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Abstract
We explore whether forecasting an aggregate variable usifoggmation on its dis-

aggregate components can improve the prediction mean estjiearor over forecasting
the disaggregates and aggregating those forecasts, @ osip aggregate information in
forecasting the aggregate. An implication of a theory ofdpton is that the first should
outperform the alternative methods to forecasting the egae in population. However,
forecast models are based on sample information. The datxaé@n process and the fore-
cast model selected might differ. We show how changes innealtity between regressors
affect the bias-variance trade-off in model selection and tthe criterion used to select
variables in the forecasting model affects forecast acyurd/e investigate why forecasting
the aggregate using information on its disaggregate coemsnmproves forecast accuracy
of the aggregate forecast of Euro area inflation in sometgtus but not in others. The
empirical evidence on Euro-zone inflation forecasts sugghat more information can help,
more so by including macroeconomic variables than disaggescomponents.

JEL: C51, C53, E31

KEYWORDS: Disaggregate information, predictability, éoast model selection, VAR,
factor models

1 Introduction

Forecasts of marcoeconomic aggregates are employed byritla¢epsector, governmental and

international institutions as well as central banks. R#geahere has been renewed interest in
the effect of contemporaneous aggregation in forecastitgg. example, one issue has been the
potential improvement in forecast accuracy delivered bgdasting the component indices and
aggregating such forecasts, as against simply forecasim@ggregate itself. The theoretical

*Preliminary and incomplete: please do not cite without théhars’ permission. We thank seminar participants
at Humboldt University and the Free University, Berlin, fi@pants of the ESF-EMM conference, Sardinia, and the
CEPR/EABCN workshop on forecasting combination, Brusselsarticular Graham Elliott and Lutz Kilian, for useful
comments. Financial support from the ESRC under grant RES205035 is gratefully acknowledged. The views
expressed in this paper are not necessarily those of thep&amaCentral Bank.

1See e.g. Espasa, Senra & Albacete (2002), Hubrich (20053enalal, Diaz del Hoyo, Landau, Roma & Skudelny
(2004) for forecasting euro area inflation; see also Fair 88H1990) for a related analysis for US GNP). Contri-



literature shows that aggregating component forecastsowep over directly forecasting the ag-
gregate if the data generating process is known. If the dat@rgting process is not known and
the model has to be estimated, it depends on the unknown dataajing process whether the
disaggregated approach improves the accuracy of the aggrémyecast. It might be preferable
to forecast the aggregate directly. Since in practice tli@ ganerating process is not known, it
remains an empirical question whether aggregating foreadsisaggregates improves forecast
accuracy of the aggregate of interest. For example, thdtsesuHubrich (2005) indicate that
aggregating forecasts by component does not necessaiplychiorecast year-on-year Eurozone
inflation twelve months ahead.

In this paper, we suggest an alternative use of disaggréyfatrenation to forecast the aggre-
gate variable of interest, that is to include the disaggeegdormation or disaggregate variables
in the model for the aggregate as opposed to forecastingghggtegate variables separately and
aggregating those forecasts.

We show that disaggregating elements of the informatio'set into their components can-
not lower predictability of a given aggregaye-. We focus on disaggregation across variables
(such as sub-indices of a price measure). Disaggregatignatsa be considered across space
(e.g., regions of an economy), time (higher frequenciesgallaof these. The predictability con-
cept considered in this paper concerns a property in papalaf the variable of interest in relation
to an information set. A related predictability concept iscdssed by Diebold & Kilian (2001).
Whereas that paper considers measuring predictabilityfigfreint variables based on one infor-
mation set, we investigate predictability of the same \dgidbased on different information sets.
In contrast to predictability as a property in populatiore use 'forecastability’ to refer to the
improvement in forecast accuracy related to the samplerirdtion given the unconditional mo-
ments of a variable. Potential misspecification of the fastenodel due to model selection and
estimation uncertainty as well as data measurement emdrsteuctural breaks will affect the ac-
curacy of the resulting forecast and help to explain why tiécal results on predictability are not
confirmed in empirical applications (see also Hendry (2@0%) Clements & Hendry (2004a)).

In contrast to most previous papers on disaggregation acésting that are set up in a VAR
framework, our proposal for including disaggregate vdealin the aggregate model, gives rise to
a classical model selection problem. We analyse modeltg@teand estimation in the conditional
model. We particularly focus on model selection for ford¢icas the role of model misspecification
in the forecast period and changes in collinearity betwegressors. The degree of misspecifica-
tion, i.e. the deviation of the forecast model from the tratacdyenerating process in the forecast
period, is not known in practice. Although the predictabitheory provides a useful guide for
forecasting, we need to empirically investigate the usefss of different methods of model selec-
tion to include disaggregate information for euro area fitta Thereby we extend the results in
Hubrich (2005) and relate our empirical findings to the atedy results presented in the previous
sections.

butions to the theoretical literature on aggregation \&disaggregation in forecasting can be found in e.g. Grdnfel
& Griliches (1960), Kohn (1982), Lutkepohl (1984, 1987gdaran, Pierse & Kumar (1989), Van Garderen, Lee &
Pesaran (2000); see also Granger (1990) for a survey ongedigne of time-series variables and Lutkepohl (2004) for
a recent review on forecasting aggregated processes by ViARbtels.



The paper is organised as follows. Section 2 briefly revigvesriotion of (un-)predictability
and its properties most relevant to our subsequent analy$ien we show that adding lagged
information on disaggregates to a model of an aggregate impsove predictability. However,
an improvement in predictability is necessary, but not eigffit, for an improvement in forecast
accuracy. In section 3, we investigate the effect of modielctien and estimation uncertainty
on forecast accuracy in a conditional model with particuéderence to forecasting the aggregate
when disaggregate information is included in the aggregetdel. Section 4 notes an extension
to dynamic forecasts for horizons longer than one. In sediave investigate in a simulated out-
of-sample experiment whether adding lagged values of tharglices of the Harmonized Index
of Consumer Prices (HICP) to a model of the aggregate imgrtheaccuracy of forecasts of that
aggregate relative to forecasting the aggregate HICP aihguagged aggregate information, or
aggregating forecasts of those sub-indices. Section Gudes

2 Improving predictability by disaggregation
In this section the notion of predictability and its profestmost relevant to our subsequent analy-
sis are reviewed first, before we address the issue of paddlity and disaggregatiof.

2.1 Predictability and its properties

A non-degenerate vector random variableis unpredictable with respect to an information set
Z; 1 (which always includes the sigma-field generated by the phst) over a period7 =
{1,...,T} ifits conditional distributionD,, (v;|Z;—1) equals its unconditiondD,, (v):

DVt (Vt | Itfl) = DUt (Vt) vteT. (1)

Unpredictability, therefore, is a property of in relation toZ;_; intrinsic to v;. Predictability
requires combinations with;_1, as for example in:

yt = ¢t (Zi—1, V) 2)
soy; depends on both the information set and the innovation coeto Then:
Dy, (¥t | Ze—1) # Dy, (yr) VteT. (3)

The special case of (2) relevant here (after appropriaie tdansformations, such as logs) is pre-
dictability in mean:
vi = f (Zi—1) + v (4)

Other cases of (2) which are potentially relevant are cametiin Hendry (2004).
In (4), y; is predictable in mean even is not as:

Eilye | Zim1]) = £ (Ze—1) # Ei [y4]

2The theory of economic forecasting in Clements & Hendry 8,98999) for non-stationary processes subject to
structural breaks, where the forecasting model differsftbe data generating mechanism, is rooted in the properties
of (un-)predictability. Hendry (2004) considers the foatidns of this predictability concept in more detalil.




in general. Since:
Vt [Yt | It—l] < Vt [yt] when ft (It—l) 75 0 (5)

predictability ensures a variance reduction.

Predictability is obviously relative to the informationags Given an information setf;_; C
7,1 when the process to be predictedyis= f; (Z;—1) + v; as in (4), less accurate predictions
will result, but they will remain unbiased. Sin&e|[v;|Z;_,] = O:

E; [Vt \ thl] =0,

so that:
Eily: | Ti—1]l = B [f: (Zi—1) | Tie1] = &8¢ (T—1) ,

say. Lete; = y: — g: (J:—1), then, providing7;_; is a proper information set containing the
history of the process:
Eile: | Ji-1] =0,

SOe; is a mean innovation with respect f6_1.
However, as:
er = (f; (1) — 8 (Je-1)) + vt = W1 + 14

(say) wherek [w;_,v/] = 0 then:
Eeler | Zi—1) = £ (Zi—1) — B¢ 8 (Ji—1) | Ze—1] = £ (Z4—1) — & (Ji—1) # 0.
As a consequence of this failure @fto be an innovation with respect 1o_1:

E [ete;] =

E
_ ]
= E[vw)] +E[wiaw_y]
> E|

where strict equality follows unless; ; = 0 Vt.

Nevertheless, that predictions frQffp_; remain unbiased on the reduced information set sug-
gests that, by itself, incomplete information is not fatattie forecasting enterprise.

In particular, disaggregating component&ef ; into their elements cannot lower predictabil-
ity of a given aggregatgr, where such disaggregation may be across space (e.gnsegfi@an
economy), time (higher frequency), variables (such asiisdices of a price measure), or all of
these. These attributes suggest forecasting using gened#ls to be a preferable strategy, and
provide a formal basis for including as much information asgible, being potentially consis-
tent with many-variable ‘factor forecasting’ (see e.g.c&t& Watson (2002b), and Forni, Hallin,
Lippi & Reichlin (2000)), and with the benefits claimed in tholing of forecasts’ literature
(e.g., Clemen, 1989; Clements & Hendry, 2004b, for a redsary). Although such results run
counter to the common finding in forecasting competitiorsd tsimple models do best’ (see e.g.
Makridakis & Hibon, 2000; Allen & Fildes, 2001; Fildes & Or@002), Clements & Hendry
(2001) suggest that simplicity is confounded with robussne



2.2 Predictability and disaggregation

The previous section concerns adding content to the infiomaet.7;_; to deliverZy_1. One
form of adding information is via disaggregation of the trgariableyr into its components
yir althoughDy,. ., (y741|-) remains the target of interest. We consider only two comptsne
and a scalar process to illustrate the analysis, whichlglganeralizes to many components and
a vector process.

