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Abstract

We consider forecasting with factors, variables and botigeling in-sample using Autometrics
so all principal components and variables can be includiedypwhile tackling multiple breaks by
impulse-indicator saturation. A forecast-error taxondimyfactor models highlights the impacts
of location shifts on forecast-error biases. Forecasti®g&DP over 1-, 4- and 8-step horizons
using the dataset from Stock and Watson (2009) updated th:2@hows factor models are more
useful for nowcasting or short-term forecasting, but thelmtive performance declines as the forecast
horizon increases. Forecasts for GDP levels highlight geslrfor robust strategies such as intercept
corrections or differencing when location shifts occurirathe recent financial crisis.

JEL classificationsC51, C22.
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1 Introduction and historical background

There are three venerable traditions in economic forewgastased 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/al989), and now including both
dynamic stochastic general equilibrium (DSGE) models Widsed 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 (GVARs: seesPdi Mauro, Pesaran, and Smith, 2007,
Pesaran, Schuerman and Smith, 2009, and Ericsson, 2010).

*It is a great pleasure to contribute a paper on economicdstig to aFestschriftin honor of Professor Hashem Pesaran,
who has made so many substantive contributions to this ifapbtopic. Hashem has also published on virtually every con
ceivable topic in econometrics, both theory and appliedrethy acquiring almost 20,000 citations, as well as crgadimd
editing theJournal of Applied Econometricgince its foundation in 1986. This research was support@diinby grants from
the Open Society Institute and the Oxford Martin School. Vel like to thank seminar participants at the Computationa
and Financial Econometrics Conference, London 2011, thderics Conference, Washington 2012 and Leicester Urityers
Departmental Seminar for helpful discussions. Contacildetennifer.castle@magd.ox.ac.uk, m.p.Clements@weirac.uk
and david.hendry@nuffield.ox.ac.uk.



The second approach commenced with the ABC curves of Pef824), 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 applicatimal 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, Lipgd &®ichlin (2000), Pefia and Poncela (2004)
and Schumacher and Breitung (2008).

The third set includes methods like exponentially weighteal/ing averages, denoted EWMA, the
closely related Holt-Winters approach (see Holt, 1957, Wfidters, 1960), damped trend (see e.g.,
Fildes, 1992), and autoregressions, including the getiaralseries approach in Box and Jenkins (1970).
Some members of this class were often found to dominate acésting competitions: see Makridakis,
Andersen, Carbone, Fildes al. (1982) and Makridakis and Hibon (2000).

Until recently, while the first two approaches often compatieeir 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 desciioese of the issues that arise in any
analysis of forecasting models or methods. Section 3 descihe statistical framework we use to
analyse forecasting with factors or variables. Sectionveldps the analysis of forecasting from factor
models with a taxonomy of sources of forecast errors in thpideally relevant case of non-stationary
processes. Section 5 addresses the problem of systenratia$ofailure to which equilibrium-correction
formulations are prone in the face of location shifts. Qe discusses model selection with both factors
and variables, and section 7 illustrates the analysis us#igDP forecasts. Section 8 concludes.

2 Setting the scene

Many interacting issues need addressed when analysincpkineg, the complexity of which mean that

the answer to the title’s question is likely to be contextcéiie Although general guidelines are rare, itis

fruitful to consider eight aspects: (i) the pooling of botiriables and factors in forecasting models; (i)
the role of in-sample model selection in that setting; (iilether or not breaks over the forecast horizon
are unanticipated; (iv) more versus less information iedasting; (v) the type of forecasting model in

use, specifically whether it is an equilibrium-correctiorahanism (EqQCM); (vi) measurement errors in
the data, especially near the forecast origin; (vii) howvaleate the ‘success or failure’ of forecasts;

(viii) the nature of the data-generating process (DGP). Wdflip consider these in turn.

2.1 Pooling of infor mation

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’ &atés), including both the set of factors and
the original variables will often result in the number of datate variables)NV, being larger than the
sample sizel'. Model selection whenV > T may have seemed insurmountable in the past, but is
not now. Letz; denote the set of ‘external’ variables’ from which the factor§ = Hz,; (say) are
formed, thenf,...f; g, z;,...2z;_s comprise the initial set of candidate variables. Automatindel
selection can use multi-path searches to eliminate irmekevariables with mixtures of expanding and
contracting block searches, so can handle settings withgmfect collinearity andv > T": see Hendry
and Krolzig (2005) and Doornik (2009b). The simulations as@e, Doornik and Hendry (2011a) show



the feasibility of such an approach whah> T in linear dynamic models. Investigators are, therefore,
not forced to allow for only a small number of factors, or jtie factors and a few lags of the variable
being forecast, as candidates. Since model selection wigable whenV > T', we consider that next.

2.2 Modd sdelection

The search algorithm iAutometricswithin PcGive(see Doornik, 2009a, and Doornik and Hendry, 2009)
seeks the local data generating process (denoted LDGPgIyndme DGP for the set of variables under
consideration (see e.g., Hendry, 2009) by formulating @&g@nunrestricted model (GUM) that nests the
LDGP, and checking its congruence when feasible (estimabe N <« T and perfect collinearities
are removed). Search thereafter ensures congruence, sagited models are valid restrictions of the
GUM, and should parsimoniously encompass the feasible Qldidation shifts are removed in-sample
by impulse-indicator saturation (IIS: see Hendry, Johareed Santos, 2008, Johansen and Nielsen,
2009, and the simulation studies in Castle, Doornik and IHertD11c), which also addresses possible
outliers. Thus, if{l{j:t},t =1,... ,T} denotes the complete set Bfimpulse indicators, we allow
for fy,.. . f,_s, z¢,... 245 and{1y;_y,t = 1,...,T} all being included in the initial set of candidate
variables to which multi-path search is applied. HeAte> T will always occur when IIS is used, but
the in-sample feasibility of this approach is shown in Gadiloornik and Hendry (2011b). Here we are
concerned with the application of models selected in thig twaa forecasting context when the DGP is
non-stationary due to structural breaks. Since there araf@alyses of how well a factor forecasting ap-
proach would then perform (see however, Stock and Watsd@®, 20d Corradi and Swanson, 2011), we
explore its behavior when faced with location shifts at thiee€ast origin. Section 6 discusses automatic
model selection further.

