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1 is needed before a single data point can impact the overall regression values.    Notable 

is the result for the 3 ball drawn case.   Note that this case has the fewest observations 

with a sample size of 98.   Here, the slope is not statistically significant at the 5% or 10% 

levels.      Table 61 is included for reference, and shows the distribution of allocations 

under the same conditions for the no-feedback market case. 

 
 

 Constant Slope 

 B SE p B SE p 

0 balls drawn 5.89 .25 <.005 38.27 1.44 <.005 

1 ball drawn  12.01 .41 <.005 49.51 2.14 <.005 

2 balls drawn  23.70 1.44 <.005 50.24 6.38 <.005 

3 balls drawn  47.31 6.73 <.005 -3.94 24.78 .874 

 
  

F 

Max 

Cook's 

Dist 

 

R
2
 

 

N 

0 balls drawn  710.1 0.138 .096 6727 

1 ball drawn  537.3 0.149 .129 3627 

2 balls drawn  61.9 0.210 .067 870 

3 balls drawn  .025 0.110 -.01 98 

 
Table 60. Summary of regression analysis of the impact of public data on participant's allocations 

 
 
 
 

 
Number of same state 

balls in draw set 
Allocation (out of 100)  

N Mean SD 
0 10.42 6.83 5,901 
1 21.48 9.39 2,578 
2 39.13 19.52 1,006 
3 44.43 26.16 61 

Table 61.   Summary of participant's allocations in no-feedback markets as a function of the number 
of a particular ball they received in their draw set. 
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Multivariate regression was preformed to understand the relative values of the influence 

of public data as the private information changes.    A change in the slope would indicate 

a type of integration of public and private data in the sample.   In the first regression 

analysis the public data is qualified by a dummy variable set to the number of ball draws.   

The equation fit was: 

Predicted Allocation = B0 + B1*Dummy0*(Public in %) + B2*Dummy1*(Public in %) +                      
                              B3*Dummy2*(Public in %) + B4*Dummy3*(Public in %) 
 

where 

DummyN = 1 if N balls drawn and 0 otherwise 

The results of fit to this equation are shown below in Table 62.   All coefficients are 

statistically significant and different.   This result supports the conclusion that public and 

private information is being integrated.   The values of the coefficients are seen to 

increase with increasing numbers of balls drawn.   This indicates that as more informative 

private information is received, the participant is placing a higher value on public 

information. 

 

 Coefficient SE p-value VIF 

B0 9.86 .24 <.0005 - 
B1 17.51 1.50 <.0005 1.87 

B2 59.49 1.49 <.0005 1.78 

B3 104.95 1.94 <.0005 1.25 
B4 120.85 4.23 <.0005 1.03 

Table 62. Multivariate Regression Results.  Fit to equation shown above.   VIF (variance inflation 
factor) is a multicollinearity metric.  Generally VIF values below 5-10 are considered to show low 

levels of collinearity. 
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In a second multivariate regression, the data is fit to a linear model with an interaction 

term.    The equation fit is shown below: 

                      Predicted Allocation = C0  +  C1*#_Balls_Drawn +  C2*Public in % +                              
                                                           C3*#_Balls_Drawn*Public in %  
 

Table 63 shows the values for the coefficients fit to the model above.  The VIF (variance 

inflation factor - a multicollinearity metric) for the C3 term is slightly high at 6.25 

indicating some of the variance it accounts for is shared by other coefficients.   However, 

the value is less than 10 and does not substantially impact the model validity. 

 

 Coefficient SE p-value VIF 

C0 5.34 0.30 <.0005 - 
C1 8.344 0.34 <.0005 4.92 
C2 39.99 1.69 <.0005 1.80 
C3 5.28 1.625 .001 6.25 

Table 63. Multivariate Regression Results.  Fit to equation shown above.   VIF (variance inflation 
factor) is a multicollinearity metric.  Generally VIF values below 5-10 are considered to show low 

levels of collinearity. 
 

The implied univariate regression coefficients derived from this multivariate analysis are 

shown in Table 64.   These are similar to the values derived from the univariate 

regression as shown in Table 60.   The notable exception is the implied relationship for 3 

balls drawn, where the implied relationship has a smaller constant (30.37 vs. 47.31) and a 

large positive slope (55.84). 

 
 Constant Slope 
0 balls drawn 5.34 40.00 
1 ball drawn 13.68 45.28 
2 balls drawn 22.03 50.56 
3 balls drawn 30.37 55.84 

Table 64. Linear relationships implied by the multivariate analysis. 
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After completing the markets, participants were asked "Did you encounter a situation 

where there was a contradiction between your private (draw) information and the market 

information?"   A yes and no selection was presented.  If the participant selected yes, then 

they were shown the choices displayed in Figure 23.   31% of the respondents indicated 

they attempted to integrate public and private data when they had conflicting inputs. 

 

 
Figure 23. How participant's reported resolving conflicts between public and private data. 

 

4.4.4 Categorizing responses into styles 
Table 65 (random draws experiment) and Table 66 (mirage prone experiment) gives the 

results of fitting the experimental allocations to the models of different allocation styles 

(shown in Figure 12).    The model compares the participant's allocation to each style and 

selects the one with the minimum Wurtz distance.  If the minimum Wurtz distance is 

greater than 0.25 the response is grouped into the 'No Fit' category. 

 

Analysis of the results in Table 65 show that for IP markets the dominant styles used are 

MaxiMin and DrawPct.    DrawEV is seen to be relatively rare.    The relative 
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relationship between DrawPct and DrawEV agrees with prior research where P, or 

probability, bets are observed more frequently than $, or maximum expected value, bets 

(see section 2.2.3.2.3). 

 

From Table 65, for feedback markets, the relatively large fraction which most closely 

matches the mimic style is surprising at 26.2% in percent markets and 22.1% in 

frequency markets.   MaxiMin and Mimic, which are relatively low information and 

computation strategies, make up nearly 50% of the participants.    Also surprising is the 

very low percentage of participant's allocations which match a strategy that attempts to 

integrate public and private data (AllPct, AllPctEV, AllDraws or AllDrawsEV).    In fact 

there is a complete lack of participant allocations matching either the AllPctEV or 

AllDrawsEV strategies.    The previous section (Section 4.4.3) showed that participant 

allocations were influenced by public information; however the effect  must more subtle 

than the style models indicate. 
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Table 65. Descriptive results from categorization of participant's allocations (from the random draws 

experiment) 
 
 

 
Table 66. Descriptive results from categorization of participant's allocations(from the mirage prone 

draw experiment - those failing attention test removed) 
 
 
Table 67 gives a summary across three broad strategy types comparing MaxiMin, Percent 

based strategies (DrawPct+Mimic+AllPct+AllDraws) and MaxEV strategies 

(DrawEV+MimicEV+AllPctEV+AllDrawsEV) for the random draws experiment.    The 

ratio of participants maximizing expected value is relatively stable in the range of 10% in 

each market type.   Note that the MaxiMin fraction drops by nearly 10% when feedback 

No Percent Frequency

Feedback Feedback Feedback

MaxiMin 33.9% 24.4% 23.0%

DrawPct 48.1% 24.7% 24.2%

DrawEV 9.5% 7.0% 10.7%

Mimic - 26.2% 22.1%

PublicEV - 0.7% 1.0%

AllPct - 9.4% 6.6%

AllPctEV - 0.0% 0.0%

AllDraws - - 4.2%

AllDrawsEV - - 0.0%

No Fit 8.5% 7.6% 8.1%

Sample N 1,491         939            1,048         

IP Pct Freq 

MaxiMin 33.7% 23.6% 27.2%

DrawPct 40.3% 24.8% 24.8%

DrawEV 8.8% 6.7% 6.1%

Mimic 21.0% 17.5%

PublicEV 0.6% 0.5%

AllPct 11.1% 4.9%

AllPctEV 0.0% 0.0%

AllDraws 5.8%

AllDrawsEV 0.0%

No Fit 17.2% 12.2% 13.3%

Sample N 377 343 412
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is present.   Also, note that the fraction matching percent and EV types increases by 

approximately this same value. 

 

 
Table 67. Grouping of styles into major categories  (random draws)  

 
 
Table 68 shows the same summary for the mirage prone data set.   While the percentage 

of responses which match to MaxiMin are similar in the two experiments, the percentage 

of No Fit is higher in the mirage prone draw experiment while the ratio of percent and 

EV type strategies is lower.   The change in the bonus and base ratio (see Table 24) and 

the presence of a no-feedback market screener are likely reasons for the shift. 

 

 
Table 68. Grouping of styles into major categories  (mirage prone draw)  

 
 
Participants' responses can also be grouped in terms of information usage.   Table 69 is a 

recasting of Table 65 in terms of information usage.   MaxiMin falls into the 'Little Info 

Use' category.  DrawPct and DrawEV fall into the 'Primarily Private Info' category.   