Consider a scalay; to be forecast, composed of:

YT+1 = W1 TH1Y1,T+1 + W2, T41Y2,7+1 (6)

with the weightsw; 7741 andws 711 = (1 — wy,741) for each of the two components. It may
be thought that, when thg ; themselves depend in different ways on the general infoomatet
Z:—1, which by construction includes the-field generated by the past of thg _;, predictability
could be improved by forecasting the disaggregates aneggting those forecasts to obtain those
for yr41. However, let:

Erir [yir+1 | Zr] = 0, i Iy (7)

which is the conditional expectation of each compongnt;; and hence is the minimum mean-
square errorNISE) predictor. Then, taking conditional expectations in @jgregating the two
terms in (7) deliver&r 1 [yr+1|Z7]:

2 2
Er[yrs1 | Zr] = Y wirs 1B i | Ir] = Y wir18 7.0 Zr = M Ir (say).
i=1 i=1

By way of comparison, consider predictipg.; directly fromZy:

Ers1 lyra | Zr) = 71 I, (8)

S0¢7+1 = Ar41 With a prediction error:

yr+1 — Erq1 [yry1 | I7] = vrqa (9)

which is unpredictable frorfi; and hence nothing is lost predicting .., directly instead of ag-
gregating component predictions once the general infoomaetZ is used. In practice, if both
the weightsw; 71 and the coefficients of the component mod&ls.,, change more than the
coefficients of the aggregate modet |, forecasting the aggregate directly could well be more
accurate than aggregating the component forecasts. THeuggey issue in (say) aggregate infla-
tion prediction is not predicting the component price chemdout including those components
in the information sef;. This result implies that weights are not needed for aggimgaom-
ponent forecasts, and also saves the additional effort efifying disaggregate models for the
components.

Including the components in the information gtis quite distinct from restricting informa-
tion to lags of aggregate inflation, an information set weotetvy 7. Then:

Eri1 [yr+1 | Ir] = ¢/T+1u7T7



so that usingyr; from (8) and (9) gives:

yr+1 — Erg [yrs | Ir) = o0 Zr — Y Tr + vria, (10)

which must have largeMSE than (9), since according to section 2.1, although the ptiedis
based orZ; and Jr are both unbiased, the prediction based on the smallemiafiion set7r,
here only including the lags of aggregate inflation and naglisegate information, is less accu-
rate, and has a larger variance than the forecast baség.dhy7.; was unpredictable from both
information sets, i.eypr1 = ¢ = 0, then (9) and (10) would have equdBE.

2.3 Example

Let the DGP be a vector autoregression of order one in the coensy; ;:

T T _ v
( Y1t ) _ < 11 12 > ( Yi,t—1 ) + < 1,t > (11)
Y.t m21 T2 Y2,t—1 vt

whereE[v;] = 0, E[v;v}] = X, andE[v;v)] = 0 for all s # t. Furthermorey, = w; 1, +
(1 — w1 ) y24t, @s in a price index, where weights shift with value shaesding to:

ye = wig|(m1 — m21) Y- + (M2 — m22) Y2,4-1) + T2aY1,i—1 + T22y2,1—1

(12)
+wi v + (1 —wi ) vay.

2.3.1 Disaggregate forecasting model: True disaggregateqress known

The disaggregate forecasting model for known parameters is
@1,T+1\T _ T 712 N1
Z'/J\Q,T-i—l\T 21 722 Y21 ’

Y11 T = WLTHIY1,T+1 T T W2, T+1Y2, 741|T-

with:

Thus, the forecast error from forecasting the disaggregatgonents and aggregating those fore-
casts is:

Yr+1 — ZUT+1|T = Wi1,T+1 (Z/l,T+1 - 371,T+1|T) + wa 41 (Z/2,T+1 - 372,T+1|T) (13)

= W1, T4+1V1,7+1 + W2, T+1V2 T+1

which is unpredictable, independent of whether the weighgsknown or not known.

2.3.2 Aggregate forecasting model with known parameters: flie disaggregate process
known

In contrast to the first example where the disaggregate dstiey model is fitted to the process,
consider restricting the information set underlying theeéasting model to lags af alone, with
no disaggregates used. Furthermore, the true aggregatespris assumed known so that the true



parameters of the aggregate forecasting model are knowrettotecaster. In the following, to
simplify the presentation, it is assumed that; = wy; = 1,3 so thaty, = Y1+ + y2,.. Then the
aggregatey; based on the true disaggregate process (11) can be repidsnan ARMA(2,1)
process (for a proof see e.g. Litkepohl, 1987, Ch.4,1984a)

The VAR in (11) can be written aH(L)y; = v

1—mnul —m2l Y1t _ [ e (14)
—mo L 1 —mooL Y2t Vo ¢

Multiplying (14) by the adjoinfI(L)* of the VAR operatodI(L) gives:

1— al — a2L2 0 Y1t o 1— 7T22L 7T12L U1t
0 1-— ay — CLQL2 y2,t N 7T21L 1-— 7T11L 1127,5 ’
(15)

Furthermore, multiplying (15) by the vector of weigtits= (1, 1) of the disaggregate components
entails:
(1—a1L —asL?)y = (1 —biL)vry + (1 — baL)vay (16)
With a; = w11 + a9, ag = T19ma1 — W19, by = 791 + w99 @Ndby = w19 + m17. It can be shown
that the right-hand side of expression (16) is a process avitmMA(1) representation, so that the
aggregate process has an ARMA(2,1) representation: a; L — as L?)y; = (1 — yL)ug.
The model in (16) is used as a forecasting model based onftireniation set restricted to the

aggregate:

Ur+1 = a1yr + agyr—1 + viry1 — bivir + v ri1 — bove 17)

To derive the forecast error made, recall that the aggreggte= vy + + y2+. Then (16) entails:

Yt = a1y1t—1+ a2y1—2 +a1y2—1 + asys -2 (18)
+v1,¢ — b1v1 -1 + v — bavo 1
Since in this section, we have assumed that = wy; = 1 for ease of exposition, the disaggre-
gate process in (11) simplifies to

Y = (m11 + m21) Y1,6-1 + (12 + T22) Y2,-1 + V1, + V2. (19)

Then the forecast error of the disaggregate process is tydhe difference between (19) and
(18):
Uriyr = Y1 — YT
= (7M1 + m21) Y11 — a1y — G2y1,T—1
+ (12 + T22) Yo 1 — A1Y2,T — A2Y2T—1
+v1, 741 + V2741 — V1,741 + b1vr — va 741 + bova T
= (7T11 - 7T22) Yy1,7 — a2y1,7-1 + (7T12 - 7T11) Yo, 7 — A2Y2T—1
+birvir + bova T

3Results are easily extended to the case of different andtangng component weigths.

“More generally, it has been shown in the literature thathef disaggregate process follows a VARMA{), the
aggregate process follows an ARMA( ¢*) process withp* < (n —m) + 1 x pandq¢™ < (n — m) X p + g with
n being the number of variables in the system amdeing the rank of the matrix of aggregation weights (see e.qg.
Lutkepohl, 1987, Ch.4).



which will not be unpredictable in general. The entailedrieions are of the following forr

M| — M2 =
m2—7m11 = 0
az = —m1mop — Mi2m = 0

These restrictions will usually not be fulfilled simultamsty, sou; will be predictable fromy; ;—;
and/orys;—; (i = 1,2).

2.3.3 Aggregate forecasting model with unknown parametersTrue disaggregate process not
known

Alternatively, consider again restricting the informatieet to lags ofy; with no disaggregates
used. In contrast to the previous example, the true disggtgeprocess is not known. Conse-
quently, the aggregate process has to be approximatedthefudifference to the previous exam-
ple is that we assume that the aggregate is a weighted avefrtigeetwo disaggregates where the
weights are allowed to vary across components and changeimne

We approximate (11) by an autoregression of the form:

Yt = pYt—1 + Uy (20)
where:
§T+1|T = pyr-
Sincey; = w1 y14 + (1 — wit) Y24, (20) entails that:
Y = pwig—1y1e—1 +p (1 —wig—1)y2,e-1 + . (21)
Thus, the forecast errair 1 from forecasting the true disaggregate process (11) witbstin

mated AR(1) model is given by (12) minus (21):

aT+1|T = Yr+i1— ZUT+1|T
= (w141 [m1 — m21] + m21 — pwi,T) Y11
+ (w141 [m12 — m22] + o2 — p (1 —wi7)) Yo r
+w1 4101741 + (1 — w1 r41) V2,741,

(22)

which will not be unpredictable in general. Even for constaeights, the entailed restrictions are
well known to be of the form:

wy (1 —m1 —p)+ma = 0
wy (m2 — M2 +p) + (M2 —p) = 0

There is no reason to anticipate thiatan simultaneously satisfy both requirements (even less so
with time-varying weights), sar; will be predictable fromy; r andy, 7, as in the previous
example where the true aggregate process was known.

5(See e.g., Liitkepohl, 1984, for the implied restrictiomseiquality of the aggregate and the disaggregate forecast
model for a more general DGP).



These results indicate that it should improve forecastraoyuto include disaggregate infor-
mation in the aggregate forecasting model. The additioiftwlties in an actual forecast exer-
cise of the choice of the information set, estimation of wwn parameters, unmodeled breaks,
forecasting the weights, and data measurement errorshihdibtecaster faces, however, may be
sufficiently large to offset the potential benefits. The mmiestimation and model selection in a
conditional model is considered analytically in the nexitie® and is extended to a very simple
dynamic forecasts in section 4.1. Section 5 presents arrieal@nalysis for forecasting euro-area
inflation.

3 Model selection and estimation in a conditional model

When forecasting aggregates by disaggregates, the seléssue concerns retaining or omitting
the disaggregates. First, a general framework is congldarthis section to establish the role of
model selection and estimation in a conditional model. Thiemelate the discussion to the choice
of a forecasting model for forecasting aggregates by disggges.

