throughout the auction, they were not actively analyzing the existing bids 

before placing a bid and ended up placing a large percentage of inconsequential bids. 

Note that explorers and participators represented 95% (125 out of 132) of the 

total bidder pool.  Thus, the similarity of bid states with BF and OF raises the question 

whether the addition of only the provisional allocation feedback help the bidders in 

estimating the prices of the bundles.  At the outset, only the analyzers (5% of the all 

bidders) appear to be able to estimate the prices and place profitable bids even without 

the availability of PF.  We will further explore this in the next section, where we refine 

the bid characterization to explore the impact of feedback at a much finer granularity.  

The third pattern in the figure is the similarity in bid state distributions for all the 

three bidder strategies with price feedback.  The availability of PF had a big impact on 
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the distribution of bid states.  The effectiveness of both the participators and explorers 

move towards that of the analyzers’.  This phenomenon demonstrates the value of PF 

for the bidders in combinatorial auctions.  It also emphasizes the fact that bidder 

behavior can be significantly influenced by the design choices made by an auctioneer.  

Without the aid of exact prices to make a potentially live or winning bid, the 

percentages of dead bids with BF and OF are almost identical: 30% with BF and 31% 

with OF.  Even the percentages of live and winning bids are fairly close in these two 

levels of feedback: 38% live and 32% winning with BF, and 32% live and 37% winning 

with OF.  Thus, without feedback regarding potentially live and winning bids, on 

average the mix of bids is similar with BF and OF.  However, there is one important 

difference between the two levels: with OF, the identification of the winning bids 

provided an implicit WL for the few bundles included in the winning set.  Thus, while 

only 28% of the bids placed on non-winning spans (i.e., bundles that were not part of 

provisionally winning allocation) were winning bids, 80% of the bids placed on the 

winning spans (bundles that constituted the provisional allocation at that state of the 

auction) were winning bids.  This implicit identification of bundles with known WL 

may also explain the slightly higher percentage of winning bids with OF as compared to 

that with BF.     

With PF, far fewer dead bids (6% compared to about 30% in each of the other 

two treatments) were placed and far greater proportion of winning bids (65% compared 

to about 35% in the other two levels) were placed.  The drop in dead bids is to be 

expected due to the availability of exact bundle prices, but the high percentage of 

winning bids with PF implies that, with the availability of provisional allocation and 
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exact prices for any chosen bundle (i.e., information analogous to that automatically 

available in single-item ascending auctions) the dynamics of the combinatorial auctions 

become similar to English auctions, where every new bid is a winning bid.  In spite of 

the relatively higher percentage of winning bids with price feedback, the seller’s 

revenue was lower than in the case with OF, because the winning bids with the PF were 

closer to the prescribed minimum (WL*).  On average, with bidders not explicitly 

aware of the WL*, the winning bids with OF were $22 above the WL* compared to 

only $8 above the WL* with PF.   

While the mapping of bid states across different bidder strategies provide some 

interesting insights about the change in bidder effectiveness with higher quality 

feedback, bid states provide an important but only fairly basic characterization of bids.  

A more refined taxonomy should include more nuanced characteristics that can identify, 

for example, whether the bid is barely live (i.e., just above DL) or is quite close to WL 

or whether the bid was placed early in the auction or late.  In the next subsection, we 

derive a more complex characterization of bids to gain a better understanding of bidding 

dynamics.  Then in Section 5.3.4, we will explore how these complex bidding dynamics 

are affected by the feedback across different bidder strategies. 

5.3.3 Taxonomy of Bid Characteristics 

To enhance our understanding of the nature of bids placed by the bidders under 

different information feedback regimes, in this subsection we examine several 

important bid characteristics in the context of combinatorial bidding.  The resulting 

taxonomy of bids is then related to bidder strategies and feedback in Section 5.4.  The 

taxonomy is developed empirically by conducting cluster analysis on the bids under 
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each level of feedback based on the following attributes of each bid: (i) TIME – the 

normalized time when the bid was placed, e.g., if a bid was placed halfway through the 

auction, the TIME is 0.5; (ii) SIZE – the size of the bundle on which the bid was placed, 

in terms of the number of items in the bundle, e.g., the SIZE of a bid on {ACD} is 3; 

(iii) STATE – the state of the bid immediately after it was placed, defined as: -1 if the 

bid was dead; 0 if it was live; and 1 if it was winning; (iv) WINSPAN – defined as 1 if 

the bundle on which the bid was placed was among the provisional winners right before 

the bid was placed, and 0 if it was not winning; (v) EXCESS_DL – the percentage by 

which the amount of the bid was above the DL*, i.e., the minimum required to place a 

live bid, calculated as (Bid-DL*)/DL* for a bid above the DL*, and 0 otherwise; (vi) 

EXCESS_WL – the percentage by which the amount of the bid was above the WL*, 

i.e., the minimum required to place a winning bid, calculated as (Bid-WL*)/WL* for a 

bid above the WL*, and 0 otherwise; (vii) SEARCH – the total number of clicks by the 

bidder prior to placing the bid.   

Note that, with PF, the winning bids were continuously identified at each stage 

of the auctions, and the minimum potentially winning bids could be immediately 

obtained by the bidder for any chosen bundle.  Furthermore, all the dead bids were 

removed from display.  Thus, STATE, WINSPAN, EXCESS_DL and EXCESS_WL 

were directly available to the bidders.  With OF, WINSPAN was known because the 

winning set of bids was identified, but STATE, EXCESS_DL, and EXCESS_WL were 

only available indirectly and in a very limited sense – only for the (very few) bids that 

were provisionally winning at a given time.  For instance, if a bid of $100 on bundle 

{ABC} is winning at a certain stage of the auction, $100 is the DL as well as the WL on 
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{ABC}, according to the theoretical results derived in Adomavicius and Gupta (2005).  

Thus, the identification of winning bids implicitly provided feedback regarding the 

minimum potential bids on those bundles.  However, at any stage of the 6-item auction, 

there could only be between one and six winning bundles out of the 63 possible 

bundles.  With BF, none of this bid-related information (i.e., STATE, WINSPAN, 

EXCESS_DL, and EXCESS_WL) was explicitly provided to the bidders.   

As in the bidder analysis, we use the EM algorithm (Witten and Frank 2005) to 

find out the optimum number of bid clusters, and then apply the k-Means procedure to 

discover the clusters.  We find five clusters with BF, six with OF, and four with PF.  

The cluster centroids are shown in Table 5.3.  While the number of clusters discovered 

in each treatment differs, significant similarities exist in the clusters across the three 

treatments.   

For each feedback condition, we find a cluster with jump bids (with high 

EXCESS_DL and high EXCESS_WL) placed early in the auctions (TIME < 0.25).  

These bids are all winning bids (STATE =1) with PF but a mix of live and winning with 

BF and OF; furthermore, they occur after moderate to high SEARCH.  We call these 

bids early aggressive winning bids (EAWB).   

