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ABSTRACT
Auctions provide a unique market structure through which one can analyze
consumer behavior and rational decision-making. While many variables can influence an
individual’s decision on the amount and timing of a bid, there is perhaps no greater factor
than one’s experience. More experienced bidders are able to strategize in order to
mitigate poor results, notably the “winner’s curse.” This strategic ability could also be the
result of other individual characteristics. For example, socio-economic status can
influence one’s bidding strategy. Within the context of an auction setting, this thesis
intends to explore the relationship between an individual’s personal background and
bidding history in response to perceived negative outcomes.
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Chapter 1
Introduction

What is the “Winner’s Curse”?

Although a feeling of satisfaction frequently accompanies victory, not everything
is as black and white as it seems. In fact, there are many instances, considering costs and
payoffs, where a rational individual would prefer defeat. These scenarios, by which an
actor succeeds in some fashion, yet suffers unnecessary and often detrimental cost, have
been deemed the “winner’s curse”. Although the causes of the winner’s curse heavily
depend on the circumstances surrounding a transaction, it is almost always characterized
by a disparity in the presence of relevant information amongst participating parties. The
party that wins is often the least knowledgeable about the actual value of a product,
influencing their exuberant bid. Therefore, in a market with perfect information, the
winner’s curse would cease to exist, as rational individuals would not overpay for the
object of interest.
On the other hand, the “curse” may be the result of pure individual preference.
For example, an individual at auction may need just one additional unit to complete a
collection, inflating their maximum desired final price. However, it is important to
distinguish this example from those that involve the winner’s curse. This individual,
regardless of how much they have paid, does not suffer the curse. They value the product
to a greater extent compared to other participants and naturally are successful in
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outbidding others at their desired price. Therefore, the winner’s curse only takes place in
a common values setting. In other words, the product of interest has an equal intrinsic
value to each participant.
Lastly, an important assumption is that the severity of the winner’s curse will
increase as the number of participants increases. With an increased number of bidders,
there is increased variability in the bidders’ perceived value of the product and thus
increased bid variability. In other words, with more individuals at auction, there is a
greater likelihood of overpayment.

Examples of the Winner’s Curse

The winner’s curse is frequently modeled in the context of a standard auction, yet
it is also illustrated through a number of contemporary examples. Perhaps one of the best
instances exists in the realm of professional sports, via the free agency system. When an
athlete is an unrestricted free agent, they are available to every team in their respective
league. It is presumed that this player has the ability to contribute to any of these teams
and, on the basis of talent alone, is equally valuable to them. However, certain teams will
have an advantage in terms of information on the player. For example, the team with
which the player most recently played understandably has more information than any
other team in the league. They have a precise estimate of how much the player is worth.
Ironically, although this helps the team from a financial perspective, it also puts them at a
disadvantage when attempting to re-sign their players. While the original team’s contract
offer is fairly predictable and will hover near the player’s true value, other teams’ offers
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will be sporadic in both directions. As David Sabino notes in an article on the subject,
“…each team must make its own independent assessment of a player’s future worth,
something that’s incredibly difficult to predict with any certainty” (Sabino). Although
teams utilize scouts to better gauge a player’s value, it still represents an imperfect
information scenario as these evaluations rely too heavily on subjective opinions.
Another frequently cited example of the winner’s curse occurs in initial public
offerings (IPOs). Bidders are attempting to estimate what the market value of a
company’s stock will be. Naturally, investors have varying amounts of information. More
importantly, however, they all have different levels of experience. Rational investors who
have participated in previous IPO auctions will recognize the winner’s curse and
subsequently shave their bids downward. The impact of the winner’s curse has become
less exaggerated in this example as companies have begun to publicize its presence. For
example, shortly before Google’s IPO stock auction in 2004, the company issued a
statement to interested investors warning that “the auction process for the public offering
may result in a phenomenon known as the 'winner's curse,' and, as a result, you may
experience significant losses” (Miller). Google was concerned that uninformed investors
would not consider the winner’s curse in adjusting their bidding patterns. Therefore,
shares of Google stock would trade well above market value. Once more experienced
investors re-entered the market, the price would fall back to its true value, leading to
potentially severe losses for the uninformed group. Google’s hesitance appears to have
resonated with investors. In fact, upon the auction’s conclusion, shares were slightly
underpriced relative to expectations (Draho).
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Despite the success of the Google warning, it appears that few companies have
followed suit. In fact, due to concerns about the winner’s curse and the potential loss
associated with it, very few IPOs today are conducted using auctions. In the twelve
months that followed Google’s successful IPO, only three out of 250 utilized an auction
(Jagannathan, 2007). This example is relevant to any analysis of the winner’s curse as it
not only demonstrates consequences, but it also highlights the participant’s optimal
strategy of downward bid adjustment.

Observable Information and Diversity: The Winner’s Curse in an Online Setting

As previously summarized, the winner’s curse results from a discrepancy in the
amount of information held by each participant. While this is particularly relevant in a
typical auction setting, the distinction is less clear in an online environment. Bidders who
utilize an auction website such as eBay, have a large amount of information available to
them when making bidding decisions. For example, they can adjust their bidding in
relation to product reviews, seller feedback, or by simply comparing the product to others
found on the Internet. The ease of access to this information appears un-matched in other
settings, making the online auction structure a notable environment within which one can
examine the impact of the winner’s curse on bidder behavior.
In addition, the online setting is unique in that auctions have a diverse range of
participants. They come with varying levels of auction experience and divergent socioeconomic backgrounds, both of which could influence how and if they react to a potential
winner’s curse. With a larger pool of potential bidders, the range of the bidding should
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also be much greater in an online auction. As the number of bidders increases, so too
does the possibility of the winner’s curse occurring.
As these examples demonstrate, an online setting may mitigate the dilemma of an
imperfect information scenario, as observable information is easily accessible online.
However, there are instances where this is not the case. For example, if the product is an
automobile, there is less disparity in the amount of information in an offline setting.
Bidders are able to physically assess a vehicle’s condition instead of solely relying on
information provided by an online seller. Given the diverse and large pool of potential
bidders, as well as the intangibility of the product, the winner’s curse remains an issue for
inexperienced participants in an online setting.