Mimic and PublicEV fall into the 'Primarily Public Info' category.    AllPct, AllPctEV, 

AllDraws and AllDrawsEV fall into the 'Integrate Public & Private' category.   In no-

No Percent Frequency

Feedback Feedback Feedback

MaxiMin 33.9% 24.4% 23.0%

Percent Type 48.1% 60.3% 57.2%

EV Type 9.5% 7.8% 11.7%

No Fit 8.5% 7.6% 8.1%

No Percent Frequency

Feedback Feedback Feedback

MaxiMin 33.7% 23.6% 27.2%

Percent Type 40.3% 46.4% 52.9%

EV Type 8.8% 7.3% 6.6%

No Fit 17.2% 12.2% 13.3%
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feedback markets approximately one third of participants' responses fit to models which 

imply little use of information, while approximately 58% fit to models which did use the 

private information available.   In feedback markets approximately a quarter of 

participants' responses were fit to models which use little information (e.g. MaxiMin).   

Approximately one third fit to models which use only private information (e.g. allocation 

in proportion to probabilities).   Another quarter fit to models which use only public 

information (e.g. allocating in proportion to public information).   Finally, only 10% of 

participant's responses fit to models which integrate public and private information. 

 
 

 
Table 69. Categorization of participants' responses by use of information (random draws experiment) 

 
 

  

No Percent Frequency

Feedback Feedback Feedback

Little Info Use 33.9% 24.4% 23.0%

Primarily Private Info 57.6% 31.7% 34.9%

Primarily Public Info - 26.9% 23.2%

Integrate Public & Private - 9.4% 10.8%

No Fit 8.5% 7.6% 8.1%
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5 Discussion, Conclusions and Next Steps 
This section discusses and interpret the results, suggest future work and analyzes the 

application of simulation technology to the study of markets. 

 
 

5.1 Conclusions 
The research conclusions are reviewed in the context of the research questions and 

experimental hypotheses. 

 

5.1.1 What are the Mechanisms Involved in the Infor mation 
Assimilation Process? 

The idea and understanding that markets can assimilate information dates back to some 

of the earliest work on economics.   Smith (1776) and Hayek (1945) wrote of this and the 

concept was used to build the fundamental Theory of Rational Expectations and the 

Efficient Market Hypothesis - important pillars in modern economics.    The ability of 

markets to assimilate information was empirically shown by Plott (1988).   In the present 

study the process of assimilation was discussed in terms of two components: 

• The collection of diverse information - individuals using their own information 

make a judgment about the implications of that information and bring this to the 

market. 

• The market's judgment on the implications of this gathered information - an 

inductive process which Plott (2003) and others call information aggregation. 

By studying markets with and without feedback these two mechanisms can be studied in 

more detail.    
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Hypothesis: 

1. Markets without feedback can collect information and outperform the average 

of their parts. 

 

Hypothesis supported - In section 4.2.1 it was shown that no-feedback markets are 

capable of collecting information in that their performance exceeded that of the collection 

of the individuals.   Specifically, the null hypotheses that Decisiveness and Accuracy 

were equal for markets and the collections of individuals were both rejected (Table 30). 

 

Hypothesis: 

2. Feedback markets have an inductive process, above and beyond collection, 

which creates agreement (precision). 

 

Hypothesis supported - Mean entropy of the cumulative allocations was examined.   The 

data showed that feedback markets had statistically significantly lower entropy than 

markets without feedback; this is an indication of the inductive information aggregation 

mechanism. 

 

Hypothesis: 

3. Feedback markets have an inductive process, above and beyond collection, 

which can assimilate more information than markets without feedback. 
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Hypothesis supported - In section 4.2.2 the performance of markets with and without 

feedback was explored in order to understand the additive impact of the market's 

inductive processes.   The performance of the markets in terms of their decisiveness, the 

ability of a market to come to a statistically significant conclusion, and correctness, the 

ability of a market to come to a correct conclusion, was examined.   It was shown that 

getting aggregation levels beyond the no-feedback case is a tradeoff with feedback 

markets offering additional decisiveness at the expense of correctness.    The actual 

induction mechanism itself was examined by looking at the mean Wurtz distance 

between the cumulative allocations and the AIA distribution (or Aggregate Information 

Available, the Bayesian posterior probability of the simple sum of all ball draws - a 

potential measure for perfect complete information aggregation as suggested by Plott et al 

(2003)).   The data showed that feedback markets' cumulative allocations had statistically 

significantly lower Wurtz distances to the AIA distribution indicating they were 

aggregating information above and beyond the collection of information by no-feedback 

markets.     

 

Hypothesis: 

4. Information mirages are present in markets with feedback. They are an artifact 

of the inductive process.  These mirages are an error mechanism which reduces 

the market's overall accuracy. 

 

Hypothesis supported - Information mirages were postulated to be one of the failure 

mechanisms of feedback markets.    In the random draws experiment some clues were 
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observed which supported information mirages as a mechanism.   Section 4.2.3.1 

reviewed the allocations of several feedback markets in detail which provided some 

qualitative evidence for information mirages.   In section 4.2.3.2 the metric  'Sum of AIA 

distances' (section 3.4.1) for each market in the random draws experiment was compared 

to the market's aggregation performance by looking at the Wurtz distance between the 

current AIA distribution and the cumulative ticket allocation.   A statistically significant 

linear relationship (with positive slope) was seen for feedback markets, while no such 

relationship was seen for no-feedback markets. 

 

The information mirage phenomenon was studied further using a mirage prone draw set 

which was repeatedly applied to all markets.   This was seen to negatively impact the 

correctness of both no-feedback and feedback markets; but with a much greater impact to 

the feedback markets as shown in Table 70.   After 13 stages, the correctness of feedback 

markets was seen to drop to 28.6% compared to 74.6% in the random draws experiment.  

This change was statistically significant at the 5% level (p-value of less than .001).  The 

correctness of the no-feedback markets was only reduced from 81.5% to 65%.   This 

change was not statistically significant at the 5% level (p-value of .173).  Note that there 

were other factors which may have contributed such as the change in incentives and the 

use of screening methods in the random draws experiment (see Table 24). 
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  No-feedback Feedback p-value 
Decisiveness Random Draws 56.3% 70.8% 0.065 

Mirage Prone 60.6% 48.3% 0.180 
 p-value .436 .005  
Correctness Random Draws 81.5% 74.6% 0.338 

Mirage Prone 65.0% 28.6% 0.013 
 p-value .173 <.001  
Table 70. Comparison of decisiveness and correctness of no-feedback and feedback markets at stage 

13 over the two experiments. 
 
 
The fingerprint of information mirages was seen in several analyses of the mirage prone 

data set.   In section 4.3.2.1 it was seen that in contrast to the result of the random draws 

experiment, the Wurtz distance between the AIA distribution and the final cumulative 

allocation was statistically significantly lower for no-feedback markets.     A histogram 

(Figure 17) showed that the feedback markets had long tails of very low values - where 

induction was creating agreement on correct assessments - and very large values - where 

induction was creating agreement on incorrect assessments as information mirages.     

Similarly, the distributions for entropy were studied and also shown to have statistically 

significant greater variance.     

 

The most conclusive evidence for information mirages in the feedback markets was seen 

in section 4.3.2.3.   The relationship between the mean number of tickets allocated and 

the sum of draws and the order weighted sum of draws was investigated.   Table 58 

showed a statistically significant linear relationship between the sum of draws and the 

cumulative allocation for no-feedback markets.   By contrast, the relationship between the 

order weighted sum of draws and cumulative allocations was not significant at the end of 

the market.    In stark contrast, Table 59 showed the opposite.   For feedback markets the 
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relationship between the sum of draws and cumulative allocations was not significant at 

the end of the market while the relationship between the order weighted sum of draws 

and cumulative allocations was statistically significant.   This indicates that for feedback 

markets early draws have a persistent impact on the cumulative allocation to later 

participants. 

 

Charles Mackay, in his book ‘Extraordinary Popular Delusions and the Madness of 

Crowds (1932)’ states: 

"Men, it has been well said, think in herds; it will be seen that they go mad in 
herds, while they only recover their senses slowly, and one by one." 

 

He conveys a perspective that the root causes of bubbles are drastically irrational 

behavior brought about by the situation of the interactions.   However, another 

perspective is that irrational behavior is not required to generate bubbles.    Is the logical 

argument of the third person in an information cascade whose preceding participants have 

both chosen a different door than their private information indicates (as discussed in 

section 2.3.2.1) irrational?    Instead, bubbles and mirages can also be caused by system 

structure, diversity in participants and probabilistic variations in information.    Vives 

writes (2008): 

“It is found that apparently contending theories, such as market informational 
efficiency and herding, build in fact on the same principles of Bayesian decision 
making.   The upshot is that we do not need “irrational” agents to explain 
herding behavior, crisis, and crashes.” 
 

In fact, a market subject to a mirage prone data resembles a Prisoner's Dilemma (Zwick, 

2011) where individual rationality results in collective irrationality. 
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Table 71 summarizes the experimental hypotheses and their evaluation in this work for 

the research question "What are the mechanisms involved in the information assimilation 

process?"  
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Hypothesis Evaluation 
1. Markets without 
feedback can collect 
information and 
outperform the average of 
their parts. 

