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ABSTRACT

This paper introduces the application of visual analytics techniques
as a novel approach for improving economic decision making. Par-
ticularly, we focus on two known problems where subjects’ be-
havior consistently deviates from the optimal, the Winner’s and
Loser’s Curse. According to economists, subjects fail to recog-
nize the profit-maximizing decision strategy in both the Winner’s
and Loser’s curse because they are unable to properly consider all
the available information. As such, we have created a visual ana-
lytics tool to aid subjects in decision making under the Acquiring
a Company framework common in many economic experiments.
We demonstrate the added value of visual analytics in the decision
making process through a series of user studies comparing standard
visualization methods with interactive visual analytics techniques.
Our work presents not only a basis for development and evaluation
of economic visual analytic research, but also empirical evidence
demonstrating the added value of applying visual analytics to gen-
eral decision making tasks.

1 THE WINNER’S AND LOSER’S CURSE

In order to best demonstrate the applicability of visual analytics to
decision making problems, we have chosen to analyze a familiar
situation, bidding at an auction. When a person bids at an auction,
economists assume that the item under bid is of equal value to all
participants. This type of auction is known as a Common Value Auc-
tion. Here, each participant has some estimate of the item’s worth
with a degree of uncertainty, and each places a bid accordingly. The
winner of the auction is the individual who bids the highest. Un-
fortunately, if we assume that the average bid of all the participants
represents the actual worth of the item, then the winner of the auc-
tion has now clearly overpaid. This phenomenon is known as the
Winner’s Curse [2, 10, 14]. As the number of bidders increases, so
does the severity of the amount overpaid and the more likely it is
that some of them have overestimated the auctioned item’s value.
In technical terms, the winner’s expected estimate is the value of
the first order statistic, which increases as the number of bidders
increases. Since most auctions involve a degree of common value
and uncertainty, this deviation from the optimal bid is an important
phenomenon to study. In this case, companies must assess the value
of the market in that area and make a bid accordingly.

The sister problem to this is known as the Loser’s Curse [7],
which appears when the parameters of the experiment are changed
in such a way that the naive bid is now below the profit-maximizing
bid, and the profit-maximizing bid results in winning the company.
This is because the lower bound for the range of possible company
values is increased, reducing the bid range in which high nega-
tive profits would result (as in the Winner’s Curse setup). Subjects

∗e-mail: anya@purdue.edu
†e-mail:rmacieje@purdue.edu
‡e-mail:ebertd@ecn.purdue.edu

who do not win the company have lower profits than those who bid
higher and win the company, but subjects consistently underbid in
this setup and do not find the profit-maximizing solution.

In order to better understand subject motivations, the Winner’s
and Loser’s Curse have also been studied in a simplified framework
which is referred to as the Acquiring a Company problem, first for-
mulated by Samuelson and Bazerman [14]. The Acquiring a Com-
pany problem is simplified because subjects no longer interact with
or bid against one another; instead, the subject bids on a company,
the value of which is randomly determined by the computer but un-
known to the subject. The subject is also told that the company is
worth more to him than it is to the seller (in this case, the computer
is the seller). Even though subjects no longer compete against one
another to win the company, both the Winner’s and Loser’s Curse
are still present.

In order to compare our results with previous work, we have
chosen to employ the Acquiring a Company framework in our vi-
sual analytics application and evaluation work. The motivation for
this work is to help subjects overcome this failure by helping them
better consider the relevant information, thereby improving their
decision making abilities. We present an extensible visual analyt-
ics framework for economic decision making, and demonstrate the
added value of such techniques through the results of a user study.
Our work shows the benefit of visual analytics in economic deci-
sion making, improving subject performance in the Acquiring a
Company framework, and aiding in overcoming the Winner’s and
Loser’s Curse phenomena.

2 APPLYING VISUAL ANALYTICS TO ECONOMIC DECISION-
MAKING

We present this study at a crucial time when many researchers are
calling for new techniques and systems to help non-expert users of
varying abilities in complex decision-making and analysis tasks [9].
According to the NIH/NSF Visualization Research Challenges re-
port, visualization is essential to the solution of complex problems
in every field and systems must allow ordinary people to experi-
ment with “what if” situations [9]. Our research addresses these
points through the application of a visual analytics tool that can aid
in complex decision making tasks in real world applications with
uncertainty.