We first state our notation. Consider the conditional resioesmodel:

yr = B'x; + 11 Where vy ~ IN [0,07] (23)

with x; ~ INg [p, 3] (independent normal, megn, varianceX) independently of v} . Then
usingE [-] to denote an expectation:

E[xixi] = pp' + 2 =Q, (24)

say withE [y;] = 8’u. The notation allows that one of the componentois a unit vector. For

~

largeT’, it is well known (see e.g., Hendry (1995) thg3] = 3 and:
VT (B-8) = Ny [0.0207"], (25)

so (V [-] denotes a variance):
Vv [B] ~ 2710
For k regressors with estimated coefficients and a known outsdeple value ok, denoted
x7+1, a forecast can be based on:

Ur+1 = B'xr41, (26)
when:
yr41 = B'xr11 + vy, (27)
with a forecast error:
~\ /!
Uil = Y741 — Yr+1 = (,3 - /3) X741 + VTt (28)

so that its conditional mean-square forecast eMBKE) is (lettingE [v741] = 0 andE [V%H] =
2\-
o;):

M [l//\T_|_1 | XT-|—1] = 03 + X/T+1V [B\] X741 = 0’3 (1 + T_IX/T_i_lﬂ_IXT_i_l) . (29)
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The unconditionaMSFE is obtained by taking the expectation of (29) over drawinhsg;
from its distribution, mainly using (24), in which case, J28mplifies to the well-known formula:

M [Dri1] =op (1+ T k). (30)

Even in a constant parameter setting, to judge selectior2®yréquires several aspects that
do not seem to have been addressed, and are discussed besoywiat criteria should be used
to judge the parsimony of the selected model? Researchins a$e ‘statistical significance’,
determined by the conventional rule that an obsetv&tdtistic exceeds its 5% significance level,
which is approximately 2. To avoid having to consider signsiranslate that criterion intﬁ_ >4
for thei-th variable. Since collinearity is likely to influence thiserved t-value, we first :analyze
that issue, then consider the converse problem of omitgteyant variables, and finally combine
these analyses to try to determine rules for model selection

The assumptions underlying the conditioMASFE (29) are quite strong since they imply
parameter constancy. For an extensive analysis of suctepnslof different parameter values in
the forecast regime the reader is referred to Clements & Fygii@99).

3.1 Collinearity

Factorize the variance-covariance maifixof the regressors; in (25) as2 = H'AH where
H'H = I, andHx; = z;, so that:
E [ztzg] =A (31)

and:
y; = ~'z; + v, where~y = HA. (32)

Clearly, despite the transforr§, = HJ3 and:
Iri1 =271 = BHHxr 1 = B'x741,
so neither estimation nor forecasting are affected. Then:

/ -1 / / -1 / 1A —1
xp 127 X1 = Xpy (H AH) xr41 = Xp  HA T Hxp
ko2

z4
! —1 i, T+1

= zp A Tz = SV (33)
i=1 v

On average, (31) entails thEFZ?,TH] = \;, and therefore, unconditionally:

ko2
E [xp 19 'xpy] = E [z; %] = k. (34)
Thus, substituting (34) in the unconditional value of (2gpia simplifies to (30). That result
shows that any ‘collinearity’ irk; is irrelevant to forecastingso long as the marginal process
remains constantAlternatively, the linear regression model is invariantlar linear, and therefore
orthogonal transforms, as shown in (32), so collinearityaan attribute of a model but only of a
particular parameterization of that model.
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3.1.1 Changes in collinearity in the forecast period

When 3 stays constant, but the regressor variance-covariancexn§atof the in-sample period
changes td2* out-of-sample, so the mean square of the marginal pracgss alters, withA
changing toA* then:
k 22T+1 kg
E vl i 35
e @
so that the uncondition®SFE is:
L
M [f/\T_|_1] ~ 012, (1 + 7! Z —Z> . (36)

)\,
i=1 "

Changes in the magnitude of the eigenvalue of the least wtdrohined3;, corresponding to
the smallest;, will induce the biggest relative changeshtjvr]. For example, let the smallest
Aj = 0.0001 where the change is & = 0.01 which remains small. Nevertheless;/A; = 100
rather than unity, so a dramatic increase in the MSFE anses ffetaining that variable.

3.2 Mis-specification

Consider a model based on prior simplification which hapgensxclude a regressor sgt ;,
where we partitionc; = (x}, : x3,) of dimensionsk; andk; respectively, wher; + k2 = k,
leading to the forecast:

Yre1 = X1,74101, (37)

wheregd’ = (3] : 8) and:

T -1/
By = (Z Xl,tX,Lt) (Z Xl,tyt> . (38)
t=1 t=1
Without loss for an analysis of forecasting, we considercéige wher& = A, so that®
Bre =EBi] = A pry = Bi + A A = B, (39)
wherepy, = E[x1 :y:]. The forecast error resulting &+ 1iSWr 17 = yr+1 — Yppq7 SO
Oripr =Xy r (B —B1) +x571182 + wry1, (40)
with expectation:

E [5T+1|T \ XTH] = X/1,T+1 (B1 — Bie) + X/2,T+1:82 = X/2,T+1182' (41)

The forecast is systematically biased ¥y, ;32. Whenxj 1,82 ~ x5,082 Vt = 1,...,T,
this bias is ‘absorbed by’, and reflected in, the in-samplienages, so the forecaBtSFE is close

to that anticipated from the in-sample estimates.. Howefer, ., differs markedly from in-
sample values, then serious forecast errors could reshirefore, in a non-constant parameter
process a change even in the excluded variables mattesrémalsting.

A similar result holds under non-orthogonal regressorsemacingA2» below by Q20 — Q2:1927,'Q12, and
retaining covariances.
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3.3 Mis-specification and collinearity

In this section, we derive the trade-off between the estonatosts from retaining a variable—
leading to an increased forecast variance—and the inatd@as due to mis-specification costs
when a variable is incorrectly omitted. We consider a precgsgh changing collinearity: note
that under general linear transformations, that would treca non-constant parameter process.
The conditional variance of the forecast etar, ;| due to the omission of a relevant variable
is:
E [(wT+1|T — E[@rpar | x741])° | XT+1} =o., (42)

S0 using the factorizations from section 3.1, the conditidASFE is (¢r denotes the trace):
E [w%”rllT | XT+1] = og, +tr {E [x1 141X 04 ] V [B]} + BIE [xo111%) 141] B2

k1
_ A X
= o2 <1+T 127) + BLAL,Bo. (43)
i=1 "
Thus, the net costs of inappropriate exclusion are giverhbyldst term relative to the ‘saving’
from not having the estimation cost of:
k
\*
71 iy
DIy
i=k1+1
This trade-off is central to selecting a particular speatfan from a class when the objective is
forecasting, albeit that the future values of tkfeare bound to be unknown, and is explored in
more detail in section 4.

3.4 Adding disaggregates to forecast aggregates
Lety, denote the vector ot disaggregate prices with elements where we illustrate using:
ye =Ty, 1+e: (44)

as the DGP for the disaggregates. ket= w;y; be the aggregate price index with weights
Then pre-multiplying (44) bwy;:

Yyt = wéI‘yt_l + wéet = /iwé,l}’t—l + (ng — ﬁwéfl) Y1+ wéet
= Kyi—1+ (P — kwi—1) yi1 + 1 (45)

whereg; = T'w;. Thus, even if the DGP is (44) at the level of the componemisggregate model
will be systematically improved by adding disaggregatdy tmthe extent thatp; — kw;_1 = 7
is both constant, and elements contribute substantivelygt@xplanation.

To relate (45) to (23), let; = p'x; be an aggregate variable (such as a ‘factor’ component),
so the analysis applies more widely than just price indexegggion, then (23) can be expressed
as’

yr = kze + (B — kp) x¢ + uy. (46)

"Even though (46) is perfectly collinear if the price indexigigs are unchanging, either any component can be
deleted or @cGetanodel selection approach can be adopted (see Hendry & igr@9i04) .
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This requires thaB is constant, and the choice of aggregate is a constant lfoeation of x;.
From (45), those conditions seem unlikely to be fulfilled wiiee regressors; in (46) arey; 1
andz; is y:—1 with p = w;_1. If s0, the additional role of disaggregate information rgust the
aggregate in (46) is represented by the extent to which xp for each variable. This is similar
to (45), with the added requirement of constancyrof

Four distinct types of change can be distinguished in (45):
a) changes in the price index weights ; can be due to changes in expenditure shares with con-
stant correlations between the disaggregates;
b) changes in the second-moment matrix of the disaggregates(i.e., in the regressor correla-
tion structure) can change collinearity, inducing the&fenoted in the previous section;
¢) changes in the parameteps of the disaggregates, so the role of the disaggregate seygeis
non-constant; and
d) changes in the autoregressive parameter
All four potential shifts influence the decision of whethemot to include (or model) the disag-
gregates, and might hamper possible improvements in teedst of the aggregate from adding
disaggregate variables ; to a model with lags of the aggregate already included. Thetfiree
of these shifts favour an aggregate model, and could do soiexés not constant. The selection
issue in this context, therefore, concerns omitting oringig the disaggregates, where the trade-
off is between the impact of changing collinearity incregsiorecast uncertainty as described in
section 3.1.1, and the mis-specification costs of omittelguant regressors considered in section
3.2. We evaluate that trade-off in a non-constant-paran@tecess in section 4, which estab-
lishes that for retention of disaggregate variables to lkeéulighe non-centralities of their squared
t-statistics in (45) must be greater than unity.

Given these results, we now consider the selection of adsteg model.

4 Model selection for forecasting

The central issue of this paper is how to select a forecastiodel given the considerations dis-
cussed above. When forecasting aggregates by disaggetfateselection issue concerns re-
taining or omitting the disaggregates. First, a generahé&waork is considered in this section to
establish the role of model selection and estimation in alit@mal model. Then we relate the

discussion to the choice of a forecasting model for for@éegsiggregates by disaggregates.