Supported - Section 4.2.1 - Markets vs. the collection of 
individual allocations have statistically significant higher 
decisiveness and correctness. 

2. Feedback markets have 
an inductive process, 
above and beyond 
collection, which creates 
agreement (precision). 

Supported - Section 4.2.2.3 - Feedback markets have 
statistically significantly lower entropy. 

3. Feedback markets have 
an inductive process, 
above and beyond 
collection, which can 
assimilate more 
information than markets 
without feedback. 

Supported - Section 4.2.2.2 - Feedback markets have 
statistically significantly lower Wurtz distances between 
the cumulative allocations and the AIA distribution. 

4. Information mirages 
are present in markets 
with feedback. They are 
an artifact of the 
inductive process.  These 
mirages are an error 
mechanism which 
reduces the market's 
overall accuracy. 

Supported - Section 4.2.3.1 showed qualitative data on the 
presence of information mirages.  Section 4.2.3.2 showed 
that feedback markets have a statistically significant linear 
relationship between the Wurtz distance between the AIA 
distribution and the cumulative allocation and the sum of 
Wurtz distance between the intermediate (stage) AIA and 
the final AIA distribution.   Section 4.3.1.1 showed a 
dramatic and statistically significant reduction in both 
decisiveness and correctness for feedback markets when 
the mirage prone draw set was applied.    By contrast, no-
feedback markets showed no statistically significant 
change.   Section 4.3.2.1 showed that under the mirage 
prone draw set the no-feedback markets exhibited 
statistically significantly smaller Wurtz distance between 
the cumulative allocation and the AIA distribution than 
feedback markets.   This was seen to be the exact opposite 
relationship observed in the random draws experiment.    
Section 4.3.2.3 showed a statistically significant linear 
relationship between the sum of draws and the cumulative 
allocation for no-feedback markets (and no relationship for 
feedback markets).   By contrast, a statistically significant 
linear relationship between the order weighted sum of 
draws and the cumulative allocation was found for 
feedback markets (and no relationship for no-feedback 
markets). 

Table 71. Summary of hypotheses and evaluations for the first research question - "What are the 
mechanisms involved in the information assimilation process?" 
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5.1.2 How does the Presence and Type of Feedback Im pact Market 
Performance? 

 
Hypothesis: 

5. Adding feedback increases the decisiveness of a market at the expense of correctness. 

 

Hypothesis Supported - Section 4.2.2.1 showed that markets with feedback had 

statistically significantly higher decisiveness than markets without feedback.   However, 

markets without feedback had statistically significantly higher levels of correctness. 

 

Hypothesis: 

6. The type of feedback can modulate the induction process - more informative feedback 

increases decisiveness at the cost of correctness. 

 

Hypothesis Supported - Section 4.2.2.1 showed that frequency feedback markets had 

statistically significantly higher decisiveness than percent feedback markets.    

Descriptively, percent feedback markets had higher correctness than frequency feedback 

markets, but that difference was not statistically significant at the 5% level. 

 

The addition of feedback and the choice of type of feedback affords a tradeoff between 

decisiveness and correctness.   Figure 24 (duplicate of Figure 13 shown here for the 

reader's convenience) illustrates this tradeoff.   Adding feedback increases the 

information assimilation ability of a market by adding the inductive ability.   This 

increases decisiveness and reduces entropy.   However, it brings the possibility of 
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information mirages which reduce correctness.   Frequency feedback, which delivers 

more information to the market than percent feedback, descriptively increases both 

effects over percent feedback.   This suggests there is the possibility to modulate the 

inductive effect to some extent and match the market performance to the needs of the 

organizer (see section 5.3.1 for more discussion). 

 

 
Figure 24. Summary of market performance illustrating the tradeoff between correctness and 

decisiveness after stage 20 of the random draws experiment. 
 
One analogy is to think of the feedback market as an amplifier - a Bayesian amplifier.   

An amplifier takes a weak signal and turns it into a strong signal.   Unfortunately, 

amplifiers will amplify noise just as well as signal.   Changing the presence and type of 

feedback could be thought of as changing the amplification level.  

 

In section 1.1.3 one of the four conditions in Surowiecki's main thesis for the wisdom of 

crowds was independence.   Complete independence would imply no feedback.   In fact, 
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no feedback markets did have distinct advantages, such as higher correctness.   However, 

markets with feedback, and thus some level of dependence, also displayed valuable 

characteristics, such as higher decisiveness. 

 

Comparing the results of section 4.2.2.2, where it was shown that markets with feedback 

had lower Wurtz distances to the final AIA distribution, and section 4.2.2.1, where it was 

shown that no feedback markets had higher correctness, presents an apparent paradox.   

Both of these results represent measures of accuracy and feedback markets outperformed 

in the first and no-feedback markets outperformed in the latter.   The resolution to the 

paradox comes from realizing that correctness is based on the two stage evaluation 

process described in section 3.1.1.5.   Once a market allocation is judged as correct, 

additional allocation of tickets to the correct state  will not increase the measures of  

correctness;  however, they will decrease the Wurtz distance to final AIA.   So, once 

statistical significance of the result is established, additional gains from the inductive 

process do not benefit correctness.   However, this inductive process does create 

information mirages which are adversely affecting correctness.   This explains how 

information aggregation is simultaneously increasing accuracy as judged by the Wurtz 

distance to final AIA and decreasing accuracy as judged by correctness. 

 

Table 72 presents a summary of the research hypotheses and their evaluation for the 

research question "How does the presence and type of feedback impact market 

performance?" 
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Hypothesis Evaluation 
5. Adding feedback 
increases the 
decisiveness of a 
market at the 
expense of 
correctness. 

Supported - Section 4.2.2.1 showed that markets with 
feedback had statistically significantly higher decisiveness 
than markets without feedback.   However, markets without 
feedback had statistically significantly higher levels of 
correctness. 

6. The type of 
feedback can 
modulate the 
induction process - 
more informative 
feedback increases 
decisiveness at the 
cost of correctness. 

Supported - Section 4.2.2.1 showed that frequency feedback 
markets feedback had statistically significantly higher 
decisiveness than percent feedback markets.    Descriptively, 
percent feedback markets had higher correctness than 
frequency feedback markets but that differences was not 
statistically significant at the 5% level. 

Table 72. Summary of second research hypotheses and their evaluation "How does the presence and 
type of feedback impact market performance?" 

 

5.1.3 How do Individuals use Information in the All ocation Process? 
 
Hypothesis: 

7. In the absence of public data, participants allocate tickets in a Bayesian-like 

method (with base rate neglect growing with increasing number of matching balls 

drawn) 

 

Hypothesis partially supported - The literature, as discussed in Section 2.2, presented 

potentially conflicting arguments for non-Bayesian behavior.   For example, Base rate 

neglect (section 2.2.2.2.1)  and pseudiagnosticiy (section 2.2.2.2.3) might suggest a 

different behavior than conservatism (section 2.2.2.2.2).   
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The participants tended to behave more as predicted in section 2.2.2.2.2..   Figure 21 in 

section 4.4.2 illustrated that participants over-allocate in low Bayesian probability 

circumstances and under-allocate in high Bayesian probability circumstances    

 

In the case of markets, this misallocation tendency has a negative effect on market 

performance as well as the individual's financial performance.    Figure 25 shows the 

same data with an overlay to explain this.   As will be shown in the simulation in section 

5.2.5 markets where participants use more computation and information intensive 

strategies (such as maximizing expected value) improve market performance.   This 

implies that allocations which would move the regression line closer to the allocation is 

equal to the probability line would result in improved market performance.   Further, a 

strategy that maximizes expected value will result in a regression line that under allocates 

on low probability events and over allocates on high probability events.    

 
Figure 25.  Allocations vs. Bayesian probability from no-feedback markets. 
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Hypothesis: 

8. In the presence of public data, participants allocate tickets by integrating public 

and private data 

 

Hypothesis Supported - Section 4.4.3 analyzed the relationship between participants' 

allocations, the public information available and their private information.   Multivariate 

regression indicated as the number of balls drawn for a particular state increased in the 

draw set the influence of public data increased.   Table 63 showed the interaction term 

(C3), which attempts to directly assess the integration effect,  to be statistically 

significant and positive in value.   The analysis with coefficients shown in Table 62 also 

demonstrated a differing influence of public data depending on the number of balls drawn.   

This analysis, however, did not constrict the model to linearity as the previous model did.   

The increase in the coefficients demonstrated a non-linear effect.    Table 73 lists the 

coefficients from Table 62 along with the value of the increase.   Notice that the rate of 

change in the coefficient values increases and then decreases as the number of balls 

drawn increases. 