With BF and OF we find a cluster of early dead bids (EDB): dead bids (STATE 

= -1) placed relatively early (TIME < 0.40) in the auctions.  Similarly, we find a cluster 

of late dead bids (LDB) characterized by primarily dead bids placed relatively late in 

the auctions (TIME > 0.65).  We do not find either of these clusters with PF.   

Another bid type in the first part of the auctions is a cluster of early live bids 

(ELB), seen with OF and PF, containing primarily live bids placed relatively early in 
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the auctions (TIME < 0.35).  These bids are somewhat similar to the earlier occurring 

EAWB, but occur a little later and are less aggressive (i.e., have smaller EXCESS_DL 

and EXCESS_WL values). 

Table 5.3.  Cluster centroids for bids. 

Feedback Type 
(number of bids) 

Clusters 
(% of bids) TIME SIZE STATE WIN 

SPAN 
EXCESS

_DL 
EXCESS

_WL 
SEAR

CH 
Baseline Feedback 
(BF)  (EAWB) (29%) 0.17 2.09 0.41 0 28.91 10.74 13.15 

(708) (EDB) (20%)  0.38 2.74 -1 0.1 0 0 7.3 
 (WSWB) (14%) 0.53 2.84 1 1 0.11 0.11 10.49 
 (LDB) (10%)  0.68 4.83 -0.99 0.07 0 0 11.08 
 (CLWB) (27%)  0.69 2.59 0.23 0 3.17 0.38 12.91 
Outcome Feedback 
(OF) (EAWB) (21%) 0.20 1.85 0.53 0 20.34 7.85 17.09 

(1124) (EDB) (15%)  0.36 2.36 -1 0.21 0 0 8.10 
 (ELB) (13%)  0.25 3.77 0.21 0 13.21 3.86 17.34 
 (WSWB) (14%) 0.61 2.60 1 1 0.07 0.07 26.81 
 (LDB) (16%)  0.67 3.92 -1 0 0 0 14.52 
 (CLWB) (20%)  0.72 2.78 0.44 0 2.40 0.02 21.46 
Price Feedback 
(PF) (EAWB) (23%) 0.22 2.49 1 0 6.18 4.30 15.64 

(1216) (ELB) (27%)  0.33 2.37 -0.20 0 3.13 0 12.04 
 (WSWB) (19%) 0.53 2.41 0.94 1 0.40 0.40 13.00 
 (CLWB) (31%)  0.78 2.87 0.79 0 0.92 0.03 19.34 

 
Along with the continued use of dead bids (LDB defined above) with BF and 

OF, in the second half of the auctions the bids retain a similar character with a 

somewhat more conservative slant compared to the first half.  With all three treatments, 

we find a cluster of bids placed on provisionally winning bundles (WINSPAN =1).  

With both BF and OF this cluster contains 14% of the bids in that treatment and is 

entirely composed of winning bids (STATE = 1).  With PF it contains 19% of the bids, 

97% of which are winning.  Based on these characteristics, we call this cluster of bids 

winning span winning bids (WSWB).  The bids bear a similarity to the initial EAWB; 

however, they are less aggressive with lower EXCESS_DL and EXCESS_WL.  For BF 
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and PF, these bids involve slightly less SEARCH than is used for EAWB; but for OF, a 

high amount of SEARCH is required.   

Finally, with all three treatments we find a cluster of live and winning bids 

placed relatively closer to the DL and WL.  With BF and OF, these bids are mostly live 

(77% with BF and 56% with OF) whereas with PF these are mostly (79%) winning 

bids.  Thus we call these bids conservative live and winning bids (CLWB).  These bids 

bear a similarity to the ELB; though, unlike ELB (not present with BF), these bids 

occurred in all three treatments.  They are generally more conservative, with lower 

EXCESS_DL and EXCESS_WL.6  Further, these bids are associated with a higher 

amount of SEARCH compared to the ELB. 

The considerable consistency in the bid clusters across the three feedback 

conditions with the fine-grained level of individual bids is quite interesting and provides 

a sound taxonomy to help develop a better understanding of bidder behavior.  The next 

section investigates this taxonomy of bid characteristics with respect to bidder 

strategies. 

5.3.4 Bidder Strategies and Bid Characteristics 

In this section, we use the classifications of the bidders (identified in Section 5.3.1) and 

bids (identified in Section 5.3.3) to explore the types of bids that different classes of 

bidders place under different types of feedback.  Figure 5.2 graphically displays the 

percentages of different types of bids that each type of bidder makes. 

Several bidding tendencies are apparent from the charts.  First, the analyzers 

 
6 For PF, EXCESS_WL is not lower for CLWB due to a floor effect.  In other words, for ELB with this 
feedback, EXCESS_WL is already at its minimum (i.e., 0).  The value for CLWB is not appreciably 
higher (0.03). 



 

place significantly higher proportion of CLWB as compared to other bidders (detailed 

statistics in Table A3.1 in Appendix 3) and as compared to the other type of bids they 

themselves place (detailed statistics in Table A3.2 in Appendix 3).  Three-fourths of the 

analyzers’ bids with BF, two-thirds with OF, and close to half with PF are CLWB.   

Second, in Section 5.3.2, we noted that participators and especially explorers 

place a large number of dead bids with BF and OF.  The detailed analysis confirms the 

result but provides interesting additional insights: a lack of consistent pattern in terms of 

whether the dead bids were placed early in the auctions (EDB) or late in the auctions 

(LDB) (detailed statistics in Table A3.3 in Appendix 3) indicates that, even with a small 

number of bids early in the auctions, the participators and explorers found it hard to 

realize with BF and OF that the bids they were placing were below deadness levels.   

Baseline Feedback (BF) Outcome Feedback (OF) Price Feedback (PF) 

 

 
Figure 5.2.  Bid composition for each bidder type. 

 
Third, the tendency to place ELB increases with increasing levels of feedback: 

no ELB were placed with BF, while more ELB was placed with PF than with OF (z = 

7.492; p = 0.000).  In fact, 68% of all the ELB were placed with PF, 95% of which were 

placed by participators and explorers.  Evidently, with the availability of exact prices, 
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participators and explorers chose to place live bids early in the auctions.  This is an 

interesting observation because, on aggregate, we find more winning bids placed with 

PF (66%) than with either OF (37%) or BF (32%).  Thus, it appears that, with PF, over 

time the bid strategy shifts from placing live bids to placing winning bids.  Indeed, close 

to 80% of the CLWB (placed late in the auctions) were winning bids with PF compared 

to 44% with OF and 23% with BF.  This temporal change in bidder strategy with PF is 

most likely because the bidders initially start placing live bids in the hopes of retaining 

higher surplus should a suitable complementary bid arrive to make the bid winning.  

But, if such a bid does not arrive, the bidders revise their bids to be included in the 

provisional allocation (i.e., place a winning bid).   

