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A new information aggregationmechanism (IAM), developed via labora-
tory experimentalmethods, is implemented inside Intel Corporation in a
long-running field test. The IAM, incorporating features of pari-mutuel
betting, is uniquely designed to collect and quantize as probability dis-
tributions dispersed, subjectively held information. IAM participants’
incentives support timely information revelation and the emergence of
consensus beliefs over future outcomes. Empirical tests demonstrate the
robustness of experimental results and the IAM’s practical usefulness in
addressing real-world problems. The IAM’s predictive distributions fore-
casting sales are very accurate, especially for short horizons anddirect sales
channels, often proving more accurate than Intel’s internal forecast.
I. Introduction
Many companies rely on internal forecasts of key financial and opera-
tional indicators, as both an input into production decisions and a leading
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indicator for managing market expectations about firm performance.
Typically, these forecasts are derived from the analysis of in-house experts,
collecting dispersed information from disparate sources in a process con-
sisting of as much art as science. In this paper, we study a completely dif-
ferent type of procedure: an information aggregation mechanism (IAM)
based on decentralized competition, motivated by economic theory, and
refined through testing by experimental economic methods. In relatively
simple and special laboratory settings, the mechanism has been shown to
effectively quantize, collect, and aggregate information. Here, we take up
the challenge of testing the broader applicability and robustness of the
same mechanism when operating in the much more complex environ-
ment of a Fortune 500 company. How well do information aggregation
mechanisms work in a large-scale field setting? Are the results from the
laboratory robust in the field? Will it successfully aggregate organizational
information about the uncertainty surrounding potential business out-
comes? Does the mechanism reveal information not already apparent in
the company’s internal forecasting process?
The purpose of an IAM is to collect and aggregate information from a

disperse collection of people. This task requires developing instruments
to quantify participants’ information and providing incentives that re-
ward an individual for truthfully reporting private information rather
than free riding on others’ information or misrepresenting that infor-
mation for speculative purposes. The study of information aggregation
in experimental economics laboratories has a long track record of suc-
cessful mechanisms based on theoretical principles that have been re-
fined through practical testing. The ability of markets to perform the in-
formation collection and aggregation functions and the sensitivity of this
performance to the details of the market institution were first observed
experimentally by Plott and Sunder (1982, 1988). Similarly, the possibil-
ity that markets could be specifically designed to perform the aggrega-
tion function and then implemented inside a business is well known
(Plott 2000; Chen and Plott 2002). The mechanism we study here shares
institutional features with auctions, exchanges, and some betting pro-
cesses with several substantial differences. Because some features are also
found in pari-mutuel betting systems, we call it a pari-mutuel information ag-
gregation mechanism. Indeed, major features of this mechanism were devel-
oped to address challenges encountered when applying betting systems,
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pari-mutuel-like mechanism for information aggregation 1077
traditionally designed for entertainment purposes, to information aggre-
gation. In its field implementation, the IAM’s design reflects an attempt to
mitigate environmental complications that might inhibit the application
of IAMs inside a business environment.
We report results from a long-running field experiment in which the

IAM is implemented to forecast sales activity by Intel. As an international
market leader in the hi-tech sector with annual revenues over $50 bil-
lion, Intel has an instantly recognizable brand name and its products
are found in virtually all households in the country. Forecasts of product
sales are important both operationally, in managing inventory and pro-
duction for distribution, and financially, in managing market expec-
tations for shareholder value. With myriad distribution channels, forecast-
ing product sales for the organization is an incredible task requiring
analysts to consolidate information from sales reports, partner forecasts,
and management guidance. As such, the requisite information for fore-
casting is dispersed through the firm among a variety of stakeholders, ripe
for collection and aggregation through economic mechanisms. At Intel,
we applied the IAM to collect this information. In these mechanisms,
the range of values that sale quantities can take is partitioned into a set
of nonoverlapping intervals, or “buckets.” The participants in each mech-
anism are given an opportunity to purchase “tickets” that pay off when the
actual sales take a value within a given bucket. Participants are allowed to
buy tickets (up to a budget limit given below) and place them in any of the
buckets. In this way, the distribution of tickets placed across the different
buckets yields a measure of participants’ “consensus” beliefs regarding the
future realization of sales.
The main question we address is whether the IAM successfully aggre-

gates information in a complicated real-life environment, providing an
empirical validation of the mechanism’s efficacy. This question is natu-
rally motivated by the experimental evidence presented in Section II,
where we also detail the implementation of the IAM at Intel. In an on-
line appendix, we provide theoretical motivation for this inquiry by pre-
senting a simplified model of the IAM in which information is success-
fully aggregated in the unique ex post symmetric equilibrium. Allowing
the possibility of information aggregation as a systematic outcome of the
IAM, we proceed with our empirical investigation in Section III by present-
ing nonparametric (distribution-free) tests for the hypothesis of informa-
tion aggregation.
Our results show that the IAM reliably characterizes the uncertainty

regarding sales in “information-rich” environments in which Intel has re-
liable and accurate information about potential sales. Specifically, when
forecasting unit sales up to 3 months into the future, the IAM forecast
distribution for sales matches the distribution of actual sales very closely.
At horizons beyond 4 months, the mechanism’s forecast distribution re-
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flects a tendency to overstate expected sales, consistent with the official
forecast’s bias, and also tends to understate the dispersion of uncertainty,
underweighting low-probability events and presenting a “reverse favorite-
longshot bias.”Together, these findings support the hypothesis that Intel’s
information about sales uncertainty is much better at shorter horizons
than at longer horizons.
A similar pattern emerges when contrasting forecasts of products sold

