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Abstract

General unrestricted models (GUMs) may include importaditidual determinants, many small
relevant effects, and irrelevant variables. Automatic ei@etlection procedures can handle perfect
collinearity and more candidate variables than obsematiallowing substantial dimension reduc-
tion from GUMs with salient regressors, lags, non-lineansformations, and multiple location
shifts, together with all the principal components repnéisg ‘factor’ structures, which can also
capture small influences that selection may not retain iddadly. High dimensional GUMs and
even the final model can implicitly include more variableartfobservations entering via ‘factors’.
We simulate selection in several special cases to illustrat

JEL classificationsC51, C22.
KEYWORDS: Model selection, high dimensionality, prindigamponents, non-linearity, Monte Carlo.

1 Introduction

Macroeconomic time-series are highly complicated, witmynpotential intercorrelated explanatory
variables, long dynamic interactions, various non-stefigies, non-linearities, and multiple structural
breaks. Building econometric models of such phenomena ttata measured with non-negligible er-
rors requires that all aspects of the time-series be captaseany omissions ‘contaminate’ the included
effects. Very high-dimensional initial models are likelg the potential set of explanatory variables
will usually include individual determinants with signiéiat explanatory power, irrelevant variables, and
many relevant variables that may have small effects indafigt that would not be significant at conven-
tional levels, and hence not retained when selection isntakEn. This third group may be captured by
combining variables with small relevant effects to inceef®eir joint explanatory power. We propose
doing so by capturing the otherwise unexplained co-movésneithe observable time series using la-
tent factors represented by their principal componentss&twould also allow for genuinely relevant
common forces to be modelled explicitly. Automatic modééseon can then be applied from a general
unrestricted model (GUM). That GUM could include all theiindual variables and their principal com-
ponents, so will necessarily be perfectly collinear, buexgloit the ability of automatic model selection
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to handle such a problem (see e.g., Hendry and Krolzig, 208&rnatively, significant individual vari-
ables can be selected first and then principal componentputenh for the remaining omitted variables
to capture additional small effects. Both procedures aatuated below.

Dimension reduction

As we anticipate very high-dimensional GUMSs, reduction aelgction take five distinct forms:
. conventional selection, where variables with insigaificestimated coefficients are eliminated;
. lag-length reduction;
. reducing a saturating set of impulse indicators (i.ee, fon every observation);
. representing potentially very high-dimensional notedir reactions in a low-dimensional form;
. combinations of ‘small effects’ by their principal comzmts.
The first three involve selection, perhaps after an extensiathe basic information set, whereas the
last two require transformations followed by selection. périantly, in any realistic setting, all these
dimension reductions need to be implemented together.
To formalize these reductions, Iék,} denote the time series af potential explanatory variables
modellingy;, wherez, is the complete set of their principal components, apd,, are the saturating
set of impulse indicators, then the GUM allowing for all trmrplications simultaneously is:
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resulting inN > T regressorsL of which are relevant as defined by non-zero populatiealues.

1. Castle, Doornik and Hendry (2011a) discuss the genembaph to model selection based on
Autometrics(see Doornik, 2009a, embodied RtGive Hendry and Doornik, 2009) and establish its
excellent properties when the GUM nests the data-gengrptimcess (DGP), even when there are more
variables,V, than observationg,. Castle and Hendry (2010b) analyze the converse problegsiexfton
in under-specified equations with breaks, and Hendry andniam (2010) propose a procedure for
retaining theory-based specifications when there are nariables than observations. Section 3 briefly
describes automatic model selection (see Castle and Hezltgb, for a more extensive overview).

2. Castleet al.(2011a) and Hendry and Doornik (2009) also discuss lagtferegluction, which can
use sequentidt-tests from the longest lag jointly on all variables. We doexlicitly address this issue
here, to focus on the reduction and representation of mamyl gffiects, but recognize that a similar
analysis could apply to collecting many small dynamic inflees, as in (say) common-factor dynamics
(see Sargan, 1980, and Hendry and Mizon, 1978).

3. Castle, Doornik and Hendry (2011b) investigate impudskeator saturation (11S) for handling
multiple parameter shifts, outliers and data contamimati@sed on Hendry, Johansen and Santos (2008)
and its extension to both stationary and unit-root aut@sgjons in Johansen and Nielsen (2009), with an
empirical application in Hendry and Mizon (2011). SectioexXplains the key aspects of 1IS. Banerjee,
Marcellino and Masten (2008) and Stock and Watson (20093iden ‘factor’ forecasts of macroeco-
nomic variables facing structural change.

4. Castle and Hendry (2011a) describe an automatic algofihnon-linearity which includes cubic
and exponential functions of the principal componentslovahg the test for non-linearity in Castle
and Hendry (2010a). Section 4 describes our handling oflineas model formulation and selection,
as already reflected in (1) by the use of powers of individualgpal components rather than cubic
polynomials in the original variables.



5. is the subject of this paper.

In each setting, the aim is to select relevant variables dminate irrelevant effects. The converse
trade-off between omitting relevant and retaining irral@vdepends on the chosen significance level,
a. For N — L irrelevant regressors in (1(/N — L) variables would be retained adventitiously, so for
(N — L) = 1000 (say) andx = 0.001, thena(N — L) = 1, so on averag@99 (i.e., almost all) irrelevant
variables will be eliminated. Conversely, relevant vaeabwould be retained when thdhstatistics
exceeded the corresponding critical vatyeso|t| > c,. For variables with small non-centralities, at
the available sample size, again using- 0.001:

e =)

would be small, and hence such variables, while relevantldvarely be retained. Here we consider
approximating the effects of many small influences. To famusapturing such effects, we do not jointly
address the other additional complications in (1).

The structure of the paper is as follows. Section 2 consittersase where the model is an over-
specification of the DGP, allowing for many small relevarfeets, as well as substantively relevant
variables. §2 considers equations with factor structures. Section &fliprdescribes automatic model
selection and how we evaluate its performance, includingdlig non-linear model selection ¥4,
and three different situations of perfect collinearityg one when there are more variables than obser-
vations. Section 6 examines Monte Carlo evidence, inctutlie properties of selection (i) under the
null when no variables or factors are relevaj@)( (ii) when principal components are used to parsimo-
niously approximate many small effecf®], and (iii) when there are both individually relevant ednles
and small effects, as well as irrelevant variabk®).( Finally, we examine the case when the DGP has a
factor structure ir$6, and$7 concludes.

