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Aggregating predictions from multiple judges often yields more accurate predictions
than relying on a single judge, which is known as the wisdom-of-the-crowd effect.
However, a wide range of aggregation methods are available, which range from one-
size-fits-all techniques, such as simple averaging, prediction markets, and Bayesian
aggregators, to customized (supervised) techniques that require past performance data,
such as weighted averaging. In this study, we applied a wide range of aggregation
methods to subjective probability estimates from geopolitical forecasting tournaments.
We used the bias–information–noise (BIN) model to disentangle three mechanisms
that allow aggregators to improve the accuracy of predictions: reducing bias and
noise, and extracting valid information across forecasters. Simple averaging operates
almost entirely by reducing noise, whereas more complex techniques such as prediction
markets and Bayesian aggregators exploit all three pathways to allow better signal
extraction as well as greater noise and bias reduction. Finally, we explored the utility of
a BIN approach for the modular construction of aggregators.
© 2021 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.
1. Introduction

Many studies have demonstrated the power of aggre-
ating predictions to improve their accuracy (for excellent
eviews, see Armstrong 2001, Clemen 1989, Clemen and
inkler 1999, Winkler, Grushka-Cockayne, Lichtendahl Jr,

nd Jose 2019). These studies explored a wide range of
ethods for aggregating predictions, such as machine

earning and statistical techniques (Makridakis, Spiliotis,
Assimakopoulos, 2018; McAndrew, Wattanachit, Gib-

on, & Reich, 2021), and prediction markets (PMs) (Chen
Pennock, 2010; Elliott & Timmermann, 2013). Previous

tudies also examined methods for selecting and assess-
ng forecasters (Budescu & Chen, 2015; Mannes, Soll, &
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169-2070/© 2021 International Institute of Forecasters. Published by Elsevie
Larrick, 2014), organizing interactions (Tetlock & Gard-
ner, 2016), and sharing information (Palley & Soll, 2019;
Satopää, Pemantle, & Ungar, 2016; Sunstein & Hastie,
2015). In numerous fields, interest is growing in moving
beyond horse race comparisons of the aggregator that
can best reduce the error scores to identifying the mech-
anisms that allow promising methods to improve the
accuracy of predictions (Davis-Stober, Budescu, Dana, &
Broomell, 2014; Erev, Wallsten, & Budescu, 1994; Soll &
Larrick, 2009).

Recently, Satopää, Salikhov, Tetlock, and Mellers (2021)
proposed a new statistical framework called the bias–
information–noise (BIN) model for explaining how ex-
perimental treatments in forecasting tournaments can
improve the accuracy of individual forecasters via three
pathways: reducing random error or noise, decreasing
systematic error or bias, and boosting signal/information
extraction. The authors used the BIN model to dissect the
r B.V. All rights reserved.
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effects of tournament interventions, such as training in
probabilistic reasoning, working in teams, and tracking
talented forecasters and then placing them in elite teams.

However, Satopää et al. (2021) focused solely on mod-
ling the treatment effects on individual forecasters, rather
han the strengths and weaknesses of aggregators. By
ontrast, in the present study, we focused exclusively on
ggregators. By analyzing aggregation techniques in the
ame manner as (Satopää et al., 2021) analyzed experi-
ental treatments, we aimed to move beyond tabulating

he outcomes of horse races to obtain a deeper under-
tanding of aggregators. A more apt metaphor is a profes-
ional car race where mechanics can look under the hood
nd inspect the performance engines that underlie aggre-
ators. We applied a range of aggregators to a series of
robability predictions in forecasting environments with
ariations in terms of the size of the crowd, level of skill
nd information sharing within the crowd, and forecast
ime horizon. We aimed to understand the pathways that
llow different types of aggregators to synthesize wisdom
rom crowds.

This granularity is important for the following two
easons. First, predictions made in different environments
re likely to have different levels of bias, noise, and infor-
ation asymmetry. Thus, our choice of aggregation tool
hould match the environment. For instance, a potentially
teep accuracy cost may be incurred if we apply a pure
oise reduction aggregator to predictions that vary due
o information asymmetry (different forecasters possess
istinct sets of valid knowledge). Second, we can use
IN decomposition to advance the modular construction
f aggregators, which involves partitioning an aggregator
nto modules, inspecting how each module contributes
o the overall accuracy, and detecting redundancies and
otential for improvements.

. Bias, information, and noise

The BIN model developed by Satopää et al. (2021) is
n analytic engine that traces the variations in observ-
ble forecasting accuracy to three unobservable, mutually
xclusive and exhaustive components: systematic error
bias), random error (noise), and lack of knowledge (par-
ial information). The model locates these components in
he framework of a signal universe that contains all past
nd future signals with positive or negative effects on
target event. The model treats these signals as causal,
here the target event occurs if and only if the cumulative
ignal contribution is positive. In addition to relevant
ignals, the universe contains signals that are not relevant
o the event. Forecasters sample and interpret all of these
ignals with various levels of skill and thoroughness. Their
amples consist of relevant signals (partial information)
nd irrelevant signals (noise). The BIN model makes the
ounded rationality assumption that forecasters have a
imited ability to distinguish relevant from irrelevant sig-
als in their samples. Irrelevant signals increase noise and
elevant signals increase information. In addition, fore-
asters may fail to center the signals incorrectly, thereby
eading to systematic biases. For a stylized example, see
xample 1 given by Satopää et al. (2021).
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Each pathway has a distinctive observable effect on the
predictions made by forecasters. As an illustrative exam-
ple, we used the BIN model to simulate outcomes with a
base rate of 0.5 and forecasters’ predictions with different
levels of bias, noise, and information. Fig. 1 shows cali-
bration plots that graphically illustrate these predictions
against the objective frequency of event occurrence. To
track whether these predictions are extreme or confident,
the inset boxes in the bottom right corners show his-
tograms representing the predictions made by the fore-
caster for a large number of events.

Panel A depicts a perfectly calibrated forecaster with-
out bias or noise. The calibrated forecaster’s probability
predictions align perfectly with the objective frequencies
of events. For example, whenever the forecaster reported
a probability of 0.2, then exactly 20% of the events oc-
curred, and the equivalent relationship also applied to all
possible predictions between 0 and 1 (not only 0.2). Panel
B illustrates the marginal effect of increasing informa-
tion by allowing the forecaster to condition on a variable
that correlates more strongly with the outcome. Given
that there is still no bias or noise, the predictions still
align perfectly with the objective frequencies of events.
However, the predictions in panel B are more extreme
or decisive, thereby indicating their greater resolution
than those in panel A. The panel B forecaster would be
more valuable to decision makers because this forecaster
has all three advantages of BIN: possession of relevant
information and absence of bias and noise.

The remaining four panels illustrate the effects of bias
and noise. Panel C depicts a forecaster who makes system-
atically low predictions and who has a downward bias.
Panel D is a forecaster with an upward bias and panels E
and F represent noisy forecasters. The difference between
panels E and F is that in panel F, the forecaster’s irrelevant
signals are non-negatively correlated with the forecaster’s
relevant signals, thereby making the forecasters’ predic-
tions more extreme than can be justified. By contrast, in
panel E, irrelevant signals are negatively correlated with
the forecaster’s relevant signals, which leads to predic-
tions that are excessively close to the non-informative
base rate of 0.5, and thus they are under-confident. In
panels C, D, E, and F, the predictions no longer align with
the objective frequencies of events, which is a sign of
miscalibration. The panels show how bias shifts the points
up or down, and noise rotates the points either clockwise
or counterclockwise.