Finally, the number of EAWB is fairly constant across feedback conditions, 

especially for participators and explorers.  Analyzers appear to be placing far less jump 

bids (i.e., EAWB) compared to participators (z = 3.703; p = 0.000) and explorers (z = 

1.803; p = 0.05).  In fact, participators are most prone to placing jump bids with the 

difference with explorers in terms of the percentage of EAWB decreasing with 

increasing feedback.  Thus, with the availability of price feedback, both participators 

and explorers place about 20% EAWB.   

Having a reasonably good understanding of the structural nature of bids placed 

by the bidders, we next focus our attention on the economic aspects of the performance.  

In the next subsection we explore the impact of the differences observed in the strategy 

of bidders and the nature of bids placed by these bidders on their own welfare. 



 

5.3.5 Impact of Bidder Strategies on Bidders’ Economic Welfare 

An important consideration in the design of trading mechanisms is the profit 

implications of different bidding strategies (Bapna et al. 2004).   In this section, we 

compare the success of the three classes of bidders in generating surplus for themselves.  

In particular, we want to learn whether the analyzers, with their seemingly superior 

bidding strategy, are able to garner a higher surplus than their counterparts.  

Baseline Feedback (BF) Outcome Feedback (OF) Price Feedback (PF) 

 

Figure 5.3.  Average surplus generated by bidders in different clusters. 
 
  The average surplus drawn by each type of bidder in each treatment is shown in 

Figure 5.3.  Within each level of feedback, the analyzers seem to generate the maximum 

surplus for themselves, while the explorers retain the minimum surplus.  It also appears 

that the feedback type influences surplus. 

Before analyzing the effects of these two factors upon surplus, we add a third 

factor to the model.  Given that an auction is a competitive game, we hypothesize that 

the types of the other bidders that each bidder had to compete with will also have an 

effect on the retained surplus.  Out of the 27 possible combinations of three bidder types 

(since each auction had three bidders), four different combinations of bidder types were 

present in the auctions that we conducted: {APP} (n=7), {PPP} (n=22), {PPE} (n=9), 

and {PEE} (n=6), where A represents analyzer, P – participator, and E – explorer.  
 94 
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Thus, for a given bidder, the possible combinations of competing bidders were: {AP} 

(n=14), {PP} (n=82), {PE} (n=30), and {EE} (n=6).  We call these combinations of 

competing bidders competition types and, based on our analyses above, we characterize 

them as follows: {AP} – intense, {PP} – strong, {PE} – moderate, and {EE} – weak.  

Thus, in our experiments the analyzers happened to face only strong competition, the 

participators faced all the competition types, and the explorers only faced strong and 

moderate competition. 

Table 5.4. ANOVA of the factors influencing bidder’s surplus. 

 Degrees of freedom F 
Feedback Type 2 2.13 
Bidder Type 2  3.26** 
Competition Type 3 0.56 
Feedback Type * Bidder Type 4 0.24 
Feedback Type * Competition Type 6 2.83** 
Bidder Type * Competition Type 1† 4.58** 

R2 = 0.3036;             Adj- R2 = 0.1927;        F (18, 113) = 2.74*** 

Note.  *** and ** denote statistical significance at the 1% and 5% levels, respectively.  † The degree of 
freedom is only 1 for lack of data points for all possible combinations of bidder and competition types. 

 
We now use ANOVA to study the three factor model of the individual’s retained 

surplus including feedback effect, the effect of the bidder’s own type (in terms of the 

three bidder strategies), the competition type effect, and all the possible interactions.  

The results are shown in Table 5.4.  Overall, the model is significant at the 1% level 

with a reasonably good explanation of variance (Adj-R2 = 19.27%).  The results 

indicate that the bidder strategies have significant impact on bidder’s surplus.  

Interestingly, feedback and competition have no direct effect.  Although in Figure 5.3 

feedback appears to have a direct impact on surplus, the ANOVA indicates that the 

effect is dependent upon the competition in the auction.  Furthermore, the impact of 
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bidder strategies is also moderated by competition, i.e., the effectiveness of a strategy is 

dependent upon the other bidders in the auction.  We next employ pairwise t-tests to 

explore the direction of impact for statistically significant relationships.  

Table 5.5 presents the results from pairwise comparison of the surplus by 

feedback types and competition levels (with N/A indicating where comparisons could 

not be conducted because of lack of data). 

Table 5.5. Comparison of the moderating effect of competition on feedback effect 
on surplus. 

 Intense (AP) Strong (PP) Moderate (PE) Weak (EE) 
Outcome vs. Baseline 
feedback 

t (4) = 1.707 t (56) = 2.760** 
(BF>OF) 

t (16) = 0.499 t (3) = 1.995
 

Price vs. Baseline 
feedback 

t (10) = 2.577** 
(PF>BF)

t (50) = 0.481 t (18) = 2.378** 
(PF>BF) N/A 

Price vs. Outcome 
feedback 

t (8) = 3.457**
(PF>OF)

t (52) = 1.837*
(PF>OF)

t (20) = 2.266** 
(PF>OF) 

N/A

Note.  ** and * denote statistical significance at the 5% and 10% levels, respectively.  

It is quite clear that, with PF bidders generally have a higher level of surplus as 

compared to BF and OF, under most of the competitive environments.  This is primarily 

because bidders with PF were able to formulate more precise bids due to the availability 

of information regarding the minimum prices required to place live and winning bids.   

The bidders with OF, on the other hand, could find out whether they were winning, but 

not how much to bid on a bundle of their choice to place provisionally winning bids.  

Thus the non-winning bidders placed large bids in order to become winners.  For 

instance, if we consider the late jump bids (bids well above WL* in the final quarter of 

auctions) with OF, 79% of those bids were placed by the bidders who were not winning 

at that point.  Without the feedback on minimum prices, these bidders placed jump bids, 

thereby squeezing their surplus.  Therefore, the retained surplus of bidders with OF was 
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even less than that of their counterparts with BF with moderate competition.  As 

observed earlier, this jump-bidding behavior with OF also resulted in higher seller’s 

revenue in this treatment. 

This analysis, important for system designers, validates the observation in 

behavioral research that simply providing outcome feedback is generally insufficient for 

decision makers to make myopically optimal decisions (e.g., Brehmer 1980).  Since OF 

lacked strategic information regarding which lots to bid on and the amount associated 

with those bids from an individual bidder’s perspective, the level of feedback was 

unable to help the bidders in making profitable decisions.   

Table 5.6. Comparison of the moderating effect of competition on bidder type 
effect on surplus. 

 Strong (PP) Moderate (PE) 

Analyzers vs. Participators t (71) = 3.601***
(A>P)

N/A 

Analyzers vs. Explorers t (14) = 2.060**
(A>E)

N/A 

Participators vs. Explorers t (73) = 0.632
 

t (28) = 4.065*** 
(P>E) 

Note.  *** and ** denote statistical significance at the 1% and 5% levels, respectively.  

Besides feedback, competition also has a moderating effect on the impact of 

bidder strategies.  Table 5.6 presents the detailed comparisons via pairwise t-tests to 

further investigate the direction of this moderation.  We had insufficient observations 

for analysis for the intense and weak competition types.  Even for the moderate 

competition type, we could conduct only one comparison (the others indicated as N/A).  

