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a b s t r a c t

Using a large international data set, we analyze whether business cycle forecasters herd or
anti-herd. In general, we find evidence for anti-herding, i.e. forecasters appear to scatter
their forecasts deliberately away from the forecasts of others. Anti-herding tends to be
more prevalent for the longer (next year) horizon. There is some evidence for a reduced
level of anti-herding at times of increased forecast uncertainty and when the forecasts are
being revised more substantially.
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1. Introduction

Business cycle and growth expectations play a ma-
jor role in understanding macroeconomic relationships.
They also determine the extent to which economic
policy agents, including central banks, can influence
macroeconomic outcomes. One way to deal with forecast
uncertainty is to pool the expectations of professional
forecasters (Zarnowitz, 1984) in order to hedge against
the errors of individual forecasters, thus improving the
forecast quality. Such surveys of professional forecast-
ers are provided by either central banks or private
companies. The idea of these consensus forecasts is
that, although individual forecasters may outperform
the average of a group of forecasters in certain cases,
an individual forecaster rarely outperforms others
systematically. Zarnowitz and Lambros (1987) find that
the forecast errors of consensus forecasts are smaller
than those of most individual forecasters. Batchelor (2001)
shows that consensus forecasts aremore accurate than the
projections published by the OECD or the IMF.
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The reliability and superiority of consensus forecasts
depends crucially on whether the forecasters actually
reveal their own best forecast or behave strategically,
i.e., show herding or anti-herding tendencies. Forecaster
herding arises if the forecasters ignore their private infor-
mation and instead follow the forecasts of others (Scharf-
stein & Stein, 1990). For example, Bewley and Fiebig (2002)
show that interest rate forecasters tend to indicate values
in the safe consensus range, in order to avoid sticking their
neck out with ‘‘extreme’’ forecasts. This is because a poor
forecast may not damage a forecaster’s reputation if other
forecasters also delivered poor forecasts. Thus, herding
behavior biases the distribution towards the mean. Fore-
caster herding should not be confused with forecast clus-
tering, where similar forecasts may be observed because
all forecasters have access to the same set of economic
data and similar forecast techniques. Herding behavior, on
the other hand, refers to forecasters deliberately deviating
from their best private forecasts for strategic reasons.

Forecaster anti-herding may arise if forecasters, for
strategic or other reasons, deliberately scatter their fore-
casts away from the forecasts of others. This may arise
when a forecaster’s income (or reputation) depends not
only on the accuracy of their own forecasts, but also on
their relative performances. If some of the customers of
professional forecasters buy forecasts only occasionally,
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and pick the forecasters with the best performances in the
last period, forecasters have a strong incentive to differ-
entiate their forecasts from those of others. An ‘‘extreme’’
forecastmay have a small probability of being accurate, but
the expected payoff can be high if the forecasters can at-
tract new customers in the case of a stroke of luck (Laster,
Bennett, & Geoum, 1999).

From the perspective of monetary and economic policy,
a knowledge regarding the reliability of forecasts is of the
utmost importance. Forecaster herding implies not only a
smaller level of forecast heterogeneity, but also forecast
inertia, so that the adjustment of the consensus forecast
to newly available economic data is delayed. As forecasts
may themselves influence economic reality through self-
fulfilling prophecy effects (Grisse, 2009), it is essential
to know whether pooled forecasts are subject to (anti-)
herding biases or not.

There is a substantial body of literature on the anal-
ysis of herding behavior in the forecasting industry. For
GDP growth forecasts of the Consensus Economics data set
for the USA, the UK and Japan, Gallo, Granger, and Jeon
(2002) find that forecasters pay toomuch attention to lead-
ers in the group. Pons-Novell (2003) uses unemployment
rate forecasts for the USA, published in the Livingston sur-
vey, to analyze whether professional forecasters behave
strategically in order to maximize publicity, salary or their
prestige. He finds that age and reputation effects mat-
ter. Lamont (2002) shows that, as forecasters become
older and more established, they produce more radical
forecasts, indicating reputation effects. Pierdzioch, Rülke,
and Stadtmann (2010) use the test proposed by Bern-
hardt, Campello, and Kutsoati (2006) to investigate (anti-
)herding behavior in the forecasting of financial variables
(commodity prices and exchange rates), and find evidence
of anti-herding. Freedman (2013) shows that the herding
behavior ofmacroeconomic forecasters is related inversely
to the sizes of past forecast errors, and decreases when
other forecasters make large errors.

In this paper, we analyze whether herding or anti-
herding behaviors are inherent in GDP growth forecasts.
We are the first to analyze this topic over the period of the
global economic and financial crisis. Our sample period al-
lows us to investigate a novel hypothesis in this context
which has been disregarded by the literature to date: the
stage within the business cycle, and therefore the level of
economic uncertainty, may influence researchers’ incen-
tives to either hide in the comfortable consensusmiddle or
go out on a limb with extreme forecasts. More specifically,
we investigate (anti-)herding tendencies during times of
elevated forecast uncertainty, relative to normal times.We
study forecaster herding using the empirical test devel-
oped by Bernhardt et al. (2006), and find evidence of anti-
herding behavior for most industrial economies, but signs
of forecaster herding for emerging economies. We relate
this finding to the high incidence of economic and finan-
cial crises in these countries, since tests confirm that fore-
casters tend to herd in times of high forecast uncertainty
and we do not find any statistically significant relationship
between a country’s stage of economic development and
herding behavior.
2. Data