2 Factors

Factor structures have been used extensively in econonaicging from risk measures, distilling of
disaggregated data (e.g. Mayo and Espasa, 2009), coistrefteconomic indicators and forecasting
(Stock and Watson, 2002). There are two common approactiestor forecasting’. Stock and Watson
(1998) propose static principal components analysis imagt the factors, whereas Forni, Hallin, Lippi
and Reichlin (2000) use dynamic principal components. feaveglarcellino and Neglia (2005) find
evidence that these methods deliver similar results, basgdodness of fit, when a common information
set is used. As we propose to use the principal componentivatregression framework, we abstract
from many of the issues of standard factor analysis, nanetisrohining the number of factors, the factor
loadings, and the idiosyncratic components. Instead, weepuscipal components analysis to ensure
all the variability in the data is accounted for, which defis perfect collinearity when all of these are
included together with the individual regressbrsApproximate factor models relax the assumptions
of serially uncorrelated and homoskedastic idiosyncratiors made in the static factor model case by
assumingV — oo, (Chamberlain and Rothschild, 1983, and Stock and Wat€x)2)2vhich still ensures
the principal components estimator is consistent and asytroglly normal, established by Bai (2003).
Let ©2 denote the: x n sample correlation matrix of the set @ x n) potential variableX which

have been transformed to non-integrated by appropriaferelifcing. The eigenvalue decomposition is:

Q = HAH' )

Factor analysis and principal components analysis arezglgnt when the variances of the idiosyncratic componers a
identical.



whereA is the diagonal matrix of ordered eigeryaIAL@s > > A > 0) andH = (ﬂl,...,ﬂn)
is the corresponding matrix of eigenvectors, wiiH = I,,. The sample principal components are
computed as: L

Z =H'X (3)
whereX = (Xi,...,%r) is the standardized data;; = (;; — 7;) [oz; Vi =1,...,nwherex; =

1/2
T 2 T ANAG,, = [% e (@i —TJ)Q] "

Abadir, Distaso andike$ (2010) propose a method of estimating the eigensaiased on using
sub-sample estimates of the eigenvectors to approximattiggonalize the data. Ad is a consistent
estimator and is well conditioned for afiyandn here, estimates of (3) are computed by the standard
decomposition in (2). The two-step estimator could be usedinpute the eigenvalue&, but these are
not explicitly used in the selection algorithm.

Factor models are used as a solution to dimensionality n&. Automatic model selection tech-
niques mean that degrees of freedom constraints do not balection can be applied witN' > T,
where NV is the full set of regressors (e.g:,variables,n principal components, possibly further non-
linear transformations of the principal components, lagsAimpulse indicators). However, increasing
the dimension ofv will require selection to be undertaken at a tighter sigaiite levelo to avoid
over-fitting, and this will reduce the probability of detiact the individually small relevant effects.

Equationswith ‘factor’ structures

There are two distinct states of nature for a ‘factor stngtDGP:

() the DGP contains many small relevant effects that carppecximated by latent factors, and

(ii) the DGP is a function of ‘common trends’ that are modelées latent variables.

The former is the interesting case here, and we consider lteimative selection procedures.
The simplest DGP over=1,...,T that focuses on case (i) is given by:

y=0%+e 4)

wheree; ~ IN [0,02]. Then < T valid conditioning variables; are not perfectly collinear, and are
independent of ¢, }. B contains non-zero elements (relevant variables) and demeats (irrelevant
variables). Of the non-zero elements, soffseresult in low but non-zero non-centralities, which are
defined as absolutestatistics with non-centralities that are less than titecal value,c,,, for the chosen
significance level.

In the first procedure, denoted the ‘joint’ procedure, theMGWill include all the individual re-
gressors and their principal components computed fromg83ling to2n regressors (abstracting from
non-linear transformations of the principal components iampulse indicators):

yr =%t + 8'2 + vy %)

so the joint sew; = (x; : z;) must be perfectly collinear, with collinearities. We have re-labelled the
coefficients of (4) from3 to 8 = (v : §) because different subsets of the augmented (collineamagt
be retained in different replications.

When the principal components capture combinations oflsmlalvant effects in the DGP, they are
not directly ‘relevant’ variables. Several principal coomgnts may be needed to capture these effects,
or the individual regressors could be retained in conjamctvith the principal components. To return to
the original specification as a function ®f to evaluate biases and root mean squared erRItSES),
we solve out the retained principal components. After sielecdenote retainest; andz; by x,; and
z,; respectively, with estimated coefficienjs ands, :

~ ~//\ o~
Y = 7;~Xr,t +0,Zr s + Ut (6)
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where from (3) the retained principal components are:
/Z\nt = Hrit
Solving out from the principal components for thg, results in:

~ ~t s
Yt = 7;Xr,t + 0, H,x; +7;
= ¢, + 7. Xt + 0y (7)

An alternative procedure, denoted the ‘sequential’ praogdpins down the coefficient estimates of
the retained variables firsy,., before selecting the principal components to see if a coatiain of the
remaining omitted variables yields further explanatoryeo In this procedure, selection is applied to
(4) and the retained set of regressors is denatgd Define the complement of the retained sekas,

i.e. the variables omitted after selectitn,; = {S : S € x4, S ¢ x,.+}). Principal components are then
computed from the omitted set: R

Eo,t = Hoio,t (8)
Selection is then undertaken on the principal componeottsinig the retention of the previously selected
variables (i.e., not selecting ovey. ;) with the retained set of factors denoteg, ;:

Yt = WLXM + 3/fZVO,T‘,t + - 9)
Solving out for the principal components as in (7) yields:

Yt = (bo,r + Wg,sxt + ﬁt- (10)

This method ensures that retained ‘large effects’ are notacoinated by additional ‘small effects’, as
they are excluded when the principal components deconosg calculated. We now describe how
the variables and/or factors are selected.

