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E-commerce has proved to be fertile ground for new business models, which may be patented (for up to
20 years) and have potentially far-reaching impact on the e-commerce landscape. One such electronic market

is the reverse-auction model popularized by Priceline.com. There is still uncertainty surrounding the survival
of such new electronic markets currently available on the Internet. Understanding user behavior is necessary
for better assessment of these sites’ survival. This paper adds to economic analysis a formal representation of
the emotions evoked by the auction process, specifically, the excitement of winning if a bid is accepted, and the
frustration of losing if it is not. We generate and empirically test a number of insights related to (1) the impact
of expected excitement at winning, and frustration at losing, on bids across consumers and biddings scenarios;
and (2) the dynamic nature of the bidding behavior—that is, how winning and losing in previous bids influence
their future bidding behavior.
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1. Introduction
In the late 1990s there was a great deal of excite-
ment over Priceline.com’s business model (for more
details, see Rust and Eisenmann 2000). Unlike most
of the hyped e-businesses at the time, however, Price-
line survived the Internet downturn and has actu-
ally prospered. Rather than requiring consumers to
find the supplier with the lowest offering, Priceline
takes a bid from a consumer and then searches to find
suppliers who match that bid. It is termed a reverse
auction because, instead of consumers bidding for a
supplier’s business, a consumer sets a price and the
suppliers act as if they are bidding for the consumer’s
business, rather than the consumer bidding against
other consumers for a supplier’s offering. For exam-
ple, in the purchase of an airline ticket, the consumer
submits a bid to Priceline. Upon receiving the bid,
Priceline searches its price database, which contains
the lowest acceptable prices by various airlines part-
ners at that time. If the bid price is higher than the
lowest fare available to Priceline, it will accept the bid

and retain the spread (bid− lowest fare) as its profit.
Otherwise, Priceline will reject the bid. Priceline gives
consumers a good idea about what prices are likely
to be accepted, showing typical “retail” prices and
indicating that savings such as 40% can be expected.
However, the important conceptual point is that indi-
vidual consumers do not know the lowest (“unpub-
lished”) fares that Priceline commands, and the air-
lines do not know the actual bid (also unpublished)
submitted by an individual consumer. As a result,
Priceline functions as a market maker instead of a
pure facilitator of reverse auction.
In this paper, we focus on bidders’ behavior in a

site similar to the one Priceline offers. It is similar to
a reverse auction in that multiple suppliers compete
for the buyer’s business. However, in our case, and
in the Priceline business model, the buyer’s bidding
behavior does not have an impact on other bidders
and their corresponding outcomes, taking away the
benefit of acting strategically. Instead, the setting we
study can be considered as a “game against nature,”
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where the buyer sets a bid towards a random distri-
bution1 that generates the best supplier’s asking price.
Because such a setting abstracts from strategic behav-
ior on either party’s part, it is the ideal setting in
which to examine the role emotions play in determin-
ing the actual bid submitted.
We examine both analytical and empirical behavior

in a context that mimics Priceline’s process generally,
but differs by making precise two processes that are
only approximated by Priceline. First, we assume that
the bidder can correctly assess the likelihood of win-
ning the bid. This knowledge of win probabilities is
facilitated by Priceline as it gives normal prices, and
the 40% expected discount, whereas we will provide
an exact distribution. Second, we assume that the gain
from a transaction is also precisely known in the form
of the market price minus the bid. In Priceline, the
benefit is the difference between the bid and the avail-
able market price (also called the transaction value
Monroe 2002), but this available market price may not
be known with certainty. In our behavioral simula-
tion, where the expected profit can be determined, we
can incorporate the impact of bidding-related emo-
tions on the bids people make. Our analytical model
shows that the excitement at winning or the frus-
tration at losing results in bids that deviate system-
atically from the simple (classic) profit-maximizing
strategy. We then test the model’s prediction in vari-
ous experimental settings.
The model developed here builds on two major lit-

erature streams. The first literature stream is economic
theory. Utility (or profit, in the case of risk neutrality)
maximization serves as the foundation of this paper,
where the maximization is done by the consumer,
based on his/her utility function (von Neumann and
Morgenstern 1944). We propose that expected excite-
ment and frustration are appropriate arguments that
need to be incorporated into the bidder’s multi-
attribute utility function. The second literature stream
that inspires our work is the research that investigates
how psychological constructs influence behavior in
economic settings. In particular, we review research
addressing how emotions influence decision making,
research that informs the appropriate functional form
under which emotions enter the utility function. This
research on how emotions influence decision mak-
ing in general, and under uncertainty in particular,
has progressed in two largely disparate directions
(Loewenstein 2000). One direction deals with how

1 This is a reasonable assumption, as such electronic reverse-auction
sites allow suppliers to compete simultaneously and independently
in thousands or more auctions, possibly against a set of different
suppliers in each of these auctions. As a result, a supplier sim-
ply picks its lowest acceptable price at any given time, based on a
group of internal parameters. Such a price, in general, is a random
variable.

the current emotional state influences decision mak-
ing. Numerous psychological experiments demon-
strate that behavior is affected by current emotional
states (Elster 1998, Lerner and Keltner 2001, Slovic
et al. 2002). In terms of economic decisions, positive
affect has been shown to influence risky decisions.
Generally, people in positive affective states were
found to assume less risk in realistic situations (Isen
1993). The other stream of research, which has direct
bearing on our current study, focuses on how antic-
ipated emotions influence decisions. These are emo-
tions such as regret and disappointment, which are
expected to be experienced in the future. For exam-
ple, Mellers et al. (1999, p. 332) argue that “excite-
ment about winning a lottery, pleasure about getting
a promotion, guilt about telling a lie, and frustration
at not achieving a goal” may all be emotions that
are anticipated in advance, and are incorporated into
the choice process. These anticipated emotions con-
sidered by descriptive regret theory (Loomes et al.
1989), which have also been acknowledged norma-
tively (Bell 1985), resulted in adjustments to expected
utility that deviate from standard expected utility the-
ory (Connolly and Zeelenberg 2002, Simonson 1992,
Mellers et al. 1999). Anticipated regret is similar to
our construct of anticipated frustration. The analo-
gous positive construct, anticipated excitement (ela-
tion), has seen less attention (e.g., Inman et al. 1997),
but is one that we expect will be just as important.
Our general model is that the consumer exam-