Hypotheses

Using the unique backdrop of an online auction setting, this paper seeks to
determine how different people, based on distinguishable characteristics, respond to the
winner’s curse. In other words, are these characteristics related to the individual’s
implementation of an optimal downward-adjusting bidding strategy? The subsequent
analysis will be two-fold, investigating bidders’ response to the winner’s curse on the
basis of both their experience and their income level. In order to conduct this analysis, the
primary tests will involve assessing the relationship between the number of bidders and
the bidding strategy within specific experience and income groupings. Therefore, the
overarching hypothesis is that as the number of participants in an online auction
increases, there is a greater likelihood of the winner’s curse and thus an increased
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response from experienced and high-income bidders in shaving down their bids. More
concisely, for experienced and high-income participants, the number of bidders should be
negatively correlated with the amount of a bid. The primary tests, through a comparison
of experienced and inexperienced bidders, as well as high and low income individuals,
will test the main hypothesis. After observing these relationships, the importance of
additional characteristics can be explored. Multiple variables, from both an individual
and product perspective, will be utilized as part of a secondary analysis. While some of
these variables could reasonably influence an individual’s bidding strategy, others appear
less relevant. Therefore, they will be explored independently.
The first primary test involving bidder experience appears to be the most relevant.
As mentioned previously, in particular through the IPO example, a bidder’s experience
should be a good predictor of their bidding strategy. Therefore, it is hypothesized that the
more experience a bidder has, the more likely they are to recognize a potential winner’s
curse and bid lower than those with less experience. In other words, for the most
experienced bidders, a negative significant relationship should exist between the number
of bidders and the amount of their bid. For inexperienced individuals, an insignificant
relationship between these variables is anticipated.
In the second primary test, the impact of bidder income will be explored. Socioeconomic background is related to a certain level of “sophistication”. High-income
bidders should be more likely to recognize the connection between variable fluctuation
and likelihood of the winner’s curse. These individuals have more financial resources to
utilize and would thus be more likely to be a frequent participant in auctions, particularly
for high-priced products. As they participate in more auctions, it is hypothesized that they
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would recognize the winner’s curse and decrease the value of subsequent bids. Therefore,
the result for income should closely mimic that of experience. A negative, statistically
significant relationship is expected for high-income bidders and an insignificant
relationship is expected for low-income bidders.
The secondary tests are unique in that they do not deal with bidder characteristics,
but instead traits of the product itself and the seller. Seller feedback is measured by a
percentage of positive reviews given to a seller. It is the result of the bidder’s satisfaction
with the auction proceedings, quality of the product as advertised, and speed with which
the good was ultimately delivered. While each bidder can choose to utilize or ignore
feedback when making a bidding decision, a low score should certainly discourage one
from bidding well above true market value. Therefore, it is hypothesized that seller
feedback should have a positive correlation with the amount of a bid. Lastly, particularly
in an online environment where the bidder often does not have first-hand experience with
the good, relevant product characteristics could have a large impact on one’s
interpretation of the value of a product. For example, in the following analysis, the
products of interest will be automobiles, specifically Corvettes. Therefore, bids could be
influenced by mileage, color of the vehicle, model year or whether or not the car is a
convertible. Mileage is a variable that should influence all individuals to adjust their bids,
regardless of experience or income. Naturally, a vehicle with higher mileage should
receive lower bid amounts. The same should be true when comparing used and new
vehicles. Despite this, it is hypothesized that the impact of other variables will vary on an
individual basis. In other words, only certain bidders will react in response to them. It is
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hypothesized that there will not be a statistically significant relationship between the
amount of a bid and any of the other product characteristics.

Contributions/Literature Review

Although the winner’s curse has been studied as a fundamental aspect of auction
theory, the amount of research conducted on the curse within a modern, online setting
remains fairly low. This paper seeks to contribute to existing literature on consumer
behavior in the online marketplace by defining the ideal background of someone who
responds to the winner’s curse. Where do these individuals come from and how do
certain variables influence their decisions? It seeks to determine how consumers react to
observable information such as seller feedback and if they adjust their optimal strategies
accordingly. Many papers have argued that, regardless of individual characteristics, the
driving factor in whether or not an individual adjusts their bids in response to the
winner’s curse is simply uncertainty (Hou, Kuzma, and Kuzma, 2009). In fact, Hou et. al
(2009) argue that this phenomenon differs on a product level. Collectibles, for example,
are items for which it is difficult to assess value without prior examination. Within the
confines of an online setting, sellers can easily misrepresent product descriptions, as Jin
and Kato (2002) discovered was the case for baseball cards. Other literature has discussed
a signaling effect on eBay by which customers respond differently to items depending on
the number of pictures displayed with the posting. Hou et. al (2009) found a positive
relationship between the number of photos and bid variability, suggesting that customers
were significantly influenced by the presence of observable information. Furthermore,
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some bidders react differently according to the quality of the product, as is the case with
new and used cars (Adams, Hosken, and Newberry 2011).
More specifically, in terms of the winner’s curse, some previous papers have
utilized two different market structures to determine the presence of the curse in online
transactions. They have compared prices in online auctions, typically using eBay data, to
true value prices on e-retail websites. As expected, average prices, holding all else
constant, are higher within the auction setting. However, more than 60% of consumer-toconsumer online bidders paid more than the minimum prices set by twelve separate
vendors, suggesting the presence of the winner’s curse in this setting (Oh, 2002). Further
investigations into the influence of the winner’s curse on these sites leave mixed results,
with many finding little evidence to support the notion that bidders are intentionally
adjusting their strategy (Adams et. al, 2011).
Prior research has also investigated potential relationships between bidding
strategies and the winner’s curse. However, these strategies have almost all been
categorized by the timing of a bid as opposed to the value of a bid. One of these
strategies, subsequently termed “sniping”, involves placing a bid within seconds of the
auction’s conclusion. (Easley and Wood, 2005) find that sniping is an effective strategy
in preventing the winner’s curse even though it is not necessarily employed for this
purpose. Their findings conclude that individuals who wait until an auction’s conclusion
and place only one bid are far less likely to pay above market value than their fellow
bidders who participate early and often throughout the auction. These behaviors,
factoring both timing and volume of bids, have led many to categorize bidders into
specific groupings – evaluators, participators, and opportunists (Bapna, Goes, and
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Gupta, 2003). The first group consists of individuals who only bid a few times and do not
time their bidding, the second group contains those who bid multiple times throughout an
auction, and the final group is composed of the aforementioned “snipers”. Regardless of
their grouping, it has been widely acknowledged that the opportunists, those who employ
the most effective strategy, are a minority. In eBay auctions, many authors have observed
that the number of bids often greatly exceeds the number of bidders, implying flexibility
towards bid adjustment throughout the duration of an entire auction (Bajari and Hortascu,
2003).
Others have looked at the specific design of an auction to determine its influence
on responses to the winner’s curse. Via the inclusion of secret reserve prices, eBay
auctions provide a unique scenario to explore this relationship. The seller sets a secret
reserve price as the minimum amount they are willing to accept for their product. It
differs from a pure minimum bid setting in that it is anonymous and never revealed to
bidders, neither before nor after auction. In other words, this pricing structure allows the
seller to set a minimum bid of zero, which is visible to the bidders, and a secret reserve
price at a higher amount. From a seller’s perspective, this system is preferable because it
lowers the barrier to entry for bidders. (Bajari and Hortascu, 2003) found that, on
average, the number of expected bidders is higher for eBay auctions using a secret
reserve price as opposed to those using just a minimum bid setting. They also found that
bid variability, in particular bid shading, was positively correlated to the number of
bidders, suggesting, as anticipated, a response to the winner’s curse.
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Chapter 2
Model Construction

