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Abstract

Consensus forecasts are ine¢ cient, because the weight placed on ag-
gregate new private information relative to the prior re�ects the optimal
choices of the underlying individual forecasters� whose private signals are
noisier individually than in aggregate� and as a result the consensus fore-
cast over-weights the prior (Lim, Kim and Shaw, 2001). This paper as-
sesses the empirical relevance of this result using a cross-country panel of
growth forecasts. There is strong evidence that consensus forecasts are
in fact ine¢ cient. Perhaps more surprisingly, there is no evidence that
this ine¢ ciency is understood and corrected for by forecasters themselves.
These results have implications for information aggregation via the price
mechanism� o¤ering one explanation for the positive short run serial cor-
relation observed in stock prices and the apparent success of momentum
trading strategies, and posing a challenge for the e¢ cient markets hy-
pothesis more generally� and also for the wider literature on information
processing (Morris and Shin, 2002; Benabou, 2009).
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1 Introduction

Consensus forecasts� mean forecasts from a panel of individual forecasters� are
ine¢ cient. This result is not new, but it appears not to be well known and its
empirical relevance has yet to be tested.1 This paper�s illustrates the empirical
relevance of the phenomenon using the well-known and widely used forecasts
dataset produced by Consensus Economics, and discusses some potential rami-
�cations.
To understand this paper�s empirical strategy, one must �rst appreciate

the intuition behind the theoretical result. Consider a simple signal extrac-
tion model in which a group of agents form independent forecasts based on a
private signal and a common prior. Each individual forecaster, if producing an
honest minimum variance forecast, will update their prior based on their private
information about the state of the economy: the noisier a forecaster�s private
signal, the less weight he or she places on it compared to the prior. The con-
sensus forecast will then weight the prior and the average private signal using
the same relative weights (on average) as the private forecasters. But the mean
private signal has a lower variance than each of the individual signals (this is
the argument for employing the consensus forecast in the �rst place). In other
words, the consensus forecast over-weights the prior, and as a result is ine¢ -
cient. Notably, it is (negatively) correlated with its own forecast error. This
result is a general one and does not rely on strategic forecasting behavior or
heterogeneous signal precision.
One can test the empirical relevance of the result by analyzing the rela-

tionship between the forecast errors associated with the consensus forecast (the
di¤erence between the consensus forecast and the actual realization) and the re-
visions to the consensus forecast (the di¤erence between the current consensus
forecast and the previous one). In assessing this relationship, one can di¤erenti-
ate between two competing assumptions about how agents use the information
in the last published consensus to update their prior. The �rst potential assump-
tion is that agents update their prior naively, using the most recent previous
consensus forecast for the same period as the best signal of the existing aggre-
gate information available. In this case, the ine¢ ciency of the consensus forecast
will show up in a signi�cant negative regression coe¢ cient in a simple regression
of the consensus forecast error on the most recent forecast revision. Under the
second assumption, agents update their prior rationally, taking into account the
ine¢ ciency of the last consensus forecast. In this case, the forecast error will be
correlated with not only the most recent consensus forecast revision, but with
every previous revision for the forecast period in question. In a regression of
the consensus forecast error on the current and lagged forecast revisions, the
coe¢ cients should be signi�cantly di¤erent from zero and alternate in sign from
negative to positive.

1Kim, Lim and Shaw (2001) is the only published reference on the theoretical �nding,
although an early draft of Ottaviani and Sorensen (2006) also makes reference to it. However,
a reading of the literature on forecasting suggests that the �nding does not appear to be
well-known.
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Hence, a signi�cant negative coe¢ cient on the most recent revision is evi-
dence that the predicted ine¢ ciency in the consensus forecasts is quantitatively
signi�cant, under both assumptions concerning how forecasters update their
prior. By contrast, signi�cant coe¢ cients on lagged forecast revisions� with a
pattern of alternating signs� provide evidence in favor of the second assumption,
and against the �rst.
The results of this empirical exercise are unambiguous. There is very strong

evidence that the consensus forecasts are indeed ine¢ cient, and that this ine¢ -
ciency is quantitatively important, particularly at forecast horizons of around 12
months or less. However, there is no evidence that this ine¢ ciency is understood
by the forecasters themselves and incorporated into their forecasts. This latter
result is, in a sense, unsurprising, given that the theoretical result concerning
consensus forecast ine¢ ciency does not appear to be well known. Nevertheless,
it is useful to have robust empirical evidence based on a well-speci�ed model
of forecaster behavior. Moreover, the second result reinforces the relevance of
the �rst. If agents were able to back out e¢ cient forecasts from the consensus
forecasts, then the fact that the consensus forecast is ine¢ cient would be of only
theoretical interest. But since even professional forecasters� typically sophisti-
cated observers with some economics training whose analysis may also inform
�nancial market trading strategies� appear to take the consensus at face value,
then the ine¢ ciency of the consensus forecast seems likely to be an empirically
relevant phenomenon.
These empirical results have a number of interesting implications. Consen-

sus forecasts� the mean forecast from a panel of professional forecasters� are
a widely used tool for researchers and policymakers. For instance, in�ation-
targeting central banks frequently present consensus private sector forecasts
alongside their own in-house forecasts as a means of increasing the credibility of
their own forecasts and policymaking. Consensus forecasts are also employed in
the academic literature as proxies for public knowledge about the future state
of the economy (cite) or as a benchmark against which to test individual public
or private sector forecasters (Romer and Romer, 2000). However, this paper
argues that more caution should be exercised when using consensus forecasts.
In particular, the consensus forecast does not typically represent the best (most
e¢ cient) estimate of the true state of the world, conditional on the aggregate
information set. Its use as a benchmark may therefore �atter the performance
of alternative forecasts.
This paper also has implications for the debate over the e¢ cacy of releasing

more transparent public information sparked in part by the contribution of
Morris and Shin (2002) and, in the policy sphere, by moves towards greater
transparency by central banks, notably in the context of in�ation targeting (IT)
regimes. One can show that� even without Morris and Shin�s �Beauty Contest�
component to the forecasting process� more transparent public information can
increase the forecast error for the consensus forecast, even as the forecast errors
of individual forecasts are reduced. Moreover, the parameter restrictions (with
respect to the relative noisiness of the public and private information) for this
negative e¤ect on consensus forecast accuracy are considerably less restrictive
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than in the Morris and Shin case for individual forecasts. Whereas, in the Morris
and Shin case, the condition for more accurate public information to reduce the
accuracy of private forecasts requires that the public signals are no less than
one-eighth as accurate as the private signals, the negative e¤ect for consensus
forecasts holds if the public signals are simply less accurate than the private.
While the former condition is indeed unlikely, the latter seems plausible in some
cases. More broadly, the lesson that better public information can lead to worse
collective judgments is, I believe, a general one with many applications.
A similar phenomenon of over-weighting the prior may manifest itself in

the adjustment of asset prices to new information. Asset prices are forward
looking, and therefore represent the aggregate response of heterogeneous mar-
ket participants to di¤use and noisy signals about future returns. Essentially,
asset prices are consensus forecasts. Since asset prices may therefore initially
underreact to new information, this could then help to explain the observed
short-run serial correlation of asset returns and the resulting success of momen-
tum trading strategies (Jegadeesh and Titman, 1993, 2001; Hong and Stein,
1999). Such trading strategies are all the more likely to be successful given the
evidence from the forecasts data that professional forecasters (many of whom
are also �nancial market participants) do not make the necessary adjustment to
the consensus forecast in practice. Moreover, since e¢ cient forecasts of future
prices rely on information on past prices as well as on fundamentals, this model
suggests a channel for self-ful�lling beliefs and the emergence of bubbles and
crashes.
This paper�s results can also be related to other models of information