2.3 Unanticipated location shifts

Third, ex anteforecasting is fundamentally different froex postmodeling when unanticipated location
shifts occur. Breaks can always be modeled after the evemiqist by indicator variables), but will
cause forecast failure when not anticipated. Clements awdlfy (1998) proposed a general theory of
economic forecasting using mis-specified models in a waklstroictural breaks, and emphasized that
it had radically different implications from a forecastitigeory based on stationarity and well-specified
models (as in Klein, 1971, say). Moreover, those authorsstiew that breaks other than location shifts
are less pernicious for forecasting (though not for polinghgses). Pesaran and Timmermann (2005)
and Pesaran, Pettenuzzo and Timmermann (2006) consideafting time series subject to multiple
structural breaks, and Pesaran and Timmermann (2007) ezatimé use of moving windows in that
context. Castle, Fawcett and Hendry (2011) investigate im@aks themselves might be forecast, and
if not, how to forecast during breaks, but draw somewhatipgstic conclusions due to the limited
information that will be available at the time any locatidrifsoccurs. Thus, we focus the analysis on
the impacts of unanticipated location shifts in factordshfrecasting models.

2.4 Roleof information in forecasting

Factor models can be interpreted as a particular form oflfipgof information’, in contrast to the ‘pool-
ing of forecasts’ literature discussed in (e.g.) Hendry @mments (2004). Pooling information ought to
dominate pooling forecasts based on limited informatiocept when all variables are orthogonal (see
e.g, Granger, 1989). However, the taxonomy of forecastr®iroClements and Hendry (2005b) sug-
gests that incomplete information by itself is unlikely taya key role in forecast failure, so using large
data sets may not correct one of the main problems configpfdiecasters, namely location shifts, unless
that additional information is pertinent to forecastingddts. Moreover, although we use model selection
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from a very general initial candidate set, combined withgraence as a basis for econometric model-
ing, it cannot be proved that congruent modeling helps foedasting when facing location shifts (see
e.g., Allen and Fildes, 2001). While Makridakis and HiboB@) conclude that parsimonious models
do best in forecasting competitions, Clements and Hendi§XPargue that such findings are conflated
with robustness to location shifts as most of the parsimmimodels evaluated were relatively robust to
location shifts compared to their non-parsimonious caeest Since more information cannot lower
predictability, and omitting crucial explanatory varieblwill both bias parameter estimates and lead to
an inferior fit, the jury remains out on the benefits of moresusriess information when forecasting.

2.5 Equilibrium-correcting behavior

Factor models are often equilibrium correction in form, lseyt suffer from the general non-robustness
to location shifts of that class of model. However, the pples of robust-model formulation discussed
in Clements and Hendry (2005b) apply, and any EQCM, whethsed on variables or factors (or both),
could be differenced prior to forecasting, thereby embegldne resulting model in a more robust fore-
casting device. Castlet al. (2011) show that how a given model is used in the forecasbgenatters,
and explore various transformations that reduce systerfagcast failure after location shifts. Section
5 provides a more extensive discussion.

2.6 Measurement errors

Many of the ‘solutions’ to systematic forecast failure iedd by location shifts exacerbate the adverse
effects of data measurement errors near the forecast origmexample, differencing doubles their
impact. Conversely, averaging mitigates the effects ofloam measurement errors, so as a method of
averaging over variables, factors might help mitigate datars. Forecasting models which explicitly
account for data revisions offer an alternative solutiomede include modeling the different vintage
estimates of a given time observation as a vector autorggreésee, e.g., Garratt, Lee, Mise and Shields,
2008, 2009, and Hecq and Jacobs, 2009, following Pattef€9f, 2003), as well as the approach of
Kishor and Koenig (2011) (building on earlier contributsaoy Howrey, 1978, 1984, and Sargent, 1989),
who estimate a VAR on post-revision data. This necessitdtggping the estimation sample short of the
forecast origin, so the model’s forecasts of the periodupé origin are combined with lightly-revised
data via the Kalman filter to obtain post-revision estimat€ge forecast is then conditioned on these
estimates of what the revised latest data will be. ClemerdsGalvao (2011) provide some evidence on
the efficacy of these strategies for forecasting US outpoivdr and inflation, albeit using information
sets consisting only of lags (and different vintage estamadf the variable being forecast.

The frequency of macroeconomic data can also affect itsracguas can nowcasting (see e.g.,
Banbura, Giannone and Reichlin, 2011) and ‘real time’gusex pos} forecasting (on the latter, see e.g.,
Croushore, 2006, and Clements and Galvao, 2008). Emipintdence suggests that the magnitudes of
data measurement errors are larger in the most recent datgher words, in the data on which the
forecast is being conditioned (hence the Kishor and Koettig 1, idea of stopping the model estimation
period early, and attempting to predict the ‘final’ estinsaté the most recent data), as well as during
turbulent periods (Swanson and van Dijk, 2006), which mighdur factor models over other approaches
that do not explicitly attempt to take data revisions into@amt.

Parsimonious models need not be robust—just consider asiegtimate of the unconditional historical mean of a pmces
as its forecast. No model specification or selection areireduand estimation is just the calculation of the samplaméut
this parsimonious forecasting device is highly susceptibllocation shifts.



2.7 Forecast evaluation

There is a vast literature on how to evaluate the ‘successlard’ of forecasts (see among many others,
Leitch and Tanner, 1991, Pesaran and Timmermann, 1992 ,e@tsrand Hendry, 1993b, Granger and
Pesaran, 2000a, 2000b, Pesaran and Skouras, 2002), aswsihg forecasts to evaluate models (see
e.g., West, 1996, West and McCracken, 1998, Hansen and Timana, 2011), forecastingnethods
(Giacomini and White, 2006), and economic theory (Clemants Hendry, 2005a). As a first exercise
in forecasting from models selected from both variables factbrs, we report the traditiondSFE
measure, and evaluate forecasts of the levels of (log) GRIPGIDP growth. Both are of interest to
the policy maker: the growth rate in a headline statisticekgls the level of GDP is required for the
calculation of output gaps, see e.g., Watson (2007). Tagtidgaccuracy of different forecasting models,
the choice of levels versus differences can also matteiffasathces between the accuracy of multi-step
forecasts from correctly-specified models and models winighose ‘too many’ unit roots are typically
diminished when forecasts are evaluated in terms of groatédsrather than levels. Clements and Hendry
(1995) show this analytically for a cointegrated VAR, usihg trace of théISFE matrix as the measure
of system-wide forecast accuracy, but the results speeiati the equivalent comparisons in terms of
single equations. The impact of the mis-specification of ¥AiRdifferences (for cointegrated systems) is
attenuated when forecasts of growth rates are evaluatednWere are structural breaks, the evaluation
of forecasts of growth rates may cloak the benefits of a bédtecasting model, such as an intercept-
corrected forecasting model as the benefits of using a rébrestasting device are potentially larger for
levels forecasts.