Dataset Introduction

As exhibited by previous research, a number of factors contribute to bidder
behavior and strategy. Accordingly, in conducting an analysis of the winner’s curse, it is
important to have access to a diverse, multi-faceted dataset. The dataset utilized to test
the aforementioned hypotheses was obtained directly from eBay. It consists of the results
of more than 6,000 auctions that took place between 2001 and 2003. It is categorized in
order to distinguish between specific traits of the bidder, seller, and product. These
categories can be divided into 6 variables for the seller, 17 variables for the bidder, and
35 variables for the product. Additionally, 26 variables of the auction itself are readily
available. An especially relevant attribute of the data is that it is only for one particular
product, controlling for bias. The product up for sale in all of these auctions is a
Chevrolet Corvette. Automobiles are an ideal item used to analyze eBay auctions as they
are typically in high demand and represent an entirely separate category on the website’s
listings. In the third quarter of 2012 alone, eBay generated $3.7 billion worth of
transactions on automobiles and the second most popular model sold on the site during
that time was a Chevrolet Corvette (Ross, 2012). Although these vehicles all have
distinguishable traits, which may or may not influence a bidder’s strategy to combat the
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winner’s curse, given the amount of observations, I am able to control for these
characteristic differences.
As discussed above, the dataset is a large conglomeration of information about all
features of eBay auctions and their participants. Therefore, it is best to address its
elements on the basis of the previously established categories. In terms of pure auction
characteristics, the dataset contains nearly all of the most relevant information. The exact
start and end dates and times are available. The majority of the auctions last somewhere
between five and seven days. The most relevant auction characteristic, and the one that
will form the basis of the primary tests, is the number of bidders, averaging 18 in the
dataset. Other characteristics include flags for auctions that have a “buy now” price or a
secret reserve price, as well as their precise values. There is also a flag for whether or not
the auction listing had a photograph featured. Understandably, the presence of a
photograph could easily influence an individual’s bidding habits, particularly for an
expensive item such as a Corvette. In an online setting, where individuals rarely have an
opportunity to experience an item firsthand before their purchase, a photograph acts as
the next best alternative. Lastly, most other auction characteristics, including product and
auction identification numbers, appear purely categorical and will not contribute much to
this study.
From a product perspective, there are many ways that the dataset distinguishes
between the vehicles. While they are all Chevrolet Corvettes, the data includes varying 2door, 3-door, and 4-door models from 1981-2004. In addition, the cars have a range of
different exterior and interior colors. When analyzing these groupings, it is essential to
distinguish between horizontal and vertical characteristics. For example, interior and
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exterior color are horizontal characteristics. The preferences of these variables differ from
bidder to bidder and thus are difficult to utilize in analyzing overall bidding strategy. The
impact of these traits should be negligible on an individual’s response to the winner’s
curse. However, a vertical characteristic such as mileage might have a more noticeable
effect. All individuals are expected to have a universal response to a change in mileage.
The average mileage on the cars in the dataset is more than 60,000, demonstrating that
older, used cars are well represented. As the number of miles on a vehicle increases, an
individual should be more hesitant to overbid and thus more cognizant of the winner’s
curse. Other categories include distinctions between new and used vehicles and
differences in transmission. Once again, in distinguishing between relevant and irrelevant
variables in this analysis, the condition of a car, be it used or new, should have universal
resonance on an individual’s bidding behavior. Meanwhile, transmission differences
might influence the results of a single auction, but not translate to the auctions as a whole.
As the bidder’s behavior is at the center of all established hypotheses, their
personal differences in the dataset will be especially relevant. Most importantly, each
bidder has a feedback rating that will be used to ascertain experience level. This figure
should provide an accurate representation of experience as it embodies the summation of
all of an individual’s transactions on the website. With the exception of individuals who
have received multiple negative reviews, an individual with a higher feedback rating is
more likely to be an experienced bidder. The dataset also includes location information
about each user. Zip code data will be utilized to ascertain the bidder’s likely income,
given the socio-economics of their region. In addition, the values of their bids are
available. This makes it easy to explore bid variability and make inferences about bidding
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strategy. Similar to the auction characteristics, the remaining groupings seem categorical
and will merely be used to organize and identify the individuals.
Lastly, the seller has a few distinctions within the dataset. As with the bidder,
their postal information is also readily available, yet it is doubtful that this would have
any bearing on bidder behavior. The category of note, however, is seller feedback. Each
user on eBay is given a feedback rating, essentially a measure of their reputation
throughout all of their transactions on the site. It consists of the ratings and comments left
by other members who they have interacted with at auction. It will be an important
element of the dataset to consider when testing the initial hypotheses.
As is the case with any dataset, there are a few limitations. For example, while the
dataset does provide zip code information, it does not provide any additional data
regarding the bidder’s socio-economic status. Therefore, the bidder’s zip code will be
used to derive median income for the region, which, in turn, will imply an individual’s
likely socio-economic status. It is important to recognize that bidders may fall well above
or below this income level. Additionally, exploitation is a concern in any online auction
setting. Sellers can misrepresent attributes of their product. Perhaps the most easily
adjustable attribute in this instance is mileage. Naturally it would be in the seller’s best
interest to make this number appear lower than it actually is to increase their expected
profit. Given the size of the dataset, these issues should not be a major concern, yet it is
still relevant to acknowledge their existence.
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Key Attributes