If all relevant variables were known and only those wereudet, and the observation to be
forecast was a random draw from the same population as tinea¢isin sample, then (29) would
correctly represent the resultidSFE. If the ‘most-accurate forecast’ is defined by minimizing
M [Ur41|x7+1], then criteria for trying to select that model can be deteadi The central trade-
off is between retaining or omitting variables that will inope the accuracy of the forecast mean,
where retention will add to the forecast-error variancetidéahe deliberate use of the word ‘will’:
even under the conditions stated here, (26) depends onttied farecast origin (i.exzr.1). When
x7+1 can differ markedly from any in-sample observed value, rholeice can differ from that
conventionally supposed, and that issue is addressed .below
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To relate theMSFE conditional onz7; in (43) to the unconditionaMSFE in (36), we
express the former in terms of the non-centraﬁg}/ of the expected values of thi&tests on the
B2,; in the DGP noting that:

ByA220s = Z BN (47)
i=k1+1
Let the non—centralityrgj of the t>-tests on3; be expressed in terms of the true parameters of the
DGP: .
2 2 2
o _ B e THA

T3, — ~
R 72

From (43) and (48), the conditiondISFE E[EQTH\T\XTH] from using only the first set
of regressors<; r41 and omitting the secong, r; can be related to the condition®ISFE
E[@%+1|T|XT+1] from using all the variables as:

(48)

k TﬁQ)\*
EWT+1|T‘XT+1]:% 1+7 Z +T >, 5
j=k1+1 w

[\

2\ *
=2 |1+T7! Z = + Z )\—
Jj=k1+1
02 & i
= E[@}yr | X + =y (3 -1) = (49)
j=k1+1 J

For a simplified model to out-perform relative to the unrestd requires that the averagéj
be less than unity for the omitted variables. In such a caselected model can out-perform
the estimated DGP, as well as less parsimonious estimatdeélsndOmitting irrelevant variables
(ng = 0) is clearly sufficient to justify selecting the simplified dwed, but is not necessary. If there
is no change in collinearity between the regressors in thecést period in comparison with the
in-sample period, i.eA = A;, the cost-benefit trade-off from (43) relative to (36) ongpends
on Z;‘f’:kl 41 ng relative toks, but (49) reveals considerably more structure to the chaimieed,
when collinearity between the regressors is changing irffdrexast period, e.gA> # A;, then
the general formula in (49) is needed. Changes in collibeaffect forecasts from both included
and incorrectly-excluded variables, so simply omittinghty collinear regressors is not a viable
solution for selecting forecasting models.

For the illustrative case of;, = 1 (which implies omitting one relevant regressor) then the
cost (or benefit) of omission is simply:

T 162 (Tgk — 1) =, (50)
If that variable is irrelevant, sogk = 0, and\;, > \; by aratio of 100 (say), there is a dramatic

benefit to correct omission. Converselyrgk = 2 (as the symmetric case), an equally large loss
occurs. However, the probability of retaining such a vddaimt-testing also rises Withgk.
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Notice that (49) is based on thﬁk in the DGP, not the observegkz0 that happened to arise
in-sample when estimating the model. Becausetgt;go have a sampling distribution even in
the DGP, selecting those variables that happen to have\minh%"k:o values larger than unity
will lower calculatedMSFE (as shown above), but will not lower the trt@SFE unless they
correspond togj > 1. Of coursey; is not observed, only _,. Under the null thag,, = 0, the
squared-test,t3 _ is:

2T 2
th—o = W ~x3 (0), (51)

w

So:
E [t,%k:() ‘ Tgk = O] =E [X% (0)] =1
Consequently (see () Johnson & Kotz, 1970):

Eth ol 75 #0] 21+75. (52)

Thus, although retention under the null would be 50% for geddn wheret%k:0 > 1 (only one
tail of the distribution is relevant singg, # 0 can have either a positive or a negative sign), the
result in (52) suggests requiriﬁ@k:0 > 2 as correct cut-off for retaining the associated variable.
In the present context, the disaggregate prices are integlated, and seem to have chang-
ing collinearity, with weights that are also changing in fitece index. In the empirical study,
the weights in first year of the out-of-sample period chante,l but change between 0% for
processed food inflation up to almost 6.5% for energy inflatio 1999 over the previous (last
in-sample period for 12 months ahead forecasts) year. thaedlinearity between components is
changing from the in-sample to the out-of-sample period @go over the forecast period).
Should some of the disaggregates have non-zero effect8)ntfe costs of omitting them are
the mis-specification effects in (49). We assume their reced, after including the aggregate
information, is not too large, sa;yglc < 9. Retaining a variable with a value mgk = 1 carries
the same cost as omitting it, namefy "o \;/Ax: smaller7j favour omission, larger favour
retention. If the DGP were by chance specified as the initiadieh but tested in a conventional
manner, then variables wit;ljgkzo = 2 would be retained on average (i.e., half the time) only if
o = 0.16. Interestingly, that significance value is close to the inipsignificance level of AIC
whenT = 100 for a range oflV (see Akaike (1973) and Campos, Hendry & Krolzig (2003)).
The probability-weighted data-based omission costs fré®n \(vhenrgk = r are:
2 2 -1 _2 )‘It
P (tﬁkwcp) <calTh, = T;a) T o (r—1) N

Table 1 reports these costs for integer value? gfrgk < 9, with o = 0.16, and reveals that they
are remarkably constant across the range of rele\@malues considered.

Conversely, because a large number of candidate regréssoesated by entering all the dis-
aggregates at several lags, adventitious significanckeilyliwith N irrelevant candidates and a
significance level ot, thena NV will be retained by chance. If such a loose significance legel
o = 0.16 were used for a general model with = 20, then3 irrelevant variables would be re-
tained on average, with costs E2:1 aiT‘%\Z /. This corresponds roughly to the total effect
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Table 1 Probability-weighted omission costs.

Tgk =r|(r—1)xp (t%k(DGP) < cq | Tgk =ra= 0.16) cost
2 1 x 0.50 0.50
3 2 x0.37 0.74
4 3 x0.28 0.84
) 4 x0.21 0.84
6 5 x0.15 0.75
7 6 x0.11 0.66
8 7 % 0.08 0.56
9 8 % 0.06 0.48

for four terms from table 1. A larger value of than 0.16 would lower the costs in table 1 and
raise the retention rate for irrelevant variables, suggggierhaps seeking equality for a givéh
to minimize their total costs.

4.1 Dynamic forecasts

The analysis of open models, where some variables are nogenaed, is difficult primarily
because the properties of the ‘explanatory’ variables aspecified. In practice, for multi-step
ahead forecasts, either those variables have to be foeecadtline’, which is reliant on untested
strong exogeneity assumptions, endogenized for the fetedaking ill-specified relationships, or
multi-step estimation has to be adopted. The last of thebe isubject of other research (seter
alia Bhansali (2002) and Chevillon & Hendry (2004)) and will n& &ddressed here except for
some empirical results presented in section 5.

Moreover, the importance of parameter-estimation uniceytas heavily dependent on the pos-
tulated nature of the DGP and the specific transformatioriseo¥ariables to be forecast. Specif-
ically, if the DGP is near non-stationary, but treated atistary, and the horizon is relatively
long compared to the estimation sample period availabln frarameter-estimation uncertainty
plays a fundamental role: see e.g., Stock (1996). The ofgpestreme is when the DGP is sta-
tionary and a long estimation sample is available, in whiakecestimation becomes relatively
irrelevant as the horizon increases: see the results ingC&dthendry (1986), noting the potential
non-monotonicity of interval forecasts after the first fewps ahead. In between, there is often
a surprisingly small component of forecast uncertaintyviteg from parameter-estimation uncer-
tainty: see Clements & Hendry (1998), although cases whenatiers also occur, as in Marquez
& Ericsson (1993).

4.1.1 Estimation Uncertainty

To illustrate the changes which arise in the impact of patarstimation uncertainty in dynamic
forecasts from dynamic models, we use the first-order agrtession discussed in Clements &
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Hendry (1998):
Yyt = pyr_1 + € where e; ~ IN [0, a?] )

when|p| < 1, E[y] = 0, andE [y7] = 07 = 02/ (1 — p?). Projectingh-steps ahead:

h—1

yren = p"yr + > perin—j, (53)
j=0

so the conditional forecast error fropg, ;7 = Py is:

h—1

€T LhT = YT+h — YT+hT = (Ph - ﬁh> yr + Z plerin—j. (54)
=0
On aMSFE measure whergh. = yr /o,
Mara) [€renr | yr] ~ o)) [(1 - th) + TR e (1 - p?) yTTQ] : (55)

The first term is due to the error variance accumulation ashithizon grows, and the second to
parameter-estimation uncertainty. As is well known, oléEb) is not monotonic in the horizon,

as the second term tends to increase first before convergingrd. Unconditionally, averaging

acrossyy|” yields:

= o2 (1—p*h o2 -
Marq) [ernr] = ﬁ + ThQPQ(h b, (56)

4.1.2 Simplification

One practical alternative to estimating an unknown paramgto restrict it to zero, such that the
corresponding regressor is omitted. Consider the congégiecast based on omitting the lagged
dependent variable, so the forecast becomes the uncoraitieean of zeroyr, = 0 Vh with:

Maro) [Ersnr | yr] = of [(1 - P%) + chyr?] : (57)

The first terms in (55) and (57) are the same, so the relMBEE difference, denotef (¢, €, h),
is:

Maro) [€r+nrlyr] — Maray [€rsnrlyr]

R(€€h) = 5
Oy
= TR0 (1= ) [ - 12 o, (58)
where: )
2 _ Tp
Tp=0=7_ 02

is the non-centrality of the-test ofHy: p = 0 in the DGP equation. Thusp?:O > h? is necessary
in (58) for an improvement over simply using the uncondiilomean. For a 1-step forecast, the
criterion is simpIyTpQ:O > 1. Notice thatlO0R (€, €, h) is the loss/gain as a percentagewgf
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As an illustration, ifl" = 20 andp = 0.4, thenTp?:0 ~ 3.8 SO foryr}2 =1:
R(¢,€,1) =0.12; R(¢,62) = —0.001; R(¢,€ 3) = —0.006;

whereas whep = 0.8, 72_, =~ 35.6 with:

R(€¢1)=0.62; R(562) =036 R(€63) =020 R( 12)=—0.01,

and the sign reverses at= 6. For largerp, the sign reverses even later. Once the sign changes,
however, the percentage loss stays small, so itis irretéfither the conditional or unconditional
forecast is chosen for longer horizons.