In our empirical analysis, we use monthly survey data
on business cycle forecasts compiled by Consensus Eco-
nomics, which has been publishing average forecasts for
a broad set of countries since October 1989. Today, the
monthly survey covers forecasts from more than 1000
economists worldwide for 75 countries and various vari-
ables (GDP growth, inflation, the current account bal-
ance, interest rates). However, disaggregated forecast data
(i.e., the forecasts of individual survey participants) are
only available for a subset of 45 countries. Thus, our analy-
sis is limited to these 45 countries. All forecasters are lo-
cated in the country for which they are forecasting, and
hence, should have a very good idea concerning business
cycle developments.1

The numbers of forecasters and forecasts vary across
countries. While we have at our disposal about 800 fore-
casts submitted by a group of 18 forecasters for the Philip-
pines, we can also study data from 68 forecasters who
published more than 14,000 business cycle forecasts for
the United Kingdom. Our sample period ends in December
2011, and includes a total of 226,851 business cycle fore-
casts published by 1604 forecasters. Among other indica-
tors, Consensus Economics publishes forecasts eachmonth
for the average annual growth rates of GDP for the current
and next year. Thus, there are 24 consecutive consensus
forecasts for a given calendar year.2

There are at least three reasons why our data set is
particularly suitable for studying the herding instinct of
business cycle forecasters. First, because the poll is con-
ducted during the first week of each month and released
within the second week, it is a timely and frequent indica-
tor for growth expectations. Second, the dataset has large
cross-sectional and time series dimensions of more than
twenty years.

Third, individual forecasts are published together with
the name and affiliation of the forecaster. This enables us to
evaluate the performance of an individual forecaster. Since
the survey is non-anonymous, forecasters’ performances
can be expected to have an effect on their reputations. This
link between performance and reputation may strengthen
forecasters’ incentives to herd, since a poor forecast
may not damage a forecaster’s reputation if the other
forecasters also delivered poor forecasts. On the other
hand, the effect of performance on reputation may also
foster a scattering of forecasts if an occasional excellent
forecast can give rise to a ‘‘superstar’’ effect. In both
cases, the forecasts provided may deviate from the ‘‘best’’
forecast.3

1 The forecasters either work in the private sector or are professional
economists working for universities and financial institutions in the
respective country. Further information on the survey can be found on
the website: www.consensuseconomics.com.
2 In addition, Consensus Economics also provides surveys of forecasts

with a longer horizon on a less frequent basis. These are not taken into
account here.
3 The question arises as to whether this anti-herding behavior is

conditional on the publication of forecasters’ affiliations. Pierdzioch
and Rülke (2013) use the anonymous Livingston survey to show that
interest rate forecasters deliberately place their forecasts away from the
consensus forecast, i.e., anti-herd. Hence, anti-herding behavior does not
appear to be conditional on the non-anonymity of a survey.

http://www.consensuseconomics.com
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Finally, participation in each survey is voluntary, so
that the composition of survey participants changes each
time. If the survey terms required a certain continuity of
participation, the forecasters could be forced to come up
with new numbers even if they had not run a fully-fledged
new forecast round recently.4 A forecast that is close to
the last consensus forecast may be on the safe side, thus
providing incentives for herding behavior.

In order to examine the time series and cross-sectional
dimensions of the survey data, Fig. 1 plots, for a selection
of countries, the time series of (i) the cross-sectional mean
values of the current-year GDP growth forecasts in each
month (dashed lines), (ii) the actual annual GDP growth
rates taken from the IMF database (solid lines), and (iii) the
cross-sectional heterogeneity of forecasts, as measured by
the cross-sectional range of forecasts (shaded areas). We
show countries at various different stages of development,
ranging from the United Kingdom and the United States
to a selection of emerging countries that have previously
been subject to severe economic crises, such as Argentina,
Russia, and Turkey. The recession in the course of the global
financial crisis is clearly visible in all cases. The vertical
distance between the dashed line and the solid line can be
interpreted as the cross-sectional forecast error.

These cross-sectional mean values move in tandem
with the respective actual values, at least as far as the
end-of-year values are concerned. This result is intuitive,
because the forecast accuracy should increase as the fore-
cast horizon shrinks. Another important observation is
that the cross-sectional heterogeneity in forecasts is sub-
stantial. For instance, in January 1999, the forecast range
of the growth rate in Russia was between −3.0% and
−11.0%. In February 2009, the forecasts of the growth rate
in the United States (United Kingdom) ranged between
−3.1% and 2.1% (−3.5% and 2.5%), indicating a substan-
tial degree of disagreement among the forecasters. Dovern,
Fritsche, Loungani, and Tamirisa (2015) report a strong
cross-sectional heterogeneity among business cycle fore-
casters. In addition, Dovern (2013) shows that the likeli-
hood of forecast revisions depends on the forecast horizon,
the business cycle, and strategic interactions between fore-
casters. Given this substantial heterogeneity, an analysis of
the formation of GDP growth forecasts by individual pro-
fessional forecasters seems appealing. As we will see, anti-
herding behavior by growth forecasters is one source of the
substantial heterogeneity in growth forecasts in most in-
dustrial countries.

3. Testing for forecaster herding

The intuition motivating the test for forecaster (anti-)
herding developed by Bernhardt et al. (2006) can be ex-
plained best by considering as a benchmark scenario a
forecaster who forms an ‘‘efficient’’ private forecast of the
future GDP growth rate. The efficient private forecast

4 A survey among participants in the ECB Survey of Professional
Forecasters (SPF) (ECB, 2009) revealed that about 60% of the forecasters
involved run full-fledged updates of their GDP growth forecasts only on a
quarterly basis or even less frequently, but may provide monthly forecast
updates to the SPF nevertheless.
should be unbiased and the probability of it overshooting
or undershooting the growth rate should be 0.5, indepen-
dently of the forecasts of others. In contrast, if forecasts
are biased because forecasters (anti-)herd, the published
forecasts will differ from the efficient private forecast. As
a result, the probability of it overshooting or undershoot-
ing the growth rate should be larger or smaller than 0.5
(Pierdzioch et al., 2010).

