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ABSTRACT

Macroeconomic forecasts are used extensively ingimg and government even though the historicalir@my and reliability
is questionable. Over the last couple of yearsiptied markets as a community forecasting methocetgained interest in
the scientific world and in industry. An arisingegtion is how to detect valuable user input andtifleexperts in such
online communities. Detecting such input would [dgsenable us to improve the information aggregatinechanism and
the forecast performance of such systems. We designediction market for economic derivatives tlagigregates
macroeconomic information. Using market-based nreaswe find that user input can be evaluated adfhadther analysis
shows that aggregated measures outperform estadblistethods -such as reputation- in identifying dasting experts.
Moreover, using data from a two year field-experitnee find that expertise is stable for longer tinogizons.

Keywords
Online Communities, Expert Identification, PredictiMarkets, Macroeconomic Forecasting
INTRODUCTION

A wide and important range of policy decisions arade on the informational basis of economic forescaach as GDP
growth. It is a well-established fact that tradit economic forecast models lack the necessanyracy (Osterloh 2008;
McNees 1992; Schuh 2001). Simplified, the currggraaches mix expert knowledge with historic exdtapjon. They are
thus inadequate to capture rapid economic charggesxemplified in the 2008 recession. Internet canities offer the
advantage of instant information exchange. But hmam online communities be designed to facilitatéorimation
aggregation of macroeconomic variables? Runnindp sucommunity confronts us with the questions ofvho identify
valuable user input. Especially in the domain géfasting, ad-hoc evaluation of participant estamahight help increasing
the overall forecast performance. Moreover, it seémitful to identify experts in such communitifss qualitative surveys
or interviews. A common approach is use self-rabgukertise or reputation-based approaches. Howerezremt study shows
that reputation based expertise is not a good giadior future forecast performance (Armstrong 00

Over the last couple of years prediction markets game-like forecasting method have gained intémebe scientific world
and in industry. They facilitate and support desismaking through aggregating expectations aboehtsv(Hahn and
Tetlock, 2006). The roots of their predictive poveee twofold; the market provides the incentivestfaders to truthfully
disclose their information and an algorithm to virtigpinions (Arrow et al., 2008). We thus setupredpction market for
economic variables called Economic Indicator ExgeaEIX). The EIX play money prediction market igesifically

designed to continuously forecast economic indisateuch as GDP, inflation, IFO index, investmerggport and
unemployment figures in Germany.

Evaluating market-based expert identification measwve find that user input can be evaluated ad-Rodhermore, we
show that the aggregated measures perform betiardther methods (such as reputation) identifymgdasting experts.
Finally by analyzing individual forecast performanaver time we find that these measures reliabéglipt future forecast
performance.

The remainder of this paper is structured as fdtowhe second section gives a brief review of pmesimarkets for
economic variables. Furthermore expert identifaatin online communities is discussed. Section th@mmarizes the
research questions. The forth section presenttSHagtifact and details the field experiment settifthe subsequent section
details our measures used to rate user input aswctifig experts. Section six evaluates these messfioen different
perspectives. Finally section seven concludesidyer.
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RELATED WORK
Prediction Markets as Online Communities

A common approach to economic forecasting is tatifieexperts based on reputation who can makeedigtion. These
experts use statistical models combined with hgasiswhich are based on an expert’s experienceirgndion. However

reputation-based experts are prone to biases alittcgdoinfluence and generally do not perform ketthan novices in
forecasting future events (Armstrong 2008). Furtiee macroeconomic forecasts suffer from the ogtimbias (Batchelor,
2007) and imitation behavior (Osterloh, 2008). Gralecision making is a technique often applied ¢al dvith these

limitations. Internet communities offer the advaygaf instant information exchange and group degigihat is not possible
in a real-life. An arising question is how to buddd maintain internet communities to forecast w@oonomic variables.
Furthermore how can well-informed people be mogdaand incentivized to participate in informationasng and

collaboration? A certain type of online commurstiso called prediction markets have emerged asezdsting tool for
wide range of applications.

Prediction markets facilitate and support decisimking through aggregating expectations about eygtahn and Tetlock,
2006). In most cases they allow anonymous participawhich may increase the likelihood of nonconist to participate
and reveal information. The roots of their predietpower are twofold; the market provides the itives for traders to
truthfully disclose their information and an algbrm to weight opinions (Arrow et al., 2008).