ines the utility of a bid, including its possible frus-
tration and excitement. We generate an index of
the propensity to bid for each consumer that is a
positive function of anticipated excitement in win-
ning and a negative function of frustration from los-
ing. If the value of that bid is within the feasible
range, then the individual is predicted to place a
bid in our Priceline-like site. Integrating and build-
ing upon the research streams noted above, we gener-
ate a number of theoretical propositions relating this
index to (1) the potential for submitting a nonextreme
bid, (2) the specific magnitude of the bid submitted,
(3) the relationship between the bids submitted and
the bidder’s propensity to bid under both favorable
and unfavorable bidding environments, and (4) the
extent to which consumers overbid/underbid relative
to a benchmark classic economic model. We observe
empirical support for most, but not all, of the theoret-
ical propositions derived from the analytical model.
This research contributes to both the extant aca-

demic literature as well as to the business practice of
the Internet. To our knowledge, including the excite-
ment of winning and frustration of losing in bidding
situations has not been thoroughly explored either
from analytical or empirical perspectives. Cox et al.
(1982), for example, suggest that there is a utility of
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“suspense” that causes people to wait longer and thus
bid lower in Dutch auctions. This theoretical result has
not been experimentally confirmed, however (Kagel
1995). To our knowledge, the only paper that explic-
itly uses emotional constructs in any auction setting is
Bosman and Riedl (2003). This paper studies the effect
of current emotional states on future bidding behav-
ior. The authors induce artificial economic shocks that
are designed to alter the moods of the bidders in a
first-price sealed-bid auction setting. They find that
subjects in bad moods place significantly higher bids
than subjects in goodmoods. However, the underlying
explanation for this behavior may have less to do with
emotions and more to do with wealth effects. Because a
negative economic shock reduces the bidder’s wealth,
this could alter bidding strategy in a way similar to
that being reported in literature (Thaler and Johnson
1990, Neilson 1998). In this research, we test whether
such findings are also applicable in a context in which
wealth effects are minimal. We limit wealth effects by
telling subjects that only one of their bids could be
played for real money. Thus, wealth effects from pre-
vious wins/losses should not, strictly speaking, influ-
ence a bidder’s decisions in our experiments. By con-
trolling for any potential wealth effects, our research
therefore studies the isolated role that evoked emo-
tions play in influencing the bids submitted in future
rounds.
The paper is organized as follows. Section 2 devel-

ops and describes the general model formulation,
while §3 discusses theoretical insights and develops
propositions under the bidder’s uniform distribu-
tion assumption with respect to the product’s cost—
an assumption commonly employed in auctions and
bilateral bargaining situations. Section 4 then presents
an empirical test of the model’s predictions derived
in §3, as well as the corresponding findings. Section 5
closes with a summary and suggested avenues for
future research.

2. Model Development and
General Insights

We model the market for a given product (e.g., an
airline ticket) over time at the individual consumer
(bidder) level, where each consumer is interested
in exactly one unit of the product during each of
the successive time periods. In addition to studying
the dynamic behavior of a particular bidder, we are
also interested in capturing bidders’ heterogeneity by
allowing them to be different from one another in
terms of their expressed excitement at winning or
frustration at losing. Further, a bidder has the option
of purchasing the product through regular channels
at a known market price (best price from nonauction
channels) or he/she could come to a reverse-auction

site to bid for the same product. Each consumer has
a reservation price (maximum prices he is willing to
pay for the product) that may vary across bidders
and over time. Finally, while unaware of the actual
product cost, the consumer is assumed to have a prob-
ability distribution over the cost to the suppliers par-
ticipating in the reverse-auction site.
In such a setting, the bidder faces the following

trade-off: Submitting a higher bid brings a greater
probability of winning, but a lower profit if accepted;
alternatively, the bidder may submit a lower bid with
greater profit potential, but lower probability of gain-
ing that profit. As discussed earlier, the implications
of such trade-off-based decisions have been known
to cause emotional reactions—at the time when the
decision is being made, as well as when the conse-
quences of one’s decision are revealed (Elster 1998,
Loewenstein 2000). In our reverse-auction setting, a
win is likely to evoke a positive emotional state, and
a loss, a negative one. We build on previous litera-
ture about emotions in decision making under uncer-
tainty, which have primarily focused on “elation”
and “disappointment” as anticipated emotions when
individuals choose amidst monetary lotteries (Mellers
et al. 1999, Loomes and Sugden 1986, Inman et al.
1997). Richins (1997) undertook six studies and thor-
oughly assessed the domain of consumption-related
emotions. The author identified 16 relevant clusters
of emotion. A careful examination shows that two of
these, “excitement” and “frustration,” are most likely
to be evoked during a reverse auction-type transac-
tion. Excitement, closely allied with the emotion of
elation, will be induced when a bid is accepted, while
frustration, closely allied with the emotion of disap-
pointment, arises when a bid is rejected.
The concept of disappointment has received quite a

bit of attention by mathematical modelers. Gul (1991),
for example, identifies three streams in the literature
that he labels as (1) emphasizing the need for accom-
modating descriptive issues within the expected util-
ity framework (e.g., Bell 1985), (2) rejecting the
normative appeal of the independence axiom (e.g.,
Machina 1982), and (3) modifying the independence
axiom (e.g., Deckel 1986). Our conceptualization in
this paper is primarily in line with (1). Similarly to
Inman et al. (1997), we also rely on a multiattribute
utility framework (Keeney and Raiffa 1976). Specifi-
cally, we allow the consequences of win/lose to be
comprised of two additive components: monetary
and emotional. The overall utility of the bid is then
idiosyncratic to the bidder and thereby provides an
opportunity to identify differences in bidding behav-
ior across individuals.
We begin with the following constructs:
Cl: The lower bound of the site’s cost, as expected

by a bidder.
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Cu: The upper bound of the site’s cost, as expected
by a bidder.
Ct : Cutoff price (minimum acceptable bid) in

period t (bid number).
Po� t : The price offered by a bidder in period t.
Pm�t : The market price for the product, or perceived

price for theproduct.This is the lowestpricea consumer
could pay to buy the product fromnonauction channels
in period t. At the same time, it is the highest price
the consumer is willing to bid on the reverse-auction
site.
t: The number of periods or bid number (equiva-

lent) after a consumer starts to use the reverse-auction
site (t ≥ 1	.
Pr� t : The nonauction reservation price of a bidder

in period t.
Ut�Po� t	: The utility a bidder derived from partici-

pating in the reverse auction at period t.
u1� t�Po� t	: The utility derived from the money saved

from a winning bid in period t.
u2� t�Po� t	: The total emotional utility in period t.
u2� t�accept�Po� t	: The excitement induced by accep-

tance of a bid in period t.
u2� t� reject�Po� t	: The frustration induced by rejection

