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Abstract

In this paper, we consider whether differences in the forecast performance of ECB
SPF respondents reflect ability or chance. Although differences in performance
metrics sometimes appear substantial, it is challenging to determine whether they
reflect ex ante skill or other factors impacting ex post sampling variation such as the
nature of economic shocks that materialised or simply which rounds participants
responded in. We apply and adapt an approach developed by D’Agostino et al.
(2012) who used US SPF data. They developed a test of a null hypothesis that all
forecasters have equal ability. Their statistic reflects both the absolute and relative
performance of each forecaster and they used bootstrap techniques to compare the
empirical results with the equivalents obtained under the null hypothesis of equal
forecaster ability. Our results, at a first pass, suggest that there would appear to be
evidence of good/bad forecasters. However once we control for the autocorrelation
that is caused by the overlapping rolling horizons, we find, like D’Agostino et al.
(2012), that the best forecasters are not statistically significantly better than others.
Unlike D’Agostino et al. (2012), however, we do not find evidence of forecasters that
perform very significantly worse than others. Controlling for autocorrelation is a key
feature of this paper relative to previous work. Our results hold considering the whole
sample period of the ECB SPF (1999-2018) as well as the pre- and post-global
financial crisis samples. We also find that when assessed across all variables and
horizons, the aggregate (consensus) SPF forecast performs best.
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Non-technical summary

This paper considers the forecasting performance of individual forecasters who have
participated in the ECB Survey of Professional Forecasters (ECB SPF) for the euro
area over the past twenty years since its inception in 1999. While the focus of the
published SPF reports has generally been on the aggregated (average) results, it is
of interest to policy makers, practitioners and academics to consider whether it is
possible to identify individual forecasters who perform better or worse than average.
It is, however, challenging in practice to determine whether any apparent differences
in forecasting performance across individuals: (a) are statistically and economically
meaningful and (b) reflect ability or chance. For example, imagine that two
forecasters, A and B, have the same information set but Forecaster A forecasts lower
inflation than Forecaster B owing to different beliefs about how the economy works.
Then assume, for example, there is an upward oil price shock, not anticipated by
either forecaster, in this case, even if the forecast of Forecaster A was better ‘ex
ante’, it may well be that Forecaster B looks better ‘ex post’. Of course it could be
argued that if the sample is large enough these shocks should average themselves
out. However, it has been the case that some shocks appear to have been relatively
persistent and therefore could impact ex post rankings relative to hypothetical ex
ante forecast quality. The period for which the ECB SPF has been in existence (since
1999) has been characterised by notable structural events/shocks — such as the
establishment of the euro area and single currency itself but also the global financial
crisis. Furthermore, the SPF is a voluntary survey and the panel is ‘unbalanced’

(i.e. not every forecaster participates in each round). Therefore, if a panellist
participated when the forecast error was relatively low (high) then his/her average
performance might look better (worse).

The evidence from the existing, largely US, literature has been mixed. Stekler (1987)
and Batchelor (1990) using the US Blue Chip survey reported conflicting results. The
former stated “it is possible to identify ‘better’ forecasters”. The latter argued that this
finding owed to “an incorrectly defined test statistic” and when a “more appropriate
test is conducted” it is hard to argue that any forecasters are better in a statistically
meaningful sense. Zarnowitz and Braun (1993) presented some evidence from the
US SPF that suggested any superior performance by individual forecasters tended
not to persist. Christensen et al. (2008) also based on the US SPF found mixed
evidence depending on the forecast variable considered. Interestingly, a more recent
paper by D’Agostino et al. (2012), also based on the US SPF, reported that they
were unable to identify forecasters that are statistically significantly better than
average, but did find evidence of forecasters that perform worse than average.

In this paper, we apply and adapt to the ECB SPF the approach developed by
D’Agostino et al. (2012) who used US SPF data. Their baseline (null) hypothesis is
that all forecasters have equal ability. They then develop a test statistic, which
reflects both the absolute and relative performance of each forecaster, to assess this
hypothesis. Using ‘bootstrap’ (randomly reallocating errors across individual
forecasters) and ‘Monte-Carlo’ (repeating the exercise a large number of times)
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techniques, they compare the empirical results with the equivalents obtained under
the null hypothesis of equal forecaster ability.

Relative to the D’Agostino et al. (2012) work, although we use largely the same
methodology, there are a number of features/variations. First, they examined the US
SPF, whereas we assess forecasters in the ECB SPF, which was established in 1999
to survey professional forecasts for the euro area economy. Second, in addition to
assessing inflation and growth forecasts, we also assess unemployment forecasts.
Third, as the performance metric is ‘normalised’ for each variable horizon, we apply
the methodology jointly assess across all three variables and across horizons.
Fourth, as a robustness cross-check we run the tests using the percentile rank
statistic. Using the percentile rank rather than the rank statistic gets around the
balanced panel limitation referred to in this literature. Fifth, as ten years have now
passed since the global financial crisis, we systematically check difference between
pre- and post-crisis periods. Lastly, and crucially, motivated by the seeming
discrepancy at first glance between the bootstrap results, which suggest some
forecasters might have performed statistically better/worse than others, and the lack
of correlation in performance across the pre- and post-crisis period, we attempt to
control for autocorrelation in the forecast errors. We find that doing so brings the
bootstrap results and the cross sub-sample findings more in line with each other.

The main finding is that, while at first glance there appears to be evidence of
forecasters who perform better or worse than average, once autocorrelation (which
owes to the fact that forecasts are for so-called rolling horizons one and two years
ahead and therefore overlap to some extent from one round to the next) is controlled
for there is little evidence of forecasters who have performed better or worse in a
statistically significant sense. Thus, like D’Agostino et al. (2012), we find no evidence
of forecasters that are statistically significantly better than others, but unlike them we
do not find evidence of forecasters that perform very significantly worse than others.
This may owe to the fact that, since its inception, the ECB SPF has endeavoured to
include forecasting institutions (not just individuals) with experience. In the US SPF,
which was initiated in 1968, participation declined over time and the survey was
close to being discontinued until the Federal Reserve Bank of Philadelphia took over
its administration in 1990. Our results hold considering the whole sample period of
the ECB SPF (1999-2018) as well as the pre- and post-global financial crisis
samples.

Another interesting feature of the results is that, when assessed across all variables
and horizons, the aggregate (consensus) SPF forecast performs best. This finding
which is consistent with the analysis of Genre et al. (2013), who report that it is hard
to find forecast combination methods that beat the simple average, supports the
practice of focusing on the aggregate (average) forecasts in the ECB SPF
publications.

ECB Working Paper Series No 2371 / February 2020 3



Introduction

Macroeconomic forecasts and expectations play a central role in economic and
monetary analyses. Private agents’ expectations can affect the economy because
they can influence economic decisions in areas such as saving, consumption and
investment, as well as wage and price setting. Furthermore they can be useful to
policy makers both as a cross-check of their own macroeconomic forecasts but also
for assessing the transmission of their policy decisions. In this context, ever since the
launch of euro area economic and monetary union in 1999, the ECB has conducted
a quarterly survey of macroeconomic forecasters known as the ECB Survey of
Professional Forecasters (SPF). In the twenty years since its inception, the ECB SPF
has provided a rich set of information on professional forecasters’ projections for
euro area HICP, real GDP growth and unemployment rate. As the sample size as
grown there has been a growing literature examining many different aspects of the
ECB SPF.! Although some studies, such as Bowles et al. (2010), Genre et al. (2013)
and Grothe and Meyler (2018), have considered forecast performance, they have
mostly focused on the aggregate performance.

More generally, given that how people formulate expectations of economic variables
is such a key conceptual and empirical issue in macroeconomics, it is hardly
surprising that there has been a relatively large literature related to other surveys of
professional forecasters. Bonham and Cohen (2001) and Keane and Runkle (1992)
examine the issue of whether forecasters forecasts are unbiased. The importance of
unbiasedness for the debate about rational expectations probably accounts for the
fact that most of the literature on the properties of individual-level forecasts has
focused on testing for rationality and unbiasedness.

However, like for the ECB SPF, there has been generally little focus on whether the
accuracy of individual forecasters varies in a statistically significant sense. This
possibly also reflects the challenging nature of the question. Among those studies
that have considered the issue (generally focusing on US forecasts) the findings are
mixed and inconclusive. Zarnowitz and Braun (1993) presented some evidence from
the US SPF that suggested any superior performance by individual forecasters
tended not to persist.2 Stekler (1987) and Batchelor (1990) using the Blue Chip
survey reported conflicting results while Christensen et al. (2008) based on the US
SPF found mixed evidence. D’Agostino et al. (2012) reported that they were unable

1 For example, Abel et al. (2016), Glas and Hartmann (2016) Lyziak and Paloviita (2017), and Rich and
Tracy (2018) consider various aspects of forecast uncertainty; Grishchenko et al. (2017), Dovern and
Kenny (2017) and Beechey et al. (2011) examine the anchoring of inflation expectations; and Reitz et
al. (2012) and Frenkel et al. (2011) look at expectations formation.

2 This is somewhat similar to the finding by Croushore (2009) that when considering the issue of bias in
the US SPF although there may be some evidence for specific sub-samples when looked over longer
time spans these tend to disappear.
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to identify forecasters that are statistically significantly better than average, but did
find evidence of forecasters that perform worse than average. 3

This paper adopts the methodology of the latter paper applying a bootstrap and
Monte Carlo approach to assess the extent to which the observed data on the
performance of participants is consistent with a null hypothesis of equal underlying
forecasting ability.*

In practice there are a number of challenges to assessing whether differences in
forecasting performance: (a) reflect ex ante or ex post outcomes or (b) are
statistically significant. It is possible that a forecast that looks good ex post might not
have been so good ex ante.® For example, imagine that Forecaster A and Forecast B
have the same information set but Forecaster A forecasts lower inflation than
Forecaster B owing to different beliefs about how the economy works. Then assume
there is an upward oil price shock, not anticipated by either forecaster, in this case,
even if the forecast of Forecaster A was better ex ante, it may well be that Forecaster
B looks better ex post. Of course it could be argued that if the sample is large
enough these shocks should average themselves out. However, it has been the case
that some shocks appear to have been relatively persistent and therefore could
impact ex post rankings relative to hypothetical ex ante forecast quality. It is also true
that the period for which the ECB SPF has been in existence (since 1999) has been
characterised by notable structural events/shocks — the establishment of the euro
area and single currency itself but also the global financial crisis. Furthermore, the
SPF is a voluntary survey and the panel is unbalanced. Therefore, if a panellist
participated when the forecast error was relatively low (high) then his/her average
performance might look better (worse).

