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ABSTRACT

The results of recent studies on prediction markats

encouraging. Prior experience demonstrates thaketsmamwith

different incentive schemes predicted uncertainriuevents at a
remarkable accuracy. In this paper, we study thpaah of

different monetary incentives on the predictionuaacy in a field

experiment. In order to do so, we compare threegp®f users,
corresponding to three treatments with differenteirtive

schemes, in a prediction market for the FIFA WdCidp 2006.

Somewhat surprisingly, our results show that penforce-

compatible payment does not necessarily increasethdiction

accuracy.

Categoriesand Subject Descriptors

H.3.5 [Information Storage and Retrieval]: Online Information
Services -commercial services, web-based servickd [Social
and Behavioral Sciences]: Economics

General Terms
Design, Economics, Experimentation.
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Prediction Markets, Incentive Engineering, FielcpEsiment.

1. INTRODUCTION

Prediction markets are a promising approach foedasting
uncertain future events. The basic idea of a ptiedienarket is to
trade virtual stocks with certain payoffs that degp@n uncertain
future events. Examples comprise the outcome oflection or
the results of a sports event. The lowa Electrdnaket (IEM)

for predicting the outcome of the presidential #ets in 1988
was the first political stock market [2]. Since tihgolitical stock
markets have been widely used as an alternativpotls and
initially seemed to be the miracle cure in psepggldpart from

political stock markets, the idea behind predictioarkets has

also been used in various settings like in marlesearch or
business forecasting in general [12, 13]. Latelgre¢asting
markets are also used in order to predict the owcof sports
events [7].

The principle idea is that according to the effitiemarket

hypothesis [1], prices of traded assets reflect athilable

information and, thus, asset prices can be usegdradict the

likelihood of uncertain events. Consider a shas firomises a
payment of one currency unit for every percentagietpa party

obtains at an election. If, for example, a partpswilO percent at
the election, the participants receive 40 curreagits for each

share of that party they have in their portfolim f&vestor who

believes that the party will obtain 40 percentagmfs might sell

his shares of this party for prices above and higit®mnal shares
for prices below 40 currency units. Thus, the mapkies reflect

the expectations of the traders regarding the owtcof the

election [8]. Several studies have shown that theket prices of
the shares prior to the election are very closéh&opercentage
points the respective parties win at the actuaitiele.

The focal point of this work is to study the impadt different

incentive schemes on the prediction accuracy in iedd f
experiment. We want to elaborate on the questiorethér

prediction markets with performance-related inogrgi perform
better than markets with fixed payments. Somewhgtrisingly,

our results show that performance-compatible ingestdo not
necessarily increase the prediction accuracy. Baseolur results
we will give advice on engineering incentive scherfar future
prediction markets.

The remainder of the paper is structured as folloWse next
section describes some related work on incentigksrses in the
area of experimental economics and two studiegalkmoney vs.
play-money prediction markets. In section 3, wenttlescribe the
setup of our field experiment we conducted durihg FIFA

World Cup 2006 in Germany. Furthermore, we disaussresults
concerning the impact of different incentive schenan the
prediction accuracy in section 4. Thereby, we alseculate why
using performance-related incentives could posslbbd to a
decrease in prediction accuracy. In section 5, welly

summarize our findings and give an outlook on fmdssi
implications these results might have on designingentive
schemes for public and intra-enterprise predictiamnkets.



2. RELATED WORK

Previous research in the field of prediction maskieds shown
that play-money as well as real-money markets cedigt future
events at a remarkable accuracy [2, 13]. So farkehaperators
have employed various kinds of incentive schemesriter to
motivate people to take part in such markets anceveal their
expectations. Typical examples are prizes for tye gerformers
of a market, lotteries among all traders, rankipgblished on the
Internet or even real-money exchanges. We suspedt the
embodiment of the incentive mechanisms has a hugadt on
the market quality and the prediction accuracy.desthis, we
are aware of merely two papers studying incentisegrediction
markets by comparing real-money and play-money atark

In one of these two earlier studies, Servan-Schred al. found
that there was no statistically significant difiece between the
real-money market TradeSports and the play-moneykeha
NewsFutures [11]. Rosenbloom et al, however,
TradeSports to be significantly more accurate tNawsFutures
for non-sports events [10]. In case of NFL gamisy tproduced
conclusions consistent with those from Servan-Sihreet al.