(losing) of a bid in period t.

t : Excitement coefficient at period t, represents

how sensitive a bidder is to winning. It is affected by
prior bidding outcomes.
�t : Frustration coefficient at period t, represents

how sensitive a bidder is to losing. It is affected by
prior bidding outcomes.
�: Monetary coefficient represents how much bid-

der values money.
��Ct	: The probability density function of the true

cost of the product to the site.
The decision rule for the reverse-auction site (mar-

ket maker) is straightforward. In the absence of sub-
sidy, the site will only accept a bid if it is the same
or above its cost (lowest price offered to the site by
suppliers of goods) and reject it otherwise. That is:

If Po� t −Ct

{≥ 0� then accept bid

< 0� then reject bid�
(1)

The individual bidder utility function is given by

Ut�Po� t	= u1� t�Po� t	+u2� t�Po� t	� (2)

where the monetary (economic) utility u1� t�Po� t	 is

u1� t�Po� t	=
{
��Pm�t − Po� t	 if bid is accepted

0 if bid is rejected�
(3)

and the emotional utility u2� t�Po� t	 is

u2� t�Po� t	=
{
u2� t�accept�Po� t	 if bid is accepted

u2� t� reject�Po� t	 if bid is rejected�
(4)

The expected utility associated with bidding Po� t can
be represented as

E�Ut�Po� t	� = E�u1� t�Po� t	�+E�u2� t�Po� t	�

=
∫ Po� t

Cl

u1� t�Po� t	��Ct	 dCt

+
∫ Po� t

Cl

u2� t�accept�Po� t	��Ct	 dCt

−
∫ Cu

Po� t

u2� t� reject�Po� t	��Ct	 dCt� (5)

We further develop the functional forms of the
emotional constructs employed here in a manner
akin to approaches employed in consumer behavior.
Weber’s Law of Psychophysics, for instance, relates
proportional changes in a stimulus to a psychological
response (see Winer 1988),

�S

S
=K� (6)

where S is the stimulus and K is the response. This
suggests that, in general, the magnitude of emotional
constructs such as those of interest here (excitement
or frustration) should be captured by adjusting the
incremental gain or loss relative to a reference point.
The literature on emotions also supports this notion.
Goeree et al. (2002) find that the extent of overbidding
in auctions is roughly proportional to the value of the
auction. It has been widely accepted that “the inten-
sity of emotion depends on the relationship between
an event and some frame of reference against which
the event is evaluated” (Frijda 1988, p. 353). In our
individual bidding behavior model we chose the bid-
der’s nonauction reservation price to define this frame
of reference.
As far as the incremental benefits/costs of win-

ning/losing bids are concerned, an observation with
regard to reverse auctions inspired our operational-
ization of the utility components. The actual amount
of a bid affects the magnitude of the emotional util-
ity induced. A consumer tends to be more excited if
she/he wins with a relatively low bid. For example, a
consumer will be more excited about a $100 winning
bid than a $300 winning bid for a round-trip airline
ticket between Boston and Philadelphia, assuming the
ticket sells for $400 through a regular travel agency.
By contrast, following a loss a consumer tends to be
more frustrated if he/she loses with a relatively high
bid, to a large extent because those are bids associated
with a higher probability of winning.
Consistent with this reasoning we propose

u2� t�accept�Po� t	= 
t

Pm�t − Po� t
Pr� t

� (7)

and

u2� t� reject�Po� t	= �t

Po� t
Pr� t

� (8)
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In terms of time line or bid number, we model a sit-
uation where t = 0 represents the calendar time before
the first bid is submitted and the bidder is character-
ized by parameters 
0 and �0. That is, these parameter
values are used by the bidder in his/her evaluation of
the expected utility associated with the first bid. The
expected utility associated with the following bids is
based on updated parameter values: 
t and �t .
A potential bidder is also subject to two consistency

checks before making a bid in the reverse-auction site.
First, the price to be submitted by him/her must be
strictly smaller than the best alternative market price,
but strictly higher than the minimum cost to the site.
Second, she/he must have a positive expected utility
for this submitted bid. Thus, the bidder’s problem at
any given time is to find a bidding price that will
maximize the sum of monetary and emotional utility,
subject to the two constraints stated above.
Mathematically, the bidder (consumer) seeks to

max
Po� t

E�Ut�Po� t	�� (9)

subject to (for t ≥ 1)
Cl < Po� t < Pm�t ≤Cu (10)

E�Ut�Po� t	�≥ 0� (11)

It is reasonable to assume, and we allow for this
possibility, that the excitement and frustration coef-
ficients (
t��t	 will vary over bids (time periods).
That is, we view them as nonstationary coefficients.
This variability is consistent with studies of bidders’
behavior. Not unlike sensitization (increased pleasure)
observed from, for example, successive use of mar-
ijuana or high-quality wine (Groves and Thompson
1973), people engaged in reverse auction exhibit sim-
ilar behavioral patterns. The next bidding behavior
is essentially driven through the dynamic changes in

t and �t , based on past bidding outcomes. While
it is reasonable to assume that a bidder, initially
at least, will get more excited after each win, and
more frustrated after each loss, there may exist either
monotonic counterforces due to fading effect (e.g., the
excitement of a win becomes smaller as time passes)
or an inverted-U type of adaptation effect (e.g., bid-
der gets more excited after the first few wins, but less
excited after winning too many bids). In both cases,
we expect to see 
t and �t decrease at some point
in time. While we do not have prior hypotheses with
respect to the directionality of the changes, in §4 we
provide some preliminary empirical evidence as to
how 
t and �t change from one round to the next as
a function of the bidding outcome.
Having set up the model in generality, its key ana-

lytical insights are summarized below.

Define the individual’s propensity to bid (bidder’s
characteristic) as

Xt =

t + �Pr� t

�t

� where �t > 0� (12)

Notice that this propensity to bid appropriately
increases with excitement at winning and the value
of that winning, while it decreases with frustration at
losing.