In the case of forecaster herding, the published forecast
deviates from the (unobservable) efficient private forecast
because a forecaster follows the forecasts of others,
measured in terms of the consensus forecast s̃i,t−1,t+k
(the arithmetic mean forecast made by other forecasters).5
Thus, the published forecast is closer to the consensus
forecast than the efficient private forecast. A published
forecast that exceeds the consensus forecast is smaller
than the efficient private forecast, leaving less room for
forecast overshooting. Similarly, a published forecast that
is smaller than the consensus forecast is larger than the
efficient private forecast, leaving less room for forecast
undershooting. Conversely, in the case of forecaster anti-
herding, a published forecast larger (smaller) than the
consensus forecast is also larger (smaller) than the
efficient private forecast, thus inflating the probability of
overshooting (undershooting).

More formally, under the null hypothesis of unbiased-
ness (no herding or anti-herding), published forecasts
should imply that the conditional probability of overshoot-
ing (undershooting), Po (Pu), is 0.5, regardless of the con-
sensus forecast. We then have:

Po = P(st+k < si,t,t+k | si,t,t+k > s̃i,t−1,t+k, st+k ≠ si,t,t+k)

= 0.5, (1)

Pu = P(st+k > si,t,t+k | si,t,t+k < s̃i,t−1,t+k, st+k ≠ si,t,t+k)

= 0.5, (2)

where si,t,t+k is the forecast made by forecaster i in period
t for the growth rate st+k in period t + k (with k =

12, 11, . . . , 1 for the current-year forecasts, and k =

24, 23, . . . , 13 for the next-year forecasts), and s̃i,t−1,t+k
refers to the last observable consensus forecast. Forecaster
herding then implies:

Po = P(st+k < si,t,t+k | si,t,t+k > s̃i,t−1,t+k, st+k ≠ si,t,t+k)

< 0.5, (3)

Pu = P(st+k > si,t,t+k | si,t,t+k < s̃i,t−1,t+k, st+k ≠ si,t,t+k)

< 0.5. (4)

In the case of forecaster anti-herding, Po and Pu in Eqs. (3)
and (4) exceed 0.5.

Bernhardt et al. (2006) suggest that forecaster (anti-)
herding be tested for using the average of the two
conditional probabilities. Their test statistic is defined as
S = (Po + Pu)/2, and has an asymptotically normal
sampling distribution. Unbiased forecasts imply S = 0.5,

5 We used the consensus forecast from the previous survey so as to
ensure that a forecaster’s information set includes the last published
consensus forecast. In addition, we also excluded the forecaster’s own
projection published in the previous survey, in order to compute a
forecaster-specific consensus forecast.
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Fig. 1. Actual and expected GDP growth rates for selected countries.
herding implies S < 0.5, and anti-herding implies S > 0.5.
To calculate the test statistic for our baseline result, we
used all of the available surveys and pooled the forecasters
for each country and among all forecasters.

The idea of applying the test proposed by Bernhardt
et al. (2006) to our research question is appealing for a
number of reasons. First, the test does not depend on any
assumptions about the distributions of forecasts or forecast
errors. This is simply because the test statistic does not
depend on the degree of overshooting or undershooting,
and hence, does not depend on the distribution of the
forecasters’ priors. Second, Bernhardt et al. (2006) show
that the distribution of the realized values is not assumed
to follow a normal distribution either. In fact, the test
is conservative, in the sense that asymmetric shocks in
the realized values only increase the variance of the test
statistic, leaving the S statistic itself unaffected.6 The test

6 The reason for this is that, for example, a market-wide shock that
drives up the growth rate increases Po and decreases Pu , leaving their
average unaffected.
statistic, S, is also robust to both outliers in the data and
data entry errors, because the probabilities Pu and Po are
computed as the relative frequencies of events from a
large number of forecasts. Third, the test statistic is robust
even when the forecasts are built on an asymmetric loss
function.7 Fourth, the test statistic S has an asymptotic
normal distribution and is robust to various problems that
may arise in the case of, e.g., correlated forecast errors,
market-wide shocks, and optimism or pessimism among
forecasters. It is the averaging that makes the test robust
under the null hypothesis. Finally, it is relevant for our
analysis to note that outliers and large disruptive events,
such as the global financial crisis of 2008–09, should
have only a minor effect on the conditional probabilities
(i.e., empirical frequencies of events). The test statistic S is
robust to such events.

The null hypothesis of the test is that – in the absence
of herding or anti-herding behaviors – forecasters target

7 Patton and Timmermann (2007) and Elliott, Komunjer, and Timmer-
mann (2005) provide evidence that macroeconomic forecasts are based
on asymmetric loss functions.
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the actual value. Of course, the assumption that the private
forecast is unbiased in the absence of herding or anti-
herding behaviors could be challenged. One could argue
that growth forecasters may have a positive forecast bias
because they take into account the positive external effects
of optimistic forecasts on financial products. Bernhardt
et al. (2006) themselves raise the possibility that financial
analysts may issue optimistic forecasts early in the
forecasting cycle and pessimistic forecasts later in the
cycle, a phenomenon that is unrelated to herding. Because
of the specific design of the S statistic that nets out
opposing effects, the test statistic is unaffected by this type
of bias.

