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Abstract: We estimate a Bayesian learning model witbrbgeneity aimed at explaining
the evolution of expert disagreement in forecasting &2 growth and inflation over
24 monthly horizons for G7 countries during 1990-2007. Profedsfonecasters are
found to begin and have relatively more success in @iediinflation than real GDP at
significantly longer horizons; forecasts for real GBdhtain little information beyond 6
quarters, but forecasts for inflation have predictive valexond 24 months and even 36
months for some countries. Forecast disagreemeetsdresm two primary sources in our
model: differences in the initial prior beliefs of exgge and differences in the
interpretation of new public information. Estimated moaiameters, together with two
separate case studies on (i) the dynamics of fordaegireement in the aftermath of the
9/11 terrorist attack in the U.S. and (ii) the successfilation targeting experience in
Italy after 1997, firmly establish the importance of thdsvo pathways to expert
disagreement.
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1. Introduction

Various survey data on expectations from many countries last few decades
have produced mounting evidence on substantial inter-pérbeterogeneity in how
people perceive the current and form inferences abouutheefeconomic conditiors.
Lucas (1973) attributed the observed disagreement to indigichealing exposed to
different information sets, whereas in Carroll (2003 adankiw et al. (2003)
disagreement arises because agents update new inforroatiproccasionally. While
analyzing the diverse behavior of professional forecastéandel and Pearson (1995)
and Kandel and Zilberfarb (1999) have produced some startlidgree that agents not
only have differential information sets, but may alstderpret the same public
information differentially. Heterogeneity in processingprmation and lack of common
beliefs is a central theme that has emerged in maag afeeconomics; see Acemoglu et
al. (2006).

Based on monthly fixed-target forecast data for real GDéhiri and Sheng
(2008) estimated a Bayesian learning model with agent-spéeiferogeneity aimed at
explaining the role of initial priors in forecast disagment and its evolution over
horizons. By studying the term structure of forecasigtisement, one learns a great deal
about the importance of initial prior beliefs, the tagiof information arrival and the
efficiency in the use of public information. We found expdp start off with widely
divergent initial prior beliefs at very long horizo$eir initial beliefs propagate forward
onto the whole series of forecasts, generating sgamfiamount of inertia in expectations

formation. The diversity in initial beliefs explathenearly 100% to 30% of forecast

! See Jonung (1981), Zarnowitz and Lambros (1987), Maddala (199lgle80(2004), Patton and
Timmermann (2007), and Capistran and Timmermann (2008), amangatteers.
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disagreement as the horizon decreases from 24 monihswomth. This “anchoring” like
effect, much emphasized in the psychological liteegtig a result of optimal Bayesian
information processing in the presence of initial primse Tversky and Kahneman
(1974) and Zellner (2002).

In this paper we extend our analysis to both real GDPrdladion forecasts using
more recent data, and highlight certain important diffees in the way professional
forecasters treat these two variables in producing 1petiod forecasts. We use forecasts
for seven industrialized countries during 1990-2007. Compared k& @R, we found
the professional forecasters to (i) disagree lesautabiee future inflation, (i) start
reducing their inflation forecast disagreement at sicgmitly longer horizons, (iii) start
making meaningful forecast revisions about inflation meatiier, and (iv) tend to make
smaller forecast errors in inflation at all observedizons? Also, (v) forecasts for real
GDP beyond 6 quarters contain very little informatiommpared to conventional
benchmarks; however, forecasts for inflation have ptedic/alue beyond 24 months
and even 36 months for some countries. These findings #tatywcompared to GDP,
professional forecasters begin to put more effortssarmdeed in predicting inflation at
significantly longer horizons. At least a part of thelanation has to lie in the data
generating processes of the two target variables, anddhéhat real GDP is inherently
more difficult to forecast than inflatichBut the relative success in inflation forecasting

in recent years and the diminished disagreement carbalattributed to better anchoring

2 Note that these results are true for countries witth without inflation targeting, and also in earlier
periods. Zarnowitz and Braun (1993) reported significamtigler forecast errors for inflation compared
to real GDP during the 1978-1990 period too.

% |t can also be determined partly by the demand sideedtfecasting market, i.e., the society’s need for
earlier and more credible inflation forecasts.



of long-run forecasts due to the central bank policyn@étion targeting that has been
officially adopted by some of the countries in our sampleing the Bayesian learning
model, our study aims to identify the relative importan€ alternative pathways through
which the policy authorities have achieved such objectineledd, we find evidence that
suggests that due to better communication strategiesrdnasch@ed credibility of central
banks in forecast targeting in recent years (i) therdity in the initial prior beliefs has
lessened, (ii) agents attach higher weights to publiagnmdtion and less to initial prior
beliefs while updating forecasts, and (iii) they incorponaw public information more
efficiently in forecasting inflation.

The paper is organized as follows. Section 2 presents stytized facts based on
the cross-country forecast data. Section 3 estimae®Bayesian learning model and
presents empirical evidence on alternative pathways tecdst disagreement. This
section also presents two case studies on (i) the dgeavhiforecast disagreement after
the 9/11 terrorist attack in the U.S. as a natural expetjraad (ii) the inflation targeting
experience in ltaly after 1997. Section 4 investigates fsteetiiciency in utilizing
public information for both real GDP and inflation. Senti5 explores the forecast
content functions to explain why forecasters find re2PG@nore difficult to forecast than
inflation. Section 6 concludes.

2. Some stylized facts

This section starts with a brief introduction of theadased in our analysis. We

then highlight a few stylized facts concerning the evotutof consensus forecasts,

forecast disagreement and forecast revisions in real &Pinflation. We find some



important differences in the way professional foremastreat these two macroeconomic
variables.
2.1 Data

The data for this study are taken fror@ohsensus Forecasts: A Digest of
International Economic Forecastgpublished by Consensus Economics Inc. We study a
panel of forecasts of annual real GDP growth and ioffatinflation is measured by the
annual percentage change in consumer price index for alb@ries except the United
Kingdom? The survey respondents start forecasting in Januanegdfrevious year, and
their last forecast is reported at the beginning ofdbdxer of the target year. So for each
country and target year, we have 24 forecasts of varyingdms: Our data start with the
January 1990 forecasts and end with the December 2007 forepeisig predictions for
17 target years 1991 - 2007 and for seven major industrializedtrees — Canada,
France, Germany, Italy, Japan, the United Kingdom and ttied)States.The number
of institutions ranges from 20 to 40. The forecastingituntgins are typically banks,
securities firms, econometric modelers, industrial caagpons and independent
forecasters. Since most of the institutions are &xtat the country they are forecasting
upon, country-specific expertise is guaranteed. Altogetleehawve more than 115,000
forecasts for GDP and inflation. In the following arsady we use an early announcement
as the actual value, which is published in the May isaafe€onsensus Forecasts

immediately following the target year.

* As a measure of UK price inflation, forecasters wasked about the annual percentage change in the
retail price index. However, in line with the focus ofnRaof England, from April 1997 onwards, forecasts
are required instead for the retail price index excludinggage interest costs.

> Note that the target for GDP and inflation in Germahgnges in our data sample due to unification. We
used forecasts for West Germany made for the targes #&91-1995, and for unified Germany for the
target years 1996-2007.
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For the current study, this data set has many advantagesome other more
commonly used surveys. Fir€€pnsensus Forecastse regularly sold in a wide variety
of markets. Also, the names of the respondents are pablisext to their forecasts.
Hence one would expect these professional forecasttisgdy a certain level of accuracy
in contrast to laymen expectations, as poor forecastsgiath@ir reputation. Second,
since the importance of private information in forecgstGDP and inflation is expected
to be very small compared to such variables as corponatim@s, company stock prices,
etc., we can identify the news to GDP and inflatiomastly public information. Finally,
forecasts for fairly long horizons, currently from 2é- 1-month ahead, are available.
This fixed-event scheme enables us to study the role oblgeteeity in initial priors and
their revisions on expert disagreement for a sequencefof@ghsts for 17 target years.
2.2 Evolution of consensus forecasts

Figure la presents the consensus (i.e. mean) forecabttha realized actual
values of real GDP between 2003 and 2D@Iots start when the forecast horizon is 24,
which is reported in January of the previous year, and end thieeforecast horizon is O,
which gives the actual realization. Similar graphs foraiidh for the extended period
1991 — 2007 are presented in Figure 1b.

First, note that for the first few rounds of foreaast(for horizons 24 to 18
months), for majority of the years and countries,dbrsensus forecasts do not seem to
change very much. This empirical observation leadsoudbedlieve that over these
horizons, forecasters do not receive much dependable tfiomto revise their forecasts

systematically. Second, the initial 24-month aheadctsts for all countries seem to be

® Similar graphs for the evolution of real GDP conserfsrecasts for the earlier years, i.e., 1991-2002 can
be found in Isiklar and Lahiri (2007).



starting from a relatively narrow band and then as inédion is accumulated they tend
to diverge from these initial starting points and moweatals their final destinations. One
may conjecture that these initial long-term forecastsnathing but unconditional means
of the respective processes. Note also that the linitilation forecasts seem to be
bunched together more than the initial GDP forecastd, have become less variable
during 1991-2007 — more for some countries than others.