However, for the groups with sufficient data to conduct the analysis, the general pattern 

observed in Figure 5.3 is statistically validated.  Analyzers obtained the highest surplus, 

participators were next, and explorers had the lowest surplus.  The difference between 
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participators and explorers is dependent upon the competition; however, due to lack 

sufficient auction level data in experimental settings, we are unable to provide more 

generalized results. 

Table 5.7. Comparison of the retained surplus among classes of bidders. 

 Bidder’s Surplus 

Analyzers vs. Participators t (111) = 2.831***
(A>P)

Analyzers vs. Explorers t (28) = 3.966***
(A>E)

Participators vs. Explorers t (125) = 1.430*
(P>E)

Note.  *** and * denote statistical significance at the 1% and 10% levels, respectively.  

Overall, analyzers retain the highest surplus followed by the participators and explorers 

as reflected by the pairwise t-tests presented in Table 5.7.  It appears that the analyzers 

were able to effectively use the available information to actively navigate the search 

space and place bids with higher precision.  Their strategy of late entry, relatively fewer 

bids, and a lot of effort for every bid appears to be superior in comparison to the 

strategies of the participators and explorers.  Thus, the analyzers retained relatively 

higher surplus.   

Table 5.8. Competitive Environment and efficiencies. 

Competitive Environment Efficiency 
APP 0.90 
PPP 0.90 
PPE 0.88 
PEE 0.94 

Note.  None of the pair-wise comparisons resulted in a significant difference in efficiency. 

The explorers, on the other hand, did not attempt to effectively use the available 

information, placed a large percentage of inconsequential (dead) bids, and as a result 

ended up with a lower average surplus.  It is also interesting to consider what happens 

to revenue with different competitive environments. However, as shown in Table 5.8, 
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the difference in efficiency with various competitive environments is not statistically 

significant and, hence, the revenue follows predictable patterns, i.e., an increase in 

consumer surplus (with analyzers) leads to lower revenue and presence of explorers 

leads to higher revenue than just having the participators. 

5.4 Discussion 

When assets have value complementarities that differ across bidders, combinatorial 

auctions can have significant advantages over multiple single-item auctions of the 

assets.  While researchers have focused on developing fast algorithms and heuristics to 

accelerate winner determination as well as on designing iterative mechanisms to 

simplify participation, the study of bidder behavior in such auctions has been largely 

untouched, even though prior research suggests that the manner in which agents interact 

with information systems is crucial to their design (Ba et al. 2001).  Prior research also 

indicates that agents do not always behave in theoretically predicted ways, and that the 

behavior of the participating agents in an auction can have significant impact on the 

economic performance of the mechanism (Bapna et al. 2003, 2004).  Therefore, to 

design an effective combinatorial auction mechanism that could be deployed in the 

online marketplace with a high probability of success, it is important to understand how 

the manipulation of design parameters (such as the information feedback provided to 

bidders) influences their bidding behavior, and how certain behavior of agents leads to 

certain economic outcomes.  The expectation is that these insights will help mechanism 

designers to make design choices based on their desired auction outcome. 

To study the behavior of bidders under different treatment conditions, we 

constructed an experimental combinatorial bidding environment.  A major finding of 
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our exploratory analysis is a stable taxonomy of three bidder types based on their 

aggregate bidding behavior.  Some bidders, with more profitable bidding strategies than 

others, are able to generate higher surpluses than their counterparts.  Furthermore, the 

type of competition (in terms of bidding strategies) that a bidder faces in an auction 

moderates the effect of feedback on the retained surplus.   

While similar studies on single-item auctions (Bapna et al. 2003, 2004) focus 

primarily on bidding behavior, we explored the click-stream data of the bidders as well 

in order to better understand the decision-making processes.  The analysis of the clicks 

revealed that certain types of bidders expend more effort in searching the space of 

possible bids before placing a bid than others.  Based on our exploratory analysis of the 

bids and clicks, we identified six distinct types of bids that bidders placed in the 

auctions.  We found the three types of bidders (analyzers, participators, and explorers) 

to differ in the portfolio of their bids.  Further, the strategies evolved over time with 

increased transparency (with price feedback) reducing the heterogeneity in the type of 

bids placed. 

Our analysis suggests that the dynamics of combinatorial auctions could be 

significantly influenced by strategically manipulating the information provided to the 

participants.  Owing to the complexity of the package bidding environment, bidders 

need real-time feedback in order to understand the state of the auction in terms of what 

bids are winning and how much the bidders need to bid to place a winning bid.  While 

outcome feedback (i.e., provisional allocation) increases the revenue of the auction, our 

analysis of the bid characteristics suggests that bidders are still unable to efficiently 

compute item prices, resulting in a large percentage (31%) of dead bids (i.e., 
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inconsequential bids).  With feedback on exact prices and provisional allocation, 

bidders are able to place bids with greater precision.  Although this lowers the seller’s 

revenue, we believe that providing price feedback is essential for the sustainability of 

the mechanism in the online marketplace.  If the bidders find it too cognitively complex 

to understand the auction environment and make profitable bidding decisions, they may 

cease to participate. 

Finally, computing item prices in a combinatorial auction constitutes a 

cognitively complex problem for a bidder.  The provision of price feedback lowers this 

cognitive hurdle by making prices (live as well as winning) for all possible bundles 

easily searchable.  However, the bidders still need to search a considerably large space 

of potential bids in order to place profitable bids.  One of the winning strategies 

(analyzers) in such auctions was to place fewer bids after a great deal of search rather 

than placing a large number of bids without much search (explorers).  One possible 

option to minimize the search space for the bidders is to identify for them the top (say, 

top 10) surplus-maximizing bids; however, such feedback would require the bidders to 

disclose their valuation for an exponential number of bundles.  Further design of bidder 

interactions with the auction environment constitutes an interesting and important topic 

for future research. 

5.5 Conclusions 

Combinatorial auctions are a promising trading mechanism that can be useful in the sale 

of multiple interdependent assets in the electronic marketplace.  Along with the 

exploration of fast winner determination algorithms and effective decision support 

systems, we also need to develop a good understanding of how different design choices 
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affect the behavior of the participants leading to different outcomes. A comprehensive 

understanding of these issues is essential to develop a mechanism that has a high 

probability of success when deployed in the market.  In this paper, we analyze bidding 

behavior of human bidders under three different treatments, each representing different 

type of information feedback provided to bidders throughout the auction.  Future 

research can build on this by testing other forms of feedback and different auction 

designs in terms of the number of items and bidders.  Our analysis of bidder strategies 

and the types of bids they place can also be used to develop simulation testbeds to 

further test the impact of various input parameters on the auction outcome.   