4. Empirical results and robustness tests

In this section, we present our baseline results and
focus on various macroeconomic (economic crises and
forecaster uncertainty) and microeconomic (number of
competing forecasters, forecasters’ affiliations, and fore-
casters’ performances) factors that might determine
whether or not forecasters show a tendency to (anti-)herd.
Furthermore,we also present a set of robustness tests, such
as results based on real-time data, a sample split analysis,
and results based on unemployment forecasts.

4.1. Baseline results

Table 1 presents our main results and reports the S
statistic, its standard errors, and the boundaries of a con-
fidence band for all countries. It also contains information
on the sample period, the numbers of forecasters available
for every country in our sample, and the total numbers of
observations. Three things stand out. First, the test statistic
concerning the current-year (next-year) forecasts exceeds
the value of 0.5 significantly in 20 (31) cases out of 45, in-
dicating anti-herding behavior in these cases. Our results
suggest that business cycle forecasters scatter their projec-
tions away from the consensus forecast more often as the
forecast horizon lengthens. This finding supports the re-
sults of Lamont (2002), who reports that the disagreement
among forecasters is due to strategic behavior. He empha-
sizes that the forecaster’s age is related positively to the
likelihood of bold forecasts. In our context, a series of bold
forecasts reflects anti-herding behavior by forecasters.8

Second, for nine (five) countries, the current-year (next-
year) test statistic is significantly lower than 0.5, implying
that business cycle forecasters in some countries place
their forecasts close to the consensus. Such a herding
behavior is observed for Argentina, Colombia, Estonia,

8 Rather than splitting the sample into current-year and next-year
forecasts, we also tested explicitly whether the degree of (anti-)herding
varies with the forecast horizon (k = 24, 23, . . . , 2, 1). The results at a
country level, which are available upon request, support ourmain finding
of the anti-herding behavior of business cycle forecasters. Interestingly,
for some countries (Australia, China, Japan, Taiwan, United Kingdom and
United States), we observe a significant drop in the test statistic for four-
quarter-ahead forecasts (k = 12). This might be related to a carry-over
effect (Clements, 2014), i.e., the switch from next-year to current-year
forecasts.
Latvia, Lithuania, Mexico, Peru, Poland, and Turkey. These
are mostly developing or transition countries. Third, for
some countries, such as Brazil, Italy, Sweden and the
Ukraine, the S statistic is not significantly different from
0.5, indicating no (anti-)herding.

In summary, Table 1 gives the impression that fore-
caster herding is more likely to be observed in GDP growth
forecasts for emergingmarket economies. A simple regres-
sion of the S statistic onGDP per capita (as of 2011 for all 45
countries) reveals a positive but statistically insignificant
relationship between the two. Hence, it is likely that fac-
tors other than the stage of economic development of the
respective economy are responsible for the observed herd-
ing behavior in GDP growth forecasts. Since less-developed
countries are also more prone to economic and financial
crises, one may therefore hypothesize that it is the inci-
dence of economic turbulence that causes the differences
in (anti-)herding behavior, rather than the level of eco-
nomic development.Wewill test this hypothesismore for-
mally in Section 4.2.

Given the large swings and sharp reversals in the
growth rate during our sample period, we also analyzed
the variation in the S statistic over time. Fluctuations in
the S statistic should signal changes in the prevalence of
forecaster (anti-)herding. To analyze the (anti-)herding be-
havior over time, we use a rolling-window estimation ap-
proach and pool the forecasts for every country within
one year.9 Fig. 2 plots the S statistics and the resulting
99% confidence bands for some selected countries. The
figure also includes a crisis index developed by Reinhart
and Rogoff (2011), as additional information.10 The results
suggest that the S statistic varies over time, sometimes
significantly exceeding the value of 0.5 (anti-herding)
and sometimes falling short of it (herding). Overall, anti-
herding behavior is more prevalent than herding, espe-
cially during economically quiet times, indicating that
forecasters deliberately differentiate their forecasts from
those of their colleagues.11

Interestingly, the S statistic and the RR index seem
to exhibit contradictory movements. For instance, dur-
ing the Russian crisis in 1998–1999, the herding statis-
tic is significantly lower than 0.5, indicating forecaster

9 This is a reasonable strategy for comparing cross-country differences
but could potentially be problematic since forecasts with different
forecast horizons are being aggregated. However, results based on a
survey conducted in a specific calendar month, e.g., January of any year,
are similar to our baseline results and are available upon request.
10 This index reflects a comprehensive crisis definition, as it encom-
passes financial, currency and economic crises. A composite indicator is
constructed by adding up the incidence of crises within one year in each
of six different domains (banking crisis, currency crash, domestic default
(or restructuring), external default (or restructuring), inflation crisis, and
stock market crash). The index ranges between zero and six, with six in-
dicating a more severe crisis.
11 To account for the possibility that business cycle forecasters target
the first data release of GDP rather than the revised data value (which
is typically published with a considerable time lag), we also calculated
these results based on the real-time database of the OECD. This dataset
is limited to 24 countries and the time period January 1999–December
2011. The results support our baseline results: for most specifications (40
out of 48), business cycle forecasters showanti-herding behavior, i.e., they
have a test statistic which is significantly larger than 0.5, indicating that
forecasters differentiate their forecasts from the consensus forecast.
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Table 1
Empirical results.

Country (Period) Year S-stat. Std. error Lower 99% Upper 99% Obs. No.