3. Overview of the BIN model

In this section, we briefly review the technical details
of the BIN model. We denote the target event as Y ∈ {0, 1}
such that Y = 1 if the event happens and Y = 0 if it
does not. The outcome is determined by a hypothetical
normally distributed variable Z∗ representing the accu-
mulation of all relevant signals in the signal universe. The
outcome itself is Y = 1(Z∗ > 0), where Z∗ has mean

[Z∗
] = µ∗ and the indicator function 1(E) equals 1 if

is true; otherwise, 0.
The BIN model treats individual forecasters as ex-

hangeable, which means that the expected levels of bias,
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Fig. 1. From left to right, columns show the effects of information, bias, and noise, respectively. The inset figures in the bottom right corners show
the distributions of the predictions. Each distribution has its own x-axis defined by its bottom border and it ranges from 0 (left) to 1 (right).
information, and noise are the same for all individuals in
the same group. The kth forecaster assigns a probability
k ∈ (0, 1) to the event {Z∗ > 0} based on a normally
istributed variable Zk representing the accumulation of
relevant or not) signals in forecaster k’s sample. If the
ean of the forecaster’s accumulated signals is E[Zk] =

µ∗
+µ, then the bias is E[Zk]−E[Z∗

] = µ. Partial informa-
tion is the covariance between Zk and Z∗: Cov(Z∗, Zk) = γ .
Noise is the remaining variability of Zk after removing the
covariance with Z∗: Var(Zk) − Cov(Z∗, Zk) = δ. To map
the forecasters’ accumulated signals to the probability
predictions while ensuring that the model parameters
are statistically identifiable, the BIN model makes the
bounded rationality assumption that forecasters are not
aware of the noise and bias in their accumulated signals
Zk, and they consider that δ = 0 and µ = 0. With the
potential for misbelief, the forecaster predicts:

pk = Φ

(
Zk

√
1 − γ

)
,

here Φ(·) is the cumulative distribution function of a
tandard normal distribution.
In this study, we modeled the aggregator as the

ndividual predictions described above, except that the
ggregator was treated as a group of its own.1 In the

1 The aggregate is based on predictions that can become linearly
dependent, thereby leading to a degenerate distribution. For example,
suppose that we model the predictions of 10 forecasters jointly with
their equally weighted average aggregate. Given that the aggregate
is an exact linear combination of the predictions, the individual
predictions and aggregator span only 10 dimensions rather than 11. As
a result, the joint distribution is degenerate, which causes estimation
problems. A common solution involves breaking this exact linear
472
same manner as the individual predictions, the aggregate
forecast was based on a normally distributed variable
representing the accumulation of all signals revealed to
the aggregator by the predictions of individual forecasters.
This variable was then converted into a probability pre-
diction under the same bounded rationality assumption
described above.

The BIN model can be estimated ex-post from predic-
tions and outcomes of multiple events. Under the esti-
mated model, we can compare the expected accuracy of
the aggregator against the expected accuracy of individ-
ual forecasters and perform marginal analysis to explain
the performance differentials in terms of the reduction
of noise, decrease in bias, or effective use of dispersed
information in crowd predictions. In this manner, we
can explore the pathways that allow aggregators to de-
rive wisdom from crowds. In the following sections, we
described our investigations based on series of subjec-
tive probability predictions made in different forecasting
environments.

relationship by adding a small amount of mean-zero noise to the
aggregate prediction. In machine learning, adding noise to the train-
ing data often improves convergence and reduces the generalization
error (Bishop, 1995). For instance, Cross, Ramos, Mellers, Tetlock, and
Scott (2018) ‘‘blurred away’’ the discreteness of the data by adding
a small amount of white noise to each prediction. In this study, we
added normally distributed noise with mean 0 and standard deviation
0.2 to each individual prediction and aggregator in the probit space,
which increased the noise level of the crowd and the aggregator by a
small amount. However, this increase occurred for both the crowd and
aggregator, so it was canceled out when we compared the aggregator
to the crowd and computed the difference between the noise levels.
Thus, adding noise allowed the estimation procedure to converge, but
it did not noticeably affect the results.



V.A. Satopää, M. Salikhov, P.E. Tetlock et al. International Journal of Forecasting 39 (2023) 470–485

y
i
b
v

t

t

4. Individual forecasters and events

We used the BIN model to analyze aggregators in a 4-
ear series of probability estimates made by forecasters
n geopolitical tournaments sponsored by the research
ranch of the US intelligence community: Intelligence Ad-
anced Research Projects Activity (IARPA).2 The full data

set includes hundreds of forecasting questions, outcomes,
and probabilistic predictions made by the thousands of
participants in the Good Judgment Project (GJP). For in-
stance, an illustrative question posed on September 1,
2011 asked whether Serbia would be granted European
Union candidacy in the next four months. The question
was answered as ‘‘no" because the event did not occur by
that date.

Provided that a question remained open, forecasters
were encouraged to update their predictions in response
to new information. If forecasters did not update on a
given day, we assumed that their beliefs had not changed.
To avoid infinite probit scores in the BIN model, all predic-
tions of exactly 0 or 1 were transformed to 0.01 and 0.99,
respectively. Given that the questions were open for vary-
ing periods and not all forecasters predicted all events,
the numbers of questions and forecasters per question
differed across forecast time horizons and experimen-
tal conditions. For more details, see section S1 in the
Supplementary Material.

Our analysis focused on questions with binary out-
comes (yes/no) that remained open for no more than 180
days. Thus, we had a large set of comparable questions. To
ensure that forecaster bias had a consistent interpretation,
we adjusted questions such that ‘‘yes’’ always referred
to a change from the status quo. Thus, the forecasters
predicted probabilities of change, and bias was either a
systematic over- or under-estimation of change.

The GJP assigned forecasters to the following three
experimental conditions (the first two assignments were
random and the third was based on performance).

• Individuals with and without training in probabilis-
tic reasoning. In the training condition, forecast-
ers completed a tutorial on probabilistic reasoning
based on recommendations from the forecast elici-
tation literature (O’Hagan, Buck, Daneshkhah, Eiser,
Garthwaite, Jenkinson, Oakley, & Rakow, 2006).

• Teams with and without training in probabilistic
reasoning. Forecasters worked in teams where they
could debate each other’s predictions. Each fore-
caster ultimately made their own predictions.

• Superforecasters. The performance of forecasters was
tracked over time. At the end of each tournament
year, the top 2% forecasters were designated as ‘‘su-
perforecasters’’ and given an opportunity to work
together the following year (Mellers, Stone, Mur-
ray, Minster, Rohrbaugh, Bishop, Chen, Baker, Hou,
Horowitz, et al., 2015). Again, each forecaster ulti-
mately made their own predictions.

