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This paper reports the near term forecasting powkra large Global Vector
Autoregressive (GVAR) model originally developed BResaran, Schuermann and
Weiner, PSW, (2004) and subsequently fine-tuned emdstimated over 1979Q1-
2003Q4 by Dees, di Mauro, Pesaran and Smith, DdE®)7)! The GVAR model
explicitly specifies interdependencies betweeneddht countries and sub-regions in
terms of three transparent channels: i) domesti@bigs are related to corresponding
trade-weighted foreign variables to match the magonal trade pattern of the country
under consideration; ii) non-zero pair wise cotielas in residuals between countries
and equations are allowed to capture a certain amofudependence in idiosyncratic
shocks, and iii) common observed shoclg, (oil prices) that can affect all countries
simultaneously are permitted. The key feature ef@VAR model as compared to factor
structural VAR models is the direct introduction afserved country-specific foreign
variables in the individual country models to deaih pervasive dependencies in the
world economy in a more flexible manner. The awhfirst estimate the individual
county-specific vector error correcting models, nththese individual models are
combined in an internally consistent manner to geeeforecasts for all variables of all

countries simultaneously. The 1l-quarter and 4-guashead forecasts for the eight

guarters 2004Q1-2005Q4 are analyzed for 134 vasatbbm 26 regions made up of 33

! See also Baltagi (2004), Dennis and Lopez (20D8Hansen (2004) and Wallis (2007), and the rejoinde
by Pesaran et al. (2004).



countries covering about 90% of world output. TReen macro variables considered are
real output, inflation, short term and long terntenest rates, stock market indices,

exchange rates, and crude oil prices.

The forecasting work reported in this paper repressa massive hallmark effort by the
authors to study how modeling international int@etedencies in a more comprehensive
and flexible manner can improve near term macroaeon forecasts. Since the
specification and diagnostic tests of the modetlusehis paper have been meticulously
developed and reported in Dees et al. (2007), Il negtrict my comments only on the

reported quality of the forecasts generated byribdel.

The current paper reports two major innovationsstFin order to handle possible
structural breaks in different variables at diffgréimes in any of the countries, the
authors adopt a very pragmatic approach of foregastaging, and analyze predictive
errors from 19 alternative models over 10 differestimation windows, generating 190
alternative predictions. Secondly, since the nundfevut-of-sample forecast periods is
only 8, they generalize the predictive superioréist of Diebold and Mariano (1995) to a
panel data of many countries. Their central findsighat the “AveAve” forecasts from

the GVAR, computed as the double averages of feteckom different models

estimated over different observation windows argeneral better than forecasts from a
single GVAR model estimated over a single estinmatmndow or from some simple

benchmark models like the random walk and AR(1) e®dith and without drifts.



More specifically, Pesaran et al. (2009) compaee ribot mean squared forecast error
(RMSFE) of the average forecast with forecasts fesmndividual model using a panel
version of the Diebold-Mariano (1995) test. Howevarwhat follows, | will argue that
the true underlying uncertainty of the average das¢ that is needed to construct its
confidence interval is not solely determined by sheared error of the average forecast;
rather it is determined by the average variancehefindividual forecast errors. The
wedge between the two is the variance of pointcasts of individual model forecasts —
the price one inadvertently pays while pooling dbee forecasts. The underlying
variability of the individual point forecasts dotnget reflected in the squared forecast
error associated with the average forecast. Simppty the average of the variances of

forecast errors from different models is not thesas the variance of the average error.