The enumeration of bidder types based on their bidding characteristics is useful 

for building theory as well as providing realistic tools for researchers who want to 

design real-world market mechanisms.  For example, the findings from this research can 

be used in simulating realistic continuous combinatorial bidding environments.  Since 

continuous combinatorial auctions are not yet a popular mechanism in practice, we do 

not have much field data to study the type of bids made in such auctions.  Conceptually, 

the endeavor is similar to that of Leyton-Brown et al. (2000) who created the 

Combinatorial Auction Test Suite (CATS) of distributions for generating combinatorial 

bids in five application domains based on several assumptions on how bidders might 

construct bundles and bid amounts.  This software has been frequently used 

(Adomavicius and Gupta 2005; Gunluk et al. 2005; Hudson and Sandholm 2004; 

Sandholm et al. 2005; Yokoo et al. 2001) to evaluate and optimize combinatorial 

auction winner determination algorithms.  Our study, by throwing light on how human 

bidders place bids in a competitive environment, paves the way for generating more 
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realistic bid distributions.  We believe that prior studies regarding the performance of 

combinatorial auctions (Adomavicius et al 2007; Goeree and Holt 2009; Kwasnica et al. 

2005) combined with an understanding of bidder behavior in such auctions will enable 

the design of continuous combinatorial auction environments that can be deployed in 

the online marketplace with a high probability of success.   
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6. Conclusions and Future Research Directions 

Beginning with the Federal Communication Commission (FCC)’s announcement in 

October 1993 seeking proposals for conducting combinatorial bidding to sell 

electromagnetic spectra,7 combinatorial auctions have received considerable academic 

attention (see de Vries and Vohra 2003 for a detailed survey).  Combinatorial auctions 

are multi-item auctions that allow bids on single items as well as on multiple items as a 

set, which is commonly referred to as a bundle or package.  Compared to the sale of 

multiple items through separate single-item auctions, combinatorial auctions increase 

the allocative efficiency of trades when the values of the traded assets exhibit synergies 

that differ across bidders (Banks et al. 2003; Ledyard et al. 2002; Porter et al. 2003).  

Thus, the mechanism has been proposed for some prominent applications, including the 

allocation of spectrum rights (McAfee and McMillan 1996), rights to use railroad tracks 

(Brewer and Plott 1996), delivery routes (Caplice 1996), and the procurement of school 

meals (Epstein et al. 2002).  In each case, the compelling motivation for the adoption of 

combinatorial auctions has been the presence of complementarity among assets 

(Cramton et al. 2006).  For example, in the case of the FCC spectrum auctions, AT&T 

may value licenses in two adjacent cities more than the sum of the individual license 

values, because AT&T’s customers value roaming between the two cities.  In this case, 

a combinatorial auction would allow AT&T to express its complex preferences. 

However, the combinatorial auction mechanism has yet to become popular in 

the electronic marketplace, primarily due to the computational complexity of 

 
7 The release was last accessed at http://wireless.fcc.gov/auctions/general/releases/fc930455.pdf on 

January 11, 2009. 

http://wireless.fcc.gov/auctions/general/releases/fc930455.pdf
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determining winners in such auctions and the cognitive complexity of formulating 

combinatorial bids (Porter et al. 2003).  Several iterative solutions aimed at reducing 

these complexities have been introduced recently (e.g., Ausubel et al. 2005; Goeree and 

Holt 2009; Kwasnica et al. 2005).  These approaches primarily focus on creating rules 

and restrictions to allow several well-defined rounds of bidding with the auctioneer 

declaring the intermediate results after each round.  However, we argue that a 

continuous mechanism – that (i) does not require an auctioneer’s intervention, (ii) 

allows bidders to bid at any time, and (iii) allows bidders to join or leave freely during 

the auction – is more likely to be successful in the online marketplace.   

Therefore, in contrast to prior research on combinatorial auctions, this study 

focused on exploring the feasibility of continuous combinatorial auctions without 

limiting the scope to a specific application (e.g., the FCC spectrum auctions) and 

without imposing restrictive bidding rules, such as pre-specification of biddable 

bundles.  We use constructs developed in prior research (Adomavicius and Gupta 2005) 

to design a continuous combinatorial auction environment that is similar to the 

ascending English auctions and their counterparts prevalent on the Web.  A major 

difference between our approach and most of the existing approaches for iterative 

combinatorial auctions is that we provide real-time bid evaluation metrics to support 

continuous auctions that mimic the progression of English auctions for a single item.  

English auctions have several desirable properties; for example, the auction requires 

minimal bidder sophistication, and bidders have limited incentives to invest in acquiring 

information regarding other bidders’ values or strategies.  It also allows bidders to 

formulate simple bidding strategies obtained by simply adding a minimum required bid 
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increment to the standing bid (as long as it is within their valuation of the commodity).  

In addition, such mechanisms are easier to implement in online marketplaces where 

bidders cannot be expected to be as sophisticated as the consultants bidding in the FCC 

auctions, for example. 

Following the construction of the continuous combinatorial bidding 

environment, we studied how feedback affects (a) the monetary performance of 

auctions, (b) bidders’ experiences, and (c) the dynamics of auctions that drive their 

outcomes.  Chapters 3, 4, and 5 addressed each of these issues.  While most studies on 

economic mechanisms evaluate mechanisms based solely on economic parameters, such 

as efficiency, we analyzed the user acceptability of the mechanism as well.  Analysis of 

user acceptance is important because combinatorial auction is a complex mechanism 

that is yet to gain wide acceptance in the online marketplace in spite of its technical 

merits. 

In Chapter 3, we analyzed the economic performance of the continuous 

auctions.  Performance metrics derived from the auction literature included allocative 

efficiency, seller’s revenue, bidder’s surplus, and auction duration.  Auction theory 

states that more efficient auctions generate more social welfare (Krishna 2002).  We 

demonstrated how the overall societal wealth generated in the continuous combinatorial 

auctions changes with different levels of feedback and also how the wealth is 

distributed among the seller and the bidders.  The main theoretical contribution of this 

study is the analysis of the economic impact of feedback in continuous combinatorial 

auctions.  Such studies are absent in the literature, primarily because the capabilities 

have only now been developed to carry out such auctions in real-time and to provide 
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potentially useful real-time feedback.  For practitioners, the study developed insights 

into the design of feedback for conducting continuous combinatorial auctions and what 

feedback to provide for achieving specific auction objectives, such as high efficiency, 

high seller’s revenue, etc. 

Since technical merits of a mechanism provide no usage guarantees (Mathieson 

1991), the economic performance indicators alone do not suggest: (i) whether users are 

likely to adopt continuous combinatorial auction mechanisms as a mercantile process; 

and ii) which version of the feedback is relatively more likely to be acceptable.   To 

study these questions, in Chapter 4, we combined two streams of IS literature – the task-

technology fit (TTF) (Goodhue 1995; Goodhue and Thompson 1995) and the 

technology acceptance model (TAM) (Davis 1989) – along with the role of feedback 

into a new, single theory appropriate to the present context.  The primary theoretical 

goal was to develop insights into the antecedents of favorable usage intentions in the 

context of mechanism design.    In addition to evaluating the acceptance potential of 

various combinatorial auction designs, we also evaluated their growth potential as a 

function of the different levels of feedback, taking a complementary marketing 

perspective.  To do this, we used the net promoter score (NPS), which provides a strong 

link between customer satisfaction and customer loyalty (Reicheld 2003).    