aggregation and social learning. For instance, in Benabou�s (2009) model of
�groupthink�or collective delusion, agents�anticipatory feelings (deriving util-
ity not just from the realization of an event but the anticipation of its realiza-
tion) can generate individually-rational delusion that is collectively reinforcing,
creating incentives for �groupthink� (collective blindness to reality). This pa-
per demonstrates that a simple signal extraction model can generate a similar
phenomenon� the collective judgment embodied in the consensus forecast puts
too much emphasis on the group�s shared prior over new information� without
departing from standard speci�cations of utility. The model outlined here di¤ers
from models of social learning that generate herd behavior (e.g. Banerjee, 1992)
in that the ine¢ ciency of the consensus forecast does not stem from forecasts
being made public sequentially, but from the communication of posterior beliefs
rather than raw signals. Nevertheless, it shares the core feature of these models
identi�ed by Benabou (2009): �the key problem is a failure to aggregate pri-
vate signals and its cure resides in more communication.�A subtle insight from
this model is that the form of communication is central to e¢ cient aggregation.
Agents must be induced to communicate not their best guess, but rather their
idiosyncratic information. Moreover, the evidence suggests that agents fail to
optimally use the aggregate information that does become available.
Finally, our results point to an additional kind of aggregation problem�

moving between microeconomic and macroeconomic models. For instance, it
may be invalid to use macroeconomic or average data to derive insights into
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individual behavior: as we demonstrate in this paper, the empirical �nding that
consensus forecasts are ine¢ cient does not imply that individual forecasts are
not rational. More signi�cantly, our results suggest that insights based on indi-
vidual behavior do not necessarily carry over to a macroeconomic (multi-agent)
environment. Even when agents�behavior imposes no externality, insights de-
rived from individual rationality (i.e. that expectations are rational) may not
hold in aggregate. The economy does not behave �as if�it were populated by a
single rational representative agent.2

Section 2 provides a formal discussion of the paper�s key argument. It goes
on to demonstrate that an e¢ cient forecast can be recovered by reducing the
overweighting on the prior using a linear combination of the consensus forecast
and the prior. The size of the required adjustment is increasing in the relative
variance of the individual forecasters�idiosyncratic private information.3

Section 3 illustrates the argument using a large dataset of individual monthly
forecasts of annual economic growth for a cross-section of countries between
1989 and 2006. It describes the data, then presents evidence of the existence
and size of the ine¢ ciency associated with employing consensus forecasts for
di¤erent countries and time horizons. There is strong evidence of ine¢ ciency
for consensus forecasts, much less so for individual forecasts, as predicted by
the model.4 Using the adjustment method outlined above and employing the
most recent previous consensus forecast as a proxy for the prior, one can obtain
adjusted forecasts with mean squared errors up to 17 percent lower than the raw
consensus forecasts, even out of sample. This e¤ect may appear small; however,
it would be surprising, given the inherent uncertainty about the future path
of the economy, if a simple adjustment technique could eliminate a substantial
fraction of the uncertainty. Moreover, since consensus forecasts are generally
thought to be at, or near, the frontier in terms of forecast accuracy (see, e.g.,
Ang et al., 2007, for an application to in�ation forecasts), the fact that a simple
adjustment technique can reduce forecast errors at all is signi�cant. However,
there is no evidence that forecasters make the necessary adjustment to the
previous month�s consensus forecast in updating their prior.
To illustrate an application of the model, section 4 uses our adjusted forecasts

to show that private forecasters may have been better informed on average about
the Asian economic crisis in 1997-8 than the raw consensus forecasts would
suggest. Section 5 provides a fuller discussion of how our model relates to some
of the existing literature discussed above.
Section 6 then concludes with a discussion of implications for optimal fore-

casting methods. Forecasting technologies that decentralize information-gathering

2The fact that this aggregation problem shows up with respect to expectations is par-
ticularly worrisome given the central role ascribed to rational expecations in most modern
macroeconomic models.

3This section replicates the key results in Lim, Kim and Shaw (2001) for the case with a
continuum rather than a �nite number of individual forecasters.

4The di¤erence in performance between consensus and individual forecast rationality tests
has been noted before (Batchelor and Dua, 1991, for instance, who argue that �rationality tests
on the consensus forecasts provide a poor guide to the extent of rationality among individual
forecasters�).
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but centralize the production of a �nal forecast (as are typically employed in
a central bank) may help to alleviate this problem of over-weighting the prior.
Forecasting aggregating services (such as the one whose data are employed in
this paper) may need to adjust their methodology to provide more e¢ cient con-
sensus forecasts (although, for many countries, the e¢ ciency gain is likely to be
relatively small). One method is to employ an ex post adjustment similar to
the one used in this paper. An alternative method would be to attempt to elicit
individual forecasts that place a higher weight on each forecaster�s private signal
compared to their best forecast. One means of achieving this in practice would
be to provide incentives for strategic forecasting such that forecasters attempt
to di¤erentiate their forecasts from those of others (Ottaviani and Sørensen,
2006).

2 Model and Proof

The following model captures the basic features of this discussion. A variable y
is distributed iid with mean � and variance �2� :

y = �+ � (1)

A continuum of agents i 2 [0; 1] each receives a private signal of y, given by
xi:

xi = y + u+ "i (2)

where u is an aggregate error, iid mean-zero with variance �2u, and "i are iid
mean-zero idiosyncratic errors with variance �2". The information structure,
including all variances, are common knowledge.
Agents form forecasts following the usual Bayesian updating:

fi = Fixi + (1� Fi)� (3)

where Fi minimizes the root mean squared forecast error and is therefore given
by:

Fi = F =
�2�

�2� + �
2
u + �

2
"

8i (4)

Proposition 1 The consensus forecast is ine¢ cient, even as individual fore-
casts are all e¢ cient.

Proof. The individual forecasts are uncorrelated with their forecast errors:

E [fi (fi � y)] = E [(�+ F (u+ � + "i)) (F (u+ "i)� (1� F�))]
= F

�
F
�
�2u + �

2
"

�
� (1� F )�2�

�
(5)

= 0

De�ne the consensus forecast as the mean forecast:

f = E [fi] = F (y + u) + (1� F )� (6)
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Then the consensus forecast is correlated with its forecast errors:

E
�
f
�
f � y

��
= E [(�+ F (u+ �)) (Fu� (1� F ) �)]
= F

�
F�2u � (1� F )�2�

�
(7)

= �F 2�2" � 0

The easiest way to understand this result is to compare the individually-
rational relative weight F on the individual signal (y + u+ "i) with the weight
that would arise from minimizing the root mean squared forecast error associ-
ated with the aggregate signal (y + u):

FC =
�2�

�2� + �
2
u

=

�
1 +

�2"
�2� + �

2
u

�
F > F (8)

Because the aggregate signal has a lower variance than the individual signals,
it should receive a higher weight. Then the optimal centralized forecast is un-
correlated with its forecast errors:

E [fC (fC � y)] = E [(�+ FC (u+ �)) (FCu� (1� FC�))]
= FC

�
FC�

2
u � (1� FC)�2�

�
(9)