3 Automatic modd selection

Autometricswithin PcGive (see Doornik, 2007, 2009a, Hendry and Doornik, 2009) is d@oraatic
model selection algorithm that seeks to locate the loca danerating process (LDGP: the DGP for
the set of variables under consideration, see e.g. Hen@8g)2 A multi-path general-to-specific search
is undertaken, eliminating irrelevant variables while wgimgy congruency, with the resulting selected
model a valid restriction of the general model that shoulkcbempass all other models that are also valid
restrictions. The full GUM is not identified under perfeatglarity (see Belsley and Klema, 1974, for
detection of multicollinearity using singular value dequositions), but as shown in Hendry and Krolzig
(2005) and Doornik (2009b), the multi-path search proceslim automatic model selection algorithms
can handle perfect collinearity. One of the perfectlyioelr variables would be initially excluded from
the model (determined by the rotation matrix), but the rpdtin search allows that excluded variable
to be included in an different path search, with anotherguif-singular variable being dropped5
discusses the use of expanding as well as contracting ssandteny > T'.

Evaluating the selected model

Even when the DGP includes latent factors as part of the pafay regressors, selection can be evalu-
ated by its success at retaining ‘relevant’ and excludinglévant’ variables. Let the firdt regressors
in (1) be relevant, with the remaininy — L irrelevant. Let3;; denote the OLS coefficient estimate

5



after selection for the coefficient on thith regressor in replicatiof) with M replications. When (-) is
the indicator variablepotencyandgaugerespectively calculate the retention frequencies of egleand
irrelevant variables as:

retention ratep; = 2 S0 1B, #0), j=1,...,N,

potency = 1358 (11)
N ~

gauge = oL Xjer1Pi-

As discussed in Castlet al. (2011a), when selecting from the linear model:

N

Yt = Z Bjxje+ e (12)

J=1

under the null that; = 0 Vj, using a significance level, thenAutometricswill retain approximately
a(N — L) irrelevant regressors. When mis-specification tests alertaken to check the congruence of
(4), the gaugey, can exceed the nominal significance levddecause irrelevant variables can be retained
to offset chance significant diagnostic tests, but usually by a small amount, sg ~ «.

If the latent factors do not directly enter the DGP, but swatidrs approximate variables in the DGP,
then potency and gauge are not useful concepts becauseetefactors would be counted in the gauge
but are contributing to potency by approximating relevartables. Instead, we evaluate selection based
on the conditional ‘solved out’ estimated coefficient bgase

> [(sz - ﬁj) 1 (le 7 0)]

bias; = ~ ji=1,...,n (13)
Y1 (B #0)
where the mean conditional estimated coefficients are:
. Zf\il [/Ej,il <Bj7, # 0)] ]
B]: M ~% ) ]:17"'7n7 (14)
S (B #0)
and conditionaRMSESs:
(= 2 1/2
S (- 5:) 1 (5 #0))
RMSE; = , j=1,....n (15)

S (B #0)
or ﬁ? whenzf‘i 1 1(3;2- # 0) = 0. We also recorded retention rates as calculated by (11).

4 Non-linear mode formulation and selection

Factor models are commonly used in a regression framewarkxample, in the estimation of composite
indicators (OECD, 2008). However, this implies the assummpof linear behaviour. The LDGP could
be a non-linear entity for which a linear model is a poor agpnation, resulting in a non-congruent
model. Yalcin and Amemiya (2001) propose a general pardorman-linear factor analysis model that
retains linearity in the parameters, and Jones (2006) ges\an application that uses non-linear functions
(orthogonal polynomials) of factors to estimate futuresmrys.
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Testing for evidence of non-linearity prior to selectiomaaoint towards whether an alternative
functional form is required. Castle and Hendry (2010a) psgpa parsimonious portmanteau test based
on principal components, which is applicable prior to utalkéng estimation, or can form part of a model
selection procedure. The test uses non-linear functiortheoprincipal components, namely squares,
cubes and expnentials, to capture general third-ordempatyals and exponential functions, and yields
anF-test with3n degrees of freedom fot linear variables. If the non-linearity test does not rejéoen
a linear specification given by dropping the non-linear &im(1) forms the GUM from which selection
is undertaken. Alternatively, rejection leads to speaifyihe general non-linear approximation in (1).

The dimensionality reduction from these functions of pipat components is essential when there
are large numbers of potential regressors, as a third-grolgnomial inn variables will havek,, =
n(n 4+ 1)(n 4+ 5)/6 terms, leading to an explosion asincreases K,, = 12,300 for n = 40). Forn
initial linear regressors, adding the squarx;?g,, cube3z§?,t, and exponential functions of their principal
componentsz; ¢, only adds3n variables, yet potentially includes many squares, culsesirgl and third
order interactions and exponential functions of the o&bin; ;. This results in a flexible parsimonious
non-linear approximation, yet jointly resolves the poi@nproblems of high dimensionality, identifi-
cation, and the restriction to second-order departuregsit to a quadratic formulation. The class of
non-linearity that we consider retains linearity in thegraeters, by redefining non-linear functions of
the principal components as new variables (&jbr ~ u;,; say), so the model becomes linear but larger,
and standard selection theory applies. Non-linear tramsfbons of the individual regressors could be
included instead of, or as well as, the non-linear princtgahponents. We propose just the principal
components in order to pick up non-linearities in commondeewhich are likely to be slowly evolving,
but further terms could be included as long as the signifiedenel is tightly controlled.

Next, the multi-path search procedure seeks a parsimgnomngruent, non-linear simplification.
The use of non-linear principal components does imply thigrpretation of the regression coefficients
in terms of economic theory is more complicated, but the limegar model can be solved back to a model
that is non-linear in the original variables, so can apprate models such as the smooth transition
model, or the Markov-switching model: see Castle and He(@d¢1a). In turn, the approximation can
be tested against such specific non-linear functional farsiisg encompassing tests (see, e.g., Mizon
and Richard, 1986, Hendry and Richard, 1989, and Bontemg$4izon, 2008), and further simplified
to them if appropriate.