directly to large customers, for which Intel management is actively en-
gaged, against those sold indirectly through distributors, for which Intel
management has more limited information and influence. We find that
forecasts of sales through direct channels are consistently more accurate
and reliable than forecasts for sales through indirect channels. In short,
these findings suggest that in relatively information-rich forecasting en-
vironments (as in forecasting near-term events, or Intel’s direct sales),
the IAM effectively harvests and aggregates it.
We also find that the information reflected by the IAM is not readily

available through other internal information sources. In addition to the
IAM’s aggregated forecasts, we also have access to an internally prepared
“official” forecast that serves as a contemporaneous benchmark providing
an indicator of the quality of information within the organization at the
time of the IAM run. Our second empirical result establishes that the
IAM reveals considerable information about sales not available in the of-
ficial internal forecast. We find that the expected outcome reported by
the mechanism robustly outperforms the official sales forecast, deliver-
ing lower forecast error in 63 percent of the IAM’s runs. The relevance
of this performance is highlighted by considering the ex post optimal
combination of the two forecasts. This optimal combination of forecasts
heavily weights the IAM positively and assigns a negative weight to the of-
ficial forecast across all forecasting horizons. Though this robust out-
performance may be partly attributable to other, potentially noninfor-
mational, purposes the official forecast serves in the organization, the
information value of the IAM’s forecasts is clearly substantial.
II. The Information Aggregation Mechanism
Structure
A connection between markets and information transmission dates back
to the foundations of economics.1 Theoretical results suggest that mar-
kets are capable of collecting and aggregating information, though the
1 The intuition connecting markets and information is clearly seen in Hayek (1945) and
Fama (1970), with Green (1973, 1977) providing some of the first steps toward its formal
presentation. See Allen and Jordan (1998) for a review of this early formal development
and general principles for the existence of rational expectations equilibrium.
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pari-mutuel-like mechanism for information aggregation 1079
price formation process by which this result arises remains a vibrant re-
search agenda surveyed in Vives (2010). The occurrence of information
aggregation in markets suggests that it is possible to design an informa-
tion aggregation mechanism with the specific purpose of quickly and effi-
ciently quantifying and collecting information that might be held by dis-
persed individuals in the form of vague and subjective intuitions.
A. Experimental Foundations for Information Aggregation
Experimental investigations of information aggregation began with the
study of experimental markets. Motivated by theoretical suggestions of
informationally efficient markets and rational expectations, Plott and
Sunder (1982, 1988) looked to experiments as tools for examining the
possibility. Plott and Sunder (1982) first demonstrated the ability of con-
tinuous double auction markets to transfer information from “insiders”
who have information about the state to noninsiders who do not. Plott
and Sunder (1988) builds on this initial finding, demonstrating further
that information transmission and collection can go beyond the simple
transfer of information to a process of quantizing and aggregating infor-
mation distributed amongmultiple, independent sources. That is, market-
based systems could effectively transfer “soft” information into a quantita-
tive signal consistent with Bayes’s law. Moreover, they pointed out that
markets perform the collection and aggregation well if populated by a
complete set of Arrow-Debreu securities.
The first application of a market-based IAM inside a business was con-

ducted in 1996 by Chen and Plott (2002) at Hewlett-Packard Corpora-
tion to obtain forecasts about future sales. Possible sales levels were par-
titioned into states, and an Arrow-Debreu security was introduced for
each state. Simultaneous continuous double auction markets were then
introduced for each of the securities. Since the payoff of the winning se-
curity was one and the payoff of losing securities was zero, the prices of
the complete set of securities could be interpreted as a probability distribu-
tion over the states. Though this implementation was reported as success-
ful, its use was limited because of difficulties in coordinating participation
and managing the mechanism. Many features of the IAM discussed here
emerged in response to difficulties encountered deploying market-based
IAMs inside businesses.
The design of the IAM reported and studied here shares some fea-

tures with pari-mutuel betting processes—hence the reference to pari-
mutuel incentives. In a pari-mutuel betting system, participants buy tick-
ets on states of nature, such as the winner of a horse race, and tickets are
sold at a fixed price. The revenue from all ticket sales is accumulated,
called the purse, and paid to the holders of tickets on the winning bucket.
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The odds computed from this process are reflected by the value of tickets
sold for a bucket divided into the size of the purse. Empirically, in horse
races, there is a tendency for the odds to be related to the frequency with
which each state of nature occurs (which horse wins). That tendency, which
suggested a principle for a new type of IAM, was clearly established exper-
imentally by Plott, Wit, and Yang (2003).
The pari-mutuel incentives in the IAM implemented at Intel are fun-

