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Abstract

We forecast US GDP and inflation over 1-, 4- and 8-step hoszming the dataset from Stock
and Watson (2009), with factors, variables, both, and eeithutometricshandles perfect collinear-
ity and more regressors than observations, enabling altipal components and variables to be in-
cluded for model selection, jointly with using impulse-icator saturation (11S) for multiple breaks.
Empirically, factor models are more useful for 1-step ahfeagcasts than at longer horizons, when
selecting over variables tends to be better. Accountingrf@ample breaks and outliers using IS
is useful. Recursive updating helps, but recursive seledéads to greater variability, and neither
outperforms autoregressions.

JEL classificationsC51, C22.
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1 Introduction and historical background

There are three venerable traditions in economic foreggétased respectively on economic-theory de-
rived empirical econometric models, ‘indicator’ or ‘fact@approaches combining many sources of in-
formation, and mechanistic approaches.

Members of the first group are exemplified by early models 8keith (1927, 1929) and Tinbergen
(1930), smaller systems in the immediate post-war periodn(ss Klein, 1950, Tinbergen, 1951, Klein,
Ball, Hazlewood and Vandome, 1961), leading onto large oxaconometric models (Duesenberry,
Fromm, Klein and Kuh, 1969, and Fair, 1970, with a survey inld/al1989), and now including both
dynamic stochastic general equilibrium (DSGE) models lyidsed at Central Banks (see e.g, Smets
and Wouters, 2003), and global models, first developed bggraink (see e.g., Waelbroeck, 1976) and
more recently, global vector autoregressions (GVARSs: seesDdi Mauro, Pesaran and Smith, 2007,
Pesaran, Schuerman and Smith, 2009, and Ericsson, 2010).

*This research was supported in part by grants from the Opeietgdnstitute and the Oxford Martin School. Contact
details: jennifer.castle@magd.ox.ac.uk, m.p.Clememta@ick.ac.uk and david.hendry@nuffield.ox.ac.uk.
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The second approach commenced with the ABC curves of Pe{$924), followed by leading indi-
cators as in Zarnowitz and Boschan (1977) with critiquesigbbld and Rudebusch (1991) and Emerson
and Hendry (1996). Factor analytic and principal compomeethods have a long history in statistics
and psychology (see e.g., Spearman, 1927, Cattell, 195&r80n, 1958, Lawley and Maxwell, 1963,
Joreskog, 1967, and Bartholomew, 1987) and have seen satirggdished applications in economics
(e.g., Stone, 1947, for an early macroeconomic applicatimil Gorman, 1956, for a microeconomic
one). Diffusion indices and factor models are now quite Widesed for economic forecasting: see e.g.,
Stock and Watson (1989, 1999, 2009), Forni, Hallin, Lipad &®ichlin (2000), Pefia and Poncela (2004,
2006), and Schumacher and Breitung (2008).

The third set includes methods like exponentially weightea/ing averages, denoted EWMA, the
closely related Holt—Winters approach (see Holt, 1957, Afiwters, 1960), damped trend (see e.g.,
Fildes, 1992), and autoregressions, including the getieralseries approach in Box and Jenkins (1970).
Some members of this class were often found to dominate ecésting competitions, such as Makri-
dakis, Andersen, Carbone, Fildetsal.(1982) and Makridakis and Hibon (2000).

Until recently, while the first two approaches often compatfeeir forecasts with various ‘naive’
methods selected from the third group, there was littlectlicemparison between them, and almost no
studies included both. Here, we consider the reasons folattizna, and explain how it can be remedied.

The structure of the paper is as follows. Section 2 descbese of the issues that are likely to
bear on the topic of this paper, including the role of measer# errors. Section 3 relates the ‘external’
variables, denotedz, }, to factors{f;}. Section 4 compares variable-based and factor-based siodel
Section 5 develops the analysis of forecasting from factodets with a taxonomy of sources of forecast
error in the empirically relevant case of non-stationargcesses. Section 6 addresses the problem of
systematic forecast failure to which equilibrium-correctformulations are prone in the face of location
shifts. Section 7 discusses model selection with both facad variables, and section 8 illustrates the
analysis using US GDP and inflation forecasts. Section 9ladas.

2 Setting the scene

There are a number of interacting issues that need to bess#diée an analysis of forecasting, whatever
device is used. The complexity of these issues, and the vegyititeract, means that an answer to the
question in the title of this paper ‘forecasting by factdrg,variables, both, or neither?’ is likely to be
context specific. Even though general guidelines mighteitwwd to come by, it is fruitful to consider
these issues and how they affect our research question. Wégdeo eight aspects: (i) the pooling of
both variables and factors in forecasting models; (ii) tle of in-sample model selection in that setting;
(iif) whether or not breaks over the forecast horizon arentingpated; (iv) the role of more versus less
information in forecasting; (v) the type of forecasting rebdeing used, specifically whether or not it is
an equilibrium-correction mechanism (EqQCM); (vi) measueat errors in the data, especially near the
forecast origin; (vii) how to evaluate the ‘success or falwf forecasts; (viii) the nature of the DGP
itself. We briefly consider these in turn.

2.1 Pooling of information

Factor models are a way of forecasting using a large numbpreafictors, as opposed to pooling over
the forecasts of a large number of simple, often singleipted models. When there are many variables
in the set from which factors are formed (the ‘external’ ghtes), including both sets will often result
in the number of candidate variables, being larger than the sample siZe, This problem may have
seemed insurmountable in the past, but now is not. d.elenote the set of. ‘external’ variables’
from which the factord; = Bz; (say) are formed, thefy,...f; ., z,...2z;_; comprise the initial set



of candidate variables. Automatic model selection can uski4path searches to eliminate irrelevant
variables by exploring all feasible paths with mixtures gp@&nding and contracting block searches, so
can handle settings with both perfect collinearity aid> 7', as shown in Hendry and Krolzig (2005)
and Doornik (2009b). The simulations in Castle, Doornik &ehdry (2011a) show the feasibility of
such an approach wheN > T in linear dynamic models. Hence we are not forced at the pitse
allow only a small number of factors, or just the factors arfdva lags of the variable being forecast,
say, as candidates. When the number of candidate varialitesds the sample size, model selection is
unavoidable, so we consider that issue next.