2.1 Related Literature in Economics

Many studies have attempted to address the Winner’s and Loser’s
Curse problems through the Acquiring a Company framework over
the past 20 years. The goal of these studies was to find a way for
subjects to avoid the Winner’s or Loser’s Curse by improving their
decision-making abilities. Some of these studies allowed for role
reversal or modified the game, while others attempted to make the
game “easier” for subjects, or to prepare subjects better. In one
study, a training package was designed to help subjects, with train-
ing on various conditional probability problems, but this was only
marginally effective in improving learning [8]. In another study,
training was employed where subjects were given a lesson in prob-
ability and then performed four similar tasks where the Acquiring
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Table 1: Previous Results
Baseline Learning Rate Type of Enhancement Subsequent Learning Rate

Ball et al, 1991 7% Role Reversal 6%-9%
Tor and Bazerman, 2003 N/A Training 8.5%
Bereby-Meyer et al, 2002 14%* Extra Feedback 26%-50%*
Charness and Levin, 2006 <10%* Reduced Complexity 30%-60%*

*total percentage of optimal bids (not learning rate)

a Company task was done third in every order [17]. In the ma-
nipulations discussed above, it was found that the Winner’s Curse
persisted for most subjects. It was found that the Loser’s Curse was
equally persistent [7].

In most of these studies, the guideline for “learning” was defined
as bidding close to the optimal bid at some point and continuing
this strategy for the duration of the study. The general result of
most studies for the baseline case is a learning rate of around 7%.
Table 1 summarizes the results of selected previous studies in order
to give the reader an understanding of typical findings in this area
of research.

2.2 Related Work in Visual Analytics

Visual analytics is the science of analytical reasoning assisted by
interactive visual interfaces, which has already been applied and
found to be effective in social sciences such as management, fi-
nance, marketing and organizational behavior to aid in decision
making [1, 5, 16].Previous work has employed visuals and found
that subjects given a problem statement in the form of a visual per-
formed better than subjects given the same information in the form
of a written statement [5]. Also, subjects given a visual interface
outperformed those using a text-based interface in decision mak-
ing in low and high complexity tasks [16]. Research in the field
of energy and management has found that a system that employs
visualization is an effective tool in planning and decision-making
for bio-energy production [1]. As such, we feel that applying visual
analytics to economic decision making is a natural extension.

Since it has been shown that visualization can extend a person’s
working memory [3], it is natural to assume that the application
of visual analytics will improve subjects’ economic decision mak-
ing skills. Furthermore, economists believe that the reason subjects
succumb to the Winner’s and Loser’s Curse is that they have a lim-
ited focus of attention and therefore fail to consider all of the infor-
mation needed to solve the problem correctly. The decision making
failure can be explained by the theory of bounded awareness, which
suggests that people are rational but sometimes fail to make deci-
sions rationally because the limits of cognitive abilities do not allow
them to consider all the information available [4]. A generalized
version of this theory is the more well-known concept of bounded
rationality, which is a school of thought in economics that explains
the limits of rational behavior and has been researched by behav-
ioral theorists and experimental economists [6, 13, 15]. We believe
that the application of visual analytics can help subjects overcome
bounded rationality because of improvement in the productivity of
their cognitive effort. Because cognitive effort is costly, the effort
expended by individuals may not be enough to solve the problem
and discover the optimal solution. We propose that subjects use
an information production function, where effort level (chosen by
the subject) and the type of visual aid (chosen externally) are in-
puts. Subjects maximize their earnings in the Acquiring a Com-
pany game by choosing optimal levels of effort and their bid. An
economic model is under development that will help explain this
phenomenon theoretically.

2.3 Contribution

We have evaluated the effects of various applications through the
implementation of an interactive visual analytics program and a

simple visual representation, as well as a baseline tabular repre-
sentation of the data, under the hypothesis that such representations
will enhance subjects’ abilities to overcome the bounded awareness
issues. In particular, the interactive visual analytics program should
be most effective because subjects use this to explore the link be-
tween decisions and outcomes before, rather than after they make
their decisions as compared to the simple visual or tabular represen-
tations, in which they receive the information as feedback after the
decision has been made. The interactive visual representation is the
only way for subjects to receive information before they make their
decision, because non-interactive representations (the simple visual
and the table) do not have this capability. To test our hypothesis,
we have performed a user study in which one group of subjects was
given the data in tabular form, one group was provided a simple
visual representation of the data, and another group was given the
use of an interactive visual analytics program. Consistent with our
hypothesis, we found that the group given the visual representation
outperformed the group given the data in tabular form. Also, the
group given the interactive visual analytics program outperformed
both the group given the visual representation and the group given
the data in tabular form, where the latter was statistically significant.
This result is very promising for future work in the application of
visual analytics to various economic decision making problems.