The most basic trading mechanism for predictionketar is based on a continuous double auction fer sinck which

represents the outcome of an event. The stockpaifl 1 if an event has the predicted outcome arel thls stock will be

worthless. Market participants form expectationsulthe outcome of an event. Comparable to findmezakets, they buy if

they find that prices underestimate the event iastjon and they sell a stock if they find that esicoverestimate the
probability of an event. Thus communication in sactystem is limited to the market language; bidsatfers.

Markets for Economic Outcomes

Financial markets for macroeconomic variables hlbagen used since the 80s. The Coffee, Sugar andaCBxchange
established a futures market on the consumer pramx allowing traders to hedge on inflation. Tharket, however, was
closed due to low interest (Mbemap 2004). In 19@ddRt Shiller argued for the creation 'Macro Masgkexhich would
allow a more effective risk allocation (Shiller 3)91In an attempt to set up a market to predicheodc variables in 2002
Goldman Sachs and Deutsche Bank created the sa cBttonomic Derivatives’ market. It tries to pretdmacroeconomic
outcomes such as ISM Manufacturing, change in NammFPayrolls, Initial Jobless Claims and consunézepindex
(Gadanecz et al.,, 2007). The traded contracts ecariges with payoffs based on macroeconomic dataases. The
instruments are traded as a series (between 10f2fihary options. For example a single data relezsthe retail sales in
April 2005 was traded as 18 stocks. In order toimee liquidity the market operators use a seriegarasional Dutch
auctions just before the data releases instealleofmiore common continuous trading on most finanoiatkets. Thus the
market provides hedging opportunities against evigeks and a short horizon market forecast of aegaonomic variables.
By analyzing the forecast efficiency Gurkaynak &xdifers (2006) find that market generated forecastsvery similar but
more accurate than survey based foretasts

In an attempt to forecast inflation changes in Gamym Berlemann and Nelson (2005) set up a seriezadfets. The markets
feature continuous trading of binary contractsalsimilar field experiment Berlemann et al. (2005¢ a similar system in
order to aggregate information about inflation etpBons in Bulgaria. All in all, the reported faests results in both
experiments are mixed but promising.

Identifying Experts in Online Communities

Various approaches have been employed to identiferés in online communities. However, researchense detected the
need to employ systematic approaches in findingllkmowledge (Davis and Wagner, 2003). The mostrsomapproach of
presenting expertise is a list of people rankedhigynumber of inputs they submit. These lists nedlgct whether a person
knows about a topic, but it is difficult to distimigh that person’s relative expertise levels ornejlge about a single
contribution. Using a large help-seeking communifipang et al. (2007) use social network analysishous to form
expertise networks. They are able to automaticeMgluate relative expertise. However, the systegsdwt provide any
real-time evaluation of user input.

! One must note that the Bloomberg survey forecastpublished on Fridays before the data releakerems the auction
was run -and the forecast was generated- on tlerelaase day.
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Linked to the idea of identifying expertise is thation of lead-user detection. Lead uskne users whose present strong
needs will become general in a marketplagedn Hippel 1986; Urban and von Hippel 1988). baling this notion, Spann
et al. (2006) used a virtual stock market for bdfice revenues to identify lead-users. They poiat that in virtual stock
market communities there are two mechanisms at weldcting users. First, a self-selection effecueg as users who are
not interested drop out of the community. Secondlgerformance effect takes place, as users pdrfgroelow average run
out of cash. In their setting, they show that afptio based ranking correlates well with a sun&gsed lead-user detection
analysis. However, it remains unclear if a portfdiased approach is the best measure to captuestiegpand if these
expertise is persistent over time.

RESEARCH QUESTIONS

As online communities become more important forgbedo seek und share information, one key quessidrow to identify
valuable user input. Especially in the domain oéfasting, ad-hoc evaluation of participant estamahight help increasing
the overall forecast performance. As most reputasieitings aggregate individual expertise ovemgeaof actions, it seems
useful to identify experts on a more detailed lelen that participants can be successfully ifiedtas above average
forecasters, this subsequently leads to questimdlifidual forecast performance stays stable aeng time period. Hence,
if the identification measures can be used to ptddiure forecast performance.

Whereas in macroeconomic forecasting domain theoowt (e.g. growth in the last quarter) is knoweraét relative short
time span, there are some cases such as techrfolegyght and product innovation in which the oamteomight unknown.

However, especially in those cases we would likengasure the valuable input and identify lead-uskssa consequence
another question is, if we can the find expert fdigation measures which do not rely on knowing tutcome.