2 The data can be downloaded at https://dataverse.harvard.edu/
dataverse/gjp.
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Fig. 2 shows the average Brier scores for individual
forecasters in different experimental conditions and over
different forecast time horizons defined as the number
of days between the prediction and event resolution. The
left panel is based on all data, whereas the right panel fo-
cuses only on data from year 2. We made this distinction
because we could analyze PMs based only on data from
year 2, where the individuals with and without training
formed appropriate control groups. However, all other
aggregators could be analyzed across years. Forecasters
in different experimental conditions exhibited significant
heterogeneity in terms of skill. Both training and team-
ing improved the individual accuracy. Among the five
conditions, superforecasters were the most accurate by a
substantial margin.

We aimed to investigate how and to what extent ag-
gregators could improve the average individual-level Brier
scores. Our experimental conditions allowed us to as-
sess the relative added value of various aggregators for
untrained and trained individuals, untrained and trained
teams, and superforecasters. Given that teams engaged in
both informational influence (constructive conversations
edging closer to the truth, which ramped up the sig-
nal) and normative influence (conformity cascades, which
ramped up bias and noise), we expected mixed benefits of
teaming for all but the most skillfully run teams (which
tended to consist of superforecasters). In the following
sections, we avoid presenting redundant results and focus
on the most informative contrasts. The full results can
be found in sections S3 and S4 of the Supplementary
Material.

5. Aggregators

We organized aggregators into two categories: (1) un-
supervised one-off aggregators that could be applied to an
isolated prediction task without past performance data;
and (2) supervised aggregators that could be applied only
if historical performance data were available.

Unsupervised aggregators: The unsupervised aggrega-
ors examined in this study included the following.

1. Probability average (Stone, 1961). In a theoretical
study, Satopää (2021a) explained that measures of
central tendency treat disagreements among fore-
casters as noise. However, if disagreement stems
from information asymmetry, these aggregators will
mistakenly eliminate private information. Given tha
averaging is a measure of central tendency, it is
unlikely to boost accuracy via the information path-
way. Bias also presents a problem because a simple
average of probabilities is often excessively close to
0.5 (Baron, Mellers, Tetlock, Stone, & Ungar, 2014).
Probabilities are bounded within the unit interval,
which means that noise will push large probabili-
ties downward close to 1.0 and small probabilities
upward close to 0.0.

2. Trimmed probability average (Jose, Grushka-
Cockayne, & Lichtendahl Jr, 2014). The trimmed
average removes a user-specified percentage of the
lowest and highest probabilities before averaging

https://dataverse.harvard.edu/dataverse/gjp
https://dataverse.harvard.edu/dataverse/gjp
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Fig. 2. Average individual level Brier scores in experimental conditions across forecast time horizons.
the remaining probabilities. An alternative to trim-
ming is Winsorizing, which replaces the extreme
value with the nearest user-specified percentile
instead of removing them. Both approaches can
reduce the influence of extreme values and the
tendency of the average to be excessively close to
0.5.

3. Median of the probabilities (Hora, Fransen, Hawkins,
& Susel, 2013). This aggregator uses extreme trim-
ming because the median excludes all but the mid-
dle value of the individual forecasts.

4. Probit average (Satopää, Baron, Foster, Mellers, Tet-
lock, & Ungar, 2014). To debias the simple prob-
ability average, we transformed the probabilities
into their probits in the unbounded real line, av-
eraged the probits, and then transformed the aver-
age probit back to the probability scale. However,
this is still a measure of central tendency. There-
fore, similar to the probability average, trimmed
probability average, or median, the probit average
should be an efficient noise reducer but not an
efficient integrator of information dispersed among
forecasters.

5. Regularized Bayesian Aggregator (RBA; Satopää
2022). This one-off aggregator can partially sep-
arate disagreement due to noise and information
asymmetry by exploiting the statistical fact that
disagreement among forecasters is limited by
the noisiness of their judgments. This method
is based on a constrained version of the BIN
model. However, unlike the BIN model, the RBA
does not incorporate bias or allow the forecasters
to possess mutually correlated irrelevant signals.
These choices are motivated by the one-off context
where each forecaster provides only a single
prediction, and thus the BIN model cannot be
estimated. For instance, bias is a systematic error
that is measured relative to the base rate of
the outcome. Given that the base rate cannot
be estimated without outcomes data, it is not
possible to estimate bias in the ex-ante one-
off context. Even though it is not possible to
perfectly separate disagreement due to noise and
474
information asymmetry based on one prediction
per forecaster, extreme levels of disagreement are
only possible in the presence of noise. This allows
the RBA to estimate a lower bound on the level of
noise and reduce the risk of overfitting.
Satopää (2022) concluded by comparing a model
that used the GJP data in order to benchmark RBA
against other unsupervised aggregators, including
those mentioned above. This horse race comparison
was designed to illustrate the potential of RBA and
it did not involve any empirical attempts to esti-
mate the BIN pathways that might allow different
aggregators to improve the accuracy of predictions.
In addition to the predictions, RBA uses inputs com-
prising the common prior of forecasters, which is a
probability prediction based on some of the fore-
casters’ shared information. This is crucial for har-
nessing the forecasters’ information and, indeed,
several authors have argued that dispersed infor-
mation cannot be merged without the forecast-
ers’ prior beliefs (e.g., Dietrich 2010). Unfortunately,
forecasters in the GJP did not routinely report their
prior beliefs. To include RBA in our comparison, we
applied it with a default non-informative common
prior of 0.5.3 In our view, RBA provides a valuable
contrast to averaging techniques because in addi-
tion to reducing noise, it has the potential to merge
information dispersed among the forecasters.

6. PMs (Wolfers and Zitzewitz 2004). Forecasters act
as traders who place bets on future events. A con-
tract can pay $1 if the event happens, and $0 oth-
erwise. If the current price is 60 cents, the supply–
demand equilibrium in the market implies that the
event has a probability of 0.6. If forecasters believe

3 Satopää (2022) explained that at the beginning of a question when
the uncertainty is highest and before forecasters have accumulated
large amounts of question-specific evidence, they are likely to interpret
a similar body of evidence, and hence disagree largely due to noise.
In this study, the simple average of all probability predictions on the
third day of a question was used as a ‘‘compromise’’ common prior.
In section S2 of the Supplementary Material, we show that this simple
average obtained very similar results compared to using the uniform
prior of 0.5.
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that the market has mispriced the chances, they can
buy (sell) and hence increase (decrease) the price.
The efficient market hypothesis posits that the cur-
rent price should, in principle, reflect all publicly
available information because as soon as forecast-
ers become aware of noise, bias, or missing infor-
mation, they have incentives to trade, thereby caus-
ing appropriate adjustments to the current price.
In classic micro-economic theory, PMs should be
superior to averaging techniques (which only re-
duce noise) and RBA (which reduces noise and
merges partial information). Indeed, in theory, mar-
kets should be the most efficient possible method
for improving all BIN components. In addition this
method does not rely on statistical aggregation but
instead on crowds aggregating their own predic-
tions, so it can provide insights into the advantages
and disadvantages of statistical aggregation.

