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ABSTRACTGame sites on theWorldWideWeb draw people from aroundthe world with spe
ialized interests, skills, and knowledge.Data from the games often re
e
ts the players' expertise andwill to win. We extra
t probabilisti
 fore
asts from data ob-tained from three online games: the Hollywood Sto
k Ex-
hange (HSX), the Foresight Ex
hange (FX), and the For-mula One Pi
k Six (F1P6) 
ompetition. We �nd that allthree yield a

urate fore
asts of un
ertain future events. Inparti
ular, pri
es of so-
alled \movie sto
ks" on HSX aregood indi
ators of a
tual box oÆ
e returns. Pri
es of HSXse
urities in Os
ar, Emmy, and Grammy awards 
orrelatewell with observed frequen
ies of winning. FX pri
es arereliable indi
ators of future developments in s
ien
e andte
hnology. Colle
tive predi
tions from players in the F1
ompetition serve as good fore
asts of true ra
e out
omes.In some 
ases, fore
asts indu
ed from game data are morereliable than expert opinions. We argue that web gamesnaturally attra
t well-informed and well-motivated players,and thus o�er a valuable and oft-overlooked sour
e of high-quality data with signi�
ant predi
tive value.
Categories and Subject DescriptorsH.2.8 [Database Management℄: Database Appli
ations|data mining ; H.3.5 [Information Storage and Retrieval℄:Online Information Systems|web-based servi
es; J.4 [Com-puter Appli
ations℄: So
ial and Behavioral S
ien
es|e
onomi
s; K.8 [Computing Milieux℄: Personal Comput-ing|games�This work 
ondu
ted while visiting the NEC Resear
h In-stitute.
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1. INTRODUCTIONMultiplayer games on the World Wide Web are growingin prevalen
e and popularity, fueled in part by low operating
osts and global rea
h. Game players tend to be more knowl-edgeable and enthusiasti
 about their game's topi
 than thepubli
 at large. For example, the Hollywood Sto
k Ex
hange(HSX), a play-money market where traders bet on the fu-ture su

ess of movies and stars, draws heavily from among�lm a�
ionados. In this paper, we investigate the use ofsu
h online games as topi
-fo
used sour
es of data with rel-atively high signal-to-noise ratios, as 
ompared to the webas a whole.Se
tion 2 dis
usses ba
kground and related work in ex-ploiting 
olle
tive knowledge to generate fore
asts. Se
tion 3des
ribes the three games under study. Se
tions 4 and 5 eval-uate the 
olle
tive 
ompeten
e of HSX players in predi
tingbox oÆ
e results and entertainment award out
omes, re-spe
tively. In both 
ases, we �nd that HSX fore
asts are asa

urate or more a

urate than expert judgments. Se
tion 6shows that pri
es on the Foresight Ex
hange (FX) 
orre-late strongly with observed out
ome frequen
ies for eventsof broad s
ienti�
 and so
ietal interest. Se
tion 7 examinesthe Formula One Pi
k Six (F1P6) 
ompetition, showing thata simple weighting of parti
ipants' predi
tions seems as re-liable or more reliable than even the oÆ
ial ra
e odds. Se
-tion 8 dis
usses the more general prospe
ts of mining dataand extra
ting knowledge from a variety of online games andrelated sour
es.
2. COLLECTIVE FORECASTSFor de
ades, and a
ross many dis
iplines, s
ientists haveinvestigated 
ombining fore
asts frommultiple sour
es. Gen-est and Zidek [15℄ and Fren
h [13℄ survey the extensive lit-erature on 
ombining probability assessments from multipleexperts. Clemen [3℄ reviews the equally large (and related)body of work on 
ombining fore
asts; most studies 
on
lude



that 
olle
tive fore
asts are indeed more a

urate than indi-vidual ones. Some of today's best ma
hine learning methodsare so-
alled ensemble algorithms that 
ombine 
lassi�
a-tions from multiple learners to yield more robust 
lassi�
a-tions [7℄. Collaborative �ltering algorithms or re
ommendersystems leverage 
ommunity information about many peo-ple's preferen
es in order to re
ommend items of interest(e.g., movies or books) to individuals [29℄.Markets 
an also be thought of as 
ombination devi
es.Pri
es re
e
t information distributed among many traders,ea
h with dire
t monetary in
entives to a
t on any pertinentinformation. Informative pri
es often translate dire
tly intoa

urate fore
asts of future events. For example, pri
es of�nan
ial options are good probability assessments of the fu-ture pri
es of the underlying assets [31℄; pri
es in politi
alsto
k markets, like the Iowa Ele
troni
 Market (IEM),1 
anfurnish better estimates of likely ele
tion out
omes than tra-ditional polls [11, 12℄; odds in horse ra
es, determined solelyby how mu
h is bet on whi
h horses, mat
h very 
loselywith the horses' a
tual frequen
ies of winning [1, 30, 32, 33,35℄; and point-spread betting markets yield unbiased pre-di
tions of sporting event out
omes [14℄. Several studiesdemonstrate that, in a laboratory setting, markets are oftenable to aggregate information optimally [10, 25, 26, 27℄.In a game without monetary rewards, in
entives to revealinformation presumably derive from entertainment value,edu
ational value, bragging rights, and/or other intangiblesour
es. Our re
ent investigations [22, 23℄ 
on
lude thateven market games show signs of 
olle
tive 
ompeten
e. Forexample, arbitrage opportunities on HSX (i.e., loopholesthat allow traders to earn a sure pro�t without risk) tendto disappear over time, just as they do in real markets. Se
-tions 4, 5, and 6 show that intangible rewards seem suÆ-
ient to drive fore
ast a

ura
y in market games. Se
tion 7presents eviden
e that, even without the \
arrot" of mone-tary 
ompensation, F1P6 players are motivated enough togenerate very a