Another question that is difficult to answer is how to compare across different
variables and horizons. For example, imagine that Forecaster A performs better at
forecasting HICP inflation and/or the shorter (one-year) ahead horizon, while
Forecaster B performs better for another variable (real GDP growth or the
unemployment rate) and/or the longer (two-year) ahead horizon. In this situation, it is
not obvious how to determine which forecaster performed best, and even if one did
so, whether any differences are statistically significant.

Relative to the existing work on this subject, this paper has a number of
features/variations. Although we use the same methodology as D’Agostino et al.
(2012), there are a number of differences with respect to their paper. First, they
examined the US SPF, whereas we assess forecasters in the ECB SPF, which was
established in 1999 to survey professional forecasts for the euro area economy.
Second, in addition to assessing inflation and growth forecasts, we also assess

Gamber et al. (2015) using the same methodology examine the Federal Reserve’s performance within
the cross-sectional distribution of private-sector forecasts.

4 The approach we take is similar to that used in research such as Kosowski et al. (2006), Fama and
French (2010), and Cuthbertson, Nitzsche, and O’Sullivan (2008) to assess the relative performance of
mutual funds.

5 Diebold et al. (1999) propose an approach using the Probability Integral Transform for making ex post
assessments of forecasters’ probability distributions. Clements (2014) also examines forecast
uncertainty in the US SPF ex ante and ex post.
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unemployment forecasts. Third, as the performance metric is ‘normalised’ for each
variable horizon, we apply the methodology jointly assess across all three variables
and across horizons. Fourth, as a robustness cross-check we run the tests using the
percentile rank statistic. Using the percentile rank rather than the rank statistic gets
around the balanced panel limitation referred to in this literature. Fifth, as ten years
have now passed since the global financial crisis, we systematically check difference
between pre- and post-crisis periods. Lastly, and perhaps most crucially, motivated
by the seeming discrepancy at first glance between the bootstrap results, which
suggest some forecasters might have performed statistically better/worse than
others, and the lack of correlation in performance across the pre- and post-crisis
period, we attempt to control for autocorrelation. We find that doing so brings the
bootstrap results and the cross sub-sample findings more in line with each other.
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2.1

Methodological approach to testing for
differences in forecaster performance

This section outlines some of the previous work on assessing the significance of
differences in forecaster performance and then describes the methodology used in
this paper.®

Previous Work

Stekler (1987) using data between 1977 and 1982 from the monthly Blue Chip
survey of economic indicators argues that “it is possible to identify ‘better’
forecasters”. The metric he uses is the rank of each forecaster based on their root
mean squared error in each year. To ensure a balanced panel, he excluded
forecasters that did not make predictions for every year thereby reducing the panel
from thirty-one to twenty four forecasters.

However, Batchelor (1990) argued that Stekler’s findings were “based on an
incorrectly defined test statistic” and when a “more appropriate test is conducted”,
the accuracy rankings did not appear to be statistically different from those that might
be expected as a result of sampling error in a population of equally accurate
forecasters.

Christensen et al. (2008) using the US SPF test for equal forecasting accuracy by
extending the forecast comparison test of Diebold and Mariano (1995) to a case in
which there are more than two forecasts to be compared. Their approach requires
both a balanced panel and a long time series. This resulted in their panel being
shrunk to three forecasters. They report mixed results with the tests suggesting
equal predictive accuracy for some variables but not others.

In this paper, we adopt the approach of D’Agostino et al. (2012) who address the
guestion of chance versus ability using bootstrapping and Monte Carlo simulation
techniques to see whether observed outcomes differ significantly from what would be
expected under null of equal ability. Their basic idea is to take the forecast errors for
a given variable horizon in each period and randomly reallocate them across the
forecasters who provided a forecast in that period for the specific variable horizon
(bootstrapping). They repeat this process a large number of times to simulate the
distribution of forecast errors under the assumption (null hypothesis) of equal
forecasting ability (Monte Carlo simulation). One of the advantages of their approach
is that it does not require a fully balanced panel, unlike the other papers cited above.
Furthermore, rather than using the rank metric, they use an adjusted mean squared
error statistic which penalises outliers and also controls for whether any given

6  This section draws extensively from D’Agostino et al. (2012).
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2.2

variable / horizon / period was ‘easy or hard’ to forecast. Overall they conclude there
is little evidence of ‘good’ forecasters but some evidence of ‘bad’ forecasters.

A test of equal forecasting ability

Which metric?

Before describing the bootstrapping process, we first briefly consider which forecast
performance metric to utilize. There are a number of possible options each with
some possible advantages and possible disadvantages. The forecast error
(calculated as the forecast value minus the actual outturn) is simple but would score
a forecaster with offsetting errors the same as a forecaster with no errors. Using the
absolute error would avoid this problem as offsetting errors are not cancelled out.
However this metric could score equivalently two forecasters even though one
generally makes small errors whereas the other makes smaller errors most of the
time but sometimes makes relatively large errors (i.e. outliers). The squared error
statistic avoids the cancelling out issue as well, but also penalises outliers. This is
the most commonly used statistic. However, both the absolute error and squared
error metrics suffer the potential drawback that they might penalise forecasters who
participated when it was relatively hard to forecast. The forecast rank (usually based
on either the absolute or squared error) has the advantage that it is relatively simple
and does not penalise forecasters who participated when it was relatively hard to
forecast (inter-period). However it does not take into account the relative size of
errors in a given period (intra-period). Furthermore, it generally requires a balanced
panel; otherwise the scale of the metric will vary according to the number of
participants in each period. As discussed above, in the existing literature, this has
tended to reduce substantially the panel size. A possible solution to this balanced
panel issue is to use the percentile rank, which maps the rankings in each period on
to the 1-100 scale. However like the rank metric, the percentile rank does not take
into account the relative size of errors either intra-period or inter-period.

In principle, the squared or absolute error metrics would appear to be preferred.
However, as noted, it may be the case that it is relatively ‘easy or hard’ to forecast
given macroeconomic variables at given points in time. Stock and Watson (2002)
coined the phrase “the great moderation” to describe the observed reduction in
business cycle volatility since the mid-1980s.” However the global financial crisis
resulted in substantial movements in macroeconomic variables and large forecasting
errors. Given that we use an unbalanced panel, a forecaster who did not participate
when forecast errors were relatively large could appear better than others even if
their errors were similar at other points in time.

7 Although Stock and Watson (2006, 2005) consider the issue of whether US inflation became harder to
forecast and, if so, why
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To address this issue, D’Agostino et al. (2012) construct a normalised squared error
statistic for each variable for each period for each forecaster. This is defined as:

2

€vit
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(ZNvt eZI 1
i=1 “vit Nvt

where e,;; is the realised error for forecaster i for variable v in period t and N, is the
number of forecasters providing a forecast for variable v in period t.8 An overall score
of each forecaster for each variable is calculated by calculating the average of their
normalised squared error statistics. Even if a forecaster drops in and out of the
survey, the average score can be calculated based on the periods in which they
provide a forecast. Furthermore, as errors are normalised for each variable and
period, it should not matter if they do not participate when forecast errors are
relatively high or low.

A key advantage of this metric is that it controls for differences over time in the
‘forecastability’ of a given variable, which should affect all forecasters more or less
equally, while taking into account the relative magnitude of individual errors for a
given variable in a given period. For instance, an E,;; of 2 (0.5) would imply that the
squared error for individual i for variable v for period t was twice (half) the mean
squared error for that variable in that period.

Another advantage of normalising the error statistics for each variable, horizon and
period is that it allows us to aggregate across variables and horizons — see below.

However, one potential drawback of this normalised metric is that a forecaster who
makes a relatively large error in a period when the average squared error of all
forecaster is very small will suffer a large penalty whereas forecaster who makes a
relatively small error when the average squared error of all forecaster is very large
will not benefit much.

Bootstrapping and Monte Carlo Simulation

The essential idea behind the test of the hypothesis of equal forecaster ability is to
randomly reshuffle and reassign individual forecasts for a given variable in a given
period.® This is repeated many (e.g. 1,000) times and then we test whether the
realized historical distribution of forecaster performance is statistically significantly
different from those obtained from this random reshuffling. If the actual distribution of
forecast performance lies within given confidence bands (for example, 1% and 99%)
of the simulated distributions, then we cannot reject the null hypothesis that
forecasters have equal ability and that differences in performance are due to chance.

8  Anormalised absolute error metric can be calculated by substituting the absolute error instead of the
squared error in both the number and dominator.