Including both the linear and non-linear transformatiohsnany variables can generate substantial
‘collinearity’ additional to the perfect collinearity beeen variables discussed below. A simple opera-
tional de-meaning rule eliminates most of the collineabigégween the linear and non-linear transforms
of each regressor, so selection proceeds as in the linear $akection will keep a ‘representative’ of the
relevant effect if collinearity is high.

Non-linear functions of variables can also generate ex¢reautcomes, and the resulting ‘fat tails’ can
be problematic for inference and model selection, as thengsigon of normality is in-built into most
procedures’ critical values. Non-linear functions caroaddign’ with outliers, causing the functions to
be retained spuriously, which can be detrimental for fosting and policy. Thus, data contamination,
outliers and non-linearity interact, so need to be treatgeéther. We propose using impulse-indicator
saturation to handle such outliers, as well as data contdimmand breaks, séé.

The retention of linear and non-linear functions and indicadue to a highly over-parameterized
GUM must be controlled by implementing a ‘super-conseveatstrategy for the non-linear functions,
where selection is undertaken at stringent significanceldeto control the null rejection frequency.
With n variables there will be a furthet principal componentsp second-order polynomials of the
principal componentsy third-order polynomials, possibly further non-linearnséormations, and”
indicators, resulting inV > T'. Settinga =~ 1/N will control chance significant effects at a small cost
of increasing the probability of eliminating relevant effg noting that 1IS helps ensure normality as



well as congruence.

5 Perfect collinearity

In this section, we consider 3 cases that generate perféiteenity in the GUM specification, all of
which are handled bfutometrics Two occur becaus® > T', and the third because linear combinations
of variables and the variables themselves are includeckiGtiM.

I mpulse-indicator saturation

Impulse-indicator saturation (IIS) is used to detect meament errors, outliers and structural breaks.
The theory of IIS is derived under the null of no outliers azdtion shifts. In the simplest analysis (the
‘split-half’ approach), the firsi’/2 impulse-indicators1(;_,i = 1,...,7/2) are included in a regres-
sion, effectively dummying out the first half of the obseiwas. Estimates are based on the remaining
data, and any observations in the first half that are disatep#l result in significant indicators, which
are recorded (similar to Salkever, 1976). Those indicagoesdropped, and the second half of the in-
dicators are included and the procedure repeated. The twmfEsignificant indicators are then added
to the general model for selection of those that remain Bagmit. Hendryet al. (2008) and Johansen
and Nielsen (2009) show thafl’ impulse indicators will be retained on average at signittealevela.
Settinga < r/T maintains the average false null retentiorr atutliers, equivalent to ‘losingr obser-
vations, which is a small efficiency loss. Under the altemeatlS can detect outliers and and multiple
location shifts, including breaks close to the start and @nthe sample (see Castét al, 2011b, for
Monte Carlo evidence on the detectability of such breaks).

More variables than observations and sparcity

A straightforward generalization of 1IS demonstrates Hedéction can be made wifi > T'. Rather than
splitting into just two halves, whefv >> T" more blocks are needed. The search algorithm used allows
for learning about the relevance of variables as the blookdamed by the use of expanding as well
as contracting searches. The expanding searches cheakitteavariables, which allows the inclusion
of perfectly collinear variables in the GUM so long as theg ar separate blocks. Then a reduction
stage eliminates variables for each block that is augmentéddose omitted variables. Iterations of these
procedures are undertaken until convergence is reachesele retained set of variables is unchanged
from the previous iteration. Doornik (2009b) outlines thgogithm and provides Monte Carlo evidence
on its performance.

Selection from a GUM with more variables than observati@sN > T in (12) say, appears to
hinge on the sparcity of the LDGP parameter vector. Indeed:eguire sparcity of the population vector
(B:Kk:60:~v:X:4d)in (1), otherwise the LDGP is not identified. Moreover, thalfiselection must
have fewer unrestricted variables than observationsywibe the model is not estimable. However, the
unrestricted version of the final model may be derived fronfiaator’ formulation where the number
of free parameters is less thdh but has more non-zero elements tl¥anas in (7) wherelim(~,) +
dim(d,) < T but nothing precludedim(~,) > 7. Similarly, for a parsimionious selection from (1)
after the retalnedft are expanded in terms mf“ Thus, when selecting over principal components in
conjunction with varlables sparcity in the flnal model islonger required: fewer thaif’ effects can
be separately estimated but the other variables could &inball’ relevant effects captured by principal
components.



Multi-path selection with perfect collinearity

To illustrate the analysis, consider the simple DGP:

yr = Brx1, + BoTos + € (16)

where in fact3; = —f,, but that is not known. When the GUM is specified as

Yt = N1T1e + YaTor + s (T1e — Tar) + vt (17)

using a comprehensive multi-path search, then one patdeléte(x; ; — x2+) and (for sufficiently large
test non-centralities) retairy ; andxs +; a second path will eliminate; ; and should retaifz; ; — z2+)
but also dropz; ; as now insignificant; and similarly for the third path commieg from first drop-
ping z1,. Thus, an advantage of such procedures in dynamic speifica¢arches is that they al-
low many forms of possible lag response to be included, sseh g 11, Az (= 21 — T1,4-1),
(x1+ + x1+—1) and so on, where the relevant subset is retained.

Campos and Ericsson (1999) discuss the importance of theecbbthe initial linear transformation
of the regressors in the GUM for the final selection in methebih test null hypotheses to select. One
possible solution is to include all the theoretically valsbmbinations from the outset. A potential cost
of (say) doubling the number of variables,by also including: perfectly collinear combinations is that
the procedure may now retain approximatltyn irrelevant regressors. On the one hand, it could be
argued that such should not occur because there are siillrofihdependent’ regressors, so that null
retention frequencies should be unchanged. On the othel, Ingeny linear combinations of variables
are being included, and intatest based approach, such combinations could be signifs#hunder the
null) even when their components would not be. For example,andz; ;—; might havet-test values
less tharr,, yet(z1 ¢ + z1,—1) have a significant coefficient by chance and so be retained.