2.2 Model selection

The ‘general-to-specific’ Getg search algorithm irAutometricswithin PcGive (see Doornik, 2007,
2009a, and Hendry and Doornik, 2009) seeks the local datergtemg process (denoted LDGP), namely
the DGP for the set of variables under consideration (segt¢egdry, 2009) by formulating a general un-
restricted model (GUM) that nests the LDGP, and checkingatgruence when feasible (estimable once
N <« T and perfect collinearities are removed). Search themeafteures congruence, so all selected
models are valid restrictions of the GUM, and should parsimsly encompass the feasible GUM.
Location shifts are removed in-sample by impulse-indicatturation (11S: see Hendry, Johansen and
Santos, 2008, Johansen and Nielsen, 2009, and the sinmusdtidies in Castle, Doornik and Hendry,
2011c), which also addresses possible outliers. Thu{sl{ij:t},t =1,... ,T} denotes the complete
set of T" impulse indicators, we allow fof;, ... f,_, z, ...z, and {1;—y,t = 1,...,T} all being
included in the initial set of candidate variables to whichltimpath search is applied, S8 > T will al-
ways occur when IS is used. The in-sample feasibility of eipproach is established in Castle, Doornik
and Hendry (2011b). Here we are concerned with the appitaif models selected in this way to a
forecasting context when the DGP is non-stationary duetmtsiral breaks. Since there seem to be few
analyses of how well a factor forecasting approach would gregform (see however, Stock and Watson,
2009, and Corradi and Swanson, 2011), we explore its beh&ding location shifts at the forecast
origin.

2.3 Unanticipated location shifts

Third, ex anteforecasting is fundamentally different froex postmodeling when unanticipated location
shifts can occur. Breaks can always be modeled after the éanorst by indicator variables), but will
cause forecast failure when not anticipated. Clements amdiiy (1998, 1999) proposed a general theory
of economic forecasting for a world of structural breaksigsnis-specified models, and emphasized that
it had radically different implications from a forecastittgeory based on stationarity and well-specified
models (as in Klein, 1971, say). Moreover, those authos edsablish that breaks other than location
shifts are less pernicious for forecasting (though not falicyg analyses). Pesaran and Timmermann
(2005) and Pesaran, Pettenuzzo and Timmermann (2006)deorfsrecasting time series subject to
multiple structural breaks, and Pesaran and Timmermar®/j2€&kamine the use of moving windows
in that context. Castle, Fawcett and Hendry (2010, 201Jgstigate how breaks themselves might be
forecast, and if not, how to forecast during breaks, but dsamewhat pessimistic conclusions due to
the limited information that will be available at the timeydocation shift occurs. Thus, we focus the
analysis on the impacts of unanticipated location shiffaator-based forecasting models.

2.4 Role of information in forecasting

Fourth, factor models can be interpreted as a particulan fafr‘pooling of information’, in contrast to
the ‘pooling of forecasts’ literature discussed in (e.gendry and Clements (2004). Pooling information

3



ought to dominate pooling forecasts, each of which is basduioted information, except when all vari-
ables are orthogonal (see e.g, Granger, 1989). Howevagxtbaomy of forecast errors in Clements and
Hendry (2005b) suggests that incomplete information ksffiis unlikely to play a key role in forecast
failure (except if that information would forecast break€§)onsequently, using large amounts of data
may not correct one of the main problems confronting forecas namely location shifts, unless that
additional information is directly pertinent to forecagtibreaks. Moreover, although we uSetsmodel
selection from a very general initial candidate set, embrggdvailable theory specifications, combined
with congruence as a basis for econometric modeling, whestésting facing location shifts, it cannot
be that causal models will dominate non-causal (see Cleraat Hendry, 1998) nor that congruent
modeling helps (see e.g., Allen and Fildes, 2001). Conixerstakridakis and Hibon (2000) conclude
that parsimonious models do best in forecasting compestibut Clements and Hendry (2001) argue
that such findings are conflated with robustness to locatidts ecause most of the parsimonious mod-
els evaluated also happened to be relatively robust toitotahifts compared to their non-parsimonious
contenderg. Since more information cannot lower predictability, anditting crucial explanatory vari-
ables will both bias parameter estimates and lead to anonfir; the jury remains out on the benefits of
more versus less information when forecasting.

2.5 Equilibrium-correcting behavior

Fifth, factor models are often equilibrium correction inrfg so they suffer from the general non-
robustness to location shifts of that class of model. Howeikie principles of robust-model formulation
discussed in Clements and Hendry (2005b) apply, and anjil@gum-correction system, whether based
on variables or factors (or both), could be differencedmpdorecasting, thereby embedding the result-
ing model in a second-differenced forecasting device. I€astl. (2010) show that how a given model
is used in the forecast period matters, and explore variansformations that reduce systematic forecast
failure after location shifts. Section 6 provides a moreeagive discussion.

2.6 Measurement errors

Sixth, many of the ‘solutions’ to systematic forecast feelinduced by location shifts exacerbate the ad-
verse effects of data measurement errors near the foraugist dor example, differencing doubles their
impact. Conversely, averaging mitigates the effects ofloam measurement errors, so as one method
of averaging over variables, factors might help mitigateadarors. Forecasting models which explic-
itly account for data revisions offer an alternative sauati These include modeling the different vin-
tage estimates of a given time-observation as a vectoregression (see, e.g., Garratt, Lee, Mise and
Shields, 2008, 2009, and Hecqg and Jacobs, 2009, followingoom Patterson, 1995, 2003), as well as
the approach of Kishor and Koenig (2010) (building on eartientributions by Howrey, 1978, 1984,
and Sargent, 1989). For the latter, a VAR is estimated onngvstion data, necessitating stopping the
estimation sample short of the forecast origin, and the mimdecasts of the periods up to the origin
are combined with lightly-revised data for these periods thie Kalman filter to obtain post-revision
estimates. The forecast is then conditioned on these deSnod what the revised values of the latest
data will be. Clements and Galvao (2011) provide some ege®n the efficacy of these strategies for
forecasting US output growth and inflation, albeit usinginiation sets consisting only of lags (and
different vintage estimates) of the variable being forecas

2parsimonious models need not be robust—to see that the &vaathristics are distinct, consider using as the forerast
estimate of the unconditional mean of the process to datenbitel specification/selection/estimation is require@rafsrom
the calculation of a sample mean, suggesting a simple fstiagadevice, which is nevertheless highly susceptibl@tation
shifts.



The frequency of macroeconomic data can also affect itsracguas can nowcasting (see e.g.,
Castle, Fawcett and Hendry, 2009, and Banbura, Giannath&aithlin, 2011) and ‘real time’ (versus
ex pos} forecasting (on the latter, see e.g., Croushore, 2006Ctsdents and Galvao, 2008). Empirical
evidence suggests that the magnitudes of data measurermastare larger in the most recent data, in
other words, in the data on which the forecast is being cmmditi (hence the Kishor and Koenig, 2010,
idea of stopping the model estimation period early, andrgitang to predict the ‘final’ estimates of the
most recent data), as well as during turbulent periods (Seraand van Dijk, 2006), which might favour
factor models over other approaches that do not explicitgnapt to take data revisions into account.