3 EXPERIMENTAL DESIGN AND SETUP

We considered two problems: a Winner’s Curse treatment and a
Loser’s Curse treatment. Six treatments were run in total (Win-
ner’s Curse-Interactive Visual Analytics (WC-IV), Winner’s Curse-
Simple Visual (WC-V), Winner’s Curse Table (WC-T), Loser’s
Curse-Interactive Visual Analytics (LC-IV), Loser’s Curse-Simple
Visual (LC-V) and Loser’s Curse Table (LC-T)). The treatments
and the experiment parameters are summarized in Table 2. The
baseline user study provided subjects with feedback information on
outcomes in tabular form. The second user study provided sub-
jects with feedback information in a simple visual representation.
Finally, the third user study allowed subjects to make use of an in-
teractive visual analytics program at all times during their decision-
making process. Our prediction was that subjects who participated
in the interactive visual analytics study would bid closer to the profit
maximizing decision than those participating in the simple visual or
tabular studies. Furthermore, we also predicted that even those par-
ticipating in the simple visual study would outperform those partic-
ipating in the tabular study.

3.1 Experimental Design
Our design utilized parameters similar to previous research. Each
subject, independent of any other subject, was given the role of the
buyer. As a buyer, the subject had to make the decision of what
to bid for a company. The company could take values between X
and U , with all values in that range equally likely. In accordance
with Samuelson and Bazerman [14], the company was worth 50%
more to the buyer than to the seller for all treatments.During the
experiment, the value of the company was determined randomly by
the computer. If the bid was higher than or equal to the value of
the company, the computer always sold the company to the buyer.
If the bid was lower than the value of the company, the computer
never sold the company to the buyer. The buyers were aware that
the seller was informed about the value of the company before the

108



Table 2: Winner’s/Loser’s Curse treatments and parameters.
Winner’s Curse Loser’s Curse

X = 4 X = 50
U = 100 U = 100
M = 1.5 M = 1.5

Optimal Bid = 8 Optimal Bid = 100
Naive Bid = 52 Naive Bid = 75

transaction took place. The buyers were also aware that they would
not know the value of the company before they placed their bids.
Each buyer was given 350 tokens at the beginning of the experi-
ment with which to bid. Each buyer was given 30 periods in which
to bid on the company, and informed that the company takes a new
value in each period, independent from the previous period or from
any other period. Tokens were converted to dollars and subjects
were paid in cash based on how well they performed at the end of
the experiment. After each period, subjects were shown the infor-
mation screen, which was either the visual or a simple table.

We also introduced using the Surprise-Quiz methodology as de-
scribed by Merlo and Schotter to quantify learning in the Acquiring
a Company game [12]. According to Merlo and Schotter, if the
experiment requires subjects to learn the properties of a static equi-
librium, the surprise quiz methodology can be used. In the Surprise-
Quiz, subjects were given the opportunity to use the visual (or the
table information screen, in the other treatment) to find the “opti-
mal bid”. Subjects were told that an optimal bid exists, that they
had one chance to submit a bid they thought was close to the op-
timum, and that they would be paid based on how close their bid
was to the optimal bid. It was explained to subjects that the optimal
bid is one that would maximize earnings over time, regardless of
the company value. The subjects were given as much time as they
required (up to 1 hour, although no subject spent this much time) to
come up with their decisions. The bid submitted in the bonus round
is the measure of learning in the experiment and we used this bonus
round bid to compare decision making across treatments.

3.2 Theoretical Predictions
The assumption in economic theory is that a risk-neutral individual
will maximize his or her expected net earnings over time. However,
most subjects fail to take into account the fact that the value of the
company is known to the seller, and bid the expected value of the
company instead, which results in the Winner’s or Loser’s Curse.
Profit-maximizing subjects will take conditional expectations into
account and solve the maximization problem:

max
B

(
B−X

100−X

)(
1.5

(
X +

B−X
2

)
−B

)
(1)

where B is the bid. Differentiating this equation with respect to B
yields:

1
100−X

(
1.5

(
X +

B−X
2

)
−B− .25(B−X)

)
(2)

By setting Equation 2 equal to zero and solving for B, we find that
B = 2X .

The optimal bid in the Winner’s Curse treatment would be 8,
while the optimal bid in the Loser’s Curse treatment would be 100.
The naive bid of 52 for the Winner’s Curse treatment would re-
sult in an expected profit loss, while the naive bid of 75 for the
Loser’s Curse treatment would result in lower expected profit than
any higher bid. This is because raising the lower bound for the
range of company values reduces the decision space where out-
comes could be negative, which is very large in the Winner’s Curse
treatment.