= 0

If the prior � and the variances of the various shocks are known, and once the
consensus forecast is observed, the e¢ cient forecast can be derived as a linear
combination of the consensus forecast and the prior:

fC = f +
FC � F
F

�
f � �

�
= f +

�2"
�2� + �

2
u

�
f � �

�
(10)

3 Application to Consensus Economics Data

3.1 Data

This study employs forecasts of economic growth for 38 countries over the pe-
riod 1989-2008 at the level of the individual forecaster, collected by Consensus
Economics. Forecasters are surveyed at the start of each month and their re-
sponses are published around the 10th of the month. Country coverage is more
limited at the start of the sample period; moreover, some countries are surveyed
only once every two months. The forecasts are for annual economic growth
over the current and next calendar year: the forecast horizon (dated to the
end of the forecast year) therefore varies from 0 to 23 months. The number
of forecasters per country, forecast period and forecast horizon varies between
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5 and 39, with an interquartile range of 14 to 21 and a mean value of around
18. The baseline sample drops outliers from the underlying dataset of individ-
ual forecasters, to prevent coding errors or extreme values from distorting the
results.5 The dataset includes 167,802 individual forecasts. E¢ ciency gains are
calculated using a truncated sample of forecasts up to 2006, in order to allow
the calculation of gains out of sample. The out of sample dataset includes all
forecasts for 2008 (made in 2007 and 2008) and forecasts for 2007 made in 2007
(i.e. with a forecast horizon of less than 12 months).
Consensus forecasts are obtained by taking a simple arithmetic average

across all forecasters for the forecast year (�), time horizon (h) and country
(c) in question. The forecast by individual forecaster i is therefore denoted f ich�
while the consensus forecast is denoted fch� . The consensus dataset is therefore
a three-dimensional panel covering up to 38 countries, 20 years and 24 forecast
horizons. Forecast errors are calculated with respect to annual GDP growth in
the calendar year in question, yc� taken from the IMF�s World Economic Out-
look (WEO) database. We abstract from questions of data revision by using
�nal data.

3.2 Methodology

To test the main proposition of the paper, this section provides evidence on the
correlation between forecast errors and forecasts for individual and consensus
forecasts. To take this proposition to the data, one must �rst modify the model
to match the information structure of the data. The key di¤erence between the
simple model outlined in the previous section and the forecasting environment of
the data is that repeated forecasts are made for each forecast period, so that the
public information re�ected in the prior �ch� will include previously published
consensus forecasts.
The assumed information structure is then as follows: each forecast period,

agents receive a signal xich� which includes an idiosyncratic component "
i
ch� and

a common component uch� , as before. To simplify the analysis, all the error
terms are assumed iid. From (10), for a given prior underlying the previous
forecast, �c(h+1)� (with variance given by �

2
h+1), the optimal forecast going into

the current forecasting period (i.e. before individual signals xich� are observed),
which should form the prior for this period, is therefore given by:

�ch� = fc(h+1)� +
�2"

�2h+1 + �
2
u

�
fc(h+1)� � �c(h+1)�

�
8h = f0; 1; :::; 22g (11)

where �c23� = �c� (i.e. the prior for the forecast at the maximum forecasting
horizon is the simple ex ante prior).
To test the empirical relevance of the ine¢ ciency result, I make two alterna-

tive assumptions about the prior �ch� that is adopted in each forecasting period.
The �rst assumption is that forecasters are fully rational and arrive at the prior

5Outliers are de�ned as the bottom and top 0.5 percent of the sample of individual forecast
errors. In fact the results are very similar when these outliers are not dropped.
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using (11). The second assumption is that forecasters do not undertake the
necessary adjustment implied by (11), but naively use the previous consensus
forecast (�ch� = fc(h+1)� ), perhaps due to bounded rationality.
The condition for rational individual forecasts in (5) can be tested by testing

the following empirical hypothesis:

E
��
f ich� � �ch�

� �
f ich� � yc�

��
= 0 (12)

If individual agents are forming rational forecasts in the traditional sense, then
their update with respect to the previous period�s consensus forecast will be
uncorrelated with their forecast error (otherwise, agents could exploit this cor-
relation to arrive at forecasts with lower-variance forecast errors).
Similarly, the assertion in (7) that consensus forecasts are ine¢ cient is tested

via the empirical hypothesis:

E
��
fch� � �ch�

� �
fch� � yc�

��
� 0 (13)

To test these hypotheses in a regression setting, one can use (10) to give the
di¤erence between the consensus and optimal forecast:

fch� � fCch� = �
�2"

�2h + �
2
u

�
fch� � �ch�

�
(14)

While we do not observe the optimal forecast fCch� , this is by de�nition equal to
the actual value yc� plus a residual that is orthogonal to fCch� :

fCch� = yc� + echt (15)

One can therefore estimate the following regression in order to derive estimates
of the degree of ine¢ ciency in the consensus forecasts and the size of the cor-
rection required to give e¢ cient forecasts:

fch� � yc� = ah � bh
�
fch� � �ch�

�
+ echt (16)

where E [bh] =
�2"

�2h + �
2
u

;E [ah] = 0

Hence, assuming that our simple signal extraction model is valid, the slope
coe¢ cient bh, in addition to signaling the degree of ine¢ ciency in the consensus
forecasts, provides an estimate of the relative variance of the individual signals.
An estimate of the e¢ cient forecast fCch� can then be obtained by trans-

forming the consensus forecast using the estimated regression coe¢ cient from
(16):6 bfCch� = fch� + bh �fch� � �ch�� (17)

6Since the theory predicts that consensus forecasts are unbiased (as long as the underlying
individual forecasts are unbiased), the adjustment does not take into account the estimated
bias coe¢ cient ah.
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To provide a metric for the e¢ ciency gain that can be obtained via this
transformation, we compare the root mean square error (RMSE) of the raw
forecasts

�
fch� � yc�

�
with the RMSE of the adjusted forecasts:

E¢ ciency Gain (%) = 100�
RMSE

�
fch� � yc�

�
�RMSE

� bfCch� � yc��
RMSE

�
fch� � yc�

�
(18)

This measure can be compared across forecast horizons and countries to ascer-
tain in which environments our adjustment is most useful for improving fore-
casting e¢ ciency.
Rational Priors
Using (11) iteratively to substitute for �ch� , �c(h+1)� ,..., �c(22)� in (16), one

then obtains the following regression speci�cation:7

fch� � yc� = a+

22X
j=h

h
Bjh

�
fcj� � fc(j+1)�

�i
+ echt (19)

where Bjh =
hY
k=j

(�bk) ;E [bh] =
�2"

�2h + �
2
u

� 0

Note the distinctive pattern of alternating signs predicted for the Bjh coe¢ -
cients:

Bhh � 0; B(h+1)h � 0; B(h+2)h � 0; B(h+3)h � 0; ::: (20)

While the �rst inequality is implied by the model with both rational and naive
priors, the subsequent inequalities are necessary under the rational priors case.
Hence, evidence against this pattern of alternating signs would lead one to reject
the hypothesis that priors are rational, in favor of the naive case.
Naive priors
Under the second assumption, the condition for rational individual forecasts

in (5) can be tested by modifying (12) to give:

E
h�
f ich� � fc(h+1)�

� �
f ich� � yc�

�i
= 0 (21)

Similarly, (7) is tested by modifying (13):

E
h�
fch� � fc(h+1)�

� �
fch� � yc�

�i
� 0 (22)

while (16) is modi�ed to give:

fch� � yc� = ah � bh
�
fch� � fc(h+1)�

�
+ echt (23)

where E [bh] =
�2"