2.7 Forecast evaluation

Next, there is a vast literature on how to evaluate the ‘ssscce failure’ of forecasts (see among many
others, Leitch and Tanner, 1991, Pesaran and Timmerma8g, C¥ments and Hendry, 1993a, Granger
and Pesaran, 2000a, 2000b, Pesaran and Skouras, 2002)] as using forecasts to evaluate models
(see e.g., West, 1996, West and McCracken, 1998, Hanseniamdefmann, 2011, with a sceptical
view in Castle and Hendry, 2011b), forecastimgthodgGiacomini and White, 2006), and economic
theory (Clements and Hendry, 2005a). As a first exercisergcasting from models selected from both
variables and factors, below we just report descriptivassies of forecast performance.

2.8 Nature of the DGP

Finally, the nature of the DGP itself matters greatly to thecess of a specific forecasting model or
method. In particular, the factor model would be expecteddavell if the ‘basic’ driving forces are
primarily factors, in the sense that a few factors accounaflarge part of the variance of the variables
of interest. The ideal case for factor model forecastinghene the DGP is:

Xt = T(L)ft—i—et
fi=®(L)fi1+ny

wherex; isn x 1, fyism x 1, Y (L) and®(L) aren x m andm x m, andn > m so that the low-
dimensional; drives the co-movements of the high-dimensiaxal The latent factors are assumed here
to have a VAR representation. Suppose in addition that thenraero ‘idiosyncratic’ errorg; satisfy
Elesej—x] = 0 all k unlessi = j (allowing the individual errors to be serially correlatedhd that
E[n.ei—x] = 0 for all k.

It then follows that given thé;, each variable ix;, sayx; ;, can be optimally forecast using only the
f; and lags ofr; ; (xi—1, zi—2 etc). If we letA;(L)" denote the' row of Y'(L), then:

Et (@1 | xe, B xem1, By ] = B [N (D) £ip1 + € | e, B %01, Bimq, .
=B [Ni (L) £ | xo, B %01, Bi1, .
+ Etleisr1 | xe, o x1, 61,0 ]
B [N (L) i [ fr, ] Erleinen | eqneinn )
=~ (L) f;+6 (L) Ty

under the assumptions we have made (see Stock and Watsdn,f@0#& detailed discussion). Absent
structural breaks, the model with the appropriate factocslags ofz; would deliver the best forecasts
(in population: ignoring parameter estimation uncerigintThe results of Faust and Wright (2007),
among others, suggest that the factor structure may not lmtEparly good representation of the
macroeconomy. Our empirical approach allows that the thdsiving forces may be variables or factors,



and that there may be non-linearities (captured by linepragimations), as well as the many possible
non-stationarities noted above. We assume the DGP orgginatthe space of variables, with factors
being potentially convenient approximations that parsimmasly capture linear combinations of effects.
Although non-linearity can be tackled explicitly along will the other complications (see e.g., Castle
and Hendry, 2011a), we only analyze linear DGPs here.

Thus, we consider forecasting from linear models selecteshimple from (a) a large set of variables,
(b) over those variables’ principal components (PCs), ahd\er a candidate set including both, in each
case with 11S, so the initial model will necessarily haVe> T, and in the third case will be perfectly
collinear. We exploit the ability of automatic model selentto operate successfully in such a setting, as
well as to select despite more candidate variables thamaisms.

3 Relating ‘external’ variables to factors

Consider a vector ofi stochastic variable$z,} that are weakly stationary oveér= 1,...,7. For
specificity, we assume that is generated by a first-order vector autoregression (VAR) deéterministic
termar:

z =7+ 1z, 1 + v Q)

wherell has all its eigenvalues inside the unit circle, and- IN,, [0, 2], wheren < T'. From (1):
Elze) =7+ IE[z;1] =7+ TIp=p
wherep = (I, — 1‘[)_1 7. The principal-component description zfis:
z; = Wi, + e; (2

wheref; ~ 1D, [, P] is a latent vector of dimensiom < n, soW is n x m, with e; ~ 1D,, [0, Q,],
E[fie;] = 0 andE [e;e;] = Qe. WhenE [f;] = k andE [e;] = 0, under weak stationarity from (2):

Elz] = WE[f;] + Ele] = ¥ = p 3
Then:

El(ze — p)(ze — p)'] = CE[(f, — ) (f — k)| ¥ + E [es€]]
=UP¥ + Q. =M 4)

say, whereP is anm x m diagonal matrix and hencg ~ D,, [, M]. Let:
M = BAB (5)

whereB’'B =1,,, soB~! = B’ and the eigenvalues are ordered from the largest downwatlls w

B A 0
I 1 11
B_<B,2>andA_< 0 22), (6)

whereA;; ism x m, with BiMB; = A;; and:
BAB' = B1A1B] + BoAy Bl
Consequently, from (2) and (6):

B/(Zt—[J,):B/(‘I’(ft—ﬁ)+et):ft—ﬁ (7)
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If only m linear combinations actually matter, 86- m do not, the matriB/ weights thez; to produce
the relevant principal components where:

B (zt — p) = fi; — K1 8)

In (7), we allow for the possibility that = m, sof; is the complete set of principal components entered
in the candidate selection set, of which ofily are in fact relevant to explaining.

4 Variable-based and factor-based models

The postulated in-sample DGP fgris:

yr = B+ B'2e—1+ pyr—1 + & 9

where|p| < 1 ande; ~ IN [0,02]. Integrated-cointegrated systems can be reduced to #rigefrork
analytically, albeit posing greater difficulties empitlgaUnder weak stationarity in-sample:

Elyd = By + B'Elze—1] + pE[ye—1] = By + B'p+pd =0 (10)
s0é = (By+ B'n) /(1 — p) and (9) can be expressed as:
ye—0 =0 (z—1— ) +p (W1 —0) + & (11)

or as an EqQCM when that is a useful reparametrization. Inrggrenly a subset of the;,_; will matter
substantively, and we denote thatdy; 1, so the remaining variables are not individually significain
relevant sample sizes, leading to:

Yr — 0~ B (Zag—1 — Pa) + Pa (Yt—1 — 0) + (12)

However, that does not preclude that known linear comhinatof the omitted variables might also be
significant if added.
Alternatively, following up that last comment, from (7):

y—0=0BB(f-1—k)+p(1—-0)+e=7 -1 —K)+py-1—-0)+e (13)
where again only a subset may matter, namelyfthe, in (8), so that:
yr — 0 = 7 (fii-1 — K1) + py (Ye—1 — 0) + wy (14)

Finally, there is the possibility that when both variablesl éheir principal components are allowed,
somez,;_; of thez, ;1 and somd, ;_; of thef; ;_; are retained to provide closer, yet more parsimo-
nious, approximations to the behaviorygfin-sample:

Yo — 0 = By (Zo—1 — pp) + T3 (F201 — k2) + pp (ye—1 — 9) + & (15)

In practice, there may well have been location shifts andievatin-sample, so we also include IS
during model selection. Thus, a vector of deterministiecngisuch as intercepts, location shifts, and
indicator variables) denoteg with Q} = (q; ... q;) is allowed, as well as longer lags, so the sequential
conditional expectation af; at timet is denotedE,[y:|Z;_,, Y;_,q:] (wWhen that exists).