As applied in prior literature (Adams et. al, 2011), the primary test in this analysis
will be an exploration of the relationship between the amount of a bid and the number of
bidders in an auction. A negative correlation between these variables implies that
individuals are indeed responding to the winner’s curse.
However, before beginning the analysis, the dataset will be divided according to
an individual’s level of experience, as measured by bidder feedback. Individuals will be
placed into three groups: those whose feedback level falls less than one standard
deviation from the mean, those whose feedback level falls within one standard deviation
of the mean, and those whose feedback level is more than one standard deviation from
the mean. Therefore, a simple comparison can be made to determine if the main
hypothesis holds and whether experienced bidders are in fact responding to the winner’s
curse.
In order to conduct the second primary test, the dataset will also be divided into
income groupings. Socio-economic background, as explained earlier, will be slightly
more difficult to gauge, as it is not explicitly present within the dataset. Instead, zip code
information about bidders will be used to attain the average level of income for a specific
region. Individuals will be divided into three groups: those whose median income falls
below one standard deviation from the mean, those whose median income falls within
one standard deviation of the mean, and those whose median income falls above one
standard deviation from the mean.
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The key attribute from the seller’s perspective will be their level of feedback,
essentially a measure of their reliability in transactions. It is hypothesized that this figure
should influence bidder strategy, regardless of experience. Thus, seller feedback should
be positively correlated with the amount of a bid. Lastly, from the product level, there are
many distinguishable characteristics, yet this analysis will exclusively be concerned with
three- the mileage of the car, the condition of the car, be it used or new, and the
transmission. Once again, except for mileage and condition of the car, it is doubtful that
other vehicle traits should universally influence bidding strategy.
A selection of descriptive statistics regarding quantitative attributes is displayed in
Table 1. They are organized according to their grouping as an auction, bidder, seller, or
product characteristic. In addition, statistics of the qualitative variables are displayed in
Table 2.
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Table 1: Descriptive Statistics, Quantitative Attributes

Minimum

Maximum

Mean

Standard Dev.

# Of Bidders

1

131

18.28

13.03

Bid Amount

1

3,500,000

12,581.61

43,633.83

Feedback

-6

13,694

83.84

289.53

Median Income

332

219,554

61,238

22,807.75

-3

16,387

209.55

543.20

0

305,365

62,789.73

42,923.02

Auction

Bidder

Seller
Feedback
Product
Mileage

Table 2: Descriptive Statistics, Qualitative Attributes

Mode

Used

New

Automatic

Manual

Condition

Used

6,691

252

N/A

N/A

Transmission

Automatic

N/A

N/A

4,977

1,966

Product

Regression Model Development

In order to test the hypotheses, two different methods will be utilized, each with
their own respective regression models. The first method will involve dividing the dataset
into three groups according to bidder experience, represented by bidder feedback. These
three groups will subsequently be referred to as “low experience”, “medium experience”,
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and “high experience”. This will allow for comparison across different experience levels
to determine who is and who is not responding to an increasing number of bidders by
adjusting the value of their bids downward. Accordingly, the dependent, or response
variable, will be the amount of the bid. The independent, or predictor variables, will
include the number of bidders, bidder income level, seller feedback, vehicle mileage,
vehicle condition, and vehicle transmission. The first four variables are continuous
variables, while vehicle condition and transmission will be modeled as dummy variables.
The regression equations for this first method can be found in figure 1.
Figure 1: Original Model - Experience

“Low Experience”
Y 1 = β 0 + β 1x 1 + β 2x 2 + β 3x 3 + β 4x 4 + β 5x 5 + β 6x 6 + ϵ 1
“Medium Experience”
Y 2 = β 0 + β 1x 1 + β 2x 2 + β 3x 3 + β 4x 4 + β 5x 5 + β 6x 6 + ϵ 1
“High Experience”
Y 3 = β 0 + β 1x 1 + β 2x 2 + β 3x 3 + β 4x 4 + β 5x 5 + β 6x 6 + ϵ 1
Where:
•
•
•
•
•
•
•
•
•

Y1 = Low Experience Bid Amount
Y2 = Medium Experience Bid Amount
Y3 = High Experience Bid Amount
x1 = Number of Bidders
x2 = Bidder Income Level
x3 = Seller Feedback Level
x4 = Vehicle Mileage
x5 = Dummy Variable for Vehicle Condition (equals 1 if used, 0 if not)
x6 = Dummy Variable for Vehicle Transmission (equals 1 if automatic, 0 if not)

The second method will be similar in that it will employ nearly identical
regression models. However, instead of splitting the dataset into groupings based on
bidder feedback levels, this method will group individuals based on median income, as
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derived from zip code information within the dataset. These groupings will subsequently
be referred to as “low income,” “medium income,” and “high income”. This will allow
for comparison of bidding strategy across various income groups. As with the previous
models, bid amount is the dependent variable. All independent variables remain the same,
except for the inclusion of bidder experience. This variable takes the place of median
income in these models. Therefore, experience becomes a continuous variable. The
regression models for this second method can be found in figure 2.
Figure 2: Original Model - Income

“Low Income”
Y 1 = β 0 + β 1x 1 + β 2x 2 + β 3x 3 + β 4x 4 + β 5x 5 + β 6x 6 + ϵ 1
“Medium Income”
Y 2 = β 0 + β 1x 1 + β 2x 2 + β 3x 3 + β 4x 4 + β 5x 5 + β 6x 6 + ϵ 1
“High Income”
Y 3 = β 0 + β 1x 1 + β 2x 2 + β 3x 3 + β 4x 4 + β 5x 5 + β 6x 6 + ϵ 1
Where:
•
•
•
•
•
•
•
•
•

Y1 = Low Income Bid Amount
Y2 = Medium Income Bid Amount
Y3 = High Income Bid Amount
x1 = Number of Bidders
x2 = Bidder Experience Level
x3 = Seller Feedback Level
x4 = Vehicle Mileage
x5 = Dummy Variable for Vehicle Condition (equals 1 if used, 0 if not)
x6 = Dummy Variable for Vehicle Transmission (equals 1 if automatic, 0 if not)
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Chapter 3
Data Results

Utilizing Stata

In order to examine the previously established models for each of the varying
levels of experience and income, the variable “bid amount” was regressed on all
additional variables. These regressions were run utilizing the statistical software program
Stata. Descriptions of the variables of each model were generated. This information can
be found in Appendix A. Additionally, descriptive statistics for each model’s dataset
were also generated. These statistics include the number of observations, mean, standard
deviation, minimum, and maximum for each variable. They can be found in Appendix B.
The regression results were based on a 95% confidence interval. In addition, robust
standard errors were used to control for heteroskedasticity.