damentally different from those in pari-mutuel betting systems for enter-
tainment purposes. First, tickets are not sold at a fixed price, but rather
prices increase at a preannounced rate in order to encourage a timely
completion of the process. Our specific timing setup is informed by
the experiments in Axelrod et al. (2009), which demonstrated the impor-
tance of providing incentives for participants to buy their tickets early
rather than waiting until the last second in an attempt to free ride on in-
formation supplied by others. The unique timing features in Intel’s IAM
help mitigate the impact of these incentives on information aggregation
and provide an important differentiation between the IAM and pari-
mutuel betting.2 Second, for purchasing the tickets, participants are al-
located a fixed budget of a synthetic currency that had no value other
than to buy tickets in the designated IAM. The use of a synthetic currency
follows Axelrod et al. as a device to mitigate the negative impact risk aver-
sion might have on participation and information aggregation. Finally,
the mechanism is subject to neither self-financing nor individual rational-
ity constraints, with Intel management funding the cash prize and dictat-
ing subject participation.
B. Implementing the IAM inside Intel
The IAM inside Intel differs in important ways from other types of pre-
diction mechanisms, including market forms of organization that have
flourished in recent years.3 Many prediction markets function as security
exchanges in which participants buy and sell contracts that pay off de-
2 Plott et al. (2003) (replicated in Kalovcova and Ortmann [2009]) demonstrated that
the tendency to wait until the last second to buy tickets contributed to the creation of bub-
bles and retarded successful information aggregation. In a very simple pari-mutuel betting
system, information is transferred through a process of observing betting; this is examined
by Koessler, Noussair, and Ziegelmeyer (2012). Ottaviani and Sørensen (2004) present a
theoretical analysis for the timing of bets in pari-mutuel betting systems, deriving results
consistent with several of these experimental findings. Hu and Wallace (2016) present a
two-stage mechanism for aggregating information that evokes features similar to dynamic
pari-mutuel betting systems and, especially, the staged price increases in the IAM.

3 The Iowa Electronic Markets constituted the first “prediction markets” in the sense
that the price of a binary security can be viewed as a probability and used to predict elec-
tions (see Berg et al. [2008] for a survey of these applications). Internal corporate predic-
tion markets were broadly deployed at Google and other firms (Cowgill, Wolfers, and Zit-
zewitz 2009; Cowgill and Zitzewitz 2015) to gauge employees’ sentiments on everything from
a company’s performance to general industry issues.
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pari-mutuel-like mechanism for information aggregation 1081
pending on the realized value of the outcome of interest. In contrast, the
tickets placed by IAM participants cannot be traded. The price specula-
tion driving bubbles in markets, based on potential profits from changes
in asset prices, cannot arise in the Intel IAM. At the same time, the liter-
ature studying prediction markets and experimental tests has shown how
“thin markets,” arising from a lack of coordinated participation, can in-
hibit information aggregation by slowing the market’s convergence to
equilibrium. In order to avoid thin markets and expedite equilibrium
convergence, the timing of the IAM was adapted to be compatible with
the schedules of participants for contemporaneous interaction.
The Intel IAM participants were selected according to the information

they had about Intel operations that were relevant to the variable being
predicted. Potential participants were informally assigned one of four
classifications for the level of their information: (i) street, (ii) Intel gen-
eral, (iii) Intel specific, and (iv) Intel technical. The last two of these classi-
fications indicated participants with access to detailed information about
the variable to be predicted, so “prediction” groups typically consisted of
five to 10 people from levels iii and iv. (In contrast, groups containing
many participants from level i or ii tended to produce predictions that
mirrored public knowledge, drowning out the informed signals from in-
siders.)
While participation was rewarded according to performance in the

IAM, the levels of incentives did not compare with the pressures of busy
schedules. Intel discovered early that it was important for management
to tell selected participants that their participation in the IAM was valu-
able to Intel. Thus, management fiat is able to ensure that self-selection
of participants and individual rationality constraints do not distort the
IAM’s performance. Such selection issues are particularly prominent
in public prediction markets for entertainment purposes, in which par-
ticipants select themselves and voluntarily engage in the mechanism.4

The number of participants varies from 10 to 25, and each operates from
a secure computer located wherever the participant happened to be lo-
cated, home, office, traveling, and so forth. Typically the users are anon-
ymous within the mechanism: both the list of participants and the win-
ners are not publicly announced.
We set up IAMs for sales forecasting that elicit participants’ beliefs

about variables (unit sales) that can takemany (greater than two) values. Spe-
4 This phenomenon may be accentuated in horse racing pari-mutuel markets, in which
individual decisions may be directed by the thrill of uncertainty and surprise rather than
the desire to profit from exclusive information. While Woodland and Woodland (1994)
and Gray and Gray (1997) find that thick betting markets for professional sports tend to
satisfy market efficiency, a host of papers have explored potential cases of inefficiencies
in recreational betting markets. Jullien and Salanie (2000) and Chiappori et al. (2009) dis-
cuss the identification and estimation of risk preferences using data from pari-mutuel mar-
kets to learn about these preferences.
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cifically, we set up a complete set of simultaneous instruments, one for
each value that the variable can take. This approach contrasts with many
prediction markets in which the outcome of interest is binary (or other-
wise takes a small number of values), for instance, whether Obama or
Romney would win the 2012 presidential election. Taken as a whole,
the activity in all these markets yields a complete probability distribution
over the event space that, ideally, will reflect the aggregation of private
information about the various possible outcomes. For description pur-
poses we will consider a single variable, say unit sales for product i in quar-
ter t, which we denote by Yi,t. The positive real line is partitioned into K
intervals, or “buckets,” where each interval represents a range of possible
values for sales that will be officially reported at the end of the sales period.
The leftmost and rightmost buckets are, respectively, [0, x1) and ½xK21,∞Þ.
Figure 1 presents an instruction sheet given to participants, which shows
a partial screen shot illustrating the buckets and ticket information avail-
able to them during the IAM.
A typical IAM exercise involves forecasting for the current quarter plus