Argentina Current 0.485** 0.01 0.462 0.508 3,306 53
(1993–2011) Next 0.465* 0.01 0.440 0.490 2,769 53
Australia Current 0.545* 0.01 0.524 0.565 4,155 41
(1990–2011) Next 0.661* 0.01 0.640 0.682 3,965 41
Brazil Current 0.503 0.01 0.479 0.527 3,059 53
(1993–2011) Next 0.515 0.01 0.490 0.540 2,829 53
Bulgaria Current 0.660* 0.02 0.600 0.720 481 13
(1998–2011) Next 0.582* 0.02 0.529 0.635 609 13
Canada Current 0.495 0.01 0.474 0.516 4,010 37
(1999–2011) Next 0.534* 0.01 0.513 0.556 3,812 37
Chile Current 0.525* 0.01 0.501 0.550 2,936 43
(1993–2011) Next 0.497 0.01 0.471 0.522 2,699 43
China Current 0.543* 0.01 0.521 0.565 3,572 46
(1994–2011) Next 0.601* 0.01 0.578 0.624 3,295 46
Colombia Current 0.496 0.01 0.464 0.527 1,747 34
(1997–2011) Next 0.474** 0.01 0.440 0.507 1,567 34
Croatia Current 0.580* 0.02 0.521 0.639 533 12
(1998–2011) Next 0.517 0.02 0.453 0.581 427 12
Czech Republic Current 0.511 0.01 0.481 0.541 1,872 32
(1998–2011) Next 0.553* 0.01 0.520 0.585 1,674 32
Estonia Current 0.428* 0.02 0.368 0.487 492 13
(1998–2011) Next 0.419* 0.03 0.351 0.486 393 13
France Current 0.568* 0.01 0.548 0.587 4,741 40
(1999–2011) Next 0.553* 0.01 0.532 0.573 4,247 40
Germany Current 0.525* 0.01 0.510 0.541 7,197 54
(1999–2011) Next 0.505 0.01 0.489 0.521 6,630 54
Hong Kong Current 0.519** 0.01 0.496 0.541 3,284 44
(1994–2011) Next 0.530* 0.01 0.506 0.554 3,006 44
Hungary Current 0.487 0.01 0.455 0.519 1,725 29
(1998–2011) Next 0.580* 0.01 0.546 0.614 1,560 29
India Current 0.516 0.01 0.490 0.542 2,506 45
(1994–2011) Next 0.587* 0.01 0.559 0.616 2,124 45
Indonesia Current 0.583* 0.01 0.558 0.608 2,736 46
(1994–2011) Next 0.591* 0.01 0.565 0.617 2,553 46
Italy Current 0.498 0.01 0.476 0.520 3,625 40
(1999–2011) Next 0.499 0.01 0.476 0.522 3,377 40
Japan Current 0.598* 0.01 0.580 0.616 5,263 45
(1999–2011) Next 0.607* 0.01 0.587 0.628 4,228 45
Latvia Current 0.459** 0.02 0.398 0.519 474 13
(1994–2011) Next 0.440** 0.03 0.372 0.507 383 13
Lithuania Current 0.435* 0.02 0.371 0.498 434 12
(1994–2011) Next 0.460** 0.03 0.389 0.531 347 12
Malaysia Current 0.518** 0.01 0.494 0.541 3,122 52
(1994–2011) Next 0.554* 0.01 0.529 0.578 2,919 52
Mexico Current 0.460* 0.01 0.437 0.482 3,492 50
(1993–2011) Next 0.543* 0.01 0.520 0.566 3,239 50
Netherlands Current 0.498 0.01 0.467 0.529 1,782 29
(1995–2011) Next 0.542* 0.01 0.510 0.575 1,641 29
New Zealand Current 0.584* 0.01 0.559 0.610 2,668 27
(1994–2011) Next 0.608* 0.01 0.581 0.634 2,485 27
Norway Current 0.549* 0.01 0.515 0.583 1,489 20
(1998–2011) Next 0.573* 0.01 0.538 0.609 1,400 20
Peru Current 0.461* 0.01 0.429 0.493 1,726 33
(1997–2011) Next 0.490 0.01 0.456 0.523 1,526 33
Philippines Current 0.499 0.02 0.440 0.558 491 18
(2009–2011) Next 0.595* 0.03 0.518 0.672 293 18
Poland Current 0.471* 0.01 0.441 0.500 1,979 36
(1998–2011) Next 0.497 0.01 0.465 0.528 1,783 36
Romania Current 0.515 0.01 0.477 0.553 1,194 29
(1998–2011) Next 0.528** 0.02 0.488 0.568 1,078 29
Russia Current 0.474** 0.01 0.442 0.505 1,733 40
(1998–2011) Next 0.565* 0.01 0.532 0.599 1,561 40
Singapore Current 0.510 0.01 0.486 0.534 2,978 44
(1994–2011) Next 0.536* 0.01 0.511 0.561 2,787 44

(continued on next page)
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Table 1 (continued)

Country (Period) Year S-stat. Std. error Lower 99% Upper 99% Obs. No.