�2h + �
2
u

;E [ah] = 0

7Since the initial prior �c� underlying the �rst consensus forecast fc23� is not observed,
we substitute the expected value of fc23� � �c� , which is simply zero.
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3.3 E¢ ciency Tests

To provide some initial evidence in support of our main argument, Table 1
presents simple bivariate correlations between the most recent period�s forecast
updates and forecast errors for the individual forecasts and for the consensus, for
the full sample as well as for di¤erent forecast horizons. In particular, column
I provides correlation coe¢ cients for the individual forecasts; column II pro-
vides coe¢ cients for the consensus forecasts; �nally, given the evidence of some
(mostly positive) correlation for the individual forecasts, column III provides
coe¢ cients for consensus forecasts based on orthogonalized individual forecast
errors.8

[Table 1 about here]
There is evidence for some positive correlation for the individual forecasters,

suggesting that at the individual level forecasters may over-weight their private
information. This is in line with other �ndings (cite) and is consistent with
the kind of strategic forecasting behavior discussed by Ottaviani and Sørensen
(2006).9 However, results for consensus forecasts are very di¤erent. Here, there
is evidence for negative correlation overall and at every forecast horizon. Es-
timated negative correlation coe¢ cients are as high as 40 percent in absolute
value. The estimated correlation is even stronger when one corrects for the
under-weighting of the prior in the underlying individual forecasts by using the
consensus derived from orthogonalized individual forecast errors.
We then turn to regression analysis to shed more lights on these results. We

�rst test whether a naive or rational model of prior updating is more appropri-
ate. Table 2 presents two sets of results. The �rst column presents coe¢ cient
estimates for (19), including the current and up to 22 previous forecast updates,
based on a pooled sample across all 23 forecast horizons. In this speci�cation,�
fcj� � fc(j+1)�

�
is set equal to zero for j < h. The second column summa-

rizes results for 23 sets of by-horizon estimates (in which
�
fcj� � fc(j+1)�

�
is

excluded for j < h). The decimal presented here gives the proportion of regres-
sions in which the relevant coe¢ cient estimate is signi�cant at (at least) the 10
percent level and �correctly�signed (i.e. aligns with (20)), minus the fraction in
which it is signi�cant but enters with the �wrong�sign. The evidence supports
the view that the consensus forecast is ine¢ cient, and in particular underreacts
to new information so that the forecast error is negatively correlated with the
most recent update to the consensus forecast. However, there is no evidence
for the pattern of signi�cant coe¢ cients with alternating signs on longer-dated
updates that is predicted under rational forecasting (20). The coe¢ cients in
the pooled regression are as likely to have the �wrong�sign as the correct one,
a pattern repeated in the per-forecast horizon regressions. Hence, the naive

8 Individual forecast errors are orthogonalized by regressing individual forecast errors on the
forecast update by forecast horizon and using the OLS residuals. In other words, the orthog-
onalized individual forecast errors mimic the behavior of forecasts from rational individual
forecasters.

9Table A1 in the Appendix presents regression results for the individual forecasts.
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updating of priors appears the relevant case.10

Given the evidence in favor of naive forecaster behavior, the remainder of the
results impose the naive case and focus only on the most recent forecast update,�
fch� � fc(h+1)�

�
.11 Table 3 presents results for regressions of consensus fore-

cast errors on the update to the consensus forecast. The �rst column reports
results for a pooled sample across all forecast horizons, while the remaining
columns present results for each of the 23 horizons. There is very signi�cant
evidence of underweighting of new information in the consensus forecasts, as
predicted. The coe¢ cient is signi�cantly negative in the pooled speci�cation as
well as 15 out of the 23 per-horizon speci�cations� including all horizons of 10
months or less. Overall, three broad ranges are apparent in the data: a signi�-
cant e¤ect with coe¢ cients generally around �1 for horizons of 0 to 6 months; a
signi�cant e¤ect with slightly larger coe¢ cients for horizons of 7 to 13 months,
and generally no signi�cant e¤ect for horizons of 14 months and above. Table 4
presents results for consensus forecast errors based on orthogonalized individual
forecast errors: results here are marginally stronger.
These results shed some light on the relative variance of idiosyncratic and

shared information available to forecasters at di¤erent forecasting horizons. The
estimated coe¢ cient on the consensus forecast update is generally in the range
of �1 to �3, suggesting that the variance of forecasters�idiosyncratic signals, at
the shorter forecast horizons where the e¤ect is signi�cant, is at least as high as
the variance of the common signals, and potentially up to three times as high.
The fact that the coe¢ cient is generally not signi�cantly di¤erent from zero at
longer forecasting horizons is also instructive. This �nding is consistent with
forecasters using di¤erent quantitative forecasting models, which are more likely
to deliver divergent results for near-term projections but to assume a reversion
to historical trend at longer horizons.

3.4 E¢ ciency Gains from adjusted Consensus Forecasts

The next step is to calculate the e¢ ciency gain associated with an appropriate
adjustment of the consensus forecasts, as in (18). In all cases, the naive pri-
ors case is assumed to be the relevant one. A complicating factor is that the
relative variance of private and public signals is likely to di¤er systematically
across countries as well as across time periods, and a good correction technique

10 In fact, the evidence in favor of the �wrong� sign on the penultimate forecast revision
(update1) suggests that forecasters may fail to immediately update their prior using the new
consensus forecast� even allowing for the fact that they do not adjust the consensus to correct
for its ine¢ cient incorporation of new information. Priors therefore appear to be even more
�sticky� than under the naive strategy, perhaps because forecasters recognize that the con-
sensus forecast is ine¢ cient but fail to realize the source of the ine¢ ciency and its potential
remedy.
11The results in Table 2 include only forecasts produced monthly; however, for some coun-

tries and time periods forecasts are produced only every two months. To increase coverage,
the remaining results include forecasts produced bi-monthly, as in Table 1; in these cases, the
forecast update therefore re�ects the change between the current forecast and the forecast
produced two months ago.
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should allow for this. Allowing bj to di¤er across each country and time horizon
would risk over-parameterizing the model, reducing the precision of parame-
ter estimates and undermining the legitimacy of the resulting adjusted forecasts
(particularly out of sample). However, the systematic pattern noted above across
three broad time horizons suggests a relatively parsimonious parameterization,
in which the slope coe¢ cient bj is assumed to di¤er across each country c and
within the three broad time horizons H = f0� 6; 7� 13; 14� 22g. The follow-
ing speci�cation is therefore run:

fch� � yc� = ac;H + bc;H
�
fch� � fc(h+1)�

�
+ e (24)

and corrected forecasts are derived using (17). Tables 5 and 6 report the result-
ing (in-sample) e¢ ciency gains by country and by forecast horizon, respectively.
The most signi�cant e¢ ciency gains are felt at a relatively short horizon, be-
tween 3 and 12 months. Overall, e¢ ciency gains average 3.5 percent, or almost
6 percent for horizons of 12 months or less. The maximum gain, at 12 months, is
10 percent. Among countries, e¢ ciency gains are generally largest for emerging
markets and smallest for industrial countries. E¢ ciency gains may be largest
for emerging market economies due to the relatively smaller time-series avail-
able for these countries, resulting in some over-�tting of the model in sample, as
well as the greater growth volatility typically experienced. These opportunities
for e¢ ciency gains are not generated by ine¢ ciencies at the level of individual
forecasts. When this exercise is replicated using consensus forecasts based on
orthogonalized individual forecasts, the e¢ ciency gains are even larger (5.2 per-
cent overall and 9.0 percent for forecast horizons of 12 months or less). This
reinforces the evidence from Table 1 that individual forecasts over-weight idio-
syncratic signals, helping to o¤set some of the negative e¤ect of the ine¢ ciency
created by aggregating the forecasts.
[Tables 5 and 6 about here]
Out of sample e¢ ciency gains are somewhat lower overall, but not markedly

so (Tables 7 and 8).12 Some countries with very good in-sample performance
(e.g. Indonesia), register a very poor out of sample performance, suggesting that
some caution should be exercised in extrapolating in-sample patterns based on
extreme events (such as the Asian crisis). Overall, however, one could have
improved near-term forecast accuracy for forecasts made in 2007 and 2008 by
more than 5 percent, with respect to the raw consensus forecast, based on the
adjustment technique outlined here and data available through end-2006.