2.8 Natureof 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 expectedaavell 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 forecastinghemns the DGP is:

Xt = T(L)ft+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-dimensiagal The latent factors are assumed here
to have a VAR representation. Suppose in addition that thenrzero ‘idiosyncratic’ errorg; satisfy
Eleitej+—r] = 0 all k unlessi = j (allowing the individual errors to be serially correlatedhd that
E[n,e.—x] = 0 for all &.

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

E; [xi,t—f—l \ xt, b, xe—1,f1, . ] =k P\z‘ (L),ft—l—l + €it+1 \ xt, B, xe—1, 61, .. ]
= Et [Az (L), ft+1 | Xty ft, Xt—1, ftfl, .. ]
+ Etleisr1 | xe, B xe1, 81,0 ]
=E [N (L) fig1 [ £, 611, .. ] + Ee[einsr | e €inmt-. ]
=a (L) f+5(L) vy
under the assumptions we have made (see Stock and Watsdn,f@0a detailed discussion). Absent

structural breaks, the model with the appropriate factagslags ofx; would deliver the best forecasts
(in population, ignoring parameter estimation uncertgintThe results of Faust and Wright (2007),
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among others, suggest that the factor structure may not keteyarly good representation of the
macroeconomy. Our empirical approach allows that the thdsiving forces may be variables or factors,
as well as the many possible non-stationarities noted abdVe assume the DGP originates in the
space of variables, with factors being potentially congahapproximations that parsimoniously capture
linear combinations of effects. Although non-linearityndze tackled explicitly along with all the other
complications (see e.g., Castle and Hendry, 2011a), weandlyze linear DGPs here.

Thus, we consider forecasting from linear models selectesdimple 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 IS, so the initial model will necessarily haVe> 7', and in the third case will be perfectly
collinear, but we exploit the ability of automatic modelesglon to operate successfully in such a setting.

3 Statistical framework

We begin by describing the relationship between the ‘esierariables and the factors, and then the
postulated in-sample DGP that relates the variable oféstdp the factors or ‘external’ variables.

3.1 Relating external variablesto factors

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

ze =7+ 11z, | + v (1)
wherell has all its eigenvalues inside the unit circle, and- IN,, [0, 2], wheren < T'. From (1):
Elz)] =7+ TE[z; 1] =7+ T = p
wherep = (I, — 1‘[)’1 7. The principal-component description zfis:
z; = Wi, + e 2
so whenk [f;] = k andE [e;] = 0, under weak stationarity in-sample from (2):
Elz:] = WE[f;] +Eles] = T = 3)

wheref; ~ 1D, [k, P] is a latent vector of dimensiom < n, soW is n x m, with e; ~ ID,, [0, Q,],
E[fie}] = 0 andE [ese}] = Q. Then:

El(ze — p) (ze — p)'] = YE[(f; — k) (f; — k)] ¥/ + E [e€]] = PPY' + Q. =M (4)
say, whereP is anm x m diagonal matrix and hencg ~ D,, [, M]. Let:
M = HAH' (5)

whereH'H = I,,, soH~! = H' and the eigenvalues are ordered from the largest downwatis w

H/ A. O
/ 1 11
H_<H,2> andA_< 22), (6)

whereA;; ism x m, with H{MH; = A;; and:

HAH' = H1A11H/1 + H2A22Hl2.
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Consequently, from (2) and (6):
H (z; —p)=H (¥ (f, — k) +e) =f — & (7

If only m linear combinations actually matter, 8- m do not, the matri¥I} weights thez; to produce
the relevant principal components where:

H) (2 —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.

3.2 Variable-based and factor-based models
Suppose the 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 trisefvork
analytically, albeit posing greater difficulties empitlgaUnder weak stationarity in-sample:

Ely) = Bo+ B'Elzi—1] + pE[ys—1] = By + B+ pd =4 (20)

SO0 = (BO + ﬁ’u) /(1 — p) and (9) can be expressed in terms of deviations from means as:

y—06=0" (2z1-1 —p) +p(y—1—9) + & (11)

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

Yo — 0 = B, (Zat—1 — Ma) + o (Y1 — 0) + 14 (12)

However, that does not preclude that known linear comhanatof the omitted variables might be sig-
nificant, sov; heed not be an innovation process.

Alternatively, given the mapping between variables andiofacin §3.1, if a factor structure holds,
from (7) and (11) we can obtain an equivalent representatighl) in factor space:

y—0=PFH{ 1 -Kr)+py1-0)+a=7(f1-K)+py-1-9)+& (13)

Again, only a subset may matter, namely fhe_; in (8), and the resulting parsimonious model in the
space of relevant factors becomes:

Y — 0= ’7',1 (th,l — Kl) + P1 (ytfl - 5) + un (14)

wheren, need not be an innovation process against the omitted ilafitom also, (12) and (14) are not
equivalent representations in general even though (11jk8)care.

Finally, we allow the possibility that when both variablegldaheir principal components are allowed,
some of thez, ;_; and some of thé, ;_; are retained to provide closer, yet more parsimonious,cxppr
mations to the behavior @f in-sample. In practice, there may well have been locatiditssind outliers
in-sample, so we also allow for 1IS during model selectiohud, a vector of deterministic terms (such as
intercepts, location shifts, and indicator variables)atedq; with Q; = (q; ... q;) is allowed, as well
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as longer lags, so the sequential conditional expectafign at timet is denotedE, [y;|Z; , Y} 1q:]
(when that exists).

An important special case is when the DGP4pis a simple autoregressive process, so that none of
thez; .1 have a role to play. Wheg is just an AR(1), say, then:

Yt = Yo + N1Yi—1 + vt

Searching over (or modeling) factors alone might lead tad¢tention of a large number of the elements
of f; to approximatey; _1, especially if thez; includey,. When searching over variables, or both variables
and factors, then the starting model includgs;, and so should allow for simpler models that more
closely resemble dynamic DGPs.