Summary of Results

Once again, it is hypothesized that high experienced bidders will be more likely to
recognize the winner’s curse and adjust their bids downward in response to an increase in
the number of bidders at auction. Therefore, a negative, statistically significant
relationship between bidder_count and bid_amount is anticipated for the high experience
group and no statistically significant relationship between these variables is anticipated
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for the low experience group. The results of the original model for low experience,
medium experience, and high experience can be found in figures 3, 4, and 5, respectively.

Figure 3: Original Model - Low Experience Results

Figure 4: Original Model - Medium Experience Results
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Figure 5: Original Model - High Experience Results

These results partially support the initial hypothesis. At the very least, they
demonstrate that individuals are in fact responding to changes in the number of bidders
by adjusting their bids downward. However, the distinction between experience groups is
not as well defined as initially anticipated. The hypothesized result for the high
experience group held true. As evidenced by the results for high experienced bidders in
figure 3, there is a negative coefficient for bidder count. With a p-value of .007,
acknowledging a 95% confidence interval, this result is statistically significant.
Therefore, a negative, statistically significant relationship does exist between bidder
count and bid amount for bidders with high experience. For each additional bidder
entering the auction, a high experienced bidder, on average, decreases their bid by
$86.41. Despite this, the findings for both medium and low experience groups yielded
similar results. For the group of bidders classified under “medium experience”, the
regression test also resulted in a negative, statistically significant coefficient for bidder
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count. More significantly, the low experience group reacted in similar fashion, decreasing
their bid by an average of $79.80 in response to an increasing bidder count.
The results of the secondary tests appear mixed. As anticipated, product
characteristics could be delineated into two groups, horizontal and vertical characteristics.
Vehicle mileage, a variable belonging to the latter, had a negative coefficient across all
experience levels. These results were all statistically significant. This supports the
hypothesis that all individuals respond negatively to increases in vehicle mileage.
Understandably, increased mileage diminishes the value of car, suppressing bid amounts.
Similar results were anticipated for the condition of the vehicle. As a reminder,
the dummy variable values were 1 for used vehicles and 0 for new vehicles. The
regression results indicate a negative coefficient for this variable across all experience
groups. Although this relationship was not statistically significant for high experience
bidders, the negative sign suggests individuals are indeed adjusting their bids downward
for used Corvettes. Meanwhile, as a horizontal characteristic, the transmission of the
vehicle is a variable that elicits individual preferences. Therefore, as hypothesized, results
were inconclusive.
Perhaps the most interesting results were those for the relationship between
median income and bid amount. Income had a positive, significant result for low and
medium experienced bidders, yet an insignificant result for high experience bidders. This
suggests a hesitance on the part of the less experienced individuals. They are more likely
to incorporate their financial background into a bidding strategy. Therefore, with
experience one not only develops an optimal strategy, but also a level of confidence in
their bidding.
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It was suggested that a higher seller feedback rating should encourage bidders to
increase the value of their bid, essentially a sign of trust between participating parties.
The regression results indicate that low experience and medium experience bidders
actually decreased their bids, albeit slightly, when a seller had a higher feedback rating.
Both of these results were statistically significant. Meanwhile, high experience bidders
met expectations, increasing their bid as a sign of confidence in the seller. While the
result was not statistically significant, the difference in the sign of the coefficient
provides a scenario to analyze heterogeneity amongst bidders. This result could provide
further justification for classifying high experienced bidders as more “sophisticated”.
These individuals would be more likely to incorporate seller demographics as part of a
bidding strategy, opposed to their less experienced counterparts.
The mixed results of the model suggest that further adjustment is needed to better
assess the impact that experience has on a bidder’s likelihood of employing an ideal
response to the winner’s curse. An issue with all three of the models, particularly the low
and high ones, is that the R-squared is very low. For the low experience group, the model
explains less than 2% of variation in bid amount and for the high experience group this
figure falls around 1.5%. Therefore, the inclusion of additional variables may assist in
making the model a better fit. In order to assess improvement in the model due to the
addition of these variables, adjusted r-squared values will need to be compared.
For income, it was similarly hypothesized that bidders on the high-end of the
spectrum would be more likely to safeguard against the winner’s curse by adjusting their
bids downward as the number of bidders increased. Therefore, a negative, statistically
significant relationship between bidder_count and bid_amount is anticipated for the high-
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income group and no statistically significant relationship between these variables is
anticipated for the low-income group. The results of the original model for low-income,
medium-income, and high-income can be found in figures 6, 7, and 8, respectively.
Figure 6: Original Model - Low Income Results

Figure 7: Original Model - Medium Income Results
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Figure 8: Original Model - High Income Results

These results appear much more conclusive than those for the experience
groupings. In fact, as anticipated, there is a negative, statistically significant relationship
between bidder count and bid amount for high-income bidders. In other words, the
wealthiest group of individuals is more likely to adjust their bid to protect themselves
from suffering the winner’s curse. The results also suggest that this bid adjustment is
fairly large. On average, a high-income bidder’s bid decreases by $118 for each
additional bidder in the auction. Meanwhile, medium-income bidders respond similarly in
adjusting their bid, albeit to a lesser extent. Lastly, the low-income group does not appear
to respond at all. For these bidders, there is not only an insignificant relationship between
the variables, but the coefficient is positive, implying that their bids are actually
increasing as the number of bidders increases. This could suggest that low-income
individuals are unaware of the winner’s curse at auction. More specifically, they are
unaware of the consequences of an increase in the size of the bidder pool. This reaction,
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or lack thereof, supports the initial hypothesis that high-income and low-income bidders
differ at auction according to a discrepancy in their levels of “sophistication”.
The results of the secondary characteristics remain mixed throughout all three
models. Similar to the experience models, mileage remains the only variable that yields
consistent results throughout. Regardless of income levels, all bidders decrease their bids
in response to vehicles with high mileage counts.