°  Following D’'Agostino et al. (2012), the bootstrap technique is applied in a way that exactly replicates
the original unbalanced nature of the panel. Forecast errors for a given variable in a given period are
only reassigned among forecasters who provided forecasts for that variable in that period. Errors are
not reassigned across periods.
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To see how this works in practice, consider the best performing forecaster for a given
variable and horizon. We can compare his/her score with the entire distribution of the
best scores for each simulation. If the actual best performer lies outside the 1% or
99" percentiles which give us an indication of the range that might be observed in
“best performer” scores under random reshuffling and reassignment. If the best
performer in the actual data is statistically significantly better than other forecasters,
we would expect their score to lie outside the range represented by these bootstrap
percentiles (confidence bands).
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Application to the ECB Survey of
Professional Forecasters

The ECB SPF has measured inflation expectations and other macroeconomic
expectations since the beginning of monetary union (1999). At the time of its launch,
the ECB SPF was the only gauge of private sector macroeconomic expectations for
the euro area as a whole.° The survey collects information on the expected rates of
consumer price inflation, real GDP growth and unemployment in the euro area at
several horizons, ranging from the current year to the longer term.! In addition,
respondents provide expectations for other variables underpinning their forecasts,
such as wage growth, the oil price and the exchange rate, and qualitative comments
that enrich their quantitative forecasts. Thus the overall survey results provide a
comprehensive depiction of experts’ aggregate assessment of the macroeconomic
outlook.*?

Expectations are sampled at different horizons for different purposes. In the ECB
SPF there are two broad classes of horizon: the so—called ‘rolling horizons’ and the
‘calendar year’ horizons. The rolling horizons, which are the focus of this paper, are
for one-year and two-years ahead of the latest available data at the time the survey
conducted.®® For example, when the survey was conducted in January 2018

(Q1 2018), HICP inflation data were available up to December 2017, real GDP
growth up to Q3 2017 and the unemployment rate for November 2017. Thus the
one-year and two-years ahead horizons respectively were December 2018 and
December 2019 for HICP inflation, Q3 2018 and Q3 2019 for real GDP growth and
November 2018 and November 2019 for the unemployment. Apart from the
advantage of representing a fixed length horizon (one-year and two-years), the
rolling horizons can be useful measuring how perceptions of risk and uncertainty
evolve over time, because these abstract from the natural decline in uncertainty that
tends to occur as the forecast horizon shrinks.

The respondents to the survey are expert economists working in either financial or
non-financial institutions located mainly in euro area countries but also in some other
countries (United Kingdom, Sweden, Denmark and Switzerland). The majority of
respondents are from financial institutions, although a significant number of

10 Since then other surveys including Consensus Economics and the Euro Zone Barometer have added
euro area projections to their questionnaires.

1 Another feature of the ECB SPF is that for HICP inflation, real GDP growth and unemployment
expectations at all horizons, including the longer term, are collected not just in the form of point
forecasts, but also probability distributions. This allows quantification of forecast uncertainty and of
whether forecasters consider the uncertainty to be broadly balanced around their point forecast or
skewed towards the upside or the downside. However, in this paper we focus on point forecasts. For an
assessment of these probability distributions see Kenny et al. (2015).

12 For an early and comprehensive introduction to, and overview of, the ECB SPF see Garcia (2003)

13 The ECB SPF also ask for calendar year forecasts for the current (at the time of the survey) calendar
year, the following two calendar years and for four/five years ahead. The longer-term calendar year
expectations are four calendar years ahead in the Q1 and Q2 rounds and five calendar years ahead in
the Q3 and Q4 rounds.
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economic research institutions also contribute. We return to the issue of forecaster
sector (financial/non-financial) and location (euro area/non-euro area) later in the
paper. On average approximately 60 responses are received each quarter, which is
relatively high compared with other expert macroeconomic surveys for the euro area
as a whole. The active panel (loosely defined as those who have participated in the
past two years) has tended to average about 75.

Participation in the ECB SPF is voluntary and the panel is unbalanced. Table 1
reports how many individual forecasters have provided forecasts for the different
variables and horizons. For instance, while 104 forecasters have provided at least
one forecast for HICP inflation one-year ahead, a smaller number, 77, have provided
at least 20 forecasts for HICP inflation one-year ahead. Not all forecasters forecast
all variables or horizons. They tend to forecast HICP inflation more often than real
GDP growth (and in turn real GDP growth more often than the unemployment rate).
Also they tend to provide one-year ahead forecasts more often than two-year ahead
forecasts. For example, although 77 forecasters have provided at least two forecasts
for HICP inflation one-year ahead, only 63 have provided at least twenty forecasts
for the unemployment rate two-years ahead.

To avoid that our results are impacted by forecasters who only provided a very small
number of forecasts, for each variable and horizon we restrict the panel to those who
have provided at least twenty forecasts for that variable horizon.* Thus, we consider
77 (70) forecasters when assessing the one-year (two-years) ahead inflation
forecasts, 73 (68) for one-year (two-years) real GDP growth and 69 (63) for the one-
year (two-years) ahead unemployment rate. Our choice of a threshold of at least
twenty was fairly arbitrary but was aimed at not shrinking the panel too much while
ensuring that those in the panel have provided a reasonable number of forecasts.
D’Agostino et al. (2012) set their threshold at ten for their robustness check. Our
results did not change qualitatively when we choose other thresholds (such as one,
ten, thirty or forty).

Like most macro-economic data for most countries, euro area macroeconomic
statistics tend to be revised from preliminary releases. In fact, revisions may be more
of an issue for euro area data as they represent an aggregation of data from
(currently) 19 countries. To address this issue we have constructed real-time data for
each of the three main variables — HICP inflation, real GDP growth and the
unemployment rate.*® For HICP inflation, we use the first full release (not the ‘flash
estimate’ which is based on partial data and subject to revision) and for real GDP
growth we use the second estimate (not the preliminary or first estimates, which are
more subject to revisions).

4 For example, if a forecaster only provided one or two forecasts, and these forecasts coincided with a
period when forecast errors were relatively low (high), this forecaster good appear better (worse) than
others but it would be hard to argue that this was a meaningful difference.

15 All our results are qualitatively similar when using current vintage data.
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A descriptive summary of forecast errors

Forecast errors in the ECB SPF have been substantial. Table 2 shows that across
different variables (HICP inflation, real GDP growth and unemployment) and
horizons (one-year ahead and two-years ahead), forecast errors have been
sometimes sizeable and one-sided on average. For example, the mean absolute
error for real GDP growth two-year ahead forecasts was 1.35 p.p. and both the
smallest and largest mean errors (0.23 p.p. and 1.75 p.p. respectively) were positive
indicating that all individual forecasters had positive errors on average.

There has been considerable heterogeneity in the forecasting performance of ECB
SPF forecasters, although many were relatively tightly clustered around the middle.
One indicator of the spread of forecast performance is that the range between the
minimum and maximum mean absolute error across variables/horizons is 0.77 p.p.
(ranging between 0.48 p.p. for UNEM_1Y to 1.22 p.p. for RGDP_2Y), which is
almost as large as the average mean absolute error of 0.91 p.p. (ranging between
0.59 p.p. for UNEM_1Y to 1.35 p.p. for RGDP_2Y).® However, the average inter-
guartile range (the difference between the 25th and 75th percentiles and therefore
spanning the central 50% of the panel) is considerably lower at 0.18 p.p. (ranging
from 0.12 p.p. for HICP_1Y and UNEM_1Y to 0.29 p.p. for RGDP_2Y). This
indicates that, although there have been substantial differences between the
average forecast errors for some forecasters, many are bunched together in a
relatively tight range.

Although there has been considerable co-movement of errors, the cross-section
dispersion of forecast errors has varied substantially across time, variable and
horizon. Chart 1 shows, by variable and horizon, the median and individual forecast
errors as well as the inverse of the mean absolute and squared errors. The impact of
the global financial crisis is evident for all three variables, although most striking for
real GDP growth. Another noteworthy feature is that the pattern of dispersion of
forecast errors, although uniformly high (inverse low) around the period of the global
financial crisis, has varied by variable and, to a lesser extent, by horizon. For HICP
inflation, the cross section dispersion was low (inverse high) shortly before the global
financial crisis (around Period 30) and toward the end of the sample period (around
Period 70). For real GDP growth, the dispersion was lowest near the end of the
sample, while, for the unemployment rate is was lowest in the first half of the sample.

16 1Y denotes one-year ahead, 2Y denotes two-years ahead. HICP denotes HICP inflation, RGDP
denotes real GDP and UNEM the unemployment rate.
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4.1

Results

As noted above, we calculate the performance statistics for individual forecasters for
the three variables (euro area HICP inflation, real GDP growth and the
unemployment rate) for each horizon (one-year ahead and two-years ahead). In
addition, as our metric is normalised for each of the variable horizon combinations,
we can also compute statistics aggregating (a) across the three variables (HICP
inflation, real GDP growth and the unemployment rate) for the one-year horizon and
for the two-years ahead horizons — hereafter VARX1Y and VARX2Y, and (b) across
the three variables (HICP inflation, real GDP growth and the unemployment rate) and
both horizons (one-years and two-years ahead) — hereafter VARX1Y2Y.

Results for all forecasters

We provide the results for HICP inflation one-year ahead graphically (as do
D’Agostino) in Chart 2, but for space reasons provide a summary of the results for
the other variables and horizons in tabular form (Table 3). The left-hand panel of
Chart 2 shows the cumulative distribution of forecasters actual forecast performance
statistics as well as the 1% and 99% confidence bands surrounding these. For quite
a large portion of the distribution, particularly close to the lower and upper ends, the
actual performance statistics lie outside the confidence bands. This would suggest
that some forecasters perform better and worse than would be expected if
forecasting ability was indeed equal. The right-hand panel of Chart 2 shows the
corresponding density distribution. From this, it can be seen that the distribution of
actual forecast scores is relatively wide compared with the bootstrapped intervals.

Table 3 shows a summary the cumulative distributions of forecasters’ actual forecast
performance statistics as well as the 1% and 99% confidence bands surrounding
these for each of the variable and horizons. To keep the table tractable, data are
shown for seven points along the cumulative distribution (i.e. the best forecaster, the
5t 25t 50t 75M and 95" percentiles and the worst forecaster — these are the same
as shown in D’Agostino et al. (2012). The first row of Table 3 summarises the
cumulative distribution for the one-year ahead inflation forecasts shown in Chart 2.
From this it can be seen that, when averaging over the 76 outcomes (T), the 5" and
25"percentiles of the 77 forecasters (N) are below the 1% confidence band, while
the 75" and 95" percentiles are above the 99% confidence band. The fact that some
are below and others are above would suggest that some forecaster perform better
and others worse than would be expected if forecasting ability was randomly
distributed.