4 A forecast-error taxonomy for factor models

The aim is to forecast the scalgy.;,} over a forecast horizoh = 1, ..., H, from a forecast origin at
T, at which point the information set consistSZ# = (z1...zr)and(y; ...yr). Forecast accuracy is to
be judged by a criterion functio@, (ﬂT+1|T e ﬂT+H|T) , which we take to depend only on the forecast
eITorsuy 7 = yYr+h— Y7447 @Nd Specialize further to squared-error loss in the englidpplication,
where we also consider the possible dependence of evaluaiicomes on the transformation g, 5,
being forecast.

Once in-sample principal components estimates of the rﬁa@fp} are available, one-step forecasts
can be generated from estimates of the selected equatipA (14

Yryiyr = 5+ 7 <?1,T - 31) +p (§T - S) (15)

whereyr is the ‘flash’ estimate of the forecast origin value. Muttys 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), soifastep ahead forecasts:

IranT = O(n) + 1) <?1,T - E1> + P(n) (@T - S(h)) (16)

in which caseir 7 = yr+n — Yr4nr Will generally be a moving-average process of orler 1.
Existing taxonomies of sources of forecast errors haveyaadla range of open and closed models
in variables, but not factor models when the DGP has a fattoctsre, as in (13). The DGP depends
onz;—; andy;_1, although not all the variables ;_; need enter the DGP, and the forecasting model
is allowed to incorporate a subset of the factors. Our tamgnof forecast errors focuses attention on
what are likely to be the main sources of forecast bias anecémt-error variance, so we begin with
location shifts as the only source of instability over theefrast horizon, but then consider a shift in the
parameter vector of the factors affectigg Stock and Watson (2009) consider the effects of instadslit
in the forecasting model—-that is, in the effects of the fexctiny,—but as we show, a key determinant of
forecasting performance is the impact of location shifte & the DGP change dt to:

Yren = 0"+ B (zr4n—1 — 1) + p (Yran—1 — 0°) + eryn (7)
forh =1,..., H. Mapping to principal components yields:

yron =0 + 7 (frin—1— ") + p (Yrsn-1 — ) + eryn (18)

2Estimatesﬂ,t of f; using principal componentl} (z: — 1z) depend on the scaling of the, so are often based on the
correlation matrix.



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 (18) minus (15), for
h =1, gives rise to:

ﬂTJr”T = (5* — 3) +7 (fT — K}*) — ?,1 (?177“ — 21) +p (yT — (5*) — /p\ (@T — 5) + €741.

Using 7} (k] — k1) + 75 (k5 — k2) = T/ (k* — k), we derive the forecast error reported in table 1.

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

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

7' (K* — K) [B] factor-mean shift

+(1-=p) <5 —3) [C] equilibrium-mean estimation
-7 (k1 — K1) [D] factor-mean estimation

+p (yr — yr) [E] flash estimate error

+7 <f1,T — E,T) [F] factor estimate error

+75 (for — K2) [G] factor approximation error
+(r1—71) (ﬁj — m) [H] factor estimation covariance
+(p—0) <37T — 3) [1] flash estimation covariance
+ (11— 71) (k1 — R1) [J] parameter estimation covariance
+eri [K] innovation error

Neglecting terms oD, (T!) (including finite-sample biases in parameter estimate$ydos on
the main sources, and taking expectations:

E[@riar] =~ (1—p) (6" —08) — 7/ (K" — &) + p(yr — E[fr]) + T4 (fur — E[fi7])  (19)

which indicates that sources [A] and [B] in table 1 are thenaiy determinants of forecast bias, although
data mismeasurement and factor estimation errors ([E] B))daJso contribute. These last two and all
the remaining terms contribute to the forecast-error vaga The factor approximation error does not
enter (19) a& [f, 7] = k2. Even when [E] and [F] are negligible, the equilibrium-meaml factor-mean
shifts could be large. For example, if in (1):

™ =m+ 140 for h=1,... . H (20)
so that the intercept in the unmodeled variables reprets@mtandergoes a permanent shifttthen as:
7=, —I) ¥k

whenII andW®¥ are constants will shift, and forn = m:
K= (L, -I) ' =K+ 1pn¥ (I, -I) "0 (21)

Thus, forecast-error biases are entailed by equilibriueasmshifts within the forecasting modelwgf
(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
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problem. This outcome is little different from a model baskectly on thez; (rather thant;) where
shifts in their equilibrium mean can also induce foreca#tifa yet omission does not exacerbate that
problem (see Hendry and Mizon, 2011, for a general taxonoinsysiems with unmodeled variables).

Consider now the possibility that and p change value for the forecast period, so that in place of
(18) the DGP is given by:

yri1 =0+ 7" (fr — k") + p" (yr — %) + eri1 (22)

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

T (fp — k) — 7 (fr — k%) = (77 = 7') (fr — k)

so that the slope change will interact with the locationtshiifit 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 efgtocess (the shift ip) only affects the
forecast bias if the mean @t also changes over the forecast period. To see this, thaadditerm in
the forecast error whemshifts is:

(p* = p) (yr — %)
which has a zero expectation when the shifp idoes not cause a shift i) soé* = 0.

Finally, it is illuminating to consider the principal soes of forecast error for an AR) model, as
this model serves as the benchmark against whichdleetedactor-and-variable models in section 7 are
to be compared. For the sake of brevity, we ignore factorgocbisdary importance, such as parameter
estimation uncertainty and data mis-measurement, andraonthe forecast error for the AR):

Yy =0+ a(yi—1—6) + v (23)

when the forecast period DGP is given by (18). Notice thataiméssion of the factors will typically
change the autoregressive parameteso thata need not equap, but the long-run mean is the in-
sample period value @. Denoting the forecast error from the AR model byvr |7, we obtain:

Oriyr = (1= p) (6" = 8) — 7' (v —fr) + (p — @) (yr — 9)

with a forecast bias of:

E [bryr] = (1—p) (0" = 0) — 7/ (" — &),
matching the two leading terms in (19) for the bias of thedafbrecasting 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 here). This affirnesitiportance of location shifts and the relative
unimportance of forecasting model mis-specification (asgn, Clements and Hendry, 2006).