The six unsupervised aggregators described above are
rdered roughly by the number of BIN components (bias,
nformation, and noise) that they should theoretically im-
rove, but this comes at a cost in terms of complexity. The
verage or median probability only requires a back-of-a-
apkin type calculation. RBA depends on a sophisticated
umerical Bayesian procedure that considers all potential
oise/information asymmetry splits and finds an aggre-
ate by weighting all possible scenarios by their respec-
ive likelihoods. Finally, PMs require a trading platform
nd liquidity management.
Supervised aggregators: Supervised aggregators depend

n unknown variables that must be inferred from histor-
cal performance data. We determined which of the fore-
asters was closest to being correct about specific events
y considering a range of supervised aggregators and
valuated them by performing leave-one-out cross valida-
ion. First, we formed a test set by separating one outcome
nd its predictions from the remaining data. Next, we es-
imated the unknown variables for the supervised aggre-
ators using the remaining data (the training set). Finally,
ith our estimated model, we predicted the event in the
est set by aggregating the predictions in the test set. Each
ggregate prediction was then out-of-sample and it was
rained based on equal but maximal amounts of training
ata, so our results were more likely to represent the
nherent characteristics of the aggregation components.

We separated the supervised aggregators into ‘‘mod-
les’’ that addressed different aspects of aggregation. Based
n the study by Atanasov, Rescober, Stone, Swift, Servan-
chreiber, Tetlock, Ungar, and Mellers (2017), we focused
n the effects of three modules controlled by five un-
nown variables denoted by ν1, ν2, ν3, ν4, and ν5, as

follows.

1. Temporal decay (TD): We calculated the probit av-
erage based only on a fraction ν1 ∈ [ν1,min, 1] of the
most recent predictions. To improve the stability of
our estimation procedure, the lower bound ν1,min
was set such that each aggregate involved at least
three predictions.
We hypothesized that TD would increase the infor-
mation levels of the aggregate because forecasters
 o
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accumulate information over time. Thus, excluding
older predictions will avoid diluting the aggregate
with less informed predictions and instead give
more weight to the most current and presumably
informed predictions.

2. Differential weighting (DW): If we suppose that
there are K forecasters, the equally weighted aver-
age would assign a weight 1/K to all predictions.
We consider a variant of the probit average where
the weights placed on forecasters’ predictions de-
pend on: (a) their historical accuracy and (b) how
often they have updated their predictions regarding
a question. A forecaster k receives a weight pro-
portional to w

ν2
k,acc × w

ν3
k,upd, where wk,acc ∈ [0, 1]

is the kth forecaster’s accuracy4 at predicting the
outcomes in our training set, wk,upd ∈ [0, 1] is pro-
portional5 to the number of times forecaster k up-
dated the predictions of the test event, and ν2, ν3 ∈

[0, 1] are parameters that determine how sensi-
tive the aggregator is to heterogeneity in terms of
accuracy and frequency during forecast updating,
respectively.
This approach could potentially obtain improve-
ments through all three pathways. First, it assigns
high weight to forecasters who performed well
in previous prediction tasks. Clearly, good perfor-
mance suggests that these forecasters had low lev-
els of bias and noise, or larger amounts of in-
formation. Second, more updating requires effort
and those who made greater effort to search for
relevant signals in the news, as well as correcting
biases and reducing noise were likely to be better
forecasters (Atanasov et al., 2017).

3. Recalibration (RC): We transformed the forecasters’
average probit prediction with a linear function.
In particular, the recalibrated aggregate forecast is
given by Φ(ν4 + ν5P̄), where P̄ denotes the crowd’s
(potentially weighted or decayed) probit average,
Φ(·) is the cumulative distribution function of a
standard normal distribution, ν4 is the intercept of
a linear transformation that makes the final aggre-
gate systematically higher or lower, and ν5 is the
slope of the linear transformation that makes the fi-
nal aggregate more or less extreme. On a calibration
plot (recall Fig. 1), this mechanism can both shift
and rotate the points and polarize the distribution
of the predictions, thereby allowing RC to improve
all three BIN dimensions.

4 We measure accuracy as 1 − BrSk , where BrSk is the forecaster’s
average Brier score in the training set. For instance, if the forecaster
predicted 0.5 and 0.7 for two events that both occurred, then 1−BrSk =

1−
1
2 [(1−0.5)2 + (1−0.7)2] = 1−0.17 = 0.83. The scores range from

(perfect inaccuracy) to 1 (perfect accuracy). Each forecaster who had
o past predictions in our training set received an accuracy score of
.75, which represents the accuracy guaranteed by a constant (naïve)
rediction of 0.5. In this manner, the forecasters’ past predictions
etermined whether a forecaster was treated as net helpful (accuracy
igher than 0.75) or net harmful (accuracy lower than 0.75).
5 We counted how often forecasters updated their predictions for

he test event and then normalized all counts by the maximum number
f updates by each forecaster.
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It should be noted that the parameters used in this
pproach could revert to the probit average if not sup-
orted by the training data. In addition to nesting the
robit average, this approach treats the model as modular,
here each of the three modules described above can be

ncluded or removed. For instance, one model could only
ecalibrate the probit average and not perform DW or TD,
here the only module in this model was RC. Alterna-
ively, we could recalibrate the probit average with DW
n the model called RC + DW. Mixing and matching mod-
les in this manner yielded seven different combinations
f modules (TD, DW, RC, TD+DW, TD+RC, DW+RC, and
D+DW+RC), and thus seven aggregators. We studied the
arginal effect of each module by training each of these
ggregators.

. Results

.1. Unsupervised: Statistical aggregators

Our first analysis involved unsupervised aggregators,
xcept for PMs, which we investigated later for the fol-
owing two reasons. First, all unsupervised statistical ag-
regators, such as probability average and median, could
e applied to forecasts across all four years of the tour-
ament. Thus, we maximized the power with the sta-
istical aggregators by using data from all four years.
e then compared PMs using data from year 2, which
ad two markets with clear control groups of individual
orecasters.

Second, given that the unsupervised aggregators can
e applied to any single set of predictions, we could
tudy their behavior in a diverse set of environments.
nfortunately, the same is not true of PMs. For instance,
e cannot study PMs of different sizes based on past data.
he market is a fixed entity that cannot be separated
nto pieces in this manner. However, we could apply
he statistical aggregators to randomly sampled crowds
ith different sizes. In addition to crowd size, we evalu-
ted the unsupervised statistical aggregators under differ-
nt forecast time horizons, levels of information sharing
mong the crowd members, and levels of trimming and
insorizing.

.1.1. Level of trimming and Winsorizing
Jose et al. (2014) showed that trimming or Winsorizing

orecasters’ probabilities before averaging can boost their
ccuracy. To understand this effect, we applied different
evels of trimming and Winsorizing to probability and
robit predictions made 30 days before event resolution
nd averaged the remaining predictions.
Fig. 3 shows the improvements in the individual-level

xpected Brier scores (recall Fig. 2) due to aggregation in
2 × 4 panel of plots. The columns correspond to all

our combinations of trimming/Winsorizing and probabil-
ty/probit average, as labeled at the top. Rows represent
ifferent experimental conditions for individual forecast-
rs, as indicated by the labels on the left. The y-axis
n each subplot shows the change in the expected Brier
core. The vertical colored bars show how much the ag-
regators delivered improvements via bias, information,
476
and noise. The x-axis in each subplot represents the level
of trimming or Winsorizing, which increases from left to
right.