We conclude that for the simple AR(1) model:

(1) there is a clear and measurable trade-off between the cbsstimation and those of omis-
sion;

(2) the trade-off relates directly to the significance of ¥iaeiable in the DGP equation via the
non-centrality of the-test;

(3) the costs ar®(7'), but could nevertheless be large;

(4) the trade-off criterion becomes more stringent as theckst horizon increases; but

(5) once the costs are balanced at some horizon, they stdyfemanger horizons.

Points 1.-5. seem to suggest selecting different model#fatesht horizons. However, the
last point is crucial for model selection: even relativeigignificant estimates should contribute
to forecasting (i.e., variables Witljf:0 > 1). Replicating this finding in more general settings
suggests that one need not worry greatly about point 4. leratiords, provideckg:0 > 1, then
even ifT/f:O < 4 say, there will be a gain at 1-step, and little additionaslfis horizons beyond
4, so the advantages of switching specification after 1 are unlikely to be large. Nevertheless,
checking on the properties of multi-step estimation in tuistext for more general models would
be worthwhile. However, the VAR setting considered by Cletee% Hendry (1998) did not
deliver any clear recommendations.

5 Empirical results for euro area inflation

In this section, we analyze empirically the following quess: First, does including the disag-
gregate variables in the aggregate model improve the dioeetast of the aggregate? Second,
is including disaggregate information in the aggregate ehbétter in terms of forecast accuracy
than forecasting disaggregate variables and aggregdttoss tforecasts? Third, does it improve
the indirect forecast of the aggregate to include aggreég&iemation in the component models?
Fourth, does including additional macro-economic predgimprove the aggregate forecast? We
relate the findings to the predictability results from sect? and the analytical results regarding
the effects of model selection and estimation from sectiowBether we find that the result from
a general theory of prediction that including disaggregatébles does improve predictability of
the aggregate will hold empirically, will depend on the effef model selection and estimation,
i.e., on the trade-off between improving the forecast aaoupf the mean by retaining a variable
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in the model on the one hand and adding to the forecast errimnea on the other hand. In the
context of forecasting an aggregate by disaggregates ithsewend on how collinearity and com-
ponent weights change over the forecast period. Howevdheatheoretical implications above
assume the absence of other complicating factors, sucleat$do shifts and measurement errors,
which may play an important role in practice.

5.1 Data

The data employed in this study include aggregated oveil@PHor the Euro area as well as its
breakdown into five subcomponents: unprocessed food, ggedeood, industrial goods, energy
and services prices.

This particular breakdown into subcomponents has beereohosaccordance with the data
published and analyzed in the ECB Monthly Bulletin. A rangexplanatory variables for infla-
tion is also considered: Industrial production, nominaheyM3, producer prices, import prices
(extra euro area), unemployment, unit labour costs, contgnpdces (excluding energy) in euro,
oil prices in euro, the nominal effective exchange rate efabrd, as well as a short-term and a
long-term nominal interest rate.

The data employed are of monthly frequefcstarting in 1992(1) until 2001(12). This rela-
tively short sample is determined by the availability ofad&dr the Euro area and has to be split
for the out-of-sample forecast experiment. Seasonallystefi data have been cho¥thecause
of the changing seasonal pattern in some of the HICP subaoemp® for some countries due to a
measurement changdé.

The month-on-month inflation rates (in decimals) and the-peayear inflation rates (in %)
of the indices are displayed in Figures 1 and 2, respectively

We have carried out Augmented Dickey Fuller (ADF) tests fibHACP (sub-) indices (in
logarithms), since Diebold & Kilian (2000) show for univai® models that testing for a unit root
can be useful for selecting forecasting models. The testbased on the sample from 1992(1) to
2000(12). This is the longest of the recursively estimatdes in the simulated out-of-sample
forecast experiment (see Section 5.3). The tests do nait negm-stationarity for the levels of
all (sub-) indices over the whole perid8l. Non-stationarity is rejected for the first differences
of all series except the aggregate HICP and HICP servicesthEdirst differences of the latter
two series, however, non-stationarity is rejected for ladirger recursive estimation samples up to
2000(8) and 2000(7), respectively. Therefore and becdutbe tow power of the ADF test HICP
(sub-)indices are assumed to be integrated of order one iarthlysis and modeled accordingly.

8ECB effective exchange rate core group of currencies ageins.

SExcept for unit labour costs which are of quarterly frequeand have been interpolated.

10Except for interest rates, producer prices and HICP enémafydo not exhibit a seasonal pattern.

"The data used in this study are taken from the ECB and Eurostat

2The ADF test specification includes a constant and a lineadtfor the levels and first differences. The number of
lags included is chosen according to the largest signifieanon a 5% significance level.



20

0.006- HICP aggregate 0.021- HICP unprocessed food
0.004+- 0.01

0'002} [\/\/\ 0.00

0.000 8 VJ\M ) /

199219931994 19951996 1997 1998 1999 200020012002 199219931994 19951996 1997 1998 1999 20002001 2002
0.005

[ HICP processed food ) .
0.004 0.0050- HICP industrial goods
0.003- O'OOZS%WV\/L\
0.002- L /W\
0.001} 0.0000 AvMﬁM\A/\/\VAV \J
0.000 e e e @

199219931994 19951996 1997 1998 1999 200020012002 199219931994 19951996 1997 1998 1999 20002001 2002

0'0067 HICP services 0.04L HICP energy
0.004+-
L 0.02
0.002-
L W 0.00
0.000 | f

r V ! -0.02
199219931994 19951996 1997 1998 1999 200020012002 199219931994 19951996 1997 1998 1999 20002001 2002
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5.2 Forecast methods and model selection

Different forecasting methods using different model sedecprocedures are employed for both
direct and indirect forecast methods, i.e., forecastinGMinflation directly versus aggregating
subcomponent forecasts. We employ simple autoregres8iRg hodels where the lag length
is selected by the Schwarz (SIC) and the Akaike (AIC) criteniespectively (see e.g. Inoue &
Kilian, 2005). We include a subcomponent vector autoreiwesmodel (VAR“) to indirectly
forecast the aggregate by aggregating subcomponent stseddle use a VAR including the aggre-
gate and the components, VAR*"?_ to investigate the hypothesis from section 2 that inclgdin
component information in the aggregate forecast model ongs the forecast of the aggregate.
We include a VAR where the lags of the aggregate and the coemp®mre automatically chosen
usingPcGets VAR‘g’e%f“b (see Hendry & Krolzig, 2003). We also include results fotdéaenod-
els where factors are estimated from disaggregate prioenmaition by principal components ((see
Stock & Watson, 2002a, 2002bjy.

In a second group of methods, we include additional macrumoec predictors in the VARs
of the aggregate and the components, respectively. Thigogrludes two VARSs with a set of
domestic and international variables, the VAR where the specification is the same across the
aggregate and the components, and the ¥AR where the specification is allowed to vary across
components. Furthermore, a VAR including potentially alfiables, i.e., aggregate, components
and other macroeconomic predictors, \/ - 995ub 'is considered? The lag length of the VAR
is selected on the basis of t8dC, the AIC and an F-test® Finally, factor models with factors
based on disaggregate price information and other maanoetc variables as considered in the
VARSs are included in the forecast comparison.

5.3 Simulated out-of-sample forecast comparison
5.3.1 The experiment

A simulated out-of-sample forecast experiment is carrigdto evaluate the relative forecast ac-
curacy of alternative methods to forecast aggregate HI@Ryusformation on its disaggregate
components as opposed to aggregating the forecasts of HiliBrmponent models or forecasting
the aggregate only using aggregate information. One tosensgbp ahead forecasts are performed
based on different linear time series models estimated aursiwe samples. The main criterion
for the comparison of the forecasts employed in this stuslynaa large part of the literature on
forecasting, is the root mean square forecast eRM$FE).

Table 2 and 5 present the comparison of the relative foremasiracy measured in terms of

Balternatively, the methods suggested by Forni et al. (2@G8@) Forni, Hallin, Lippi & Reichlin (2001) might be
applied.

YFor the forecast accuracy results presented in the tablésisogection model selection procedures are carried out
on the basis of the first recursive estimation sample unfiB{B). However, recursive model selection was carried out
for the most relevant models. The results did not suggesaagehto our conclusions.

51t should be noted that due to the large number of parametetitei high-dimensional VARs the maximum lag
order was chosen on the basis of a rough rule such that tHentotdoer of parameters in the system would not exceed
half the sample size.
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RMSFE of year-on-year (headline) inflation of the direcefmast of aggregate inflatior\(2p*99)
and the indirect forecast of aggregate inflation, i.e. thgregated forecasts of the sub-indices
(A12p297). The results for 1-,6- and 12-months ahead forecasts asepted.

5.3.2 Aggregate and disaggregate information

First we compare methods only based on aggregate informasiopposed to forecast methods for
the aggregate including disaggregate variables in addifiee Table 2, column for direct forecast
for each forecast horizon). Within the framework of the gah¢heory of prediction we have
shown that including disaggregate variables in the ag¢eegadel does improve predictability of
a variable (see section 2). We find that the direct forecasgusVAR including the aggregate and
subcomponents where the variables are selected by PcQe&/4/", performs slightly better
in RMSFE terms 1 month ahead than directly forecasting the aggregittean AR model only
including lagged aggregate information with the lag lerdgtermined by the SIC criterion. Thus,
our RMSFE results for the VARYS** for h = 1 confirm this predictability result in a forecast
experiment. However, the model including the aggregateafirssibcomponents, VA:F%Q’S“b does
not provide a more accurate forecast of the aggregate tleaautioregressive models AR and
ARAIC

Furthermore, we investigate the accuracy of forecastiegatigregate directly including dis-
aggregate variables relative to the forecast accuracy difeictly forecasting the aggregate by
aggregating component forecasts based on an AR model ocarspbnent VARY ARS%, (Ta-
ble 2), i.e., the way previous literature has been takergdiegate variables into account (see e.g.
Hubrich (2005)). The VAR model that outperforms the otheecli forecast methods of the ag-
gregate, VAR5 also exhibits higher forecast accuracy for the indirectdast than all other
methods forh, = 1. Thus, including aggregate variables in the disaggregatgeinmproves fore-
cast performance for short horizons. The R’ does also outperform the Vﬁ’ﬁg’sub, where
the variables and lag length are the same across the aggeeghtomponents, fér= 1.