 

Coefficient Value Difference from prior 
Coefficient 

B1 (0 Balls Drawn) 17.51 - 
B2  (1 Ball Drawn) 59.49 41.98 
B3 (2 Balls Drawn) 104.95 45.46 
B4 (3 Balls Drawn) 120.85 16.00 

Table 73. Coefficients from Table 62 
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The results for multivariate regression and univariate regression were different for the 

case where three balls were drawn.   Table 60 showed the univarate analysis to predict no 

relationship between the allocation and public data.   However, the multivariate analysis 

did predict a relationship regardless of the equation form (Table 62 and Table 63).  Figure 

26 shows the scatter plot of allocations versus public allocation for the three balls drawn 

case.   The univariate (from Table 60) and multivariate (from Table 63) predicted 

allocation lines are shown.   Visual inspection shows neither line to be an obviously 

superior fit to the data.   The small sample size (N=98) for this case is likely to be part of 

the issue for the univariate model.  In the multivariate case, the model is able to draw 

upon the other cases to strengthen the overall model and thus may have superior 

prediction capability.    
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Figure 26. Allocations vs. public data for 3 balls drawn. 
 

In addition to non-linearity in the relationship between allocations and balls drawn, there 

may be non-linearity in the relationship to allocation and public data.  Figure 27 shows 

the allocations by participants in feedback markets for the random draws experiment 

when two balls were drawn.   The pluses are allocations made by the AllPct algorithm 

(section 4.4.4).   The pluses vary around a continuous curve because the allocation to an 

individual state has dependence on the distribution of the rest of the public allocations 

and how these relate to the ball draw in the draw set.    The pluses trace a non-linear 

curve with changes in public allocation having more impact at lower values of public 

allocation.    The slope of the regression fit to the experimental data points appears 
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similar to the slope of the reference curve for higher values of public allocation.    There 

is some resemblance of the AllPct style curve and the shape of the experimental data 

points; however, the experimental points are notably lower (that is lower allocation than 

the AllPct style curve).     

 

 
Figure 27. Participant's allocation vs. public allocation from random draws experiment for two balls 

drawn (shown as circles) with reference points added for the AllPct strategy (shown as pluses). 
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Hypothesis Supported - Section 4.4.4 showed that strategies that maximize expected 

value are quite rare while strategies that generally allocate to percentages are common.   

One potential explanation for this behavior can be derived from analysis using the 

Prospect Theory curve of values.    

 
 

 
Figure 28.  Simulated Prospect Theory Utility Curve 

 
 
Figure 28 shows a representation of a participant's utility curve.   The curve was 

generated with the equation 
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by spreading their allocations uniformly.   Expected utility can then be computed for 

various allocations and these can be searched for a maximum.   To illustrate, consider a 

no-feedback market where a participant's draw was AAB.   To maximize the dollar 

payout, a participant should allocate 100 tickets on A.   The expected payout is  

 

100*(.49)+0*(.51)=49 correct tickets 

 

Given the utility curve shown, the expected value of this allocation is: 

 

Value(100 correct)*(.49) + Value(0 Correct)*(.51) 

2.82*.49 + (-1.28)*.51 = 0.73 

 

Using numerical analysis, a maximum for this was found for 70 tickets on A, 30 tickets 

on B and 0 tickets on the remaining.   Its utility is 

 

Value(70 correct)*.49 + Value(30 correct)*.196 + Value(0 correct)*.314 

2.36*.49 + 1.04*.196 + (-.853)*.314 = 1.09 

 

So, given this utility curve, in order to maximize the expected utility for this draw, the 

participant would not allocated all 100 tickets on A.   Of course this utility curve was not 

derived from any empirical data and was only used to illustrate the point, but the analysis 

does show a rational explanation for the small fraction of participants whose allocations 

matched the strategies that maximize the expected payout. 
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As noted, analysis of the individual responses indicate evidence for information 

integration.   In section 4.4.4 categorization of individual responses in feedback markets 

showed approximately 10% of participants' responses fit to models which integrate public 

and private data.   In section 4.4.3 multivariate analysis showed a statistically significant 

evidence for information integration taking place.   However, these effects are rather 

subtle compared to the  resounding evidence for information integration seen in the 

market results.   This illustrates that the effects seen in markets represent an emergent 

phenomenon (Gilbert & Troitzsch, 2005).   That is, the market results are a phenomenon 

that might not be predicted by analyzing the behavior of individuals in different market 

situations.   For future work, it would be interesting to study the allocations by 

individuals in different feedback situations.   A heterogeneous regression analysis in this 

manner could uncover new perspectives in the information integration process.  It is quite 

possible that the 90% of respondents whose responses do not fit to a model which 

integrate public and private data may have a subtle bias in their responses which do 

integrate data but are not strong enough to register as that type of algorithm. 

 

Table 74 presents a summary of the hypotheses and their evaluation for the research 

questions "How do individuals use information in the allocation process?"    
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Hypothesis Evaluation 
7. In the absence of 
public data, 
participants allocate 
tickets allocate 
tickets in a 
Bayesian-like 
method 

Partially Supported - Section 4.4.2 showed that participants 
over allocate in low Bayesian probability circumstances and 
under allocate in high Bayesian probability circumstances. 

8. In the presence 
of public data, 
participants allocate 
tickets by 
integrating public 
and private data 

Supported - In section 4.4.3 multivariate regression indicated 
as the number of balls drawn for a particular state increased 
in the draw set the influence of public data increased.    

9. Participants will 
favor bets with a 
higher probability 
of winning over 
bets which 
maximize expected 
winnings 

Supported - Section 4.4.4 showed that strategies that 
maximize expected value are quite rare while strategies that 
generally allocate to percentages are common. 

Table 74. Summary of hypotheses and their evaluation for the third research question "How do 
individuals use information in the allocation process?" 

 
 

5.2 Simulating Markets 
Simulation is capable of bringing valuable insights to the study of markets.   The idea of 

simulating markets is explored in this section and a prototype simulator to test these 

concepts is explored. 

 

5.2.1 Simulation Goals 
The experimental methods used in the present research have been shown to be effective 

in studying market performance under different conditions.    However, developing the 

software to carry out such research is complicated, collecting data from live participants 

can be time consuming and participants must be compensated.    Building computer 
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models to simulate markets is an alternative method which allows investigation of 

various market characteristics without these limitations.    

 

Simulation models can also be used to understand phenomenon seen in real world 

markets.   Epstein and Axtell (1996) argue that agent based simulation provides a 

different way to explain social phenomenon .   They argue that being able to explain a 

phenomenon is equivalent to asking if one can 'grow' it in an artificial environment.    

They express this process as “a generative kind of social science.” 

 

A simulation model is a representation of reality and can never fully recreate the effects 

seen in the real world.   In simulating a market, as in any simulation project, it is critical 

to identify the specific goals of the simulation in order to tailor and optimize the 

simulation towards those goals (Sterman, 2000). 

 

5.2.2 Characteristics of Interest 
A simulation platform can be used to study various characteristics of a market.  Table 75 

list just a few factors and methods to study them in the simulation environment.   

Simulation allows study of these factors by conducting extensive sensitivity analyses. 
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Factor Simulation Procedure 
 

Number of participants Simulate over a range of participants and vary by 
market type to understand the sensitivity 

Diversity Change the ratios of allocation strategies to determine 
the impact on performance 

Degree of positive 
feedback 

Simulate a varying percentage of participants whose 
allocation strategies exhibit positive feedback 

Degree of negative 
feedback 

Simulate a varying percentage of participants whose 
allocation strategies exhibit negative feedback 

Signal Strength Simulate with varying signal strength.   In this case 
signal strength is increased by adding more balls of 
the correct state to the urn. 

Noise Level Noise can be simulated by randomly altering a ball 
draw 

Table 75. Summary of factors which can be studied in a market simulator. 
 
The performance of the market as a function of the number of participants in the market 

is of great interest to the market designer.   Depending on the circumstances it is likely 

under some degree of control by the market implementer.   For example, the designer 

may wish to understand the market performance with few participants. 

 

Other factors of interest may be more difficult for the designer to influence.   The degree 

of diversity, the degree of positive feedback and the degree of negative feedback are key 

examples.    The designer may influence diversity by who they invite to participate in the 

market.   Training for participants could impact the positive and negative feedback effect.  

For example, helping participants to understanding the cascade tendency could decrease 

positive feedback. 

 

Other factors may be outside the control of the designer but having an understanding of 

these factors could help in the analysis of the market results.    Key factors in this 
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category are signal strength and the presence of noise.   Signal strength relates to the 

amount of information available to market participants in the problem space.   Noise 

relates to how clearly available information is interpreted.   To illustrate, consider a 

forecasting prediction market.    If the participants have a lot of information relevant to 

the forecast (e.g., inventory levels, customer insights, ecosystem factors, etc.) they would 

be able to make more knowledgeable assessments.   If the information is unclear (e.g., 

customers giving conflicting signals, channel partners giving ambiguous responses, etc.) 

or noisy then individual assessments are more difficult. 

 

5.2.3 Simulator Architecture 
Figure 29 shows the architecture of the prototype prediction markets simulator.    The 

blocks include: 

 

Set of Allocation Strategies - A set of allocation strategies are needed.   In the prototype 

simulator the strategies described in section 3.4.2 are used.    Different types of markets 

are defined by the range of strategies used in the market.   For example, for a no-feedback 

market (Incentivized Poll) only strategies that use private data are employed.   For 

percentage feedback markets, only strategies that use percent values of public data are 

used.      