The broad pattern of some better and others worse is also evident for the other
variables and horizons, including the synthetic aggregate variables (VARX1Y,
VARX2Y and VARX1Y2Y). Taken at face value, the results in Table 3 would suggest
that some forecasters have better or worse forecasting ability than what might be
expected if forecasting ability was equal.
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Aspects of the forecast performance statistics

As indicated above, the results presented in Table 3 are suggestive of differences in
forecasting ability. In this section, we take a closer look at the forecast performance
statistics particularly over different sub-samples and across variables and horizons.

As noted above, a key development during the period for which the ECB SPF has
existed was the global financial crisis. Apart from the large errors around that time
period, there were also notable differences in the period before the crisis (pre-crisis)
and the period after the crisis (post-crisis). For example, in the pre-crisis period,
HICP inflation was, on average, under-forecast (i.e. forecast errors — forecast minus
actual — were negative on average), whereas in the post-crisis period HICP inflation
was, on average, over-forecast.

Chart 3 shows that, while for both the pre-crisis and post-crisis samples the same
broad pattern of some better and others worse was evident as for the whole sample,
there appears to be little correlation in the performance rankings across sub-
samples. The upper-left-hand panel of Chart 4 shows a scatter plot of the forecast
rankings for one-year ahead HICP inflation with the rankings in the pre-crisis sample
shown on the horizontal axis and those in the post-crisis sample on the vertical
axis.'” Although there is a very slightly positive fitted regression line its fit is very low.
This reflects the fact that forecasters who ranked well in the pre-crisis sample did not
necessarily rank well in the post-crisis sample. For example, there is a forecaster
who was in the upper quintile in the pre-crisis sample but in the lower decile in the
post-crisis sample (and another who was in the lower decile in the pre-crisis sample
but in the upper quintile in the post crisis sample).

This pattern is repeated for other variables and horizons. The other panels of Chart 4
show that generally there was very little correlation in forecast performance across
the pre-crisis and post-crisis sub-samples. Table 4 shows numerically that, with the
possible exception of the two-year ahead HICP inflation forecasts at 0.338, there
was essentially zero correlation for each of the three variables between the forecast
performances in the period before the crisis (1999-2008) and the period after the
crisis (2009-2018).

There was more evidence of correlations in forecasting performance across

variables most notably for Okun’s Law type (GDP and Unemployment) relationships
but also for Philips Curve type (Inflation and GDP or unemployment) relationships. In
contrast to the lack of correlation across sub-samples, there was positive correlation

7 The rankings in the pre- and post-crisis periods were calculated for forecasters who provided at least
twenty forecasts in each sub-sample. As an additional robustness check, they were calculated for
forecasters who provided at least ten forecasts in each sub-sample, the results were qualitatively
similar.

18 Although even here there was a forecaster who was in the lower decile for the pre-crisis sample but in

the upper decile for the post-crisis sample.
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across variable combinations. These were strongest for real GDP and
unemployment, which is in line with an Okun’s Law type relationships — see Table 5.
The correlation over the whole sample (0.40 for one-year ahead and 0.43 for two-
years ahead), was also evident for the pre- and post-crisis sub-samples. There were
also positive correlations between HICP inflation and real GDP growth and between
HICP inflation and unemployment, but these were relatively low in most cases within
the sub-samples.

The correlation across horizons (one-year ahead and two-years ahead) was
relatively large (compared to that across sub-samples or across variables),
particularly for unemployment and HICP inflation — see Table 6. The correlation
between the forecast performance for one-year ahead and two-year head
unemployment forecasts was 0.67 over the whole sample (0.54 in the pre-crisis and
0.68 in the post-crisis sub-sample). The correlation between one-year and two-year
ahead forecasting performance was slightly lower for HICP inflation at 0.49. It was
lowest for real GDP at 0.24 over the whole sample. This may reflect the lower degree
of persistence in the real GDP growth time series relative to HICP inflation or the
unemployment rate.

The lack of correlation in forecast performance across sub-samples is at odds with
the findings from the bootstrap tests. The bootstrap tests suggested that a
substantial portion of forecasters performed better or worse than what would be
expected under the null hypothesis of equal ability. However, if these forecasters
were truly better or worse, one might expect their performance to carry over across
sub-samples. One possible explanation for this seeming paradox is that the rolling
horizon nature of the SPF forecasts generates significant autocorrelation in the
forecast errors.'® Indeed, the first order autocorrelation coefficient of the forecast
errors was positive for each of the variable horizon combinations. This has
implications for the bootstrapping. In the next section, we attempt to adjust for the
autocorrelation, and once we do so, we show that the bootstrap tests no longer
suggested that many forecasters were better or worse than what would have been
expected under the null hypothesis of equal ability.

Adjusting the bootstrap for autocorrelation

The rolling horizon nature of the forecasts automatically imparts serial
autocorrelation into the forecast errors. To see this, consider a hypothetical example.
Let us start with the one-year ahead HICP inflation forecast made in the Q1 2017
SPF round. As HICP inflation data were available for December 2016, the one-year
ahead forecast is for December 2017. The one-year ahead horizons for the following
three SPF rounds (i.e. Q2 2017/ Q3 2017/ Q4 2017) are March 2018/ June 2018/

19 This was less of a problem for D’Agostino et al. (2012) particularly for their one-quarter ahead horizon,
where forecast errors are more likely to be serially independent. While it should have been an issue for
their one-year ahead horizon results, it does not appear to have been so strong. This may perhaps
reflect their much longer sample period 1968-2009 (i.e. 40 years compared with 20 years in this paper).
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September 2018. Now imagine there was a shock (for example a strong oil price
increase) in October 2017, immediately after the Q4 2017 SPF was completed. This
shock will affect the year-on-year inflation rate for the next twelve months (i.e. up to
September 2018). Thus in this hypothetical example the forecast errors for the four
SPF rounds 2017 are correlated.

This autocorrelation impacts the comparability of the bootstrapped confidence bands
and the actual forecast performance statistics. This is because the former when
reshuffled and reassigned will lose much of their autocorrelation. To see this consider
the forecast errors of Forecaster A who significantly over-forecasts inflation in two
consecutive rounds. Under the bootstrapping these will be reassigned to other
forecasters but most likely to different forecasters in the two rounds thereby
attenuating the effect of autocorrelation on the bootstrapped confidence bands
relative to the actual forecast errors.

One way to eliminate or at least substantially reduce this autocorrelation would to
only consider SPF rounds four quarters apart. In the hypothetical example above,
when the SPF panellists make their inflation forecasts in the Q1 2018 SPF round,
they will have observed the oil price shock in October 2017 and incorporated it into
their projections. Thus, in principle, the errors from the Q1 2017 and Q1 2018 SPF
rounds should not be correlated.?

Rows one to four of Table 7 show the results for considering the one-year ahead
HICP inflation forecasts in the Q1, Q2, Q3 and Q4 SPF rounds respectively. For
example, HICP1YQ4 is based on the forecast errors from the Q4 1999, Q4 2000, ...,
Q4 2016, Q4 2017 SPF rounds.?! In this case, the distribution of actual forecast
statistics never falls outside the confidence bands. Chart 5 shows the entire
cumulative distribution for the Q1 rounds for the one-year ahead forecasts of HICP
inflation, real GDP growth and the unemployment rate. In each case, the distribution
of actual forecast statistics generally lies within the confidence bands over the entire
distribution. This is in stark contrast to the pattern when the forecast errors are not
adjusted for autocorrelation (see Chart 2).

In summary, once autocorrelation was controlled for (which impacted on the
bootstrapped confidence bands but not the actual forecast statistics), there was a
generalised lack of evidence for forecasters that perform significantly better or worse
than what would be expected under the null of equal ability. This finding is more
congruent with the lack of correlation in forecasting rank across sub-samples and is
also more in line with the finding of D’Agostino et al. (2012).

20 One potential drawback of this is approach is that it could change the sample and get rid of relevant
information. However, this is likely to be of second-order magnitude compared with the autocorrelation
problem.

21 For the two-year ahead forecasts, to allow for the longer horizon, HICP2YQ1a is based on the forecast
errors from the Q1 1999, Q1 2001, ..., Q1 2015, Q1 2017 SPF rounds, whereas HICP2YQ1b is based
on the forecast errors from the Q1 2000, Q1 2002, ..., Q1 2016, Q1 2018 SPF rounds
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A robustness check

In their paper, D’Agostino et al. (2012) consider an alternative metric of forecast
performance — the absolute error, which is less penalising of forecasters with large
outlier errors compared with the squared error metric. We also re-ran our
calculations using the absolute error and, like them, found that the results were not
qualitative changed from above (both with respect to the unadjusted and adjusted for
correlation results).

We also considered an alternative metric, the percentile rank. In the earlier literature
above, a significant limitation of using the rank as a metric was the need for a
balanced panel.?2 However, using the percentile rank largely circumvents this -
particularly when there is a relatively large panel (in our case between 77 and 63
depending on the variable and horizon). The percentile rank takes the rank of each
forecaster and maps it to the percentile (1-100). Therefore, if there are 80 forecasts
in one round but only 60 in another, the minimum-maximum scale of the percentile
rank remains the same (i.e. 1-100) unlike the rank (1-80 or 1-60).

When not controlling for autocorrelation, the results using the percentile rank metric
are largely similar to those using the squared error metric — see Table 8. For
example, for one-year ahead HICP inflation, the actual 5" percentile lies below the
confidence band, while the 75" and 95" percentiles lie above. This broad pattern of
some performing better and others worse than what would be expected under the
null hypothesis of equal ability is also apparent for the other variables and horizons.