Considering both studies, we believe that the impsHcreal-

money vs. play-money still remains an open quesdtiothe field

of prediction markets. Moreover, there exists farenthan one
design option only for play-money markets — and dts real-

money markets. The strength of both studies idatyge data set
from real-world online experiments that both papesly on.

However, both studies do not consider any othderdifices apart
from the use of real-money or play-money in themparison of
the two markets. Although the markets they compaee quite
similar, they are by far not identical. We agreattla key
difference between the two markets is that one vsalsmoney
while the other does not. But how did some othepeets

influence the prediction accuracy? It remains aenoguestion
how e.g. the number of traders and their tradingviac

influences the market and thus also the prediciiceuracy. This
seems to be an interesting question, since the auotbtraders
per contract was not available for TradeSports. Wikamore,

TradeSports does also levy a small fee on eackaction. How
does this impact the trading behavior and the tiegulshare
prices? The two markets — TradeSports and Newsésutdiwere
not identical and we thus claim that other influegcfactors

might have caused the results described by SerghreBer et al.
and also by Rosenbloom et al.

As already mentioned before, these two are the malgers
dealing with incentive schemes that we are awaie tife field of
prediction markets. In experimental economics hasgethere is
quite a lot of research concerning payment scherfues
participants in lab experiments. Many experimem@bnomists
most probably would insist that monetary risk iguieed in order
to obtain valid conclusions about economic behavRayments
based on the participants' performance are usuténded to
provide incentives for rational — or at least wetinsidered —
decision making. On the other hand, there is ewédethat
monetary incentives do not necessarily increastomeance [3].
All in all, we consider studying the impact of d@ifént incentive
schemes on the prediction accuracy of markets an agmd
interesting question. We thus conducted a fieldegrpent to
analyze several monetary incentive schemes thatd céor

found

instance be used in internal prediction markets dompany-
specific predictions.

3. EXPERIMENTAL SETUP

In this section we describe the setup of the fietderiment we
conducted during the FIFA World Cup 2006 in Germdriystly,

we present the basic setup. Secondly, we elaboratihe three
payment schemes we studied in our field experiraedt explain
why we chose these three incentive schemes. Thindiydiscuss
our expected results for this experiment.

3.1 Basic Setup

In our field experiment we were operating 20 pradic markets
for the last 20 matches of the FIFA World Cup 208§ assets we
traded the possible outcomes of all the matchesteTWere three
possible outcomes for every match — either teanpA ar team B
won or there was a draw after the second half. Mteduced the
third asset (“draw”) although there were no drawssgible in the
tournament. The reason was that we did not wantotwsider
penalty shootouts because we considered their mgtcoore or
less unpredictable. The asset corresponding toettemts that
actually occurred during the World Cup was valugd1@0
currency unit after the match; the other two assetg worthless.
Thus, traders could buy and sell so called unittfplios
comprising the three assets at 100 currency un@syatime.

Aktueller Markt: 1, Bundesliga 2006/2007
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Figure 1. Web interface of the STOCCER trading platform

In total, 60 undergraduate students from the Usitierof

Karlsruhe, Germany, were taking part in our fielgp&riment in

June and July 2006. All the markets opened aboutiays before
the corresponding match and closed at the endeoifriditch. As a
trading platform we used the system that is culyemtailable at
www.stoccer.com. A screenshot of the web interfaakepicted in
Figure 1. For more information on the system itptdfase refer to

[6].



3.2 Incentive Schemes

We divided the 60 students randomly into three gsoof 20

students each. At the end of the FIFA World Cupubkers were
paid according to their group’s incentive schemes @én thus
study the impact of three different monetary inbes by

comparing the prediction accuracy of the three gsoaf users,
corresponding to three treatments with differenteirtive

schemes. The subjects of the first group were gdided amount
of 50 Euro (from now on referred to BF). In the second group,
individuals were paid according to their ordinahkarank-order

tournament,RO). The user ranked first was paid 500 Euro, the

second 300 Euro and the third 200 Euro. All theeothsers in
this group did not receive any payment at all. Tdigo results in
an average payment of 50 Euro per person. To dsbjecthe
third group we promised what we called a performanc
compatible payment, also with an average amounsOfEuro
(DV). Performance-compatible means that the paymeetily
depended on the users’ deposit value in the piedigharket
(deposit value divided by 10.000) and was therefdirectly
influenced by every transaction a user conducted.