A VIRTUAL FORECASTING COMMUNITY FOR ECONOMIC VARIABLES

In October 2009 a play money prediction market l@asched specifically designed to forecast econondizators such as
GDP, inflation, investments, export and unemploytrigures in Germany. The goal is to forecast ti@idators over longer
time periods in advance and continuously aggreges@omic information. The market called Economiidator Exchange
(EIX)? was launched in cooperation with the leading Gereeonomic newspaper 'Handelsblatt’. The coopenagions at
reaching a wide and well informed audience intex$h financial markets and economic developmerd.tkis expect no
problems understanding the indicators and the qinaktrading. The market is publicly available otbe Internet and
readers where invited to join. The registrationfrese and requires besides a valid email addredsnjusmal personal
information.

Market & Contract Design

The market design features a continuous doublaécauaithout designated market maker. Participantsadlowed to submit
marketable limit orders with 0.01 increments thiodube web-based interface. After registration pgoréints are endowed

lo— | .
p=100+a+ (%) witha =10 (D
t-1
with 1,000 stocks of each contract and 100,000 playpey units. Wepropose to represent continuous outcomes with one
stock and define a linear payout function. Congrdiat each economic indicator are paid out accgrtbrequation 1.

A contract is worth: 100 +@ times the percentelgange for an indicator in play money (e.g. a ckaof?.1 % results in a
price of 121). We sex to 10. Therefore the reprieds#e outcome ranges from -10% to infinity. Toresent the whole
outcome range from -100% to infinicy  could be teebne. Previous work indicates that market padiots find it difficult
to estimate minor changes in the underlying (Staghal. 2009). Hence we propose to scale the nthanges to a certain
level. Looking at historical data there were norgsevhere German GDP dropped 10% per quarter. dtianale for setting
« to 10 was the deliberation that participants finghore intuitive to enter integers in order to Be§s reasonable accuracy.
Additionally German statistical data releases yateime with more than one decimal.

Table 1 summarizes the economic variables tradabl¢he market. Due to the payout function and ttlecsion of the
corresponding units; all stock prices are expedtedoughly range between 50 and 150. Thereforeiggaants could
similarly gain by investing in specific indicator$he indicators are a mix of leading -forecastihg £conomy- (e.g.
Investments) and lagging -describing the statehef économy-(e.g. Unemployment numbers) economiicatals. To
facilitate longer forecast horizons every indicasorepresented by three independent stocks eacésenting the next three

2 www.eix-market.de
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data releasef1(f2 3 ). As a consequence the ifatiatast periods vary between one month for montigased indicators
and up to 3 quarters for quarterly released vaggmbDne day before the release date the traditigeitoncerned stock is
stopped. Finally the stocks are liquidated accagrdonthe payout function defined in equation 1.s&®n as the trading in
one stock stops a new stock of the same indicatgrl4 ) is introduced into the market. This meaas participants received
1,000 new stocks of the respective indicator. Akl participants are able to continuously traflestbcks at all times.

The web portal features more information such aslable account information for individual tradembich includes the

number of shares held in each contract, the balahttee cash account, the total value of their dépa list of outstanding

buy and sell orders, as well as a list of tradd® fortal also provides more information on thegsitraders can win; the
operational principle of the prediction market imtihg a video tutorial and frequently asked questi@as well as up-to-date
news stream related to the German economic developm

Indicator Unit Data Release Payout Payout Function
Cycle Number
0- Lo — It
Exports %-Changes monthly 25 100 + a x ( t0 t 1)
t—-1
0)- Lo — I—
GDP %-Changes quarterly 8 100 + a x ( t0 t 1)
Iy
IFO Index ABS-Changes monthly 16 ABS(IFO Index)
- o Iyo — I
Inflation %-Changes. monthly 25 100 + a x ( t0 t 12)
It—12
0- I — It
Investments Y%-Changas quarterly 8 100 + a X ( to t 1)
Iy
Unemployment Million (ABS) monthly 25 ABS (Number)
100+ ( 100.000 )

Table 1. Economic variables

Trading Interface

The trading interface is displayed in figure 1.tRgrants have convenient access to the order gtk 10 accumulated
levels of visible depth (11), the price developmé@), the account information (I3) and market imf@tion (14) such as the
last trading day. As additional information the Idatsblatt provides access to an up-to-date econoavis-stream (15) and
finally the indicator’s last year’s performance)(ii8 displayed. Participants are able to custontiegr trading interface
individually. By clicking the small arrows the sixformation panels open and close. In the defaitirgy, only the trading
mask and the six headlines are visible. After eadimitted order the chosen interface is saved ger. On user return the
system opens the previously used interface elenmntiefault. Moreover, a short description of tharket comprising the
respective payoff function is shown as part of tlaeling screen. The design reflects recent findihgs designers have to
avoid overloading participants cognitively (Blohinak 2011).