urate 
olle
tive predi
tions of Formula Onera
ing out
omes.
3. THE GAMES

3.1 The Hollywood Stock ExchangeThe Hollywood Sto
k Ex
hange (HSX)2 is a popular on-line market game, with approximately 400,000 registered a
-
ounts. New a

ounts begin with H$ two million in \Holly-wood dollars". Parti
ipants 
an buy and sell movie sto
ks,star bonds, movie options, and award options. The 
ur-rent top portfolio is worth just over H$1 billion. High rank-ing portfolios are a
tually sold at au
tion on Ebay3 for realmoney on a regular basis. Based on these sales, the \ex-
hange rate" seems to be approximately H$1 million to US$1,with the rate in
reasing for higher ranked portfolios. HSXis beginning to o�er new investment opportunities ba
kedwith real money. For example, HSX investors 
ould pur-
hase shares in the movie Ameri
an Psy
ho for H$1 mil-lion ea
h; these shares paid o� about US$1 for every US$5million of the movie's box oÆ
e pro
eeds. HSX 
ofounder1http://www.biz.uiowa.edu/iem/. Other ele
tion marketshave opened in Canada (http://esm.ub
.
a/) and Austria(http://ebweb.tuwien.a
.at/apsm/).2http://www.hsx.
om/3http://www.ebay.
om/

Max Keiser hosts a weekly radio broad
ast in Los Angeles,and appears regularly on NBC's A

ess Hollywood to dis-
uss HSX information. HSX also sponsors a booth at theSundan
e Film Festival, and holds an annual Os
ar partyin Hollywood. Media reports suggest that HSX pri
es aretaken seriously by some Hollywood insiders.Although the 
urrent pri
e of any HSX movie sto
k isbased on the 
olle
tive whims of HSX traders, the valueof the sto
k is ultimately grounded in the 
orrespondingmovie's performan
e at the box oÆ
e. Spe
i�
ally, afterthe movie has spent four weeks in release, the sto
k delistsand 
ashes out: shareholders re
eive H$1 per share for everyUS$1 million that the movie has grossed up to that pointin the US domesti
 market, as reported by ACNielsen EDI,In
.4 Traders buy (resp., short sell) sto
ks that they believeunderestimate (overestimate) the movie's eventual perfor-man
e. The 
urrent pri
e, then, is a 
olle
tive fore
ast ofthe movie's four-week box oÆ
e returns.5The pri
es of some sto
ks adjust after their �rst weekendin wide, national release. On Friday, trading in the sto
kis halted; on Sunday, the pri
e adjusts to H$2.9 times themovie's weekend box oÆ
e numbers (in US$ millions).6 Inthis 
ase, the sto
k's pri
e prior to wide release is the HSXtraders' fore
ast of 2.9 times the movie's opening weekendpro
eeds. The 2.9 fa
tor is meant to proje
t the movie'sfour week total based on its opening weekend results.O

asionally, HSX o�ers \award options" asso
iated withparti
ular entertainment awards 
eremonies|for example,the 72nd Annual A
ademy Awards, or Os
ars, sponsoredby the A
ademy of Motion Pi
ture Arts and S
ien
es in2000. Five options, 
orresponding to the �ve award nomi-nees, are available within ea
h award 
ategory (for example,Os
ar award options were available for ea
h of the eightmajor Os
ar 
ategories of best pi
ture, best a
tor, best a
-tress, best supporting a
tor, best supporting a
tress, bestdire
tor, best original s
reenplay, and best adapted s
reen-play). Within ea
h 
ategory, the winning option 
ashes outat H$25, and the other four 
ash out at H$0. Before awardsare announ
ed, an option's pri
e 
an be interpreted as itsestimated likelihood of winning. For example, when KevinSpa
ey's pri
e was twi
e that of Denzel Washington, the
onsensus of HSX opinions was that Spa
ey was roughlytwi
e as likely to win as Washington. By normalizing pri
eswithin ea
h 
ategory, likelihoods 
an be 
onverted into prob-abilities.
3.2 The Foresight ExchangeHanson [17, 18℄ proposes what he 
alls an Idea Futuresmarket, where parti
ipants trade in se
urities that pay o�
ontingent on future developments in s
ien
e, te
hnology,or other arenas of publi
 interest. For example, a se
uritymight pay o� US$1 if and only if a 
ure for 
an
er is dis
ov-ered by a 
ertain date. He argues that the reward stru
tureof su
h a market en
ourages honest revelation of opinionsamong s
ientists, yielding more a

urate fore
asts for useby funding agen
ies, publi
 poli
y leaders, the media, and4http://www.entdata.
om/5Although 
ash holdings do a

rue interest on HSX, all anal-yses in this paper ignore any time value of Hollywood dol-lars.6Movies released on holiday weekends, and movies with sub-stantial box oÆ
e re
eipts prior to wide release, may adjustdi�erently.



other interested parties. The 
on
ept is operational as a webgame 
alled the Foresight Ex
hange (FX).7 There are 
ur-rently on the order of 3000 registered parti
ipants and 200a
tive 
laims. Players start with an initial amount of \FXbu
ks" and re
eive an allowan
e every week, up to a 
ertainmaximum. Parti
ipants 
an buy and sell existing 
laims,or submit their own 
laims. Ea
h 
laim is assigned a judgeto arbitrate ambiguous wording, and to ultimately deter-mine whether the 
laim is true or not on the judgment date.Claims range from te
hni
al (e.g., FX$1 if and only if analgorithm for three satis�ability is developed with a parti
-ular runtime 
omplexity by the year 2020) to so
iopoliti
al(e.g., FX$1 if and only if Japan possesses nu
lear missiles by2020) to irreverent (e.g, FX$1 if and only if Madonna namesher �rst 
hild Jesus). The developers of the site intend forthe pri
es of these 
laims to be interpreted as assessmentsof the probabilities of the various events.
3.3 The Formula One Pick Six CompetitionFormula One (F1) is one of the prime international ra
e
ar 
ompetitions. Drivers 
ompete in approximately 16 ra
esduring a season, a