the three upcoming quarters. The exercise takes place once a month
and requires on the order of 30 minutes. Participants interact with the
mechanism in real time through an online application. Mechanism orga-
FIG. 1.—Screen shot from instruction sheet for IAM participants
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nizers invite participants, who securely log in to their own account to ac-
cess the IAM program. The mechanism makes “tickets” available for sale
to participants, who spend an endowment of francs (our synthetic exper-
imental currency) on tickets and allocate them across the buckets. At
the opening of each application, all participants are given a fixed budget
of 500 francs for each of the predicted variables. The francs cannot be
transferred among participants, used in other applications, or assigned
to buckets for another variable’s IAM. As quality controls over the mecha-
nism’s operation, the IAM operates at a fixed time, and only those invited
are able to participate.
The tickets for all buckets are priced the same, and that price will move

up at a preannounced rate to ensure that the mechanism closes in a rea-
sonable time. For example, theopeningpricewouldbe constant for 15min-
utes and then go up at a rate of 1 franc per minute after that. These price
changes discouragewaitinguntil the last second to purchase, helping to off-
set individual incentives to hold back their private information and to im-
prove their own information by learning from others’ decisions. All partic-
ipants are aware that their own information might be improved through
seeing the purchases of others. They are also aware that their own informa-
tionmight be communicated by their own purchase of tickets. The tempo-
ral discounting helps to mitigate these strategic incentives that otherwise
hinder successful information aggregation.
Throughout the operation of the mechanism, participants have a con-

tinuously available record of the number of tickets that are currently
placed in each of the buckets. At each instant during the application as
well as at its termination, the placements of all tickets in all buckets are
known. The individual participant also knows the proportion of tickets
he or she holds in each bucket. When the actual winning bucket becomes
known, those holding tickets in that bucket are given a part of a grand
prize equal to the proportion of the winning bucket tickets that he or
she holds. If participant n holds z percent of the tickets sold for the win-
ning bucket, then participant n gets z percent of the incentive prize. For
example, if the incentive prize was $10,000 and the individual held 10 per-
cent of the tickets sold for that bucket, then the payment to participant n
would be $1,000.
III. Testing the Information Aggregation Mechanism
Departing from the mechanism design tradition of constructing a mech-
anism from first principles, the IAM’s experimental development inte-
grated modified features of familiar exchange and entertainment pro-
cesses to create a system that facilitates information aggregation. This
departure complicates presenting a complete theory of its construction,
dynamics, and strategic foundations. However, an understanding of how
This content downloaded from 128.195.078.007 on May 12, 2020 15:41:37 PM
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information aggregation takes place emerges from the controlled explo-
ration of the IAM’s empirical properties.
In the online appendix, we present a tractable model based on the

Dirichlet sampling process that accommodates a variety of empirical set-
tings and provides some theory about the mechanism’s behavior. The
model characterizes how information aggregation arises in pari-mutuel-
style mechanisms and how the IAM might respond in different environ-
ments. Even in this simplified setting, the characterization is approximate
and a multiplicity of potentially exotic and asymmetric equilibria could
arise in which information may or may not aggregate. Our analysis does
not completely characterize this set of equilibria, and a more thorough
analysis could likely identify settings in which information aggregation
does not occur. However, we do identify the unique symmetric ex post
Nash equilibrium in which information does successfully aggregate. Im-
portantly, the results demonstrate that information aggregation is clearly
not theoretically ruled out and establish that its existence is an empirical
question.
Using data drawn from the Intel experience, we now turn to investigat-

ing the consistency between the IAM’s reported distribution over sales
and the revealed uncertainty in realized sales. There are two ways in
which we could empirically reject the hypothesis that the IAM success-
fully aggregates subjectively held information about sales. First, it could
produce an unreasonably accurate prediction of sales data when no infor-
mation existed to be aggregated. Second, it could produce a poor predic-
tion of sales data when information existed to be aggregated. We consider
nonparametric (distribution-free) tests that compare the full distribu-
tions reported by the IAM to the frequency of realized outcomes. The
distribution-free feature of our testing approach ensures that our results
do not depend on potentially wrong specifications of the data-generating
process.
As a preview of our results, the IAM performs well in markets in which

we expect the organization to have accurate and reliable information
about future sales. For sales realized within the next 3 months and for
products sold through direct distribution channels, the IAM accurately
reflects the realized distribution over sales. In other settings in which
we find the information to be less accurate or reliable, the IAM performs
less well; this is not surprising, as in these cases, there is “less informa-
tion” for the IAM to aggregate.
A. Mechanism Outcomes, Sales, and Forecast
Evaluation Data
We observe data on actual sales, the official forecast, and the outcome of
the IAM from 2006 through 2013 across five major product lines broken
down by the channel through which the products were being sold. To
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pari-mutuel-like mechanism for information aggregation 1085
extract a point forecast from the IAM, we define the IAM mean as the
expected value of the outcome under the distribution over tickets within
the IAM.5 Recalling the notation for actual sales of product i in quarter
t as Yi,t, we refer to the official and IAM forecasts at horizons h ∈
f1, 2, :::, 9g months by Ŷ ðOfficialÞ

i,tjt2h and Ŷ ðIAMÞ
i,tjt2h , respectively. For each k ∈

{Official, IAM}, we denote the forecast error as e ðkÞi,tjt2h 5 Yi,t 2 Ŷ ðkÞ
i,tjt2h to

evaluate forecast performance.
To characterize the forecasting environment, table 1 reports summary

statistics for the point forecasts together with the actual unit sales. Real-
ized quarterly sales are normalized by product line to average one-unit
quarterly sales with a one-unit standard deviation.6 On average, the offi-
cial and IAM forecasts slightly overstate average sales, but the bias is less
pronounced in the IAM mean, which improves on the official forecast
bias by approximately 5 percent. Overall, the IAM forecasts deliver a root
mean square forecast error (RMSFE) almost 8 percent lower than that of
the official forecast in the full sample, with that outperformance being
quite stable across all forecast horizons.
The columns of table 1 break down forecast accuracy by forecast hori-