4 Case Study: The Asian Financial Crisis

There is broad agreement that the Asian �nancial crisis came as a genuine
surprise to most observers and market participants. For instance, Radelet and
Sachs (2000) argue that �one of the most unusual aspects of the Asian crisis
is the extent to which it was unpredicted by market participants and market

12 In fact, gains are signi�cantly higher for some countries and time periods.
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analysts.�Even following the sharp depreciation of the Thai Baht in early July
1997, economic projections were slow to react. Consensus growth forecasts for
1998 remained� in comparison to the eventual outturn� wildly over-optimistic,
reacting only slowly to events.
We present some graphical results relating to this question, from two perspec-

tives. The �rst perspective is a purely conceptual one: using all the information
available and allowing for heterogeneity across countries, can one uncover some
optimal forecast, and if so, what does it suggest about the underlying signals
that forecasters received? This is akin to an in-sample forecasting exercise. The
second perspective is practical: given the information available to forecasters
at the time, could they themselves have arrived at a better forecast? This is
essentially an out-of-sample exercise. One would expect these approaches to
yield di¤erent answers, because in practice the experience of the crisis in these
countries might lead one to put a higher weight on forecast revisions, but agents
would not be aware of this at the time.13

Figure 1 presents results for the �rst perspective. It shows forecasts for
output growth in 1998 for Indonesia, Korea, Malaysia and Thailand. The solid
line shows the consensus forecast, the dashed line the adjusted forecast based
on running (24) for the 1989-2006 period and applying the transformation given
by (17), and the dotted line gives the actual outturn. The vertical line at July
1997 signals the start of the crisis.
[Figure 1 about here]
To analyze the question from the second perspective we modify both the

sample and the speci�cation of (24). Since the sample will be signi�cantly
smaller in this out of sample exercise, we do not expect to be able to accurately
estimate country-speci�c b coe¢ cients (data for these countries is only available
from December 1994); however, to exploit the information on di¤erent forecast
horizons we allow b to di¤er by horizon.14 To match the information available to
forecasters at the time, the sample includes only forecasts to 1996 (i.e., available
when the �rst forecasts for 1998 growth were made in January 1997).15 The
results are shown in Figure 2.
[Figure 2 about here]
Figure 1 demonstrates that forecast updates appear to have contained sig-

ni�cant information that is discarded in the information aggregation process.
Forecasters started to downgrade their forecasts for Thailand in the �rst half of
1997, for Indonesia and Malaysia in the second half of the year and for Korea

13Purely in data terms, the signi�cant forecast errors during the crisis combined with con-
stant downward revisions of forecasts would lead one to estimate particularly large b coe¢ -
cients in (23), particularly when one allows these coe¢ cients to be country-speci�c.
14The sample in this case does not exclude outliers, since the Asian crisis accounts for a large

share of the signi�cant individual forecast errors that were dropped in the cropped sample.
15Only preliminary, unrevised, estimates will be available at the end of each year, so we may

be overstating the amount of information actually available to forecasters. However, since
we ignore information available during 1997 and 1998 that may have given the forecasters
better estimates of the adjustment coe¢ cient b, we may also be understating the information
available for some periods. We expect these e¤ects to counteract each other and to not be
very important in any case.
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by the start of 1998; however, the reaction to new information was slow. As
a result, our �optimal� adjusted growth forecasts for 1998 were signi�cantly
closer to the actual outturn by the end of 1997. The estimated e¢ ciency gain
varies from 4.7 percent in Korea to 20.5 percent in Thailand. Gains for forecasts
made during 1998 itself are even more dramatic, ranging from 37.8 percent in
Korea to 60.6 percent in Indonesia. Even using only information available to
forecasters at the time, more accurate adjusted forecasts were feasible. Figure
2 shows adjusted forecast errors below consensus forecast errors for most of the
second half of 1997 and 1998. E¢ ciency gains vary from 2.2 percent in Korea
to 5.0 percent in Thailand; e¢ ciency gains for forecasts made during 1998 are
again larger, ranging from 5.7 percent in Indonesia to 8.9 percent in Korea.
This evidence suggests that, while forecasters may not have predicted the

start of the crisis, they may have been better informed about its growth impact
as it developed than a simple reading of the consensus forecasts would imply.
Moreover, they could have used our adjustment technique to combine informa-
tion in consensus forecast revisions with the consensus forecasts themselves to
arrive at better forecasts in real time. Had the forecasters known that a larger
adjustment coe¢ cient b was necessary than the historical data implied, then
they could have arrived at even better forecasts (closer to those achieved in the
in-sample exercise). This has implications for improving forecast performance
during other crisis events and severe recessions, including the current one.

5 Discussion

5.1 Morris and Shin (2002): A Reassessment

Morris and Shin (2002) use a global games framework to model Keynes�s (1936)
�beauty contest.�Keynes argues that agents�attempts to second guess the con-
sensus forecast can damage the information-revelation role of market prices.
Morris and Shin extend this logic to show that more transparent (lower variance)
public signals could lead to higher forecast errors on the part of market partic-
ipants. In their model, public information is over-weighted relative to agents�
private signals because it is more helpful for second-guessing other agents and
hence for aligning agent�s own forecast more closely with the consensus. More
accurate public signals can exacerbate this over-weighting problem, potentially
increasing the volatility of agents�individual forecasts.
Morris and Shin�s arguments have been criticized, notably for the ad-hoc

nature of the beauty contest element and because the parameter values necessary
for their argument on the negative e¤ect of public information provision to hold
are unrealistic (Svensson, 2006). In particular, the public information must be
at least eight times noisier than the private information, which seems unlikely
(in the context of making central bank economic forecasts public) in light of
evidence on the apparent superiority of central bank forecasts over their private
sector counterparts (Romer and Romer, 2000).
As we have already argued, this apparent superiority may be exaggerated
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by comparing central bank forecasts with ine¢ cient consensus forecasts rather
than an e¢ cient aggregator of the private sector�s information set. However,
the logic of our model suggests that, even without the beauty contest element,
the provision of more accurate public information could harm the accuracy of
the consensus forecast, even if it has an unambiguously positive e¤ect on the
accuracy of individual forecasts. Given the attention paid to the consensus
forecast and its potential role for uninformed agents in the economy in forming
their expectations, this could argue against greater transparency.
To formalize this argument, we �rst illustrate the e¤ect of changing the accu-

racy of public information in the context of our simple signal extraction model;
we then analyze the e¤ect in Morris and Shin�s model that includes the beauty
contest element. In both cases we model more accurate public information as a
reduction in the variance of the prior, �2� .
In the context of our signal extraction model, the mean squared consensus

forecast error is given by:

E
h�
f � y

�2i
= F 2�2u + (1� F )

2
�2� (25)

Di¤erentiating equation (25) with respect to �2� yields:
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Hence, more transparent public information can increase the forecast error
for the consensus forecast if the public information is a relatively noisy signal
and the common component of the private signal (u) is relatively unimportant
compared to the idiosyncratic component (").
In the special case where the private signals are purely idiosyncratic (�2u = 0),

the condition (27) collapses to �2� < �
2
": this implies that greater transparency

can increase the consensus forecast error if the public information is initially
more noisy than agents� own signals. This condition seems likely to hold in
some situations. Moreover, the negative e¤ect on the accuracy of the consensus
forecast does not require the �beauty contest�element, whereas greater trans-
parency always improves the accuracy of individual forecasts without the beauty
contest.
However, one can include the beauty contest element, as in Morris and Shin

(2002), so that forecasters now weight the public and private signals to minimize
a loss function that is a weighted sum of the mean squared forecast error and
the mean squared deviation of individual forecasts from the consensus. The
weight on the beauty contest element is given by r:

L = (1� r)E
h
(f � y)2

i
+ rE

h�
f � f

�2i
(28)
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As shown by Morris and Shin, agents now over-weight the public signal:

Fb =
(1� r)�2�

�2" + (1� r) (�2u + �2�)
(29)

and di¤erentiating (25) with respect to �2� yields:
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which is positive if and only if:
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�2
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For the special case considered by Morris and Shin (�2u = 0), this condi-
tion collapses to (1� r)�2� < �2". By contrast, the condition for more accu-
rate public information making individual private forecasts more accurate is
(2r � 1) (1� r)�2� < �2".
Comparing these two expressions yields a number of insights. First, while

the condition for better public information to reduce the mean squared error of
the individual forecasts always holds when the beauty contest is not present, it
can fail to hold for consensus forecasts even without the beauty contest. This is
because consensus forecasts overweight the public information even without the
beauty contest element, so that the mechanism by which more public informa-
tion can be harmful is also present without the beauty contest. In fact, while
the beauty contest has to be relatively important (r > 0:5) for the harmful e¤ect
of transparency to (potentially) be felt for the individual forecasts, the harmful
e¤ect is most likely to hold for consensus forecasts when the beauty contest
is relatively unimportant (r is low). The rationale for this is that the beauty
contest is not the cause of the consensus forecast overweighting the prior: if
one were to set �2" to zero in (29) to eliminate the cause of overweighting the
prior in the simple signal extraction model then the (1� r) terms drop out and
one is left with the expression for the e¢ cient forecast weight FC , regardless of
the beauty contest. Hence, introducing the beauty contest reduces the impact
of the mechanism by which the prior is overweighted, diluting the impact and
making it less likely that an increase in transparency is harmful. Finally, since
(2r � 1) � 1, the parameter space over which more accurate public informa-
tion can be harmful is strictly larger for consensus forecasts than for individual
forecasts.

5.2 Asset Prices as Ine¢ cient Information Aggregators

[preliminary� either shorten to brief section noting the potential application
to asset prices and noting the implications, or a longer section with a more
developed model]
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So far we have focused on consensus forecasts as a particular aggregator of
private information. For economic theorists the price mechanism has tradition-
ally had a key role as a means of e¢ ciently collating and communicating the
di¤use economic signals of atomistic market participants. Asset prices in partic-
ular re�ect forward-looking expectations, since decisions to buy or sell assets for
a given price re�ect agents�solution to their individual signal-extraction prob-
lem with respect to the asset�s expected return. Since equilibrium asset prices
therefore re�ect the consensus or average solution to the signal extraction prob-
lem, they may also be ine¢ cient. The key point is that prices do not re�ect raw
information, but information �ltered through economic agents. Even if these
agents are individually rational, the collective signal revealed through the price
mechanism is less informative than their underlying collective information set.
Consider an asset whose uncertain payo¤ in period 2 is given by y. To

simplify the argument, assume that agents� distributed along a continuum with
unit measure� are risk averse and do not discount the future. Moreover, they
are restricted to either buy or sell one unit of the asset in each period. The
equilibrium price is the value at which the number of buyers equals the number
of sellers (so that the market clears). Uncertainty is resolved in period 2, so
that p2 = y. Agents come into period 1 with a private signal of y, xi and a prior
� given by the previous market clearing price, p0.
The characteristics of the signals and the prior are the same as in section II.

In addition, we assume that the distribution of "i is symmetric. Then it follows
that the market price in period 1 re�ects the median forecast of y in period 1
(i.e. the solution to the median agent�s signal extraction problem):

p1 = p0 + F (u+ �) (32)

Note that, given our symmetry assumption, this is equal to the mean or con-
sensus forecast of y.
Then it follows from the results in section 2 that market prices tend to be

ine¢ cient, particularly when there is more pronounced heterogeneity in expecta-
tions (i.e. uncertainty) among market participants. Comparing our forecasting
model with this simple asset pricing model, the consensus forecast update from
the former

�
f � �

�
is equal to the capital gain on the asset between period 0 and

period 1 in the latter (p1 � p0). Similarly, the consensus forecast error
�
f � y

�
is equal to (minus) the capital gain between period 1 and period 2, � (p2 � p1).
Hence, our previous results imply that returns over the two periods will be pos-
itively correlated. Our model could therefore account for the short-run positive
correlation of stock market returns that has been widely discussed in the �nance
literature (Jegadeesh and Titman, 1993, 2001; Hong and Stein, 1999). The in-
tuition is similar to that of Hong and Stein�s (1999) behavioral model, although
the mechanism is much simpler.
Of course, once agents observe p1, and assuming that they know the relative

variances of the signals and that no new information becomes available, then
prices will instantly readjust to a new e¢ cient equilibrium price level and there
will be no opportunities for arbitrage. However, in reality it is unlikely that
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agents will be able to easily distinguish between movements in market prices
that re�ect changes in fundamentals and movements that re�ect responses to
previous changes, particularly since the relevant variances are likely to be sig-
ni�cantly time-varying and the timing and distribution of signals about fun-
damentals across diverse market participants are not likely to be well known.
Well-informed agents may be able to exploit opportunities for arbitrage im-
plied by this correlation in returns (the evidence alluded to earlier suggests that
even relatively naive momentum-trading strategies earn small positive returns).
Meanwhile, a key implication is that asset prices become re�exive, responding
to themselves as well as to fundamentals. This introduces a potent role for
self-ful�lling beliefs and hence the emergence of asset price bubbles and crashes.
Finally, note that the model can also be modi�ed to generate situations

in which market prices overreact to new information. Suppose the prior is
not common to all agents, but rather has an aggregate and an idiosyncratic
component, whereas the new information is common across agents. This would
correspond to a situation in which there is considerable uncertainty over the
true state of the world (e.g. model uncertainty) but new information (e.g.
macro forecasts or a political shock) is revealed with little room for individual
interpretation. Then it is the new aggregate information rather than the prior
which would be over-weighted in p1, and as a result prices will initially overshoot
rather than only partially adjust to the new information.