Slovakia Current 0.506 0.01 0.468 0.544 1,204 27
(1998–2011) Next 0.583* 0.02 0.542 0.623 1,090 27
Slovenia Current 0.453** 0.02 0.397 0.510 561 13
(1998–2011) Next 0.538 0.02 0.474 0.602 451 13
South Korea Current 0.578* 0.01 0.555 0.601 3,186 40
(1994–2011) Next 0.524** 0.01 0.499 0.548 2,842 40
Spain Current 0.544* 0.01 0.518 0.569 2,694 28
(1995–2011) Next 0.546* 0.01 0.518 0.573 2,355 28
Sweden Current 0.504 0.01 0.478 0.529 2,718 32
(1995–2011) Next 0.490 0.01 0.464 0.516 2,533 32
Switzerland Current 0.564* 0.01 0.534 0.593 2,016 19
(1998–2011) Next 0.553* 0.01 0.522 0.584 1,842 19
Taiwan Current 0.513 0.01 0.489 0.537 2,968 36
(1994–2011) Next 0.566* 0.01 0.541 0.592 2,733 36
Thailand Current 0.508 0.01 0.483 0.533 2,741 45
(1994–2011) Next 0.537* 0.01 0.511 0.564 2,475 45
Turkey Current 0.456* 0.01 0.424 0.488 1,664 38
(1998–2011) Next 0.467** 0.01 0.431 0.502 1,419 38
Ukraine Current 0.499 0.01 0.463 0.534 1,352 28
(1998–2011) Next 0.505 0.01 0.466 0.544 1,163 28
United Kingdom Current 0.543* 0.01 0.528 0.559 7,516 68
(1999–2011) Next 0.599* 0.01 0.583 0.614 7,241 68
United States Current 0.551* 0.01 0.535 0.567 6,941 65
(1999–2011) Next 0.535* 0.01 0.518 0.551 6,334 65
Venezuela Current 0.518** 0.01 0.492 0.544 2,551 42
(1993–2011) Next 0.597* 0.01 0.569 0.624 2,253 42

Financial Current 0.519* 0.002 0.515 0.524 85,583 1,127
forecasters Next 0.543* 0.002 0.539 0.548 78,154 1,127
Non-financial Current 0.509* 0.003 0.502 0.517 32,442 450
forecasters Next 0.532* 0.003 0.525 0.540 28,970 450

Notes: For each country, the table reports the test statistic (S-stat.) based on pooling the data among all forecasters and all surveys. Std. error refers to the
standard error. Obs. is the number of forecasts. No. reflects the numbers of forecasters who have submitted forecasts.

* indicates significance at the 1% confidence level (H0: S = 0.5).
** indicates significance at the 10% confidence level (H0: S = 0.5).
herding behavior. Similar evidence is found for Argentina
(2000–2003), Mexico (1994–1996 and 1999–2000) and
Turkey (1999–2001): whenever the RR crisis index in-
creases, forecasters tend to demonstrate herding. This was
also true to a lesser extent for industrial countries in the
course of the global financial crisis, e.g., in the United King-
dom. Overall, Fig. 2 corroborates our hypothesis that there
is a link between herding behavior and times of elevated
economic uncertainty, rather than a link between herding
behavior and the level of economic development. We will
investigate this hypothesis more thoroughly in the next
section.12

4.2. Macroeconomic determinants of forecaster (anti-)herding

In this section,we analyze the link betweenbusiness cy-
cle forecasters’ (anti-)herding behaviors and the incidence
of difficult economic times. To this end, we do not restrict

12 As a further robustness check, we repeated our exercise focussing
only on the time period of the so-called ‘Great Moderation’. To this end,
we only used data up to 2007. The results, which are available upon
request, show that, for most countries, the test statistic significantly
exceeds the unbiased value of 0.5. However, countries like Australia,
Japan, and New Zealand still show a relatively high value of the test
statistic, while countries like Argentina, Poland, and Turkey show test
statistic results that indicate herding behavior. Hence, focusing on the
Great Moderation does not seem to affect our results.
ourselves to crisis periods but investigate times of high
economic uncertainty more broadly. To ensure the robust-
ness of our results, we define economic uncertainty from
three completely different angles.

Our first measure is the RR index described above,
which defines financial, currency and economic crises
explicitly. It is a discrete variable ranging between zero and
six, with a higher value indicating a more severe crisis, in
the sense that it affects many dimensions of the economy.

Our second measure identifies recessions according to
the conventional rule, namely two consecutive quarters
of negative quarter-on-quarter GDP growth. Thus, this
measure of uncertainty refers to recessions rather than
economic crises. We construct a binary dummy for each
year that takes the value of one if two consecutive quarters
exhibit negative growth rates, and zero otherwise.13

As a third measure of economic uncertainty, we use a
proxy that is observed from the Consensus Economics sur-
vey directly. To measure the extent of the macroeconomic
uncertainty, we make use of the forecasting cycle within
this survey, which consists of 24 months for each year.
Since the forecasters are required to predict the growth
rates of the current and the next year, each year is forecast

13 If negative growth is recorded in the fourth quarter of a year and
the first quarter of the subsequent year, we date the recession to the
subsequent year.
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Fig. 2. Time-varying herding statistic and the RR index, St .
in 24 consecutive surveys. Naturally, the closer the survey
approaches to the end of the forecasting cycle, the more
precise the forecasts are. This can be seen in Fig. 1, which
shows that the consensus forecast (dotted line) approaches
the realized value (solid line) as far as end of year forecasts
are concerned. The extent of the revisions for a specific year
is then a natural measure of the level of forecast uncer-
tainty. We proceed by using the sequence of the 24 con-
secutive consensus forecastswithin a forecasting cycle and
calculate the standard deviation for each forecaster over
time as a proxy for forecast revisions. Hence, we obtain a
measure of the forecast uncertainty for each year and coun-
try. In total, we havemore than 7000 observations for each
of the available measures. Unlike the other two measures,
this proxy interprets economic uncertainty symmetrically,
i.e., high forecast revisions in boom periods are treated in
the same way as similar revisions during recessions. Fur-
thermore, it is not a binary dummy but a continuous vari-
able.

Table 2 reports the correlations between the S statistic
and the three measures of economic uncertainty. The
level of correlation between our three measures is
significantly different from zero but quite low, which is
not surprising, given that they are derived from totally
different data sources and statistical approaches, and also
define economic uncertainty from different points of view.
Nevertheless, the correlation between the measures and
the S statistic is negative in all three cases and significant in
twoof them, indicating that the S statistic declineswith the
level of economic uncertainty. This confirms our previous
visual analysis.