However, owing to the rolling horizons, the percentile rank metric, like the squared
error metric, will have in-built autocorrelation. To see this, imagine Forecaster A has
a relatively high forecast but then there is a downward oil price shock. As was the
case for the squared error metric, this shock will also impact the percentile rank of
Forecaster A for at least four quarters. Therefore, we again re-run the bootstraps
using the percentile rank but adjusting for autocorrelation — see Table 9 (for space
reasons we only show the on-year ahead results, but they are qualitatively similar for
the two-year ahead forecasts). In this case the results are even clearer cut as there
are no instances where the actual distribution lies outside the confidence bands.

In summary, this robust check would support assessment above that, once
autocorrelation was controlled for, there was a generalised lack of evidence for
forecasters that perform significantly better or worse than what would be expected
under the null of equal ability.

22 In the case of the ECB SPF, although some forecasters have participated intensively, no forecaster has
provided forecasts for each variable in every single round. Genre et al. (2013) interpolate missing
forecasts in order to generate a reasonably sized balanced panel, but even doing this they report that
their sample for GDP growth forecasts shrinks from 94 forecasters in the raw unbalanced to 33
forecasters in the filtered balanced panel.
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5.2

Additional analyses

The main focus of this paper has been on testing whether it was possible to identify
forecasters who were statistically significantly different from what might be expected
under the null hypothesis of equal ability. Although, the results suggest it was not
possible, there was some, albeit limited, correlation of the forecast performance
statistics across sub-samples, variables and horizons. With limited information on the
forecasters it is difficult to undertake an in-depth analysis but we consider a number
of additional dimensions.

Correlation between forecast rank and number of
forecasts provided

One piece of information we have for each forecaster is the number of forecasts that
they have provided for each given variable and horizon. There are some arguments
for why there might be a relationship between the number of forecasts a forecaster
provides and his/her forecast performance. First, if one allows for learning, the more
forecasts that are provided may lead to a better performance. Second, participation
may be an indicator of enthusiasm and effort.

Table 10 shows that there is generally a negative correlation between the forecast
rank of a forecaster and the number of forecasts he/she has provided. This means
the more forecasts provided the lower (or better) is the rank. Although the correlation
is generally quite small with a mean (median) of -0.16 (-0.17), it is negative in 22 of
the 27 cases. The probability of getting 22 negative correlation coefficients out of 27
is very low - less than 0.1% if each is fully independent. This would suggest a
positive, albeit limited, relationship between the number of forecasts provided and
the forecast rank.

Can anything beat the simple average?

The results presented in this paper suggest it is difficult, even ex post, to identify
‘good’ or ‘bad’ forecasters. This supports the practice when publishing the SPF
results of reporting of the simple average of all SPF respondents for each variable
horizon. As additional information, we considered how this aggregate SPF forecast
would perform is treated as an extra forecaster. Table 11 shows the rank of the
aggregate SPF forecast compared with the distribution of individual forecasts. A
striking feature is that it ranks in the upper quartile for nearly all variable and
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horizons (the only exception being two-years ahead HICP inflation — HICP2Y — in the
pre-crisis sample) and then its percentile rank was 27) and often ranks first for the
synthetic combination of variables and horizons (VARX). This suggests that
although, for any given variable horizon combination, the aggregate forecast might
not be the ‘best’, its performance is high across all variable and horizon
combinations. It is also in line with the finding by Genre et al. (2013) who find it is
difficult, ex ante, to come up forecast combinations which beat the simple average.

Correlation between forecast rank and other forecaster
characteristics

A last exercise we undertake is to check whether there is any link between forecast
performance and forecasters’ characteristics in terms of their country of location
(although a majority of the panel are located in the euro area, a number of located in
Europe but outside the euro area) or their sector (a majority of the panel come from
the financial sector, although a number come from other types of forecasters such as
research institutions). Table 12 reports the forecast performance of the aggregate
SPF forecast as before, as well as aggregations based on location (euro area or
non-euro area) and sector (financial or non-financial).

With respect to location, in all cases, the aggregate of euro area-based forecasters
outperforms that of the non-euro area-based forecasters. This most likely reflects the
small number of non-euro area-based forecasters. For example, out of the almost
4,000 individual one-year ahead HICP inflation forecasts provided since the
inception of the ECB SPF, 12% come from non-euro area-based forecasters,
whereas 88% come from euro area-based forecasters.

With respect to sector, the aggregate of financial forecasters generally outperforms
the aggregate of non-financial forecasts, although not for one-year ahead HICP
inflation and by a smaller margin than was the case for the euro area — non-euro
area aggregates. The smaller margin may reflect the relatively larger portion of non-
financial forecasters. Again using the example of the almost 4,000 individual one-
year ahead HICP inflation forecasts provided since the inception of the ECB SPF,
41% come from non-financial forecasters, whereas 59% come from financial
forecasters. In some instances (RGDP1Y, UNEM1Y and UNEM2Y) the financial
aggregate performs better than the overall aggregate, although for HICP1Y, HICP2Y
and RGDP2Y the overall aggregate performs better.
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Summary and conclusions

This paper has addressed the question of whether differences in performance
between ECB SPF forecasters reflect statistically significant differences in
forecasting ability or sampling variation. Ultimately, once we control for the effect on
the bootstrapping and Monte Carlo simulations of autocorrelation in the forecast
errors, this paper argues that the null hypothesis of equal forecasting ability cannot
be rejected. That is, there is no statistically significant evidence that some
forecasters in the ECB SPF are better or worse than others. The inability to identify
forecasters worse than others contrasts somewhat with findings for the US SPF. This
may owe to the fact that, since its inception, the ECB SPF has endeavoured to
include forecasting institutions (not just individuals) with experience. In the US SPF,
which was initiated in 1968, participation declined over time and the survey was
close to being discontinued until the Federal Reserve Bank of Philadelphia took over
its administration in 1990.

The finding (once controlling for autocorrelation) of equal forecasting ability is
congruent with the very low degree of correlation of forecast ranks across sub-
samples. It is also noteworthy that the aggregate SPF forecast generally performs
quite well particularly on average. This finding is also congruent with the analysis of
Genre et al. (2013) who report that it is hard to find forecast combination methods
that beat the simple average.
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Table 1

7 Tables

Number of forecasters in the ECB SPF with at least [X] realised forecasts (by variable and horizon) between
Q1 1999 and Q4 2018

Table 2

" TicP1y | icPay | RGDPY | RGDP2Y | UNEMLY | UNEWZY |
>0 104 101 104 100 101 97

>=10 88 83 87 81 82 79
>=20 77 70 73 68 69 63
>=30 63 46 60 51 54 42
>=40 45 37 45 85 40 31
>=50 34 25 32 25 27 23
>=60 22 17 24 16 19 13
>=70 8 2 8 2 6 2

Note: The maximum number of possible realised one-year (two-year) ahead forecasts is 76 (72). 1Y denotes one-year ahead, 2Y
denotes two-years ahead. HICP denotes HICP inflation, RGDP denotes real GDP and UNEM the unemployment rate. To interpret the
table, note that 77 forecasters have provided at least 20 forecasts for HICP inflation one-year ahead (see row 4, column 2).

Summary forecast statistics from ECB SPF by variable and horizon (1999-2018)

(percentage points)

HICP_1Y | HICP_2Y | RGDP_1Y | RGDP_2Y | UNEM_1Y | UNEM_2Y

min -0.74 -0.56 -0.07 0.23 20.24 20.93

25% -0.33 -0.24 0.19 0.66 -0.02 -0.40

mean | -0.19 -0.05 0.34 0.87 0.07 -0.22

median | -0.19 -0.05 0.32 0.86 0.07 -0.22

% 75% -0.05 0.09 0.46 1.05 0.13 -0.08
ermor ™ max 0.50 1.06 0.84 1.75 0.52 0.51
range 1.24 1.62 0.91 1.52 0.76 1.44

stddev | 0.19 0.23 0.13 0.18 0.10 0.14

IQR 0.28 0.32 0.27 0.39 0.15 0.32

min 0.48 0.51 0.51 0.70 0.36 0.65

25% 0.70 0.73 0.83 123 0.53 0.99

mean 0.76 0.80 0.91 135 0.59 1.08

Abeolute | Median | 076 0.79 0.90 134 0.59 1.07
= ror |T5% 0.82 0.88 1.00 152 0.65 1.18
ermor ™ max 0.97 113 136 1.92 0.84 1.59
range 0.49 0.62 0.85 122 0.48 0.94

stddev | 0.05 0.07 0.10 0.12 0.06 0.12

IR 0.12 0.15 0.17 0.29 0.12 0.20

Note: 1Y denotes one-year ahead, 2Y denotes two-years ahead, HICP denotes HICP inflation, RGDP denotes real GDP and UNEM
the unemployment rate. IQR denotes inter-quartile (25" to 75" percentile) range.
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Table 3

Results based on normalised MSE (mean squared error) metric (1999-2018)

(percentage points)

Best ‘ 5 25 50 75 95 ‘ Worst N T

HICP1Y 0.61 0.69* 0.84* 0.97 1.14* 1.52* 161 7 76
0.53-0.78 0.73-0.84 0.86-0.93 0.96-1.02 1.06-1.13 1.17-1.34 1.24-1.76

HICP2Y 0.69 0.73 0.79* 0.96 1.18* 1.71* 2.70* 70 72
0.50-0.79  0.69-0.83  0.85-0.93 0.95-1.02  1.05-1.13  1.19-1.47  1.28-2.25

RGDP1Y 0.54 0.66* 0.82* 1.00 1.18* 1.45* 2.04* 73 76
0.49-0.77  0.68-0.82 0.85-0.92 0.96-1.02 1.06-1.14 1.20-1.44  1.28-2.03