All in all, a close look at these graphs reveals aentegularities on how the
fixed-target consensus forecasts evolve over time.vahability of mean forecasts over
the target years is very small at the longer horizand,increases rapidly as the forecast
horizon gets shorter. We now proceed to examine maerausly the underlying
dynamics in forecaster disagreement around these gussérecasts and timing of the
arrival of important information when forecasters kraway from their initial estimates.
2.3 Evolution of forecast disagreement

Following the literature, we measure forecast disagreeras the variance of
forecasts across professional forecasteFar each country, we calculate forecast
disagreement separately for each target year and horamed find them to vary
dramatically over time and across horizons. The resaolfdy that occasionally the
economies go through substantial changes that aredifficult to forecast by virtually
any of the techniques currently used to forecast econcamiables. We merely observe
that heterogeneity of expectations is the norm imtheket place.

In order to study the general pattern of forecast disageat over horizons, we

plot the average disagreement over 17 target yearslabéshe 24 forecast horizons for

" In our study sample where only more frequent respondesis included, the inter-quartile range and
variance of individual forecasts were found to be w&#myjilar, cf. D6pke and Fritsche (2006).
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GDP and inflation forecasts in Figure 2. Like before, pktart when the horizon is 24
months and end when the horizon is 1 month. Although tlgnitude of the
disagreement varies a lot across countries (Frantdy land Germany have
comparatively low disagreements), the extent of desment among professional
forecasters is less on the average in predicting imfizthan GDP. For GDP forecasts,
the disagreement at the 24-month horizon is very high &yd salmost unchanged or
declines only slightly till about the 16-month horizon; rdedter it starts to decrease
sharply at 15-month horizon and keeps declining as thedmogets shorter. For inflation
forecasts the disagreement is also high at the beginbirigynlike real GDP, declines
monotonically as the horizon gets shorter from 24 neotdH month.
2.4. Panel data analysis of forecast revisions

With fixed-target forecasts, an analysis of forecastsi@ns reveals important

information about when major public information arrivesl diow much experts interpret

them differently. LetFin be the forecast of the target variable made by agdat the
target yeart, and h months ahead of the end of the target year. Forecasiore is

defined as the difference between two successive faseftashe same individualand

the same target yedr i.e. Rn = Fin ~Fin«i. The decomposition of the total sum of
squares in our panel data on forecast revisions into batvaand within-agent variations

can reveal important characteristics of forecagststhis context, we introduce three

measures, within-agent variatioSy'), between-agent variatio: S ) and total variation

8 Note that for UK, if we ignore the initial two yesand 1994-96 during which the definition of the price
variable was changed, the disagreement at h=24 willumh emaller than that for real GDP.
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(Sﬁ) in forecast revisions at each horizon, adjustedtlf@ number of forecasters,

respectively,

S = Zh:Zh:(Rth - Rh)zlz_h‘,-rih (D
S = ;mm -R,) /grh )
S, = ;;(Rth - Rh) /;Tih 3)

Tin — Np
where Ry, =Y Ry /T, is the mean forecast revisions over time Ry =Y. R,/N; the
t=1 i=1

overall mean revisions over time and across ag8imse not all forecasters responded at
all times, we have to deal with the unbalanced payp¢aking summation over different

time and horizons. Forecasters who responded Iess 10% of the times are deleted
from our forecast revision analysis such that @sults are not dominated by very few

extreme observations. By construction, the totabtian in forecast revisions is the sum

of within-agent and between-agent variation, the S =S + Si-
Tables 1a and 1b show the ratio of between-agemtiea to total variation in

GDP and inflation forecast revisions, respectivélgpending on the horizon and country
we consider, between-agent variation explains 4%3466 of the total variation in
forecast revisions. Over all horizons, between-aganation accounts for 10%-15% of
the total variation in GDP and 12%-17% in inflatimrecasts on the average. We take
this as the first evidence that professional fose®rd on some occasions interpret the
same public signal quite differently. The betweegesd variation, however, is relatively

small, since total variation in forecast revisismmainly driven by within-agent variation.



This is not unexpected because our forecasters are gioofesexperts, and the targets
are widely discussed macroeconomic entities.

Because of its relative size, we should also be ested in the evolution of
within-agent variation over horizons, which shows howefessional forecasters revise
their forecasts intra-personally after observing new pudifinals each month. Figures 3a
and 3b plot the total variation and its componentsiP@nd inflation forecast revisions,
respectively. Whenever we see a big jump in within-agenatiani at a certain horizon,
it means professional forecasters make major rewsab that specific horizon.

For GDP forecasts, the first big spike is observedoaizbn 15 months for all
sampled countries, which simply suggests that professforedasters observe the first
relevant public signal and revise their forecasts atliginning of October of the
previous year. Depending on the timing of their base-yedP @ihouncements, within-
agent variation gets a boost again at horizons 11 to $hsyomhich, as expected, affects
the forecasts for year-over-year growth rate. Agedast horizon declines, within-agent
variation gets a boost whenever the first releasé@P growth for the previous quarter
becomes availabfe.

As for inflation forecasts, we also observe a big espik within-agent variation

around horizon 15 months for all sampled countries. Iteimarkable that for both

° For the US, within-agent variation jumps at horizonsi® % months as a result of the advance release of
first quarter GDP growth at the end of April and second tquaBDP growth at the end of July,
respectively. For Canada, France and Germany, withintageiation jumps at horizons 7 and 4 months
with the release of first quarter GDP growth at the @nday and second quarter GDP growth at the end
of August, respectively. For Italy and Japan, within-agangtion peaks at horizons 6 and 3 months, since
their first and second quarter GDP growth figures areasel® at the end of June and September,
respectively. For the UK, within-agent variation peakh@izon 6 months since the complete estimate of
first quarter GDP is not available until the endwfid, which is 3 months after the end of first quarter.
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inflation and real GDP, a substantial forecast rewisiakes place at this horiz&h.

However, for inflation, professional forecasters tstaaking major forecast revisions
much earlier, which are discernible at horizon 22 mofth£anada, Germany and UK
and 18 months for other G7 countries except Italy, whichitedsghest peak at the 15-
month horizon. Recent research by Banerjee and Mamcé2006), Gurkaynak et al.
(2007) and others have documented that monthly indicatohsasucapacity utilization,

consumer confidence, industrial production, new home salgisl job claims, leading

indicators, purchasing managers’ index, nonfarm payroll,l retdes, unemployment,
business tendency surveys, and numerous others are heguiidized by market

forecasters to gauge future expectations.

As the horizon gets shorter, within-agent variatiors g&osts whenever some
relevant information becomes available concerning ioflator the target year, including
guarterly IPD announcements, various monthly variablesesadirlg indicators. But it is
interesting to note that even for inflation forecastdo not seem to revise forecasts
uniformly on a monthly basis. This gives some credentkettiypothesis put forward by
Mankiw et al. (2003) that forecasts are not updated omi@ncous basis.

Nevertheless, our evidence suggests that professionaaftees get more active
and succeed in forecasting inflation than real GDP grdwetinning at much longer
horizons. This is also corroborated in Figure 4 wherehaxe plotted the root mean
squared forecast errors (RMSE) for real GDP and ioflabased on ou€onsensus
Forecastsindividual data set during 1991-2007. We find that RMSE for reaP GD

horizons 24-18 months stays relatively flat, but foraitibn it slowly but steadily

12 One might have thought that the most important ravigiould take place at around h=11 when the last
year's actual value is known, cf. Patton and Timmermaaa¥).
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declines from the beginning (i.e. h=24).To understand this interesting phenomenon,
one has to explore the underlying data generating proceskefdarget variables, and
also keep in mind that forecasters find many other inolisaiseful for macro prediction
in real life. This possibility is formally explored gection 5.

3. Why do forecasters disagree?

This section begins with a simple Bayesian infornmatipdating model to explain
the stylized facts we have established so far. We tétgmade the deep model parameters
using panel data. At the end of section, we identifyctih@ribution of each component in
explaining forecast disagreement.

3.1 The Bayesian updating model

In section 2 we have seen that in predicting real Gidéfessional forecasters do
not seem to adjust their initial forecasts much andasusheir original disagreement
during the initial rounds of forecastigWe also noted that at long horizons, consensus
(mean) forecasts vary very little over time implyimgt the idiosyncratic components in
each year’s forecasts cancel out while averaging fovecasters. Our Bayesian model
explicitly recognizes these twin facts and hypothesizatsgrofessional forecasters begin
forecasting with specific prior beliefs at the 24-mohtrizon. Even though 24-month
ahead forecasts are strictly medium-run forecakesetis some evidence that suggests
that these forecasts are in fact very close togoeing-run forecasts. In Figures 5a and 5b

we have pitted 10-year forecasts of real GDP and ioflatespectively for US obtained

" These findings are consistent with a larger forecgdiierature that has reported larger errors associated
with GDP forecasts compared to inflation, see, fomea, Zarnowitz and Braun (1993), Oller and Barot
(2000), Blix et al. (2001), Stock and Watson (2003) and BanendeMarcellino (2006) over various
sample periods and countries.