The main contribution of this study is the evaluation of the adoptability of the 

mechanism as a function of the three levels of feedback.  Integrating TTF and TAM 

increases the opportunities for improving system design and aids in linking the role of 

feedback to user attitudes and intentions to use.  The integrative model provides 
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mechanism designers a tool to assess the acceptability of design choices for mercantile 

mechanisms. 

Finally, in order to design effective economic institutions, it is important to 

understand the behavior of the participating agents (Bapna et al. 2003).  In Chapter 5, 

we studied the behavior of bidders in the continuous combinatorial auctions – how their 

strategies changed as a function of the feedback they received, and also how different 

strategies led to different economic outcomes.  To perform this analysis, in addition to 

the bids, we recorded all mouse-clicks of bidders as they considered different options 

before placing a bid.  Analyzing this click-stream, along with the bids, allowed us to 

address questions like: What bidding heuristics did the bidders adopt? Are some 

strategies more successful than others?  And, what are the profit implications of 

different strategies?  We used cluster analysis to classify the strategies used by bidders 

into specific groups.  

The enumeration of bidder types based on their bidding characteristics is useful 

for building theory as well as for providing realistic tools to researchers who want to 

design real-world market mechanisms.  By modeling bidder behavior, the study 

enhances the design of practical combinatorial auctions and also facilitates the design of 

more user-centric artificial bidding agents.  Owing to the complexity of the 

mechanisms, combinatorial auctions are rare in practice.  This makes the development 

of simulation instruments for combinatorial auctions difficult because we do not have a 

clear idea of how bidders might behave in such a complex environment.  This study fills 

that void by analyzing bidding patterns and bidder behavior in continuous combinatorial 

auctions.   
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Combinatorial auctions are a promising trading mechanism that can be useful in 

the sale of multiple interdependent assets in the electronic marketplace.  Along with the 

exploration of fast winner determination algorithms and effective decision support 

systems, we also need to develop a good understanding of how different design choices 

affect the economic performance of the auctions, the perceptions of the users, and the 

behavior of the participants.  A comprehensive understanding of these issues is essential 

to develop a mechanism that has a high probability of success when deployed in the 

market.  Overall, the results from this study provide important theoretical contributions, 

advancing our knowledge of bidder behavior in combinatorial auctions and adding to 

the active experimental exploration and design of new combinatorial auction 

mechanisms.  The study showed that, with appropriate feedback, efficient continuous 

auctions can be conducted and, further, that information feedback plays a crucial role in 

the distribution of gains between the buyers and the sellers, the acceptance potential of 

the mechanism, and the dynamics of the auctions. 

One limitation of our study is that we only test the impact of feedback in a small 

auction setting with six items and three bidders.  Since one of our goals was to study 

how different types of feedback influence bidding behavior, we maintained a simple 

bidding environment in order to avoid various confounding factors.  However, even in 

this simple setting, we see significant differences in bidding behavior across different 

feedback regimes, leading to significant differences in outcome.  Future research can 

test how bidding behavior changes with different designs, e.g., with more items and 

bidders, varying the parameters of the auction (e.g., superadditivity rate), and modifying 

the distribution of assigned valuations of items. 



 

 110 

Future research can also compare the continuous auctions with iterative auctions 

that have been recently proposed, such as the Resource Allocation Design (Kwasnica et 

al. 2005), the Clock-Proxy Auctions (Ausubel et al. 2005), and the Hierarchical Package 

Bidding (Goeree and Holt 2009).  An interesting question is how increased complexity 

of the auctions (in terms of the number of items available for sale) influences the 

outcome of the continuous auctions compared to their iterative counterparts.  While 

studies (Kwasnica et al. 2005; Brunner et al. 2009) have shown that the iterative 

auctions are able to generate high efficiency even without providing bidders with exact 

prices, the question is whether it would still be the case in more complex environments 

than the ones used in prior literature.  Similarly, continuous auctions may not achieve 

high efficiency in more complex auctions if bidders are overwhelmed by the feedback.  

We believe that a comprehensive analysis of these issues will lead to the development 

of combinatorial auction environments that could be deployed in the online marketplace 

with high probability of success.  
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Figure A1.1.  Auction interface for baseline feedback. 

 
Figure A1.2.  Auction interface for outcome feedback. 

Figure A1.3.  Auction interface for price feedback. 
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Appendix 1.2 – Descriptions of interface elements marked in Appendix 
1.1 

 
 

Interface 
Element 

Description

1 Any individual lot or a combination of lots could be selected by simply 
clicking on the checkboxes beside each lot.  The amounts next to the 
checkboxes denote the valuations of the individual property lots.  These 
amounts were displayed during the entire course of the auction. 

2 This table displayed all the placed bids in the baseline feedback case.  All 
the bids placed by a particular bidder were highlighted on his/her screen. 

3 This label displayed the valuation of the selected individual lot or bundle.  
The valuation of the bundle {B,C} in this example is $165.00. 

4 This table displayed all the placed bids in the outcome feedback case.  All 
the bids of placed by a particular bidder were highlighted on his/her screen 
as in the baseline case.  Furthermore, all the provisionally winning bids 
were identified in bold red at all stages of the auction. 

5 This table displayed all the non-losing bids in the price feedback case. All 
losing bids were removed from display (e.g., as can be seen from this table, 
bids 4 and 5 are not displayed). All the bids placed by a particular bidder 
were highlighted on his/her screen as in the other two cases. Further, all the 
provisionally winning bids were identified in bold red at all stages of the 
auction as in outcome feedback case. 

6 This label displayed the minimum price for placing a non-losing bid on a 
chosen bundle. In this example, the current minimum price for placing a 
non-losing bid on Lot C is $51.00. 

7 This label displayed the minimum price for placing a winning bid on a 
chosen bundle. In this example, the current minimum price for placing a 
winning bid on Lot C is $56.00. 
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Appendix 2 – Survey questions 
 

All items included a 7-item Likert scale for responses: 

          1                    2                    3                    4                    5                    6                   

7 

     Strongly     Moderately     Somewhat       Neutral        Somewhat     Moderately    
Strongly 
     disagree        disagree          disagree        (neither            agree             agree            
agree 
                                                                      agree nor 
                                                                       disagree) 
 
 
 
 
 
Constructs and their indicators 
Task-Technology Fit (TTF) 

TTF1: The system provided the information I needed at all stages of the auction. 

TTF2: The system helped me to determine winning bid(s) at all stages of the auction. 

TTF3: The system helped me in determining the lot(s) to bid on. 

TTF4: The system helped me in determining how much to bid on my selected lot(s). 

Perceived Ease of Use (PEOU) 

PEOU1: I found this mechanism understandable for buying or selling multiple items. 