Proposition 1. Threshold Requirement for Bid-
ding: A Necessary Condition. For certain types of
probability distribution functions that the bidder has with
respect to the product’s cost, a necessary condition for the
bidder to submit a bid is that his/her propensity to bid
exceeds a threshold level.

Proof. See Appendix 1 (online at http://mansci.
pubs.informs.org/ecompanion.html).
Mathematically, Proposition 1 establishes a condi-

tion for the concavity of the objective function descri-
bed in Equation (9). In general, it is accomplished
under two structural conditions:
(1) A<�′�P ∗

o� t	 < Ā �A< 0� Ā > 0	, and
(2) Xt > B �B > 0	.
(See Appendix 1 for A� Ā, and B.)
In other words, Proposition 1 requires that the

derivative of the probability density function eval-
uated at the optimal bid be bounded from above
and below, whereas the bidder’s bidding threshold is
bounded from below. This result is important because
it limits the feasible probability distribution func-
tions (PDF) that can satisfy Problem (9)–(11) not only
to those with finite ranges, but also to PDF that
meet another condition, as specified above. These
can potentially include the uniform distribution (dis-
cussed in more detail in the next section) and some
members of the family of beta distributions.
The condition presented in Proposition 1 with

respect to bidder’s propensity to bid is intuitive and
quite insightful. It implies that the site will only induce
bidders for whom the transaction benefit along with
the excitement of potential bid acceptance, relative to
the disappointment from potential bid rejection, must
exceed a certain threshold. Note that changes in bid-
der’s propensity to bid may be interpreted in one of
two ways. First, the same bidder may have differ-
ent Xt values over time, depending on the history of
winning and losing bids. We refer to that as within-
individual dynamic Xt . Alternatively, Xt may be inter-
preted across individual bidders.

3. Detailed Insights Under Uniform
Probability Density Function

In this section, we develop theoretical predictions and
insights under the uniform probability distribution
that the bidder has with respect to the site’s cost. The
assumption of uniform distribution with respect to
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product cost from a buyer’s perspective has a long
tradition in the bidding literature (Cox et al. 1982,
Kagel et al. 1987, Kagel and Levin 2001, Weverbergh
1979, Wilson 1967), as well as in bilateral bargain-
ing problems (Chattergee and Samuelson 1983, Holt
and Sherman 1994, Samuelson and Bazerman 1985,
Radner and Schotter 1989). Two advantages accrue
by invoking such an assumption. First, it enables us
to generate additional (and finer) theoretical insights.
Second, as noted by Davis and Holt (1993, p. 69) “the
uniform distribution is probably the most commonly
used distribution in experiments, because it is easy to
induce with dice, it is easy to explain to the subjects,
and it often facilitates the calculation of the optimal
or equilibrium decisions.”
When the potential bidder (consumer) expects the

cost of the product to the site to be uniformly dis-
tributed between �Cl�Cu�, the probability of winning
a bid is ∫ Po� t

Cl

��Ct	 dCt =
Po� t −Cl

Cu−Cl

� (13)

If we substitute Equations (3), (7), (8), and (13) into
Equation (5), the bidder’s expected utility now can be
represented as

E�Ut�Po� t	� = ��Pm�t − Po� t	
Po� t −Cl

Cu−Cl

+
t

Pm�t − Po� t
Pr� t

· Po� t −Cl

Cu−Cl

−�t

Po� t
Pr� t

Cu− Po� t
Cu−Cl

� (14)

Proposition 2. Threshold Level for the Uni-
form Probability Distribution. For the uniform prob-
ability distribution function that the bidder has with
respect to the product’s cost, there always exists a unique
threshold level for the individual’s propensity to bid above
which she/he will submit a price that is strictly lower than
the best alternative market price and strictly higher than
the minimum cost to the site. More specifically, the unique
threshold level is given by

B=
(√

Pm�t�Cu−Cl	+
√
Cl�Cu− Pm�t	

Pm� t −Cl

)2
> 1� (15)

Proof. See Appendix 1.
While the threshold B identified in Proposition 1

represents a necessary condition for participation in
the reverse-auction site, the threshold B in Proposi-
tion 2 represents the necessary and sufficient con-
dition under which a bidder will participate in the
reverse auction with an optimal bid that is between
Cl and Pm�t . Note that the threshold level specified
in (15) under the uniform probability distribution is
more restrictive than the level specified in Proposi-
tion 1. Also note that B increases as Cu increases,
Cl increases, or Pm�t decreases. This is quite intuitive,
as such changes (in Cu, Cl, and Pm�t) decrease the
attractiveness of the reverse-auction site and, as a
result, fewer bidders will participate.

Proposition 3. Optimal Bid for the Uniform
Distribution and Its Property. For the uniform proba-
bility distribution function that the bidder has with respect
to the product’s cost, the optimal bidding price is

P ∗
o� t =

Cu− �Pm� t +Cl	Xt

2�1−Xt	
� (16)

Depending on the bidding scenarios, the submitted bid is
monotonic with respect to the individual’s propensity to bid
�Xt	, and its behavior can be described as follows.

The behavior of the optimal bidding
strategy as a function of a bidder’s

propensity to bid �B <Xt	

Bidding scenario characteristics

Scenario 1
�Pm� t < Cu −Cl	

Strictly concave and increasing
over Xt , and bounded between
�Cu − �Pm� t +Cl	B	/�2�1−B		 and
�Pm� t +Cl	/2

Scenario 2
�Pm� t > Cu −Cl	

Strictly convex and decreasing
over Xt , and bounded
between �Pm� t +Cl	/2 and
�Cu − �Pm� t +Cl	B	/�2�1−B		

Scenario 3
�Pm� t =Cu −Cl	

Constant over Xt and equals to
�Pm� t +Cl	/2

Proof. See Appendix 1.
If one takes the within-individual dynamic perspec-

tive, then for a given reservation price, which is con-
stant over time �Pr� t = Pr	, a consumer will increase
her current period bid if her X increases from the pre-
vious period and decrease her bid if her X decreases
under Scenario 1, decrease her current period bid if
her X increases from the previous period and increase
her bid if her X decreases in Scenario 2, and always
bid �Pm +Cl	/2 regardless of the results of prior bid-
dings and how her sensitivities about winning/losing
change in Scenario 3. In other words, under Bid-
ding Scenario 1, the more the bidder becomes inter-
ested in bidding, the more emphasis she places on the
winning probability. On the other hand, under Bid-
ding Scenario 2, the more the bidder is interested in
bidding, the more emphasis she places on the net gain
from the bid.