Overall, the direct forecast including the aggregate armt@omponents is best for 1 month
ahead forecasts if no additional macroeconomic indicatteonsidered. That confirms within a
forecasting set-up the results derived with respect toigtegdallity in section 2, i.e. that forecasting
the aggregate directly including disaggregate infornrmaiiothe aggregate model might perform
better than aggregating component forecasts. Figure 3sstimt/the one months ahead forecasts
from the different methods are very close to actual yeayear-inflation. The differences between
the different methods for one month ahead forecasts appbarduite small. Figure 4 presents the
forecast 6 months ahead. Six months ahead forecasts obgegear inflation do generally rela-
tively well. The graphs show that the differences in RMSHiEsbetween some of the forecasts
are relevant to be considered when choosing the forecastoug!l.

More important from a monetary policy point of view is the 1@mths ahead forecast. Here we
find that the direct forecast including disaggregate infation (VAR?lg)g’S“b) is clearly better than
the indirect forecast based on AR or VAR models of the comptmerlhe low forecast accuracy
of aggregating subcomponent models is analyzed in Hub#86R5), and it is found that this is
due to unexpected shocks that occur in the forecast peridciect some or all components in
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the same direction so that forecast errors do not cancethémnore, predictability in the sense
we have defined in section 2.1 is low for some component sanidgheir unconditional variance
is large. Consequently they are very difficult to forecastisTeads to low forecast accuracy of the
indirect forecast of the aggregate. Hubrich (2005) ingadés whether forecast combination of
different methods improves forecast accuracy of the compiznand hence the indirect forecast of
the aggregate and finds that this is not the case. Howevectljiforecasting the aggregate using
VAR‘(If)g’S“b is very similar in terms of forecast accuracy to using theeamodel, i.e. including
all disaggregate variables and the aggregate, for theeicidiorecast. Including the aggregate in
the component models seems to improve forecast accuratye afggregaté® We find that the
indirect forecast based on a VAR including subcomponenth no lags as chosen by the SIC
exhibits higher forecast accuracy than all other indirecé¢ast methods. This model represents a
random walk with drift for prices for each of the componentd #or the aggregate and is selected
by theSIC for theV AR*", theV AR®995%> and thel” AR™. However, the direct forecast using
a simple AR model does lead to the highest forecast accu2aayahths ahead overall.

Table 2 Aggregate and disaggregate information, Relativeofecast accuracy: Average
RMSFE ratios over AR(p) of year-on-year inflation in percentage points .

horizon 1 6 12
method direct | indirect | direct | indirect | direct | indirect
Aap™9 | Avapiay | A1ap™9 | Avapori | A1ap™9 | Ajopes]
ARSIC 0.137 | 0.139 | 0431 | 0.478 | 0.740 | 0.880
ARAIC 1.015 | 1.014 | 0.937 | 1.000 | 1.245 | 1.027
VAR(S) 1.086 1.402 1.593
VAR (#70 1.007 | 0.993 | 1.039 | 0.937 | 1.035 | 0.876
VAR5t 1.044 | 1.036 | 1.046 | 0.939 | 1.081 | 0.9I3
VAR 45 0.978 | 0.964 | 1.079 | 0.960 | 1.124 | 0.933
VAR{#EP | 1,029 1.030 1.042
VAR{# <P | 1,007 1.009 1.022
VAR (o ef 1.007 1.019 1.030

Note: RMSFE displayed forAR<SIC) model, Recursive estimation samples 1992(1) to
1998(1),...,2000(12), Super and subscripts indicate hemdection procedure, SIC: Schwarz criterion,
AIC: Akaike criterion, VAR*?: VAR only including subcomponents, lag order= 2, VAR®99-5ub:
VAR with aggregate and subcomponepts- 0 (SIC),p = 1 (AIC), VAR “ngtjf“b: VAR with aggregate
and subcomponents selected by PcGets, liberal strategynH&rKrolzig (2001)

For a 12 months ahead horizon the Vgifisub outperforms the VAR in contrast to

ets

the one-month ahead result. Furthermore, note that the/ ARerforms better than the AR®
for one and twelve months ahead forecasts in line with thaltsees section 4.1 that the trade-off

181t should be noted, however, that this result depends oratinéehgth of 2 suggested by the F-test. A lag order of
zero as chosen by the/C, representing a random walk with drift for prices, providesiore favourable result for the
indirect forecast with no aggregate included in the compbreodels.
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between costs of estimation and omission becomes morgestitias the forecast horizon increases
(see also Inoue & Kilian (2005) for a comparison of the SIC t#radAIC).

Table 3 Factor models based on disaggregate prices only, RM& and average RMSFE
ratios of direct forecast of annualised inflation in percenage points .

| horizon | 1 | 6 | 12 |
RMSFE ARY¢ 0.180| 0.396 | 0.780
RMSFE ratios over AR/¢

pre-test(5%) 1.003| 1.075| 0.999
FM(f1) 1.036| 1.101| 1.084
FM(f2) 1.016 | 1.078 | 1.046
FM(f3) 1.024| 1.097 | 1.067
FM(f4) 1.044| 1.086 | 1.105
DFM(f1)%1¢ 1.117| 1.157| 1.390
DFM(f2)51¢ 1.013| 1.110] 1.007
DFM(f3)51¢ 1.029| 1.225| 0.955
DFM(f4)51¢ 1.062| 1.333| 1.116

Note: RMSFE for ARS/®) model, Recursive estimation samples 1992(1) to 1998(2p00(12), Su-
per and subscripts indicate model selection procedure, &iwarz criterion, pre-test: 5% sign. level,
based on Newey-West adjusted heteroscedastic-seriastamtdeast-squares regression, FM(f): factor
models with 1,2,3,4 factors, DFM(’HC: dynamic factor models with 1,2,3,4 factors with factor lag
lengths chosen by SIC

Although perfect collinearity between aggregate and campts does not pose a problem
due to annually changing weights in price indices, we preadditional results where different
subsets of price components are selected. Comparing &raceuracy of the VAR9:»5P/  the
VAR9:€ufPf and the VARYYuf we find that selection from disaggregate variables seems to
improve the forecast accuracy. When we exclude processedrifiation from the VAR99-¢:4/.pf,
the lower dimensional VAR9-¢%/ does perform worse than the VAR-¢*f»f in particular for
h = 12. Therefore, the decline in collinearity of the excludediable and the variables in the
system does matter for the forecast accuracy of the metleedalso section 3).

Figure 5, in the upper two panels, shows the relevance ofiffezahces in the forecasts for
h=12 discussed above from a monetary policy viewpoint,a.difference between 0.2 up to almost
2 percentage points for some methods in some periods of teedst period is clearly relevant
in this context. Tests to compare the significance of thesuifice in forecast accuracy are not
carried out due to their poor size (and power) propertiesriallsforecast samples as considered
here (for simulation evidence see e.g. Harvey, Leybournesivbbld (1997)).

In section 3.4 we have analysed theoretically the effectdiftdrent types of changes influ-
encing forecast accuracy of the aggregate model includisggdregate components. We now
analyse two of those changes in the context of forecastingarea inflation: a change in compo-
nent weights and a change in collinearity of disaggregajeessors.

There is some change in (consumer spending) weights of eeagace components: Weights
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Figure 5 Year-on-year inflation rate and forecasts in %, 12 monthadeolid line: actual, Fdir: direct
forecast of aggregate, Find: indirect forecast of aggeegat
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decline between -3.9 % and -1.3 % annually on average ovepréwious year over the forecast
evaluation period for unprocessed food, processed foodirahgstrial goods prices, where in
one year for example the decline is almost -9% for unprock&s®d. For energy prices weights
decline by -6.5% in 1999 and then increase by 3.4% and 5.6$ectively. Service price weights
increase by 3% on average per year over the forecast ewalysdiiod. These changes in weights
mean that the relevance of the changes of, say, unprocessegrices for the aggregate declines
over the forecast evaluation period so that positive shaxkmprocessed food prices does affect
the aggregate less, whereas the positive shocks to enaogg gvill affect the aggregate more in
the future.’

Second, we analyse the change in the correlation structitgebn the aggregate and the
components over the forecast evaluation period. Tablegkpts the correlation matrix, where the
upper triangle represents the correlation for the firstretibn sample until 1998(1) and the lower
triangle represents the correlation for the last forecastme up to 2001(12). Most of the time
correlations between aggregate and components, particldege declines are observed between
Ap®99 and Ap®. Overall, correlations between the aggregate and the coemp® decline. In-
cluding the respective component(s) in the forecast modghinthen lower forecast accuracy by
increasing estimation uncertainty. This might help exptaj that selection pays according to the
results in Table 2 where the VA&,*** outperforms all other models one month ahead. Further-
more, correlation among disaggregate components includbé models decline, i.e. collinearity
is lower between the regressors. This will affect forecasueacy as discussed in section 3. A
particularly large decline in correlation can be foundp*/ and ApP/ as well asAp’ and Ap®.

In some cases even the sign switchag*/ and ApP/, Ap*f and Ap as well asAp® and Ap?,
with low negative correlation between those componentgherlongest sample. This increases
the costs of omission of the respective components, as &rappin the lower forecast accuracy
of the more parsimonious model Vﬁgf)?’e’“f in comparison with VAI?ff”e’"f’pf.