To underpin our argument further, we subsequently
link all three measures of the forecast uncertainty to the
time-varying (anti-)herding statistic Sc,t for each country
c at time t (recall that the time-varying St is shown in
Fig. 2 for selected countries). To this end, we regress the
Sc,t statistic on each measure of the forecast uncertainty
by means of the following equation:

Sc,t = αc + βCrisisc,t + γGDPpcc,t + ϵc,t , (5)

where the α coefficient indicates the presence of (anti-)
herding behavior and theβ coefficientmeasures the extent
to which individual forecasters deviate from this behavior
in more turbulent periods. Table 3 reports the estimation
results based on OLS, using Newey andWest (1987) robust
standard errors to take autocorrelation and cross-section
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Table 2
Correlation of crisis variables.

S-statistic Reinhart-Rogoff Recession dummy Forecast revisions

S-statistic 1 – – –
Reinhart-Rogoff −0.063* 1 – –
Recession dummy −0.019 0.209* 1 –
Forecast revisions −0.066* 0.233* 0.494* 1

Notes: The table reports Bravais-Pearson correlation coefficients.
* indicates significance at the 1% level.
Table 3
Relationship between (anti-)herding and crises.

Estimator Reinhart-Rogoff Recession Revisions GDPpc RR & GDPpc
OLS FE OLS FE OLS FE OLS FE OLS FE

α 0.574** 0.575** 0.573** 0.573** 0.575** 0.575** 0.565** 0.565** 0.571** 0.570**

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.01) (0.00) (0.01) (0.01)
β −0.074**

−0.096**
−0.048 −0.043 −0.054*

−0.052** – – −0.071**
−0.096**

(0.03) (0.01) (0.08) (0.03) (0.02) (0.01) (–) (–) (0.03) (0.01)
γ – – – – – – 0.023 0.021 0.012 0.003

(–) (–) (–) (–) (–) (–) (0.03) (0.02) (0.03) (0.02)
Obs. 7403 7403 6464 6464 7317 7317 7403 7403 7403 7403

Notes: The table reports the estimation results of Eq. (5): Sc,t = αc +βCrisisc,t +γGDPpcc,t +ϵc,t , where c (t) is a country (time) index. The results are
based on either the Newey andWest (1987) panel estimator or the fixed-effects estimator (FE), and robust standard errors are given in parentheses.

* indicates significance at the 10% significance level.
** indicates significance at the 1% significance level.
correlation into account, as well as in a panel fixed-effect
specification to allow for systematic differences among the
countries. We generally observe anti-herding behavior in
normal times, as is reflected by the constant term α of
about 0.57, which is significantly higher than 0.5, indicat-
ing that, on average, business cycle forecasters anti-herd.
The coefficient on the crisis dummy suggests that there is a
statistically significant negative relationship between fore-
caster anti-herding and the extent of the forecast uncer-
tainty. The same result emerges if we replace the RR index
with the standard deviation of forecast revisions. Again,
the β coefficient is significantly negative, indicating that
business cycle forecasters tend to herd in times of forecast
uncertainty and anti-herd in normal times. With regard to
the recession dummy, the β coefficient is negative and of
a similar magnitude to that in the forecast revision case,
but insignificant. Compared to this, the relationship be-
tween the time-varying S statistic and the GDP per capita,
as measured by the γ coefficient, is not significantly differ-
ent from zero. Also, when using both the RR index and the
GDP per capita as explanatory variables, the coefficient on
the crisis variable is still significant, while that on GDP per
capita is not.

Thus, while forecasters typically anti-herd in normal
times, they show a tendency towards herding at times of
higher economic uncertainty. The value of about −0.07 in
the RR specification, for example, suggests that a crisis of
level 2 according to the RR indexwould be enough for fore-
casters to switch to herding behavior. Concerning the fore-
cast revisions, the coefficient of −0.05 indicates that if the
standard deviation of the forecast revisions increases by
about 0.1 over the forecasting cycle of 24months, the herd-
ing statistic falls significantly short of the unbiased value of
0.5. This indicates that herding behavior is more likely, the
more that forecasters have revised their forecasts.

Thus, our results show that herding and an elevated
economic uncertainty are related; however, they do not
allow us to engage in a more thorough analysis of the
causality of this relationship. Based on our data, we cannot
identify the underlying reasons for herding behavior in
times of economic turbulence. A more comprehensive
analysis could provide a further scrutiny of the role of
model uncertainty in forecasting models and the effects
of more frequent data revisions in uncertain times on
forecasting behaviors. However, forecasting behaviors
and economic uncertainty are clearly related, as our
results show. Prati and Sbracia (2010) provide further
evidence and show that a greater forecast uncertainty
in the Consensus Economics dataset with respect to
macroeconomic variables tends to be associated with
currency crises.

4.3. Microeconomic determinants of forecaster (anti-)herding

4.3.1. Number of competing forecasters
At the micro-level, (anti-)herding behavior might also

depend on the number of competing forecasters. Ottaviani
and Sørensen (2006) argue that forecasters in a forecasting
contest differentiate their predictions from those of their
competitors. Hence, having a larger number of colleagues
providing forecasts might motivate a forecaster to deliver
more extreme forecasts, i.e., to anti-herd. In our data
sample, the numbers of participants vary substantially
across countries.While only seven forecasters participated
in the survey for Lithuania in March 2011, 39 forecasters
submitted growth forecasts for the July 1993 survey in the
UK. To analyze whether the test statistic varies with the
number of forecasters, we calculate it for each survey in
each country and relate it to the number of participants in
each survey. The results, which are available upon request,
support our baseline result that, on average, the test
statistic is above 0.5. The results also show that there is no
clear-cut relationship between the number of participants
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and the test statistic. Hence, the number of competitors
does not seem to affect (anti-)herding behavior.