Corollary 1. Impact of Emotions on Over-
bidding and Underbidding. Compared to the profit-
maximizing strategy of bidding at �Pm� t+Cl	/2 (where the
emotional utility component is not considered), bidders in
Scenario 1 tend to underbid, while bidders in Scenario 2
sites tend to overbid. Bidders in Scenario 3 or those with
very high value of Xt (regardless of the bidding scenario)
will bid close to �Pm� t +Cl	/2.

Proof. Follows directly from Proposition 3.
The intuition for Corollary 1 parallels the discus-

sion that follows Proposition 3. In Scenario 1, a bidder
is more interested in the amount of gain from win-
ning, but such a preference gradually gives way to
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Figure 1 Optimal Bidding Strategy (Price) as a Function of a Bidder’s
Propensity to Bid
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Note. The thicker line represents the optimal bidding strategies for different
bidders under different conditions.

the emphasis on winning probability as she becomes
more interested in bidding. On the other hand, a
bidder in Scenario 2 is interested in the probabil-
ity of winning; similarly, such a preference gradually
gives way to emphasis on the amount of gain as she
becomes more interested in bidding. As a result, she
will underbid (relative to the benchmark classic bid)
in Scenario 1 and overbid in Scenario 2.
The results in Propositions 2 and 3 and Corollary 1

are represented graphically in Figure 1.
As discussed earlier, two countering effects are at

work upon each winning or losing. A win/lose will
either sensitize the subject to future winning/losing,
or it may make the subject become satiated/inert
with future winning/losing. The actual effect of a
win/lose, in our judgment, is an empirical issue and
will likely be individual specific. We discuss some
empirical evidence in the next session.

4. Empirical Testing and Analyses
In this section we present and discuss an experiment
designed to test the major insights obtained in §3.
Eighty-seven undergraduate business students at a
major university participated in this experiment. We
first describe the experimental procedure, followed by
the analyses of the data.

4.1. Experimental Procedure
Subjects were recruited from the student-subject pool
and were assigned to one of six sessions (each session
had an average of 15 subjects). The experiment was
conducted using a pencil-and-paper format. To allay
beliefs that cutoff prices might be rigged against any
individual, the cutoff price �Ct	 in each round was
generated using Excel spreadsheet function and pub-
licly projected onto the screen in the front of the room.
The acceptance of the bids in each of these six ses-
sions followed different random draws based on the
probabilities assigned to respondents.
The subjects were told that this would be a money-

making opportunity based on a hypothetical scenario

where there is a huge demand for a Spring break
package (a trip to Florida for two, with all expenses
included), and that people are willing to pay $1,160
for this package. The subjects could choose one of
two options to buy the package and profit by sell-
ing it at $1,160. The two options are: (1) purchase the
package from a travel agency for $1,100 and (2) sub-
mit a bid to a reverse-auction site for the package.
If the bid is rejected, they could still go to the travel
agency and buy it for $1,100. Notice that a person
who is profit maximizing will never buy from the
travel agency before bidding. Only a person who is
deeply frustrated from losing will stop. Each subject
participated in 20 rounds, and had the opportunity
to purchase one package in each round. In the first
10 rounds, approximately half the respondents experi-
enced a Scenario 1 auction site; in the next 10 rounds,
they were assigned to a Scenario 2 auction site; for the
remaining respondents, this order reverses. Scenario 3
was not considered in the experiment because it rep-
resents an asymptotic case of Scenarios 1 and 2, and
it would increase the task required from the subjects.
The parameters of the two scenarios, shown in

Table 1a, result in the bid’s winning probabilities
shown in Table 1b. As illustrated, for the same bid
submitted, the probability of winning is higher under
Scenario 1, relative to the probability of winning
under Scenario 2.
In order to ensure that the subjects are incentive

compatible with the experiment and that they are seri-
ous about the bidding, subjects were told that two of
them from each session would be chosen to receive a
cash award. For those chosen, one round out of the
twenty would be randomly selected to determine the
cash award as one-tenth of the actual profit from
the round, resulting in a cash reward ranging from $6
to $106.
At each round, subjects were asked to make follow-

ing decisions:
(1) participate or not in the reverse-auction site;
(2) if she/he decides to participate, what is his/

her bid;
(3) indicate excitement if this bid is accepted (1 =

not excited at all, 10 = the highest excitement ever
experienced)
(4) indicate frustration if this bid is rejected (1 =

not frustrated at all, 10 = the worst frustration ever
experienced).
Our measures of excitement/frustration were cho-

sen chiefly to minimize the amount of disruption in
each round. In a similar setting, Mellers et al. (1999)
have also used a similar single-measure procedure to
assess the elation/disappointment of subjects imme-
diately after they learned the outcome of the mone-
tary gamble that they had participated in. They used a
category rating scale that ranged from +50 (extremely
elated) to −50 (extremely disappointed).
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Table 1a Experimental Design, Parameters for the Two Auction
Scenarios

Pr Pm Cu Cl

Scenario 1 ($) 1,160 1,100 1,250 100
Scenario 2 ($) 1,160 1,100 1,850 800

Table 1b Relationships Between Bids and Probabilities of Winning

Scenario 1 site

Bid
submitted ($) 100 200 300 400 500 600 700 800 900 1,000 1,100

Probability of 0 9 17 26 35 43 52 61 70 78 87
being accepted
(win) (%)

Scenario 2 site

Bid
submitted ($) 800 850 900 950 1,000 1,050 1,100

Probability of 0 5 10 14 19 24 29
being accepted
(win) (%)

These excitement and frustration scale values need
to be linked to monetary compensation. To do so,
respondents were asked, after completing all 20 auc-
tion rounds, to imagine a context of having bid
30 times for a friend with two possible outcomes. In
the first outcome, all 30 bids are accepted. Respon-
dents then filled the blank “I am really excited and
had a lot of fun doing it; it’s almost as if you had
paid me $ to do this.” Then they would rate their
excitement on the same 1–10-point scale used in the
earlier scale to rate excitement if a bid is won. Sim-
ilarly, frustration and its monetary equivalence are
measured. These relationships were used to trans-
form the measurements of excitement and frustration
into monetary equivalences during the experimental
20 rounds using the following equations:

u2�accept�Po� t	

= MonetaryEquivalence�30 rounds	
Excitement�30 rounds	

Excitement�Po� t	

(17)

u2� reject�Po� t	

= MonetaryEquivalence�30 rounds	
Frustration�30 rounds	

Frustration�Po� t	�

(18)