umulating points a

ording to how wellthey pla
e within ea
h ra
e. The sport draws a large andavid following, espe
ially in Europe. Betting on the sportis also quite popular. A variety of bookmakers, both onlineand o�, support bets on the out
omes of individual F1 ra
esand on the results of an entire season. Media 
overage of thesport is fairly extensive, in
luding a variety of informativewebsites (e.g., http://www.motorsport.
om/).Formula One Pi
k Six (F1P6) is an email- and web-based
ompetition for predi
ting F1 out
omes.8 The game hasbeen in existen
e for a number of years, and 
urrently hasseveral thousand registered parti
ipants. No monetary re-ward is asso
iated with the F1P6 
ompetition. The goal isto 
orre
tly fore
ast the top six drivers of ea
h ra
e. Par-ti
ipants re
eive a s
ore based one how well their ranking ofdrivers mat
hes the a
tual result. For ea
h 
orre
t driver-pla
e predi
tion, they re
eive 10 points. For ea
h driverpredi
tion that is one pla
e o�, they re
eive 6 points. Forea
h driver predi
tion that is 2, 3, 4, or 5 pla
es o�, theyre
eive 4, 3, 2, or 1 points, respe
tively. Drivers that �nishin seventh pla
e and below are disregarded. Wasserman [34℄des
ribes statisti
al analyses of the �rst three years (1994-1996) of the 
ompetition.
4. BOX OFFICE FORECASTS: HSX MOVIE

STOCKSIn this se
tion, we evaluate HSX movie box oÆ
e fore
astsa

ording to several error metri
s. We also investigate thebene�t of augmenting game data with outside informationto boost predi
tion quality.Re
all that, before a movie's opening weekend, its pri
eon HSX is an estimate of 2.9 times its weekend pro
eeds. We
olle
ted the halt pri
es sh (Friday morning's pri
es) and ad-just pri
es sa (2.9 times the a
tual return) from HSX for 50movies opening during the period Mar
h 3, 2000 to Septem-ber 1, 2000. Figure 1 plots the a
tual box oÆ
e returnsa=2:9 versus the HSX estimate sh=2:9 for ea
h movie. Wemeasure a

ura
y of the fore
asts a

ording to four metri
s:7http://www.ideafutures.
om/8http://www.motorsport.
om/
ompete/p6/
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ura
y of HSX movie sto
k fore
aststo predi
t opening weekend box oÆ
e returns. Thedashed line 
orresponds to ideal a

ura
y; the solidline is the best linear �t.(1) 
orrelation between estimate and a
tual, (2) average ab-solute error, (3) average per
ent error, and (4) slope of thebest-�t line to the data.9 Table 1 reports these error mea-surements for baseline HSX data. Without any prepro
ess-ing (e.g., boosting, �ltering, or learning), HSX fore
asts areremarkably a

urate. Game players|at least 
olle
tively|appear to be knowledgeable about the prospe
ts of up
om-ing movies and are suÆ
iently well-motivated to reveal theirinformation in the 
ontext of the game, even without mu
hprospe
t for tangible 
ompensation.Next, we evaluate HSX predi
tions of four-week total boxoÆ
e pro
eeds. After a movie sto
k on HSX adjusts (or if itdoes not adjust), its pri
e be
omes a fore
ast of the movie'sfour-week box oÆ
e total r4. We gathered the delist pri
esr4 and the pri
es three weeks before delist s3 for 109 moviesbetween Mar
h 3, 2000 to September 1, 2000. Figure 2graphs r4 versus s3 for ea
h movie. The 
orrelation is 0.978,the best-�t line's slope is 1.04, and the average error is 4.01.The average per
ent error is unde�ned (in�nite), sin
e afew small movies apparently did not earn any measurableamount of money.We also re
orded the fore
asts of opening weekend returnsfrom movie expert Brandon Gray of Box OÆ
e Mojo.10 Ta-ble 1 
ompares the a

ura
y of Box OÆ
e Mojo predi
tionsto HSX predi
tions. The two fore
asts are of 
omparablequality|Box OÆ
e Mojo performed 4% better than HSXin terms of average per
ent error. In fa
t, the two sour
esmake similar errors. Figure 3 plots the 
orrelation betweenHSX errors and Box OÆ
e Mojo errors. Both sour
es over-estimate a larger fra
tion of movies; but when they do un-derestimate, they are o� by a greater amount. This o

ursbe
ause both tend to underestimate the best box oÆ
e per-9We employ a standard least-squares regression to obtainthe best-�t line. Sin
e the varian
e of data in
reases withestimate magnitude, a weighted least-squares regression maybe appropriate. Ideally, weights would be inversely propor-tional to varian
e [5℄, but we do not have enough data toa

urately assess varian
e at ea
h point.10http://boxoffi
emojo.
om/
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ura
y of HSX movie sto
k fore
aststo predi
t four week total box oÆ
e returns. Thedashed line 
orresponds to ideal a

ura
y; the solidline is the best linear �t.Table 1: A

ura
y of HSX, Box OÆ
e Mojo, and
ombined fore
asts of opening weekend box oÆ
ereturns. A

ura
y metri
s are 
orrelation, averageerror, average per
ent error, and slope of the least-squares best-�t line.
orr avg err avg %err �tHSX 0.940 3.57 31.5 1.16BOMojo 0.945 3.31 27.5 1.10avg 0.950 3.16 27.0 1.15avg-max 0.956 2.90 26.6 1.08formers. The 
orrelation in errors between HSX and BoxOÆ
e Mojo is 0.818. The two estimates may result fromoverlapping sour
es of eviden
e|for example, it is possiblethat Brandon Gray observes HSX pri
es, and/or that someHSX traders read Box OÆ
e Mojo fore
asts.We investigate 
ombining data from HSX and Box Of-�
e Mojo to sharpen predi
tions. The simplest method|averaging the two estimates|results in in
reased 
orrela-tion, de
reased average error, and de
reased per
ent error,as reported in Table 1. Sin
e both sour
es underestimate bigbox oÆ
e winners, we tried a se
ond 
ombination pro
edurethat returns the average of the two fore
asts if that averageis less than twenty-�ve, otherwise returning the maximumof the two fore
asts. This \avg-max" 
ombination gave themost a