zon and by the product’s sales channel. Several clear patterns emerge in
these results. First, the accuracy of point forecasts for both the IAM and
the official forecast improves as the forecast horizon narrows. Conversely,
the accuracy of this information degrades as the forecast horizon length-
ens. Second, a similar pattern distinguishes information quality across
sales channels. In the direct channel, forecasts are more accurate than
those for sales through indirect channels. Finally, at long forecast hori-
zons and in indirect sales channels, theremay not be substantial informa-
tion for the IAM to collect and report. In direct sales channels and espe-
cially at short forecast horizons, Intel has high-quality information about
sales to aggregate.
B. Nonparametric Tests of Information Aggregation
Whether or not the successful information aggregation observed in exper-
imental implementations of the IAM can be achieved in a field context
5 Alternatives, such as the median or modal forecast, yield largely the same results as re-
ported in the online appendix. Because of the buckets in the mechanism, these forecasts
are effectively interval censored. We take the midpoint of the bucket as the value for all
forecast mass placed within that bucket. The first and last buckets representing ranges
[0, x1) and [xK21, ∞) are assigned values x1 and xK21, respectively. We have considered differ-
ent specifications for these buckets with little impact on our results.

6 For proprietary reasons, Intel has requested that wemask the actual values of units sold
as well as the names of the products themselves. As all of our comparative analyses are in-
sensitive to the numeraire, this masking has no effect on the results while allowing us to
make our aggregated data publicly available. For each product, we normalized our data
by subtracting the average realized sales, scaling by the standard deviation so that realized
sales would have unit variance, and adding one to the normalized value. With this normal-
ization, realized quarterly sales ranged from 21.59 to 2.66.
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pari-mutuel-like mechanism for information aggregation 1087
presents the central empirical question of our study. Investigating infor-
mation aggregation in the field is complicated by the econometricians’ in-
ability to access the detailed information used by experimenters in analyz-
ing laboratory data. The experimental designer knows exactly what the
true conditional distribution is for Yi,t given all information in the system,
providing a host of observable restrictions with which to test each market.
In the field, however, the econometrician observes only the realized value
of Yi,t that, in comparison, is a severely restricted view into the data-
generating process that requires relatively large samples to provide a rich
perspective ofmechanismperformance.We define successful information
aggregation as characterized by a match between the empirical distribu-
tion of ticket placements in the IAM and the “true” probabilities of sales
(whether in expectation or exactly). Letting F i,tjt2h denote the informa-
tion set of IAM participants regarding Yi,t in period t2 h, wemake the fol-
lowing hypothesis.
Hypothesis 1 (Information aggregation mechanism accuracy).

Yi,t jF i,tjt2h5
d
MN

�
~h1,tjt2h, :::, ~hK ,tjt2h

� 8 i, t, h, (1)

where MN refers to the multinomial distribution, and ~hk,tjt2h denotes the
proportion of tickets placed in bucket k for the IAM run at time t 2 h to
generate the h horizon forecast for the period’s sales.
To test hypothesis 1, we define the IAM’s reported cumulative condi-

tional distribution of Ytjt2h corresponding to the ticket placements at ho-
rizon t 2 h by

Ĝi,tjt2h yð Þ 5 o
max kjxk≤yf g

k51

~hk,tjt2h:

Then we transform the realized outcome Y(i,t) into its corresponding
quantile in the conditional IAM distribution:

Q̂ i,t,h ; Ĝi,tjt2hðYi,tÞ: (2)

By translating the outcome into its conditional quantile from the IAM,
we allow for the possibility that, for different horizons’ forecasts of the
same product quarter, the actual sales Yi,t may derive from different (con-
ditional) distributions. Using the well-known property that the quantiles
of a random variable are sampled uniformly, if the IAM distribution
matches the true conditional probability distribution for Yi,t jF i,tjt2h, then
Q̂ i,t,h ∼H0

U ½0, 1�. That is, when we evaluate the IAM distribution at an ac-
tual realization of sales, that variable will be uniformly distributed on the
unit interval under hypothesis 1. This result allows us to consolidate ob-
servations across instances of the IAMs for different periods, horizons,
and products to evaluate the hypothesis.
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Accordingly, we can use a Kolmogorov-Smirnov test to evaluate whether
we can reject the hypothesis that our sample of quantiles is drawn from a
set of uniformly distributed random variables. Analyzing the conditional
quantiles renders the test robust to heterogeneity in the distributions
across products, time, and information sets.7
C. Information Aggregation in Information-Rich Settings
Panel A of figure 2 shows that the empirical distribution of IAM
quantiles almost perfectly matches the uniform distribution for the last
IAM run for the quarter, which occurs around 1 week before the quarter
ends but several weeks before sales are finalized. As indicated by the
RMSFE in table 1, uncertainty in final sales persists even in the last run
of the IAM, though we might expect participants in the IAM to have good
information about this uncertainty. As a setting in which we can be confi-
dent that information exists to be aggregated, this context provides the
ideal test for our hypothesis.
The results in figure 2 support the hypothesis, with a mean absolute