...........
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Figure 1. Trading screen with open information panels (1-6)

Incentives

As mentioned the market is a free to join play mponmarket. Previous work has shown that play-moneykets perform

equally well as real-money markets at predictingiriel events (Rosenbloom and Notz, 2006). Note thlab due to legal
restrictions on gambling the EIX prediction markes to rely on play money. In order to motivatetipgrants intrinsically

we provided two interface features; traders coalkbiv their performance on a leader board and tweyd form groups with

others to spur competition with friends. To inceegsarticipants’ motivation and to provide incensivio contribute

information we hand out prizes worth 36,000 Eurehtives are divided in two parts (a) monthly gsizand (b) yearly
prizes. The 8 yearly prizes (total value 10,000dkware handed out according to the portfolio ragkat the end of the
market. The monthly prizes are shuffled among piadints who fulfill two requirements for the resget month: (i) they

increase their portfolio value and (ii) they actwparticipate by submitting at least five ordeBmth incentives are clearly
communicated through the interface. For the yearies the leader board indicates the currentstattall participants. The
monthly winning status is displayed individuallsjwafter each login.

Software Architecture

In addition to the key design elements of the Et¥diction market described, one also has to debignweb-based trading
software as well as the facilities handling infotima about the traders’ accounts, the order matchimd quote updates from
a technical point of view.

The EIX prediction market software is an advancamantwo previously run (Stathel et al. 2009). Thgstem is
implemented in Grails. It features a modularizezhiiecture in order to keep it easy to maintain exgendable by services
and functionality. Due to the previously unknowrmrher of users the software platform has to be bt=ldhe system can
be described from three perspectives; IT-infrastme; application logic and the core order managem&he IT-
infrastructure is provided by the Forschungszenthfiormatik, Karlsruhe (FZI), it consists of thrphysical servers; a Squid
reverse proxy -caching the static pages, a desdgrRRostgreSQL server for the database and a taappditation server -
running the application logic. The application logias been set up following the model-view-congrotloncept. Therefore it
is separated in three layers; one handling thermatecommunication e.g. the website presentatiore for the internal
database querying and finally one running the coder processing. As the core element the ordeagement processes all
incoming orders. The EIX market employs the commaisled trading mechanism; the continuous doublé@u@CDA). In

a CDA known e.g. from the Deutsche Bdrse systenraxXeraders submit buy and sell orders which areceted
immediately if they are executable against ordergshe other side of the order book (Madhavan 1982)rders are not
immediately executable, orders are queued in aardrdok and remain there until they are matchel witounter-offer, or
are actively deleted by either the market operatdhe submitting participant. Orders are execuatecbrding to price/time
priority, i.e. buy orders with a higher limit anéc& versa sell orders with a lower limit take pitiprin case several orders
were placed with the same limit price, the ordelnsctv were submitted earlier are executed first. @indie main advantages
of using a CDA is the fact that markets with a Cp@se no financial risk for market operators as tr&ya zero-sum game.
Moreover, the CDA allows for continuous informatiorcorporation into prices and consequently tradees capable of
quickly reacting to events. This setting helps udilf the virtual community requirements identificoy Leimeister et al.
(2004) of security, up-to-dateness and qualityhefpgrovided content.

A Two Stage Experiment

The EIX-market-game was setup as a one year fighdréament. As we received positive feedback andnismg forecast
results, we decided to continue the experimentifeecond year. We started the second market pemniddctober 1st 2010.
As the first market closed on October 31st 2010ha& a smooth transition. Every market participaimo registered for the
first version was automatically transferred to fezond round. No new registration was required tardwebsite layout,
web-address and institutional setting remainedstimae. In order to continuously improve our platfome added some
minor features and slight changes to the markeigded.g. the price for IFO index stocks is dirgciklated to the
underlying (P = IFO index (points)). The intuitisras to make it easier for participants to transtafgediction into a limit-
price. Due to a lower number of sponsors, the amofiprize money was reduced. We handed out thrigegpworth 1,030
Euro per month — 12,360 Euro overall.