Model Adjustments

The results of the preceding regression models indicate that the initial hypothesis
holds true for income, yet only partially true for experience. To summarize, high-income
individuals are indeed more likely to recognize and employ an optimal response to the
winner’s curse. However, all bidders, regardless of experience level, respond negatively
to increasing bidder count. The experience models all suffer from low R-squared values,
suggesting that they explain only a small selection of the variation in bid amount.
Therefore, these models will be adjusted to include three additional variables. A
comparison of adjusted R-squared values will be made to determine the impact of adding
these variables. Model year and dummy variables for the color and style of the vehicle
will be included for both the experience and income models. The inclusion of these
variables should assist in the development of better-fit models.
The adjusted experience and income models are displayed in figure 9. Besides the
new variables, all others remain the same. Therefore, condensed examples of these
models will be shown. The results of these models can be found in figures 10-15.
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Figure 9: Adjusted Model – Experience and Income

“Low Experience, Medium Experience, and High Experience”
Y = β 0 + β 1x 1 + β 2x 2 + β 3x 3 + β 4x 4 + β 5x 5 + β 6x 6 + β 7x 7 +
β 8x 8 + β 9x 9 + ϵ 1
Where:
•
•
•
•

x7 = Vehicle Model Year
x8 = Dummy Variable for Vehicle Color (equals 1 if red, 0 if not)
x9 = Dummy Variable for Vehicle Model (equals 1 if convertible, 0 if not)
All other variables remain the same

“Low Income, Medium Income, and High Income”
Y 3 = β 0 + β 1x 1 + β 2x 2 + β 3x 3 + β 4x 4 + β 5x 5 + β 6x 6 + β 7x 7 +
β 8x 8 + β 9x 9 + ϵ 1
Where:
•
•
•
•

x7 = Vehicle Model Year
x8 = Dummy Variable for Vehicle Color (equals 1 if red, 0 if not)
x9 = Dummy Variable for Vehicle Model (equals 1 if convertible, 0 if not)
All other variables remain the same

Figure 10: Adjusted Model - Low Experience Results
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Figure 11: Adjusted Model - Medium Experience Results

Figure 12: Adjusted Model - High Experience Results
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Figure 13: Adjusted Model - Low Income Results

Figure 14: Adjusted Model - Medium Income Results
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Figure 15: Adjusted Model - High Income Results

The adjusted models yielded very similar results to those of the original models.
In fact, the signs of all coefficients and statistical significance tests remained the same.
Therefore, the inclusion of vehicle year, vehicle color, and vehicle model had a minimal
impact on the regression results. However, adding these variables did improve some of
the models on the basis of explaining variation in bid amount. As previously mentioned,
the experience models suffered from very low r-squared values, implying that they
explain a minimal amount of the variation in the dependent variable. In other words, the
models were not necessarily a “best fit”. In order to assess the influence of the new
variables, adjusted r-squared values were calculated in Stata. For comparison purposes,
these values were calculated for both the original and adjusted models. The original low
experience model has an adjusted r-squared value of .018, which was improved, albeit
slightly, to .021 in the adjusted low experience model. The original medium experience
model has an adjusted r-squared equal to .320, which was also improved to .332 in the
adjusted medium experience model. Lastly, the original high experience model has an
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adjusted r-squared equal to .013, which actually decreased to .012. Therefore, while the
low and medium experience models were improved, the adjusted high experience model
explained less variation than its original version. These mixed results, in conjunction with
the lack of change in regression outcomes, suggest that additional adjustments are
required to increase the model’s accuracy.
A potential issue with the models could pertain to the variables utilized in the
primary tests comparing bidder count and bid amount. The initial hypotheses were built
upon the belief that high experience and high-income bidders would strategically respond
to increasing bidder count. However, it is possible that the variable bidder_count is a
poor representation of what bidders are actually responding to. In other words, the
models could be more accurate should a similar, yet unique variable be used as a
replacement. A limitation with the variable bidder_count is that it is fixed within the
dataset. Therefore, this value represents a cumulative count taken at the end of an
auction. The data does not provide a snapshot of the number of bidders at a particular
time, notably at the time that an individual bidder enters the auction. While it is feasible
that this value could be close to the actual number of bidders at the time of a bid, this
appears unlikely as the majority of bidders participate at various times throughout the
auction. Therefore, a better way to investigate a bidder’s response to the winner’s curse
would be to model their “expected” number of bidders, as opposed to a fixed value such
as the variable bidder_count.
In order to make the adjustment to account for the change to expected number of
bidders, bidder_count will be replaced with the variable auction_length as has been done
in prior literature (Adams et. al, 2011). Auction length will be used as a proxy for the
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expected number of bidders. This variable should provide accurate results, as individuals
are better able to make an assessment of the expected number of bidders according to
how long the auction lasts. The longer an auction is held, the greater the likelihood for
more bidders. Therefore, it is hypothesized that for high experience and high-income
individuals, there should be a negative statistically significant relationship between
bid_amount and auction_length. The variable for auction length is measured in days. As
the start and end dates and times are available in the dataset, this variable is a precise
measurement of the length of the auction. While some of these auctions might have
ended with an individual buying at the “buy now price”, the length of the auction was
still predetermined and readily viewable by all bidders before the purchase was made.
These adjusted models can be found in figure 16. As is the case with all previous
models, the dependent variable is bid_amount. This variable was regressed on all
additional variables, including the three new variables from the adjusted model, as well
as the recently added auction_length variable. The same experience and income
groupings apply. As the majority of the variables remained intact, condensed versions of
these models will be displayed. The results of the models are displayed in figures 17-22.
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Figure 16: Auction Length Model – Experience and Income

“Low Experience, Medium Experience, and High Experience”
Y 1 = β 0 + β 1x 1 + β 2x 2 + β 3x 3 + β 4x 4 + β 5x 5 + β 6x 6 + β 7x 7 +
β 8x 8 + β 9x 9 + ϵ 1
Where:
•
•

x1 = Auction Length
All other variables remain the same

“Low Income, Medium Income, and High Income”
Y 1 = β 0 + β 1x 1 + β 2x 2 + β 3x 3 + β 4x 4 + β 5x 5 + β 6x 6 + β 7x 7 +
β 8x 8 + β 9x 9 + ϵ 1
Where:
•
•

x1 = Auction Length
All other variables remain the same

Figure 17: Auction Length Model - Low Experience Results
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Figure 18: Auction Length Model - Medium Experience Results

Figure 19: Auction Length Model - High Experience Results
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Figure 20: Auction Length Model - Low Income Results

Figure 21: Auction Length Model - Medium Income Results
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Figure 22: Auction Length Model - High Income Results