5 Theequilibrium-correction problem

Section 4 assumes a single forecast origin, but forecagdingrely 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 unkymowhen the forecast is made, the speed
and extent to which forecast accuracy recovers as the arigires forward in time from the break point
are important. A feature of the ‘equilibrium-correctiortass of models, to which (15) belongs, is their
lack of adaptability over time. To see this, note that (19)ldde rewritten for 1-step forecasts as:

AYriqr =71 (/f\l,T - 21) +(p-1) (@T —5)
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so thatE [AJr, 17| ~ 0, whereas the DGP is given by:
Ayry1 =7 (fr — ")+ (p = 1) (yr — ") + er1a (24)
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")  (25)

Thus shifts in the deterministic terms will induce foredadiure, principally because they are embedded
in Ayr.1, but not in forecasts of this quantity. In the class of EQC¥is problem persists as the origin
is extended forward. For example, forecasting- 2 from T" + 1 even for known in-sample parameters,
accurate data and no approximation error, we find:

€rqori1 = Yr+2 — Uraarer = Th (K1 — K1) + (p— 1) (6 = 67) + ery2

This generic difficulty for EQCMs suggests using a robustdasting device approach which exploits
(25), asin: R
A¥rigrer = Dyryr + TIAfLr + (5 — 1) Ayr
Again, under the simplifying assumptions (known in-sangaleameters, accurate data, no approximation
error), and denoting the forecast errordy, o711 = Ayri2 — Ay o741, USING (24) gives:

ANeryorin =T (fre1 = K7) + (0= 1) (yr41 — 07) + erp2 — Ayrin — TiAf1 7 — (p— 1) Ayr
= Ayrio — Ayryr — (1AL + (p— 1) Ayr) (26)

which is less dependent on the location shifts.

To the extent that most factor models are also EqQCMs, laatiifts could have two impacts. The
firstis when breaks affect the mapping between the origiaaables’ information and the derived factors
(i.e., changes in the weights). This is addressed in StodkVeatson (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 faging model will induce systematic
mis-forecasting, and the above analysis applies equalgctor-based models (as illustrated in section
4). In the empirical forecasting exercise in section 7 bekhe variables are already differenced once,
so large shifts in equilibrium means are unlikely, and heswah formulations already embody a partial
robustness to previous location shifts. Indeed, if in platé3), the differenced-data version is used,
then forecasting” + 2 from 7" + 1:

AﬂT+2|T+1 = alAyri1
when:

Aypyo = 77 Afrp + p*Ayrir + Aerpo

we have:
Opporer = TV Afpp1 + (0" — @) Ayryr + Aeryo

which is close to (26).
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6 Automatic Model Selection

The primary comparison of interest is between automatiectieh over variables as against PC-based
factor models in terms of forecasting. Factors are oftend®gy as necessary to summarize a large
amount of information, but automatic selection procedwgiesw this is unnecessary. Selection will
place a zero weight on variables that are insignificant ifa®img variation in the dependent variable
according to a pre-specified critical value, whereas ppalatomponents will place a small, but non-zero
weight on variables that have a low correlation with othgslanatory variables.

One advantage of using an automatic model selection algoii that it enables us to remain agnos-
tic about the form of the LDGP. If the data are generated bywddéent factors that capture underlying
movements in the economy such as business cycles, thefipaticomponents should be used to fore-
cast future outcomes. On the other hand, if the data are @tedeby individual disaggregated economic
variables then these should form the forecasting modelnBlding both explanations jointly, the data
can determine the most plausible structure.

A further advantage of model selection is that separatetsafeof the relevant principal components
is not needed. Various methods have been proposed in tragudite, but most take the principal compo-
nents that explain the maximum variation within the set qflamatory variables, not the most variation
between the explanatory variables and the dependent ignahich would require the correlation struc-
ture between the regressors and the dependent variablesitmite to the correlation structure within the
regressors (see e.g., Cadtal, 2011b). Instead, by selecting PCs based on their stafisignificance
in the forecasting model, we capture the latter correlatiorthe empirical application, the retained PCs
tend not to be the first few PCs, so the correlation structuag differ from that between the dependent
variable and the disaggregates.

The model selection algorithm useddatometricswhich undertakes a multi-path search using block
expanding and contracting searches to eliminate insigmifieariables, commencing from a general
model defined by all potential regressors including vadgabfactors and lags of both, as well as impulse
indicators. Once a feasibly estimable set is found, furtkeeuctions ensure pre-specified diagnostic
and encompassing tests are satisfied. Variables are elediifathey are statistically insignificant at
the chosen criterion whilst ensuring the resulting modstilscongruent (see Doornik, 2008). Various
methods of joint testing can speed up the search procedutemetricsenables perfectly-collinear sets
of regressors to be included jointly. While the general niadgot estimable initially, the search proceeds
by excluding some of the perfectly-collinear variablessetection is undertaken within a subset of the
candidate variables, but allows excluded variables to blided in a different path search with other
perfectly-singular variables being dropped. This ‘sies@nitinues untilNV < 7" and there are no perfect
singularities. The standard tree search selection canbthapplied: see Doornik (2009a, 2009b).

7 Forecasting US GDP and GDP growth

Our empirical forecasting exercise compares the forecagomance of regression models based on
principal components, variables, or both. We forecasttedsirGDP growth over the period 2000-2011,
as well as considering the corresponding level forecast&foP. Models are selected in-sample using
Autometrics with all variables and their principal components incldidie the candidate set jointly.

A number of authors have assessed the forecast performéfeetar models over this period, and
Stock and Watson (2011) review studies which explicitlysidar the impact of breaks on factor model
forecasts. One of the key studies is Stock and Watson (200@) find ‘considerable evidence of insta-
bility in the factor model; the indirect evidence suggestsability in all elements (the factor loadings,
the factor dynamics, and the idiosyncratic dynamics).o¢8tand Watson, 2009, p.197). They suggest
estimating the factors on the full historical period acrtbes break (here, the Great Moderation around
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1984, see, e.g., McConnell and Perez-Quiros, 2000), byt estimating the forecasting models that
include the factors as explanatory variables on the paskoperiod. As an alternative strategy to handle
instability in the forecasting models, we use the full estiion sample, but IIS.

The AR benchmark models against which factor model foreca®t often compared have typically
been difficult to beat systematically. For example, in teoghfrecasting inflation, Stock and Watson
(2010) argue that simple univariate models, such as a ravdain model, or the time-varying unob-
served components model of Stock and Watson (2007), areetdivg with models with explanatory
variables. Stock and Watson (2003) are relatively downbhbatit the usefulness of leading indicators
for predicting output growth: see Clements and Galvao $2@ar evidence using higher-frequency data.