RGDP2Y 0.64 0.73 0.86 0.97 1.15* 1.44* 2.67* 68 72
0.54-0.79 0.72-0.85 0.86-0.93 0.95-1.01 1.05-1.13 1.18-1.40 1.27-2.16

UNEM1Y 0.61 0.66* 0.78* 0.95* 1.25* 1.65* 2.45* 69 76
0.45-0.75 0.66-0.81 0.83-0.91 0.95-1.02 1.06-1.15 1.20-1.46 1.31-2.08

UNEM2Y 0.60 0.66* 0.81* 0.97 1.19* 1.72* 2.31* 63 72
0.51-0.78  0.69-0.83  0.85-0.92 0.96-1.02 1.05-1.14 1.19-143 1.27-1.94

VARXLY 0.70 0.72* 0.89*% 1.00 1.18* 1.50* 1.81* 69 228
0.68-0.86 0.80-0.90 0.91-0.95 0.98-1.01 1.04-1.08 1.11-1.24 1.15-1.48

VARX2Y 0.73 0.77* 0.86* 0.97* 1.18* 1.42* 1.92* 63 216
0.70-0.87  0.82-0.90 0.92-0.96 0.98-1.01 1.03-1.09 1.10-1.23  1.14-1.48

VARX1Y2Y 0.72* 0.75* 0.89* 1.01 1.13* 1.54* 1.97* 63 432
0.77-091 0.86-0.93 0.94-097 0.98-1.01 1.02-1.06 1.07-1.16 1.11-1.32

Note: * denotes that this lies outside the 1% or 99% confidence bands, which are shown underneath. Columns 2-7 show different

percentiles (best, 5, 25", 50", 75", 95! and worst), N denotes the number of forecasters considered and T denotes the number of
outcomes. 1Y denotes one-year ahead, 2Y denotes two-years ahead, HICP denotes HICP inflation, RGDP denotes real GDP and
UNEM the unemployment rate. VARX denotes the aggregated score across the three variables (HICP inflation, real GDP growth and
the unemployment rate). VARX1Y2Y denotes the aggregated score across the three variables (HICP inflation, real GDP growth and
the unemployment rate) and the two horizons (one-year and two-years ahead).

Table 4

Correlations of forecast performance across pre- and post-crisis samples (1999-2008 and 2009-2018)

(percentage points)

Table 5

One-year ahead Two-years ahead
HICP Inflation 0.05 0.33
Real GDP growth -0.09 0.01
Unemployment rate 0.04 0.04
VARX 0.06 0.20
VARX1Y2Y 0.23

Note: VARX denotes the aggregated score across the three variables (HICP inflation, real GDP growth and the unemployment rate).
VARX1Y2Y denotes the aggregated score across the three variables (HICP inflation, real GDP growth and the unemployment rate)
and the two horizons (one-year and two-years ahead). Pre- and post-crisis samples refer to 1999Q1 to 2008Q4 and 2009Q1 to

2018Q4 respectively.

Correlation of forecast performance across variables_horizons — whole sample, pre- and post-crisis (1999-2018,

1999-2008 and 2009-2018)

(percentage points)

One-year ahead

Two-years ahead

HICP and RGDP

HICP and UNEM

RGDP and UNEM

0.25 (0.02 / 0.49)
0.19 (0.06 / 0.05)

0.40 (0.49 / 0.28)

0.28 (0.17/ 0.19)
0.34(0.16 /0.11)

0.43 (0.20 / 0.26)

Note: HICP denotes HICP inflation, RGDP denotes real GDP and UNEM the unemployment rate.
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Table 6

Correlation of forecast performance across horizons by variable

(percentage points)

Table 7
Results based on normalised

Whole sampl
(1999-2018)

e

Pre-crisis
(1999-2008)

Post-crisis
(2009-2018)

HICP1Y + HICP2Y

RGDP1Y + RGDP2Y

UNEM1Y + UNEM2Y

VARXLY + VARX2Y

0.49

0.24

0.67

0.67

0.45

0.14

0.54

0.54

0.48

0.30

0.70

0.68

Note: HICP denotes HICP inflation, RGDP denotes real GDP and UNEM the unemployment rate. 1Y denotes the one-year ahead
horizon and 2Y denotes the two-year ahead horizon. VARX denotes the aggregated score across the three variables (HICP inflation,
real GDP growth and the unemployment rate). Pre- and post-crisis samples refer to 1999Q1 to 2008Q4 and 2009Q1 to 2018Q4

respectively.

MSE controlling for autocorrelation (1999-2018)

(percentage points)

Best |

25 |

75 ‘ 95

‘ Worst ‘

5 50 N | T

HICP1YQ1 0.46 0.60 0.78 0.94 1.26 1.65 213 80 19
0.24-0.58 0.50-0.67 0.71-0.84 0.91-1.02 1.11-126 1.36-1.79  1.55-2.85

HICP1YQ2 0.38 0.62 0.79 0.97 1.23* 1.63 1.73 78 19
0.25-061 0.53-0.71 0.75-0.86 0.91-1.01 1.09-122 1.32-1.74 1.51-2.91

HICP1YQ3 0.36 0.62 0.78 0.91 1.29* 1.85 194 74 19
0.27-0.61 0.50-069 0.73-0.85 0.89-1.00 1.08-124 1.38-1.95 1.57-3.24

HICP1YQ4 0.45 0.60 0.80 0.95 1.15 1.68 2.44 78 19
0.27-0.65 0.54-0.73 0.77-0.87 0.91-1.01 1.07-121 1.30-1.69 1.50-2.85

HICP2YQla 0.11 0.36 0.66 0.86 131 2.34 4.27 73 9
0.06-0.46  0.30-0.54 0.59-0.76 0.84-1.00 1.11-1.36 1.54-241 1.77-5.27

HICP2YQ1b 0.33 0.44 0.71 0.92 121 1.86 1.97 72 9
0.07-0.55 0.36-0.63 0.67-0.82 0.87-1.01 1.09-129 1.45-2.16 1.72-3.72

HICP2YQ2a 0.23 0.55 0.75 0.94 1.20 181 3.27 65 9
0.09-0.52 0.36-0.62 0.63-0.79 0.84-1.01 1.07-1.31 1.48-2.40 1.82-4.85

HICP2YQ2b 0.21 0.61 0.81 0.98 113 1.75 2.70 66 9
0.16-0.57 0.41-066 0.69-0.83 0.87-1.01 1.07-126 1.41-2.09 1.66-4.10

HICP2YQ3a 0.44 0.52 0.70 0.89 121 1.63 3.63 60 9
0.14-050 0.37-061 0.61-0.78 0.82-1.00 1.08-1.33 1.48-2.29 1.81-4.25

HICP2YQ3b 0.47 0.63 0.80 0.96 121 191 2.45 61 9
0.16-0.61 0.46-0.68 0.70-0.83 0.87-1.01 1.07-1.27 1.35-1.97 1.61-4.11

HICP2YQ4a 0.35 0.51 0.76 0.88 1.16 1.93 2.63 62 9
0.15-0.57 0.42-066 0.68-0.82 0.86-0.99 1.07-126 1.42-215 1.71-4.18

HICP2YQ4b 0.44 0.54 0.72 0.89 1.18 194 3.33 63 9
0.22-0.52  0.39-0.63 0.64-0.81 0.85-1.01 1.08-1.31 1.45-229 1.73-5.44
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Best ‘ 5 25 50 75 95 ‘ Worst ‘ N T

RGDP1YQ1 0.34 0.54 0.68* 0.96 1.22 2.06* 2.47 77 19
0.17-0.56 0.45-0.65 0.68-0.82 0.88-1.01 1.10-1.29 1.40-2.01 1.71-4.04

RGDP1YQ2 0.51 0.63 0.77 0.96 1.20 1.62 2.54 78 19
0.18-0.55 0.47-0.65 0.69-0.83 0.88-1.01 1.11-1.28 1.40-1.88  1.64-3.17

RGDP1YQ3 0.47 0.64 0.76* 0.96 1.23* 1.55 1.61 73 19
0.23-0.65 0.52-0.73 0.77-0.87 0.92-1.02 1.09-1.22 1.31-1.73  1.46-2.78

RGDP1YQ4 0.42 0.56 0.76 0.91 1.15 1.99 3.02 74 19
0.17-0.61 0.48-0.69 0.74-0.85 0.89-1.01 1.07-1.22 1.37-2.00 1.62-4.14

RGDP2YQla 0.18 0.56 0.76 0.92 1.13 1.62 2.44 67 9
0.09-0.57 0.44-066 0.70-0.84 0.89-1.01 1.09-1.28 1.41-1.93 1.59-3.26