METHOD

A common approach to measure participation is ite the number of user inputs as a proxy for engagéntHowever that
does not quantify the input’s quality. In systemghwaut reputation systems, one might rely on a-smHd assessment.
Previous work showed that self-rated expertiseoisangood indicator for forecasting ability. In tf@lowing section we
present quantifiable measures to rate participatipat in online markets.
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Quantifying Single Participation Input

The most natural rating of a user input in market® calculate the resulting profit. However, thigs several drawbacks.
First off all, the profit can only be calculated-gast if the participant closes the position. Seltgnas various market
segments have different underlying uncertainty, slmauld consider risk adjusted profits (e.g. Shaape).

An immediate approximation of an order’s informatioontent is the price impact. The price impactrapimates the
permanent impact of a trade under the assumptetrirfformation impacts are permanent and realizeébdeax-minute mark.
Following a trade, liquidity suppliers adjust thdeliefs about the fundamental value of an asseemiting on the
information content of a trade (cf. Zhang et all2D Let Ask; be the ask price for a stqek time t and Bid the respective
bid price. Middenotes the mid quote then the simple price imphattrade is calculated as follows:

Mid, ., —Mid,
Pl =Dy * (X =) (2)
it

D;:denotes the trade direction, -1 for a sell andorlafbuy order. The price impact provides an ingbceof the information
content of a trade. As prediction markets incornaformation slower than financial markets wesset 180 minutes

In most prediction markets we can observe the oogca.e. the fundamental value of each stock. TThezewe can ex-post
measure the information content of each ordernlbaler moved the price in the right direction wigspect to the final
outcome of the stock, it is informed; whereas ateomoving the price in opposite direction to thmalf outcome price, it is
uninformed.

Thus we present the following score to capturepihigess:

1, pricg,; < fv, o, =BUY

ype

1, priceg,; > fv, Oo,,, =SELL

Score, = ) e B ®
0, price,; > fv; Do, =BUY

type

0, price,; < fv, Do, = SELL

ype

The price of an ordgffor the stockis represented as prigeThe fundamental final outcome value of a stoctefgresented
by fv.. In other words the score rates an order as phdéitor not. Moreover we can extend the Sgdrg multiplying it with

the order size. The order-size can be interpresettie@ confidence a trader places in his bet. Ifdhewing section we will
refer to this as Score(©)

Quantifying Overall Participation

Finally, individual inputs need to be combined graticipants need to be ranked according to a mpétric. The most
common approach is to display a ranking based tpomccumulated individual profits. However suataiaking is judging
traders by both their effort and their skill. Assdebed it seems useful to find (forecasting) etgpand separate these from
those investing a lot of time. Thus, we proposerdank participants according to the previously definmeasures.
Furthermore these measures can be calculated spldyid for the market’s sub-categories. In ourketasetting, one can
imagine a trader to be good at predicting expodise(to his company insights) but below average rigdipting the
unemployment numbers.

RESULTS

The following section first presents some desargtnarket statistics such as participant actiEyaluating our previously
described measures we find that the Price Impatteaused to identify relevant user input in réalet Moreover we find

% We tried various timespans ranging from 3 to 2drhpall leading to the qualitatively same results.

* More precisely, before multiplying the order orgéze with the Score, we adapt the Score, by exgihgrthe Os by -1s.
(e.g. A not profitable order leads to a negativer§(Q)).
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that aggregated profits and Score(Q) can be usdtketdify expert participants. Predicting futuredoast performance we
find that the measured expertise is stable oveng time period.

Participant Activity

The following data includes the time span from 30tttober 2009 till 31st of October 2011. In totd@35 (1,006 in the first
round) participants registered at the EIX markéthose 809 (680) submitted at least one order.nUpgistration we asked
participants to self-assess their knowledge ofdeaman economy (further coded%edf-Assessment

Altogether participants submitted 79,334 (45,80@8)e0s resulting in 34,028 (22,574) executed traitmas Figure 2 shows
the market activity over time. In the respectedetifitame 107 (47) stocks were paid out. In ordeeetep participants active
and informed we sent out a weekly newsletter surizingrup-to-date economic news.

First Round Second Round |

Figure 2.Activity over the game period

Previous work showed that the market-generatedcéste performed well in comparison to the ’'Bloongbesurvey
forecasts, the industry standard (Teschner eDall R

Identifying Informative Participation

In order to evaluate measures to identify relewessr input in real time, we start by correlating theasures on a trade by
trade basis. Table 2 depicts the results.