PEOU2: I found the software easy to use. 

PEOU3: I found the software to be user friendly. 

PEOU4: I felt very comfortable using the system. 

Perceived Usefulness (PU) 

PU1: I found this mechanism suitable for buying or selling multiple items. 

PU2: I found this mechanism effective for buying or selling multiple items. 

PU3: Using combinatorial auctions for buying or selling multiple items seems like a good idea 

to me. 

PU4: Combinatorial auctions are beneficial for buying or selling multiple items. 

Intention of Use (IOU) 
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IOU1: I will encourage my friends to participate in this type of auction. 

Perceived Performance (PP) 

PP1: I am satisfied with my performance in this auction. 

PP2: I am pleased with the decisions I made during the auction. 

[Potential] Usefulness of Price Feedback Components 

I found the information provided by the system, [In this auction, if the system provided 

information] regarding the minimum I needed to bid in order for my bid to be winning, 

[it would have been] useful in formulating my bids. 

I found the information provided by the system  [In this auction, if the system provided 

information] regarding the minimum I needed to bid in order for my bid to stand a 

chance of winning in the future, [it would have been] useful in formulating my bids. 

I found the removal from the bid history, of [In this auction if] the bids that stood no 

chance of winning in the future [were removed from the bid history], [it would have 

been] useful in formulating my bids. 

Impact – Net Promoter Score (NPS)

I will encourage my friends to participate in this type of auction.
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Appendix 3 – Comparison of proportions of bid types identified in 
Section 5.3.4 
 

Table A3.1. Comparison of proportions of Conservative Live and Winning Bids (CLWB). 

 Difficult (AP) 
Analyzers > Participators z = 3.432***
Analyzers > Explorers z = 4.907***

Note.  *** denote statistical significance at the 1% level.  

Table A3.2. Comparison of proportions of CLWB with that of other bid types for Analyzers. 

 Difficult (AP) 
CLWB > EAWB z = 2.230**
CLWB > ELB z = 2.320**
CLWB > WSWB z = 2.425***

Note.  *** and ** denote statistical significance at the 1% and 5% levels, respectively. 

Table A3.3. Comparison of proportions of Early Dead Bids (EDB) with Late Dead Bids (LDB). 

 Difficult (AP) 
Participators (EDB<>LDB) z = 0.603
Explorers (EDB<>LDB) z = 0.6594
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Appendix 4 – Instructions to subjects 
 

This is an experiment in market decision making, and you will be paid for your participation in 
cash, at the end of the experiment. Different participants may earn different amounts. What you 
earn depends on your decisions and on the decisions of others. 

The experiment will take place through the computer workstations at which you are seated. It is 
important that you not talk or in any way try to communicate with other participants during the 
experiment. If you disobey the rules, we will have to ask you to leave the experiment. 

Before the experiment starts, there will be a detailed instruction period. During the instruction 
period, you will be given a complete description of the experiment. This will be followed by a 
short test of the basic concepts that you learn in the instructions. Once you leave the instructions 
and go on to the tests, you will not be able to come back to the instructions. So, please ensure 
that you have understood all the instructions before leaving them. 

If you have any questions during the instruction period, raise your hand and your question will 
be answered so everyone can hear. If any difficulties arise after the experiment has begun, raise 
your hand, and an experimenter will come and assist you. 

1. Combinatorial Auctions 
In this experiment you will participate in a type of auction called a combinatorial auction.  
A combinatorial auction is an auction in which several different items can be sold at once. In 
such auctions, bidders are allowed to bid on combinations of items as well as on individual 
items.  For example, if two items A and B are available for auction, you can place bids on the 
single item {A}, the single item {B}, and the two-item set {AB}. In contrast, a traditional non-
combinatorial auction only allows bids on the two items {A} and {B} separately. 

2. Determining Winners 
The winner in a combinatorial auction is determined by the auctioneer so as to maximize his/her 
revenue. Table 1 shows an example of bids in a combinatorial auction with 3 items, A, B and C. 
The bids are shown in reverse chronological order. 

Table 1.  Winner Determination 
Bid Sequence Bid Sets Bid Amounts
6.        {A} $75
5.        {BC} $80
4.        {ABC} $140
3.        {BC} $80
2.        {C} $50
1.        {AB} $100

The winning bids in the above example are the underlined bids, Bid 3 and Bid 6, because these 
two bids combine to generate the maximum revenue of $155. Since each item can be sold to at 
most one bidder, no other combination of bids (with non-overlapping item sets) would have 
generated this much revenue. 

 Note that if two bidders make the same exact bid (that is, they bid the same amount on the 
same item set), the bid that is placed later is not considered while determining winners. In the 
above example, Bid 5 is ignored because it is exactly the same as an earlier bid, namely Bid 3. 



 

 

3. Determining Winners 
In our simulated environment, there are SIX property lots surrounding a lake. You and your 
fellow participants in this experiment will be competing to buy these lots. The lots are adjoining 
and successively labeled A through F, so that Lots A and F are also adjoining.  This is shown in 
Figure 1.  
 

 
Figure 1.  Property Lots 

Acquiring two adjoining lots (e.g., {AB}) will have greater value for you than two separated 
lots (e.g., {AE}) of equal individual values, because adjoining lots afford more options for 
development. 

4. Lot Valuation 
In this auction, you have a lot designated as your preferred lot.  This is the lot with the 
maximum worth to you. The value of every other lot decreases by 50% as the lot is farther from 
the preferred position. For example, if Lot B is your preferred lot and its value is $100, then the 
values of the individual lots will be as shown in Figure 2. 

 
Figure 2.  Example of bidder valuations. 

Having adjoining lots will increase your combined value of the lots by 10% for every additional 
adjoining lot. For example, if the individual valuations of the lots are as depicted in Figure 2 
above, the values of some of the lot-combinations would be as follows: 

Table 2. Super-additive valuations.  
  Lots Adjoining lots Value 
Example 1 {AB} 2 adjoining (100 + 50) * 1.1 = $165.00 
Example 2 {AF} 2 adjoining (50 + 25) * 1.1 = $82.50 
Example 3 {CDE} 3 adjoining (50 + 25 + 12.5) * 1.2 = $105.00 
Example 4 {BEF} 1 separate; 2 adjoining 100 + (12.5 + 25)*1.1 =  $141.25 
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You do not need to remember any of these values as they will be provided to you at all times 
during the course of the auction. 

 

5. Finding your Valuation 
Once the auction starts, your valuations for the individual lots will be displayed on the screen at 
all times as shown in Figure 3.1. The amounts denote how much each lot is worth to you as 
mentioned earlier. 

 
Figure 3.1. Valuation of individual property Lots Figure 3.2. Valuation of a combination of property 

Lots 
 
You can find your valuations for any possible combination of the lots by just clicking on the 
lots.  For example, the valuation of Lots {BCE}can be found by clicking on the checkboxes 
corresponding to the lots as shown in figure 3.2.  You will not know the valuations of the other 
bidders. 