Given the difficult analytic nature of trying to establish ialn of the two arguments holds, we have
undertaken a number of Monte Carlo simulation studies. Thelsst is close to the model in (17). The
DGP is:

y; = ¢; Where ¢ ~ IN[0, 0] (18)

fort =1,...,7 = 100 where:
x¢ ~ IN2[0, I] (19)

We first consider a case with no collinearity. The GUM has tirenfin (20) as a baseline to check that
g ~ a with 5 irrelevant regressors:

yr = Bo + Brx1s + Boxos + BaT1i—1 + BaToi—1 + € (20)

Settinga = 0.01, with diagnostic tests for congruence also at 1%,= 10000 replications delivered
g = 0.014 which is a little ‘over-gauged’ as anticipated. Thus, onrage5g = 5 x 0.014 = 0.07
irrelevant variables were retained per replication. Withdiagnostic checking = 0.0098, so the
algorithm is calibrated to deliver the correct significatesesl under the null when there are no diagnostic
checks.

We now include perfectly collinear variables, repeatingsth simulations with the GUM specified
as:

Yt = Yo+ V1T1t + Yoot + V3 (T1r — Tat) + Va1 -1 + V5T2t—1
+ 96 (T14-1 — T2—1) + VAT + YgAzot + v (21)

where (21) ha9 irrelevant regressors with four collinearities. Againcat= 0.01, now M = 10000
replications delivered = 0.0057, so that9g = 9 x 0.0057 = 0.05 irrelevant variables were retained
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per replication. This is slightly smaller than anticipgtedt is consistent with the argument that adding
perfectly collinear variables does not increase the ntdintton rate.

Finally we examine the case wheke > T and there is perfect collinearity. We augment (21) with
> 6ju;, where:

Uy ~ |N100 [O,I] (22)
resulting in 109 regressors for 100 observations. Seleeia = 0.01 with M = 10000 replications
deliveredg = 0.0105, which is only slightly larger tharn, with 1099 = 1.14 irrelevant variables retained
per replication, thus controlling gauge despite includit§ > 7 irrelevant variables. Undertaking
selection atv = 0.005 yielded109¢g = 0.44 variables retained per replication, which is now smallanth
the expectation of 09« = 0.545, demonstrating that inclusion of many irrelevant varialdees not lead
to over-fitting, but not resolving whether or not the 4 petfeallinearities added to gauge.

6 Monte Carlo evidence on principal component combinations

We undertook a range of simulations of (4) to evaluate théeopmance of model selection for principal
components formulations. Firgf6 confirms the properties of selection under the null that ncppal
components are relevant. Secondl§, evaluates the ability of principal components to captussayn
small effects. Finally§6 considers the merits of selecting the variables and pahcomponents jointly
or sequentially.

The DGP is (4), with regressors generated by:

x; ~IN, [0,5], t=1,...,T, (23)

whereo;; = 1fori = 1,...,nando;; = p, Vi # j. In all reported simulations, the sample size
T = 100 and M = 10,000 replications were undertaken, with regressors drawn ieeégntly for each
replication (i.e., not fixed in repeated samples), with 2, 10,50 < T regressors sdn = 4,20, 100 =

T. The model selection algorithm usedAatometrics with no diagnostic checking, and selection from
assuming (4) is known provides an upper bound on performance

Null retention frequency

The first setting we consider is whgh= 0 in (4) to establish the null retention frequency (gauge)nvhe
estimated factors; ; are entered, with or without variables. The three altevea@UMSs are given by (5)
where (i)é = 0; (ii) v = 0 and; (iii)  # 0 and~ # 0. We setp = 0.5 and0.9.

Table 1 records the gauge, wheralenotes the significance level at which selection is unkienta
The inclusion of factors instead of variables has no effecth® gauge which is identical to selection
over the individual variables. The gauge is close to the nairsignificance level for smailt, but is
slightly under forn = 50, although with many regressors or factors, a tighter sicgniice level might be
used. Inclusion of both regressors and factors resultsriiegiecollinearity for the joint procedure. For
smalln, only reduction paths are searched and this reduces theetetition frequency relative to the
nominal significance level. When = 50, there are as many regressors as observations so expasding a
well as contracting block searches are used, and this saautgauge close to the nominal significance
level. Thus, the second argument above seems correct: idgube number of irrelevant variables to
search over by adding perfectly collinear combinationgjbiies the number of adventitious retentions.
Nevertheless, at tight significance levels this will be alsoest.
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Table 1: Gauge for selection with (i) variables, (ii) pripai components, and (jii) variables and principal
components.

a=0.05 a=0.01
n=2 n=10 n=50 n=2 n=10 n=>50

p=0.5

0] 0.0521 0.0482 0.0307 0.0116 0.0087 0.0047
(i) 0.0521 0.0482 0.0307 0.0116 0.0087 0.0047
(i) 0.0244 0.0016 0.0468 0.0038 0.0002 0.0105
p=09

0] 0.0518 0.0567 0.0312 0.0111 0.0128 0.0056
(i) 0.0518 0.0567 0.0312 0.0111 0.0128 0.0056
(i) 0.0259 0.0019 0.0484 0.0041 0.0002 0.0130

Using factorsto capture small effects

We next consider whether principal components can captargyremall effects. The DGP is given by
(4) whereB = (34,...,83,) is calibrated to give non-centralitieg; = 1, Vi, so these are small effects
(the probability of retaining a variable with a non-ceritgabf 1 ata = 0.05 is 16% and atv = 0.01 is
5% for a singleé-test). The models considered include:

[A] estimation of (4), with estimated parameters dencﬁgd
[B] selection commencing from (4), with parameter estimaienoted?i;

[C] bias correction applied to the estimates obtained bgcsiein commencing from (4), with parame-
. ~BC
ter estimates denote{qB ;

[D] estimation of the principal components model:

ye =Y 0%+ m (24)
=1

with the estimated coefficients computed By= H$. Thus, when all principal components are
included, there will be no difference between estimatirgdhginal regression model or the model
after applying linear transformations (other than caltofaof the eigenvectors).