Using auction length instead of bidder count led to more favorable results. For the
experience groups, there is now a distinction in bidding strategy. As expected, the low
experience group did not optimally respond to increased auction length. Instead, there
was a positive coefficient on the variable. This result was not statistically significant,
implying that bidders with low experience levels do not incorporate auction length into a
bidding strategy and thus do not respond optimally to an impending winner’s curse. For
both medium and high experienced bidders, the expected results were attained. There is a
negative coefficient on auction length for both groupings. Although this result was not
statistically significant for the high experience group, the sign as well as the sheer size of
the coefficient, demonstrate the expected negative relationship between auction length
and bid amount. The inclusion of auction length improved the models by more accurately
portraying each bidder’s expected number of bidders. Once again, the majority of
secondary characteristics appear to have minimal universal resonance. Mileage retains its
negative relationship with bid amount, yet other variables appear inconclusive.
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Despite the successful results for the experience models, the inclusion of auction
length as a replacement for bidder count distorted the regression results of the income
models. The low, medium, and high-income model results all indicate different outcomes
than were obtained from previous models. The relationship between auction length and
bid amount in all of these models are not statistically significant. Furthermore, there is
actually a positive coefficient on auction length for high-income bidders, the opposite of
the expected result. Likewise, there is a negative coefficient on auction length for lowincome bidders, also the opposite of the expected result. The inconsistency of the income
models suggests flaws in the data. As previously highlighted, the dataset was limited in
that it did not contain personalized income data. Instead, zip code information was used
to ascertain a bidder’s likely socio-economic status on the basis of a region’s median
income level. Therefore, this measure was not particularly accurate in representing a
bidder’s true income. In addition, using income as a distinguishing characteristic was also
suspect because of the product of interest. Corvettes are a luxury good. In fact, the dataset
is skewed towards relatively high-income individuals. The average median income of a
bidder’s zip code was $61,238, well above the national median income of $43,544 in
2004 (Manuel). This makes it difficult to make distinctions on the basis of income when
all individuals are relatively wealthier compared to the average American.
As a result of these findings, it appears that the most accurate model incorporates
auction length as a proxy for the expected number of bidders and makes distinctions on
the basis of experience, not income. The bidders most likely to respond to the winner’s
curse are those with the highest level of experience, regardless of income level. These
individuals take note of the length of an auction in assessing the expected number of
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bidders and strategically adjusting their bids downward to prevent suffering the winner’s
curse.
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Chapter 4
Implications

Real World Applications

The regression model results indicated that high-experienced bidders were more
likely to adjust their bidding in response to perceived negative outcomes. As
inexperienced participants are at a disadvantage, it raises questions as to whether or not
these bidders can improve their situation without the need to simply participate in
additional auctions. After all, it could be reasoned that low experience individuals may
also be low-income individuals. These bidders might be financially constrained from
participating in multiple auctions simply to develop a strategic prowess. Therefore, as a
means of improving their abilities, either alternative methods or the assistance of third
parties is required.
In the initial hypothesis, a prevailing reason for the heterogeneity amongst bidders
in the dataset was the discrepancy in a supposed level of “sophistication”. Although this
measure was essentially a combination of one’s experience and income, it also implies
the relevance of characteristics outside the dataset’s domain. Education, for instance,
could have a significant impact on an individual’s ability to quickly and efficiently
develop a strategy. This does not necessarily imply formal education. The concept of the
winner’s curse is something that could just as easily be learned in an online environment
as within a classroom setting. Being aware of auction conditions and the threat of
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negative outcomes would benefit any individual, regardless of experience group. A lowexperience bidder could quickly erase the gap with their high-experience counterparts by
simply becoming well versed in the intricacies of auctions. For the Corvette example, this
would also involve greater product investigation. Alternative resources can provide
information about particular vehicles and their price range given the model, year, and
mileage. By understanding auction and product characteristics, it would become easier to
guard against the winner’s curse.
Another variable that could influence sophistication is an individual’s personality.
While strategy is at the heart of all auctions, it is difficult to ignore the relevance of
personality in developing this strategy. Most frequently, bidders could be divided into
two groups - risk-takers and the risk-averse. While there are scenarios where either of
these traits could prove beneficial, a bidder who wishes to safeguard against the winner’s
curse should always be risk-averse. For a low-experience individual, improving their
strategy would involve analyzing auction conditions to determine which trait to employ.
However, it also requires a bidder to recognize their prevailing personality. In other
words, if a bidder is more often a risk-taker they should be even more conservative in
their bidding patterns in an auction with a large expected number of bidders. Through
recognizing and optimally incorporating different personality traits at auction, a lowexperience bidder can become just as savvy as a high-experience bidder.
Lastly, it could be debated that third parties, particularly the host of the auction
has a responsibility to ensure that bidding does not get too far out of hand. However, the
reasoning behind this appears purely moral. For example, it seems unlikely that eBay has
any real incentive to disrupt an auction in order to defend inexperienced participants.
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Despite this, there are measures that can be taken to at least alleviate the impact of the
winner’s curse. As mentioned previously as a contemporary example of the winner’s
curse, Google actually publicized the likelihood of the curse in order to prevent it from
occurring. While this effort was successful, it does not seem feasible for eBay given that
the company’s primary incentive is to generate profit. Therefore, alleviating the curse
would require more subtle adjustments to the auction site. These could include the
introduction of training modules that would inform bidders of different optimal strategies
and where to look to learn more about an auction’s characteristics. These changes could
partially close the experience gap, while leading to minimal repercussions for the
company’s expected profit. In fact, it is possible that providing this information could
actually generate additional profit, should discouraged, uninformed potential bidders
become more confident in their ability to participate.