An important special case is when the DGP fgiis an autoregression, so that none of the |
actually matter. Whep; is just an AR(1), say, then:

Yt = Yo T YV1Yt—1 + Ve

Searching over factors alone, excluding, might lead to the retention of many of thgo approximate
yi—1, especially ifz; includesy;, so the starting model always includgs 1, allowing for simpler models
when they are the DGP. When searching @evariables and factors at significance lewglthen2an
will be adventitiously significant on average (one retaibgdchance whem = 100 anda = 0.005, or
a = 0.0025 with IIS atT = 150, correpsonding to critical values of ~ 2.85 andc,, ~ 3.10).
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5 Forecasting from factors when variables matter

The aim is to forecast the scaléw; .} over a forecast horizoh = 1,..., H, from a forecast origin
atT', at which point the information set consistsz)} = (z1...2z7) and(y; ...yr). Forecast accuracy
is to be judged by a criterion functiofi, (aTH‘T e aTJrH‘T), which we take to depend only on the
forecast errorsiz 4r = yrn — Yrnr, Where ‘smaller’ values o, (-) are preferable. Even so,
unless the complete joint density is known, evaluation autes depend on the specific transformation
considered. R

Once in-sample estimates of the fact¢fs} are available, one-step forecasts can be generated from
estimates of the selected equation:

Yriyr = o+ 7 <?1,T - R1) +p (@T - 8) (16)

whereyr is the ‘flash’ estimate of the forecast origin value. Mutys estimation can be used to obtain
the values of the coefficients in the forecasting device ésge Clements and Hendry, 1996, Bhansali,
2002, and Chevillon and Hendry, 2005, for overviews), sohfstep ahead forecasts:

Trmir = Oy + T <?1,T - El) +P(n) (@T - S(h)) 17)

in which cas€ur - = yrin — Yr4n/r Will generally be a moving average process of order(1)
(denoted MAGL — 1)).

Existing taxonomies of sources of forecast errors haveyaedla range of open and closed models in
variables, so here we consider the factor model when the [XSR Factor structure, as in (13). The DGP
depends om;_; andy;_, although not all the variables ;_; need enter the DGP, and the forecasting
model is allowed to incorporate a subset of the factors. &wrtomy of forecast errors focuses attention
on what are likely to be the principle sources of forecass laiad forecast-error variance. Following
earlier work, we begin by allowing location shifts as theyosburce of instability over the forecast
horizon, but then consider the impact of a shift in the patameector that determines the impact of the
factors ony;. Stock and Watson (2009) consider the effects of instasilin the forecasting model-that
is, in the effects of the factors gp—but as we show, a key determinant of forecasting performaihe
impact of location shifts. We let the DGP changd'ab:

yryn =0" + B (zrin-1— 1)+ p (yrin-1—6%) + eryn (18)
forh=1,..., H. Mapping to principal components yields:
yren = 0"+ 7 (frpn—1— K") + p (Yran—1 — 0") + erqn (19)

where for nowr andp remain at their in-sample values during the forecast period

We derive thel-step forecast-error taxonomy, which highlights the kestdes, and allows us to
separately distinguish 11 sources of forecast error. Galog the forecast error as (19) minus (16), for
h =1, gives rise to:

sy = (07 =03) + 7' (fr — &) = 7 (Br — %)

+p(yr —6%) —ﬁ@T - 5) + €rt1.

UsingT] (k] — k1) + 75 (k3 — k2) = 7/ (k* — k), we derive the forecast error reported in table 1.

3Estimates?1,t of f; using principal componentB’ (z: — &) depend on the scaling of th®, so are often based on the
correlation matrix.



Table 1: Factor model taxonomy of forecast errars, ;7 = . ..

(1 —p) (0" =9) [A] equilibrium-mean shift

7' (K* — K) [B] factor-mean shift

+(1-p) (5 — 5) [C] equilibrium-mean estimation
-7 (K1 — K1) [D] factor-mean estimation

+p (yr — yr) [E] flash estimate error

+7 <f1,T - ?LT) [F] factor estimate error

+74 (for — K2) [G] factor approximation error
+(r1—71) (?LT — m) [H] factor estimation covariance
+(p—p) (ﬂT — 3) [1] flash estimation covariance
+ (11 —71)" (k1 — K1)  [J] parameter estimation covariance
+eri [K] innovation error

Taking expectations assuming near unbiased parameteaéss, and neglecting termsQf (T—l):

E[aryyr] = (1 —p) (6" =0) =7/ (k" — &) + p(yr — E[gr]) + T1(fir — Elfi7])  (20)
which indicates that sources [A] and [B] in table 1 are priyndeterminants of forecast bias, although
data and factor estimation errors ([E] and [F]) also contéb These last two and all the remaining
terms contribute to the forecast-error variance. The faapproximation error does not enter (20) as
E [f2, 7] = x2. Even when [E] and [F] are negligible, the equilibrium-mesamd factor-mean shifts could
be large. For example, if in (1):

=7+ 1@ for h=1,....H (21)
so that the intercept in the unmodeled variables represemiandergoes a permanent shiftigtthen as:
= (I,-I) ¥k

whenII andW¥ are constants will shift, and forn = m:
K= (L, -I) ' =K+ Lpn¥ (I, -I) "0 (22)

Thus, forecast-error biases are entailed by equilibriueammshifts within the forecasting modelwgf, 1
(i.e., 0" # 9) or in the external variables entering its DGR* (# k) irrespective of the inclusion or
exclusion of the associated factors, whereas the appréwimarror by itself does not induce such a
problem. This outcome is little different from a model baskectly on thez, (rather thanf;) where
shifts in their equilibrium mean can also induce forecastifa yet omission does not exacerbate that
problem (see Hendry and Mizon, 2011, for a general taxondigsysiems with unmodeled variables).
Consider now the possibility that and p change value for the forecast period, so that in place of
(19) the DGP is given by:

yra1 = 0"+ 7 (fr — K*) + p* (yr — 0%) + er1q (23)

Without constructing a detailed taxonomy, the key impaatslze deduced. Relative to the baseline case
illustrated in table 1, the change tinduces an additional error term:

™ (fr — k") — 7 (fr — k") = (T*' - 7") (fr — k)
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so that the slope change will interact with the locationtshifit in its absence will be relatively benign—
this additional term will not contribute to the bias wheh = k, suggesting the primacy of location
shifts. In a similar fashion, the change in persistence effifocess (the shift ip) only affects the
forecast bias if the mean @ also changes over the forecast period. To see this, tha@udditerm in
the forecast error whemshifts is:

(0" = p) (yr — &%)
which has a zero expectation when the shifp idloes not cause a shift i) sod* = o.