2 1n case of inflation, meaningful updating seems to beginogzons slightly longer than 24 months.
More evidence on this will issue come up later.
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from the Survey of Professional Forecasters (SPPhdédelphia Federal Reserve Bank
against 24-month ahead forecasts from Gansensus Forecastatabase during 1992-
2006. The corresponding disagreements are also reporaen though, as expected,
the variations in 10-year long-run expectations are sligiilyed, the two series are
remarkably similar in terms of mean values of forecasd the disagreement measufes.
Accordingly, following Lahiri and Sheng (2008), we make fihiowing specific
assumption about forecasters’ initial or long-run prelidfs.
Assumption 1:

The initial prior belief of the target variable foretlyeart, held by the forecaster
at the 24-month horizon is represented by the normaltgemith the mear Fi24 and the

precision (i.e. the reciprocal of the varian & for | =L...N, t=1...T.15

In thinking about why professional forecasters gliea regarding their long-run
forecasts, note that a wealth of historical infatioraon GDP and inflation are publicly
available to all forecasters to estimate the lamg-nnconditional values of the series.
Thus, it is not the availability of relevant datat bhe models, methods and philosophies
used to interpret them that are different from torecaster to another. This is consistent
with the findings in DOpke and Fritsche (2006) tfaecasters do not share a common
belief about what is an adequate model of the eognd-or instance, some are neo-

Keynesians and some may be monetarists. To arcetgent, persistent diversity is also

13 To match the timing of forecasts we compare the Feprfioaecasts ofConsensus Forecastth first
quarter forecasts from SPF (that are reported in the enafdhe quarter).

14 Given that the two surveys are conducted independentlyfienedit groups of forecasters, this result is
quite remarkable. A similar conclusion regarding the Jong and 24-month ahead expectations (and
disagreement) in the euro area can be drawn based oiBSEEBee Bowles et al. (2007).

15 The precisions of initial prior beliefs are allowmedbe different across forecasters. This assumption is
confirmed by the recent studies using density forecdmsts document the heterogeneity in forecast
uncertainty, see, for example, Lahiri and Liu (2006), Bsvwt al. (2007), and Boero et al. (2008).
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generated depending on the specific past sample that orse teiseompute the

unconditional means. Due to the length of the foremggtorizon, experts face very high
uncertainty in interpreting available information based d@atever model or judgment
they are using, and hence disagree a lot about GDP artibmila the long- or medium-

run.

An important implication of this assumption is that thend typically be an
“agreement to disagree” between professional foresasherother words, given their
divergent initial beliefs, forecasters will agree thafter seeing the same public signals
year after year, they will continue to disagree ieirthoutlooks. This evidence is
consistent with the theoretical prediction in Acemodiwake (2006) who showed that,
starting with heterogeneous prior beliefs, agents mayowerge to a consensus even
after observing the same infinite sequence of signa¢nwimere is a lot of uncertainty in
the public information. This is interesting because tbenmoon prior assumption,
typically made in the old learning literature, leadshe well-known no “agreement to
disagree” result (cf. Aumann, 1987).

With the arrival of new public information, experts preggively learn over
horizons to modify their initial beliefs. Consistemith our broad empirical findings on
the fixed-target forecasts, we make the following assiomptoncerning information
arrival.

Assumption 2:

At horizonh months, forecasters receive public sigln! concerning the target

variable but may not interpret it identically. In pautar, individuali’s estimate of the

14



target variable Yin , conditional only on the new public signal that is obserat forecast
horizonh months, can be written as
Yith = L[h i, Ein T N(luith’ch) . (4)
Assumption 2 allows for the possibility that agents ica@rpret the same public
signal differently, which is captured t4n with associated uncertainbn. At each

month, all agents observe a new public signal but disagnes effect on GDP and

inflation for the target year. One expert can interphet signal more optimistically or

pessimistically than another. The precision of publiorimation By allows individual
forecasters some latitude in interpreting public signats] is a key parameter in
generating expert disagreement. Assumption 2 is in lind thie empirical evidence
presented above about significant between-agent varietitorecast revisions, and also
with a large finance literature that equally informed &gecan interpret the same
information differently (cf. Varian, 1989; Harris afhviv, 1993; Kandel and Pearson,
1995; Dominitz and Manski, 2005).

The Bayes rule implies that under the normality agxion, the posterior mean is

the weighted average of the prior mean and the liketiho
Fin = A Fines @ A ) (L = Hin) (5)
where An = 8.1 /(8naa tBw) is the weight attached to prior beliefs. For converdenc

the following population parameters are defined across gwiofeal forecasters for target

. 2 .

yeart at horizonh months: Fin and P¢in are the mean and variance of forecasts of the
. 2 . : .

target variable An and O,m are the mean and variance of the population distribufion o

. . 2 .
the weights attached to prior beliefs; ¢/ and 94n are the mean and variance of the
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population distribution of interpretation of public informeat. Under the simplifying

assumption the Fin1, An and K are mutually independent of each other for tagd
h, one can derive the following relationship between disagest in two consecutive

rounds of fixed-target forecasting:

Ulg\th = é\th+1(a-az\th +/]t2h) + Uz\th[a}z\m + (1_/]th)2] + Uaz\th[AFth /(1_/]th)]2, (6)

In (6) the dynamics of forecast disagreement owgizbns is seen to be governed by

three deep parameters of the model representingséwrecaster differences in (i) prior
. 2 . . 2 . .
beliefs, 9em+1; (i) the weights attached to priorZ.n and (iii) the interpretation of
. 2 .
public signals,Z.n. It encompasses a number of special cases. Ircase where all

agents attach the same weight to their prior lseljeé. Uaz\m =0 for anyt andh), (6)
becomes
Ulg\th = Atzha-lg\th+l + (l_ /]th)za-;zz\th . (7)

Our model suggests the following scenario of exg#mt formation by
professional forecasters. At the beginning of fasting rounds, agents hold divergent
initial prior beliefs about the target variablethme long or medium run. Starting from
horizonh months, agents observe the same public signahterpret it differently from

one another. Each agent then forms a new postdistsibution by combining his prior

and perception of the new public information usthg Bayes rule. At horizoh-1

months, each agent combines his updated priorfpeliéch is the posterior formed at
horizonh months, and his perception of new information,clihis observed during the
current month, to derive the new posterior. Thecpess continues until the end of

forecasting exercise for that target year. Thideeypd prior to posterior is actually a very

16



solid way of characterizing the forecasting proces®casters take what knowledge they
have in hand and update it with the arrival of new infatiom (cf. EI-Gamal and Grether,
1995).

3.2 Decomposition of forecast disagreement

Let us first focus on estimating one of our structurabpeeters - the relative
weight attached to prior belie)'h). Equation (5) shows that

I:ith = Aith I:ith+l + gith y (8)
where &n = 0= A4) (L, = 4) is the error term. In estimating the above equatieweral
econometric issues arise. First, note that (8) i egtimable, since the number of
parameters to be estimated exceeds the number of diizesv&Ve assume

Aith = Aih = Ah +Vih ’ (9)
where Vin has mean zero, mutually independent of each other, aegpandent over

forecast horizons. We regress the forecast revit2Fin ] on the lagged forecas Fin+1)
to circumvent the possible problem of spurious regres$iouns, the estimable version of

(8) becomes
AFy, = B, Fina + U, (120)
where 5 =4 1 and Un = &n *VinFnea. Second, as expecteUn might be cross-

sectionally correlated due to common aggregate shocKkswhitg the line of reasoning

in Pesaran (2006), the common effects in the residuala@veoximated by adding

additional variables lEth+l, AF,, and AFy. with the assumption theUwn is serially
correlated of order one in this augmented specificatibirdT it may seem desirable to

estimate the panel data model in (10) with all threeedsions by imposing some smooth
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functional form for5. over horizons as in Gregory and Yetman (2004). See asgoy
et al. (2001). However, as shown later, the estimAtgdries unevenly over horizons,
depending on the lumpiness and timing of public informationalr Thus, we estimated
(10) separately for each horizon, augmented by a fewiawlalitregressors to filter out
the effects of the cross-section correlation anghseorrelation in the residuals:

AFy, = B.Fina + G + in (11)
where Zy = (4 Fpp, F,, AF 1, AF, 1) and EGullen) = Ty, for 1 =it =t h=h" ang
0 otherwise.

Tables 2a and 2b present the estimated weightshatteo public information for
GDP and inflation forecasts respectively. In pradg both real GDP and inflation,
forecasters give a lower weight to public inforroatiat longer horizons because of its
low perceived quality, and a higher weight at stantizons as it becomes more precise.
At longer horizons, initial priors are relativelyomne important. Another important
observation is that, on average over all horizpnsfessional forecasters attach a higher
weight to public information in predicting inflanothan GDP. Recall that from (5), the

relative weight attached to public information isfuaction of the precisions of new

B~ Bin/8una
a1'th +1 + ch 1+ ch /aith +1

information and prior beliefs, that il= A = . It immediately

follows that the ratio of the precision of new infwation to the precision of prior belief,

B /8.1 is higher, and thus public information is perceiii® be more precise and
certain in predicting inflation than GDP. This find could possibly be explained by the
fact that initial GDP announcements are more hgakevised than price indexes,

observed only quarterly and involve substantial sueament errors. For instance, the
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retail price index for the United Kingdom is never revisdéraits initial release. Also,
more frequent communication of the latest inflationdgvelopments to the general
public and the commitment to long-run price stability bytca banks may help to make
adjustments to inflationary expectations dependent mo@irrent news.