Future Adjustments

As the number of adjustments indicates, the regression models are far from
perfect. In fact, the final versions are not necessarily the most ideal for modeling the
hypotheses. In addition to the previous adjustments, two other models were designed,
instead with the purpose of exploring the interaction between variables. As opposed to
dividing the dataset into the low, medium, and high groupings, these models created
interaction variables between income and bidder count, as well as experience and bidder
count.
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However, these models proved inconclusive. In fact, neither model provided
statistically significant results for the interaction variables. It was believed that these
models would be the most accurate as there should be some form of interaction between
the aforementioned variables. In other words, a bidder’s likelihood to adjust their bid
downward in response to an increase in bidder count should be a function of their
experience or income. When adjusting the model in the future, it would be beneficial to
explore this relationship using auction length. However, even this variable could be
improved upon. After all, the bidders are not really responding to a fixed number of
bidders. Instead, they are responding to what they perceive to be the expected number of
bidders. A future adjustment of the model would include a more accurate way to
calculate expected bidder amount instead of relying upon the auction length proxy.
This future model would take into account the time remaining in the auction. A
calculation of the expected number of bidders after each bidder enters the auction would
be generated according to the values of this time variable within the dataset. This number
would then be added to the actual count of bidders already in the auction at the time that a
bidder arrives. Therefore, when adding the actual count and the expected number of
bidders after each bidder enters auction, a concise calculation of the total expected
number of bidders would be created. The rest of the secondary variables would remain
the same in this new regression model and the expected number of bidders would replace
the variables bidder_count and auction_length. This not only creates a more accurate and
concise model, but it would also create continuous variables for both experience and
income level. It is anticipated that the results of this future model would prove more
conclusive.
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In addition, future analyses would benefit from a comparison of different types of
products. While all individual analyses should only be performed for one particular
product to control for bias, this does not imply that the model should not be used to
investigate other goods. In particular, it would be interesting to see the results for a
lower-priced item that would not have a skewed dataset on the basis of income. A future
analysis could also investigate differences between collectible goods and non-collectible
goods. The dataset could also be improved through the inclusion of new bidder
characteristics, specifically education level or a more accurate measure of income. Lastly,
the method of splitting the dataset should be altered in future models. An analysis could
provide more accurate results should the dataset be divided into equal quantiles, instead
of groupings according to standard deviations.
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Chapter 5
Conclusion
The winner’s curse is characterized as an imperfect information scenario.
Participating parties have varying degrees of information about a product’s true value.
This discrepancy leads to unanticipated consequences for the successful party. While the
curse is exemplified in a wide range of fields, from sports to finance, it is most prevalent
in auction settings. In particular, in an online environment, with a diverse bidder pool, the
strategies to safeguard against the winner’s curse rely heavily on an individual bidder’s
experience or income. As the number of bidders at auction increases, so too does the
likelihood for the winner’s curse. Therefore, the optimal strategy involves decreasing
bids in response to an increase in the number of bidders.
Within the confines of a regression model, the prevailing hypothesis was that
high-experienced and high-income bidders would be more to likely to incorporate an
optimal strategy. More specifically, a negative relationship would exist between the bid
amount and the number of bidders. Additional variables were also contained within the
model, including product and seller characteristics. However, the impact of these
secondary traits proved negligible.
Upon testing the original model, results were mixed. Although the hypothesis
held true for income, all individuals, regardless of experience, adjusted their bidding
downwards. Therefore, a number of adjustments had to be made. New variables, all
product characteristics, were added to the model to correct for the relatively low r-
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squared value. Although this proved successful, the results remained inconclusive for the
experience group.
In a second adjustment, the bidder count variable was replaced with auction
length, a more accurate representation of the “expected” number of bidders. It was
anticipated that this measure would be a better way to model the bidder’s response to a
potential winner’s curse. After all, as the length of an auction increases, so too should the
number of bidders. These expectations were supported by the results of the auction length
model, which confirmed the initial hypothesis regarding high-experienced individuals.
However, as the income results changed drastically with this model, it was concluded that
the income data was insufficient to use in the analysis.
Although it was determined that the auction length model for experience was the
best in assessing bidding strategy, a number of future adjustments were provided to
improve upon this model. Most importantly, a proxy for each individual bidder’s
“expected” number of bidders could replace the auction length variable in the future. This
measure would rely upon the time remaining in the auction rather than the total time in an
auction. Additionally, comparisons between different product groups, especially those
with divergent price bases, could yield more conclusive results.
In real world scenarios, inexperienced participants could utilize online resources
to become more informed about the consequences of the winner’s curse and strategies to
protect against it. While it appears that a third party, such as eBay, could be of assistance,
it seems doubtful that this would have any incentive to the company. Therefore, it is
primarily the responsibility of bidders to bridge the gap between themselves and their
more experienced peers.
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When considering heterogeneity amongst bidders in an auction setting, there is no
greater distinguishing factor than experience. High-experienced bidders attain a level of
sophistication through which they are able to strategize to prevent negative outcomes.
They incorporate auction characteristics into a precise method of bid fluctuation. The
winner’s curse may appear to be an inevitable scenario, yet as these bidders demonstrate,
it is strategically preventable.
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Appendix A
Variable Descriptions
Original Model - Experience Variable Descriptions (Note: This example is for the "Low Experience Model")

Original Model - Income Variable Descriptions (Note: This example is for the "Low Income Model”)

Adjusted Model - Experience Variable Descriptions (Note: This example is for the "Low Experience Model")
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Adjusted Model - Income Variable Descriptions (Note: This example is for the "Low Income Model")

Auction Length Model - Experience Variable Descriptions (Note: This example is for the "Low Experience
Model")

Auction Length Model - Income Variable Descriptions (Note: This example is for the "Low Income Model")
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Appendix B
Additional Descriptive Statistics
Low Experience Bidder Descriptive Statistics

Medium Experience Bidder Descriptive Statistics

High Experience Bidder Descriptive Statistics

Low Income Bidder Descriptive Statistics

Medium Income Bidder Descriptive Statistics

High Income Bidder Descriptive Statistics
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Original Model - Low Experience Auction Descriptive Statistics

Original Model - Medium Experience Auction Descriptive Statistics

Original Model - High Experience Auction Descriptive Statistics

Original Model - Low Income Auction Descriptive Statistics

Original Model - Medium Income Auction Descriptive Statistics
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Original Model - High Income Auction Descriptive Statistics

Adjusted Model - Low Experience Auction Descriptive Statistics

Adjusted Model - Medium Experience Auction Descriptive Statistics
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Adjusted Model - High Experience Auction Descriptive Statistics

Adjusted Model - Low Income Auction Descriptive Statistics

Adjusted Model - Medium Income Auction Descriptive Statistics
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Adjusted Model - High Income Auction Descriptive Statistics

Auction Length Model - Low Experience Auction Descriptive Statistics

Auction Length Model - Medium Experience Auction Descriptive Statistics
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Auction Length Model - High Experience Auction Descriptive Statistics

Auction Length Model - Low Income Auction Descriptive Statistics

Auction Length Model - Medium Income Auction Descriptive Statistics

Auction Length Model - High Income Auction Descriptive Statistics
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