7.1 Data

The data set, based on Stock and Watson (2009), considtstafuarterly time series for the United
States, over 1959:1-2006:4, but is updated here to 201h&eTaren = 109 disaggregates, used both
as the candidate set of regressors and the set of variabfesniahe principal components. All data
are transformed to remove unit roots by taking first or sedifidrences (usually in logs) as described
in Stock and Watson (2009) Appendix Table Al. The data aviilfor estimation spaff’ =1962:3—
2011:2, so there are 150 in-sample observations afterftramations and lags, with the forecast horizon
spanning 2000:1-2011:2, which is separated into two ssjp2600:1-2006:4, and 2007:1-2011:2, to
assess the performance of the forecasting models over trefa crisis period.

Denoteh as theh—step ahead direct forecast, whére= 1,4,8. Let P denote the out-of-sample
forecast period, wheré, = 2000:1, P, = 2006:4 andP, = 2011:2. Forecasts are evaluated over
Py : P, (full forecast sample of 46 observationd); : P; (forecast subsample 1 of 28 observations);
andP; : P, (forecast subsample 2 of 18 observation$)denotes the total number of regressors, which
could includeT impulse indicators, lags of variables or factors, and deit@stic terms.

7.1.1 Principal Components

Letx? (= Ax) denote théT + m x n) matrix of disaggregated variables which have been tramsfdr
to non-integrated by appropriate differencing, addhen xn sample correlation matrix. The eigenvalue
decomposition is:

M = HAH' 27)
whereA is the diagonal matrix of ordered eigenvalu@s > ... > A, > 0) andH = (hy,...,h,)
is the corresponding matrix of eigenvectors, WHHH = I,. The sample principal components are
computed as:

f=H'x? (28)
wherex? = (x4,...,%4)" is the standardized data, —
911/2
7l =1y 2¢,ands, «= |7 LS ( d fd) } . When the principal components are estimated

(w?,t _f;l) /5x5¢ Vj = 1,...,n where

J
in-sample,m = 0, whereasn = Py,..., P, for recursive estimation of the principal components.

7.2 Forecasting models

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

Ayy =9+ ZP]A% ity Zﬁ”szt jJrZZ’Yk,]fkt ]+Z511{1 o te (29

jJa Zl]Ja kljJa
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whereAy; is the first difference of log real gross domestic product.
Forecasting models are obtained by undertaking selecid®®) usingAutometricavhere we set:
() v = 0, i.e. select over variables only;
(i) B = 0, select over factors only; and
(iii) v # 0 and3 # 0, i.e. jointly select variables and factors;
(iv) 3=0,n=4, J, = J, = h, i.e. the first four principal components only, with no sélat,
where the intercept and lags of the dependent variable elkgied in all models. The intercept is forced
in all specifications, i.e. not selected over.

Three forecast horizons are recorded, including 1-stegpegd-and 8-step ahead direct forecasts. For
the 1-step ahead forecasfs = 1 andJ, = 4, allowing for 4 lags of the dependent and exogenous
regressors. For 4-step ahead direct forecdgts 4 andJ, = 7, and 8-step ahead forecasts $gt= 8
andJ, = 11.

For the four forecasting specifications either:

(@d =0,n0lIS; or
(b) 6 # 0, with IIS, applied in-sample.

Either the forecasting model is selected and estimatedtovet, . . . , T'; or the forecasting model is
selected and estimated recursively over the forecastdmriz= 1, ...,7 +m, including the eigenvalues
of the principal components, so the model specification tamge with each new forecast.

Intercept-corrected forecasts are also computed. Theesiform of intercept correction is used,
whereby the last in-sample residual is added to the forecast

~IC ~ ~
AyT-i-h-i-m = AyTJthrm\Ter T+ €T+m form=0,..., P

Two selection strategies are considered; a conservatiye &uper-conservative strategy. The con-
servative strategy aims to retain 4.4 regressors on averadgr the null that no regressors are relevant
(Na =~ 4.4) and the super-conservative strategy gives a null reterti@pproximately 0.4 regressors.
Hence, overfitting is not a concern despite commencing Withs> T'. Parsimony can be achieved by
controlling the significance level, with the cost a loss ofvpo for regressors with a significance level
close to the critical value. No selection is undertaken liermodel PC1-4, other than IIS for which the
conservative strategy significance level ref@fa(~ 1.5). Table 2 summarizes the selection significance
levels.

Variables Factors Both PC1-4
no IS IS nollS IS nollS s s
N 441 591 441 591 877 1027 156
Conservative 1% 0.75% 1% 0.75% 0.5% 0.43% 1%

Super-conservative  0.1% 0.075% 0.1% 0.075% 0.05% 0.043% -

Table 2: Significance levels used for model selection.
Notes: Intercept is forced in selection; PCs and LDV is fdrite'PC1-4’ model.

Three benchmark forecasts are considered, the random R, @nd AR(1) forecasts computed
directly and iteratively:

A/y\ﬂgm—i—m = AyTer

_AR(D S 5
AyTJrf(LJr)m = Bo+ B1AYTm

h—1
~AR(T ~ ~ ~h
Ay = > Fob + P AYTm
=0
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form=1r,,...,%»andh =1,4,8.

As a result, there are 354 forecast models to compare. Weateahe forecasts on root mean-square
errors RMSFESs), over the full sample and two subsamples, and for botHdeared growth rates. The
implied level forecasts for GDP (in logs to avoid the tramsfation bias) are computed as:

h

YTt htm|T+m = Z AYrpiymTem + Yr+m for m=PFy,... P

i=1

for h = 4,8. Although 1-step ahead forecast errors are identical fegldeand differences, results
are reported for comparison. 4-step forecasts are evdluster from 2000:4 and 8-step forecasts are
evaluated from 2001:4 as theprior difference forecasts are required for computatioral&ation in
levels and growth rates need not result in the same rankamguse th&MSFE criterion is not invariant
to non-singular, scale preserving, linear transformaticee Clements and Hendry (1993b). Further, in
section 2.7, we argued that evaluation in terms of growtbsrabuld downplay the benefit of using a
robust forecasting device when there are breaks.