 

Select Strategy - Once a set of possible strategies are defined based on the market type to 

be simulated one strategy from this set is chosen using a random process.   The selected 

strategy is then passed into the Generate Allocation block. 
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Generate Allocation - This block receives a strategy from the select strategy block, a 

draw from the Draw Engine and public information from the Market block.   When the 

allocation is generated it is delivered to the Market block. 

 

Draw Engine - This block simulates the two urn processes.   It first selects a ball at 

random as the correct state and then populates a second urn with a biased distribution of 

balls.   This second urn is then sampled to generate the draw set.    

 

Market Block - The Market block is a collection of all previous allocations and maintains 

the current cumulative allocation.     

 

Stochastic Generator - This block is used to simulate randomness.   Two sources of 

randomness were simulated: 1) noise in evaluating the draw; 2) noise in generating the 

allocation.   In the draw evaluation noise process one or more of the draws delivered from 

the draw engine are randomly changed.   A model parameter is used to vary the degree of 

this noise.   The second source of randomness involves random deviation from the 

strategy derived allocation.   In the implementation used some number of tickets are 

added to, or subtracted from, the allocation generated by the allocation strategy.   The 

level of this degree of randomness is controlled by another parameter. 

 

Simulation Controller - the controller block repeats the sequence until the specified 

number of market stages are complete. 
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Figure 29. Market Simulator Architecture 

 

5.2.4 Simulator Calibration and Validation 
Once the architecture was implemented the parameters of the simulator must be specified; 

that is, the model had to be calibrated.     The set of allocation strategies described in 

section 3.4.2 were used.    The simulator used the Matlab command randsample to select 

one strategy from the alternatives.   This method allows sampling with replacement based 

on a vector of probabilities.   These probability distributions used were based on the 

frequency of each strategy observed from the experimental data as discussed in section 

4.4.4.      

 

Sets of market simulations were compared to experimental data in order to validate the 

models.   Two methods were used in this process.  First, the raw market results such as 

number of correct, incorrect and not significant were compared to experimental data.   
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Second, individual allocations generated by the simulator were used to extract allocation 

style characteristics as defined in section 4.4.4.   These were then compared to the 

experimental data.   The parameters in the stochastic generator were then adjusted to 

improve the fitness of the model generated data in relation to the experimental data. 

 

The distributions across styles shown in Table 65 were used for the initial simulation.   

Values of the stochastic engine parameters were varied to improve the fit.   Table 76 and 

Table 77 show a comparison of the experimental and simulated decisiveness and 

correctness for the prototype.    A Fisher's Exact test p-value testing the differences is 

also shown.   The goal of the calibration process was to make the differences not 

significant.    The simulator does a good job of matching the decisiveness and correctness 

of the no-feedback markets with p-values usually greater than .05.    The match for 

feedback markets is not as good, especially for the latter stages of the market. 
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Table 76. Experimental vs. simulated decisiveness and Fisher's Exact test p-value. Low p-values 

indicate the two distributions are statistically significantly different. 
 
 

Stage Experiment Simulation p value Experiment Simulation p value

1 33.3% 37.8% 0.328 36.0% 22.7% 0.005

2 43.8% 49.0% 0.294 38.2% 37.2% 0.468

3 39.6% 49.0% 0.136 48.3% 45.3% 0.331

4 35.4% 49.0% 0.049 47.2% 49.5% 0.380

5 39.6% 49.8% 0.115 57.3% 54.3% 0.333

6 52.1% 50.4% 0.472 64.0% 55.8% 0.081

7 60.4% 53.0% 0.203 66.3% 57.6% 0.068

8 56.3% 54.6% 0.475 69.7% 58.7% 0.027

9 58.3% 55.4% 0.408 62.9% 61.1% 0.414

10 62.5% 55.4% 0.214 65.2% 62.8% 0.374

11 58.3% 59.0% 0.522 68.5% 61.7% 0.122

12 58.3% 62.2% 0.352 69.7% 62.0% 0.093

13 56.3% 62.8% 0.229 70.8% 62.5% 0.074

14 58.3% 63.0% 0.312 71.9% 63.7% 0.074

15 56.3% 64.2% 0.174 75.3% 65.4% 0.036

16 52.1% 66.4% 0.035 75.3% 66.9% 0.065

17 56.3% 68.2% 0.066 78.7% 68.0% 0.023

18 60.4% 66.8% 0.230 80.9% 69.4% 0.013

19 60.4% 66.6% 0.238 82.0% 70.6% 0.013

20 58.3% 68.4% 0.105 80.9% 71.7% 0.038

No Feedback Feedback
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Table 77.  . Experimental vs. simulated correctness and Fisher's Exact test p-value  Low p-values 

indicate the two distributions are statistically significantly different. 
  
 
Figure 30 compares the decisiveness and correctness after stage 20 for both the simulator 

and the experiment.    This shows the simulator correctly captures the tradeoff between 

decisiveness and correctness seen in the experimental data; however, without as 

pronounced an effect as seen in the experiment. 

 

Stage Experiment Simulation p value Experiment Simulation p value

1 50.0% 51.9% 0.328 46.9% 50.2% 0.005

2 57.1% 58.8% 0.294 55.9% 52.7% 0.468

3 57.9% 63.7% 0.136 65.1% 54.1% 0.331

4 70.6% 68.2% 0.049 69.0% 57.6% 0.380

5 63.2% 71.5% 0.115 60.8% 59.7% 0.333

6 68.0% 74.2% 0.472 64.9% 60.9% 0.081

7 65.5% 78.1% 0.203 69.5% 62.0% 0.068

8 77.8% 81.7% 0.475 69.4% 64.4% 0.027

9 75.0% 82.3% 0.408 75.0% 66.9% 0.414

10 73.3% 83.8% 0.214 74.1% 68.2% 0.374

11 71.4% 85.4% 0.522 73.8% 69.7% 0.122

12 71.4% 87.8% 0.352 72.6% 72.1% 0.093

13 81.5% 88.2% 0.229 74.6% 73.9% 0.074

14 82.1% 89.8% 0.312 75.0% 75.8% 0.074

15 92.6% 90.3% 0.174 76.1% 76.3% 0.036

16 100.0% 90.7% 0.035 79.1% 78.6% 0.065

17 100.0% 90.9% 0.066 78.6% 78.8% 0.023

18 100.0% 92.2% 0.230 77.8% 80.1% 0.013

19 100.0% 94.9% 0.238 76.7% 81.0% 0.013

20 100.0% 95.0% 0.105 77.8% 81.5% 0.038

No Feedback Feedback
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Figure 30. Comparison of experimental and simulated decisiveness and correctness after stage 20 

 
 

5.2.5 Initial Simulation Results 
To illustrate the application of a market simulator the prototype simulator was used to 

study the impact of changing the proportions of allocation styles on market performance.   

One hypothesis is that allocation strategies with low computation and low information 

usage  (Figure 10) degrade overall market performance.    This hypothesis was tested 

with the prototype simulator.    No-feedback and frequency feedback markets were 

simulated with varying proportions of allocation styles.    Table 78 shows the conditions 

simulated.    First the proportions of strategies as derived in the random draws experiment 

were simulated as a baseline.   Then a light and heavy computation mix were simulated.  

In the no-feedback market a light computation mix put more MaxiMin into the market at 

the expense of the DrawPct and DrawEV strategies.    For the heavy computation mix, 
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the opposite was used with a smaller percentage of MaxiMin and larger percentage of 

DrawPct and DrawEV.    Similarly, a light and heavy compute ratio of strategies for the 

frequency feedback markets was simulated.   The light compute scenarios increased the 

proportion of MaxiMin and Mimic at the expense of the other, higher computation 

strategies.   The heavy compute scenario reduced MaxiMin and Mimic to add more 

weight to the higher computation strategies. 

 

 
Table 78. Simulated market performance under different proportions of allocation styles. 

 

Simulating 100,00 markets affirms the hypothesis.  In both market types the light 

compute scenario reduces both decisiveness and correctness while the heavy compute 

scenario increase both decisiveness and correctness.     

 

As Light Heavy As Light Heavy

Expt. Compute Compute Expt. Compute Compute

MaxiMin 33.9% 66.5% 16.5% 23.0% 40.0% 13.9%

DrawPct 48.1% 20.0% 60.0% 24.2% 6.1% 25.0%

DrawEV 9.5% 5.0% 15.0% 10.7% 1.8% 15.0%

Mimic - - - 22.1% 40.0% 8.0%

PublicEV - - - 1.0% 0.0% 0.0%

AllPct - - - 6.6% 2.0% 10.0%

AllPctEV - - - 0.0% - 5.0%

AllDraws - - - 4.2% 2.0% 10.0%

AllDrawsEV - - - 0.0% - 5.0%

No Fit 8.5% 8.5% 8.5% 8.1% 8.1% 8.1%

Markets Simulated 100,000    100,000    100,000    100,000  100,000    100,000     

Decisiveness 67.5% 41.5% 78.5% 74.1% 35.5% 85.9%

Correctness 93.5% 81.0% 95.5% 80.6% 62.9% 84.6%

No Feedback Markets Frequency Feedback Markets
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This illustration presents one example of the many types of analyses which a simulator 

can permit. 