Finally, it is illuminating to consider the principal soes of forecast error for an AR) model, as
this model serves as the benchmark against whichealeetedactor-and-variable models in section 8 are
to be compared. For the sake of brevity, we ignore factorgodisdary importance, such as parameter
estimation uncertainty and data mis-measurement, andraohthe forecast error for the AR):

Yr =0+ (ye—1 — 9) + (24)

when the forecast period DGP is given by (19). Notice thataiméssion of the factors will typically
change the autoregressive parameteso thaty need not equad, but the long-run mean is the in-sample
period value off. Denoting the forecast error from the AR model byvr |, we obtain:

Oppr = (1 =p) (0" =08) =7 (k" = 1) + (p — ) (yr — 0)
with a forecast bias of:
E [5T+1|T} =1 —-p) (0" =0) -7 (K" —K),

matching the two leading terms in (20) for the bias of thedefbrecasting model. Hence whether we
include the ‘correct’ set of factors, a subset of these, oerat all will have no effect on the bias of the
forecasts (at the level of abstraction we are operating &) hd his affirms the importance of location
shifts and the relative unimportance of forecasting modistspecification (as in e.g., Clements and
Hendry, 2006).

6 The equilibrium-correction problem

Section 5 assumes a single forecast origin, but forecasdingrely viewed as a one-off venture, and
of interest is the performance of the competing models astiiggn moves through time. Although all
models will fail when there is a location shift which is unknowhen the forecast is made, of interest
is the speed and extent to which forecasts recover as thiea onigves forward in time from the break
point. A feature of the ‘equilibrium-correction’ class ofoatels, to which (16) belongs, is their lack of
adaptability over time. To see this, note that (16) coulddweritten for 1-step forecasts as:

AYrir = 71 (/f\LT - 121) +(p—1) (?J\T _8\)
so thatE [AJr 17| ~ 0, whereas the DGP is given by:
Ay =7 (fr — &%)+ (p— 1) (yr — 6°) + e (25)
with an expected value which is non-zero when there areimtashifts:
E[Ayr] = T'Elfr — 6]+ (p —1)Elyr — 0" =711 (k1 =] + (p—1) (6 —36")  (26)

Thus shifts in the deterministic terms will induce foredadiure, principally because they are embedded
in Ayr.1, but not in forecasts of this quantity. The class of equiilibr-correction models is such that
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this problem persists as the origin is extended forward.ekample, forecasting + 2 from 7"+ 1 even
for known in-sample parameters, accurate data and no apmban error, we find:

Alpyoryr = Ayria — Afpiorir = T (k1 — K]) + (p = 1) (0 = 0%) + erta

This generic difficulty for EQCMs suggests using a robustdassting device approach which exploits
(26), as in: R
Ayriors1 = Ayrs + TIAfL r + (p— 1) Agr

Again, under the simplifying assumptions (known in-sangaeameters, etc), and denoting the forecast
error by Aup o741 = Ayri2 — Ayrioir41, USING (25) gives:

Atpoppy =T (fryn — £+ (p— 1) (yrs1 — 8") + ery2
—7' (fr —K&") = (p=1) (yr — ") —erpa
=7T1Af 1+ (p— 1) Aypgr + Aepo (27)

which is less dependent on the location shifts.

To the extent that most factor models are also EQCMs, laeatiifts could have two impacts. The
firstis when breaks affect the mapping between the origiaaaisles’ information and the derived factors
(i.e., changes in the weights). This is addressed in StodkVdatson (2009), who find a relatively
innocuous effect. Breaks in the coefficients of zero-meaiabkes or factors in forecasting models also
appear less problematic.

However, breaks due to location shifts within any EQCM fagging model will induce systematic
mis-forecasting, and the above analysis applies equalgctor-based models (as illustrated in section
5). In the empirical forecasting exercise in section 8 bekhwe variables are already differenced once,
so large shifts in equilibrium means are unlikely, and hesweeh formulations already embody a partial
robustness to previous location shifts. Indeed, if in platé4), the differenced-data version is used,
then forecasting” + 2 from 7" + 1:

Ayriori1 = YAyr+1

when:
Ayryo = 77 Afpp + p*Ayrir + Aergo

we have:
Upyoryr = T Afry1 4 (p" —7) Ayryr + Aerin

which is close to (27).

7 Automatic Model Selection

The primary comparison of interest is between automatiecsieh over variables as against PC-based
factor models in terms of forecasting. Factors are oftemndmy as necessary to summarize a large
amount of information, but automatic selection procedwiesw this is unnecessary. Selection will
place a zero weight on variables that are insignificant inaesimg variation in the dependent variable
according to a pre-specified critical value, whereas poalatomponents will place a small, but non-zero
weight on variables that have a low correlation with othgrlamatory variables.

One advantage of using an automatic model selection ahgori$ that it enables us to remain ag-
nostic initially about the LDGP. If the data are generatedhligw latent factors that capture underlying
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movements in the economy such as business cycles, thelpaticomponents should be used to fore-
cast future outcomes. On the other hand, if the data are gfedey individual disaggregated economic
variables then these should form the forecasting model.nBlading both explanations jointly the data
can determine the most plausible structure.

A further advantage of model selection is that arbitrarylrods to select the relevant principal com-
ponents are not needed. Various methods have been propabediterature but most take the principal
components that explain the most variation between thefsstptanatory variables, not the most vari-
ation between the explanatory variables and the dependeiable. This would require the correlation
structure between the regressors and the dependent eattabke similar to the correlation structure
within the regressors (see e.g., Casti@al, 2011b). Instead, by selecting PCs based on their statistic
significance, we capture the latter correlation. In the eizgdiapplication we find the retained PCs tend
not to be the first few PCs, suggesting that the correlatinrcistre does differ between the dependent
variable and the disaggregates.

The model selection algorithm usedAstometrics which undertakes a multi-path tree search, com-
mencing from the general model with all potential regressacluding variables, factors and lags of both
as well as impulse indicators, and eliminates insignificamiables while ensuring a set of pre-specified
diagnostic tests are satisfied in the reduction proceduesking the subsequent reductions with encom-
passing tests. Variables are eliminated if they are Stlbt insignificant at the chosen criterion whilst
ensuring the resulting model is still congruent and enca@sipg (see Doornik, 2008). There are various
methods to speed up the search procedure which involvetgsting.

The multi-path tree search enables perfectly collinea sltegressors to be included jointly. While
the general model is not estimable initially, the searchc@dore proceeds by excluding one of the
perfectly-collinear variables initially so selection isdertaken within a subset of the candidate set, but
the multi-path search allows that excluded variable to blided in a different path search, with another
perfectly-singular variable being droppedutometricsuses expanding as well as contracting searches
which enables regressors initially excluded to return wvithifferent candidate sets. This ‘sieve’ contin-
ues untilN < T and there are no perfect singularities. The standard telsaselection can then be
applied: see Doornik (2009a, 2009b).