urate predi
tions a

ording to all four metri
s (seeTable 1). Figure 4 graphs box oÆ
e numbers versus this
ombined estimate. Without more data, we hesitate to em-ploy more sophisti
ated learning and boosting te
hniqueslest we begin to over�t; on the other hand, given a

ess totraining and test data over a larger time frame, su
h meth-ods will likely be
ome warranted.Combining fore
asts works best when individually a

u-rate sour
es make un
orrelated errors [7℄. Sin
e HSX andBox OÆ
e Mojo exhibit dependent errors, the gain frommerging data, while appre
iable, is relatively small. Iden-
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y.tifying alternative sour
es that yield independent fore
astswill be a key 
omponent of any data 
ombination strategy.Some 
andidate sour
es to explore in
lude 
hat board post-ings, query logs, press 
overage, movie reviews, and linkstru
ture on the web.
5. ENTERTAINMENT AWARD FORECASTS:

HSX AWARD OPTIONSIn the 2000 HSX Os
ar options market, as it turns out,ea
h nominee with the highest �nal pri
e in its 
ategorydid indeed win an Os
ar. The Wall Street Journal, amid
ontroversy, published a poll of a
tual A
ademy voters daysbefore the Os
ar awards 
eremony; their report 
orre
tlyfore
asted only seven out of eight winners.Beyond predi
ting the most likely winner, we investigatehow a

urately HSX award option pri
es re
e
t all likeli-hoods of winning. For example, if pri
es are a

urate, thenamong all options with a normalized pri
e of H$0.1, aboutone in ten should end up winning. Our a

ura
y analysis issimilar to that 
ondu
ted for horse ra
es [1, 30, 32, 33, 35℄and other sports betting markets involving real money. We
olle
ted pri
es of award options asso
iated with the 2000Os
ars, Grammies, and Emmies, for a total of 135 options.Grammy options (nine 
ategories) and Emmy options (ten
ategories) fun
tioned exa
tly as Os
ar options, though win-ning Grammy options paid out H$42 instead of H$25.Pri
es were re
orded just before the markets 
losed, andbefore winners were announ
ed. We sorted the options bypri
e, and grouped them into six bu
kets. We pla
ed thesame number of options (16) in every bu
ket, under the
onstraint that every bu
ket in
lude at least one winningoption. We 
omputed the average normalized pri
e of op-tions within ea
h bu
ket, and the observed frequen
y withinea
h bu
ket, or the number of winning options divided bythe number of options. Figure 5 plots ea
h bu
ket's observedfrequen
y versus its average normalized pri
e. If we modeloptions as independent Bernoulli trials, then, in the limit as

the number of options goes to in�nity, 
ompletely a

uratepri
es would imply that bu
ket points fall on the line y = x,where observed frequen
y equals pri
e. Error bars display95% 
on�den
e intervals under the independent Bernoullitrials assumption. Spe
i�
ally, the lower error bound is the0.025 quantile of a Beta distribution 
orresponding to theobserved number of su

esses (wins) and trials in the bu
ket,and the upper error bound is the 0.975 quantile. The Betadistribution is the 
orre
t posterior distribution over fre-quen
y, assuming a uniform prior.11 The length of an errorbar de
reases as the number of options in the bu
ket in-
reases. The independen
e assumption is an idealization,sin
e options within a single award 
ategory are a
tuallymutually ex
lusive. The 
loseness of �t to the line y = x
an be 
onsidered a measure of the a

ura
y of HSX pri
es.We 
ompare HSX pri
es of Os
ar options to reported like-lihood assessments from �ve 
olumnists at the HollywoodSto
k Brokerage and Resour
e (HSBR),12 a fansite of HSX.We use the logarithmi
 s
oring rule to rate the market andthe 
olumnists. The logarithmi
 s
ore is a proper s
oringrule [36℄, and is an a

epted method of evaluating proba-bility assessors. When experts are rewarded a

ording to aproper s
ore, they 
an maximize their expe
ted return byreporting their probabilities truthfully. Additionally, morea

urate experts 
an expe
t to earn a higher average s
orethan less 
ompetent experts. S
ores are 
omputed sepa-rately within ea
h award 
ategory, then averaged. Indexthe �ve nominees in a 
ategory i = 1; 2; : : : ; 5. Let wi = 1 ifand only if the ith nominee wins, and wi = 0 otherwise. letp1; p2; : : : ; p5 be the market's or 
olumnist's reported prob-abilities for the �ve nominees. Then the assessor's s
ore forthe 
urrent 
ategory is ln �P5i=1 wipi�. Expert assessmentswere reported on February 18, 2000. Table 2 gives the av-erage s
ores for the HSX market, the �ve 
olumnists, andthe 
onsensus of the 
olumnists. Higher s
ores are better,with 0 the maximum and negative in�nity the minimum.Only one of the �ve experts s
ored appre
iably better thanthe market on February 18. HSX's s
ore in
reased almost
ontinuously from the market's open on February 15 to themarket's 
lose on Mar
h 26. By February 19, the market'ss
ore had surpassed all of the s
ores for all �ve experts andfor their 
onsensus.
6. SCIENCE AND TECHNOLOGY FORE-