Recall that forecast disagreement is posited to hawee tkiomponents, see
equation (6). Lahiri and Sheng (2008) find that the second campaire. differences in
the weights attached by experts to their prior beligidharely have any effect on GDP
forecast disagreement, since professional forecaglaes very similar weights on their
prior beliefs!® We thus maintain a more parsimonious model (7) in whichctst

disagreement arises from two possible sources: diffesem their initial prior beliefs,

and differences in their interpretation of public infotima. Substituting;lh into (7), we

get estimates for the heterogeneity parameter imtleepretation of public signaaz\h,
as the sample average. Note that the differencegarpneting pubic information affect
forecast disagreement only through its interaction Wl weight attached to public
information.

With the estimates of parameters in hand, we can kchew well the
disagreement predicted by our model matches the disagreetsved in the survey
data. Substituting the parameter estimates, odnd Uj‘h into

23 23 [ j1

Ol = |‘| KO0t L= A) 200 + Z( [ AiJ(l—At,- a2, (12)

we get the dynamically generated forecast disagreerheaich horizon that is predicted

by our model.

'8 This component, however, might account for a largeqfdrte disagreement in laymen'’s expectations.
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We find that, depending on the country, our estimated mogkdias from about
20% to 56% of the total variation in observed GDP foredassigreement over all target
years and horizons. The corresponding figures for inflaforecasts are much higher,
ranging from 40% to 74%. It is interesting to note that using a dynamic structiima
series model with measurement errors and assuming foreffesency, Patton and
Timmermann (2007) could mimic the dispersion in the termncgire of US real GDP
forecasts successfully, but not of inflation at thershmwrizons. We faced a similar
problem only for Italy’s inflation forecast dispersi@t very short horizons. Note,
however, that the dispersion values for Italy areesmély low at short horizons, and
hence they need very little explaining. Considering #wt that forecast disagreement
varies a lot from year to year for any specific homzlue to various exogenous factors
(e.qg., recessions, 9/11, Katrina, etc., in the US) amdtleoretical model is meant to
explain only the term structure of forecasts, it dogead job in explaining the evolution
of the disagreement over target years and horizodsittedly more so for inflation than
GDP forecasts.

The contribution of heterogeneity in updated prior beligfs explaining
disagreement in GDP and inflation forecasts respeygtaed presented in Figure 6. With
only a few exceptions, the diversity in their priorsygla larger role in explaining expert
disagreement in forecasting GDP than inflation. Not the difference in prior beliefs
affects forecast disagreement only through its intemacwith the relative weight

attached to prior beliefs, see equation (7). As expedtedntportance of the initial prior

Y For GDP forecasts, our model explains about 56%, 29%, 50%, Z0%, 54% and 50% of the total
variation in observed forecast disagreement ovetattyet years and horizons in Canada, France, Germany,
Italy, Japan, the UK and the US, respectively. Theesponding figures for inflation forecasts are 59%,
40%, 68%, 52%, 56%, 74% and 72%, respectively.
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belief steadily declines, as forecast horizons gettshoBut even at the end of
forecasting rounds, 1-month ahead, the diversity in theteggaiors still explains about
14% - 47% in GDP and 25% - 38% in inflation forecast disagee¢. This finding
firmly establishes the role of heterogeneity in théahprior beliefs in generating inter-
personal differences in forecasts over the whole stracture. Patton and Timmermann
(2007) have also established the role of initial priothér study of disagreement in US
GDP and inflation forecasts, but found little effectdferential information.

To see the role of initial priors formally, we itergfg backwards to get

23 j-1

23
ECY] Rine ) =[] A Foat (0= A )lin = i)+ D ([JA0A)0 =4, (13)
J=h S=

j=h+1
In (13) the optimal forecast made at horizois a weighted average of three components:
the initial prior beliefs, current public information anlll @ast public information. The
initial prior belief causes expectation stickiness i tways. First, it enters into the
current forecast directly and is propagated forward theowvhole series of forecasts for
the target year, though its importance declines overdmsizThis is consistent with the
findings in Batchelor (2007) that biases due to optimisqessimism in the initial priors

persist throughout the forecasting cycle. Second,aiallall past public information to

affect current forecast in a staggered way. Withoutrotes of prior beliefs (i.e An =0

for all h), current forecast reflects only the latest inforomagbout the target variable. As
aptly noted by Zellner (2002), this “anchoring” like effeotuch emphasized in the
psychological literature, is a result of optimal Bagesinformation processing in the
presence of an initial prior. Thus, stickiness of expexutatin itself does not necessarily
contradict the forecast efficiency hypothesis. InsteadBdwyesian learning model allows

for certain amount of inertia in expectations and thusreféen additional cue to the
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ongoing discussion on the micro foundation of expectastakiness (cf. Mankiw and
Reis, 2006; Morris and Shin, 2006).

The rest of the explained forecast disagreement ignitdy the heterogeneity in
the interpretation of new public information by foreaagtexperts. The difference in
interpreting public information becomes a major sourceooécast disagreement at
shorter horizons. This provides evidence in support of Hyeothesis that equally
informed agents can sometimes interpret the same puofdieriation differently. In sub-
section 3.3, we will present a case study of the 9/1bristrattack on U.S. that will
firmly establish the role of this channel in generatingezkdisagreement. In sub-section
3.4, we present another interesting case study on ahanltinflation targeting regime
where the monetary authority successfully reduced iaflatbrecast disagreement first
by anchoring the long-term expectations within a veryavamange and then limiting the
heterogeneity in the interpretation of incoming news dkierwhole term structure of
forecasts.

3.3. The impact of 9/11 terrorist attack on forecast disagreememisastudy

In this section, we study the evolution of forecasadreement in the aftermath of
September 11, 2001 terrorist attack (9/11) on the United SfEbés unfortunate event
provides a natural experiment to establish the importahdédferential interpretation of
public information in generating forecast disagreemengrgtany confounding role of
either prior beliefs or private information can be rutaat. Patton and Timmermann
(2007) have also looked at the evolution of consensusdst® around 9/11, but with a

different purpose.
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Figure 7 plots the effect of 9/11 on the evolution of GDfecast disagreement.
The horizontal axis shows the month/year when fotecasre made. The upper and
lower panels trace (solid lines) disagreement in eXpfntscasts made for the current
year and the next year respectively at different noftbm January 2001-December
2002. Since disagreemermeteris paribus,s higher for longer horizon forecasts, we
have also plotted the average disagreement (dotted loes) 1991-2000 for each
monthly horizon for the purpose of benchmark comparisonsThe effect of the 9/11
attack on disagreement will be the vertical differelesveen the solid and dotted lines.

Let us first focus on forecast disagreement for thesotityear 2001 (upper panel)
forecasts. Note that for these forecasts, the ben&haiaagreement (dotted line) is
higher in January (both years 2001 and 2002) and slowly dalhe forecast horizon
shortens. Prior to 9/11, expert disagreement was e Hittjher during 2001 compared to
the ten-year historical average possibly due to the rieces$ March-November 2001.
Immediately following 9/11, however, the disagreementnditlincrease during October-
December 2001 forecasts. There are two obvious reasosts.siice we are considering
current-year GDP growth, with three months remainingnew big shock can have only
limited effect on the current-year growth. Second tohal impact of a shock is sure to be
distributed over time, and three months is too shqerad to capture the total impact.
Thus, when the horizon is very short, the impact oluaaexpected shock on forecast
disagreement will be accordingly small. But we find soshevated extra amount of
disagreement during January-May 2002 current-year forecastgared to the historical
values of these months. The disagreement doubled to 0J&hirary 2002, compared to

its historical average. It then took additional 4 monthgHe disagreement to get back to
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its historical level. We may note that during this peritte consensus GDP forecast
increased from 0.9% in January 2002 to 2.8% in May 2002 as theomgy was
recovering from the recession.

The lower panel is more interesting and plots forecastisagreement in
predicting next-year GDP growth rates for 2002 and 2003. Hagiement in next-year
GDP forecasts for 2002 was remarkably close to the hiatoaierage prior to 9/11
despite the recession. It then more than tripled to .@xtober 2001 and, compared to
the historical average, stayed high till January 2002 (whikking 2003 growth
forecast):® But disagreement quickly fell back to the historical leivelanother few
months, suggesting that the impact of a shock on foretisagreement is also small
when the horizon is very long. The revisions to nesdrygrowth forecasts were just the
opposite to that of disagreement during October 2001 to 2089 — growth forecasts
were downgraded as disagreement rose and vice versa. Sulis reuggest that an
unanticipated shock tends to have the maximum impact anlyy&DP forecasts and
dispersions if it comes during middle horizons when tlageel4 to 10 months remaining
to the end of the target year. The extra disagreetakes nearly 4-5 months to dissipate
to its historical levels. Isiklar and Lahiri (2007) andklar et al. (2006) found very
similar results on the response of mean forecastiosd to shocks on the average.