4.3.2. Forecaster affiliation
In order to conduct a further analysis of microeconomic

factors that may determine the (anti-)herding behavior,
we take advantage of the fact that the survey includes the
affiliations of the respective forecasters. Hence, we clus-
tered the group of forecasters into those working with
the financial sector (i.e., with investment banks, commer-
cial banks, and consultancies), and those who are affiliated
with non-financial companies (e.g., research industries,
universities, and industry). As these two groups of fore-
casters respond to the needs of different customers, they
may exhibit different strategic behaviors in their forecasts,
as was suggested by the findings of Capistran and Tim-
mermann (2009). Table 1 shows the test statistics for the
two groups aggregated over all countries. Anti-herding be-
haviors are more pronounced for financial companies, but
are not significantly different between the two groups, as
the upper and lower bounds show. Interestingly, for both
groups, anti-herding behavior is significantly more preva-
lent for next-year forecasts than for current-year fore-
casts. For individual financial (non-financial) forecasters,
455 (152) out of 1127 (450) forecasters, i.e., 40% (33%),
have a test-statistic larger than 0.5, while only 266 (106),
i.e., 24% (23 %), exhibit a test statistic which is significantly
lower than 0.5. This indicates that forecasters tend to anti-
herd even at the micro-level, but that there are no differ-
ences between financial and non-financial forecasters.

4.3.3. Forecasters’ ex-ante and ex-post performances
(Anti-)herding behavior might also be related to ex-

ante and ex-post forecast performances. By ex-ante fore-
cast performance, we mean that a forecaster who has
experienced large forecasting errors in the recent pastmay
strategically bias his upcoming forecast towards the mean
(i.e., show herding behavior) in order to re-gain credibil-
ity, or avoid worsening his reputation. In other words, we
explain forecasting behaviors based on previous forecast
performances at the micro level. By ex-post forecasting
performance, we refer to the predictive accuracy of an in-
dividual forecaster’s GDP growth forecasts conditional on
his forecasting behavior (i.e., herding or anti-herding). Put
differently, in this case we explain forecast performances
based on strategic forecasting behaviors.

To analyze this relationship, we linked the (ex-
ante) forecast performance to (anti-)herding behavior by
regressing the test statistic for each survey and country
on the forecast error (across all countries) of the previous
survey. Interestingly, the tendency to herd increases with
the previous forecast error. This indicates that forecasters
tend to hide in the crowd once their forecast error is large,
and supports our baseline result that forecasters prefer to
herd in times of economic uncertainty.

A forecaster who differentiated his forecasts from the
forecasts of his colleagues might have a different (ex-post)
forecast accuracy. Laster et al. (1999) argue that forecasters
may use extreme forecasts to attract the attention of cus-
tomers, at the expense of the forecast accuracy. To examine
the link between ex-post forecast performances and (anti-)
herding, we calculated the individual test statistic and the
root mean squared error for each and every forecaster as a
measure of the forecast accuracy. The results indicate that
there is only very weak evidence that anti-herding results
in a lower forecast accuracy at the level of the individual
forecaster.

5. Concluding remarks

This study investigates (anti-)herding behaviors of
business cycle forecasters based on individual forecast
data of participants in the Consensus Economics survey.
The main finding is that forecasters show anti-herding
behaviors in their predictions of GDP growth, at least
in normal times and for industrialized countries. Thus,
forecasters appear to make extreme forecasts in order to
reap the ‘‘superstar bonus’’ if the forecast turns out to be
the most accurate. However, the extent of anti-herding
among the industrialized countries varies substantially.
In contrast, for emerging economies, we find a tendency
toward herding behaviors, as forecasters tend to move
their forecasts towards the consensus.

The evidence of anti-herding behavior in industrial
countries is particularly interesting given the recent em-
pirical studies that have confirmed that it is difficult to beat
the consensus forecast (Genre, Kenny, Meyler, & Timmer-
mann, 2013). This would actually suggest herding behav-
ior to be the optimal strategy for forecasters. The evidence
of forecaster anti-herding indicates that the reputation ef-
fects of delivering extreme forecasts outweigh the incen-
tives to optimize the forecast accuracy.

Furthermore, we find that the extent to which growth
forecasters (anti-)herd varies over time. Based on a
rolling window estimation, we find that forecaster (anti-)
herdingwas somewhat less pronounced in the period from
2001 to 2003, and became more prevalent thereafter. Us-
ing three different indicators of economic uncertainty, a
regression analysis confirms that forecasters show a ten-
dency to approach the previous consensus forecast atmore
turbulent times. It seems that more uncertain economic
circumstances induce professional forecasters to hide in
the flock in order to avoid potential reputation losses aris-
ing from wrong individual forecasts. After all, forecast er-
rors made by a majority of forecasters can be considered
to be unavoidable, and therefore will not affect the rep-
utations of individual forecasters. We conclude that the
forecast heterogeneity is reduced artificially at times of
high economic uncertainty, underrating the extent of the
disagreement among forecasters. In contrast, survey fore-
casts under normal economic conditions report an over-
rated picture of forecast disagreement. Both policy makers
and financial market participants should take this into ac-
countwhen attempting to infer themacroeconomic uncer-
tainty from survey data.
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