The column on the far left in Fig. 3 represents the
trimmed probability average. The top figure in this col-
umn shows that averaging probabilities with no trimming
improved the expected Brier scores for untrained indi-
viduals by 0.07 through noise reduction. However, the
probability average also increased the bias and reduced
the level of information. The combined effect of the in-
creased bias and decreased level of information led to a
0.02 increase in the expected Brier score. Therefore, the
net improvement in the expected Brier score was about
0.07 − 0.02 = 0.05. However, the negative effect of bias
was almost eliminated by adequate trimming, as shown
by moving right along the x-axis.

The effect of Winsorizing probabilities before averag-
ing was similar to the effect of trimming, as shown in
the second column from the left. The final two columns
show the effects of trimming and Winsorizing probits
before averaging them. As mentioned above, these mech-
anisms had very similar effects. However, in contrast to
the probability average, excessive trimming or Winsoriz-
ing before averaging the probits for untrained individu-
als slightly increased the level of bias. The bottom row
shows that trimming or Winsorizing had a negligible ef-
fect on the probability average and probit average of the
predictions for superforecasters, thereby suggesting that
trimming and Winsorizing were less effective for highly
skilled forecasters.

However, in practice, there is no standard method for
choosing the level of trimming or Winsorizing ex-ante
based on a single set of predictions. Our results suggest
that instead of trying to justify a particular level, the
decision maker can rely on the unmodified probit average.
Given that trimming and Winsorizing had very similar
effects on the probability average, we only considered the
trimmed probability average with 10% trimming, which
we selected as a likely default choice.

6.1.2. Number of forecasters
Fig. 4 is similar to Fig. 3 except that instead of ana-

lyzing the effects of trimming or Winsorizing, we focused
on unsupervised statistical aggregators and how they im-
proved the accuracy of individuals (recall Fig. 2) based on
predictions made by crowds of various sizes. The x-axis in
each subplot represents the crowd size, which increased
from five on the left to 75 on the right. Again, we fixed the
forecast time horizon to 30 days before event resolution.
To capture the trends for each size and aggregator, we
formed 250 different crowds by randomly sampling the
forecasters, calculated the accuracy improvement due to
aggregation under each crowd, and plotted the average
BIN decomposition.

These results demonstrate that averaging techniques
(first four columns from the left) benefited from addi-
tional predictions when the crowd comprised untrained
individuals. However, the improvement was rather small
and mainly due to better noise reduction. Unfortunately,
the larger crowd size did not help averaging to overcome
the bias toward 0.5.
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Fig. 3. Brier score contributions at different levels of (symmetric) trimming and Winsorizing of probability and probit predictions.
Fig. 4. Average Brier score contributions from unsupervised statistical aggregators under various sizes of crowds of forecasters.
By contrast, RBA obtained greater benefits with larger
crowds of non-trained individuals, as shown by the col-
umn on the far right. Satopää (2022) stated that RBA
assumes that larger crowds will possess more total in-
formation. Therefore, as the crowd size increases, RBA
seeks to incorporate increasing amounts of information
and obtains an extreme consensus prediction given by the
probit average, which is very distant from the forecast-
ers’ common prior (0.5 in our case). Our results showed
that the resulting aggregate was more informed and less
biased than the typical individual forecaster. It was sur-
prising that RBA could reduce the bias even though its
model does not acknowledge bias in individual predic-
tions. However, an aggregator does not need to model
477
bias in order to reduce it. If individual forecasters are bi-
ased, an increasingly accurate aggregator must eventually
reduce this bias. We consider this topic further in Sec-
tion 6.1.4. However, making a large number of predictions
is not necessary for RBA to boost the accuracy of individ-
ual forecasters. Indeed, even with only five predictions,
RBA improved the accuracy as much as the best averaging
technique, which was the probit average, and it achieved
this by exploiting all three BIN dimensions.

6.1.3. Level of information sharing
Next, we considered crowds who differed in terms of

the level of information shared among individual mem-
bers. We sampled individuals who worked alone (with
or without training) and placed them in the same crowd
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Fig. 5. Average Brier score contributions from unsupervised statistical aggregators under different levels of information sharing among crowd
members.
with individuals who were known to work on the same
team (in the teaming or superforecaster condition, re-
spectively). For example, a 10-person crowd comprising
three untrained forecasters who worked alone and seven
untrained forecasters on the same team represented more
information sharing than a crowd of seven untrained fore-
casters who worked alone and three untrained forecasters
on the same team.

In our analysis, we fixed the forecast time horizon at
0 days, tested a crowd size of 10, and varied the number
f non-team members from 0 to 10. To capture general
rends, for each number of non-team members and ag-
regators, we formed 250 different crowds by augmenting
andomly chosen teams with individual forecasters who
orked alone, before calculating the accuracy improve-
ent due to aggregation under each crowd and plotting

he average BIN decomposition, as shown in Fig. 5. In
ig. 5, the x-axis in each subplot represents the num-
er of non-team members, which increases from left to
ight. Therefore, crowds with more information sharing
mong members are shown on the left-hand side of each
lot. To maintain a similar data set for each number of
on-team members, we only considered questions that
nvolved both non-trained individuals and teams. For the
umbers of teams and questions available to each number
f non-team members, please refer to section S1 in the
upplementary Material.
The results showed that when crowd members in-

eracted with each other less, the RBA and probit aver-
ge performed better compared with the other aggrega-
ors that lost accuracy due to increasing bias. Forecasters
hat worked alone were likely to make more different
redictions, and thus the average became very close to
.5.
Noise reduction became less important as the crowd

embers shared more information because the forecast-
rs in teams had less noise (Satopää et al., 2021), and thus
here was a lower capacity for noise reduction. This effect
as particularly strong for RBA, which performed worse
478
than probit average when the crowd consisted almost
entirely of team members. In general, RBA seeks to model
disagreement due to noise and information asymmetry
in the crowd. However, in a one-off setting with limited
data, it is not possible to make such distinctions perfectly.
Therefore, in practice, RBA always assumes some level of
both noise and information asymmetry. However, when
forecasters can interact with each other, disagreements
are likely to stem almost entirely from noise. RBA contin-
ues to assume that some of this disagreement stems from
information asymmetry, thereby leading to overfitting,
which adds noise, but RBA also performs noise reduction.
The net effect of noise reduction and overfitting is still
positive, thereby leading to less noise overall, and thus
better accuracy. However, due to overfitting, RBA is less
effective at reducing noise than simpler averaging tech-
niques that assume all disagreement stems from noise,
which is an assumption that aligns better with a crowd
of team members. We consider overfitting further in our
discussion of supervised aggregators.

6.1.4. Forecast time horizon
Fig. 6 decomposes the wisdom-of-the-crowd effect

into the three BIN dimensions and shows how it changes
as a function of the forecast time horizon, which increases
from left to right. The shortest horizons (usually the
easiest forecasting tasks) are shown on the left-hand side
in each plot.