There are two antecedents to the present case studiiviviet al. (2003) studied
the evolution of forecast distribution as part of leagnby households after a regime
change due to the Volker disinflation policy during 1979-82.rlatleer classic paper,

Kandel and Pearson (1995) established the importance ofopeteity in the

18t is interesting to note that we did not find any sigaific impact of 9/11 on the evolution of the
consensus forecast and disagreement on inflation &iseca
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interpretation of public information by looking at anadysforecasts before and after
earnings announcements. However, they could not rule oat pibssibility of
simultaneous arrival of private and public information abdke value of the
announcement. We circumvent this problem by looking at & futianticipated but
universally observed common shock. The only reason whyrtsxgisagreed in this case
is that they used different models and methods, ancneted the effect of this event on
the economy differentially. Our finding has importanplivations for belief formation
and learning. It says that a multitude of competing modeisscaultaneously exist and
be held by agents to interpret new information. Diffée¢ninterpretation of public
information can be a great challenge for establishiegctledibility and effectiveness of
monetary policies - an issue that we examine mordutlreext.
3.4. Italy under inflation targeting: another case study

In 1998, the Governing Council of the ECB interpreted thestigait Treaty as a
mandate to maintain price inflation close to 2% overrtigglium term. In recent years a
number of studies have concluded that due to officialtioflatargeting policies of the
central banks in Europe and Canada, the long-run infla&iqectations have become
more anchored in these countries compared to the UnitedsS Beechey et al. (2007)
have used SPF data from ECB and Philadelphia Fed to $tadwluring 2000-2006, the
disagreement in long-run inflation expectations in theerea has been lower than in
the United StateS. Note that our model implies that the effect of inflatiargeting on

the initial prior beliefs will be transmitted to thepext disagreement over the whole term

19 Based onConsensus Forecastfata set, Figure 8 shows that during 1991-2007 the 24-month ahead

inflation expectations in the U.S. have indeed beenistmsly higher than in Germany. It is also
interesting to note that these long-run inflatiore@@sts in Germany are showing signs of a slow batigte
upward creep since 1997.
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structure of forecasts via the Bayesian updating pro&isse Italy’s performance in

price stability in recent years has been particularlyewotthy, we estimated the

Bayesian learning model parameters before and afterutteessful implementation of

inflation targeting using Italian forecasts. Figures 1b andi€arly show that after 1997,

there has been a sharp and permanent decline in the 2h-atgedd inflation forecasts

and disagreement in Italy. Thus, we split the sampte 1991-1997 and 1998-2007, and
estimated the parameters using the pre- and post-inflatigat regimes.

As expected, Figure 9b clearly shows that forecast disagmet has become
markedly lower at all horizons after 1997. The estimatdbe relative weights attached
to incoming news are given in Figure 9c where we find dhathe average agents attach
more importance to current news compared to priors unflation targeting. Thus, the
enhanced communication strategies of the ECB under onflatargeting and its
credibility have made new information more dependabletaly.l Note that at certain
horizons the updated prior becomes temporarily more immorthis is because, as
Figure 3b shows, forecasters do not update new informatiery month by the same
amount, and during the months of relative inactivity in das revision, the prior
becomes relatively more important. Finally, Figure 9dveh how inflation targeting
affected another deep parameter of our model — the differacross forecasters in the
interpretation of new information. Clearly, disagresmdue to the heterogeneity in this
parameter has been significantly reduced at all horirotse post-1997 period. Thus,
this case study of Italy clearly shows how inflatiargeting not only reduces the
variability of long-run expectations, it also limithe heterogeneity in how experts

interpret new information, resulting in reduced disagre¢nteroughout the term
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structure of forecasts. The existing literature on itatargeting has only considered
the effect of targeting on reduced volatility of longatemean expectations around the
desired valué® As an exception to this statement, Johnson (2002) recogriieed t
possibility of differential interpretation of public imimation as a source of forecast
disagreement.
4. Relative forecast efficiency

As is well known, the Bayes’ theorem implies that undermality assumption,

the posterior mean of the target variable is a wetyhterage of the prior mean and the
likelihood. Correspondingly, forecastés conditional estimate of the target varia Y:2
given Fina and L, is formed as

E(Y|Finatr Lin) = A Fines + Q= A ) (L = L) | (14)
Zellner (1988) has shown that the above Bayesian infawmaipdating rule is 100%

efficient, since no information is lost or added wha&4a)(is employed. Thus the weight

attached to prior belieiAn = &n«/(8natha), is the efficient weight. However, for

various reasons, forecasters may not be able to pertedvrelative precisions of the

incoming information compared to the prior, and fail tplgghe efficient weigh')'im in
making forecasts. For simplicity, the forecast madedpnti for the target yearandh

months ahead of the end of target year is assumetbdiswe the form

Fith = 5ith Fith+1 + (1_ 5ith)(|-[h _luith) , (15)

2 Giirkaynak et al. (2005) and Beechey et al. (2007) have stimiensitivity of inflation compensation
imbedded in inflation swaps and in the yield spread betweenmaturity nominal and inflation-indexed
government bonds to new information. They find that maomemic surprises affect inflation
compensation in the U.S., but not in the inflation tAngecountries. For our purpose, note that these
studies report substantial variability of inflation comgetion, much of which remains unexplained in both
inflation-targeting and non-targeting countries. Thisexpiained variability in the implied long-run
inflation expectations can be justified in terms ofef@sters having prior distributions on the long-run
expectations.
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where Sy is the actual weight forecasteattached to his prior belief. We observe that

forecaster overweights his prior belief (or underweights public infation) if On > A .
Combining (14) and (15), Lahiri and Sheng (2008) derived a neviotefstrecast
efficiency in the Bayesian learning framework. Their falaion of the efficiency test

builds on the relation between forecast error anelctast revision as

E(Y, = Fin|Finsas Lin) = Gin (Fin = i) | (16)
where G = (O = An) /(1= 34) 2 Under the null hypothesis that forecasters use effici
weights (i.e.,% =), €n should be zero. Sincdn lies between 0 and 1, a positive

(negative}enh suggests underweighting (overweighting) public informatior ihtuition
behind the relationship is straightforward. Whereas #&mtecevision can be taken as a
measure of how forecasters interpret the importanqaublfic information in real time,
forecast error is thex postprize” they get as a result of revising their foresaSuppose
that forecasters make large revisions at horiaomonths but the performance of the
forecasts does not improve much at that horizon; themeay conjecture that forecasters
overweight new public information.

Rather than pooling over all horizons, as is the @ate most studies on fixed-
target forecasts, see, for example, Nordhaus (1987), Glenaad Taylor (2001) and
Isiklar et al. (2006), we test forecast efficiency éach horizon. The merit of doing this
is two-fold. Due to possible offsetting news in the futanel the associated uncertainty,
forecasts at longer horizons may be stickier thamsé¢ at shorter horizons. More

importantly, since the flow and quality of informationour case are uneven and lumpy

L Chen and Jiang (2006) derived another form of test focdsteefficiency by combining the equations
(14) and (15). Their test is based on the relationshipdegt an analyst’s forecast error and the deviation of
his forecast from the public information.
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over successive months, forecasters may absorb infiormdifferently at different

horizons. To perform the test, we check& =0 in the regression for any specific
horizonh:

Y, = F =0y + G (Fiy = Fipaa) + & (17)
Following the method in Lahiri and Sheng (2008), we estirttaecoefficients in (17)
using GMM after controlling for both cross-section etation and serial correlation in
the residuals using the appropriate weighting matrix. Bsiim results are shown in
Tables 3a and 3b for GDP and inflation forecasts resgdtiAlthough many estimates
are not close to zero (particularly for real GDP)yvegi the standard errors of the
estimates, the test does not reject the null hypatloddorecast efficiency for more than
half of the horizons and countries. However, evidalse indicates significant forecast
inefficiency for some countries and horizons. We addtessssue below.

For GDP forecasts, we note the following. First, fasters seem to put more than
efficient weight on new public information at very ¢phorizons, as displayed by many
statistically significant and negative coefficient msties. Since we have found that
public signals concerning next-year GDP growth are noy udormative during the
initial eight monthly rounds of forecasting, experts &@and to make unnecessary
revisions during this period. Second, we find that forecasters underweight public
information in the middle horizons. As the horizonsgshorter, the base-year GDP
growth numbers become available with increasing certaiftyithermore, as we

approach the end of the target year, current-year GD&uanaments and data revisions

22 While analyzing British fixed-target forecasts withrizons pooled up to 12 quarters, Clements (1995,
1997) also found negative autocorrelations in forecassioms and interpreted them as evidence of
absence of significant news over the period.
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become part of target-year GDP growth. As a resufectsters should put a higher
weight on the newly arrived public information. The degof underweighting of public

information, however, is largest for Canada, France@a&rmany. This finding, based on
individual forecasts, complements the recent empiewadence presented by Isiklar et
al. (2006).

As for inflation forecasts, the picture is better ahdves much less inefficiency
both quantitatively and by the number of statisticallgngicant parameters. For
example, in the U.S., forecasts are inefficient atly of the horizons for inflation, but at
13 horizons for GDP forecasts. The numbers are veryasifor other six countries. If at
all, forecasters seem to put more than efficienghteon new public information at very
short horizons. In the middle horizons, evidence ixeohi Whereas forecasters
underweight public information for Canada and Italy, thegraveight for Japan and the
UK in predicting inflation.

Our analysis shows that, given the Bayesian learning madete is more
pervasive stickiness in the recorded real GDP forechatsih inflation forecasts. What
are the potential sources of this forecast inefficieripee the forecasters in the survey
are not anonymous, the possibility exists that at lpast of the inefficiency can be
explained by strategic behavior along the lines of EhrlaeckWaldmann (1996), Laster
et al. (1999), Lamont (2002) and Ottaviani and Sorensen (2006). @&dgtain degree of
inefficiency can be rationalized if forecasters’ lofsictions are asymmetric and
heterogeneous, cf. Capistran and Timmermann (2006) and aadit.iu (2007).