We chose these three incentive schemes becausenketey are
somewhat related — although they are not the satnéneentives
that we can nowadays typically observe in predictinarkets,
namely markets without any payment, real-money etarkand
markets with rank-order tournaments. Comparing eéhdzee

different monetary incentives is also of interest éperators of
internal markets for company-specific predictiondnce

companies are usually willing to reward their enyples’ effort.

In this case, the question arises which monetamgritive scheme
is the most suitable.

For every group we ran the 20 separate marketsCoso2cer
matches that were described in Section 3.1. Sircdig/not want
to pay students that were not trading at all weasegl a relatively
small minimum trading volume per week on all of tasers.
Especially in case of the first group with the fixpayment we
were worried that the students might otherwise icmsnot to
trade at all.

3.3 Expected Results
Before conducting our field experiment we expected third
group with the performance-compatible payment tothee best
and the first group with a fixed payment to be w@st in terms
of prediction accuracy. In the following we explatre intuition
behind these expectations.

For members of the first group, there exists norimesit

motivation to reveal their expectations or to beoagm top

performers of the group. In addition, there is noentive for
them to trade more than the minimum required trg@mlume per
week. Members of the third group, on the other haadeive a
performance-compatible payment, meaning that etransaction
directly influences their payment. Traders showdsequently be
motivated and try their best. Besides, traders tdeaht to loose
money and will therefore consider very carefullyaivhnd how to
trade. In short, traders with the incentive sch@%¥ehave to “put
their money where their mouth is” [4]. For the set@roup we
expected a result somewhere in between the otlegtaups. On
the one hand, traders have a strong incentive tanteng top 3
traders of their group because they will not reeeny payment

otherwise. This should lead to a rather high tradiativity. On
the other hand, the rank-order tournament proaeimcentive to
take higher risk compared to traders e.g.DVW. Also, traders
might start betting on unlikely events because thaysider this
the best or maybe even only way to outperform tbempetitors
from the same group. For this reason, we expedted the
inventive schem®YV would outperforrRO.

4, RESULTS

In this section we will now discuss the — at fsght — probably
somewhat surprising results from our field experiméVe will

first compare the distribution of asset prices tme tthree
treatments before discussing the impact of theethneentive
schemes on the prediction accuracy.

4.1 Market Prices

In total, every group traded 60 assets in 20 differmarkets
(three assets per market). In Figure 2 we can seenany assets
were traded within a certain price range in eachthef three
treatments. The very first column for example methas 32% of
the assets were traded at prices between 0 andt@@lcurrency
units in the first treatment with a fixed payment.

When comparing the three treatments we can obsire a
relatively high number of assets are traded ateprizetween 60
and 100 currency units in the second treatments hiexactly
what we expected because people are obvioushngilb take the
risk to buy assets even at rather high prices. eSiisdin the third
group with the performance-compatible payment, dntast, do
not trade any asset at a price between 80 and W@éncy units
and almost not asset in the range from 60 to 80vidDBly,
traders withDV are not willing to take the risk of buying assats
such high prices although there is no reason whgirth
expectations should differ that much from the trade
expectations in the other two treatments.
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Figure 2. Distribution of asset pricesin thethreetreatments

One again, “people are typically willing to pay defor almost
anything if the money is real than if it is hypaibal” [9]. One
explanation for this behavior of traders in therdhtreatment
could be their risk aversion.

4.2 Prediction Accuracy
Overall, 35% of the assets with the highest shae put of the
three assets per match actually corresponded tooliserved



outcome in case of the fixed payment and the aeepag-game
trading price of the asset corresponding to themue was 40.83
virtual currency units. In the rank-order tournamehe favorite
outcome according to the asset prices actuallyroedun 45% of
the cases and the average pre-game trading pri¢beofisset
corresponding to the outcome was 51.65 currencis.uRinally,

in case of the performance-compatible payment, ftherite

outcome according to the asset prices actuallyroedun merely
20% of the cases and the average pre-game tradicg @f the

asset corresponding to the outcome was 26.64 ayrrenits.

This means, when interpreting the asset pricesa@sapilities the
third treatment predicted the outcome of a matchrsevahan
randomly drawing one of the three possible evefitdis was

indeed rather surprising to us, especially sinpe@ally the rank-
order tournament seems to work quite well.