8 Forecasting US GDP and Inflation

The empirical forecasting exercise compares the forecasbnmance of regression models based on
principal components, variables, or both. We forecasttqusgrGDP growth and the quarterly change in
inflation over the period 1997-2006, as well as considerggcbrresponding level forecasts for GDP
and quarterly inflation. Models are selected in-samplequsintometrics with all variables and their
principal components included in the candidate set.

The AR benchmark models against which factor model forecast often compared have typically
been difficult to beat systematically over this forecastiquer For example, in terms of forecasting
inflation, Stock and Watson (2010) argue that simple ureéarmodels, such as a random-walk model,
or the time-varying unobserved components model of StockVdatson (2007), are competitive with
models with explanatory variables. Stock and Watson (28683jelatively downbeat about the usefulness
of leading indicators for predicting output growth: als@ $&lements and Galvao (2009) for evidence
using higher-frequency data.

8.1 Data

The data ard44 seasonally adjusted quarterly time series for the UnitedeSt over 195991-2006g4
taken from Stock and Watson (2009). Theresare 109 disaggregates in the dataset which are used as
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the candidate set of regressors and are also the set of leariaded to form the principal components.
All data (usually in logs) are transformed to remove unittsdoy taking first or second differences, as
described in Stock and Watson (2009) Appendix Table Al. Hieation sample spariB =1962q3—
200604, after transformations and lags, with the forecagzon spanningd =1997q1-20069g4.

8.1.1 Principal Components

Let Z denote th€T" + H) x n matrix of transformed disaggregated variables, enthen x n sample
correlation matrix. The eigenvalue decomposition is:
Q = BAB’ (28)

whereA is the diagonal matrix of ordered eigeryaﬂt{as > > > 0) andB = (El,...,ﬁn)
is the corresponding matrix of eigenvectors, wihB = I,,. The sample principal components are
computed as:

f, = B'z (29)
whereZ = (z1,...,z7) denotes the standardized datgy = (zj¢ —%;) /04; V§ = 1,...,n where

- 1/2 _ :
Zj = &3z ands,, = [% ST (20— Ej)ﬂ . When the principal components are estimated
in-sampleh = 0, whereash = 1, ..., H for recursive estimation of the principal components.

8.2 Impulse-indicator saturation

A number of authors have assessed the forecast performafamtar models over this period, and Stock
and Watson (2011) review studies which explicitly consitier impact of breaks on factor model fore-
casts. One of the key studies is Stock and Watson (2009) wHockmsiderable evidence of instability
in the factor model; the indirect evidence suggests inalim all elements (the factor loadings, the
factor dynamics, and the idiosyncratic dynamics).” (Staokl Watson, 2009, p. 197). They identify a
break in 1984, associated with the Great Moderation (sge,McConnell and Perez-Quiros, 2000), and
find the coefficients of the factors in the forecasting modetsnot constant across this period.

However, they argue that the factors can be reasonably stethated by PCs even when the individ-
ual loadings are subject to instability, and more accuratéof model forecasts are found to result from
estimating the factors on the whole sample, but the forempstodels only on the period after 1984. As
such, we estimate the principal components over the fullpéauperiod, but rather than restricting the
estimation sample to post-1984, we use IS to account farpeater stability. Instead of imposing a sin-
gle break at this point, we test for the presence of multipéaks and outliers jointly with the selection
procedure by applying IIS. Although this procedure addsnapuilse indicator for every observation to
the candidate regressor set, there is little efficiency lwster the null of no breaks, yet the procedure
has power to detect both outliers and location shifts wherethre breaks: see Castleal. (2011c).

8.3 Forecasting models

The forecasting models are obtained by undertaking sefeom the general unrestricted model (GUM):

Ay =+ Z%Ayt g‘FZZﬁZ]Azm ]+Zz¢k]fkt ]+Z(5l1{l o +e  (30)

JJa, le]g, kl]Ja

whereAy; is the first difference of log real gross domestic productherquarterly change in quarterly
inflation.
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Forecasting models are obtained by undertaking selectidB® usingAutometricsvhere we set:
(i) » = 0, i.e. select over variables only;
(ii) @ = 0, select over factors only; and
(i) ¢ # 0 andB # 0, i.e. jointly select variables and factors;
where the intercept and lags of the dependent variable etedied in all models. For the three forecasting
specifications we consider:
(@d =0,n0lIS; and
(b) 8 # 0, with IIS,
resulting in six forecasting model specifications.

Three forecast horizons are recorded, including 1-stegpeg-and 8-step ahead direct forecasts. For
the 1-step ahead forecasts we.get= 1 andJ, = 4, allowing for 4 lags of the dependent and exogenous
regressors. For 4-step ahead direct forecasts wé,set4 and.J, = 7, and 8-step ahead forecasts set
J, =8and.J, = 11.

One of the problems that factor forecasts face is the neeifféoathce to stationarity in order to com-
pute the principal components. This implies that any stmattbreaks in the levels will be differenced
out. Many variables are second differenced to obtain statity, so breaks in growth rates will also be
removed. A consequence of differencing is that the regufinecasts will be robust to breaks after they
occur. However, accurate forecasting of the differencéssisfficient for levels, as an insignificant one-
direction error can cumulate to an important under or ovesdast. e.g., 1% per quarter cumulates to
4% over a year. Hence, we also report the implied log-leveldasts. As the forecasts are dirkedtep
forecasts rather than dynamic forecasts, we let the forexagn, 7', roll forward rather than remain
fixed at 1996q4. The levels forecasts for log GDP and qugrieflation are computed as:

h

Urekeh = O AUripen+yryr for k=0,... . H—h (31)
=1

whereh = 4 ands for the 4-step and 8-step ahead forecasts respectivelyl)n({3step forecast errors
are the same for levels and differences). For the 4-stegdste, we evaluate over 37 forecasts as we
require forecasts for the period 1997q1-19979g4 to obtanawel forecast of 199794, and likewise for
the 8-step ahead forecasts we evaluate over 33 forecasts.

There arel’ = 138 observations in-sample. For the variables only or factoedasts, there are
N = 441 regressors in (30) with no IIS amd = 579 with 11S. We set the significance level for selection
ata = 1% with no 1IS, so approximately 4 regressors would be retamedverage under the null that
no regressors are relevant, andset 0.5% for 1IS. When both variables and factors are included, there
areN = 877 regressors with no IIS, so we set= 0.5%, and with ISN = 1015, soa = 0.25%. Table
2 summarizes the selection significance levels, with nadimgon numbers in parentheses. Overfitting
is not a concern despite commencing wih> 7". Parsimony can be achieved by a tighter significance
level, with the cost being a loss of power for regressors wigignificance level less than the critical
value. As a check, we consider a super-conservative syrdggetting the significance levels even
tighter, as shown in the last row of table 2.