5. Why isreal GDP harder to predict?
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We have found that historically real GDP has been a mare difficult variable
to predict than inflatio® More specifically (i) GDP forecasts lose usefulnessem
quickly as horizon gets longer, and (ii) for the sanmgizon it is predicted less
accurately. The forecast disagreement is higher for @GP at all horizons and the
convergence towards forecast consensus begins much tarldtation. Moreover, real
GDP growth forecasts were found to be relatively Efsient than inflation forecasts
across seven industrialized countries and 24 forecastoheriZTo understand the
difference in the forecasting records of these twormaariables, one should explore the
data generating processes of GDP and inflation for pessiglanation. This is the focus
of this section.

Following Galbraith (2003) and Galbraith and Tkacz (2007) weutzked the
forecast content and content horizons for quarterly @Bé monthly inflation rates for
all seven countries in our sample over 1990-2007. The fdrecatent is defined as the
proportionate gain in MSE from the best fitting autoregvessnodel over the
unconditional mean of the series as the benchmark. fditeeast content horizon is
defined as the horizon beyond which the forecast consentose to zero. Galbraith
(2003) has characterized the content function ofpAR¢odels analytically, taking into
account the uncertainty associated with parameter egiimaand also provided the
GAUSS program. We alloyw to be no greater than 4 for quarterly GDP data, and 8 for
monthly inflation data. The value pfwas chosen by the Schwarz information criterion,
using an upper bound. All the data used in this section wevenldaded from

Datastream

% This is despite the fact that the trend component latiof has become less predictable in recent years,
see Stock and Watson (2007). See also Mishkin (2007).
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The results of the estimation of forecast contentfions are presented in Figures
10a and 10b for GDP and inflation respectively for all ses@untries. For annual GDP
growth using quarterly data, the forecast content becdesssthan 0.05 when horizon
exceeds six quarters. However, for annual inflation using tmhondata, the
corresponding forecast content horizons are much lokger Germany and lItaly, the
content horizon extends beyond 36 months; for other G7tesinit is around 24
months. These findings are consistent with the resaforted in Galbraith (2003) who
looked at the predictability of GDP and inflation forf@da and the United States.
Galbraith and Tkacz (2007) have found that forecast hasidad not improve even when
dynamic factor models with many predictors were used ageplof simple univariate
autoregressive modeds.

We should point out that these forecast content iomstare based purely on
linear autoregressive models of the target variables.ed#fity, forecast content and
predictability can be improved by incorporating additionafoimation and using
nonlinear models. In that sense, the forecast commmt the simple AR model provides
an overalllower bound on the true predictability of a series. On the rotiaand, if
forecasters do not use information efficiently, as veeehalready seen among our
experts, the forecast content from the simple AR rhadght provide arupperbound.
Thus it is necessary to study the predictability of Gipid inflation based on real time

forecasts by professional forecasters.

2 This result is interesting in view of the recent direc of the Federal Reserve Board that effective
November 2008 all FOMC members have to come up forecasts3upetars ahead for inflation and GDP
growth. Currently, it does not seem that meaningful reaP G@becasts are feasible beyond 6 quarters.
Thus, to the extent that the quality of forecasts is aehdriven, the accuracy of GDP forecasts may
improve in future.
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Following Diebold and Kilian (2001), we define a skill scom,, as the

proportionate MSE gain in thremonth ahead forecast over the initial forecast nixtle
months before as the naive benchmark:

_Msg

VSE. (18)

Ps2a = 1

where MSE is the mean squared error for horizS=12...23. The measure of
predictability Ps24 provides the improvement in the forecasts as horgecreases. The
large values o Ps24 imply that forecasts made at horizemonths improve significantly

over 24-month ahead forecast. Figure 11 plots thissc Ps2« for GDP and inflation
forecasts for all seven countries. It is clear floatmost countries the inflation content
function (with 24-month ahead forecast as the bevack) dominates that for real GDP,
meaning that as horizon shortens, useful informai® more promptly absorbed in
inflation forecasts. The dominance of inflationmdoasts is particularly noteworthy for
Canada, France, Japan and UK. We also find thawvélge is considerably bigger at the
longer horizons, echoing earlier evidence thatrduthe first 6-8 rounds of forecasting,
the real GDP forecasts do not add any value. Fiation forecasts, however, each
additional month increases the information conteinthe forecasts over the previous
month even at longer horizons. This provides aoiddti evidence in support of the
conclusion that real GDP is inherently more difficto forecast than inflation, and
explains why our professional forecasters conveigea consensus quicker while
predicting inflation than real GDP. It is also pb&sthat forecasters make greater efforts

in forecasting inflation than real GDP. As the khon falls from h=24 to h=1, the mean
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squared error with inflation forecasts decreases sulmtgntausing the skill scor Ps 4
to approach 100% at a faster rate than that of real GDP.
6. Concluding remarks

We have established several important differences ifotheasting record of two
important macro variables — real GDP and inflation byfgssional forecasters. We
found that while predicting inflation, compared to re&l®; the professional forecasters
() make smaller forecast errors; (ii) disagree tessér extent; (iii) start reducing their
disagreement at significantly longer horizons; (itgrsmaking major forecast revisions
much earlier; (v) attach higher weights to public inforowgt(vi) attach smaller weights
to initial prior beliefs; and (vii) incorporate new public anfation more efficiently.
Even though the first of these results has been iihpticmost studies of forecast
evaluation, none of these empirical results are waeficulated in the forecasting
literature. Yet, as Granger (1996) has noted, in orderctease the perceived quality of
macro forecasts, we should be recognizant of variabésate relatively easy to forecast.

Based on a panel data analysis of individual forecasts 24 monthly horizons
for seven industrialized countries during 1990-2007, we have alsovered certain
important regularities. First, real GDP forecasts db mave any predictive value over
naive benchmarks beyond horizon 18 months, but for inflatiencontent horizon is
around 24 months and even 36 months for some countries; @mtséor all countries a
major forecast revision takes place across all fateca at horizon 15 months, i.e., at the
beginning of October of the previous year for both r@&lP and inflation. These

institutional realities should also be recognized by mémecasters and their clients.
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Any model aimed at explaining the formation of expectatibg experts over
horizons should capture the major elements of abodénfys. The Bayesian model in our
paper explicitly recognizes that professional forecasbelgin forecasting with specific
prior beliefs about the target variable for the nexryand that they learn to modify their
initial beliefs over horizons with the arrival of pubinformation. In our model, forecast
disagreement arises from two sources: differenceghen initial prior beliefs of
forecasters, and differences in the interpretatiopubfic information by forecasters. The
fixed-target and multi-horizon features of the panel ddtavalis to estimate and gauge
the relative importance of each component precisely.

We found that the diversity in the initial prior befiebf forecasters explains
nearly 100% to 40% (30%) of the disagreement in GDP (iofiatforecasts, as the
horizon decreases from 24 months to 1 month. This finditadpkeshes the role of initial
prior beliefs in generating expectation stickiness in ways — (i) it enters into current
forecast directly, though its importance declines owsizbns, and (ii) it allows for all
past public information to affect current forecast intaggered way. This “anchoring”
like effect, much emphasized in the psychological liteeg is the result of Bayesian
optimal information processing rule.

Depending on its timing and quality, the significance ofseond pathway — the
heterogeneity in the interpretation of new incoming imfation — increases from almost
nothing to 60% for real GDP and 70% for inflation forecastthe end of the forecasting
rounds. This empirical finding, together with two case isiudf (i) forecast disagreement
around the 9/11 terrorist attack, and (ii) the inflatiargeting experience of Italy after

1997, provides a strong support for the role of differentgrpretation of public
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information in generating expert disagreement in macreoa forecasts. Our finding
has important implications on belief formation andié@ag in many areas of economics.
It implies that a number of competing models can samglously exist to interpret public
information by agents, and this heterogeneity can beat ghallenge for establishing the
credibility and effectiveness of macroeconomic policies

Following a test for forecast efficiency developed by Liadmd Sheng (2008) in a
Bayesian learning framework, we find experts to somewhatrwmight public
information at very long horizons, but significantlgderweight in the middle horizons
for GDP forecasts; the degree of underweighting islahgest for Canada, France and
Germany. The situation is much better with inflatibaf still we found experts to put
more than efficient weight on new public informatiorvaty short horizons for almost all
countries. But this inefficiency is not much of a problém policy makers since the
magnitude of inefficiency is very small at these horizohhe observed inefficiency in
real growth forecasts compared to inflation and the dityeacross countries suggest that
improvement in forecast accuracy might be possible figaisig more weights to current
and international news in the middle horizons. Foramsg, Isiklar et al. (2006) have
shown that the quality of real GDP forecasts of mamythese countries can be
significantly improved if forecasters pay more attamtio news originating from selected

foreign countries.
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Table 1a. Ratio of between-agent variation to totabvm in GDP forecast revisions