deviation of less than 3 percent and the Kolmogorov-Smirnov test statis-
tic corresponding to a p -value of 85 percent, indicating that we cannot
distinguish the IAM quantiles from the uniform distribution. That is,
the probabilities predicted by the IAM match the relative frequencies
of sales. Figure 2’s panel B extends the sample to include IAM runs to
include the 2- and 3-month horizon forecasts, essentially all IAMs run
in the quarter for which sales are being forecast. Visual inspection again
verifies that the IAM quantiles match up well with the uniform distribu-
tion with a slight distortion in the tails. This distortion registers as statis-
tically significant, with the Kolmogorov-Smirnov test reporting a p -value
of 3 percent.
D. Information Aggregation in Information-Scarce Settings
If participants have very little information relevant for predicting sales,
the IAM’s performance should deteriorate. This setting provides a sort
of placebo test for the IAM, since if there is no information to aggregate,
how could the IAM aggregate information exactly? To evaluate this effect,
7 Since the IAM quantiles are available only for a discretized support, these quantiles are
technically identified only within a range. Our reported results treat the probability mass in
a bucket as lying entirely on the minimum of that bucket, though our qualitative results are
not sensitive to this treatment. While robust to heterogeneity, we note that various features
of our data, especially the panel structure coupled with multiple horizons, induce correla-
tion across draws. As such, the p -values of the Kolmogorov-Smirnov test are likely to be dis-
torted with a downward bias. Unfortunately, analyzing correlated sampling structures in
the Kolmogorov-Smirnov test is an intractable problem beyond our scope.
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FIG. 2.—Quantile plots for the IAM. This figure presents the distribution of realized
quantiles from the IAM defined in equation (2) against the theoretically accurate uniform
distribution. Panel A reports the results for the last run of the IAM before the quarter ended.
Panel B reports the results for all IAM runs during the quarter for which sales are being
forecast.
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we consider the IAM’s performance at long-forecast horizons. In these
markets, we might expect the IAM to aggregate information in expecta-
tion, but not exactly. Panels A and B in figure 3 plot the quantiles of the
forecast quantile distribution against the uniform distribution at short-
medium (4–6 months) and long horizons (7–9 months), respectively.
Notably, the IAM in this setting no longer plots along the 45-degree line,
but rather follows a distinct S pattern. We also see evidence of the bias in
the location of these forecasting distributions, reflecting optimistic ex-
pectations for business performance heading into the great recession.
The S pattern we observe indicating that the IAM systematically under-

states tail probability events in the absence of useful information is related
to phenomena that have been much studied in the literature on betting
markets. Specifically, the “favorite-longshot bias” (FLB) is an oft-reported
empirical property in studies on betting markets.8 In data patterns charac-
terized by the FLB, the pari-mutuel odds on high-probability events un-
derstate the realized probabilities (e.g., the odds on a horse “favored”
to win the race understates the true odds of that horse winning). By con-
trast, we find a “reverse favorite-longshot bias,” in which elicited beliefs
understate the realized probabilities for low-probability (tail) events.
A number of explanations have been proposed for the FLB, when ob-

served in gambling environments, including probabilistic mispercep-
tions, risk preferences, belief heterogeneity, and information incentives.9

Ottaviani and Sørensen (2010) present a strategic analysis of these biases
in simultaneous, single-shot, pari-mutuel betting systems with persistent
aggregate uncertainty in the distribution over states. In this model, pari-
mutuel betting participants are partially informed about the conditional
distribution for a random variable in addition to aggregate uncertainty
about the outcome itself. Rational behavior in their model allows for
an FLB or a reverse FLB in the aggregated distribution depending on
the ratio of privately held information to noise in the forecast variable.
Specifically, the reverse FLB arises when information is very diffuse. To
see the intuition from amechanical perspective, consider the case of lotto,
a uniformly random pari-mutuel system. Since each number has an equal
probability of being awinningnumber, any “favorites” that arise during the
betting processmust underpay, and “long shots”must overpay; that is, a sys-
tematic underweighting of low-probability events arises in the pari-mutuel
8 There are four full chapters dedicated to its review alone in the Handbook of Sports and
Lottery Markets (Hausch and Ziemba 2008).

9 See Ali (1977) for an early reference. Snowberg and Wolfers (2010) compare the rel-
ative likelihood of risk preferences and probabilistic misperception in betting markets,
finding probabilistic misperceptions to be relatively more likely, but are silent on the role
of strategic considerations. Gandhi and Serrano-Padial (2015) show that belief heteroge-
neity among racetrack bettors can also induce a long-shot bias in prices.
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FIG. 3.—Quantile plots for the IAM. This figure presents the distribution of realized
quantiles from the IAM defined in equation (2) against the theoretically accurate uniform
distribution. Panel A reports the results for the IAM’s run 4–6 months before the quarter
ended. Panel B reports the results for IAM runs 7–9 months before sales are finalized.
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odds. This result indicates that the dynamic features of the IAM, which
are not considered in Ottaviani and Sørensen’s analysis of simultaneous
betting, do not completely resolve these biases in information-scarce en-
vironments.
E. Information Aggregation across Sales Channels
As noted above, forecasts for sales made through direct channels are
more accurate than those through indirect channels. Having observed
the IAM’s accuracy supported in short horizons, we would expect similar
support in the direct sales channel. Further, if the IAM’s reverse FLB at
long horizons is driven by information quality, the reverse FLB should
present more clearly in the indirect channel than in direct-channel sales.
Figure 4 presents the quantile plots of the IAM against the uniform