The above effects favour an aggregate model, in particolalohger forecast horizons as a
year, in the sense that an aggregate only including lagsechd¢igregate might be a more robust
forecasting device when the effect of changing weights amichearity on the trade-off between
the costs of estimation and those of omission is unknownaipri

Table 3 presents the results of different factor modelsdasalisaggregate prices only. Only
one of the models improves over tHe?>’¢ 12 months ahead. Please note that these results are
not directly comparable across all horizons with the presitables since here direct multi-step
ahead forecasts are carried out and forecast accuracylimtm for annualised inflation (instead
of year on year inflation as in the previous tables). An irdeing result for the 1 month ahead
forecast is that the difference between the RMSFE basedeofR({SIC) model presented in table
3 (RMSFE 0.180) and the results in table 2 (RMSFE 0.137) igddltiee annualised representation
of the underlying model. The forecast model based on arsedilnflation seems to perform worse
than the month on month forecast evaluated on the basis gktireon-year transformation of the
forecast. A further result of interest is that the direct tinstiep ahead forecast of aggregate euro

"The indirect forecast of the aggregate by aggregating thgooaent forecasts is also affected since the weights are
used for aggregation.
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area inflation 12 months ahead, where it is comparable instefrthe underlying transformation
with the iterative procedure, is somewhat worse than thatitee 12 months ahead forecast based
on the AR(SIC) model.

Table 4 Correlation matrix of first differences of log prices. upper triangle sample until

1998(1), lower triangle sample until 2001(12).

Ap9s | Ap/ ApP! Ap' Ap* Ap°
Ap*99 1 0.27931 0.43579 | 0.63135| 0.70929| 0.60797
Ap*f | 0.3229 1 -0.22429 | -0.1362 | -0.13113| 0.036102
Ap! | 0.34893| 0.028023 1 0.41859 | 0.52704 | 0.0048911
Ap' | 0.53733| 0.044988 | 0.28777 1 0.61273 | 0.085604
Ap® | 0.49376| -0.06515 | 0.51041 | 0.45057 1 0.10458
Ap¢ | 0.7071 | 0.0076403| -0.078966| 0.039373| -0.06116 1

5.3.3 Extending the information set further. Macroeconomc Predictors

In Table 5 theRMSFE results for models including additional macroeconomiajmi®rs are pre-
sented alongside the most relevant methods only includjggegate and disaggregate informa-
tion. Including relevant macroeconomic predictors charpe findings. In that case, the indirect
methods tend to perform better one month ahead and the atimmal VAR (VAR™) does out-
perform all other indirect forecasts and also the directdasts forh = 1 andh = 6. Even a
VAR method that initially allows for all variables to entdret forecast model where the relevant
variables are selected (VAR.,) is outperformed by the VAR!. This can be explained by our
analytical results in section 3 that imply choosing a loogmiicance level in forecast model
selection.

The 12 months ahead forecast of the VARis more accurate than the V/%f)?’sub model
including the aggregate and its subcomponents. For thigdrothe VARY9Ys“ outperforms
VARYS5"* However, the AR model is now performing best overall, evettes than the VAR,
Regarding the indirect methods the VAR including aggregafiermation instead of macroeco-
nomic predictors performs best. The lower two panels of &gbirshow the relevance of the
differences in the forecasts for h=12 when additional measaomic predictors are included in
the models from a monetary policy viewpoint.

Overall, including additional macroeconomic predictargroves the forecast accuracy of
directly forecasting aggregate inflation over all otheeéinmodels considered except for a fore-
cast horizon of 12 where the AR model outperforms all the rsth@his might be attributed to
the change in collinearity between the explanatory vaem®rhich will influence the trade-off in
forecast model selection between retaining and omittimglkes (see section 3). Examining the
change in correlations between the variables included éniR™* reveals that the collinear-
ity is changing over time, with weaker (positive or negatigerrelation between many variable
for the last recursive estimation sample up to 2000(12) thahe first sample up to 1998(1).



Table 5 Including macroeconomic predictors, Relative foreast accuracy: Average RMSFE
ratios of year-on-year inflation in percentage points .

horizon 1 6 12
method direct | indirect | direct | indirect | direct | indirect
A1ap™9 | Aapidd | Aap™9 | Aopidy | Aap™9 | Aapisy
ARSIC 0.137 | 0.139 | 0.431 | 0.478 | 0.740 | 0.880
VAR % 1.086 1.402 1.593

(2)
VAR?lg)g"mb 1.044 1.036 1.046 0.939 1.081 0.913

VAR“Ggegtf“b 0.978 0.964 1.079 0.960 1.124 0.933

VAR 7t(2) 0.839 0.748 0.979 0.937 1.065 0.964
VAR 1.022 0.842 1.186 1.000 1.272 0.966
VARLSub |1 015 1.007 1.188 1.073 1.219 1.031

Note: RMSFE for AR(SIC) model, Recursive estimation samples 1992(1) to 1998(2RQ0(12),
Super and subscripts indicate model selection procedi@, hwarz criterion, VAR*?: VAR only
including subcomponents, lag order= 2, VAR®99:%%: VAR with aggregate and subcomponents
p = 0(SIC),p = 1 (AIC), VARggjtf“b: VAR with aggregate and subcomponents selected by PcGets,
liberal strategy Hendry & Krolzig (2001) VAR*(®): model including international and domestic vari-
ables, lag lengtlp = 2, VARZY,: variables as VAR"!, model selection with PcGets, VAR.S“*: as
VAR additionally including subcomponents, model selectigin\®cGets,

Table 6 Including macroeconomic predictors, RMSFE and aveage RMSFE ratios of direct
multi-step forecast of annualised inflation in percentage pints .

| horizon | 1 | 6 | 12 |
RMSFE ARC 0.180| 0.396| 0.780
RMSFE ratios over AR/¢

pre-test(5%) 0.921| 1.073| 0.989
FM(f1) 1.016| 0.970| 1.005
FM(f2) 0.966 | 0.943| 0.973
FM(f3) 0.943| 0.968| 0.961
FM(f4) 0.877| 0.981| 0.948
DFM(f1)51C 0.986| 0.986 | 1.015
DFM(f2)51C 0.980| 0.881| 0.972
DFM(f3)S1¢ 0.997 | 1.172| 0.890
DFM(f4)51€ 0.917| 1.313| 1.065

Note: Recursive estimation samples 1992(1) to 1998(1),...,A0)0 Super and subscripts indicate
model selection procedure, SIC: Schwarz criterion, pse-t8% sign. level, based on Newey-West
adjusted heteroscedastic-serial consistent leastagjuagression, FM(f): factor models with 1,2,3,4
factors, DFM(fY' 7€ dynamic factor models with 1,2,3,4 factors with factor laggths chosen by SIC
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This provides a rationale why the AR might be better for longer forecast horizons than the
VAR™ whereas the opposite is found for short forecast horizons.Idhg horizons, the change
in collinearity is dominating the result from section 4.t tbe dynamic forecast that for large h
model selection does not necessarily have to be parsimeaiod the specification that is best for
short horizons might be retained. A parsimonious model iset@referred due to the change in
collinearity8

For the indirect forecast macroeconomic predictors im@rovecast accuracy for a 1 month
horizon whereas for a 12 months horizon including aggregdtemation in the disaggregate
model is better. Figure 5, the lower two panels, shows tHedrdnces iRMSFE terms between
the direct forecasts of the AR and the international VAR nhodgtter for 12 step ahead forecasts.

The out-of-sample forecasting experiment suggests thdtfimonth ahead forecasts the infor-
mation set selected is an important determinant of the &stesrccuracy. In an iterative multi-step
forecasting set-up the parsimony of the forecast modelifige@on appears to be a very important
factor for longer forecast horizons, in particular in thiatieely small sample available and under
changing collinearity and structural breaks. In this cagemation uncertainty of a high number
of parameters increases tWESFE relatively more.

Table 6 displays the results for the factor model forecasyajn based on direct multi-step
ahead forecasts of annualised inflation. Here the majofitiiefactor forecasts outperforms the
ARSIC over all horizons. Therefore, also in the context of factadels particularly additional
macroeconomic information does help in forecasting.

6 Conclusions

In this paper, we show that a theory of prediction suggesiisiticluding disaggregate variables in
an aggregate model should outperform in terms of preditiabin aggregate model which only
includes lags of the aggregate. However, we find that it do¢slways do so when forecasting
euro area inflation.

There are many steps between predictability in populatiohf@recastability’ where the fore-
cast model might differ from the data generation procescaRéhat the predictability concept
that we consider in this paper refers to a property of theatdei of interest in relation to the
information set considered. In contrast, forecastabilfers to the improvement in forecast ac-
curacy given the unconditional moments of a variable basethe information set available.
The predictive value of disaggregate information can beseffby estimation uncertainty; model
selection; changing collinearity, as measured by the w@ftieigenvalues\*/\; and unmodeled
breaks. The effect of estimation uncertainty i§IO!) or O(T~'\*/)\) depending on whether
collinearity is unchanged or changing in the forecast merieor model selection, a loose signif-
icance level is suggested based on the analytical resulis forecast horizon of one period in
section 3. Collinearity is shown to be irrelevant if it is lianged, but changes in collinearity of

18Recursive model selection has been carried out for4Re’C and theV ARL™, and the forecast accuracy has

been compared with the methods considered so far. The faracauracy did not improve over th&R?¢ and the
V AR'™ presented in the tables and hence did not change our casmusi
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both included and incorrectly-excluded variables affecetasts. Section 4.1 suggests that for
longer horizons, selection of an even more parsimoniouselody not improve forecast accu-
racy greatly. However, which method performs best in terin®ecast accuracy would then
depend on other factors, such as changes in collinearitgh&more, the theoretical implications
of predictability assume the absence of other complicafigors, such as location shifts and
measurement errors, which may play an important role intizec

In the context of forecasting euro area inflation, changiegts in the price index and chang-
ing collinearity between disaggregate prices both actregalisaggregate-based models. When
only considering aggregate and disaggregate variabldseamitial information set included in
the forecast model, the following conclusions can be drawmfour empirical analysis: Overall,
we find that there is little cost or benefit from selection inltimariate models for short horizons,
although the model chosen BcGetsis best at a forecast horizon 6f = 1. However, more
stringent selection pays @&sgrows when comparing AR models based on $i&' versusAIC.
Indirect forecasts, i.e., forecasting the disaggregatdsaggregating those forecasts, usually per-
form worst, although the selection procedure does playa Flirthermore, including aggregates
as regressors in the VAR of disaggregate variables mightamain depending on the lag order
selection procedure applied. All 1-month ahead forecastgjaite close, whereas the differences
between the different methods increasé gsows. Overall, the theoretical result on predictability
that more disaggregate information does help does not findgsupport in this forecasting con-
text. Dynamic factor forecasts, where the factors are ddrased on disaggregate price variables
only, improve over the AR model only if 3 factors with lagsessted byS7C are included.