The top row in Fig. 6 shows how aggregators improved
the accuracy of individuals without probabilistic training.
Averaging techniques achieve this improvement almost
entirely by noise reduction. The simple probability av-
erage increases the bias of longer-range predictions, but
mainly because it pulls judgments toward 0.5 on the
bounded probability scale, as explained by Baron et al.
(2014). As illustrated earlier, trimming extreme predic-
tions or using the median as a form of extreme trim-
ming can alleviate these disadvantages. Probit averag-
ing appeared to correct this undesirable tendency almost
entirely.
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Fig. 6. Brier score contributions from unsupervised statistical aggregators under different forecast time horizons.
However, all of these aggregator are measures of cen-
ral tendency, and thus they treat the disagreement of
orecasters as noise. Thus, in principle, these aggregators
ay cause information loss whenever information asym-
etry occurs. This effect was observed at short forecast

ime horizons (moving left in each subplot) and it de-
reased from left to right in the columns each subplot,
nd thus the probit average reduced the information level
ery little or none. Therefore, if decision makers want to
educe noise in predictions, they should consider probit
veraging as an alternative to more popular measures of
entral tendency, such as the probability average, median,
r trimmed probability average.
Overall, RBA was most successful at improving the

ccuracy, as shown by the height of the colored bars.
urthermore, unlike measures of central tendency that
ct almost exclusively through noise reduction, RBA deliv-
red improvements across all three BIN dimensions: bias,
oise, and information. About half of the improvement
as due to noise reduction. For long forecast time hori-
ons (toward the right in each subplot), RBA improved
he accuracy through bias reduction more than by merg-
ng the dispersed information of individual forecasters.
owever, this ordering reversed as the horizon shortened
toward the left-hand side of the plots).

To understand this trend, we recall that bias reduction
s only possible if forecasters are biased and informa-
ion fusion is possible only if forecasters use dispersed
ets of information. At longer horizons, forecasters are
nlikely to draw on dispersed information. When the
vent resolution time becomes close, more news surfaces
nd attentive forecasters can create information asym-
etries in the crowd, which can then be leveraged by

he aggregators. To examine the nature of the forecasters’
ias in our study, we considered the probit average. The
robit average entirely affects the accuracy through noise
eduction and preserves the level of information and bias
or individual forecasters. In contrast to the probability

verage, which is often excessively close to 0.5, RBA aims

479
to integrate the dispersed information of forecasters and
it typically6 forces the probit average to an extreme away
from the user-specified common prior, which we set to
0.5 for non-informative prediction. Our results showed
that forcing to this extreme reduced the forecasters’ bias,
particularly for long forecast time horizons. Therefore,
although the probability average was systematically ex-
cessively close to 0.5, forcing the individual forecasts and
their predictions to extreme values away from 0.5 could
reduce this bias.

Finally, the bottom row in Fig. 6 shows how aggrega-
tors improved the accuracy of superforecasters. Averag-
ing performed better when the individuals were highly
skilled. For instance, superforecasters may have been ap-
proaching the limits of epistemic uncertainty so little fur-
ther public information could be incorporated into their
forecasts and the remaining disagreements were probably
due to noise, which could be reduced by averaging. Our
results suggest that the best approach was to average the
predictions of superforecasters. The differences among
aggregators were small and not statistically significant, as
shown in section S3.4.1 of the Supplementary Material.

6.2. Unsupervised: Prediction markets

6.2.1. Forecast time horizon
During the second year of the tournament, the GJP

explored two continuous double auction PMs run by Lu-
menogic, where the participants worked independently.
In one market, they received training in how to maximize
profits and avoid market errors. By contrast, there was no

6 If the crowd is small (e.g., fewer than 20 individuals) and the
forecasters’ level of noise is high, RBA can shrink the probit average
toward the common prior. However, in our analysis, the crowd size was
typically larger than 50 (see the Supplementary Material). For these
large crowds, the level of noise must be extremely high before the
RBA shrinks the probit average toward the common prior. For more
information, see Figure 4 in the study by Satopää (2022).
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Fig. 7. Brier score contributions from unsupervised aggregators, including PMs, under different forecast time horizons.
raining in the other market.7 Therefore, we only consid-
red individuals with and without training as the control
xperimental conditions.
Similar to the previous results, Fig. 7 shows the im-

rovements in the individual level expected Brier scores
ue to aggregation at different forecast time horizons,
nd it illustrates the improvements due to bias reduction,
oise reduction, and information acquisition. Given that
he analysis used much less data than those shown in
igs. 3–6, the variability is greater between consecutive
olored bars and the plots are more fluctuating.
However, for the unsupervised statistical aggregators,

he results agreed qualitatively with those presented in
he previous section, where averaging improved the accu-
acy almost entirely through noise reduction whereas RBA
btained improvement through all three BIN dimensions.
he novel results are shown in the PMs column on the
ight, which indicates that PMs improved the accuracy
hrough all BIN dimensions. Furthermore, PMs clearly im-
roved the bias and information levels more than RBA,
here PMs led to the highest reduction in the individual

evel expected Brier score among all of the unsupervised
ggregators considered in this study.

.3. Supervised: Statistical aggregators

.3.1. Forecast time horizon
Next, we analyzed supervised aggregators that require

ast performance and outcome data. In practice, statistical
odels are rarely built once and the best models are

ailored to specific problems. It is often sensible to start
ith a simple model, before indentifying problems and

7 The third year included several predictions markets also run by
Lumenogic. Instead of separating trained and untrained individuals
into separate markets, all individuals participated in the same market,
which made it impossible to separate the effects of training from other
factors. Therefore, for simplicity, we focused only on data from the
second year of the tournament when we had a clear control group for
each PM.
480
searching for incremental improvements (Draper, 1995;
Schad, Betancourt, & Vasishth, 2020; Smith, 1984). Thus,
we propose a modular aggregation construction method,
which involves testing different modules and finding the
best combination. This approach gives the researcher a
more detailed view of new aggregators. By decomposing
the aggregator, we can inspect each module, test ways to
improve it, or spot redundancies.

As an analogy, we consider the construction of a racing
car. The top speed of your model is similar to that of
the models made by other teams, but poor acceleration
is preventing you from reaching the podium. The braking
system is unlikely to improve acceleration, so your team
decides not to prioritize brakes, but instead it prioritizes
the engine. Our modular construction of the aggregator al-
lows a similar understanding of the modules. For instance,
we may find that DW improves the accuracy through
noise reduction. However, there are many ways to per-
form weighting. According to our analysis, we can then
make targeted changes and search for the desired effect
in a single module. We may find that the aggregator im-
proves the overall accuracy of forecasters, but one module
limits the potential and removing that module allows the
aggregator to perform even better. We can also inspect
interactions between modules. We may find that some
modules work well or poorly together. The bottom line is
that modular construction means that the development of
aggregators is more systematic and robust.

To illustrate this idea, we considered all possible com-
binations of the three modules described in Section 5. In
a similar manner to the results presented in Figs. 6–7 for
unsupervised aggregators, Fig. 8 shows the results for su-
pervised aggregators, where the accuracy improvements
are decomposed into bias reduction, noise reduction, and
enhanced extraction of dispersed information for fore-
casters over different forecast time horizons. The seven
columns represent all possible combinations of the three
modules.