CASTS: THE FORESIGHT EXCHANGELike HSX award options, FX pri
es 
onstitute 
olle
tiveprobability assessments of future events. To determine howa

urate these assessment are, we 
olle
ted histori
al pri
einformation for all retired (
ompleted) 
laims as of Septem-ber 8, 2000. Of these, we retained only the 172 that werebinary (i.e., paid o� if and only if some true-or-false evento

urred). We re
orded the pri
e of ea
h 
laim 30 days be-fore it expired. A total of 161 
laims were a
tive for at least30 days, and thus quali�ed for this data set. We sortedthe 
laims by their 30-day-before-expiration pri
e, groupedthem into six bu
kets of size 17 (under the 
onstraint thatevery bu
ket 
ontain at least one winning 
laim), and 
om-11Note that the expe
tation of the Beta distribution, s+1=n+2, does not 
oin
ide pre
isely with the observed frequen
y,s=n, where s is the number of su

esses and n the numberof trials. However, as n grows, the two measures 
onverge.12http://www.hsbr.net/



Table 2: A

ura
y of HSX Os
ar fore
asts andHSBR 
olumnists' fore
asts, evaluated a

ording toaverage logarithmi
 s
ore. Higher (less negative)s
ores are better.fore
ast sour
e avg log s
oreFeb 18 HSX pri
es -1.08Feb 19 HSX pri
es -0.854Tom -1.08Jen -1.25John -1.22Fielding -1.04DPRoberts -0.874
olumnist 
onsensus -1.05
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ura
y of the Foresight Ex
hange mar-ket. Pri
es are 30 days before 
laim expiration.Points display observed frequen
y versus averagepri
e. The dashed line 
orresponds to ideal a

u-ra
y.puted the average pri
e and observed frequen
y for ea
hbu
ket.Figure 6 graphs the results. Pri
es 
orrelate well with ob-served out
ome frequen
ies. Error bars show 95% 
on�den
eintervals based on the assumption that 
laims are indepen-dent Bernoulli trials with a uniform prior over frequen
y.
7. FORMULA ONE FORECASTS: F1P6The reward stru
ture in the F1P6 
ompetition is quite dif-ferent than in HSX, FX, or the F1 betting market. Corre
tlypredi
ting an improbable event yields no more points than
orre
tly predi
ting a likely event. One might expe
t that
ompetitors would 
onsistently 
hoose the six most probablewinners. But this strategy may not always be optimal. By
hoosing only the best drivers, a parti
ipant is not likely todi�erentiate himself or herself from the pa
k (unless every-one reasons this way). For example, Kaplan and Garstka[19℄ show that, under some 
onditions, pi
king the top seedsin an NCAA basketball tournament pool does not alwaysmaximize the 
han
es of winning. Moreover, when no moneyis involved, a player may not gain mu
h sense of a

omplish-
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Figure 7: For ea
h ra
e in 1999, the fra
tion of F1P6parti
ipants that predi
ted Mi
hael S
huma
her towin. Dots near the top of the 
hart indi
ate thera
es that he a
tually 
ompeted in.ment when he or she simply pi
ks the top six drivers, evenif he or she does win. Thus, the nature of the 
ompetitionmay indu
e some strategi
 in
entives to 
arefully pi
k a fewupsets.Individuals in the 
ompetition are not always fully in-formed and rational. For example, when one of the bestdrivers|Mi
hael S
huma
her|was absent from some ra
esdue to injury, several of the F1P6 players 
ontinued to pi
khim to win. Figure 7 shows the ra
es that S
huma
her 
om-peted in during 1999, and the fra
tion of parti
ipants thatpredi
ted him to win. The observed behavior may be dueto a la
k of information, or be
ause players skip ra
es, inwhi
h 
ase their previous predi
tions are 
arried over. How-ever, 
arry-over o

urs only on
e.Although individuals 
learly make faulty predi
tions, weexamine whether 
olle
tive information in the game is suÆ-
ient to yield a

urate overall predi
tions. We obtained thepredi
tions of all F1P6 parti
ipants from the 
ompetitionweb site for 32 of 41 ra
es held from 1999 through June 10,2001.13 Unlike the other two games investigated, F1P6 doesnot 
ontain a natural \pri
e" statisti
 that summarizes the
onsensus of opinions of all parti
ipants. In an attempt toidentify a good summary statisti
, we tried four di�erentways of s
oring the drivers a

ording to the parti
ipants'predi
tions.� linear s
oring (6-5-4-3-2-1)� F1-style s
oring (10-6-4-3-2-1)14� 
at s
oring (1-1-1-1-1-1)� winner s
oring (1-0-0-0-0-0)13Data for the remaining 9 ra
es was missing.14We 
all this \F1 style" s
oring be
ause F1 drivers a

umu-late points toward their season 
hampionship a

ording tothe same s
heme. Also, F1P6 players re
eive points in thismanner.
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ura
y of the F1P6 
ompetition. Pointsdisplay observed frequen
y versus linear s
ore. Thedashed line 
orresponds to ideal a

ura
y.For example, linear s
oring assigns to a driver six points forevery F1P6 parti
ipant that predi
ts that driver to �nish in�rst pla
e, �ve points for every parti
ipant that predi
ts thedriver to �nish in se
ond, and so on. We normalized drivers's
ores to obtain a pseudo-probability asso
iated with ea
hs
oring rule.We 
olle
ted the a
tual ra
e results from Atlas F115 andGale For
e F1.16 We sorted driver-ra
es by s
ore, groupedthem into bu
kets of 
onstant size, and 
omputed the av-erage s
ores and observed frequen
ies in all bu
kets. To
ontrol against data snooping, we performed an initial anal-ysis on the 1999 ra
es only. On this data, linear s
oring per-formed best, with F1-style s
oring a 
lose se
ond; 
at s
oringand winner s
oring performed poorly. The remainder of re-sults in this se
tion refer to all ra
es from 1999 through June10, 2001. Figure 8 plots the bu
ket points obtained from lin-ear s
oring. Error bars are 95% 
on�den
e intervals, underthe independent Bernoulli trials assumption. The �gure in-di
ates that linear s
ores are good estimates of the a
tualfrequen
ies of ra
e out
omes. Figure 9 shows the a