The experimental settings were designed to ensure
that the assumptions of our model were replicated.
Consider first the random generation of responses
to bids. Friedman and Sunder (1994) have empha-
sized the importance of limiting the suspicion that

the experimenter is manipulating the random num-
ber generation process by choosing each number after
observing the results up to that point in the game.
In our case, showing the numbers being generated in
real time and applicable across heterogeneous respon-
dents enhanced this aspect of the credibility of our
experiment. Further, supplying a table that enlists
the winning probabilities at different levels of bids
(see Table 1b) ensured that the respondent under-
stood the implications of a uniformly distributed cut-
off. The payment procedure used in the experiment
limited cumulative wealth effects (Thaler and Johnson
1990) to a minimal role in modifying the behavior
of the bidder across all 20 rounds. Finally, by pro-
viding respondents with a clear selling price for the
items won in the auction, and a nonauction alterna-
tive, we provide unambiguous profit estimates at each
bid level.

4.2. Experimental Results
We first provide some summary statistics and key
insights with respect to the experimental results,
including whether subjects indeed changed their
bids within the same scenario (classic theory pre-
dicts they will not) and, if they did, are there any
regularities? We also test a key model assumption
concerning the nonstationarity of the two emotions
coefficients (excitement and frustration) and whether
one observes any regularity. The specific analyti-
cal insights tested empirically involve Propositions 2
and 3, and Corollary 1. In general, the analyses fol-
low a two-step process. First, we generate individ-
ual subject-level results, based on either all bids or
adjacent bids submitted under the same scenario by
a given subject. We follow with analyses across sub-
jects, which are based on the individual-level results
obtained in the first step. We believe that this is the
most appropriate procedure to test our theoretical
propositions, as it highlights individual heterogeneity
while also providing population-level insights.
All of the analyses described below are based on

the subjects who, according to the theoretical predic-
tion (Proposition 2), would bid in the reverse auctions
used in the experiment.2 To identify these subjects, the
average X was calculated for each individual in the
10 rounds (in either Scenario 1 or Scenario 2) and only
subjects whose average X were above the threshold
level B (see Equation (15)) were retained for further
analysis. This results in 69 subjects for Scenario 1 and
23 subjects for Scenario 2. Note that not all subjects

2 The deleted subjects, who were predicted by the theory to not par-
ticipate, might have chosen to bid because they somehow derive
utility from simply participating in the auction, and it is thus not
appropriate to include them with the rest of the subjects. We have
also rerun the analyses with all respondents included, and the
results are substantially unchanged.
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Table 2 Number of Bids Submitted by Subjects Retained for Analysis

Number of bids Number of subjects Number of subjects
submitted in Scenario 1 in Scenario 2

10 63 18
9 1 1
8 3 2
7 2 1
6 0 0
5 0 0
4 0 0
3 0 1
2 0 0
1 0 0

Total 69 23

made 10 bids, and of those who chose to make fewer
than 10 bids, not all of them were consecutive. Table 2
presents the number of bids for each of the two sce-
narios, made by the subjects retained for further anal-
ysis. The results reported in the table indicate that the
majority of the subjects did submit 10 bids.
We first investigate whether subjects indeed

changed their bids under the same auction scenario—
a fundamental property of our model. Without
accounting for the bidder’s dynamic nature of excite-
ment and frustration, the classic theory predicts that
a subject should always submit the same bid. Our
model proposes that a bidder will revise the bid each
time as his/her emotional state changes due to the
outcome of previous bidding. In order to test this,
we first divided all bids into two groups, those for
which the previous bid submitted by the same subject
have been accepted and those for which the previ-
ous bid have been rejected. We then counted, within
each group, the number of bids that were higher, the
same, or lower than the previous bid submitted by the
same subject. The results are reported in Table 3. They
clearly demonstrate a dynamic pattern of the bid-
ding strategies that characterize the reverse-auction
environment. Most bids reflect a change (592 out of
787 bids). Furthermore, we found that subjects were
more likely to decrease the bid if their bids in the pre-
vious round were accepted (127 versus 66, chi-square
test significant, p < 0�001). On the other hand, there
is a tendency to increase bids once the previous ones
are rejected (250 versus 149, chi-square test signifi-
cant, p < 0�001). This result argues strongly against

Table 3 Changes in Current Bids Conditional on the Outcome of
Previous Bid

Current bid compared to the bid
submitted in the previous round

Higher Same Lower

Outcome in previous round
Bid was accepted 66 41 127
Bid was rejected 250 154 149

the classic (static) theory and supports the need for
new models such as the one described in this paper.
We will show that the direction of these changes typ-
ically follows the pattern predicted by a model that
includes shifting emotions as arguments of the utility
function.
A key assumption behind the model, which accom-

modates the observation noted above, is that the
bidders’ excitement and frustration coefficients are
dynamic and that they will vary over bids (time
periods). Unfortunately, however, the extant litera-
ture does not provide any guidance concerning the
directionality of such changes in reverse-auction set-
tings. In Figures 2a and 2b, we provide preliminary
evidence with respect to this issue by testing (1) the
general trends of changes for these two coefficients,
conditional on winning or losing in the previous
round, and (2) whether winning and losing induced
statistically different trends. Bids of each individual
were divided into two groups: those submitted after
the previous bid was accepted and those submitted
after the previous bid was rejected. We then calculate,
for each individual and within each bid group, the
percentages of bids where 
 increased or � increased.
The empirical distributions of these four summary
percentages across all subjects are shown in Figures 2a
and 2b.
It is clear from Figures 2a and 2b that there is a large