Horizon Canada France Germanytaly Japan UK us
1 0.11 0.10 0.05 0.09 0.13 0.10 0.08
2 0.22 0.17 0.20 0.14 0.07 0.13 0.15
3 0.14 0.13 0.10 0.15 0.11 0.09 0.11
4 0.14 0.15 0.10 0.11 0.11 0.11 0.15
5 0.19 0.20 0.04 0.15 0.10 0.15 0.11
6 0.22 0.17 0.12 0.11 0.09 0.16 0.16
7 0.13 0.10 0.06 0.06 0.14 0.14 0.09
8 0.15 0.09 0.11 0.13 0.14 0.13 0.11
9 0.10 0.06 0.15 0.14 0.13 0.14 0.12
10 0.13 0.10 0.12 0.08 0.12 0.15 0.10
11 0.11 0.13 0.08 0.07 0.14 0.11 0.10
12 0.14 0.12 0.08 0.11 0.14 0.14 0.17
13 0.17 0.08 0.08 0.08 0.12 0.13 0.12
14 0.16 0.22 0.10 0.14 0.11 0.17 0.19
15 0.06 0.09 0.11 0.12 0.11 0.12 0.11
16 0.12 0.17 0.15 0.19 0.17 0.10 0.16
17 0.21 0.18 0.09 0.13 0.13 0.17 0.10
18 0.09 0.29 0.06 0.12 0.17 0.15 0.21
19 0.11 0.10 0.09 0.06 0.13 0.14 0.15
20 0.18 0.17 0.10 0.10 0.14 0.10 0.10
21 0.14 0.11 0.09 0.17 0.07 0.12 0.13
22 0.13 0.18 0.15 0.09 0.14 0.15 0.17

23 0.25 0.17 0.12 0.22 0.10 0.15 0.15
All horizons 0.15 0.14 0.10 0.12 0.12 0.13 0.13
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Table 1b. Ratio of between-agent variation to totabw@n in inflation forecast revisions

Horizon Canada France Germanytaly Japan UK us
1 0.12 0.22 0.12 0.16 0.16 0.13 0.12
2 0.28 0.13 0.14 0.10 0.13 0.10 0.14
3 0.19 0.05 0.11 0.09 0.12 0.17 0.15
4 0.17 0.25 0.07 0.22 0.11 0.17 0.09
5 0.24 0.16 0.05 0.21 0.14 0.13 0.14
6 0.17 0.12 0.05 0.16 0.09 0.09 0.13
7 0.13 0.09 0.09 0.14 0.12 0.10 0.14
8 0.31 0.19 0.10 0.12 0.14 0.13 0.17
9 0.17 0.19 0.10 0.08 0.11 0.10 0.19
10 0.16 0.14 0.09 0.07 0.23 0.15 0.20
11 0.15 0.15 0.09 0.11 0.25 0.15 0.12
12 0.11 0.15 0.10 0.11 0.17 0.12 0.09
13 0.18 0.16 0.13 0.08 0.14 0.16 0.14
14 0.17 0.18 0.23 0.13 0.14 0.11 0.12
15 0.17 0.17 0.10 0.10 0.13 0.10 0.16
16 0.23 0.12 0.10 0.12 0.10 0.13 0.10
17 0.18 0.18 0.09 0.19 0.12 0.15 0.15
18 0.16 0.15 0.10 0.08 0.16 0.11 0.12
19 0.15 0.14 0.06 0.09 0.15 0.12 0.16
20 0.15 0.19 0.13 0.12 0.34 0.10 0.23
21 0.11 0.17 0.14 0.11 0.17 0.12 0.15
22 0.17 0.17 0.08 0.10 0.25 0.11 0.17

23 0.10 0.11 0.12 0.11 0.26 0.19 0.17
All horizons 0.17 0.16 0.10 0.12 0.16 0.13 0.15
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Table 2a. Estimated weights attached to public informatid®DP forecasts

Horizon Canada France Germanyitaly Japan UK UuS
1 0.62 0.6¢€ 0.3¢ 0.6< 0.5C 0.5¢ 0.44
(0.05  (0.05 (0.04 (0.04 (0.5 (0.03  (0.03

2 0.47 0.2¢ 0.3¢ 0.2C 0.27 0.44 0.5¢
(0.05  (0.04 (0.03 (0.05 (0.04 (0.03 (0.04

3 0.5t 0.5t 0.3¢ 0.2¢ 0.51 0.37 0.4:
(0.05  (0.04 (0.03 (0.06 (0.04 (0.03 (0.04

4 0.37 0.27 0.4C 0.2¢ 0.2C 0.31 0.37
(0.05  (0.04 (0.03 (0.06 (0.03  (0.03  (0.03

5 0.27 0.1z 0.2z 0.2¢ 0.1t 0.3C 0.4t
(0.03  (0.03 (0.03 (0.05 (0.03  (0.03  (0.03

6 0.41 0.5¢ 0.21 0.5¢ 0.3z 0.2t 0.27
(0.04  (0.04 (0.03 (0.05 (0.04 (0.04 (0.03

7 0.37 0.2¢ 0.2¢ 0.31 0.14 0.21 0.2¢
(0.05  (0.05) (0.04 (0.05 (0.04 (0.02  (0.03

8 0.1¢ 0.1t 0.27 0.1¢ 0.1C 0.2z 0.3¢
(0.04  (0.03 (0.03 (0.04 (0.02 (0.02  (0.03

9 0.2z 0.2¢ 0.1¢ 0.17 0.2z 0.1¢ 0.2t

(0.03  (0.03 (0.03  (0.05  (0.03, (0.02  (0.03
10 02z 0.1f 027 02z 01z 0.1€  0.17
(0.04 (0.03 (0.04 (0.05  (0.03 (0.02  (0.03
11 0.1f 0.1¢ 0.1€¢ 027 0.01 0.0  0.2¢
(0.03  (0.03 (0.03 (0.04 (0.02 (0.02  (0.03
12 0.2z  0.1¢ 01¢ 02 026 0.1f¢ 0.2
(0.05  (0.04 (0.03  (0.06 (0.03 (0.02  (0.03
13 0.2¢ 0.1fF 02¢ 031 02z 0.1¢  0.1¢
(0.04  (0.03 (0.03  (0.06 (0.03 (0.03  (0.03
14 0.1z 0.0t 0.3¢ 0.2¢ 0.0< 0.11 0.1t
(0.04 (0.03 (0.03  (0.05 (0.03 (0.02  (0.03
15 0.2 03 017 03C 017 0.1t  0.1F
(0.04 (0.05 (0.03  (0.06 (0.04  (0.03  (0.04
16 008 023 014 017 0.0/ 0.0¢  0.1¢
(0.04 (0.04 (0.03 (0.05 (0.04 (0.02  (0.03
17 0.16 007 01C 021 0.06 0.0 0.1z
(0.03  (0.02 (0.03 (0.05  (0.03 (0.02  (0.03
18 0.1C 0.17 0.17 0.2¢ 0.0t 0.0¢ 0.1¢
(0.02  (0.04 (0.03 (0.05 (0.04 (0.02  (0.C3)
19 0.0¢ 0.1¢ 0.17 0.2¢ 0.1Z 0.0¢ 0.0¢
(0.03  (0.04 (0.02  (0.05 (0.03 (0.02  (0.02
20 0.1t 0.1z 0.1¢ 0.1z 0.0¢ 0.0t 0.11
(0.03  (0.03 (0.03 (0.04 (0.03 (0.02  (0.03
21 0.06¢ 0.1¢ 02 01¢ 01C 011 0.0
(0.03  (0.03 (0.03  (0.04 (0.c4) (0.02  (0.03
22 0.0¢ 0.1Z 0.0¢ 0.1C 0.2 0.0t 0.1¢
(0.03  (0.04 (0.03 (0.04 (0.04 (0.02  (0.03

Note: Standard errors are in parentheses.
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Table 2b. Estimated weight attached to public informananfiation forecasts

Horizon Canada France Germanyitaly Japan UK UuS
1 0.6z 0.4z 0.4« 0.5¢ 0.47 0.6: 0.5t
(0.05  (0.05 (0.04 (0.05 (0.05 (0.03  (0.04

2 0.37 0.4: 0.5¢ 0.3¢ 0.3¢ 0.2¢ 0.71
(0.06  (0.04  (0.04 (0.05 (0.05 (0.04 (0.04

3 0.6¢ 0.71 0.5: 0.4¢ 0.61 0.4« 0.40
(0.06  (0.05 (0.04 (0.06 (0.05  (0.04  (0.04