7.3 Results

Table 3 records the in-sample model fit and number of retairgoessors for selection with IIS. At
the looser significance level, selection over factors tesula better in-sample fit than selection over
variables, while the ranking is reversed using the tighigmiicance level. The factor models retain a
relatively large number of PCs under the conservativeesiyaisuggesting some overfitting, particularly
ath = 4. The fit of the non-selected PC1-4 model is close to the fitégding over variables with the
super-conservative strategy. Few dummies are retainedesage.

1-step 4-step 8-step

cons  super cons  super cons  super
Variables
o 0.49% 0.59% 0.58% 0.69% 0.51% 0.77%
No. regressors 15 6 16 8 26 6
No. dummies 2 2 5 1 7 3
Factors
o 0.40% 0.62% 0.33% 0.74% 0.50% 0.79%
No. regressors 24 7 35 6 27 5
No. dummies 6 2 11 4 5 2
Both
o 0.46% 0.64% 0.60% 0.74% 0.49% 0.69%
No. regressors 17 5 15 6 20 7
No. factors 2 1 4 0 3 2
No. dummies 4 1 4 4 13 4
PC1-4
o 0.59% 0.69% 0.74%
No. dummies 4 6 5

Table 3: In-sample model fit for GDP growth forecasting medelected with IIS¥ = equation standard
error, No. regressors and No. dummies record the numbegofssors (including the intercept) and,
as a subset, the number of dummies retained, and ‘cons’ apér'sare the conservative and super-
conservative strategies respectively.
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Table 4 records the averag®ISFE, trimmed RMSFE (trimming 10% for the full sample and
two subsamples), and average mean absolute evtAE] for GDP and GDP growth for each of the
forecasting models, averaged across: the forecast honzogther 1IS is applied or not, the selection
significance level, whether intercept correction is agpblie not, and whether estimated in-sample or
recursively. For GDP growth it is difficult to beat an AR(1) deb, either iterative or direct, particularly
in the earlier subsampleP{ : P;). In terms of selection over factors, variables, or botke bsults
generally favour selection over variables. That said, génast using the first 4 PCs (PC1-4) is the
dominant strategy, compared to selection, for both subgsri

The rankings change dramatically for the levels forecagte. AR(1) forecasts perform much worse
over the second subsample, and PC1-4 is dominated by sel@ttiactors or variables. The RW bench-
mark is preferred using tHRMSFE criterion but is worse on trimme@MSFE or MAE criteria. Variable
models are preferred to factor models in both subsampleseTdre huge differences in the forecast ac-
curacy across the two subsamples reflecting the crisisgarnid the difficulty in forecasting GDP over
this volatile period.

Variables  Factors Both PC1l-4 RW AR(D) AR(I)

Ayroy,
1.036 1.091 1.262 0.825 0.967 0.811 0.811
Full sample 0.697 0.806 0.741 0.588 0.700 0.495 0.489
0.757 0.849 0.849 0.634 0.746 0.551 0.545

0.795 0.954 0.842 0.686 0.768 0.545 0.551
2000:1-2006:4  0.644 0.758 0.669 0.536 0.619 0.427 0.431
0.647 0.771 0.683 0.556 0.625 0.421 0.423

1.275 1.250 1.654 0.984 1.191 1.101 1.097
2007:1-2011:2  0.865 0.923 0.946 0.714 0.909 0.692 0.677
0.929 0.970 1.107 0.754 0.935 0.753 0.736

Yrik
2138 2345 2350  2.668  1.965  2.603  2.681
Full sample 1.505 1.767 1.611 1.380 1.977 1.725 1.712
1555 1786 1.677 1433 1958 1851  1.826

1.400 1.745 1.507 1.828 1.156 1.289 1.310
2000:1-2006:4 1.134 1.461 1.216 0.942 1.379 0.997 1.013
1.077 1.376 1.141 0.894 1.314 0.955 0.950

2.873 2.967 3.187 3.554 2.750 3.978 3.947
2007:1-2011:2  2.286 2.482 2.472 2.315 3.083 3.318 3.282
2.299 2.423 2.512 2.271 2.959 3.245 3.188

Table 4: The three rows in each block correspond toREISFE; (b) trimmed RMSFE with 10%
trimming; and (c)MAE for GDP and quarterly GDP growth, with benchmark Random Welkect
AR(1) [AR(D)] and iterative AR(1) [AR(I)] forecasts.x 100).

The aggregate results usiRMSFE are disentangled in figures 1 and 2 for GDP growth and log
GDP respectively. Panel (a) averages across the varianasgieen forecast horizon, panel (b) averages
across all models with 11IS and models without, panel (c) ayes across the selection criterion, panel
(d) averages across whether intercept correction waseapplhi not and panel (€) compares in-sample
estimation versus recursive selection and estimation bdkelots record the subsample 1 and 2 average
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RMSFEs (where subsample 2 is always above subsample 1), with gte dkinoting the full sample
average

0.02 0.020- 0.020-
0.01 0.015- 0.015- %
0.01 5 . 8l?? £5F o.olog £ 1 ? i % | ? 0.010 g 5 g g
0008 "0.005- i " J0.005-
1
l-step 4-step  8-step s no IIS conservative  super-conservative
0.020- 0.020- @ Variables
L L @ Factors
@ Both
0.015- 0.015- @ Pci4
Te , g Dash = 2000:1-2011:2
Clear symbols = 2000:1-2006:4
00104~ O o E 0.010- 0 ? l 5 ? ? Solid symbols = 2007:1-2011:2
I 20701 I o Q0
0.005- ©10.005-
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intercept no intercept ) -
correction correction fixed recursive

Figure 1: AveragdRMSFE for GDP growth(Ayr4)

For GDP growth,RMSFE does not increase substantially as the forecast horizonsgrdt the
shortest horizon, the variable models perform poorly irsé@nd subsample relative to the first, whereas
the factor model is less affected by greater turbulenceesdtitond period. Using just the first four factors
(PC1-4) is the dominant strategy. IS yields more accuratechsts when selection is over variables or
‘both’ for the recession period. A tighter selection stggtés preferred for all forecasting models, both in
stable and volatile periods. The intercept-correctioatsgly yields more accurate factor model forecasts
(both with and without selection) during the recessiongakrbut little benefit during the earlier period.
Recursive selection and estimation yield some gains.