The three columns on the far left in Fig. 8 correspond

to models with individual modules (TD, DW, and RC).
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Fig. 8. Brier score contributions from supervised aggregators with different combinations of the modules over different forecast time horizons.
All three modules improved the accuracy through noise
reduction. Each module exploited the probit average as an
effective method for reducing noise in individual predic-
tions. Comparisons of the probit average results in Fig. 6
with the TD and DW results in Fig. 8 show that these
modifications to the probit average could reduce the bias
and combine the dispersed information of forecasters.
Given that both TD and DW are weighted averages, they
could have achieved these improvements by assigning
greater weights to forecasters who were expected to have
lower bias and more information. The only clear change
from TD and DW compared with TD+DW was the slightly
increased level of information in TD+DW, which suggests
that TD and DW captured slightly different parts of the
dispersed information of forecasters.

However, measures of central tendency such as the
eighted averages that drive TD and DW are limited
y the extent to which they can shift predictions sys-
ematically up or down, which could correct a bias or
ake predictions more extreme and increase the level
f information (recall Fig. 1). By contrast, RC is less lim-
ted, and thus it was more effective at bias reduction
nd information fusion than TD and DW. In addition to
he slightly increased level of information in the more
omplex models, the single module RC model performed
s well as or better than the more complex models with
wo or three modules (results shown in the four columns
n the right-hand side in Fig. 8).
As once stated by Albert Einstein: ‘‘Everything should

e made as simple as possible, but not simpler’’. Based
n this principle, which is essentially a refinement of Oc-
am’s razor, we should search for the simplest model but
ithout compromising the accuracy excessively. TD and
W captured slightly different parts of the forecasters’
nformation, but the marginal benefit in terms of accuracy
hen including both modules might not be worth the
dded computational burden incurred to estimate their
arameters. Thus, including both TD and DW will lead

o redundancy. A decision maker may prefer the simpler

481
three-parameter TD+RC to the four-parameter DW+RC or
five-parameter TD+DW+RC, which obtained similar levels
of accuracy.

This analysis is illuminating but it does not provide
insights into how the modules interact and contribute
to accuracy improvements. To understand these inter-
actions, we can generalize the BIN decomposition given
by Satopää et al. (2021) by further splitting the three BIN
modules into the effects due to RC, TD, and DW. Fig. 9 fo-
cuses on the column on the far right in Fig. 8 (TD+RC+DW)
and shows how each module contributes to the accuracy
of this three-module model, where from left to right,
the three columns correspond to the contributions from
bias, information, and noise. The rows represent the dif-
ferent experimental conditions for individual forecasters
and they are labeled on the left. The colored bars show
how each module changes the individual level expected
Brier score through each BIN dimension. For instance,
the decomposition of bias in the column on the far left
essentially shows that all bias reduction is due to RC and
that this contribution decreases along the forecast time
horizon. Similarly, the middle column shows that in the
three-module model, most of the information acquisition
occurs via RC. The column on the far right shows that the
task of noise reduction in the aggregator is split almost
equally between TD and DW.

Interestingly, RC could introduce additional noise over
long forecast time horizons (toward the right-hand side
in each plot in the column on the far right). In section
S4.1.2 of the Supplementary Material, we show that this
increase in noise was particularly pronounced when we
aggregated predictions from untrained teams, possibly
because we had the least data under this condition. One
explanation for this pattern is overfitting, where the RC
mechanism might have falsely interpreted irrelevant sig-
nals as information, which demonstrates howmerging the
information of forecasters can be a double-edged sword.
Perfect fusion requires that the aggregator can distinguish
two types of variability comprising variability that co-
varies with outcomes (information) and variability that
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Fig. 9. Detailed decomposition of the improvements attributable to the different modules in the full TD+DW+RC model due to bias reduction,
nformation fusion, and noise reduction.
oes not (noise), and any errors will lead to overfitting. By
ontrast, averaging is less ambitious because it does not
im to merge dispersed information, but instead it applies
more conservative approach of treating all variability as
oise, which avoids overfitting but at the cost of excessive
onservativeness. Winkler et al. (2019) made a similar dis-
inction and they explained that sophisticated techniques
an produce more accurate predictions but they are prone
o overfitting, and thus they are riskier than simple rules
uch as averaging.
Returning to our racing car analogy, Fig. 9 suggests a

ethod for improving the three-module model, where we
ould make the RC module robust against overfitting by
egularizing the estimation of the RC parameters ν4 and ν5
with elastic net or other related techniques (Zou & Hastie,
2005). However, implementing these approaches is more
complicated and outside the scope of the current study.
It should be noted that this direction for improvement is
only visible in Fig. 9 and could not have been deduced
from the less granular analysis presented in Fig. 8.

7. General discussion

The results obtained in the present study demonstrate
the value of moving beyond horse racing comparisons
focused on the aggregators that best reduce the error
scores, but instead identifying the pathways that allow
promising methods to improve the accuracy of predic-
tions (Davis-Stober et al., 2014; Soll & Larrick, 2009). Our
empirical findings generally agreed with our theoretical
expectations, except for those mentioned in the following.

As expected, averaging techniques (unweighted or
weighted) boosted the accuracy almost entirely by noise
reduction. Simple averaging also increased the bias mainly
because it can pull the forecasts toward 0.5 on the bounded
probability scale (Baron et al., 2014). Trimming extreme
probabilities before averaging can alleviate this bias, but
in practice, there is no standard method for selecting
the level of trimming in an ex-ante one-off forecasting
482
context. However, our results suggest that the probit
average provides a simple alternative that can correct this
tendency without needing to select the values of tuning
parameters. All of the aggregators produce measures of
central tendency and they may theoretically reduce the
level of information because they treat all disagreement
as noise, thereby eliminating disagreements that arise
from different sets of information. Our empirical analysis
confirmed that this effect applied to all of the aver-
aging techniques except for the probit average, which
generally preserved the forecasters’ level of bias and in-
formation, and improved the accuracy of the predictions
only through noise reduction.

Thus, greater bias reduction and fusion of informa-
tion offer opportunities for further improvement. How-
ever, exploiting these opportunities will incur costs in
terms of increased complexity and data requirements.
In particular, Dietrich (2010) stated that combining the
dispersed information of forecasters with a statistical ag-
gregator is not possible without their prior beliefs. As
a novel methodology, Satopää (2022) devised an RBA
that is estimated with numerical Markov chain Monte
Carlo techniques and the common prior and predictions
of forecasters as inputs. The GJP did not collect the prior
beliefs of forecasters but we demonstrated how using a
non-informative uniform prior of 0.5 still allowed RBA to
improve the accuracy by exploiting all three BIN dimen-
sions. We consider that further improvements could be
achieved by using the actual prior beliefs of forecasters.