distribution broken down by sales channel. Panels A and B present the
quantiles of the IAM for all forecasts within 3 months of the quarter
FIG. 4.—IAM distributional accuracy across sales channels. This figure presents the dis-
tribution of realized quantiles from the IAM defined in equation (2) against the theoret-
ically accurate uniform distribution. Panel A reports the results for all IAM runs predicting
sales through the direct channel during the quarter for which the sales are being forecast.
Panel B reports results for IAM runs for predicting indirect sales during the same period.
Panels C and D provide the results for direct and indirect sales, respectively, at forecast ho-
rizons of 4–9 months.
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end, breaking down the results from figure 2’s panel B into direct and in-
direct sales. Panel A indicates minimal distortion of IAM quantiles in di-
rect sales, which cannot be statistically distinguished from the uniform dis-
tribution at the 9 percent level. Panel B suggests that the bias observed in
this panel is mainly driven by forecasts for indirect product sales, which
generates a 1 percent p -value in the Kolmogorov-Smirnov test. Panels C
and D confirm the results from figure 3 indicating that the reverse FLB
is present in both direct sales forecasts and indirect sales forecasts at these
long forecast horizons. Comparing the mean absolute deviation across
these environments indicates that the reverse FLB is slightly sharper for
indirect sales at long horizons, but this marginal effect is swamped by
the overall presentation of the reverse FLB.
The results across these subsamples underscore both the difficulty of

making predictions in information-scarce environments and the poten-
tial for consolidating information to make predictions in information-
rich environments. Because of the many composite hypotheses being
tested in this evaluation, there are any number of reasons the IAM per-
formance could break down in information-scarce environments. In the
field, we do not have sufficient data to determine what structural model
best characterizes participant behavior. However, the hypothesis that the
IAM aggregates information exactly provides the only plausible explana-
tion for the support the data provide to hypothesis 1 in information-rich
environments.
IV. The Information Value of the IAM
for Forecasting
We now examine the degree to which information available through the
mechanism can help improve internal forecasts of product sales. Our
analysis reveals two key findings. First, natural forecasts extracted from
the IAM provide lower mean square predictive loss than the official fore-
cast. Second, the IAM reports valuable information relating to expected
sales that is not already reflected in the official forecast. These findings
confirm that the aggregated information reflected by the IAM is not
merely a restatement of information readily available elsewhere within
the organization.
In these tests, we draw on techniques from the forecast evaluation lit-

erature (see, e.g., West [2006] and the references therein) to compare
the accuracy of the point prediction forecast from the IAM with that of
the official forecast. Of course, the feedback between the official forecast
and the IAM induces potential correlation in forecast errors both between
and across forecasts, so we implement our tests to be robust to any corre-
lations that might arise through this feedback cycle. Direct comparison of
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the forecasts is somewhat complicated by the timing of the IAM relative to
official forecasts. To provide comparable information sets, we evaluate the
IAM forecast relative to the official forecast prepared immediately after
the IAM. Our conservative treatment cedes a slight information advan-
tage to the official forecast, allowing us to be sure that any outperfor-
mance by the IAM is attributable to its aggregation of dispersed beliefs.
A. Predictive Accuracy and Forecast Performance
We begin with a direct horse race between the IAMmean and the official
forecast in terms of forecast error. Diebold andMariano (1995) tests pro-
vide the benchmark for directly comparing the predictive accuracy of
two forecasts under a variety of possible loss functions. Treating forecast
loss as the square error of the forecast, we get

l kð Þ
i,tjt2h 5 ½Ŷ kð Þ

i,tjt2h 2 Yi,t �2: (3)

We compare the loss between two corresponding forecasts j and k:

d j ,kð Þ
i,t,h 5 l

jð Þ
i,tjt2h 2 l kð Þ

i,tjt2h: (4)

The Diebold-Mariano test statistic corresponds to the t-statistic for the av-
erage dð j,kÞi,t,h , using a robust variance estimator.10

Table 2 shows that the IAMmean clearly outperforms the official fore-
cast in the overall sample, with the outperformance especially pronounced
at the 1-monthhorizon, where the IAMmeanoutperforms the official fore-
cast 65 percent of the time. As such, the IAM’s systematic outperfor-
mance is especially surprising given that the official forecasters know the
IAM distribution before releasing their forecast.
As table 2 illustrates, the official forecast deviates from the IAM fore-

cast in the wrong direction about 63 percent of the time. The Diebold-
Mariano tests clearly show that the IAM mean outperforms the official
forecast in the full sample and in the 1-month horizon. Looking at other
forecast horizons, the test’s significance drops with the smaller number
of observations, but the IAM mean is a better forecast than the official
forecast in over 59 percent of the observations across subsamples. In con-
trast to performance across sales channels, the IAM more consistently
10 Given themyriad sources of dependence in our data, we apply Cameron, Gelbach, and
Miller’s (2011) three-way clustering strategy on product-quarter, sales-quarter, and IAM ses-
sion, similarly to two-way clustering strategies for panels proposed by Petersen (2009) and
Thompson (2011). While Diebold and Mariano’s (1995) initial derivation of the test estab-
lishes its asymptotic normality, Harvey, Leybourne, and Newbold (1997, 1998) establish the
expected result that a Student’s t -distribution better controls for size.
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outperforms the official forecast in direct sales channels than in indirect
sales channels.
B. Forecast Combination and Encompassing Tests
Beyond its consistent outperformance of the official forecast, the IAM
also contains relevant information about sales not already reflected in
the official forecast. To show this, we analyze the optimal combination
of the IAM forecast with the official forecasts into a single aggregated
forecast.11 This investigation provides a mechanism for a series of en-
compassing tests.
If the IAM encompasses the official forecast, a decision maker who

learns the official forecast after having already observed the IAM would
not update his or her beliefs about potential sales. If the official forecast
does not encompass the IAM, then the information from the IAM would
be valuable to a decision maker who has access only to that official fore-
cast. We follow the approach of Fair and Shiller (1990) in applying a
regression-based test to evaluate the encompassing properties of the
two forecasts. It is straightforward to show that the optimal weights with
TABLE 2
Comparing Forecast Loss across Mechanisms