degree of heterogeneity across subjects regarding

Figure 2 (a) Percentage of Alpha Increase Across Subjects
(b) Percentage of Beta Increase Across Subjects
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changes in the excitement and frustration coefficients.
Most subjects have both increased and decreased their
coefficients for different rounds under the same out-
come of previous bid (win or lose), a strong indica-
tion that the two counteracting forces (sensitization
effect versus fading/adaptation effect) were at work.
The average percentage of increasing 
 when a pre-
vious bid has been accepted (0.33) is significantly
�p= 0�002	 lower than when the previous bid has been
rejected (0.47). This indicates that, on average, subjects
are more likely to get more excited about winning in
the current round after losing in the previous round.
On the other hand, the average percentage of increas-
ing � when a previous bid has been accepted (0.45)
is significantly �p = 0�044	 higher than when the pre-
vious bid has been rejected (0.37). This indicates that
subjects are more likely to get more frustrated about
losing in the current round when a previous bid had
been accepted. Note that the total number of sub-
jects used in each situation is different, because not
all subjects win or lose at least once in the first nine
rounds under each scenario and there were several
instances (3) where a subject omitted the excitement
or frustration measurement (2) in all 10 rounds. The
total number of subjects used for this analysis is 82
(with previous bid was accepted) and 87 (previous
bid was rejected) for the excitement parameter �
t	,
and 86 (previous bid was accepted) and 90 (previous
bid was rejected) for the frustration parameter ��t	.
To test Proposition 2, which predicts that bids will

be submitted only by subjects whose Xt values are
above B in Equation (15), the following procedure
was employed. For each subject, the percentage of
times that the Xt values exceeded B� given that a bid
was submitted, was calculated. This individual-level
score captures the correct predictions made by Propo-
sition 2. For example, if subject i made the first eight
bids under Scenario 1, for each of these bids, his/her
X1 � � �X8 were calculated and designated as above or
below the threshold level, thereby determining the
percentage of correct predictions at the individual
level. Note that if the subject decided not to sub-
mit a bid in round t, Xt could not be calculated.
Hence, the base used here is the total number of bids
submitted within the 10 possible rounds for which
the value of Xt could be calculated. Because Proposi-
tion 2 is not scenario specific, the data were pooled
over the two scenarios (there are two subjects who
had indicated no frustration/omitted frustration mea-
surement, resulting in a total of 90 data points). The
histogram of the percentage of correct predictions is
displayed in Figure 3.
Overall, the histogram indicates that Proposition 2

predicts well. The across-subject average correct pre-
diction is 0.96, and the standard deviation is 0.11.

Figure 3 Percentage of Proposition 2–Based Correct Prediction
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Proposition 3 addresses three issues that have be
tested empirically: (1) the magnitude of bids sub-
mitted, (2) the change of the bid as a function of
changes in Xt by scenario type, and (3) the concav-
ity/convexity of bids submitted as a function of Xt

and scenario type.
To test the first aspect of Proposition 3, which is

independent of the scenario type, the following pro-
cedure was employed. We first calculated the mag-
nitude of the bid predicted under Proposition 3 (see
Equation (16)) for each subject in each round, and
compared it to the actual bid submitted by the sub-
ject in each round. We next estimated the correla-
tion between actual bid and the predicted bid for
each subject over the rounds in which he/she actu-
ally submitted bids in each reverse-auction scenario.
The data from 83 usable subjects (excluding eight sub-
jects whose bids were the same in all rounds and one
subject whose beta is zero) were then pooled across
the two scenarios, and the empirical histogram of the
correlations across subjects is shown in Figure 4.
The histogram and the average correlation across

subjects of magnitude 0.3064 (statistically larger than
zero based on t-test, p < 0�001) suggest a fair degree
of predictive capability for the bids magnitude aspect
of Proposition 3.
The second aspect of Proposition 3 was the mono-

tonicity (either increasing or decreasing, depending

Figure 4 Correlation Between Actual Bids and Predicted Bids (Within
Subjects)
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on the bidding scenario) of the bids with respect
to the behavior of the Xt . Here, two different tests
have been employed. The first test is based on adja-
cent bids. It required organizing the data for each
subject based on the change in Xt relative to Xt−1
(increase/same/decrease) and the change in the mag-
nitude of bid in round t relative to that in round t− 1
(increase/same/decrease). This creates nine �3× 3	
possibilities of which only three possibilities are
addressed and predicted by Proposition 3. Under Sce-
nario 1, the three possibilities of interest are: Xt increa-
ses and Po� t increases; Xt remains the same and Po� t
remains the same; Xt decreases and Po� t decreases.
A subject under Scenario 1 whose Xt increased and
Po� t decreased or remained the same represents incor-
rect predictions derived from Proposition 3. The per-
centage correct prediction for each subject, and for
each scenario, was then calculated.
The histograms of the percentage of correct predic-

tions across subjects and within scenario are shown
in Figures 5a and 5b for Scenario 1 (total number of
subjects employed is 67, excluding one subject with
no measurable adjacent X and one subject with no
measurable X), and for Scenario 2 (total number of
subjects employed is 22, excluding one subject with
no measurable X), respectively.

Figure 5 (a) Percentage of Correct Prediction Under Scenario 1
(b) Percentage of Correct Prediction Under Scenario 2
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The results suggest the model is capable of predict-
ing well the monotonicity of the behavior of the bids
under Scenario 1 (the average percentage of correct
prediction across subjects is 0.78, significantly higher
than an equal probability naïve prediction of 0.33),
but predicting with far less degree of accuracy of the
monotonicity behavior of the bids under Scenario 2
(the average percentage of correct prediction across
subjects is 0.41).
The second test of monotonicity behavior predicted

by Proposition 3 is based on the correlation between
the Xt (not necessarily adjacent) and Po� t for each sub-
ject and per scenario. Note that Proposition 3 pre-
dicts a positive correlation between the Xt and Po� t
for a subject submitting bids under Scenario 1, and
a negative correlation under Scenario 2. The percent-
age of correct directional prediction can then be cal-
culated in a straightforward manner across subjects.
For 91% of the subjects bidding under Scenario 1
(59 out of 65, excluding 3 subjects who submitted the
same bid for all 10 rounds and 1 subject with zero
beta), the correlation is positive, as predicted, and for
22% of the subjects bidding under Scenario 2 (4 out
of 18, excluding 5 subjects who submitted the same
bid for all 10 rounds), the correlation is negative as
predicted. This result is consistent with the first test
of the monotonicity that examined the behavior of
adjacent bids, that is, the model predicts the behavior
accurately for bidding under Scenario 1, but mispre-
dicts in Scenario 2.
The third aspect of Proposition 3 characterizes the

concavity and convexity of bidding prices under the
two bidding scenarios. In order to test this aspect of
Proposition 3, a general quadratic function below was
employed:

Po =  0+ 1x+ 2x
2� (19)