[E] selection commencing from the principal components eh@@4), with the parameters denoted
B = Hrar;
[F] bias correrection applied to the parameter estimates the selected principal components model,
~BC

denoteds,

As the principal components are orthogonal, it is sufficienise the ‘1-cut rule’ to select the number
of factors for [E] (see Castlet al,, 2011a). Coefficient estimates of the individual regresaod principal
components will both be biased after selection. Hendry amizi§ (2005) propose an approximate bias
correction, and we use their 2-step correction in [C] and Hef [F], the retained coefficient estimates

e : ~BC . - .
of the principal components are bias correctgd, , and the original coefficients are backed out using

=BC . ~BC , o . , ~ ~ =BC = = =BC
B =H,d, . Evaluation criteria are given &8, wheres; = 3,,5;,8; 05, 5; andg; .

11



First consider the case where the factor structure okth@atches that of the relation betwegn
andx; in (4). The simplest setting, which is then amenable to amlys well as simulation, is when:

x¢ ~ IN,, [0,029] (25)

whereQ = (1 — p) I, + pet/, so all the variables have a common correlafipand3 = ¢¢, so all the
coefficients have a common value. For example, wihen 3:

1
Q=1 (26)
p

T =D
DD

which has an eigenvector bffi = ¢ = (1... 1)’ so there is a ‘factorf; ; such that:
¢fl,t = ¢L,Xt = 5,Xt~ (27)
This must be one of the most favourable cases, having a &', since (4) becomes:
Yyt =¢f1r+ e (28)

Let the non-centrality of thetest in (4) of the null hypothesis th&t = 0 be:

Bi | . ow/T+(m=2)p—(n—1)p?

SE [B] B o /I+(n—2)p

then the non-centrality of thet-test of¢ = 0 in (28) is based on:

¢; =E[tg,=0 | B; #0] =E

L (;SA :¢0w\/n(1+(n—1)p)
SE [qs] o
as:
R T -1 7 T -1
¢ = (Z fﬁ) > e =¢+ (Z fﬂ) > fuee
t=1 t=1 t=1 t=1
where:

E

T

% Z f127t] =/E [% thx;] L=02/Q =no’ (1+(n—1)p).

t=1 t=1

Thus, ate? = 02 = 1, p = 0.5 andn = 3, ¥, = /0.67¢, whereasr = /6¢; and atp = 0.9,

Y; = v/0.15¢, whereag = 1/8.4¢. The ratiosr /¢ are/8.95 ~ 3 for p = 0.5 and+/56.0 ~ 7.5 for

p = 0.9 for n = 3 (as against the bias-corrected simulation values belog:6o&nd7.6). Similarly,

we can derive ratios of0 and28.8 atn = 10 (versus MC outcomes of0.5 and 29); and 55 and

162 atn = 50 (MC of 60 and124), so when there are many small effects, in this setting tirecipal

components will be retained with a high probability relatte retention of individual regressors.
Simulation evidence is presented in table 2. #et 10, whenp = 0.5 andp = 0.9, 3, = 0.141 and

B; = 0.315 respectively, which deliver populatidrstatistics equal to on& denotes the average number

of principal components retainedias’ averages (13) over = 1...,n, and is reported ag 100, and

‘RMSE’ averages (15) over = 1...,n. The table confirms the huge advantages of representing the

individually insignificant effects fronx; by principal components in a ‘factor DGP’, with a vast redact

in RMSEs relative to just estimating the correct model. Bias cdivedurther downweights the retained
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irrelevant principal components yielding a smalRIVISE, since the first principal component is highly
significant and captures all of the variationyinas demonstrated by (27).

Figure la reports the retention rates for the variables fi8]factors [E]. One factor is retained, with
the retention rates of other factors equal to the nominalifstgince level. The retention of variables
is slightly higher than the theoretical retention rate fairsglet-test because the regressors are highly
correlated. We comment on the remaining panels below.

Table 2: Approximating small effects by principal compotsein a ‘factor DGP’
[A] [B] [C] [B] [C]  [D] [E] [FI [E] [F]

5% 5% 1% 1% 5% 5% 1% 1%
n=10;¢,=1,p=0.5
o 0.998 0.995 0995 1.012 1.012 1.004 0.993 0.993 1.001 1.001
n 1443 1443 1.091 1.091
Bias -0.022 2354 17.13 3156 2550 -0.023 -0.069 -0.075 -0.082083

RMSE 0.143 0.253 0.217 0.330 0.290 0.144 0.076 0.052 0.044 0.032
n=10;v; =1,p=0.9

o 0998 0994 0994 1.010 1.010 1046 1.033 1.033 1.039 1.039
n 1.375 1375 1.070 1.070
Bias -0.018 53.15 40.26 71.86 61.05 -0.018 -0.023 -0.023 -0.02:1024

RMSE 0.318 0.574 0503 0.752 0.682 0.320 0.157 0.102 0.083 0.056

n=10;¢;, = —(=1) p=105

G 0.998 1.000 1.000 1.021 1.021 0.999 0.993 0.993 0.999 0.999
n 1.592 1592 0.636 0.636
Bias (+) -0.020 17.63 10.01 22.02 12.63 -0.016 -4.817 -7.093 -5.4704141
Bias (—) -0.025 -17.73 -10.06 -21.92 -12.56 -0.029 4.795 7.085 5.464406
RMSE 0143 0.208 0.162 0.243 0.182 0.144 0.145 0.130 0.145 0.130

3

n=10;¢; = —(=1)% p=10.9

G 0.998 0.999 0.999 1.016 1.016 0.999 0.993 0.993 1.000 1.000
ﬁ 1.607 1.607 0.650 0.650
Bias (+) 0.011 38.22 25.17 46.83 33.21 0.019 -10.71 -15.89 -12.38.7816
Bias (—) -0.047 -38.15 -24.96 -47.09 -33.37 -0.056 10.70 15.89 12.38%.78
RMSE 0318 0.456 0373 0.522 0420 0.320 0.322 0.289 0.325 0.289

Next, consider the case when the linkgfto x; in (4) does not match the correlation structure in
(25), say thes,; alternate in sign with the same magnitude, sodage The other two eigenvectors of (26)

(1)~ (3)

0
whereas one need¥x; = ¢ (1 —1 1 )x; and henceh; + 2h; — 4hg which requires all three
factors.