Observations

Frequency IAM

Outperforms

(%)

Average

Absolute

D Loss

(�100)

Diebold-Mariano

Test

t -Statistic
p -Value
(%)

Full sample 979 63 17.57 2.61 .9
Forecast horizon:
1 month 113 65 6.64 2.44 1.6
2–3 months 226 62 15.41 2.04 4.3
4–6 months 328 62 15.87 2.32 2.1
7–9 months 312 65 24.88 2.74 .6

Sales channel:
Indirect 339 59 28.79 2.44 1.5
Direct 640 65 11.63 3.23 .1
11 Timmermann (
forecast combination
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which to form a linear combination of forecasts can be calculated using
the following regression:

Yi,t 5 g 1 qIAMŶ
IAMð Þ

i,tjt2h 1 qOfficialŶ
Officialð Þ

i,tjt2h : (5)

If the IAM encompasses the official forecast, the weight assigned to the
official forecast in the optimal forecast combination would be zero (i.e.,
qOfficial 5 0), which can be evaluated using the standard t-statistic based
on robust (multiway clustered) standard errors. A sharper test of encom-
passing could evaluate the joint hypothesis that qIAM 5 1 and qOfficial 5 0,
while an even sharper test could add the restriction that g5 0 to the null
hypothesis. These tests are all readily evaluated using F -statistics.
Rather than the official forecast encompassing the IAM mean, the re-

sults in table 3 indicate that the IAM mean is more likely to encompass
the official forecast than the reverse. In the full-sample estimates, the of-
ficial forecast is actually negatively weighted, though this negative weight
is not statistically distinguishable from zero. Looking at subsamples of
these results, we can always reject the hypothesis that the IAM is encom-
passed by the official forecast; that is, the data clearly show that qIAM ≠ 0.
However, we cannot always reject the null hypothesis that qOfficial 5 0,
TABLE 3
Forecast Combination Regressions

Constant

IAM

Mean

Weight

(%)

Official

Forecast

Weight

(%)

Encompassing F -Tests

F(�, 1, 0) F(�, 0, 1) F(0, 1, 0) F(0, 0, 1)

Full sample .29 111 248 3.69 32.44 5.50 47.49
(.14) (15) (16) [1.2] [0] [.4] [0]

Forecast horizon:
1 month .07 116 220 2.25 35.90 3.19 51.94

(.06) (16) (14) [8.6] [0] [4.5] [0]
2–3 months .15 131 250 2.96 19.89 4.10 27.36

(.08) (19) (20) [3.3] [0] [1.8] [0]
4–6 months .31 88 227 3.11 6.59 4.64 9.80

(.13) (28) (30) [2.7] [0] [1] [0]
7–9 months .52 107 265 4.54 16.17 6.19 23.62

(.24) (27) (24) [.4] [0] [.2] [0]
Sales channel:
Indirect .65 104 265 6.02 22.35 8.26 32.53

(.22) (23) (21) [.1] [0] [0] [0]
Direct .16 111 239 2.41 26.01 3.61 36.79

(.1) (17) (16) [6.6] [0] [2.8] [0]
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since the optimal forecast weights the official forecast negatively to con-
trol variability in the IAM mean. We also reject all of the composite en-
compassing F -tests, providing statistical evidence of the information value
to be gained by combining the forecasts.
V. Conclusions
This paper analyzes a field test of the information aggregationmechanism
that was developed and refined in laboratory experimental environments.
The results underscore that the IAM performs well both in absolute terms
and relative to other forecasts and that it does so for understandable rea-
sons. To our knowledge, the Intel IAM is now the longest-running imple-
mentation of an economically motivated internal forecasting mechanism
in industry. We attribute its long-running success to the unique features
built on experimental development and experiences with the business ap-
plications of prediction markets.
Intel’s motivation for running the IAM derived from a desire to ex-

plore new approaches to producing the forecasts required for key strate-
gic decisions within the company. Economics-based approaches (such as
the IAM) are attractive because of the idea that market incentives might
reduce potential biases and distortions in the existing forecasting proce-
dure. From a practical perspective, the IAM has provided Intel with
greater insight into its business conditions and improved the organiza-
tion’s ability to forecast sales. Overall, Intel’s management has reacted to
the findings in this paper with interest and surprise. Accordingly, the
scale and scope of the IAM inside Intel may be expanded and broadened
and its output incorporated into the official forecast reports.
At the same time, Intel management identified some challenges inter-

preting its results that apply to automated prediction systems generally.
For changes in forecasts,managementwanted a story, an explanation relat-
ing the numbers to the operational environment to guide their reaction
to those changes.Management currently develops this insight through dis-
cussions about IAMresults with key participants and business stakeholders,
suggesting ways to further enhance prediction systems’ value to an organi-
zation. Future implementations of the IAM at Intel could be supplemented
with qualitative surveys of participants to provide a glimpse into the mech-
anisms and explanations for the observed forecasts. In response to ob-
served changes in forecasts for an aggregated product’s sales, another ap-
proach might tactically deploy the IAM for geographic- or market-specific
segments of the product to identify whether changes are drivenby a specific
segment amenable to management intervention. Further development
could apply the IAM to evaluate probabilities for joint events, for example,
characterizing the expected completion date of a project conditional on
the date at which a specific milestone is reached.
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