RGDP2YQ1b 0.39 0.64 0.81 0.96 1.18 1.99 2.34 67 9
0.11-059  0.44-069 0.72-0.85 0.89-1.01 1.07-1.25 1.39-201 1.63-3.64

RGDP2YQ2a 0.33 0.53 0.75 0.95 1.22 1.73 2.29 69 9
0.11-0.55 0.42-0.63 0.66-0.80 0.86-0.99 1.09-1.30 1.47-2.16 1.73-4.15

RGDP2YQ2b 0.17 0.49 0.76 0.93 1.06 1.82 4.86 71 9
0.07-0.56  0.42-0.65 0.68-0.82 0.85-0.98 1.02-1.22 1.35-2.56 1.85-9.28

RGDP2YQ3a 0.47 0.59 0.72 0.92 1.13 1.98 5.51* 57 9
0.13-0.55 0.41-065 0.65-0.80 0.84-0.99 1.05-1.28 1.41-2.22 1.81-4.83

RGDP2YQ3b 0.20 0.41 0.68 0.82 1.28 1.67 3.08 57 9
0.05-049 0.32-0.60 0.60-0.77 0.82-1.00 1.07-1.35 1.50-2.57 1.86-5.63

RGDP2YQ4a 0.37 0.55 0.76 0.95 1.22 1.68 212 60 9
0.14-0.59 0.46-0.67 0.70-0.83 0.87-1.00 1.07-1.28 1.39-1.98 1.65-4.68

RGDP2YQ4b 0.29 0.62* 0.76 0.88 1.21 1.84 4.35 63 9
0.06-0.52 0.37-0.60 0.64-0.79 0.83-1.00 1.06-1.30 1.47-244 1.82-5.25

Best ‘ 5 25 50 75 95 ‘ Worst N T

UNEM1YQ1 0.41 0.55 0.72 0.91 1.24 1.67 3.72 75 19
0.15-0.54 0.43-0.66 0.68-0.83 0.88-1.01 1.07-1.27 1.39-2.01 1.69-4.18

UNEM1YQ2 0.38 0.52 0.73 0.94 1.32* 1.86 2.96 72 19
0.15-0.57 0.41-065 0.71-0.84 0.90-1.02 1.10-1.26 1.40-1.97 1.62-3.86

UNEM1YQ3 0.39 0.54 0.74 0.95 1.14 1.91 2.78 71 19
0.17-0.57 0.44-066 0.69-0.83 0.87-1.00 1.08-1.27 1.44-2.09 1.67-3.88

UNEM1YQ4 0.25 0.49 0.76 0.96 1.16 2.10 2.77 72 19
0.14-0.57 0.43-065 0.69-0.82 0.87-1.00 1.08-1.28 1.43-2.16 1.70-4.53

UNEM2YQla 0.23 0.35 0.70 0.92 1.24 1.77 2.88 68 9
0.09-0.50 0.35-0.59 0.63-0.80 0.84-1.00 1.11-1.33 1.52-2.30 1.77-4.08

UNEM2YQ1b 0.39 0.43 0.64 0.85 1.30 2.63* 4.56 64 9
0.02-041 0.24-053 0.56-0.73 0.79-0.99 1.09-140 1.55-2.60 1.95-7.28

UNEM2YQ2a 0.39 0.58 0.76 0.89 1.25 1.91 2.85 63 9
0.10-054 0.39-062 0.65-0.80 0.84-1.01 1.09-1.32 1.47-2.13 1.73-3.98

UNEM2YQ2b 0.27 0.45 0.69 0.94 1.32 1.91 2.60 60 9
0.05-0.51 0.33-0.60 0.62-0.79 0.84-1.00 1.09-1.34 1.45-2.23 1.77-5.04

UNEM2YQ3a 0.25 0.63 0.78 0.90 1.22 1.78 2.42 55 9
0.12-0.57 0.43-0.65 0.66-0.80 0.84-1.00 1.07-1.32 1.42-2.19 1.70-3.54

UNEM2YQ3b 0.38 0.44 0.67 0.85 1.41* 2.12 3.69 56 9
0.06-048 0.34-059 0.59-0.77 0.83-1.01 1.11-1.38  1.49-2.29 1.76-3.87

UNEM2YQ4a 0.41 0.50 0.72 0.87 1.18 2.16 3.79 56 9
0.09-0.54 0.39-0.64 0.63-0.79 0.81-0.98 1.05-1.31 1.44-2.32 1.87-5.83

UNEM2YQ4b 0.34 0.50 0.74 0.92 1.18 1.92 3.48 56 9
0.08-0.50 0.35-0.60 0.61-0.78 0.82-1.01 1.09-1.34 1.45-2.30 1.75-4.38
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Best |

| 25

‘ 50 | 75

‘ 95 | Worst ‘

5 N T

VARX1YQ1 0.59 0.67 0.86 1.00 112 151 2.29 74 57
0.42-0.72 0.61-0.78 0.82-091 0.94-1.02 1.07-1.16 1.24-156  1.35-2.29

VARX1YQ2 0.66 0.67 0.83 1.00 1.20* 1.55* 1.92 72 57
0.45-0.73 0.64-0.80 0.83-091 0.95-1.02 1.07-1.16 1.23-1.51 1.33-2.16

VARX1YQ3 0.59 0.71 0.85 0.98 1.18* 1.43 AL 71 57
0.48-0.75 0.65-0.81 0.84-0.92 0.95-1.02 1.06-1.15 1.21-1.49 1.31-2.11

VARX1YQ4 0.63 0.72 0.83 0.97 1.20* 1.56 1.96 71 57
0.46-0.74 0.65-0.80 0.83-091 0.94-1.01 1.06-1.16 1.23-1.58 1.35-2.52

VARX2YQla 0.42 0.53* 0.78 0.94 117 1.79* 2.54* 65 27
0.34-068 0.56-0.75 0.78-0.88 0.93-1.02 1.08-1.21 1.28-1.65 1.41-2.49

VARX2YQ1b 0.48 0.67 0.83 0.94 1.20 1.70* 213 64 27
0.35-069 0.55-0.76  0.77-0.88 0.91-1.01 1.07-1.21 1.28-1.67 1.45-3.31

VARX2YQ2a 0.60 0.71 0.83 0.95 1.25* 1.64* 1.72 60 27
0.37-068 0.59-0.76 0.77-0.88 0.91-1.02 1.07-1.21 1.28-1.62 1.42-2.60

VARX2YQ2b 0.58 0.71 0.81 0.99 1.18 1.81* 2.30 59 27
0.36-0.71  0.60-0.78 0.79-0.89  0.92-1.02 1.06-1.19 1.26-1.66 1.40-2.61

VARX2YQ3a 0.63 0.70 0.83 0.98 1.16 1.70 2.63 54 27
0.32-0.70  0.55-0.75 0.77-0.89  0.91-1.01 1.07-1.22 1.29-1.79  1.40-2.68

VARX2YQ3b 0.56 0.66 0.83 0.94 1.24* 1.55 2.77* 55 27
0.39-069 0.58-0.76 0.77-0.89  0.92-1.02 1.07-1.22 1.26-1.66 1.42-2.68

VARX2YQ4a 0.63 0.71 0.82 0.97 1.16 171 2.26 54 27
0.42-0.73 0.60-0.76  0.79-090 0.91-1.01 1.05-1.18 1.27-1.80 1.37-2.64

VARX2YQ4b 0.39 0.68 0.84 0.95 1.16 1.73* 223 56 27
0.36-0.68 0.59-0.76  0.77-0.89  0.91-1.02 1.08-1.22 1.26-1.65 1.40-2.44

Note: * denotes that this lies outside the 1% or 99% confidence bands, which are shown underneath. Columns 2-7 show different
percentiles (best, 5th, 25th, 50th, 75th, 95th and worst), N denotes the number of forecasters considered and T denotes the number of
outcomes. HICP denotes HICP inflation, RGDP denotes real GDP and UNEM the unemployment rate. VARX denotes the aggregated

score across the three variables (HICP inflation, real GDP growth and the unemployment rate). 1Y denotes the one-year ahead

horizon and 2Y denotes the two-year ahead horizon. Q1 denotes the Q1 over Q1 comparisons, Q2 the Q2 over Q2, etc. For the two-
year ahead forecasts, to allow for the longer horizon, HICP2YQ1a is based on the forecast errors from the Q1 1999, Q1 2001, ..., Q1
2015, Q1 2017 SPF rounds, whereas HICP2YQ1b is based on the forecast errors from the Q1 2000, Q1 2002, ..., Q1 2016, Q1 2018

SPF rounds.

ECB Working Paper Series No 2371 / February 2020

26



Table 8

Results based on percentile rank metric (1999-2018)

(percentage points)

Best ‘ 5 25 50 75 95 ‘ Worst ‘ N T

HICP1Y 0.32* 0.39* 0.47 0.51 0.56* 0.65* 0.68 7 76
0.32-044 0.41-046 0.47-049 0.50-0.52 0.53-0.55 0.56-0.60 0.58-0.69

HICP2Y 0.34 0.39* 0.47 0.50 0.58* 0.68* 0.75* 70 72
0.32-043 0.40-046 0.47-049 0.50-052 0.53-055 0.57-0.62 0.59-0.70

RGDP1Y 0.36 0.39* 0.47 0.51 0.55* 0.62* 0.63 73 76
0.33-044 0.41-046 0.47-049 0.50-052 0.53-0.55 0.56-0.62 0.58-0.69

RGDP2Y 0.35 0.42 0.46* 0.51 0.57* 0.64* 0.67 68 2
0.33-0.44  0.40-046 0.47-049 0.50-0.52 0.53-0.56 0.57-0.61 0.59-0.70

UNEM1Y 0.36 0.40* 0.47 0.52 0.56* 0.65* 0.71* 69 76
0.33-044 0.41-046 0.47-049 0.50-052 0.53-0.55 0.56-0.62 0.58-0.69

UNEM2Y 0.28* 0.39* 0.48 0.51 0.57* 0.67* 0.77* 63 72
0.32-044 0.41-046 0.47-049 0.50-052 0.53-056 0.56-0.62 0.59-0.71

VARXLY 0.41 0.44* 0.49 0.52* 0.53 0.62* 0.64* 69 228
0.41-047 0.45-048 0.49-050 0.51-0.52 0.52-0.54 0.54-0.57 0.55-0.62

VARX2Y 0.40* 0.44* 0.48* 0.52* 0.55* 0.61* 0.70* 63 216
0.40-047 0.45-048 0.49-050 0.51-052 0.52-054 0.54-0.58 0.56-0.63

VARX1Y2Y 0.39* 0.45* 0.50 0.52 0.54* 0.59* 0.70* 63 432
0.44-048 0.47-049 0.49-051 0.51-052 0.52-053 0.54-0.56 0.54-0.59

Note: * denotes that this lies outside the 1% or 99% confidence bands, which are shown underneath. Columns 2-7 show different
percentiles (best, 5th, 25th, 50th, 75th, 95th and worst), N denotes the number of forecasters considered and T denotes the number of

outcomes. VARX denotes the aggregated score across the three variables (HICP inflation, real GDP growth and the unemployment
rate). 1Y denotes one-year ahead, 2Y denotes two-years ahead, HICP denotes HICP inflation, RGDP denotes real GDP and UNEM

the unemployment rate.
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Table 9