Table 2 reports simulation results for the case whete 10 with 3; = —a X —1U,forj=1,...,n
whereq is calibrated to deliveft| = 1 (a = 0.141,0.315 for p = 0.5,0.9). ‘Bias (+)’ and ‘Bias (—)’
average over positive and negative parameters respgctivespite the factor structure not capturing the
correlations withy, the RMSEs of the bias corrected principal components model stilidgien small
improvement over estimating the DGP, although a cost isrtedun the bias. Few principal components
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Figure 1: Retention rates of variables and fact{Bsvariables; [E] factors

are retained on average, as can be seen from figure 1b, dexpiidgng all of them to capture the factor
structure.

A final case is where a subset of tReare irrelevant s’ = ¢ (0 1 1 )or¢(1 —1 0).

The former, for example, i% (2h; + hy + h3) (again needing all three factors) whereas the latter is
¢hy. Table 3 reports result for the cases:

B = (a,a,a,a,a,0,0,0,0,0)
B = (a,—a,a,—a,a,0,0,0,0,0)
wherea is calibrated to deliveft| = 1, for p = 0.9.

When the correlation structure between regressors mathhesf the correlation structure with
the first principal component picks up most of the variati®?MSEs are much larger than when all
variables were relevant, suggesting that the factors ¢asetect the irrelevant variables, so non-zero
weight is placed on the irrelevant variables. There is actoin in RMSE relative to estimating the
DGP though, so despite an increase in bias, the reducticariance is advantageous. The retention rate
of factors2 — 10 has doubled, suggesting that factors are attempting tcetant otherwise non-zero
effects of the irrelevant variables.

When the correlation structure differs between the regresandy, estimates of the relevant vari-
ables from the principal component model are significanigéd, and this is reflected in tRMSE of

the relevant variables. However, the bias in the irrelevaniibles is much smaller than for the previous
case, due to the differing correlation structure. A highrelation results in the first principal component
capturing most of the variation, whereas lower correlaionply that there is no dominant principal

component. Figure 1c and d record the retention rates aibas and principal components.

To summarize, when the correlation structure of the regresmatches that between the dependent
variable and the regressors, the first principal componaptuces most of the variation from ‘small
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Table 3: Approximating small effects by principal compotsenvith irrelevant variables.
[A] [B] [C] [B] [C] [D] [E] [F] [E] [F]
5% 5% 1% 1% 5% 5% 1% 1%
=10;¢;, =1fori=1,...,5;¢, =0fori=6,...,10; p=0.9
0.998 0989 0.989 0999 0.999 1.011 1.004 1.004 1.015 1.015
1.703 1.703 1.181 1.181
Bias (+) -0.054 46.89 38.72 59.95 4986 -0.066 -10.22 -12.11 -13.714.41
Bias (0) 0.018 5258 47.15 80.85 70.07 0.029 10.16 12.06 13.66 14.35
RMSE (+) 0.318 0.510 0466 0.662 0.610 0.320 0.231 0.188 0.189 0.171
RMSE (0) 0.319 0.734 0.640 0.880 0.788 0.321 0.231 0.187 0.188 0.170

3 D3

=10;4p; = — (=1)'fori=1,...,5;¢; =0fori =6,...,10; p = 0.9
0.998 0992 0992 1.008 1.008 0.999 0.994 0.994 1.002 1.002
1.804 1.804 0.904 0.904
Bias (+) -0.033 29.30 2241 2312 18.62 -0.041 -15.14 -19.46 -20.22.97
Bias (—) -0.084 -30.67 -15.06 -34.77 -16.26 -0.103 17.98 22.60 24.7277.16
Bias (0) 0.018 11.67 13.58 2496 26.12 0.029 1.604 1.681 2.345 2.229
RMSE (+£) 0.318 0.403 0.349 0.394 0.332 0.320 0.307 0.284 0.308 0.295
RMSE (0) 0.319 0.613 0510 0,585 0511 0.321 0.240 0.176 0.193 0.143
Notes:(+) denotes averaging over coefficients where= 1; (0) for ¢, = 0; (—) for ¢, = —1; and(+) denotes
averaging over coefficients whete = +1. Results forp = 0.5 available on request.

3 D3

effects’ and is highly significant. This is the optimal cased ‘factor structure’. When the correlation
structure differs, more principal components are neededpture the variation due to small effects, but
the additional ones have smaller non-centralities and ardehn to detect. Figure 2 plots the average
number of factors retained as the analytic number of pralogomponents required increases from 1
to 3 on the horizonal axis, fat = 10. After a small increase in the number of principal composent
retained at 2, the retention rate flattens out, as does thageRMSE. Selection of principal components
outperforms selection of variables when the DGP contaimafisrelevant effects’, evaluated ®®MSE,

as these variables will frequently be omitted when undertakariable selection. The converse, that
principal components selection will place a non-zero weih all variables by construction, applies
when irrelevant variables are included in the GUM, as ingastd below.

Ave. RMSEp=0.5 Ave. RMSEp=0.9 Ave. no of factors

1.75

0.2 —— a=0.05

r|—=—oa=0.01
-—e- 1=0.05 BQ
- o 0=0.01 BQ

1.50-

— p=0.50=0.05
— — p=0.50=0.01
-—e- 0=0.90=0.05|
- o p=0.90=0.01

1.25
-+ =0.01 BJ :;::::::—‘ _______ °
| | | | | | i | | |
1 2 3 1 2 3 1 2 3
no. factors— no. factors— no. factors—

Figure 2:RMSEs and retention rates for varying numbers of theoreticaityuired principal components
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Selection with both variables and principal components

Next, we consider selection when there are both indivigualevant variables and many small effects
which can be captured in part by principal components. Th&[¥34), with the regressors generated
by (23), where:

B = (a,a,b,b,b,b,b,b,b,b)’

wherea andb are calibrated to give populatdsstatistics equal to 5 and 1 respectively. Setjing 0.9
results ina = 1.568 andb = 0.315.
We compare models [A], [B] and [C] listed above with:

[G] selection commencing from the GUM using the joint prased (6), with the resulting parameters
denotedy;

[H] bias correrection applied to the parameter estimates: fthe selected model (6), denotéﬁc.
Note that bias correction is applied to beghandd, from which theﬁsBC are backed out.