ura
yof F1-style s
oring; this method also appears to yield a
-
urate psuedo-probabilities. Figures 10 and 11 display thesame plots for 
at s
oring and winner s
oring, respe
tively;neither of these s
oring methods perform well. These resultsare 
onsistent with our initial 1999-only analysis, providinga measure of 
on�den
e that results are robust.In the 
ase of F1 ra
ing, we have a

ess to a real-moneymarket|namely the F1 betting market|that naturally lendsitself to 
omparison with the F1P6 game results. We 
ol-le
ted ar
hive betting odds from Atlas F1 for 39 of 41 ra
esheld from 1999 through June 10, 2001.17 The odds do notre
e
t a balan
ed market, sin
e gamblers 
an only bet fora parti
ular driver, not against. In order to ensure a pro�t,bookmakers purposefully set the odds su
h that the 
orre-sponding probabilities sum to greater than one. We found15http://atlasf1.
om/16http://galefor
ef1.
om/17As of this writing, ar
hive odds from the most re
ent twora
es were not publi
ly available from Atlas F1.
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ura
y of the bookmaker odds fromAtlas F1. Points display observed frequen
y versusnormalized odds.Table 3: A

ura
y of psuedo-probabilities fromF1P6 and normalized odds from Atlas F1, evaluateda

ording to average logarithmi
 s
ore. Higher (lessnegative) s
ores are better.fore
ast sour
e avg log s
oreF1P6 linear s
oring -1.84F1P6 F1-style s
oring -1.82F1P6 
at s
oring -2.03F1P6 winner s
oring -2.32Atlas F1 normalized odds -1.86the average ex
ess probability to be 0.23. We normalizedthe odds, although it is possible that bookmakers overstateprobabilities in some nonlinear way. There are some sym-metri
 gambles available, where bettors 
hoose whi
h of twodrivers will fare better. These bets had smaller ex
ess prob-abilities (about 0.05), but there were not enough to deter-mine probabilities a
ross the entire �eld of drivers. Again,we sorted by probability (normalized odds), binned the data(in bu
kets of 
onstant size), and 
omputed average proba-bility and observed frequen
y. Figure 12 graphs the resultsalong with 95% 
on�den
e error bars.Table 3 
ompares the average logarithmi
 s
ore for thefour types of F1P6 psuedo-probabilities and for the F1 bet-ting odds, 
omputed over the 30 ra
es for whi
h our datasets overlap. Perhaps surprisingly, F1-style s
oring and lin-ear s
oring outperformed the oÆ
ial odds, if only slightly.Note, however, that the bookmaker odds may be purpose-fully biased in a nonlinear fashion.It is interesting to note that the pattern of results forF1-style s
oring (Figure 9) is very similar to that for thebetting odds (Figure 12). Ideally, we would like a model ofpredi
tion strategies [19℄ and ra
e out
omes that explainswhy F1-style s
oring mimi
s the odds, why F1-style andlinear s
oring yield good predi
tions, and why the other twos
oring methods fail. At this point, however, we have notformalized any explanations.

We tested only four s
oring rules among a 
lass of sixdimensional weighted averaging rules, in part to avoid over-�tting our limited data. With more training and test data,learning the ve
tor of weights, or learning other fun
tionalmappings from F1P6 votes to psuedo-probabilities, beginsto make sense. One might also explore 
ombining F1P6and betting odds data, or 
ombining with data from othergames, web sites, or other sour
es.
8. DATA MINING FROM ONLINE GAMES:

IMPLICATIONS AND APPLICATIONSA growing number of games and markets on the web pro-vide vast amounts of data re
e
ting the intera
tions of mil-lions of people around the world. Ea
h sour
e o�ers theopportunity to infer something about the players involvedand the knowledge they possess. Data mining algorithms|typi
ally fast algorithms for extra
ting knowledge from mas-sive quantities of data [8, 28℄|seem parti
ularly well suitedfor the job. In this work, we employed simple extra
tion al-gorithms to obtain probabilisti
 fore
asts of real-world events.Our results 
an be seen as statisti
al validation of the un-derlying quality of data from online games. The gamesthemselves appear to serve as a me
hanism for 
olle
ting,merging, and 
leaning data from human experts, naturallyhandling some of the more diÆ
ult steps in a typi
al datamining appli
ation [4, 20℄. Yet we expe
t room for improve-ment with the use of more sophisti
ated algorithms and datafusion te
hniques.For example, with a

ess to user-spe
i�
 data, predi
-tions 
ould be improved by weighting users a

ording toinferred measures of reliability or expertise, �ltering out\noisy" users, and identifying and removing users attempt-ing to manipulate the game. Game fore
asts 
ould also beboosted with information from outside sour
es. For exam-ple, baseline HSX box oÆ
e predi
tions 
ould bene�t fromadditional data from expert fore
asts, statisti
al sampling,
riti
al reviews, a
tor popularity, advertising budgets, num-ber of s
reens playing, dis
ussion boards, newsgroups, sear
hqueries [2℄, distribution of inbound hyperlinks pointing tomovie homepages, web 
ommunity sizes [9℄, et
.More detailed analysis of game dynami
s 
an a
tually leadto algorithms for identifying and pinpointing the introdu
-tion of new knowledge into the publi
 