To understand this result intuitively, suppose that you are a buyer
bidding on a company in the Winner’s Curse treatment. The naive

approach would be to bid the expected value of the company (52),
under the assumption that your bid will be accepted by the seller
and since the company is worth 50% more to the buyer, the buyer
will benefit with higher than expected earnings. However, you must
take into account the fact that the seller knows the value of the com-
pany before accepting the offer. Therefore, at a bid of 52, the bid
will only be accepted if the company is worth less than 52. In this
case, if the company value is between 4 and 33, there will be pos-
sible negative profit for the buyer, and if the company value is be-
tween 34 and 50, there will be possible positive profit. This results
in an expected profit loss at a bid of 52; therefore, this bid is not
optimal. In fact, any bid higher than 8 will result in expected profit
loss. Bidding 8, on the other hand, will result in acceptance only if
the value of the company is between 4 and 8. However, the result
in this case is that of expected profit gain.

Suppose now that you are a buyer bidding on a company in the
Loser’s Curse treatment. The naive approach would be to bid the
expected value of the company (75), without accepting that asym-
metric information plays a role here. This time, increasing the bid
at the margin would result in a larger gain than the bid of 75. For ex-
ample, we know that at the bid of 75, expected profit is 9.75, where
the buyer just breaks even (gets 0) if the company value is 50, gains
positive profit if the company value is between 50 and 75, and does
not acquire the company if the company value is greater than 75.
Increasing the bid to 76 results in an expected profit of 9.99, with
small negative profit of -1 if the company value happens to be 50,
positive profit between and including company values 51 and 76,
and no profit for company values above 76. Continuing to increase
the bid, finally, at the optimal bid of 100, one finds that expected
profit is 12.75, with some small negative profit at company values
below 67, and large positive profit at company values above and
including 67. Since company values are uniformly distributed and
the bidder bids for 30 periods, it is rational to bid the value which
will result in highest expected profit - in this case, this is 100.

3.3 Visual Analytics Application

Our contribution is helping subjects improve decision making
through the use of an interactive visual analytics program. A simple
visual representation, which basically increases the quality of infor-
mation feedback, is also used for comparison. Both the interactive
visual analytics program and the simple visual representation use
2D graphics to show the profit the subject would have received at
every possible company value at his/her bid amount, after the out-
come of the period is determined. According to Cleveland’s graph-
ics elements hierarchy, position along a common scale is one of
the best ways to display this type of data [18]. The interactive vi-
sual analytics tool also allows the subject to explore the dataset on
his/her own time before he/she makes a decision. First, the sub-
ject is able to move the proposed bid up and down to see how the
possible profit changes. Second, the subject is able to ‘sample’ nu-
merous possible company values with the click of a button, and see
what he/she would have earned at the proposed bid. The simple
visual representation and the baseline tabular representation pro-
grams track the amount of time spent on each period, as well as
the subjects’ bid, company value, and profit. The interactive visual
analytics tool tracks the above but also goes further and tracks the
subjects’ changes in the proposed bid (up or down) and clicks of
the ‘sample company value’ button.

Figures 1 and 2 show screenshots of the simple visual analytics
representation at naive and optimal bids of the WC-V and LC-V
treatments. Figure 3 shows the interactive visual analytics program
for the Winner’s Curse treatment (WC-IV) during the time the sub-
ject is deliberating a decision, and after the subject has placed a
bid and the outcome has been revealed. The Loser’s Curse interac-
tive visual analytics treatment (LC-IV) is similar but has a different
possible earnings distribution which is identical to LC-V. For com-
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Figure 1: Visual analytics: Loser’s Curse treatment

Figure 2: Visual analytics: Winner’s Curse treatment

parison, Figure 4 is a screenshot of the information screen shown
to subjects who were not given the visual display and were instead
given the information in table format as the baseline case (WC-T
and LC-T).