Note that RMSFE olf-period ahead individual forecasts can be decontpase
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where F,, :%z F. is the average forecast frashmodels. The first term on the right
j=1
hand side of equation (1) is the squared errorcéastsal with the average forecast, and the
last term is the variance of the individual forasdsl,, ). Taking expectations conditional

on a given a set of forecasts at titmeve get the following relationship between the

N

aggregate forecast uncertairdy, = E(%Z( - Fith)zj , the variance of consensus
i=1

forecast errors and disagreement among individuathsts:

Uy =E(A=Fp) +dy,. (2)



Beginning with Zarnowitz and Lambros (1987), receedearch on characterizing the

appropriate measure of overall forecast uncertaftly,) of an aggregate forecast
l N
suggests that the average of the individual foteeasr variances, i.elJ,, ENZUith
“

whereU,, =E(A —-F,,)*, is the correct measure and can be interpretéueasonfidence

an outside observer or a policy maker will havairandomly drawn typical individual

forecast from a panel of forecadthlote that Pesaran et al. (2009) consider onlyfitee
termE(A —F,,)? in their comparisons, which will necessarily uredgimate the true

underlying variability of the pooled forecast comgzhto a forecast based on a single
benchmark model. Note also that the first termhanright hand side of (2) can be written

as
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where the second term on the right hand side otexyu (3) is the average covariance of
the individual idiosyncratic forecast errors. Ussiggle factor decomposition of forecast
errors, Lahiri and Sheng (2009) have shown that) wireasonably largd, equation (3)

2
reduces ta,,

the anticipated variance of the forthcoming aggte shock over the
forecast horizon. Thus, we can derive a very singlationship between aggregate

forecast uncertainty, variance of aggregate shadkdssagreement as:

Uy = Jj\th +d,,. 4)(

2 ¢f. Davies and Lahiri (1995), Lahiri and Sheng (20@¥ero et al. (2008), and Giordani and Séderlind
(2003). See also Reifschneider and Tulip (2007).



The above equation explains that the RMSFE of eeage forecast will be significantly
less that the average RMSFE of the individual fasés when the variability of the
individual forecasts is big. Thus, when Pesararalet(2009) find that for real GDP
growth or inflation, the RMSFE of AveAve forecastthe very low compared with all
individual RMSFEs, it simply means that for thesariables the individual models
generated more diverse forecasts. It does not irti@dy the precision of the average
forecast from the stangoint of a policy maker is correspondingly lessntithat of

forecasts from a single model. However, what sithains intriguing is why RMSFE for
4-quarter forecasts reported in the paper are umifoand substantially lower than those

for 1-quarter ahead forecasts across almost alitcpgroups and target variables.

Another way of looking at the unfairness of the pamson of RMSFE of AveAve
forecasts with individual benchmark forecasts iat tthe uncertainty of the estimated
parameters are not being factored in these congpexisSince the AveAve forecasts are
based on a huge number of additional parametenat&s compared to a single model, it
is expected that the true forecast variability hod iverage forecast will be considerably
higher than the RMSFE of average forecasts. A fonecast superiority comparison
should incorporate these considerations. Giversibe and diversity of models and the
paucity of available out-of-sample periods, it @sgibly difficult to derive asymptotic
RMSFE expressions, but an appropriate forecast agsgn can be accomplished by
model simulation and by bootstrapping forecastalality, see West (2006). A simpler
alternative will be to take the square root of sluen of the variance of individual model

forecasts and the MSFE of the combined forecastréefomparing them with RMSFE of



forecasts from individual models. Without theseuatinents, the claimed forecasting

superiority of the GVAR model can not be establishe

Having said this, it will be very interesting torapare forecasts from the best GVAR
model specification from either PSW (2004) or DdRS807) with the chosen benchmark
forecasts using the panel Diebold-Mariano testsThay, one can study the relative
forecasting efficiency of a preferred GVAR modelhex than merely establishing the
power of forecast combination. As the authors ailyenoted, compared to a well
specified GVAR model, naive benchmark models hasey \ittle value for counter-

factual policy analysis. By the same token, poBayulation based on an indiscriminate
use of 190 models rather than a well specifiedlsi/AR model will be a hard sell to a
policy maker. We also suggest that the power cleratics of this new panel Diebold-
Mariano test should be examined carefully in viefvtlle assumed cross-sectional
independence of the candidate forecasts — a taask thbelieve, can be easily

accomplished by the authors.
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