 
 

5.3 Considerations  for Prediction Market Designers 
The relevance of these results to the designer of prediction markets is explored. 

 

5.3.1 Choosing a Feedback Type 
Choosing the type of feedback to use in a prediction market is an important design 

consideration.     Figure 31 shows the decisiveness and error rate as measured from the 

random draws experiment.   Error rate is defined as 1-correctness and so is a simple 

remapping of Figure 13.      However, this chart resembles an efficient horizon chart used 

in finance which is usually plotted as return on the y axis and risk on the x axis.     So 

decisiveness is analogous to return in that the market designer wishes to get some 

information out of the market and error rate is analogous to financial risk. 
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Figure 31. Decisiveness and error rate observed in the random draws experiment 

 
 
So it is clear the market designer can trade some error rate to get more information from 

the market.    The designer can judge the impact of an error in the market and choose 

accordingly.    But, how much real value is the extra decisiveness of a feedback market 

really worth?    Table 79 gives a summary of the no-feedback and feedback markets after 

stage 20 from the random draws experiment.     Here, the results of Table 31 and  Table 

32  are shown as percentages.    Feedback markets are providing significant results in 

22.6%  more markets than no-feedback markets.        However, the incremental rates of 

judging incorrect values is 18% while the incremental correct values are only 4.6%.    

This can be considered that the correctness on the additional 22.6% market which were 

determined to be significant is only 20%! (that's 4.6/(4.6+18)). 
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Table 79. Comparison of no-feedback and feedback markets. 

 
 

As a different way to analyze the results, the product of correctness and decisiveness 

could be examined as a single metric of market performance.     

3�++*)&(*%% � 8*+ �+�'()* �  

�  # 3�++*)&
# 3�++*)& : # "()�++*)& 
  # 3�++*)& : # "()�++*)&

4�&'0 � # 3�++*)&
4�&'0  

This metric, percent correct, is shown in Table 80.    By this metric, frequency feedback 

markets are the best performing. 

Correct Incorrect Not Sig.

No Feedback 58.3% 0.0% 41.7%

Feedback 62.9% 18.0% 19.1%

Change -4.6% -18.0% 22.6%
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Table 80. Percent correct by market type. Percent correct is the product of correctness and 
decisiveness.   Results are shown by market stage (number of participants) for the random draws 

experiment. 
 
The characteristics of the application may help the prediction market designer choose a 

market structure.    Table 81 illustrates one selection framework.  The expected signal 

strength and project characteristics are used here as the selection criteria.   Project 

characteristics shown are Mission Critical and Exploratory are illustrated below: 

• Mission Critical: e.g., prediction market is being used to support a forecast which will 
appear in the company's annual report 

• Exploratory: e.g., prediction market is used as part of a marketing group's evaluation of 
new product concepts 

The signal strength may be the designer's best guess or perhaps previous prediction 

markets have provided some indication (e.g., many prior prediction markets resulted in 

Stage No FB Pct Freq

1 16.7% 20.9% 13.0%

2 25.0% 23.3% 19.6%

3 22.9% 32.6% 30.4%

4 25.0% 37.2% 28.3%

5 25.0% 32.6% 37.0%

6 35.4% 41.9% 41.3%

7 39.6% 46.5% 45.7%

8 43.8% 48.8% 47.8%

9 43.8% 44.2% 50.0%

10 45.8% 48.8% 47.8%

11 41.7% 48.8% 52.2%

12 41.7% 48.8% 52.2%

13 45.8% 48.8% 56.5%

14 47.9% 48.8% 58.7%

15 52.1% 51.2% 63.0%

16 52.1% 51.2% 67.4%

17 56.3% 55.8% 67.4%

18 60.4% 58.1% 67.4%

19 60.4% 58.1% 67.4%

20 58.3% 58.1% 67.4%

Correctness x Decisiveness
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'Not Significant' results).     Where the signal is expected to be strong and the project is 

critical then the designer may favor no-feedback markets.    When the signal is expected 

to be weak and the results are not mission critical then the designer may favor a feedback 

market. 

 
 Project Characteristics 

Mission Critical Exploratory 

 

 

Signal 

Strength 

Strong Favor Correctness - No-

Feedback 

Need both Correctness 

and Decisiveness, but 

favor Decisiveness - 

Feedback or Hybrid? 

Weak Need both Correctness 

and Decisiveness, but 

favor Correctness - No-

Feedback Hybrid? 

Favor Decisiveness - 

Feedback 

Table 81. Potential selection criteria for market structure. 
 
 
The way the market results are to be used might also influence the structure to be used.   

As discussed in section 2.2.3.2.2, the Ellsberg Paradox showed that humans are averse to 

ambiguity.    If the market results are needed to convince an audience (e.g., senior 

management) then more Decisive and lower entropy feedback markets may be valuable. 

 

5.3.2 Market Size (Number of Participants) 
The number of participants is another parameter which may be under the control of the 

market organizer.   Should the market be kept to a small, select group in the organization 

or made more generally available?     It is expected that this would be heavily dependent 

on the signal strength (availability of private information) and the allocation styles used 

by the participants.   The experimental data can be examined for some guidance.   Figure 

32 shows the decisiveness and correctness results for the no-feedback and feedback 
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markets by market stage.   No-feedback market decisiveness is quite stable after 7 

participants.   However, the correctness continues to rise until it reaches 100% at stage 16.    

By contrast, decisiveness for feedback markets appears to keep rising over most of the 

experiment with a plateau being reached quite late in the experiment.   Feedback market 

correctness appears to reach a maximum after approximately 15 participants.     

 

 
Figure 32. Decisiveness and correctness by stage (random draws experiment) 

 

5.3.3 Guiding Participants to Improve Performance 
Section 5.2.5 suggested that if the participants used more available information and more 

complex algorithms in the allocation of their tickets, the performance of the market 

would improve.     Generally, these changes also improve the participant's financial 

performance as they approach the maximum expected value, and thus represent a win-

win for both the participant and market organizer.   Plott et al. (2003) gave participant's a 

review of Bayesian statistics and showed them a version of Table 22.    A prediction 
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market organizers may use some type of similar information to improve the performance 

of their participants. 

 

5.3.4 Screening 
The random draws experiment included two types of participant screening while the 

mirage prone data experiment had no screening.   It's possible that the participants in the 

mirage prone experiment who would have been screened out if screens were present may 

have had a significant contribution to the poor decisiveness and correctness performance 

seen in those results. 

 

Table 26, shown earlier, showed the results from a no-feedback market in the mirage 

prone.    Participant 4 received a draw of DDE and put all 100 of their tickets on state C.   

These 100 tickets represented nearly 40% of the tickets allocated to state C through the 

first 12 stages and created a market which did not display a significant mode.   So, not 

only was private information excluded from the market, the spurious input adversely 

impacted the result.    In feedback markets the result of a spurious impact can be even 

more detrimental, especially if that input occurs early in the market and creates an 

information mirage. 

 

Two screening methods were tested and described in section 4.1.4 including an attention 

test and a screen on a no-feedback market.   No-feedback markets have an inherent 

advantage as screening need not be done in real time.   Feedback markets would require 

the screening to be complete before the participant were allowed to enter the market. 
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5.3.5 Synchronous or Asynchronous Markets 
Most of the prediction markets being implemented today are synchronous.   An 

asynchronous market has been shown in the present study.   While this implementation 

was used primarily due to the design of the experiment, it provides a potentially useful 

type of market.   For a no-feedback market design there is no reason to have a 

synchronous market.   For a feedback market one might argue that those at the end have 

an advantage over those at the beginning.   However, if the market is repeated on a 

regular basis (e.g., a monthly forecast) then participants could have different positions on 

each cycle.   Additionally, synchronous markets place a greater burden on the 

implementation of the market, especially in terms of the software needed.   And, 

synchronous markets place a burden upon the participants as they must be available at the 

specific time (and perhaps place) of the prediction market.   If the market includes 

participants across various time zones, this can be logistically difficult.   The present 

research suggest practitioners might consider an asynchronous approach. 

 

5.3.6 Evaluating Prediction Market Results 
The present study has defined a method to judge the statistical significance of results in 

terms of correct, incorrect or not statistically significant as discussed in section 3.4.2.       

This can be valuable for the prediction market organizer in the interpretation of their 

results.    Still qualitative analysis of distribution shape of real world prediction market 

results may give clues to participants' insights.   For example,  dual peaks may give clues 

to dissonance being experienced by participants (Hopman, 2008). 
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5.4 Future Research 
Areas of potential future research are now discussed. 

 

5.4.1 Simulation 
Further simulation development, testing and applications are here indicated.   Several 

possible simulation projects were described in section 5.1.  As mentioned, simulation can 

help to understand market conditions that may be difficult or time consuming to test 

empirically.    Simulation work may be used to narrow down a list of ideas for an 

empirical study.   Or, simulation could be used after an empirical study to gain insight 

into a phenomenon observed in the experiment.     

 

Within a given market structure, there are several important characteristics which could 

impact performance.   Some of these may be under the control of the organizer.   Others 

may not be under the organizer’s control, but an understanding of them may influence the 

organizer’s choices. 