Both the simple visual display and the tabular display allow sub-
jects to input a bid and look at all possible outcomes of that bid. The
largest difference between the display shown in Figures 1 and 2 and
the display shown in Figure 4 is that the display in Figures 1 and
2 employ visualization to disseminate the information to subjects.
Both information screens show the relationship between profit and
company value. The simple visual display is thought to be more
effective because a visual can allow the user to see the relation-
ship more easily and quickly. It can also save time, an important
economic resource. One might believe that the information screen
which is more effective is the one with the most information. It
is important to be aware that the table includes the same amount,
if not more, information than the visual display. The table depic-
tion includes columns for the bid entered, the value of the company,

and the possible profit in each case, for all values of the company.
The simple visual display is slightly more complex, but does not
contain any extra information, except that color is used to draw at-
tention.Green areas on the graph represent areas of possible positive
profit, while red areas on the graph represent areas of possible neg-
ative profit. The actual company value also appears on the graph
as a vertical blue line. In comparison, the interactive visual ana-
lytics tool is more complex than the two non-interactive treatments
described above. The interactive visual analytics tool has all the ca-
pabilities of the simple visual representation, and also allows sub-
jects to discover possible outcomes before making their decision by
clicking “sample a company value” or moving their proposed bid
up or down.

One other difference between the interactive visual analytics tool
and the simple visual display is that the former shows information
to the user before a decision is made, while the latter shows in-
formation to the user after the decision has been made. However,
since the user makes decisions 30 periods in a row, it is likely that
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Figure 3: Interactive Visual Analytics - During Decision (left) and After (right) (WC)

the user remembers the previous period’s outcome screen while he
or she is making the next period’s decision - if this is the case, then
in all periods but the first period, we can suggest that the user has
the simple visual display’s information in mind before the subjects
makes the current period’s decision. In future work, it would be
possible to test if this is the case by running a treatment where the
user is shown the outcome from the previous period at the begin-
ning of the current period, and instructed to think about his current
decision at that time. The timing of showing this screen would be
the same, with the only difference being the additional instructions.
Because this change is so minor, we feel that the results would not
be affected.

Figure 4: Tabular treatment for Winner’s/Loser’s Curse

The visual analytics display was chosen because it was believed
that displaying the entirety of the information on the screen in a
visual form would allow users to overcome bounded awareness is-
sues and be more likely to focus on all the relevant information.
The particular graph was chosen to clearly show the relationship

between the company value and the profit. Most importantly, the
green positive profit and red negative profit areas were displayed in
order to effectively convince the user of the importance of the size
of these areas in making his/her decision. The relative size of the
areas represents the probability of positive versus negative profit.
Because the user chooses the bid value, and the visual looks differ-
ent for different bid values, the user can change his/her bid values
to observe the differences in positive and negative profit possibili-
ties. The interactivity of the more advanced display is even more
effective, because it allows users to view possible outcomes during
the decision making process.

3.4 User Studies
Subjects in the WC-V and LC-V treatments were shown the simple
visual display after each period, while subjects in the WC-IV and
LC-IV treatments were also shown the interactive display during
each period while they were making their decisions. Subjects in the
WC-T and LC-T treatments were shown the tabular display after
each period. At the end of the experiment, all subjects were also
given the choice to use the visual analytics display again to make
their decisions in the bonus round (subjects in the WC-T and LC-T
treatments were given the choice of using the tabular tool as well.)
The choices of subjects during the first 30 periods were recorded,
and choices subjects made while using the display for the bonus
round were also recorded. In the WC-IV and LC-IV treatments,
all choices made during the deliberation process were recorded as
well.

We recorded the amount of time spent on each decision as the
time in seconds from the start of the period through the end. For the
simple table and simple visual display this included the time spent
deliberating (no visual or table during this time), plus the time spent
observing the output screen for the future period and recording the
result. For the interactive visual analytics tool, this included time
spent deliberating, which in this case was supplemented with the in-
teractive visual analytics tool, and time spent observing and record-
ing the result (the result screen was the same as the most recent
previous screen - the only difference being the addition of the ac-
tual company value line.) The mean amount of time spent on each
period, with all periods and subjects was between approximately
8.5 seconds and 30 seconds. Within the Winner’s Curse sessions,
the most time was spent on the WC-T and WC-V treatments (21
seconds and 30 seconds, respectively) and the least time was spent
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Table 3: Summary of subjects.
Tabular Treatment Simple Visual Treatment Interactive Visual Treatment Total

WC 11 subjects 7 subjects 13 subjects 31
100% passed training 90% passed training 100% passed training

LC 8 subjects 7 subjects 10 subjects 25
100% passed training 80% passed training 90% passed training

Total 19 14 23 56

on the WC-IV treatment (18.7 seconds.) Within the Loser’s Curse
treatments, the most time was spent on the LC-T and LC-V treat-
ments (19 seconds and 15 seconds, respectively), and the least time
was spent on the LC-IV treatment (8.6 seconds.) We are in the pro-
cess of investigating further the reason for these differences in time
spent. In every treatment, there is a negative correlation between
period number and time spent; that is, users spent less time delib-
erating each decision and outcome as periods progressed. This cor-
relation is between -0.16 and -0.33, with no systematic difference
across treatments.