ons
iousness. Forexample, in August 1996, the rapid in
rease in the pri
e ofa bet on FX that extraterrestrial life will be dis
overed18 
anbe tra
ed to news at the time that fossils were potentiallyidenti�ed in a Martian meteorite [21℄. Similarly, two sequen-tial de
reases in the pri
e of a bet on the (real-money) IowaEle
troni
 Market that Rudy Giuliani will win the 2000 USSenate ele
tion in New York 
an be 
orrelated with two an-noun
ements during his 
ampaign: �rst that he had prostate
an
er, and later that he was dropping out of the ra
e.In non-market games like F1P6, generating probabilisti
fore
asts requires more expli
it data manipulation, sin
e anatural pri
e statisti
 is not available. In this paper, we triedweighted voting pro
edures as a �rst step, �nding that a lin-ear 
ombination seems to work well, though more advan
edma
hine learning and data mining te
hniques are 
ertainlyappli
able. Additionally, with a model of how people playthe game [19℄, one 
an infer the maximum likelihood opin-ion of ea
h user, then 
ombine results using known belief or18http://www.ideosphere.
om/fx-bin/Claim?
laim=XLif



fore
ast aggregation methods [3, 15℄.Inevitably, multiple sites will fo
us on interrelated topi
s,and extra
tion algorithms will bene�t from 
ombining datasour
es while a

ounting for 
orrelations. More general on-line 
ommunities, for example 
hat boards or newsgroups,feature some of the same bene�ts as game sites|namelydedi
ated and knowledgeable parti
ipants often willing todivulge information|though leveraging this more free-formdata will require more 
omplex pro
essing algorithms.An obvious path for appli
ations is to mine informationfrom existing games. Alternatively, organizations may setup their own online games as a me
hanism for gatheringdata on parti
ular subje
ts of interest or 
on
ern, perhapsas an alternative to 
ostly market resear
h [16℄. While Inter-net polls are notoriously skewed toward an unrepresentative(more edu
ated, more wealthy, more 
onservative) demo-graphi
, it appears that web games a
tually bene�t fromthe bias within their ni
he audien
es. Perhaps the di�er-en
e arises be
ause, while polls typi
ally ask questions of theform \what do you want?", these games pose questions ofthe form \what do you think will happen?" to an attentiveand knowledgeable audien
e. However, if 
orporations be-gin to take game data seriously, players may feel wary aboutpriva
y issues and what information they are revealing forfree and to whom. Moreover, on
e data is being used for
onsequential de
isions, in
entives to manipulate the gamein
rease, and good me
hanisms for �ltering or 
ontrollingmanipulation will be essential.
9. CONCLUSIONThe World Wide Web fosters large-s
ale group a
tivitiesof all sorts, from 
ompeting in games, to trading in markets,to 
ompeting in market trading games. We �nd that, beyondtheir entertainment and 
ommer
ial value, these sites 
anbe valuable resour
es for inferring predi
tions about real-world events. We show that HSX pri
es are informativesignals for movie box oÆ
e results and entertainment awardout
omes|as a

urate or more a

urate than expert opin-ions. FX pri
es reliably fore
ast true out
ome frequen
ies fors
ienti�
 and so
ietal questions. The 
ombined judgments ofF1P6 
ompetitors are equally or better aligned with a
tualra
e out
omes than the oÆ
ial betting odds.In both e
onomi
s [24℄ and de
ision s
ien
e [6, 36℄ it isknown that appropriate monetary reward stru
tures 
an in-du
e people to reveal their inside information and expertknowledge. Our results provide eviden
e that well-designedgames also provide suÆ
ient in
entives for people to divulgetheir information. In this 
ontext, the players' motivationsderive from their 
ompetitive spirit and the value of enter-tainment, rather than dire
tly from 
onsumable (e.g., mone-tary) 
ompensation. In all three games studied, parti
ipantsappear to be (
olle
tively) knowledgeable, and to take win-ning seriously enough to reveal that knowledge indire
tlythrough their play. Su
h online games a
t as a sink forspe
ialized information from experts. We believe that, in
ontrast to the low signal-to-noise ratio on web as a whole,many online games are good sour
es for targeted mining ofpertinent and useful data.
10. ACKNOWLEDGMENTSWe thank Yan Chen, Gary Flake, Robin Hanson, ChrisMeek, Forrest Nelson, Melissa Perrot, William Walsh, Mike

Wellman, and the anonymous reviewers for advi
e, en
our-agement, insightful 
omments, and pointers to related work.Thanks to Eri
 Glover for resear
h and programming as-sistan
e. Thanks to James Pan
oast and \Jimmy Impos-sible" from the Hollywood Sto
k Brokerage and Resour
e(http://www.hsbr.net/), a fansite of HSX; Ken Kittlitzfrom the Foresight Ex
hange; Paul Winalski and John Fran-
is from the F1P6 
ompetition; and Jo~ao Paulo Lopes daCumba from the Formula One Results and Information eX-plorer (http://www.forix.
om/).
11. REFERENCES[1℄ M. M. Ali. Probability and utility estimates forra
etra
k bettors. Journal of Politi
al E
onomy,85(4):803{816, 1977.[2℄ D. Beeferman and A. Berger. Agglomerative 
lusteringof a sear
h engine query log. In Sixth InternationalConferen
e on Knowledge Dis
overy and Data Mining,pages 407{416, 2000.[3℄ R. T. Clemen. Combining fore
asts: A review andannotated bibliography. International Journal ofFore
asting, 5:559{583, 1989.[4℄ W. W. Cohen, H. Kautz, and D. M
Allester.Hardening soft information sour
es. In SixthInternational Conferen
e on Knowledge Dis
overy andData Mining, pages 255{259, 2000.[5℄ Weighted least sum of squares regression. InC. Croarkin, P. Tobias, and W. Guthrie, editors,NIST/SEMATECH Engineering Statisti
s InternetHandbook.http://www.itl.nist.gov/div898/handbook/pmd/se
tion1/pmd143.htm.[6℄ B. de Finetti. Theory of Probability: A Criti
alIntrodu
tory Treatment, volume 1. Wiley, New York,1974.[7℄ T. G. Dietteri
h. Ma
hine learning resear
h: Four
urrent dire
tions. Arti�
ial Intelligen
e Magazine,18(4):97{136, 1997.[8℄ U. Fayyad, G. Piatetsky-Shapiro, and P. Smyth.Knowledge dis
overy and data mining: Towards aunifying framework. In Se
ond InternationalConferen
e on Knowledge Dis
overy and Data Mining,1996.[9℄ G. W. Flake, S. Lawren
e, and C. L. Giles. EÆ
ientidenti�
ation of web 
ommunities. In SixthInternational Conferen
e on Knowledge Dis
overy andData Mining, pages 150{160, 2000.[10℄ R. Forsythe and R. Lundholm. Informationaggregation in an experimental market. E
onometri
a,58(2):309{347, 1990.[11℄ R. Forsythe, F. Nelson, G. R. Neumann, andJ. Wright. Anatomy of an experimental politi
al sto
kmarket. Ameri
an E
onomi
 Review, 82(5):1142{1161,1992.[12℄ R. Forsythe, T. A. Rietz, and T. W. Ross. Wishes,expe
tations, and a
tions: A survey on pri
e formationin ele
tion sto
k markets. Journal of E
onomi
Behavior and Organization, 39:83{110, 1999.[13℄ S. Fren
h. Group 
onsensus probability distributions:A 
riti
al survey. Bayesian Statisti
s, 2:183{202, 1985.[14℄ J. M. Gandar, W. H. Dare, C. R. Brown, and R. A.Zuber. Informed traders and pri
e variations in the