Score Score (Q) Profit Price Impaqt
Self-Assessment -0.68 -0.7% -0.04 -0.002
Score 1 0.32 0.17 0.002
Score (Q) - 1 0.46 0.0r
Profit - - 1 0.02

Table2. Correlation analysis®

We see that Score, Score(Q) and Profit are —asctegewell correlated. Furthermore it seems that3hIf-Assessment does
not provide any information about the input reles@fnegatively correlated).

One should note that Score, Score(Q) and Profineaflable ex-post and thus do not enable us taragpinput dependent
on relevance. However, it seems reasonable to a&sthe profit is the most accurate measure to sspigput relevance.
The two measures which are available in real-timethe Self-Assessment and Price Impact. Hencedardo evaluate
which one contains more information regarding theut relevance (ad-hoc) we ran an OLS-regressiedigiing Profit.

® The superscript 'a’ denotes significance at th&0'b' at the 1% level and 'c’ at the 5% level
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Table 3 shows the results. We see that the sedsasgent has a negative, small coefficient, indigathat participants are
overconfident about their forecast abilities anif-isged user expertise is not related to foreaasuracy. This is in line with
previous work (e.g. Armstrong 2008; Ried! at al1@p

Profit
Estimate t-stat.
Intercept 10,933 3.35
Self. Assessment -3,687 -7.44
Price Impact 21,053 4.05

Table 3. Predicting positive user contributions®
However we also see that the price impact is a&bptedictor for a successful, positive contribatio
Identifying Informed Participants

Next we aggregate all individual user input on erusvel. Most common in markets is to rank paptcits according to their
cumulated portfolio. This provides us with a benelknscenario. Using an OLS-regression we try towdsch aggregated
measure contains the most information about thal fimdividual rank (Table 4, left side). Again wimd that the self-
assessment contains no information about a useesal performance. Turning to the informative adles we see that the
aggregated Score(Q) and aggregated Profit preutctank very well. For example the estimates shuat the higher the
profit the lower (better) the overall rank. As amght argue that the rank is not directly indicgtthat user is an expert we
split participants in three groups; experts (Top)1l@verage, and low performer (Bottom 100). Dragptihe average group,
we have to two groups left. Running a Logit-regi@sgTable 4, right side) we see that a higher eggred Profit/Score(Q)
increase the chances that a participant belontjgetexpert group. Hence this confirms our previindings.

Rank (OLS) Experts (Logit)
Estimate t-stat. Estimate 12
Intercept 4993 10.4 2.4 135
Self. Assessment -16.8 -1.3 0.15 1.14
#Orders 0.02 0.9 0.0017 6.2
Sum. Profit -0.00007 -5.57 0.00000% 17.1
Avg. Score -1421 2.3 3.28 12.2
Sum. Score(Q) -0.0006 -3.47 0.0000% 17.0
Sum. Price Impact 293.3 1.06 -6.2 0.2

Table 4. Predicting individual overall performance®

Is Forecast Performance Stable over Time

The question arises if the quality of user inpusteble over time. Moreover, we would like to knidyereviously measured
expert knowledge can be used to predict futureciseperformance. Following our previous methodglege use measures
from the first round (year) to predict the usersifprmance in the second round (year). We find &haigher Score (Q) in the
first round is correlated with a lower (better) kan the second year. Surprisingly the ranking a$ as the profits in the first
round have no significant predictive power.
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Rank (Round 2) (OLS)

Estimate t-stat.
Intercept 1853 5.1
Rank (Round 1) -0.01 -0.2
Sum.Profit (Round 1) -0.0 -1.1
Avg. Score (Round 1) -87 -1.8
Sum.Score(Q) (Round 1) -0.0001 2.3
Sum.Price Impact (Round 1) -5.4 -0.1

Table5. Predicting future forecast perfor mance’

Hence we conclude that our employed measures casdukto identify experts, and this expertise ablst over a two year
period.

CONCLUSIONS

Internet communities offer the advantage of instafdrmation exchange and group decision that ispossible in a real-
life. We designed an online community facilitatilformation aggregation of macroeconomic variablkesllowing the
notion of lead-user detection, we test various messto identify forecast experts.

Evaluating market-based expert identification measuwve find that user input can be evaluated ad-fois is important as
this might be used to improve the aggregated conitinforecasts. In a second step we show that tigeeggted measures
can be used to identify forecasting experts. Berashing with standard methods such as reputatioa portfolio ranking,
we show that our measures outperform other methedslly, by analyzing individual forecast perfornt@ over time we
find that these measures are stable over timeeiadble predict future forecast performance.
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