From the post-experiment comments, which were submitted
anonymously, it is clear that most subjects understood how to use
both the simple visual display and the interactive visual analytics
tool. Discussion of strategies included “find a value at which loss
region is smaller so that it is more likely to gain profit”, “stay mostly
around 30s because it seemed the loss and gain areas were close to
equal” and “try to make the green [possible positive profit] area as
large as possible”. Subjects using a table instead of the visual ana-
lytics display made comments such as “guess randomly” or “try to
find the pattern of the company value.”

3.5 Experimental Setup
Inexperienced undergraduate students from Purdue University were
recruited to participate in the study - 56 subjects in total partic-
ipated. Subjects earned between $5 and $25 in the experiment,
where their earnings depended on their success at learning the op-
timal solution to the problem. 23 subjects participated in the ex-
periment using the interactive visual analytics display, 14 subjects
participated in the experiment using the simple visual display, and
19 subjects participated in the experiment using the table display.
The number of subjects participating in the experiment is summa-
rized in Table 3.

3.6 Pre-Experiment Quiz & Training
Before the beginning of the experiment, subjects also received
training on reading the information screen. For all treatments, this
included a “Lemonade Stand” task which was not related to the ex-
periment, where subjects were given an information screen which
showed possible profit for all number of customers. An example of
how to calculate possible profit was given, and then subjects were
asked to answer 5 simple questions about the information screen to
gauge how well subjects understood how to read the screen. The
“Lemonade Stand” task was not a difficult or complex problem like
the Acquiring a Company problem. Subjects who did not answer
all 5 questions correctly were asked to leave and did not participate
in the experiment. Subjects who participated in the WC-V, LC-V,
WC-IV and LC-IV treatments were shown the graphical version of
the possible profit, while subjects who participated in the WC-T
and LC-T treatments were shown the table version of the possible
profit. 100% of the subjects were able to answer the questions when
the information screen was a table, while only 90% of the subjects
were able to answer the questions when the information screen was
a graph. This assured that only subjects who understood what the
information screen was telling them were included in the study. Af-
ter passing the training, subjects were explained the rules of the
Acquiring a Company game and shown one period of the bidding
process. The information screen was then explained to subjects on
a display at the front of the room.

4 RESULTS

Subjects given the interactive visual analytics treatment learned the
optimal solution more often than subjects who were only given the
simple visual representation or the table information screen. Sub-
jects given the interactive visual analytics treatment outperformed
subjects given the table information screen for both the Winner’s
and Loser’s Curse treatments, and this was statistically significant.
Subjects participating in the Loser’s Curse simple visual represen-
tation treatment outperformed subjects in the Loser’s Curse tabular
treatment, and this was statistically significant. The rest of the re-
sults also show the predicted effect, but these are not statistically
significant. Also, when asked to make the optimal decision in the
bonus round, subjects in the interactive visual analytics tool were
more likely to utilize the information screen again than subjects in
the simple visual treatment, and subjects in the simple visual treat-
ment were more likely to utilize the information screen again than
subjects in the table treatment (100% (23/23) versus 86% (9/14)
versus only 25% (5/20)).

4.1 Comparisons of Learning
Learning in the game is measured based on how close the bonus
round bids (or the surprise quiz) are to the optimal. These can be
compared across treatments to understand the effectiveness of vi-
sual analytics at improving decision making. The bonus round re-
sults should be accurate because the bonus round allowed subjects
to pause and think more carefully about their decisions. The bonus
round also gave subjects the opportunity to explore the range of the
visual display at their own pace and really “test out” different bids
without any penalty. The bonus round result was included in the
payment structure of each subject and subjects who bid closest to
optimal in the bonus round were given a large monetary bonus as
compared to the money earned in the first 30 rounds of the game.

With learning defined as bidding equal to or very close to the op-
timal value in the bonus round, learning rates can be reported. Here,
one could define “close to the optimal” as within 10% of the total
bid area, where the “bid area” is between 4 and 100 for WC treat-
ments and 50 and 100 for LC treatments (since the company value
can never fall below 4 or 50, respectively, it may not be reasonable
to include those values in the total bid area - bidding these would
be dominated by bidding the lowest possible company value, as this
would increase possible earnings with zero risk - subjects seemed
to understand this as no subject bid below these values in either the
30 period game or the bonus round.) It may have been difficult for
subjects in the LC treatments to bid within just 5 values of the op-
timal bid (within 10% is within about 5 integers for this treatment,
and subjects were only allowed to bid integer values), therefore ex-
panding the ‘close to the optimal’ definition to ‘just under within 10
integers’ may be reasonable, which is approximately within 10%
for the WC treatments. Learning was higher for subjects in the vi-
sual treatments versus subjects in the tabular treatment, and this is
summarized in Table 4.