The concavity/convexity properties can be tested by
checking the empirical sign of  2 via regression. Note
that Proposition 3 predicts a concave relationship
between Po� t and Xt for a subject submitting bids
under Scenario 1, and a convex relationship under
Scenario 2. We thus expect the sign of  2 to be neg-
ative for subjects bidding under Scenario 1 and pos-
itive under Scenario 2. Two different levels of anal-
ysis were conducted to test the predictions. We first
estimated Equation (19) across all subjects and all
rounds, under each scenario. The sign of the  2 coef-
ficient is indeed negative under Scenario 1, and is
significantly different from zero �p = 0�016	. Also, as
predicted, the coefficient’s sign is positive under Sce-
nario 2, though not significant. To obtain insight into
the heterogeneity across subjects, we estimated the
equation separately for each subject under each sce-
nario. We found that 72% of the subjects (48 out of 67,
excluding one subject with zero beta and one subject
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whose data failed to satisfy the singular requirement
in regression) under Scenario 1 indeed have negative
 2 as predicted by the model. The results for Sce-
nario 2 are less satisfactory—only 32% of subjects (7
out of 22, excluding one subject with no beta) have
positive  2 as predicted by the model. The latter find-
ing may very well be due to the small usable (those
predicted by our theory to participate in such auction
site) sample size on which it is based.
Finally, Corollary 1 predicts that compared to the

classic profit maximization subjects will underbid
under Scenario 1 and overbid in Scenario 2. To test
this prediction, we first determined the average bid
for each subject, calculated over all bids submitted
by him/her under each scenario, and then calculated
the percentage of subjects whose average bids con-
formed to the theoretical prediction (i.e., over- and
underbidding). We found that 67% of subjects bid-
ding under Scenario 1 underbid (their bid was lower
than the profit-maximizing $600 bid), while 43% of
subjects bidding under Scenario 2 overbid (their bid
was higher than the profit-maximizing $950 bid). This
result provides strong evidence to support the the-
oretical prediction under Scenario 1, but it does not
lend support for the prediction made under Sce-
nario 2. The evidence becomes much stronger, how-
ever, for both scenarios when we examine the average
bids across all rounds. To do this, we first calculate the
average bid for each round over the bids submitted
by all subjects for that round, and then we calculate
the percentage of rounds (out of 10 rounds under each
scenario) where the average bids conform to the the-
oretical prediction. As shown in Table 4, the average
bids in all 10 rounds under Scenario 1 are below the
profit-maximizing $600 (i.e., 100% correct prediction),
while the average bids in 7 out of 10 rounds in Sce-
nario 2 are above the profit-maximizing $950 (i.e., 70%
correct prediction).

5. Summary and Discussion
In this paper, we have developed and empirically
tested a new analytical bidding model that contains
both economic and behavioral constructs. The for-
mal model generates fine-grained predictions about
the bids people make as a function of their antic-
ipated excitement given winning, and frustration

Table 4 Percentage of Underbidding (Scenario 1) and Overbidding
(Scenario 2)

Percentage of correct Percentage of correct
prediction (across subjects) prediction (across rounds)

Scenario 1 67% �n= 69	 100% �n= 10	
Scenario 2 43% �n= 23	 70% �n= 10	

given losing. This model takes into explicit consider-
ation the bidding environment in which these deci-
sions are made. The empirical results reveal three
major insights about the validity of the proposed
model.
First, it is clear that the classic economic model did

not capture the empirical behavior of bidders. Con-
trary to the static bidding strategy predicted by this
benchmark model, we found that a bidder usually
changed her bids after each round. Furthermore, the
direction (increase or decrease) of such change is con-
ditional on the outcome of previous bid. This result
is unlikely to be due to learning, as we explicitly
explained to the subjects before the experiment that
they should not expect to learn anything from the out-
come other than the probability table already stated
to them. We also did not observe convergence in bids,
as a learning mechanism implies.
Second, we found that emotions are an integral

component of a bidder’s decision state and bidding
strategy. The empirical evidence indicates that there
is indeed a strong emotion effect (specifically, excite-
ment and frustration) associated with bidding, and
such emotions change dynamically as a function of
the outcome of the previous bid. It is also clear
that the projected excitement and frustration have an
impact on the bids made. Supporting evidence arises
from the observed no-bids. From a classic profit-
maximizing perspective, such default behavior has to
arise from the frustration at losing, because any bid
in the allowable range is as good as or better than the
return of no-bid. Further, the overwhelming majority
of bids submitted were associated with propensities
to bid, X, that are above threshold, as predicted by
our model.
Third, we show that, as predicted by our model,

a bidder in a relatively favorable environment (Sce-
nario 1) emphasizes more the amount of gain if she
wins (thus make lower bids), but gradually puts
more emphasis on the probability of winning as she
becomes more interested in the bidding. Furthermore,
we also show that a bidder in a relatively hostile envi-
ronment (Scenario 2) emphasizes more the probabil-
ity of a win (thus overbid), although this effect is not
as strong as that observed under Scenario 1. We did
not find, however, evidence that bidders under Sce-
nario 2 will gradually put more emphasis on the
amount of winning as they become more interested
in the bidding.
The single most likely reason for the strong empir-

ical support for Scenario 1 and weak empirical sup-
port for Scenario 2 lies in the role of our model as an
enhanced normative model (instead of a pure descrip-
tive model), as well as the design of the experiment.
From the latter standpoint, examining again our crite-
ria for Scenario 2, Scenario 2 is only marginally differ-
ent from Scenario 1. Scenario 1(2) is defined to be any
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sites whose range of distribution �Cu − Cl	 is larger
(smaller) than the market price. In the experiment
conducted here, Scenario 1’s range is $50 above and
Scenario 2 site’s range is $50 below the market price of
$1,100 (see Table 1a). Future experiments could exam-
ine whether an environment strongly in the Scenario 2
camp (for example, the range is $500 below the mar-
ket price of $1,100) results in substantially different
behavior.
Ultimately, more models are needed that character-

ize bidders’ behavior in the face of emotions. We have
focused here on just two constructs, excitement and
frustration, but there are others, such as an apparent
desire to be part of an auction, or anger, that need to
be incorporated into mathematical models and exam-
ined empirically. Such constructs are important not
only to understand responses to auctions, but also
to be able to develop predictive models of market
response to such biddings.
An electronic companion to this paper is available

at http://mansci.pubs.informs.org/ecompanion.html.
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