5.3 �Groupthink�

The insights from this paper can also be related to recent work on �groupthink�
or collective delusion by Benabou (2009). Benabou�s model is based on a mod-
i�cation to a standard utility function to incorporate anticipatory feelings (i.e.
deriving utility from expected as well as actual consumption). With this modi-
�cation, Benabou is able to generate externalities from individual behavior that
give rise to equilibria with self-ful�lling collective delusion. Agents rationally
choose to ignore pertinent information, giving rise to collective judgments that
di¤er systematically from reality.
The phenomenon of groupthink involves a number of features that distin-

guish it from the model in this paper, notably the introduction of anticipatory
feelings that lead to rational self-denial (and ultimately mutually-reinforcing
denial within groups) and the absence of a major role for idiosyncratic private
information. Benabou�s model is much richer than that of the current paper;
nevertheless, there are some important complimentarities between the two ap-
proaches. The collective failure to rationally process the available aggregate
information� leading to the discarding of useful information� is the most ob-
vious common feature to both models. Another commonality is the role of
common group beliefs. In the �Groupthink�model agents choose to ignore in-
formation at odds with the group prior, leading to a less e¢ cient aggregation
of private signals. In the simple signal extraction model in this paper the com-
mon prior is also overweighted collectively, although this behavior is individually
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rational.16

Moreover, as discussed in relation to Morris and Shin�s paper, a more accu-
rate (lower variance) prior can lead to a less accurate collective forecast in our
model. This result can provide insights into some of the groupthink phenomena
discussed in Appendix A to Benabou�s paper. For instance, banks�increasing
use of sophisticated risk-management tools and quantitative models for pricing
assets may have genuinely provided a more accurate assessment of expected
returns that led to a lower-variance prior among managers, leading to a (pos-
itive) direct e¤ect on the accuracy of their consensus forecast. However, this
more accurate signal then caused the managers, receiving di¤use but ultimately
correlated signals of potential downside risk, to rationally put greater weight
on the group prior, collectively underweighting their noisy but (in aggregate)
informative private signals, and therefore reducing consensus forecast accuracy.
The condition for this underweighting e¤ect to dominate the direct e¤ect� that
the group prior be no less noisy than the managers�own idiosyncratic signals�
seems plausible, given that the models turned out to perform rather poorly out
of sample.17 In other words, the claims prior to the crisis that these new tech-
niques were reducing risk, and the emerging consensus post-crisis that their use
reduced the ability to foresee and forestall emerging risks, may both be accu-
rate assessments. The �rst relates to the group prior; the second to the group
posterior.

6 Conclusions

[to follow]
[References to follow]

16Benabou�s mechanism is also individually rational conditional on the inclusion of antici-
patory feelings in the utility function.
17Explanations for the crisis have tended to emphasize that the models performed worse

than expected (i.e. their signal to noise ratio turned out to be lower than believed). However,
while this may indeed have been the case, it is not necessary as an explanation for the crisis.
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Horizon I II III
0 0.03 -0.13 -0.15
1 0.10 -0.19 -0.24
2 0.05 -0.21 -0.24
3 -0.01 -0.28 -0.28
4 0.06 -0.24 -0.27
5 0.02 -0.36 -0.37
6 0.01 -0.28 -0.28
7 0.03 -0.40 -0.41
8 0.03 -0.22 -0.24
9 0.06 -0.32 -0.35

10 0.06 -0.25 -0.28
11 0.14 -0.07 -0.18
12 0.02 -0.37 -0.37
13 0.14 -0.18 -0.23
14 0.15 -0.10 -0.17
15 0.21 0.03 -0.08
16 0.20 -0.08 -0.16
17 0.21 -0.03 -0.09
18 0.23 0.08 -0.01
19 0.19 -0.11 -0.16
20 0.24 -0.03 -0.11
21 0.22 -0.05 -0.11
22 0.24 -0.05 -0.11

Pooled 0.13 -0.15 -0.19

Correlation between forecast errors and forecast updates
Column I: results for individual forecasts
Column II: results for consensus forecast
Column III: results for adjusted consensus forecasts

Table 1. Correlation Coefficients
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Model Pooled Signs1

Update0 -0.997*** 0.57
(0.259)

Update1 -0.527*** -0.14
(0.193)

Update2 -0.254** 0.10
(0.108)

Update3 -0.078 0.15
(0.071)

Update4 -0.019 -0.16
(0.064)

Update5 0.004 0.17
(0.077)

Update6 0.111* -0.18
(0.059)

Update7 0.181*** 0.13
(0.059)

Update8 0.132** -0.07
(0.065)

Update9 0.105* 0.14
(0.055)

Update10 0.120* -0.08
(0.064)

Update11 0.068 0.08
(0.051)

Update12 0.268*** -0.27
(0.071)

Update13 0.266** 0.20
(0.115)

Update14 0.139 -0.33
(0.112)

Update15 0.142 0.25
(0.111)

Update16 0.043 0.00
(0.147)

Update17 -0.08 -0.17
(0.162)

Update18 -0.156 0.20
(0.152)

Update19 -0.106 0.00
(0.159)

Update20 -0.265 0.00
(0.356)

Update21 0.09 0.00
(0.277)

Update22 0.252 0.00
(0.345)

Constant -0.283***
(0.101)

Observations 9,050
R2

0.035

For the pooled specification, SEs are clustered by country and year.
1 Proportion of "correct" signs minus proportion of "incorrect" signs;
from 23 per-forecast horizon regressions.
For the by-forecast horizon results, SEs are clustered by country.
Significance level denoted by *** (1 percent); ** (5 percent); * (10 percent).

Table 2. Rational versus Naïve Prior Updating
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Horizon Pooled 0 1 2 3 4 5 6
Update -1.044*** -0.605*** -1.145*** -1.150*** -1.057*** -1.521*** -1.963*** -1.218***

(0.218) (0.176) (0.299) (0.177) (0.205) (0.270) (0.380) (0.438)
Constant -0.381*** -0.430** -0.514*** -0.512** -0.476*** -0.459** -0.493*** -0.422**

(0.096) (0.203) (0.139) (0.206) (0.141) (0.194) (0.153) (0.197)
Observations 10,330 475 495 468 489 466 489 459
R2 0.023 0.016 0.035 0.046 0.08 0.06 0.129 0.076
Horizon 7 8 9 10 11 12 13 14
Update -3.424*** -1.136*** -2.112*** -1.580*** -0.262 -3.176*** -2.245** -0.702*

(0.565) (0.274) (0.768) (0.423) (0.452) (0.630) (0.948) (0.399)
Constant -0.469*** -0.379* -0.571*** -0.390** -0.556*** -0.344 -0.588*** -0.272

(0.160) (0.202) (0.174) (0.188) (0.180) (0.207) (0.174) (0.221)
Observations 475 453 467 441 467 436 457 428
R2 0.157 0.05 0.1 0.063 0.005 0.134 0.034 0.01
Horizon 15 16 17 18 19 20 21 22
Update 0.193 -0.768 -0.358 0.789 -2.188* -0.332 -0.635 -0.821

(0.587) (0.928) (0.748) (0.865) (1.271) (0.935) (1.141) (1.858)
Constant -0.383* -0.1 -0.342* 0.055 -0.313 0.017 -0.401* -0.16

(0.193) (0.189) (0.198) (0.201) (0.218) (0.199) (0.227) (0.204)
Observations 449 424 448 418 434 412 427 353
R2

0.001 0.007 0.001 0.006 0.013 0.001 0.002 0.003

Standard Errors clustered by country (country/year for pooled specification)
Significance Level denoted by *** (1 percent); ** (5 percent); * (10 percent).