6. Duration of Auction 
The auction will last at least 15 minutes. After the first 13 minutes, the auction will end 
whenever there is no bid placed for 2 minutes. So, for example, if a bid is placed at 14 minutes 
30 seconds, the auction will last at least 16 minutes 30 seconds.  You will be informed of the 
beginning and ending of the auction, the elapsed time, as well as the time since the last bid. 

7. Placing Bids 
A bid is the amount of money you are ready to pay for the lots you selected.  As mentioned 
earlier, you can place bids on a single lot as well as a combination of lots.  By placing a bid on 
an item or a combination of items, you express your desire to obtain the item(s) at your given 
bid-amount. You can place as many bids as you want on as many items you want between the 
opening and closing of the auction.  

Bids can be placed by selecting the lots, entering a bid amount, and then pressing the <submit 
bid> button. You are only allowed to place integer bids, i.e., no decimals are allowed in the bids 
you place. You will be able to see your bids as well as the bids placed by other bidders 
participating in the auction. The bids will be displayed in reverse chronological order with the 
ones you have placed highlighted on your screen. An example snapshot is shown in Figure 4, 
where Bids 1 and 3 are your bids.  
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Figure 4. Bid submission and bid history 

Note that the elapsed time and the time since last bid will be displayed on the screen but they 
will not refresh automatically. You will need to refresh the screen using the <refresh> button 
provided on the screen. In addition, when the auction ends, you can find out that the auction has 
ended only by refreshing the screen using the <refresh> button. Please do not use the browser's 
refresh button. 

The winners of the auction will be determined at the end of the auction. Depending on the 
outcome of the auction, you may win none, some, or all of the lots. 

8. Bid States 
In traditional single item auctions, a bid that is currently losing can never win the auction again. 
In combinatorial auctions, however, some losing bids can become winning again. We will 
explain this possibility through an example:  

Let’s say you have placed a bid of $10 on lot {A} and no one else has placed a bid. Then your 
bid is currently winning. If a new bid of $11 is placed on lot {AB}, then this new bid becomes 
winning and your bid of $10 on {A} is losing. However, if a third bid of $2 on {B} comes in, 
then this new bid makes your bid winning because $10 on {A} plus $2 on {B} make the total 
revenue on $12, which is greater than $11 placed on {AB}.  

Table 3 shows another example to explain this possibility. If the table contains all the bids that 
have been placed so far in the auction, then the state of each bid after bid 6 is as indicated. 
Please make sure you understand the states. 
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Table 3.  Example of bid states  
Bid 
sequence  

Lots  Bid 
Value  

State of the bid after 
Bid 6 is placed  

Explanation of the state  

6.       {A} $75 Currently winning Combined with Bid 3, this bid generates 
the maximum revenue. 

5.         {BC} $80 Losing with no chance 
of winning 

This is exactly same as Bid 3 with bid 3 
being placed earlier. 

4.         {ABC} $140 Losing with no chance 
of winning 

Combination of Bids 5 and 6 or Bids 1 
and 2 or Bids 3 and 6 will always 
generate more revenue than this bid. 

3.         {BC} $80 Currently winning Combined with Bid 6, this bid generates 
the maximum revenue. 

2.         {C} $50 Losing but may become 
winning 

For example, if someone places a bid of 
$106 on {AB}, this bid will become 
winning. 

1.         {AB} $100 Losing but may become 
winning 

For example, if someone places a bid of 
$56 on {C}, this bid will become 
winning 

9. Information Feedback (for Treatment 2 only) 
At all times during the course of the auction, you will be able to see all the bids that have been 
placed. In addition, the bids that are winning at a given state of the auction will be identified for 
you in bold red.   

Figure 5 shows how the example on the previous page would look on your screen.  

 

 
Figure 5.  Winning bids at a given auction state 

Note that Bids 3 and 6 in the above example are currently winning bids, and so they are in bold 
red. The bids that are winning may change as new bids are placed. 

9. Information Feedback (for Treatment 3 only) 
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At all times during the course of the auction, you will be able to see all the bids that have been 
placed. The bids that are winning at a given state of the auction will be identified for you in bold 
red. All bids that stand no chance of winning in the future will be automatically removed from 
the display. So, you will only be able to see the bids that are either winning or stand a chance of 
winning in the future. Figure 5 shows how the example on the previous page would look.  

 
Figure 5.  Minimum bid levels 

Note that Bids 1 and 2 are currently losing but have a chance of winning, Bids 3 and 6 are 
currently winning, and Bids 4 and 5 are missing because they are losing with no chance of 
winning in the future. 

When you make a selection of lot(s), in addition to the value of the lot(s) you will also see the 
following information: 

1. The minimum that you need to bid on your selected lots for your bid to at least stand a 
chance of winning in the future; and  

2. The minimum that you need to bid on your selected lots in order to be currently 
winning.  

These values are shown at the bottom left of Figure 5. If you choose to bid on {C}, the 
minimum that you need to bid in order to stand a chance of winning in the future is  $51 . 
Otherwise, your bid will never be able to win because of the existing bid of $50 on {C}(Bid 2). 
Similarly, the minimum that you need to bid in order to be winning is $56. Then together with 
Bid 1, the total revenue will be $156, which is greater than the $155 of Bids 3 and 6 put 
together. 

10.   Payoff 
You will be paid for the lots you win in proportion to your surplus from the auction. Surplus is 
the difference between your valuation of the item(s) and your winning bid(s). Consequently, 
your surplus could be positive, zero or negative depending on whether your winning bid is less 

 133 



 

 134 

than, equal to or greater than your valuation. Table 5 shows some examples of how surplus is 
calculated. 

Table 5.  Examples of surplus 
 Your valuation  Your Winning Bid  Your Surplus  

Lots {AB}  $165.00 $100.00 $65.00 
Lots {CDE}  $105.00 $105.00 $0.00 
Lots {ABC}  $240.00 $260.00 -$20.00 
Lot {D}  $25.00 $100.00 -$75.00 

 Your participation fee is $10.00. In addition, you will be paid 20 cents for every dollar of your 
positive surplus. Similarly, you will be charged 20 cents from your participation fee for every 
dollar of your negative surplus. The maximum amount that might be taken off is your 
participation fee. You can earn a maximum of $50.00 and a minimum of $0.00. Table 6 shows 
some examples of payoffs and final earnings. 

Table 6.  Payoff calculation and final earnings 
 Your Surplus Your Payoff from 

the auction 
Your total earnings(participation 

fee + payoff from auction)  
Lots {AB}  $65.00 $13.00 $10.00+ $13.00 = $23.00 
Lots {CDE}  $0.00 $0.00 $10.00+$0.00 = $10.00 
Lots {ABC}  -$20.00 -$4.00 $10.00-$4.00 = $6.00 
Lot {D}  -$75.00 -$10.00 $10.00-$10.00 = $0.00 

  
 Congratulations! You have completed reading all the instructions. Please feel free to go back to 
any page you like.  
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