Variables Factors Both
No IIS s No IIS s No IIS s
Number of regressors 441 579 441 579 877 1015
Conservative (null) 1% (4.4) 0.5% (3) 1% (4.4) 0.5% (3) 0.324) 0.25% (2.5)
Tighter (null) 0.5% (2.2) 0.1% (0.6) 0.5% (2.2) 0.1(0.6)% 1%.(0.9) 0.05% (0.5)

Table 2: Significance levels used for model selection.
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We also compute three benchmark forecasts including thelorarwalk and AR(1) forecasts com-
puted directly and iteratively:

AGEY = Ayrik (32)
~A S %
AGpEE, = Bo+ BiAyr (33)
h—1
~AR(I ~ ~i ~
Aym;ﬁlh = Z 071 + AL AYrk (34)

i=1

fork=0,...,H— handh = 1,4 ands.

8.4 Results

We first consider in-sample selection and estimation, wheedorecasting model is selected and esti-
mated over = 1,...,7T, with 40 forecasts computed over= 1,..., H, resulting in 90 forecasting
models. We evaluate the forecastsRMSFE, with the caveatthat theMSFE criterion may not result

in a definitive ranking, as that measure is not invariant to-singular, scale preserving linear transfor-
mations, see Clements and Hendry (1993a, 1993b).

8.4.1 In-sample estimation and selection for GDP

First we consider the forecast performance for GDP of fa¢teariables or both when the forecasting
model is selected and estimated in-sample. Table 3 recbedéntsample model fit and number of
retained regressors for selection with IIS. In-sample,ntoelel fit is generally better for the variables
than factors. Tightening the significance level resultsindr retained regressors and a worse model fit
as expected. Few dummies are retained on average, butdireecetiummies are clustered around 1984,
supporting the identification of a break there by Stock ants@fa(2009).

1-step 4-step 8-step

Cons Super Cons Super Cons Super
Variables
o 0.559 0.669 0.629 0.711 0.702 0.799
No. regressors 9 5 14 7 9 5
No. dummies 2 1 1 2 5 4
Factors
o 0.657 0.702 0.718 0.798 0.671 0.813
No. regressors 5 4 8 4 12 5
No. dummies 2 1 6 2 5 2
Both
o 0.553 0.753 0.712 0.819 0.767 0.788
No. regressors 9 2 9 4 9 6
No. dummies 2 0 1 0 2 4

Table 3: In-sample results for GDP growth models selectell Ws: & = equation standard error, No.
regressors and No. dummies record the number of regressras a subset, the number of dummies
retained, and Cons and Super are the conservative and gupservative strategies respectively.

Table 4 records the averag®SFE for each of the forecasting models, averaged across hgrizon
whether IS is applied, and the selection significance l&weGDP and GDP growth. THRMSFEs are
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closely similar for the first three methods, but forecastiritty factors is slightly preferable to forecasting
with variables for GDP growth, although it performs worsetfte levels forecasts. However, the AR(1)
model, either iterative or direct, has the lowest avelRIWESFE.

Variables Factors Both RW AR(D) AR(l)
AYrig 0.666 0.600 0.650 0.666 0.485 0.491
UT+k 1931 1971 1.925 3509 1.324 1.336

Table 4: RMSFE (x100) for GDP and quarterly GDP growth, with benchmark Random Waiect
AR(1) [AR(D)] and iterative AR(1) [AR(I)] forecasts.

We deconstruct the results for the first 3 methods in figureglRdy analyzing forecast performance
over the forecast horizon in panel (a), whether 1IS was agptir not in panel (b), and the tightness of
the selection criterion in panel (c). We plot the resultstfar 1-step ahead levels forecasts in figure 2 for
comparison, despite their being identical to those in figure

|— Variables — Factors — Both|

mmm 9.007

0.007

1-step 4-step 8-step 1S no IS conservative super—
conservative

Figure 1: AveragdRMSFE for GDP growth(Ayr4)

For GDP growth, the factor model performs best at short bagzbut worst at longer horizons.
The variable model improves in forecast accuracy at thee@-sbrizon. There is some benefit to 1IS
but few indicators are retained on average given the tigjmificance level used for selection (no more
than six), and the indicators retained are roughly the saméhe factors and variables models. A
tighter significance level does improve the variable modeddasts, suggesting parsimonious models are
preferable here, but there is little improvement to thedasts in the factor model.

|— Variables — Factors — Both|

0.04 I
L 0.02

0.027 0.01l

1-step 4-step 8-step

s no IIS conservative super—.
conservative

Figure 2: AveragdeRMSFE for log GDP (y741)

In levels, worsening factor forecasts as the horizon irsgeds evident. IS yields greater improve-
ments as the few dummies that are retained will be transtatisvel shifts capturing the shift in 1984.
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Figures 3 and 4 record the distributions of forecast ermrsdriables (panel a), factors (panel b) and
both (panel c) for GDP growth and the level of GDP respegtiéh growth rates, the forecast errors are
close to normal for variables and factors models. The Idiegbcasts have a fatter upper tail and some
evidence of bimodality, but there are no significant diffexes between the variables and factors model
forecast errors.

[~ Variableg - {— Factorg ] [~ Both| M
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Figure 3. Distributions of forecast errors for GDP growtlremaging across horizon, [IS/no 1IS and

selection strategy.
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Figure 4: Distributions of forecast errors for log GDP aggéng across horizon, 11IS/no IIS and selection
strategy.

8.4.2 In-sample estimation and selection for inflation

We next consider the results for inflation. Table 5 recordsnksample model fit and number of retained
variables for selection with IIS. In-sample, selecting rovariables results in a better model fit than
factors or both at all horizons, in keeping with the GDP rissuDirect models at longer horizons do
not always result in a worse fit, and neither does a tightarifsi@nce level, despite fewer regressors
retained for the super-conservative strategy. Few dumaresetained on average suggesting that the
differencing to stationarity has removed most breaks,oaljin more dummies are retained at longer
horizons as direct models exclude factors and variablesyatdhorter than the forecast horizon.

Table 6 reports the forecast results for inflation, averaggdss horizon, selection significance level
and whether IIS is applied. In differences, including bathables and factors outperforms the individual

“For GDP growth there are 480 forecast errors for each modsiifsgntion. For the levels distributions, we include the
1-step levels forecasts (which are identical to the difieesforecast errors), resulting in 440 forecast errors.
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models, but not the AR(1) models, either direct or iteratasin GDP growth. Variables perform better
than factors, particularly in levels, due to worsening éast performance of factors at longer horizons.

1-step 4-step 8-step

Cons Super Cons Super Cons Super
Variables
o 0.240 0.283 0.293 0.290 0.227 0.296
No. regressors 20 12 17 13 21 12
No. dummies 2 1 4 8 8 3
Factors
o 0.263 0.336 0.299 0.318 0.311 0.327
No. regressors 15 7 20 14 21 20
No. dummies 5 1 4 13 7 6
Both
o 0.266 0.284 0.302 0.356 0.284 0.334
No. regressors 14 11 12 10 13 8
No. dummies 4 3 4 3 1 3

Table 5: In-sample results for inflation forecasting modedtected with 11IS5 = equation standard
error, No. regressors and No. dummies record the numbegoéssors and, as a subset, the number of
dummies retained, and Cons and Super are conservative padanservative strategies respectively.