betting market for professional basketball games.Journal of Finan
e, LIII(1):385{401, 1998.[15℄ C. Genest and J. V. Zidek. Combining probabilitydistributions: A 
ritique and an annotatedbibliography. Statisti
al S
ien
e, 1(1):114{148, 1986.[16℄ R. D. Ha
kathorn. Web Farming for the DataWarehouse: Exploiting Business Intelligen
e andKnowledge Management. Morgan Kaufmann, 1998.[17℄ R. Hanson. De
ision markets. IEEE IntelligentSystems, 14(3):16{19, 1999.[18℄ R. D. Hanson. Could gambling save s
ien
e?En
ouraging an honest 
onsensus. So
ialEpistemology, 9(1):3{33, 1995.[19℄ E. H. Kaplan and S. J. Garstka. Mar
h Madness andthe oÆ
e pool. Management S
ien
e, 47(3):369{382,2001.[20℄ M. L. Lee, W. Ling, and W. L. Low. Intelli
lean: Aknowledge-based intelligent data 
leaner. In SixthInternational Conferen
e on Knowledge Dis
overy andData Mining, pages 290{294, 2000.[21℄ D. S. M
Kay, E. K. G. Jr., K. L. Thomas-Keprta,H. Vali, C. S. Romanek, S. J. Clemett, X. D. F.Chillier, C. R. Mae
hling, and R. N. Zare. Sear
h forpast life on Mars: Possible reli
 biogeni
 a
tivity inMartian meteorite alh84001. S
ien
e, 273:924{930,Aug. 1996.[22℄ D. M. Penno
k, S. Lawren
e, C. L. Giles, and F. �A.Nielsen. The power of play: EÆ
ien
y and fore
asta

ura
y in web market games. Te
hni
al Report2000-168, NEC Resear
h Institute, 2000.[23℄ D. M. Penno
k, S. Lawren
e, C. L. Giles, and F. �A.Nielsen. The real power of arti�
ial markets. S
ien
e,291:987{988, February 9 2001.[24℄ C. R. Plott. Markets as information gathering tools.Southern E
onomi
 Journal, 67(1):1{15, 2000.[25℄ C. R. Plott and S. Sunder. EÆ
ien
y of experimentalse
urity markets with insider information: Anappli
ation of rational-expe
tations models. Journal ofPoliti
al E
onomy, 90(4):663{98, 1982.[26℄ C. R. Plott and S. Sunder. Rational expe
tations andthe aggregation of diverse information in laboratoryse
urity markets. E
onometri
a, 56(5):1085{1118,1988.[27℄ C. R. Plott, J. Wit, and W. C. Yang. Parimutuelbetting markets as information aggregation devi
es:experimental results. Te
hni
al Report So
ial S
ien
eWorking Paper 986, California Institute ofTe
hnology, Apr. 1997.[28℄ F. Provost and V. Kolluri. A survey of methods fors
aling up indu
tive algorithms. Data Mining andKnowledge Dis
overy, 3(2):131{169, 1999.[29℄ P. Resni
k and H. R. Varian. Re
ommender systems.Communi
ations of the ACM, 40(3):56{58, 1997.[30℄ R. N. Rosett. Gambling and rationality. Journal ofPoliti
al E
onomy, 73(6):595{607, 1965.[31℄ B. J. Sherri
k, P. Gar
ia, and V. Tirupattur.Re
overing probabilisti
 information from optionsmarkets: Tests of distributional assumptions. Journalof Futures Markets, 16(5):545{560, 1996.[32℄ W. W. Snyder. Horse ra
ing: testing the eÆ
ientmarkets model. Journal of Finan
e, 33(4):1109{1118,

1978.[33℄ R. H. Thaler and W. T. Ziemba. Anomalies:Parimutuel betting markets: Ra
etra
ks and lotteries.Journal of E
onomi
 Perspe
tives, 2(2):161{174, 1988.[34℄ D. A. Wasserman. More than enough answers toquestions nobody asked about F1Pi
k6, 1996.http://www.freenet.edmonton.ab.
a/~davidwss/f1p6anal.pdf.[35℄ M. Weitzman. Utility analysis and group behavior:An empiri
al study. Journal of Politi
al E
onomy,73(1):18{26, 1965.[36℄ R. L. Winkler and A. H. Murphy. Good probabilityassessors. J. Applied Meteorology, 7:751{758, 1968.