4 0.47 0.4C 0.4¢ 0.4C 0.3t 0.57 0.51
(0.06  (0.05 (0.03 (0.06 (0.04  (0.04 (0.04

5 0.5C 0.2¢ 0.4: 0.27 0.2t 0.2¢ 0.5¢
(0.04  (0.05 (0.03 (0.06 (0.03  (0.03 (0.04

6 0.4z 0.3¢ 0.4¢ 0.4z 0.5C 0.37 0.37
(0.05  (0.05 (0.04 (0.05 (0.04 (0.04 (0.04

7 0.3¢ 0.3¢ 0.4z 0.21 0.31 0.4z 0.3¢
(0.05  (0.05 (0.04 (0.05 (0.04 (0.03  (0.03

8 0.3 0.24 0.3¢ 0.1t 0.3t 0.3t 0.5C
(0.04  (0.04 (0.03 (0.05 (0.04 (0.03 (0.04

9 0.2¢ 0.4¢ 0.27 0.3¢ 0.4C 0.3¢ 0.3

(0.04 (0.05 (0.03  (0.04 (0.04 (0.03  (0.03
10 026 03z 031 031 016 0.2¢  0.2¢
(0.05  (0.04 (0.04 (0.06 (0.04  (0.03  (0.03
11 028 02 02¢ 02¢ 017 0.1f 0.2
(0.04  (0.04 (0.03 (0.05 (0.04 (0.02  (0.03
12 03z 026 02¢ 03/ 021 036 0.1¢
(0.04 (0.05 (0.03  (0.05  (0.04  (0.03  (0.03
13 01z 02z 026 021 031 03C 0.1f
(0.04 (0.04 (0.03 (0.03  (0.04 (0.03  (0.03
14 014 01¢ 031 028 01¢ 0.07 0.2
(0.04  (0.03 (0.03 (0.04 (0.04 (0.02  (0.03
15 0.1 041 027 04¢ 027 01/ 0.7
(0.05  (0.05 (0.03  (0.08  (0.04  (0.03  (0.03
16 0.16 021 01¢ 01¢ 02 0.21  0.1F
(0.06 (0.04 (0.03  (0.06 (0.04  (0.03  (0.02
17 017 0.1¢ 017 02t  0.08 0.1  0.1€
(0.03  (0.03 (0.03 (0.05 (0.03 (0.02  (0.03
18 017 028 0.1 037 0.2z 0.06 0.1z
(0.03  (0.05 (0.03  (0.04 (0.05 (0.02  (0.03
19 017 021 017 007 01/ 01/  0.1f
(0.03  (0.04 (0.03 (0.03  (0.04 (0.02  (0.03
20 0.0t 0.0¢ 0.1¢ 0.0< 0.0¢ 0.0¢ 0.0¢
(0.02  (0.03 (0.02 (0.03  (0.04 (0.02  (0.02
21 011 028 007 011 01¢ 0.1z 0.1z
(0.03  (0.04 (0.02 (0.03  (0.04 (0.02  (0.02
22 0.06¢ 0.1C 014 01/ 0.06 0.07 0.07
(0.03  (0.03 (0.03 (0.05 (0.03, (0.02  (0.02

Note: Standard errors are in parentheses.
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Table 3a. Test of efficiency in the use of public infotiorain GDP forecasts

Horizon Canada France Germanyitaly Japan UK UuS

1 -0.17% 0.01 0.11 -0.1( 0.21* -0.18* 0.61*
(-1.37.  (0.11 (0.76; (-1.04, (2.29, (-2.09, (3.61

2 0.67* 0.3¢ 1.03* 0.0z -0.2< -0.33* -0.30¢*
(3.44 (172 (5.0 (0.14  (-1.25 (-3.08 (-2.41
3 0.1¢ 0.1¢ 0.63* 0.28* 0.0z -0.1¢ -0.1¢
(127  (1.46 (3.33 (262 (0.25. (-1.62 (-1.37
4 0.29* 0.0¢ 0.72* 0.41* 0.1C 0.1€  -0.1¢
(2.38 (057 (.03  (2.20 (0.86. (1.83  (-1.07
5 0.1: 0.1¢ 1.00* 0.4¢ -0.1¢ 0.24* -0.30%
(054 (053 (5.61 (1.80] (-0.82 (2.68 (-2.72
6 0.0C 0.1C 1.16* 0.0¢ 0.0¢ 0.1C -0.13
(0.02 (0.77 (6.15  (0.64  (0.62. (1.16. (-0.86
7 0.47* 0.30* 0.38* -0.01 -0.2¢ 0.96* 0.34*
(412 (229 (259 (-0.09 (-1.45 (5.79.  (2.56
8 0.68* 1.06* 0.43* 0.2¢ 0.41 0.48* 0.21*
(2.63 (438 (228 (1.07 (106 (3.12 (2.27
9 0.60* 0.87* 0.3z 0.0z 0.77* 0.49* 0.27*
(3.03 (512 (1.23 (0.12 (427 (3.24  (2.04
10 1.01* 1.38* 0.0¢ 0.1¢ -0.1¢ 0.40* 0.0¢
(527 (659 (052 (0.69 (-0.66  (2.20.  (0.70
11 1.74* 1.25* 0.82* 0.62* 0.1 1.12* 0.50*
(6.01 (403 (3.63 (253  (0.45 (5.43  (5.23
12 0.89* 0.84+* 0.95% 0.2¢ 0.2: 0.85* 0.45*
(3.74 (3222 (456 (1200 (119 (5.22. (2.82
13 0.78* 0.74* 0.84+* 0.3¢ 0.01 0.0¢ 0.96*
(2.33  (2.76 (449  (1.36 (0.03  (0.51  (4.99
14 -0.2:  1.05* 0.99* 056* 0.1 -0.1z  0.2¢
(-0.56. (2.85 (4.81 (2.08 (0.34 (-0.61  (1.29
15 -0.68* 0.37 1.21* 0.63* -0.0¢ 0.51* -0.3¢
(-2.64 (1.78 (5.02 (2.94 (-0.44 (2.82 (-2.63
16 -0.90* 0.72* 0.92* 0.01 0.1z 0.3¢ 0.59*
(242 (2.14 (2.85 (0.02 (0.49 (155  (3.31
17 0.46 192* 1.03* 1.25% 0.1f -0.3¢  0.0¢
(0.98 (245 (292 (244 (0.33 (-1.52 (0.23
18 1.0z -0.98¢* 0.0z -0.13 0.1¢ 0.1¢ 0.70*
(1.75 (-2.78 (0.09 (-0.38  (0.43  (0.74  (2.19
19 -0.8C -2.07* -0.1f -02z -0.7¢ -0.11 0.7¢
(-1.92 (-6.42. (-0.38. (-0.57. (-1.65 (-0.36  (1.81
20 1.56* -1.23* -0.47 -0.4¢ -0.9¢ 0.0C -0.0z
(3.25  (-2.11 (-1.16) (-0.89 (-1.76  (0.01  (-0.06
21 0.0¢ 0.61 0.51 0.4C -0.1¢ 0.2C -0.13
(0.17 (112 (147  (0.72. (-0.40 (0.63.  (-0.39
22 -0.2¢ -0.7¢ 0.01 -1.73* 0.89* -0.01 -0.5:

(-0.49 (-1.73. (0.04 (-3.43  (2.07 (-0.01  (-1.49

23 -0.6¢ -0.2¢ -0.27 -0.7C 0.2¢ -0.3¢ -0.73*
(-1.65 (-0.49 (-0.69 (-1.34  (0.42  (-1.12  (-2.57

Note:t-statistics are shown in parentheses. A single * detbé&tshe estimated values
are statistically significant at the 5% level.
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Table 3b. Test of efficiency in the use of public inforimain inflation forecasts

Horizon Canada France Germanyitaly Japan UK UuS

1 -0.0¢  -0.08 -0.15* -0.43* -0.28* 0.22* -0.17*
(-1.39' (-0.54 (-2.22. (-7.06. (-4.07 (3.0  (-3.39

2 -0.27*  0.06 -0.01 -0.1C -0.31* -0.12  0.0C
(-3.24 (059 (-0.08 (-1.16. (-3.83 (-1.04 (-0.05
3 -0.14* 0.0z 0.21* -0.0¢ -0.0¢ -0.31* -0.17*
(-2.02 (0.26 (3.84 (-1.14 (-1.49 (-3.43 (-2.39
4 0.0C 0.26* 0.18* -0.53% -0.11 0.0z 0.0t
(0.01 (2.44 (213 (534 (-1.25 (0.26.  (0.67
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Figure la. Evolution of consensus GDP forecasts ovéerdns
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Figure 1b. Evolution of consensus inflation forecastsy ¢trizons
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Figure 2. Forecast disagreement in GDP (solid line) andiorilédotted line)
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Figure 3a. GDP forecast revision: between-agent vari@bottom line), within-agent
variation (middle line), total variation (top line)
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Figure 3b. Inflation forecast revision: between-agenatian (bottom line), within-agent

variation (middle line), total variation (top line)
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Figure 4. RMSEs in real GDP (solid line) and inflatiorefzasts (dotted line)
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Figure 5a:

Evolution of mean and disagreement in real ®#easts
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Figure 5b: Evolution of mean and disagreement in inftefiwecasts
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Figure 6. Contribution of differences in the initial primeliefs in explaining GDP (solid
line) and inflation (dotted line) forecast disagreement
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Figure 7. Effect of 9/11 on the evolution of the disagrednmeUS GDP forecasts
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Figure 8. Disagreement in 24-month ahead inflation forecast

Germanv ......... us

0.60 -
040 - :

0.20 -

0.00 T T T T T T T 1
1991 1993 1995 1997 1999 2001 2003 2005 2007

59



Figure 9a. Disagreement in 24-month ahead inflation forecagr time
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Figure 9b. Disagreement in inflation forecasts overzioms
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Figure 9c. Weights attached to public information
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Figure 9d. Variance across forecasters in interpreting@unftirmation

4.0

3.0

2.0

1.0

0.0

] e withoutinflation targeting

Italy

withinflation targeting

2221201918 17161514 13 121110 9 8 7 6 5 4 3 2 1

60




Figure 10a. Real GDP predictability based on actual da&exra@my process
(quarterly horizons)

% b——=b
1 2 3 4 5 6 7 8 9 10 11 12
—e—Canada —l—France —&—Gemany ltaly —%— Japan —— UK ——US

Figure 10b. Inflation predictability based on actual datarging process
(monthly horizons)
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Figure 11. Predictability of GDP (dotted line) and inflatioretasts (solid line) based on

real time information set
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