Table 3. Efficiency Tests: Consensus Forecasts
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Horizon Pooled 0 1 2 3 4 5 6
Update -1.355*** -0.708*** -1.497*** -1.323*** -1.023*** -1.717*** -2.023*** -1.258***

(0.207) (0.176) (0.299) (0.177) (0.205) (0.270) (0.380) (0.438)
Constant -0.095 -0.06 -0.058 -0.114 -0.042 -0.134 -0.059 -0.114

(0.095) (0.203) (0.139) (0.206) (0.141) (0.194) (0.153) (0.197)
Observations 10,330 475 495 468 489 466 489 459
R2 0.038 0.022 0.058 0.06 0.076 0.075 0.136 0.08
Horizon 7 8 9 10 11 12 13 14
Update -3.551*** -1.249*** -2.331*** -1.789*** -0.661 -3.247*** -2.828*** -1.250***

(0.565) (0.274) (0.768) (0.423) (0.452) (0.630) (0.948) (0.399)
Constant -0.025 -0.096 -0.091 -0.156 -0.142 -0.204 -0.183 -0.188

(0.160) (0.202) (0.174) (0.188) (0.180) (0.207) (0.174) (0.221)
Observations 475 453 467 441 467 436 457 428
R2 0.167 0.06 0.12 0.079 0.032 0.139 0.053 0.03
Horizon 15 16 17 18 19 20 21 22
Update -0.584 -1.543 -1.243 -0.104 -3.014** -1.248 -1.516 -1.756

(0.587) (0.928) (0.748) (0.865) (1.271) (0.935) (1.141) (1.858)
Constant -0.086 -0.166 -0.09 -0.023 -0.035 -0.026 -0.061 -0.069

(0.193) (0.189) (0.198) (0.201) (0.218) (0.199) (0.227) (0.204)
Observations 449 424 448 418 434 412 427 353
R2

0.006 0.026 0.008 0 0.024 0.013 0.012 0.012

Standard Errors clustered by country (country/year for pooled specification)
Significance Level denoted by *** (1 percent); ** (5 percent); * (10 percent).

Table 4. Efficiency Tests: Adjusted Consensus Forecasts
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Country Efficiency Gain (Percent)
Argentina 3.1
Australia 1.8

Brazil 0.8
Canada 1.3

Chile 3.9
China P.R.: Hong Kong 4.7
China P.R.: Mainland 3.0

Colombia 0.3
Czech Republic 6.1

France 3.0
Germany 1.6
Hungary 2.7

India 1.0
Indonesia 7.7

Italy 2.9
Japan 1.3

Korea Republic of 10.3
Malaysia 13.0
Mexico 3.1

Netherlands 1.0
New Zealand 0.5

Norway 0.3
Peru 5.3

Poland 5.7
Romania 1.3

Russian Federation 5.4
Singapore 4.6

Slovak Republic 3.0
Spain -0.8

Sweden 2.7
Switzerland 2.1

Taiwan Province of China 6.1
Thailand 9.6
Turkey 2.3
Ukraine 2.9

United Kingdom 0.3
United States 0.1

Venezuela 1.7

Author's calcuations, as in text
Forecasts made for years to 2006.

Table 5. In-Sample Efficiency Gains, by Country
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Horizon (months) Efficiency Gain (Percent)
0 0.0
1 1.9
2 1.6
3 5.9
4 3.2
5 7.1
6 6.6
7 8.1
8 4.7
9 7.2
10 4.6
11 7.7
12 10.1
13 5.1
14 2.3
15 2.9
16 1.5
17 0.4
18 0.4
19 -0.4
20 0.3
21 2.6
22 1.0
≤12 5.9
All 3.5

Author's calcuations, as in text
Forecasts made for years to 2006.

Table 6. In-Sample Efficiency Gains, by Forecast Horizon



  8  

 

Country Efficiency Gain (Percent)
Argentina 2.9
Australia 5.7

Brazil 2.8
Canada 2.2

Chile -0.9
China P.R.: Hong Kong 4.6
China P.R.: Mainland 4.9

Colombia 5.0
Czech Republic -43.1

France 3.7
Germany -6.7
Hungary -0.1

India 1.9
Indonesia -59.5

Italy 3.3
Japan 1.6

Korea Republic of 5.8
Malaysia 9.2
Mexico 3.4

Netherlands -5.9
New Zealand 2.0

Norway 2.6
Peru 12.0

Poland 6.2
Romania -4.9

Russian Federation 4.5
Singapore 8.3

Slovak Republic 5.9
Spain 2.2

Sweden 5.4
Switzerland 4.1

Taiwan Province of China 4.7
Thailand -9.1
Turkey 3.4
Ukraine 1.9

United Kingdom 2.0
United States 0.8

Venezuela -25.5

Author's calcuations, as in text
Forecasts made from Jan 2007 onwards, for 2007/08.

Table 7. Out of Sample Efficiency Gains, by Country
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Horizon (months) Efficiency Gain (Percent)
0 6.2
1 5.8
2 6.9
3 0.3
4 -0.1
5 5.3
6 -2.3
7 -1.3
8 16.5
9 3.0
10 15.5
11 5.9
12 9.2
13 6.1
14 -1.2
15 -0.9
16 -0.6
17 0.2
18 1.1
19 -1.7
20 2.7
21 -4.0
22 0.7
≤12 5.1
All 3.0

Author's calcuations, as in text
Forecasts made from Jan 2007 onwards, for 2007/08.

Table 8. Out of Sample Efficiency Gains, by Forecast Horizon
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Horizon Pooled 0 1 2 3 4 5 6
Update 0.455*** 0.103 0.351*** 0.173* -0.034 0.196* 0.06 0.04

(0.028) (0.129) (0.125) (0.091) (0.103) (0.118) (0.142) (0.105)
Constant -0.285*** -0.370*** -0.456*** -0.398*** -0.434*** -0.325*** -0.433*** -0.308***

(0.023) (0.060) (0.071) (0.068) (0.077) (0.074) (0.088) (0.083)
Observations 167,802 7,751 8,223 7,625 7,959 7,503 8,030 7,589
R2 0.016 0.001 0.009 0.003 0 0.004 0 0
Horizon 7 8 9 10 11 12 13 14
Update 0.127 0.113 0.219* 0.209 0.399*** 0.071 0.583*** 0.548***

(0.136) (0.103) (0.130) (0.208) (0.109) (0.125) (0.125) (0.097)
Constant -0.444*** -0.283*** -0.480*** -0.235** -0.414*** -0.14 -0.405*** -0.084

(0.102) (0.098) (0.109) (0.107) (0.116) (0.119) (0.121) (0.132)
Observations 7,943 7,493 7,751 7,221 7,706 7,099 7,535 6,936
R2 0.001 0.001 0.004 0.004 0.021 0 0.019 0.021
Horizon 15 16 17 18 19 20 21 22
Update 0.777*** 0.775*** 0.885*** 0.893*** 0.826*** 0.915*** 0.881*** 0.935***

(0.130) (0.108) (0.107) (0.075) (0.056) (0.093) (0.080) (0.085)
Constant -0.297** 0.067 -0.252* 0.078 -0.278** 0.043 -0.340** -0.09

(0.129) (0.131) (0.132) (0.133) (0.136) (0.132) (0.133) (0.131)
Observations 7,201 6,720 7,226 6,722 7,001 6,504 6,672 5,392
R2

0.045 0.04 0.044 0.051 0.035 0.056 0.049 0.058

Standard Errors clustered by country, year and forecast horizon.
Significance Level denoted by *** (1 percent); ** (5 percent); * (10 percent).

Table A1. Efficiency Tests: Individual Forecasts
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Figure 1. 
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Figure 2. 
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