If the information set is extended further, including mamonomic predictors, some of the
previous results change. We still find that more stringelatcsien is worthwhile ag grows since
the AR model selected yICclearly outperforms the other methods in terms of forecemticy.
Similar to including disaggregate information, additibméormation in terms of macroeconomic
predictors helps for shorter forecast horizons. The lairgernational’ VAR exhibits higher fore-
cast accuracy than the AR model based orSt@for short forecast horizons. Furthermore, there
is little benefit from selection when comparing the larggemational’ VAR with the VAR se-
lected byPcGets There appears to be no benefit from additionally includirspaghregates in
the international VAR. Dynamic factor models do also imgrawer the AR model in terms of
forecast accuracy as the large 'international’ VAR.

All methods perform quite similar in terms of forecast honzof one-step ahead. For a fore-
cast horizon of one year, differences between the foreéaststhe different methods are larger
and are relevant from a monetary policy perspective.

We can now answer the four questions posed above for fonegasiro area inflation and our
analytical results help explain those empirical resulisstFncluding disaggregate variables in the
aggregate model does not really improve forecasts of theeggte, in particular for longer fore-
cast horizons. Second, including disaggregate informatighe aggregate model might be better
than forecasting disaggregates and aggregating thosea&ise Third, including aggregate infor-
mation in component models might improve those forecasthefiggregate that are derived by
aggregating component forecasts. Fourth, including eofdit macro-economic predictors does
improve the aggregate forecast for shorter forecast hasizout not for longer.
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That disaggregate variables and macro-economic predidmnot necessarily improve fore-
cast accuracy in our empirical application seems to be irrasnto our theoretical results in
the context of predictability in population. However, itght be attributed to a large extent to
changing collinearity between components and macro-eoanpredictors as regressors in the
aggregate model. Since the effect of changing collineamitythe model selection trade-off be-
tween the costs of estimation and those of omission is uniriovpractice, an aggregate model
only including lags of the aggregate might be considered eemabust forecasting device for
longer forecast horizons.

References

Akaike, H. (1973). Information theory and an extension a thaximum likelihood principlein
B. Petrov & F. Csaki (edspnd International Symposium on Information Thedkgadémiai
Kiado, Budapest, pp. 267-281.

Allen, P. G. & Fildes, R. A. (2001). Econometric forecastisigategies and techniqueis, J. S.
Armstrong (ed.)Principles of ForecastingKluwer Academic Publishers, Boston, pp. 303—
362.

Benalal, N., Diaz del Hoyo, J. L., Landau, B., Roma, M. & SKageF. (2004). To aggregate or not
to aggregate? euro area inflation forecastivgrking Paper 374European Central Bank.

Bhansali, R. J. (2002). Multi-step forecastimgM. Clements & D. F. Hendry (edsjy companion to
economic forecastindlackwells, Oxford, pp. 206—221.

Campos, J., Hendry, D. F. & Krolzig, H.-M. (2003). Considtarodel selection by an automatic gets
approachOxford Bulletin of Economics and Statistigs: 803—819.

Chevillon, G. & Hendry, D. F. (2004). Non-parametric dir@ctilti-step estimation for forecasting
economic processekjternational Journal of Forecastingl: 201-218.

Chong, Y. Y. & Hendry, D. F. (1986). Econometric evaluatidnlinear macro-economic models,
RESTUD53: 671-690. Reprinted in Granger, C. W. J. (ed.) (1990delling Economic
Series Oxford: Clarendon Press.

Clemen, R. T. (1989). Combining forecasts: A review and #&ted bibliography/nternational
Journal of Forecasting: 559-583.

Clements, M. P. & Hendry, D. F. (1998Forecasting Economic Time Serjg&Sambridge University
Press, Cambridge, UK.

Clements, M. P. & Hendry, D. F. (1999)orecasting Non-stationary Economic Time SerigdT
Press, Cambridge,Massechusetts.

Clements, M. P. & Hendry, D. F. (2001). Explaining the reswif the M3 forecasting competition,
International Journal of Forecastingj7: 550-554.

Clements, M. P. & Hendry, D. F. (2004a). Forecasting withaksgin C. W. J. G. G. Elliott &
A. Timmermann (eds}landbook of Forecasting, forthcominglsevier.

Clements, M. P. & Hendry, D. F. (2004b). Pooling forecaBispnometrics Journal, forthcoming



34

Diebold, F. X. & Kilian, L. (2000). Unit-root tests are uséfar selecting forecasting modeldpurnal
of Business & Economic Statistid¢§(3): 265-272.

Diebold, F. X. & Kilian, L. (2001). Measuring predictabiit Theory and macroeconomic applica-
tions, Journal of Applied Econometricks: 657-669.

Espasa, A., Senra, E. & Albacete, R. (2002). Forecastingtiofi in the European Monetary
Union: A disaggregated approach by countries and by se&arspean Journal of Finance
8(4): 402-421.

Fair, R. C. & Shiller, J. (1990). Comparing information irrégasts from econometric modelhe
American Economic RevieB0(3): 375-389.

Fildes, R. & Ord, K. (2002). Forecasting competitions - thiele in improving forecasting practice
and researchin M. P. Clements & D. F. Hendry (eds), Companion to Economic Forecast-
ing, Blackwell, Oxford, pp. 322—-253.

Forni, M., Hallin, M., Lippi, M. & Reichlin, L. (2000). The geeralized factor model: Identification
and estimationReview of Economics and Statist&z 540-554.

Forni, M., Hallin, M., Lippi, M. & Reichlin, L. (2001). The geeralized facotr model. One-sided
estimation and forecasting, mimeo.

Granger, C. W. J. (1990). Aggregation of time-series véembA surveyjn T. Barker & M. H. Pesaran
(eds),Disaggregation in econometric modellingoutledge, London and New York, pp. 17—
34.

Grunfeld, Y. & Griliches, Z. (1960). Is aggregation necesgdad?, The Review of Economics and
StatisticsXLIl (1): 1-13.

Harvey, D., Leybourne, S. & Newbold, P. (1997). Testing thaadity of prediction mean squared
errors,International Journal of Forecastin@3: 281-291.

Hendry, D. F. (1995)Dynamic EconometricOxford University Press, Oxford.

Hendry, D. F. (2004). Unpredictability and the foundati@igconomic forecastingiNorking papey
Economics Department, Oxford University.

Hendry, D. F. & Krolzig, H.-M. (2001).Automatic Econometric Model Selection Using PcGets 1.0
Timberlake Consultants Ltd., London, UK.

Hendry, D. F. & Krolzig, H.-M. (2003). New developments intamnatic general-to-specific mod-
elling, in B. P. Stigum (ed.)Econometrics and the Philosophy of Economieésinceton
University Press, Princeton, pp. 379-419.

Hendry, D. F. & Krolzig, H.-M. (2004). Resolving three “iaictable’ problems using a gets approach,
Unpublished paperEconomics Department, University of Oxford.

Hubrich, K. (2005). Forecasting euro area inflation: Doagegating forecasts by HICP component
improve forecast accuracyhternational Journal of Forecasting1(1): 119-136.

Inoue, A. & Kilian, L. (2005). On the selection of forecagfimodels,Journal of Econometrics,
forthcoming

Johnson, N. L. & Kotz, S. (1970Continuous Univariate Distributions — dohn Wiley, New York.

Kohn, R. (1982). When is an aggregate of a time series efflgiéorecast by its past?ournal of



35

Econometricg18): 337-349.

Lutkeponhl, H. (1984). Forecasting contemporaneouslyeggied vector ARMA processeiurnal
of Business & Economic Statisti2é3): 201-214.

Lutkepohl, H. (1987) Forecasting Aggregated Vector ARMA ProcesSgminger-Verlag.

Lutkeponhl, H. (2004). Forecasting with VARMA processesC. W. J. G. G. Elliott & A. Timmer-
mann (eds)Handbook of Forecasting, forthcominglsevier.

Makridakis, S. & Hibon, M. (2000). the M3-competition: Résu conclusions and implications,
International Journal of Forecastin6: 451-476.

Marquez, J. R. & Ericsson, N. R. (1993). Evaluating foreza$the U.S. trade balande,R. Bryant,
P. Hooper & C. L. Mann (eds)gvaluating Policy Regimes: New Research in Empirical
MacroeconomicsBrookings Institution, Washington, DC.

Pesaran, M. H., Pierse, R. G. & Kumar, M. S. (1989). Econamainalysis of aggregation in the
context of linear prediction modelEconometriceb7: 861-888.

Stock, J. H. (1996). VAR, error correction and pre-test dasts at long horizon§)xford Bulletin of
Economics and Statistid&8: 685-701.

Stock, J. H. & Watson, M. W. (2002a). Forecasting using ppalccomponents from a large number
of predictors Journal of the American Statistical Associati®n 1167-1179.

Stock, J. H. & Watson, M. W. (2002b). Macroeconomic foreicgstising diffusion indicesjournal
of Business and Economic Statist&X?2): 147-162.

Van Garderen, K. J., Lee, K. & Pesaran, M. H. (2000). Crossia®al aggregation of non-linear
models,Journal of Econometric85: 285-331.