4.2 Statistical Analysis
We ran a two-sample Wilcoxon (Mann-Whitney) rank-sum test to
check for differences between all possible pairings of groups within
the WC treatment and all possible pairings of groups within the LC
treatment bids in the bonus round, and these results are summarized
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Table 4: Learning.
Tabular Treatment Simple Visual Treatment Interactive Visual Treatment

WC - defined as within 10% of area 0% 14.3% 54%
0/9 subjects 1/7 subjects 7/13 subjects

LC - defined as within 10% of area 12.5% 28.5% 10%
1/8 subjects 2/7 subjects 1/10 subjects

LC - defined as within 10% of WC area 12.5% 28.5% 30%
1/8 subjects 2/7 subjects 3/10 subjects

Table 5: Test results summary.
Test Prediction direction Confirms With Hypothesis p-value

Winner’s Curse
WC-V 6= WC-T WC-V<WC-T Yes 0.928

Wilcoxon WC-V6=WC-IV WC-V>WC-IV Yes 0.103
WC-IV6=WC-T WC-IV<WC-T Yes∗ 0.012∗

Loser’s Curse
LC-V6=LC-T LC-V>LC-T Yes∗ 0.055∗

Wilcoxon LC-V6=LC-IV LC-V>LC-IV No 0.845
LC-IV6=LC-T LC-IV>LC-T Yes∗ 0.040∗

in Table 5. The hypothesis would suggest that decision making for
the groups receiving the interactive visual analytics display would
be improved as compared to the groups who were shown the sim-
ple visual representation or the table, while groups receiving the
visual representation would still outperform those receiving the ta-
ble. Subjects using the interactive visual analytics tool or the simple
visual display should choose to bid values closer to the optimal bid
- lower values for the Winner’s Curse treatment, and higher values
for the Loser’s Curse treatment, as compared to the group receiving
the data in table format. The Wilcoxon test gives a measure and
direction of the difference in medians between the two groups. The
WC-IV group chose bids which were lower than the WC-T group
as predicted by the hypothesis, and these results were statistically
significant (p-value 0.012). The LC-IV and LC-V groups chose
bids which were higher than the LC-T group as predicted by the
hypothesis, and these results were statistically significant as well
(p-values 0.040 and 0.055, respectively). However, no significant
results were found when comparing the other pairs of groups. It is
clear that the interactive visual analytics display was useful for both
the Winner’s and the Loser’s Curse. The simple visual display was
also useful for the Loser’s Curse.

4.3 Reasoning

While it seems that in complicated situations an interactive visual
analytics program can be very useful, we believe we may be able
to explain why the simple visual representation was useful for the
Loser’s Curse treatment but not as useful for the Winner’s Curse
treatment. One possible reason is that the relative size of the gain
region as compared to the loss region was much more pronounced
in the Loser’s Curse than in the Winner’s Curse. Thus, the Loser’s
Curse had gain and loss regions which were easier for subjects to
compare than those in the Winner’s Curse graph. That is, it was
clearer to users in the Loser’s Curse treatment that the naive bid had
a smaller relative possible positive profit region than the optimal bid
than it was to users in the Winner’s Curse treatment. This proposi-
tion is supported by previous research which suggests that graphic
information is given more weight by subjects when visual repre-
sentations show sharp contrast or greater variation in size [11]. We
also strongly believe that increasing the number of subjects would
increase the significance of the results, as the level of cognitive abil-
ity is heterogeneous across subjects.

4.4 Distances to the Optimal Bid

Figure 5 shows the distances of bids from the optimal in all treat-
ments, with WC-IV and LC-IV groups in front of WC-V and LC-V
groups, and WC-V and LC-V groups in front of WC-T and LC-
T groups. For both the Winner’s and Loser’s Curse experiments,