However, in Section 4.1 we have already learnetidbset prices
seemed to be rather small in case of the perforeaaompatible
payment. This can also be seen when calculatinguhe of the
three asset prices corresponding to the threelpessitcomes of
a match. These prices should sum up to about X¥0@abicurrency
units since the probability that one of the threengs occurs is
100%. In case of the performance-related incersslgeme the
average price of such a so called portfolio is dsBy30 virtual
currency units while it is indeed very close to 10@he other two
treatments.

To analyze the correlation between asset prices andome
frequency in more detail, we sorted the data intwkbts by
assigning all of the assets to one of five priagyes according to
their pre-game trading price. The size of the eBcnd triangles
indicates how many assets prices fell into theepriznge. The
larger the circle or triangle is, the more assetsewassigned to
this bucket. Figure 3 plots the relative frequerndyoutcome
against the prices observed before the match dtarte
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Figure 3. Market forecast probability and actual probability

For the rank-order tournament (black circles) theralation

coefficient is 0.84, while it is only 0.34 for tliged payment and
with 0.19 even worse for the performance-compatibtentive

scheme. Thus, the prediction accuracy is — in eshtto our
expected results — quite poor in the third treatr®h Somewhat
surprisingly, the rank-order tournament outperfothesother two
incentive schemes.

As we have already mentioned earlier, on averagestim of the
three asset prices corresponding to the threelgessitcomes of
a match was only 53.30 virtual currency units isecafDV. This

might explain why the prediction accuracy is quit®r in case of
this incentive scheme. To analyze this in moreibeta divided

all the asset prices by the average price of af@mrtand then
once more plotted the relative frequency of outc@gainst the
prices observed before the match started. Nevesbgethe rank-
order tournament still performs much better thanghrformance-
compatible incentive scheme.

4.3 Discussion of our Results

We can now only speculate about possible reasarthiforesult.
Besides extrinsic motivation traders might also ibtinsically
motivated. This could also help to explain why evbka fixed
payment scheme seems to work to some extent. Howene
think that the risk aversion of the traders is mawly the main
reason for our results. We conducted a lottery aghexperiment
as known from Holt and Laury [5] in order to meastire traders’
degree of risk aversion before we started our fetgeriment.
The choices involved large cash prizes that werid pa the
participants. Nearly 75% of the subjects exhitsk @version.

In case of the fixed payment, traders can neithier vor loose
money, so they just play for fun. Moreover, tradeils take quite

a lot of risk in the rank-order tournament becabhsy have to be
among the top performers within their group to neeethe

relatively high payment. Thus, the incentives ovée risk

aversion. Only in the third treatment, the perfano&compatible
incentive scheme, traders receive an endowmen® o and
could potentially loose money with every transacttbey make.
As a result, buyers are obviously very careful ant willing to

spend too much money on any asset. But why arersedlilling

to give up assets at prices below their averageh®diell, users
have to trade in order to reach the minimum traisac/olume.

Once sellers have started to partially sell theit portfolios they
are probably willing to sell at rather low pricesavoid the risk of
holding shares of an event that does in the encdoatr. Asset
prices are thus much lower than in case of therdtt incentive
schemes. Maybe there would be almost no transactfidraders
would not have to achieve the minimum transacticlume.

5. SUMMARY

In this paper, we have analyzed the impact of warimcentive
schemes on the accuracy of prediction markets.r&bglts from
our field experiment show that despite our firsttuition

performance-compatible payment schemes seem torpeworse
than fixed payments and the rank-order tournamenoe to the
risk aversion of traders, the competitive environtia case of
the rank-order tournament seems to lead to theresslts.

But what are the implications for designing futysesdiction
markets? Well, out of the three incentive schemeslooked at
one should choose the rank-order tournament wiersetting up
an internal market for company-specific predictioméere
employees want to be paid for trading. We also edgin this
paper that performance-compatible payment schemes
somewhat similar to real-money markets. But cannee draw
the conclusion that play-money markets will outperf real-
money markets although the latter raise numerogsl land
technical difficulties? We would rather be carefiiien answering



this question based on our results because thatisitumight be
somewhat different in prediction markets that aperoto the

public. In this case, there is a self-selectiontrafiers and we

would thus expect many risk-seeking traders in suckal-money
market. In such a situation a performance-compatgdyment
scheme might produce much better predictions thaour field
experiment.
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