Results based on percentile rank metric adjusting for autocorrelation (1999-2018)

(percentage points)

Best |

5 25 50 75 95 Worst ‘ N T

HICP1YQ1 0.27 0.36 0.45 0.50 0.58 0.68 0.79 80 19
0.17-0.37  0.32-0.41  0.42-0.47 0.49-052 0.55-059 0.61-0.70 0.65-0.85

HICP1YQ2 0.16 0.35 0.45 0.52 0.59 0.67 0.77 78 19
0.15-0.36  0.31-0.40 0.43-0.47 0.49-053 0.55-059 0.61-0.70  0.66-0.87

HICP1YQ3 0.25 0.37 0.46 0.52 0.58 0.71 0.83 74 19
0.16-0.36  0.30-0.40 0.43-0.47 0.49-0.53 0.55-059 0.62-0.72  0.66-0.87

HICP1YQ4 0.20 0.36 0.46 0.50 0.57 0.67 0.85 78 19
0.15-0.37  0.31-041  0.43-0.47 0.49-0.53 0.55-059 0.61-0.71 0.66-0.86

Best ‘ 5 25 50 75 95 | Worst ‘ N T

RGDP1YQ1 0.25 0.35 0.45 0.52 0.57 0.72* 0.73 7 19
0.15-0.37  0.32-041 0.43-047 0.49-0.53 0.55-0.60 0.61-0.70 0.66-0.86

RGDP1YQ2 0.33 0.39 0.47 0.51 0.57 0.65 0.75 78 19
0.14-0.35 0.31-040 0.43-047 0.49-053 0.55-0.59 0.61-0.71  0.66-0.87

RGDP1YQ3 0.28 0.37 0.46 0.52 0.59 0.65 0.71 73 19
0.16-0.37  0.30-0.40 0.42-047 0.50-0.53 0.55-0.60 0.62-0.73  0.66-0.88

RGDP1YQ4 0.26 0.34 0.44 0.52 0.58 0.66 0.74 74 19
0.15-0.36  0.30-0.41 0.43-047 0.49-053 0.55-0.59 0.62-0.72 0.65-0.88

Best ‘ 5 25 50 75 95 ‘ Worst | N T

UNEM1YQ1 0.30 0.36 0.45 0.52 0.59 0.67 0.75 75 19
0.14-0.37 0.31-041 0.43-047 0.49-053 0.55-059 0.61-0.71  0.66-0.87

UNEM1YQ2 0.28 0.37 0.44 0.51 0.59 0.73 0.78 72 19
0.15-0.37 0.30-0.40 0.43-047 0.49-053 0.55-0.60 0.62-0.73  0.66-0.87

UNEM1YQ3 0.27 0.37 0.46 0.52 0.59 0.65 0.76 71 19
0.16-0.36  0.30-0.40 0.42-047 0.50-0.53 0.55-0.60 0.62-0.73  0.66-0.87

UNEM1YQ4 0.21 0.33 0.47 0.51 0.58 0.67 0.87 72 19
0.15-0.36  0.30-0.40 0.42-047 0.49-053 0.55-0.60 0.62-0.73  0.66-0.88

Note: * denotes that this lies outside the 1% or 99% confidence bands, which are shown underneath. Columns 2-7 show different
percentiles (best, 5th, 25th, 50th, 75th, 95th and worst), N denotes the number of forecasters considered and T denotes the number of
outcomes. HICP denotes HICP inflation, RGDP denotes real GDP and UNEM the unemployment rate. 1Y denotes the one-year ahead

horizon and 2Y denotes the two-year ahead horizon. Q1 denotes the Q1 over Q1 comparisons, Q2 the Q2 over Q2, etc.
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Table 10

Correlation between number of forecasts provided and performance rank (1999-2018)

(percentage points)

One-year ahead

Two-years ahead

HICP inflation

Real GDP growth
Unemployment rate
VARX

VARX1Y2Y

-0.11 (-0.03 / 0.02)
-0.04 (-0.35 / -0.30)
-0.22 (-0.09 / -0.42)

-0.17 (-0.19 / -0.25)

-0.23 (-0.02 / -0.32)

-0.23 (-0.14 / 0.04)
-0.09 (0.04/-0.08)
-0.26 (0.08 /-0.48)

-0.21 (0.02 /-0.26)

Note: VARX denotes the aggregated score across the three variables (HICP inflation, real GDP growth and the unemployment rate).
VARX1Y2Y denotes the aggregated score across the three variables (HICP inflation, real GDP growth and the unemployment rate)
and the two horizons (one-year and two-years ahead).

Table 11
Rank of SPF aggregate forecast / out of N+1 forecasters

Whole sample Pre-crisis Post-crisis

(1999-2018) (1999-2008) (2009-2018)
HICP1Y 7178 8/60 7147
RGDP1Y 5/74 5/58 5/45
UNEM1Y 6/70 3/54 8/40
VARX1Y 1/70 3/54 1/39
HICP2Y 4/71 13/ 49* 7135
RGDP2Y 5/69 9/49 1/37
UNEM2Y 5/64 4147 7135
VARX2Y 1/64 4147 1/34
VARX1Y2Y 1/64 1/47 1/33

Note: N denotes the number of forecasters considered. 1Y denotes one-year ahead, 2Y denotes two-years ahead, HICP denotes
HICP inflation, RGDP denotes real GDP and UNEM the unemployment rate. VARX denotes the aggregated score across the three
variables (HICP inflation, real GDP growth and the unemployment rate). VARX1Y2Y denotes the aggregated score across the three
variables (HICP inflation, real GDP growth and the unemployment rate) and the two horizons (one-year and two-years ahead). Pre-
and post-crisis samples refer to 1999Q1 to 2008Q4 and 2009Q1 to 2018Q4 respectively. * For HICP inflation two-years ahead
(HICP2Y) in the pre-crisis period, the percentile rank of the aggregate SPF forecast was 27 (marginally outside the upper quartile).

Table 12
Rank of SPF forecast aggregations by sector and location / out of N+5 forecasters (1999-2018)

HICP1Y ‘ HICP2Y | RGDP1Y ‘ RGDP2Y ‘ UNEM1Y | UNEM2Y
Aggregate 9 5 7 5 8 7
Financial 11 7 5 6 4 4
Non-financial 5 9 10 8 11 13
Euro Area 8 4 6 7 7 6
Non-Euro Area 16 28 14 12 20 28

Note: N denotes the number of forecasters considered. 1Y denotes one-year ahead, 2Y denotes two-years ahead, HICP denotes
HICP inflation, RGDP denotes real GDP and UNEM the unemployment rate.
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8 Charts

Chart 1
By variable and horizon: upper panels - median and individual forecast errors; lower panels — inverse of mean
absolute and squared error (1999-2018)

(percent, percentage points)

HICP1Y HICP2Y

Median and individual errors Median and individual errors

RGDP1Y RGDP2Y
Median and individual errors Median and individual errors
L T T T T T T T ™ T T T T T T T
s I ]
i Al e it b
. At it <
inverse of mean absolute/squared error (i.e. normalising factors) inverse of mean absolute/squared error (i.e. normalising factors)
o
w0
0
0
| AN N A e
o 1 L L 0 — L L
UNEM1Y UNEM2Y
Median and individual errors Median and individual errors
. s

o 10 20 20 40 50 60 70 80

Note: 1Y denotes one-year ahead, 2Y denotes two-years ahead, HICP denotes HICP inflation, RGDP denotes real GDP and UNEM

the unemployment rate. Horizontal axis denotes SPF rounds (from 1 — Q1 1999 to Q4 2018)
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Chart 2

Graphical results of actual and bootstrapped distributions for HICP1Y - unadjusted (1999-2018)

(percent, percentage points)
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Note: The left-hand panel shows the cumulative distribution of forecasters’ actual forecast performance statistics as well as the 1% and
99% confidence bands (derived from bootstrapping) surrounding these. The right-hand panel shows the corresponding density
distribution. Unadjusted means not adjusted for autocorrelation — see below.

Chart 3

Graphical results of actual and bootstrapped distributions for HICP1Y — unadjusted — pre- and post-crisis samples
(1999-2008 and 2009-2018 Ihs and rhs panels respectively)
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Note: The chart shows the cumulative distribution of forecasters’ actual forecast performance statistics as well as the 1% and 99%
confidence bands (derived from bootstrapping) surrounding these. Unadjusted means not adjusted for autocorrelation — see below.
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Chart 4
Correlation between individual forecast ranks in pre- and post-crisis samples

(percent, percentage points)
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Note: 1Y denotes one-year ahead, 2Y denotes two-years ahead, HICP denotes HICP inflation, RGDP denotes real GDP and UNEM
the unemployment rate. VARX denotes the aggregated score across the three variables (HICP inflation, real GDP growth and the
unemployment rate). VARX1Y2Y denotes the aggregated score across the three variables (HICP inflation, real GDP growth and the
unemployment rate) and the two horizons (one-year and two-years ahead). Pre- and post-crisis samples refer to 1999Q1 to 2008Q4
and 2009Q1 to 2018Q4 respectively.
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Chart 5

Graphical results of actual and bootstrapped distributions correcting for autocorrelation — results for HICP1YQ1,
RGDP1YQ1 and UNEM1YQ1 (1999-2018)

(percent, percentage points)

Note: The chart shows the cumulative distribution of forecasters’ actual forecast performance statistics as well as the 1% and 99%
confidence bands (derived from bootstrapping) surrounding these. HICP denotes HICP inflation, RGDP denotes real GDP and UNEM
the unemployment rate. 1Y denotes the one-year ahead horizon. Q1 denotes the Q1 over Q1 comparisons.
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