Variables Factors Both RW AR(D) AR(l)
AYrig 0.535 0.582 0.491 0.577 0.416 0.415
UT+k 0.687 0.981 0.656 0.469 0.444 0.464

Table 6:RMSFE for quarterly inflation and the quarterly change in inflatiaith benchmark Random
Walk, direct AR(1) [AR(D)] and iterative AR(1) [AR(])] foreasts.

To examine the results more closely, figures 5 and 6 recotdtseer the forecast horizon in panel
(a), whether IIS was applied or not in panel (b), and the sielesignificance level in panel (c).

| — Variables — Factors — Both|

0.50- 0.50-

0.25- 0.25-

1-step 4-step 8-step s no IS conservative  super—

conservative
Figure 5: AveragdRMSFE for annual change in inflatiofAyr )

In differences, variables models and both factors and bisamodels are roughly constant over the
forecast horizon but the factor models perform worst onayeras the horizon increases. There are
some gains to IIS for variable models or factor models, baigdins are small. Tightening the selection
criterion improves the forecasts, with the more parsimosimodels for the variable models and factor
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Figure 6: AveragdRMSFE for quarterly inflation(yx)

models yielding a smalldRMSFE. Factors models selected using a super-conservativegjirate best
on aRMSFE criterion at a 1-step horizon, both with and without 11S, bigo the worst over the longer
8-step horizon. Thus, factor models appear more usefuhtoshorter forecasting horizons here.

Transforming to levels highlights the worsening forecastusacy of the factor model over the fore-
cast horizon. The transformation can result in differingkiags, as can be seen at the 8-step horizon
where the variable model is preferred in levels but the casdbimodel is preferred in differences, albeit
by small magnitudes. Also, a looser strategy is preferredhie factor models as opposed to the other
models. The differences between the combined and variabtels are small because most of the re-
tained regressors for the combined model are variables.ekenvincluding many additional factors in
selection is not costly when undertaken at a conservatigeiper-conservative strategy.

Figures 7 and 8 record the distributions of forecast errorgtfe variables, factors, and combined
models. The forecast errors are approximately normalliidiged for the variables models. In levels,
the factors model has a fatter lower tail, but again therétie bystematic difference in forecast errors
for the different models.

[ varaned [ [ Facon ] T
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-2 0 2 -2.5 0.0 2.5 0 2

Figure 7: Distributions of forecast errors for the quagtethange in inflation averaging across horizon,
[IS/no IIS and selection strategy.

8.4.3 Selection and estimation method

Finally, we assess whether the selection and estimatiohadeised impacts on forecast accuracy. We
compare four methods:

(1) the forecasting model is fixed after selection and edtiman-sample ovet = 1,...,T;
(2) the model is selected over= 1, ...,T, but both parameters and eigenvalues for the principal com-
ponents are recursively re-estimated over each forecagoho?T = 1,...,T + h;
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Figure 8: Distributions of forecast errors for quarterl§lation averaging across horizon, 11S/no 1S and
selection strategy.

(3) the models is both selected and re-estimated recuygiver each forecast horizoh=1,...,T+h,

and the eigenvalues re-calculated, so the model speaiicesin change with each new observation; and
(4) partial recursive selection and estimation, where tiegipus selected model is forced, in that selec-
tion occurs only over the additional variables or factoospeeviously retained variables are not dropped
even if insignificant.

Figure 9 records th&MSFEs for GDP growth with 1IS using the conservative strategy dach
estimation method. There are no clear advantages to usyngpagific selection and estimation method.
Recursive estimation marginally outperforms in-sampteredion but there are cases where in-sample
estimation is preferred, for example the factor model aef-and the variable model at 8-step. Recursive
selection and estimation can be worse at longer horizor, partial recursive selection providing a
slightly more robust selection method. In general, theedgfiicing and IIS has accounted for the in-
sample breaks and so there is little difference betweegtg@mieand estimation methods for GDP growth.
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Figure 9: Average RMSFE for GDP growth with IIS using the camative strategy.

Figure 10 records thRMSFEs for the quarterly change in inflation with 1IS using the camsative
strategy for each estimation method. At 1-step and 4-stepetls very little difference IrRMSFEs
between the selection and estimation strategies, but teBtsere is weak evidence to suggest recursive
estimation or partial recursive estimation and selectsgpreferred, particularly for variables.

9 Conclusion

There have been many analyses of the forecast performaeaherf factor models or regression models,
but few examples of the joint consideration of factors antdes. Automatic model selection can allow
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Figure 10: Average RMSFE for the quarterly change in inffatigth 11S using the conservative strategy.

for more regressors than observations, perfect collitearand multiple breaks and outliers, so the set
of candidate regressors can include both factors, as meghbyrtheir static principal components, and
variables. We consider which methods perform best in a &stény context, including naive devices.

One of the key explanations for forecast failure is that aictural breaks. When the underlying
data generating process shifts, but the forecasting med®ins unchanged, forecast failure will result.
As both variables and factor models are in the class of dwjsith-correction models, they both face
the problem of non-robustness to location shifts. In ourieng example, we use impulse-indicator
saturation to account for breaks and outliers in-sampléngadhat IS could be used to implement
intercept corrections if an indicator variable were reddirfior the last in-sample observation. We find
there is some advantage to using IIS for forecasting in iiffees as the unconditional mean is better
estimated, but as the data are differenced to estimate ith@pal components, few impulse-indicators
are retained. Backing out levels forecasts does highllyhnon-stationarity due to level shifts (e.g., the
structural break in 1984), and a further extension wouldb@thsider modeling and selecting variables
in levels, augmented by the stationary principal compaetiich may pick up underlying latent variable
dynamics.

The empirical application considered both GDP and inflataord their differences, usingutomet-
rics to select forecasting models that include either prinogmahponents (PCs), individual variables, or
both. The results are mixed but suggest that factor modelsare useful for 1-step ahead forecasting,
but their relative performance declines as the forecasttwincreases. For direct multi-step forecasting,
Autometricsselection over variables (or variables and PCs) tends exé&st better than factor forecasts,
suggesting that there are benefits to selecting the weigisisdbon the correlation with, . There is
little evidence to suggest that recursive estimation annsee estimation and selection is better. A more
robust alternative of partial recursive estimation anédc@n is proposed. There are gains to using IS,
but a tight significance is needed to control the retentioa. ra

The ability to undertake model selection jointly on factargl variables avoids imposing a model
specified in either just variables or factors, and circuneéine need for arbitrary selection of factors.
Thus it is a useful tool, both for in-sample modeling and faretasting out-of-sample. Whether the
data are best described by latent factors or observablablesi will depend on the phenomena being
analysed, and can be determined by the data itself usinglreeléetion techniques.
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