Overall, our findings suggest that by introducing more
rigor and discipline, the state-of-the-art practice of crowd
wisdom utilization can be extended well beyond mere
averaging and noise reduction. If we only continue elic-
iting the predictions of forecasters, statistical aggregation
will remain focused on noise reduction. Thus, it is time to
consider a more principled process where forecasters first
search for an appropriate base rate and then update it to
consider their context-specific information. This approach
demands more effort but it can reduce bias by centering
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the individual predictions more appropriately, before then
allowing aggregators such as RBA to reduce the noise and
merge the dispersed information of forecasters.

However, RBA did not enhance the information ex-
raction process as well as the PMs. PMs are much more
omplicated and often expensive to implement than av-
raging or RBA but they can also provide a broader range
f benefits. As expected, they boosted the accuracy via all
hree components of the BIN model. PMs are often well
alibrated (Atanasov et al., 2017), which suggests that
hey reduce bias and noise. Among the aggregators that
e considered, PMs performed best at improving the ex-
raction of (partial) information. This result is consistent
ith micro-economic arguments about the power of mar-
ets for facilitating effective information sharing among
ndividuals. It is possible that information aggregation is
est handled by market participants rather than mechan-
cal aggregators, at least in the context considered in the
resent study. However, statistical aggregation is slightly
ore efficient at reducing bias and noise. Humans who
ork in markets may be better at extracting information

n geopolitical tournaments and machines might be better
t reducing noise and bias (Atanasov et al., 2017).
These findings suggest a strategy that allows decision

akers to combine the dispersed information of fore-
asters without using complex aggregators such as RBA
r PMs, where the idea involves altering the forecasters’
evel of bias, information asymmetry, and noise to bet-
er match averaging. For instance, allowing forecasters
o exchange information in teams will make their pre-
ictions more amenable to averaging. In a case study of
n anonymized electronics company, Oliva and Watson
2009) showed how demand forecasting can be improved
y forming a team dedicated to collecting and organizing
elevant information from different functional units of the
ompany (capturing the data nominations from finance,
perations, marketing, and so on). The team then asks all
nits to make their predictions based on this common
nformation. This information management strategy re-
uces information asymmetry and should boost the per-
ormance of averaging. Alternatively, the decision maker
an conduct a noise audit (Kahneman, Sibony, & Sunstein,
021) that directs forecasters to decompose the signals
hey are using for making probability judgments, before
ndependently assessing their values and then weighting
ues accordingly. For instance, forecasters might make
ifferent probability judgments because they perceive dif-
erent base rates for an event or because they see the
vent as more similar to one historical analogy than an-
ther. Exposing these disagreements can identify errors
nd after adjusting their predictions, forecasters might be
ble to reconcile their disagreements, thereby reducing
oth noise and information asymmetry. In brief, if deci-
ion makers choose to average predictions, they should
atch this decision with a management process that gives

orecasters access to a common set of information.
In general, when there is less epistemic uncertainty,

nformation fusion is less important and averaging is more
ppropriate. Superforecasters who operate in the rather
oisy domain of geopolitics might even be approach-
ng the limits of epistemic uncertainty. Initially, it may
483
appear plausible that a superforecaster has acted strate-
gically and chosen to not share some private information
with the others. However, according to our results, the
best approach involved averaging the predictions of su-
perforecasters. Except over short forecast time horizons,
averaging the predictions of superforecasters performed
as well as even the supervised techniques with access to
past performance and outcomes data. Therefore, most if
not all of the superforecasters’ disagreement was likely
to stem from noise, thereby suggesting that very little
information was actually held back and that little more
useful public information could be incorporated into their
forecasts.

Over different forecast time horizons, noise reduction
remained the most important contributor to the wis-
dom of the crowd effect. We suspect that long-horizon
forecasts benefited more from bias reduction than infor-
mation fusion because there was less information asym-
metry among forecasters. For example, few forecasters
possessed insider information about how the Syrian civil
war would end when it started in 2011 or how a US Pres-
idential election would end before the primaries had be-
gun. Forecasters are often roughly equally ignorant about
far-off futures. Thus, most of the gains come from bias
or noise reduction, where statistical aggregators are most
helpful. These findings suggest a strategy for making long-
range predictions, where bias can be reduced by providing
the forecasters with relevant base rates, before then re-
ducing noise by averaging their (probit) predictions. If
the use of base rates can successfully remove bias and
yield longer-range predictions that disagree mainly due to
noise, then averaging can outperform RBA, which always
assumes some degree of information diversity and it can
result in overfitting. For shorter-range predictions, infor-
mation asymmetry emerges when relevant information
is more available. According to our discussion above, the
decision maker may search for ways to give forecasters
access to a common set of information before requesting
and averaging their predictions. However, if this is not
possible and the decision maker is left with predictions
that disagree due to information asymmetry, then infor-
mation fusion techniques such as RBA are likely to yield
better results than averaging.

This raises the following question: over what fore-
cast time horizon should one switch from averaging to
an approach such as RBA? The correct timing depends
on when relevant news begin to emerge, and thus it is
likely to depend on the context. Machine learning tech-
niques can help to track the evolution of news (e.g., Allan,
Carbonell, Doddington, Yamron, and Yang 1998). Alterna-
tively, in an ex-ante context without outcomes data, it
may be possible to use natural language processing tech-
niques developed by computational linguists and analyze
the written rationales behind the predictions of forecast-
ers (Karvetski, Meinel, Maxwell, Lu, Mellers, & Tetlock,
2021). Implementing a method for inferring the level of
information asymmetry and noise from the written ra-
tionales of forecasters is a challenge that we reserve for
future work.

These examples illustrate the complementary benefits
of aggregation and elicitation. However, these benefits
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extend beyond matching aggregators to environments.
Knowing how an aggregator boosts the accuracy of pre-
dictions enhances our understanding of the mechanism
involved, thereby providing guidance to facilitate further
methodological improvements. Based on BIN decomposi-
tion, we propose the modular construction of supervised
aggregators, which provides a granular view of each mod-
ule in the aggregator and improvements can be identified
by highlighting potential redundancies or shortcomings.
A similar approach to an experimental intervention could
be applied to improve individual forecasters. For instance,
we might consider designing a training program or elici-
tation scheme that involves calibration training, outcome
feedback, and team discussion. However, it may be im-
practical to incorporate all modules due to participant
fatigue, and thus some choices must be made. By elicit-
ing predictions under each combination of modules, our
method suggests approaches for mixing and matching
modules to maximize improvements across three dimen-
sions within the constraints of the participants. Clearly,
the total number of combinations becomes huge with
many modules, thereby making full factorial designs im-
practical. However, a partial solution is a fractional facto-
rial design that avoids redundancies by carefully selecting
subsets of combinations from the full factorial design
(e.g., see Montgomery 2017).

The modular construction of aggregators is not af-
ected by the same data collection challenges. We can
imply collect predictions and apply all possible combina-
ions of aggregation modules to the data, as described in
ection 6.3. The analysis can reveal redundancies, prune
nnecessary parameters, and allow the development of
nsupervised aggregators in one-off contexts where data
re often limited. In these contexts, the model must bal-
nce the important aspects of the problem with what
an be estimated from the data (Palley & Satopää, 2022).
t present, the actual modular construction of a one-off
ggregator is unclear but it is an intriguing challenge for
uture research.
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