 

The performance of the market as a function of the number of participants in the market 

is of great interest to the market designer (section 5.3.2).   Depending on the 

circumstances it is likely under some degree of control to the designer.   In some cases, 

the designer may determine that relatively few participants should participate and in this 

situation the designer would be keenly interested in the expected performance of such 

market. 
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Other factors of interest may be difficult to control but  the designer might have some 

influence on the effect.   For example, the designer may influence diversity by who is 

invited to participate in the market.   Training for participants on cascade tendencies or 

maximizing expected payoffs might influence feedback effects.   The impact of these 

changes could be estimated and simulated to study the impact on market performance. 

 

Other factors may be outside the control of the organizer but the designer may have some 

understanding of these parameters which could help in the analysis of the market results.    

Key factors in this category are signal strength and the presence of noise.   Signal 

strength relates to the amount of information available to market participants in the 

problem space.   Noise relates to how clearly available information is interpreted.   To 

illustrate, consider a forecasting prediction market.    If the participants have a lot of 

information relevant to the forecast (e.g., inventory levels, customer insights, ecosystem 

factors, etc.) they are able to make more knowledgeable assessments.   If the information 

is unclear (e.g., customers giving conflicting signals, channel partners giving ambiguous 

responses, etc.) or noisy then individual assessments are more difficult.   Simulation 

studies could help to increase understanding of how the markets perform under varying 

levels of signal strength and noise. 

 

Table 82 briefly describes some hypotheses on how key factors may impact correctness 

and decisiveness in prediction markets.    These represent a sampling of ideas for a 

simulation research project. 



183 

 
 

Factor Hypothesized 
Impact on 

Correctness  

Hypothesized 
Impact on 

Decisiveness  

Hypothesized Net 
impact 

Number of 
participants  

More participants 
increase correctness  

More participants 
increase 
decisiveness  

More participants 
improves 
performance 

Diversity  Greater diversity 
increases 
correctness  

Greater diversity 
increases 
decisiveness  

Greater diversity 
improves 
performance 

Degree of 
positive 
feedback  

More positive 
feedback decreases 
correctness  

More positive 
feedback increases 
decisiveness 

Positive feedback 
involves a tradeoff 

Degree of 
negative 
feedback  

More negative 
feedback increases 
correctness in a 
system which already 
has positive feedback 
(by reducing 
information mirages) 

More negative 
feedback reduces 
decisiveness 
correctness in a 
system which 
already has positive 
feedback 

Negative feedback 
involves a tradeoff 

Signal Strength  Stronger signal 
increases 
correctness  

Stronger signal 
increases 
decisiveness 

Stronger signal 
improves 
performance 

Noise Levels  More noise reduces 
correctness 

More noise reduces 
decisiveness 

More noise degrades 
performance 

Table 82. Hypothesized impact of key factors 
 

5.4.2 Parimutuel Markets 
Parimutuel markets were briefly mentioned in section 2.1.1.2.   These were explored in 

detail by Plott et al. (2003).   Table 83 summarizes the pros and cons of a parimutuel 

system. 

 

Parimutuel systems have some interesting benefits.  First, compared to a fixed winning 

system, they provide a measure of negative feedback.    Since the market prize is split 

amongst winning tickets, as more tickets are allocated to a particular state the incentive to 

place more tickets on that state decreases.   Another state, which may have a lower 
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probability of being correct, may offer a better expected value.    This negative feedback 

should help in reducing information mirages. 

 

A long shot bias has been observed in gambling (Woodland & B.M., 1994) as well as 

parimutuel market (Hurley & McDonough, 1995).    In this situation, participants tend to 

overvalue long shots and undervalue favorites.    This phenomenon was also observed in 

the experimental parimutuel prediction markets (Plott et al., 2003). 

 

However, there are some clear negative issues with parimutuel markets.   First, since the 

pool will be split amongst all winning tickets, there is incentive for participants to attempt 

to influence other members as they place their bets.    For example, bluffing may occur.   

Second, if there is some indication of the accumulated bets, there is incentive to delay 

making one’s bet until the last possible moment – when all the diverse information of the 

participants has been accumulated in the system.   This is in contrast to a double auction 

process where participants are incentivized to bet early, when market inefficiencies may 

be present (and prices are low). 
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Pros Cons 
Provides a source of negative feedback - 
could provide a counter force to 
information mirages 

Could foster disruptive strategic behavior – 
e.g., bluffing 

May provide additional incentive to 
participants as they perceive large potential 
winnings  

Incentivizes delaying the allocation of 
tickets  (as group information is collected) 
– vs. double-auction which incentivizes 
quick action 

 May cost the market organizer more in 
terms of payments since the entire pool of 
incentive prizes is paid each time - 
independent of the performance of the 
market 

Table 83. Pros/Cons of parimutuel system 
 
 
Comparing the parimutuel and a fixed winning system offers interesting tradeoffs 

between the payout the organizer must make and the perceived possible winnings by 

participants.   In the parimutuel system the entire market prize is awarded each time, 

regardless of market performance (with the exception when no tickets are placed on the 

correct state).   By contrast, the payout in a fixed winning system is unpredictable.   It is 

bounded by the winnings per ticket multiplied by the number of tickets, but would rarely 

if ever reach that level.   To the organizer's benefit, the payout is proportional to the 

performance of the market.    The tradeoff here concerns the incentives perceived by the 

participants.   In a fixed winning system the participant knows their maximum possible 

winning (the amount one winning ticket will fetch times the number of tickets).   By 

contrast, in a parimutuel system there is the chance that one single ticket could win the 

entire market prize (if that one ticket is the only ticket placed on the correct state).   To 

illustrate this imagine a corporate prediction market designer who has a budget of $100.   

They want to run a market with 10 participants and are considering a fixed winning vs. a 

parimutuel system.   How should they set up the prize structure?   For the parimutuel they 
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may simply say the prize is $100 and each of you get 100 tickets to allocate.   Any 

participant has the opportunity (perhaps very small) of winning the entire $100.   That 

may provide a significant amount of incentive and the participants may expend 

considerable energy in making their selections.   The fixed winning system is much more 

difficult to plan.   If the budget is fixed they may indicate that each participant gets 100 

tickets and each correct ticket is worth 10 cents ($100/1000) budget compliance.   

However, in this case, each participant can win a maximum of only $10.   This may result 

in less mental energy being expended during the allocation process.   Another option 

open to the organizer is to make tickets worth more than 10 cents and assume some 

maximum percentage of the tickets will be allocated on the correct state.   That would 

provide more incentive to the participants but the organizer runs the risk of going over 

budget.   In fact, this characteristic makes the design of a research experiment to compare 

fixed winning and parimutuel markets very challenging. 

 

5.4.3 Hybrid Markets 
Roust and Plott (1999) tested a two stage parimutuel market where the first stage had no 

feedback and the second stage included feedback.     Other types of hybrid structures 

would be interesting to explore.   For example, a hybrid market could be constructed 

where some members of the market receive feedback and others do not.    A hypothesis is 

that a  hybrid market's performance would lie somewhere on the curve formed by the 

pure markets of Figure 13. 
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5.4.4 Treatments to Improve Individual's Performanc e 
As discussed in sections 5.3.3 and Plott et al. (2003)  there may be opportunities to 

improve the way individuals allocate tickets which would improve the overall 

performance of the markets (as well as increase the individual's winnings).    An 

experiment where one group received a certain treatment (such as being shown Table 22, 

the Bayesian probabilities given the different types of draw sets) compared to a control 

group should be able to test this hypothesis. 

 

5.4.5 Correlation of Allocation Styles to Psycholog ical 
Characteristics 

Further analysis and empirical experimentation could help understand the relationship 

between allocation styles and individual's characteristics.   A deeper understanding here 

could help to tailor the treatments as described in section 5.3.3. 

 
 

5.4.6 Impact of Final Digit Bias 
Figure 19 showed a bias by respondents to round allocations to multiples of 5 or 10.    It 

would be valuable to understand if, and how, this phenomenon impacts the performance 

of the markets. 

 

5.5 Summary 
Prediction markets are emerging as an interesting tool for organizational knowledge 

management.    Their ability to assimilate diverse information in the organization and 

bypass some of the human biases present in group processes is seen as a valuable 

instrument to improve business performance.   The primary goal of the present study was 
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to gain insights into the operation and optimization of prediction markets.   Specifically, 

the research sought to understand how these markets assimilate information and how this 

process is influenced by the presence, and type, of feedback.     

 

The research supported the hypothesis that information assimilation in feedback markets 

is composed of two mechanisms - information collection and  aggregation.    These are 

defined as:  

• Collection - The compilation of dispersed information - individuals using their 
own private information make  judgments and act accordingly in the market. 

• Aggregation - The market's judgment on the implications of this gathered 
information - an inductive process. This effect comes from participants 
integrating public information with their private information in their decision 
process. 