our hypothesis was that subjects provided with the interactive vi-
sual program would bid closer to the optimal than subjects pro-
vided with a tabular representation or the simple visual representa-
tion. Also, subjects provided with the interactive visual analytics
program would outperform subjects with the simple visual repre-
sentation. Clearly we can see that subjects in the visual treatments
bid closer to the optimal than subjects provided with the tabular
representation, and this was statistically significant for all interac-
tive treatments (WC-IV and LC-IV) as well as for the simple visual
treatment in the Loser’s Curse (LC-V). Each bar in Figure 5 repre-
sents a subject’s distance to the optimal bid and we find that in gen-
eral, WC-IV, LC-IV, WC-V and LC-V groups outperformed WC-T
and LC-T groups in finding the optimal bid. The only contradiction
was Subject 8 in LC-T, who found the optimal bid. In this subject’s
comments, he explained that he came to his answer by solving a
mathematical formula maximizing his profit. He also stated that he
did not use the information screen for his calculation. This is not
the typical way that subjects look at this issue, as most subjects’
comments included statements relating the information screen to
their choices. Therefore, it is probable that Subject 8 in LC-T is an
outlier and that, in a larger set of observations, he would have less
weight.

It could be argued that the reason subjects using the interactive
visual analytics tool and the simple visual display outperformed
subjects using the simple table is because graphs are easier to un-
derstand and read than tables. However, results from the “Lemon-
ade Stand” task would suggest otherwise. First, while every user
was able to complete the task correctly in the case of the table ver-
sion, only 90% of subjects were able to complete the task correctly
in the graph version. Furthermore, while those subjects who did
not correctly complete the “Lemonade Stand” task were asked to
leave, even those who stayed had more trouble in the visual an-
alytics treatments versus the simple table treatments. During the
first few rounds of the experiment, no subjects had questions on
interpreting the table, while some subjects did ask questions about
interpreting the graph. The sessions with the table treatment took
far less time in total than the sessions with the visual treatments for
this reason. Even though it was more difficult to understand how
to read the interactive visual or simple visual analytics information
screens, users still outperformed those who had less trouble reading
the table information screen.

The improvement in cognition may be due to two factors: infor-
mational advantage and computational advantage. The information
presented in the simple visual display and the simple table was the
same; thus, all improvement here is due to computational advantage
- it was easier to interpret the information in visual form. However,
the user can obtain more information in the interactive visual ana-
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Figure 5: Distance of bids from the optimal value (Left) Loser’s Curse (Right) Winner’s Curse. Here each bar represents the distance a single
subject’s response to the surprise quiz was from the optimal bid. The shorter the bar, the closer the bid was to optimal.

lytics tool treatment than in the other treatments by moving the pro-
posed bid to see various outcomes. Thus, in the interactive visual
analytics treatment, increased information may also play a role. We
do not distinguish between these two factors in this paper; however,
this could be explored in future work.

The results suggest that visual analytics did help users to over-
come some of the bounded rationality issues. In economic decision
making problems, considering all the information at hand is ex-
tremely important. Because of cognitive limitations, users are not
always able to consider all of the information in order to make ratio-
nal decisions. Using visual analytics can improve cognitive abilities
and thus overcome some of these problems.

5 CONCLUSIONS AND FUTURE WORK

To the best of our knowledge, this is the first study that has ad-
dressed how visual analytics can improve economic decision mak-
ing. It has been widely reported that competitive decision making
failures are common in Winner’s and Loser’s Curse problems in
economics. We used visual analytics as a tool to help subjects con-
sider all the information of the problem and make a decision that is
closer to the optimal in the Acquiring a Company framework. The
interactive visual analytics display was extremely successful: sub-
jects using the visual analytics display made improved decisions as
compared to subjects who had the same information in table form.
The simple visual display was also successful. This suggests that
showing all the information via a visual can be useful for overcom-
ing bounded rationality issues that arise from the cognitive limita-
tion of considering all the information at hand. This also suggests
that the addition of an interactivity element is very important to the
usefulness of visuals.

This research is the gateway for using visual analytics as a tool in
other economic decision making problems. Visual analytics would
be especially helpful in a situation where information feedback can
aid subjects, as our results are convincing evidence that visual ana-
lytics can increase the quality of the feedback. The interactivity of
the visual analytics program also increases participant involvement
and understanding, which is necessary for successful decision mak-
ing. A broader situation where the Winner’s Curse is an issue is in
common value auctions. One direction for future research is to cre-
ate a visual analytics display that helps subjects make profit max-
imizing decisions in the common value auction framework. Com-
mon value auctions are often used in the fields of real estate, com-
mercial construction, and book publication rights. Visual analytics,
already proven to help subjects make decisions in the Acquiring a
Company framework, would be extremely valuable in the common
value auction framework as well. Visual analytics could then be ap-

plied by professionals in the workplace and would improve decision
making and, therefore, economic efficiency.
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