In terms of forecasting the levels, the performance of &lrtitodels now deteriorates as the forecast
horizon increases, as expected, but the stand-out finditlieigiain from intercept correction for all
models, especially in the second, more volatile, subpesoBMSFE-based evaluations of growth rates
can hide the benefits of using a robust forecasting device. tHeovolatile subperiodRMSFEs are
approximately halved.

The reasons for the improvements in forecast accuracy fraerdept correction are explored in
figure 3, which records thie-step ahead forecasts of the levels of GDPifet 1, .. ., 8. Panel (a) records
the forecasts from the factor model without intercept atios, with recursive selection and estimation
at the super-conservative significance level with IS, pémnerecords the forecasts from the same model
with intercept correction, and panels (c) and (d) recordftinecasts from the corresponding variable
models. The benefits of intercept correction can be seemdtibie 2008/9 downturn, where the forecasts
are pulled back on track. The simple correction is beneffoiaboth model’s forecasts, indicating that
the ‘break’ induced by the recession is the dominant feaaffexting the forecast performance of the
levels forecasts, and the choice of selecting over vaisatnidactors is of secondary importance.

3Results for the 1-step ahead levels forecasts are recondiguie 2 for comparison despite being identical to those in
figure 1.
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Figure 2: AveragdeRMSFE for log GDP (y711)
Factor forecasts without intercept correction Factor forecasts with intercept correction
4.7+ 4.7+
4.6- 4.6
4.5+ 4.5+

| L | L | L | L | L | L L | L | L | L | L | L | L
2000 2002 2004 2006 2008 2010 2012 2000 2002 2004 2006 2008 2010 2012
Variable forecasts without intercept correction  Variable forecasts with intercept correction

4.6r

4.5-

C 1 L 1 L 1 L 1 L 1 L 1 L L 1 L 1 L 1 L 1 L 1 L 1 L
2000 2002 2004 2006 2008 2010 2012 2000 2002 2004 2006 2008 2010 2012

Figure 3: 1-step to 8-step ahead forecasts for GDP. Forefrash factor models and variable models,
both recursive super-conservative selection with [IShwitd without intercept correction.

Figures 4 and 5 record the distributions of forecast errorsvériables (panel a), factors (panel
b), both (panel c) and the first 4 PCs (panel d), for GDP growith the level of GDP, respectively.
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Separate distributions are plotted for the uncorrectedirtedcept-corrected forecasts. In growth rates,
the forecast errors for the factor models are downward bjdsg intercept correction corrects the bias.
The variables and ‘variable and factor’ models contain saugiers resulting in very long tails. A
closer examination reveals that the outlying forecastreraoe mainly due to the retention of the second
difference of the log monetary base as an explanatory \ariabhere was a dramatic increase in the
monetary base following the financial crisis, which jumpemhf $863bn in 2008:3 to $1724bn in 2009:3.
In practice intervention by the forecaster would likelyeatiate such effects.

60 Factors Variables
i— no intercept correctionL 60#— no intercept correctio_nL
= With intercept correctio) = With intercept correctio)
4o 40-
20~ 20-
— L L L L L
-0.050 -0.025 0.000 0.025 0.050 -0.050 -0.025 0.000 0.025 0.050
60 Both PC1-4
= no intercept correction 75 no intercept correction
= With intercept correctio) = With intercept correctio
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20r
L L L R R
-0.050 -0.025 0.000 0.025 0.050 -0.050 -0.025 0.000 0.025 0.050

Figure 4: Distribution of forecast errors for GDP growth.

The levels forecasts demonstrate a substantial negative akd the benefits of intercept correction
can be seen clearly in these distributions. Other than thple®f outliers in the variables, and variable
and factor, models there are no major differences betweewndtiable and factor model forecast errors.

8 Conclusion

There have been many analyses of the forecast performaeith@f factor models or regression models,
but few examples of the joint consideration of factors antiades. Recent developments in automatic
model selection now allow for more regressors than obsenstind perfect collinearities. This enables
the set of regressors to be extended to include both fa@ersjeasured by their static principal com-
ponents, and variables, to be jointly included in regressimdels. The natural extension is to consider
which methods perform best in a forecasting context: thealve of this paper.

One of the key explanations for forecast failure is that nfcftiral breaks. When the underlying data
generating process shifts, but the forecasting model resy@instant, forecast failure will often result.
As both regression models and factor models are in the ctapudibrium-correction models, they both
face the problem of non-robustness to location shifts. reoapirical example, we use impulse-indicator
saturation to account for breaks in-sample, and IIS cowld bé used to implement intercept corrections
if an indicator variable was retained for the last in-sangiieervation. We find there is some advantage
to using IS for forecasting, as the unconditional mean tsebestimated in differences. As the data
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Figure 5: Distribution of forecast errors for log GDP.

are differenced to stationarity in order to estimate thagipial components, few impulse-indicators are
retained. Backing out levels forecasts highlights the siationarity due to level shifts, most notable
over the 2008/9 recession, and a further extension would w®nsider selection of the variables in
levels, augmented by the stationary principal componehisiwmay pick up underlying latent variable

dynamics.

The empirical application considered GDP and GDP growtmmaing forecasts usinutometrics
to select forecasting models that include either prinaipahponents, individual variables, or both. When
forecasting GDP growth, it is difficult to beat naive autasssgive benchmarks. These naive benchmarks
are poor at forecasting levels though, when robust devieels as differencing (the random walk model)
or intercept corrections are preferred. The empirical ltesare mixed, but suggest that selection over
variables is preferable to selection over factors whendhechst horizon is subject to structural change.
Furthermore, there appears to be little empirical supmwrinfcluding both variables and factors jointly.
The information set is identical between the two transfdiona of the data, but there is weak evidence to
suggest that factor models are preferable for short hasiZnowcasting and 1-step ahead), but variable
models are preferred at longer horizons. For direct mtéfp-gorecastingAutometricsselection over
factors tends to forecast worse than imposing the first factofs, suggesting that there are no benefits
to selecting the weights based on the correlation wjth,. While circumventing the need for off-line
selection of factors, the empirical results suggest thaistof less importance than dealing with location
shifts.

Whether the data are generated by latent factors or obdervakiables will depend on the phe-
nomenon being analysed, so can be determined from the data medel selection techniques. Re-
gardless of whether factor models or variable models aré fseforecasting, the theory and evidence
presented demonstrate the importance of robustifyingdrexésts to location shifts.
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