 

Information collection was studied in isolation in no feedback markets and the hypothesis 

that markets outperform the average of their participants was supported.    The hypothesis 

that with the addition of feedback, the process of aggregation would be present was also 

supported.    Aggregation was shown to create agreement in markets (as measured by 

entropy) and drive market results closer to correct values (the known probabilities). 

 

Information mirages were hypothesized as a key failure mechanism and their fingerprint 

was detected in the research data.   It was suggested that the very mechanism of market 

information aggregation, the inductive portion of information assimilation, can inherently 

produce bubbles based on randomness in the processes.   This illustrates that market 

bubbles in the form or information mirages can come about as the result of statistical 
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variations in private data coupled with rational judgment and decision processes; bubbles 

need not come from simple irrationality.   

 

A primary hypothesis of the present study was that changing the presence and type of 

feedback supplied to the market can impact market performance because of its impact on 

this inductive process.   The research showed that the presence of feedback increased the 

precision of the market at the expense of accuracy.   The data also suggested that the type 

of feedback may modulate this process which may allow a prediction market organizer to 

tailor the market to the specific requirements of their task. 

 

The way individual participants use information to make allocations was studied.    In 

feedback markets the fit of participant's responses to various decision models 

demonstrated great variety.  The decision models ranged from little use of information 

(e.g., MaxiMin),  use of only private information (e.g., allocation in proportion to 

probabilities), use of only public information (e.g., allocating in proportion to public 

distributions) and  integration of public and private information.    Analysis of all 

feedback market responses using multivariate regression also supported the hypothesis 

that public and private information was being integrated by some participants.   The 

subtle information integration results are in contrast to the distinct differences seen in 

markets with varying levels of feedback.    This illustrates that the differences in market 

performance with feedback are an emergent phenomenon (i.e., one that could not be 

predicted by analyzing the behavior of individuals in different market situations). 
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The characterization of individual participant's use of information can lead to the 

development of models (and simulators) to understand the performance of different 

market structures.   This might be used to predict potentially interesting performance 

characteristics of a prediction market under certain conditions that could later be tested 

empirically; such as a treatment that changes the way individuals use their information to 

allocate tickets and thereby improves the overall performance of the prediction market.   

Alternately, the characterization of individuals responses may be used with  a simulator 

to explain an effect seen in a prediction market that had not previously been understood - 

an application of generative science to explain an emergent effect. 

 

The results of this study have increased our collective knowledge of market operation and 

have revealed methods that organizations can use in the construction and analysis of 

prediction markets.     In some situations markets without feedback  may be a preferred 

option.  The research has studied information aggregation and shown support for the 

hypothesis that it can be simultaneously  responsible for the beneficial information 

processing in feedback markets as well as the harmful information mirage induced 

bubbles.    In fact, a market subject to a mirage prone data resembles a Prisoner's 

Dilemma where individual rationality results in collective irrationality. 
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Appendix - Survey Details 
 
1. IRB approved Consent Form: 
 
You are invited to participate in a research study.   This research is being conducted by 

Richard Jolly, a student in Portland State University’s Systems Science Program and 

School of Business.  The research is part of a PhD dissertation and is being supervised by 

Professor Wayne Wakeland. 

 

If you decide to participate, you will be asked to partake in an on-line simulated market.   

You will be given some information about the market which is unique to you and you 

will see how other market participants have acted.   You will then be asked to make an 

allocation of tickets which represents your best guess for the future state of the market.    

You will participate in a number of these market activities over the course of about 15-

20 minutes.   You will receive a payment after participating in the study.   In addition, 

the knowledge which the study produces may help others in the future. 

 

None of your contact information will be kept with the data – so there will be no way to 

link your responses to you. 

 

Your participation is voluntary.   You may also withdraw from this study at any time.  

However, if you do withdraw, you will not be eligible for the payment. 

 

If you have concerns or problems about your participation in this study or your rights as 

a research subject, please contact the Human Subjects Research Review Committee, 

Office of Research and Sponsored Projects, 600 Unitus Bldg., Portland State University, 

(503) 725-4288 / 1-877-480-4400.   If you have questions about the study itself, contact 

Richard Jolly at amtsurvey2010@yahoo.com. 

 

Clicking the ‘Yes’ button indicates that you have read and understand the above 

information and agree to take part in this study. Please understand that you may 

withdraw your consent at any time, and that, by clicking, you are not waiving any legal 

claims, rights or remedies. Please print a copy of this page for your own records. 

 

Would you like to participate? 

o Yes, I have read the instructions and would like to participate 

o No, I would not like to participate 
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2. Instructions for Incentivized Poll 
 
Instructions: 

Please read the instructions carefully so that you can properly complete the survey. 

 

How you earn your bonus 

You will be participating in an experiment in the economics of market decision making.   

Your bonus will be determined from your allocation of tickets in a set of simulated 

markets.   There are six states in each market: A, B, C, D, E and F.   One of the six will be 

randomly chosen as the correct state for any given market.     You will be given 100 

tickets for each market which you can distribute any way you wish across the six states.    

For example, let's say you distributed your 100 tickets as follows: 

 

A B C D E F 

4 42 9 21 17 7 

 

If the correct state were B, then, for this market,  you would earn a bonus of 42% of the 

maximum bonus for that market.  

 

You will be given information to help you distribute your tickets.     But, first, we will 

explain how the correct state is determined. 

 

The correct state 

The computer will randomly determine the correct state for each market.    The 

computer's process can be most easily understood by considering the analogy of 

drawing balls from a bingo cage. 

 

Six balls labeled A, B, C, D, E and F are placed in a bingo cage as shown in the figure 

below.  One ball is drawn at random.   The ball which was drawn becomes the correct 

state or the solution for the market.   You will not be told the results of this draw  – it is 

what you are attempting to predict in the exercise. 

 

 
Phase 1 draw - the first bingo cage 
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Your Private Information: 

You will also be given information which can help you distribute your tickets.   This 

information is also randomly generated by the computer.    Again, we use the bingo cage 

analogy to describe how this information is generated.    Consider that balls will be 

drawn from a second bingo cage and these draws will be shown to you.    This second 

cage will be biased based on the results of the draw from the first bingo cage.   For 

example, let’s say that the ‘B’ ball was drawn from the first bingo cage.    The second 

bingo cage would then contain 5 ‘B’ balls, 2 ‘A’ balls, 2 ‘C’ balls, 2 ‘D’ balls, 2 ‘E’ Balls and 

2 ‘F’ balls as shown in the figure below.    So, the odds that a B ball would be randomly 

drawn are higher. 

 

 
The second bingo cage 

The private data you will be shown is based on drawing balls from this second bingo 

cage.   The exact method is called ‘drawing with replacement.’   A ball will be drawn 

from the cage, recorded and then replaced into the cage.   The cage will then be spun 

and the process repeated until three draws are completed.    The drawing with 

replacement process means that for each draw the contents of the bingo cage are the 

same.   The results of these three draws will be reported to you on the screen in a 

graphic as below: 

 

 
 

This shows that the first ball drawn was a B ball.   The second and third balls were both F 

balls. 
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The Markets: 

The markets will be conducted online via this survey.   You will be participating with 

others – spaced out in time.    Between 10 and 20 people will participate in each market.    

 

At the beginning of each exercise you will see the following graphic on your screen: 

 

 
 

This indicates you have 100 tickets left to allocate across the six states – A through F. 

 

Let’s say, for example, that you then allocate 10 tickets for each state A through F by 

typing a 10 into the corresponding boxes in the table.   The screen would now update to 

the following: 

 

 
 

This shows that 10 tickets have been allocated for each state and 40 are remaining to be 

distributed.   You should continue allocating tickets until the ‘Tickets Remaining to 

Allocate’ indicates 0. 

 

The screen you will see for each market will combine the private data - the draw of 

three balls from the bingo cage - and the ticket allocation graphic.   The figure below is 

an example of the screen graphic. 
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Do you understand the process and are you ready to begin? 

o Yes 

o No 

 
 
3. Screen shot of  Incentivized Poll Market 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



203 

4. Instructions for Feedback Markets 
(note, this shows the instructions for frequency markets - the instructions were 

modified accordingly if the respondent was selected into percentage markets). 

 

What others are doing: 

In the final markets you will now have an additional source of information to use to 

make your ticket distributions  - what others have done.    In addition to your private 

draw, your market screen will also show the cumulative result of all those market 

participants who have preceded you. 

 

The selections of those who have preceded you will be shown in a graphic as below: 

 

 
 

This shows that 44 tickets have been allocated to state A, 122 to state B and so on.   If 

you are the first participant in the market then the totals will be 0 for each state. 

 

So, you now have two sources of information as to which ball is more likely to have 

been drawn for the market:  

a) the private information of your three ball draws from the bingo cage 

b) the cumulative allocations made by prior participants.    

 

The screen you will see for each of these types of  market exercises will be as below: 
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Your Bonus in these markets: 

You bonus will be calculated as mentioned before - based on the percentage of tickets 

you correctly allocate.   There is no pooling of winnings - so how others allocate their 

tickets does not affect your bonus. 

 

 

Do you understand the market information and are you ready to begin? 

o Yes 

o No 

5. Screen Shot of Feedback Market 
 

 
 
 
 