[I] selection using the sequential procedure, (9), withrémilting parameters denotég ;

[J] bias correrection applied to the parameter estimaten the selected model (9), denoﬁéﬁf.

. L ~ ~ ~BC _
We compare the models based on the evaluation criteria list§3, wheres; = 3,,8,,8; ¥s.

F0¢ 4,54 and¥5S . Ave. i denotes the average number of variables retained in selemtid Ave 7
denotes the average number of principal components retaine

Table 4, panel a, reports the results for the case with twbligignificant variables (large effects)
and many marginally significant variables (small effect$)e RMSEs for selection of the variables and
principal components model are larger than if the DGP wasvknbut needed estimating. There is a
small advantage to using the principal components to capha small effects relative to selecting from
the DGP (35 — 31), but at a cost of estimating the parameters on the signifiGarables (7, 55), where
the retention rate falls from almost unity to just over 50%enkde, the first principal component (which
is retained almost 50% of the time) is capturing part of trédvidual relevant effects, and this impacts
on theRMSEs. As a result, the sequential procedure improveRIMSESs for the large effects, at a cost
of an increasedRMSE for the small effects, which are not as well proxied when #tained variables
are forced in the second stage of selection.

We next consider the case where there are some highly semiifiedividual regressors, many ‘small
effects’, and also irrelevant variables. The DGP is as aboveve set, = 20, p = 0.9, and define:

B = (a,a,b,b,b,b,b,b,b,b,0,0,0,0,0,0,0,0,0,0)’

wherea andb are calibrated to give populatdrstatistics equal to 5 and 1 respectively, to give two
variables that are highly significant, eight that are ‘sma#fitcts’ and ten irrelevant regressors.

Table 4, panel b, reports the results wiias andRMSE reported as an average across (i) highly sig-
nificant variables, (ii) small effects, and (jii) irrelevarariables. For variables with large non-centralities,
the sequential procedure delivers a smadi&tSE than the joint procedure. Selection picks up the large
effects and forces them in the second stage, thus avoidingariamination by the retention of princi-
pal components. ThRMSE of the sequential procedure is also smaller for irrelevamiables, as the
principal components are only calculated over variablegtechfrom the first stage. so a lower weight
is placed on them in selection. This leads to a smdlias as well asRMSE. The joint procedure has
a lower RMSE than the sequential procedure for the small effect vargbleor the given correlation
structure, the principal components can proxy the smadicedfwell, and indeed, tHRMSE of the joint
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procedure after bias correction is close to that of justresting the GUM for small effects, so the bene-
fits of the joint procedure dominate when the DGP containsynsamall effects and few large effects or
irrelevant variables.

Finally, we consider the case whekatometricauundertakes expanding as well as contracting searches
by ensuringV > T'. We setn = 50 with the first 10 parameters calibrated to givstatistics of 5, the
next 20 parameters calibrated to giwstatistics of 1, and the final 20 parameters calibrated ve gi
t-statistics of 0. Thus, there a2@ = 100 regressors in the GUM arifl = 100:

B' = (ax1}y,bx 15,0 x 19),

wherea = 2.18,b = 0.44 andp = 0.9.

Table 4, panel c, reports the results, averaging acrosablesi withts of 5,1 and 0. Ensuring
expanding as well as contracting searches increases thalplity of retaining the highly significant
variables (above 90%) with the first principal component &ksing retained 50% of the time for the joint
procedure. This results in a small@as for the highly significant variables, although selectingnfrthe
model with both variables and factors is worse than selgdtiom the model with just variables. The
advantage to including factors is observed in the ‘smadief regressors, which have a smaliers and
RMSE relative to selecting from the variables, and can even dataiastimation of the GUM after bias
correction. The main benefit to selection comes from elitirigairrelevant variables, but the sequential
procedure deliverRMSESs close to that of selection from just variables, so addiliagearching for
relevant factors is not very costly and yields smalR¥SEs for the small effects. Both procedures
retain fewer relevant variables than the DGP, with very feldittonal factors being retained under the
sequential procedure.

Pure ‘factor structure DGPs

The above results suggest that the sequential proceduks wedl as a ‘diagnostic test’, picking up ad-
ditional common effects once the main determinants have delected and forced. However, if the DGP
has a pure factor structure, the joint procedure should letalyetain the factors and exclude individ-
ual regressors, whereas any erroneously retained regséashe sequential procedure will be omitted
from the principal components, resulting in poor proxiestie DGP factors. We also investigated this
scenario by Monte Carlo analysis.
The DGP is given by:
Yt = ﬁl/z\l,t + 52/2\2715 v, t=1,...,T (29)

wherez; is given by (3) and the data are generated by (23). Wexset10, T = 100, M = 10000,
81 = B, =1 andp = 0.9. We consider both the joint and sequential procedure.

We evaluate the results based on the retention of varialleliding factors, given by (11). In
this scenario we can also evaluate on potency and gaugeugltithey will not be comparable across
procedures becaus¥ differs in the sequential procedure. We also computebiae and RMSE of
the coefficients on the individual variables by comparinghtheory DGP coefficient values from the
eigenvectors of the correlation matrix. From (29) we obtain

Yt = ﬁlﬁ(l)it + 52ﬁ(2)>~<t + vt (30)

whereﬁ(k) corresponds to théth eigenvector. The DGP coefficient values far given the above
parameters are = (0.63, —0.42, —0.42, —0.42, —0.42, —0.42, —0.42, —0.42, —0.42, —0.42)’.

Figure 3 records the potency and gauge in panels a and b pondiag to selection from the factor
model (24), the joint and sequential procedures. Panelardedhe retention rate of the relevant factors,
z1+ and zz; in the first two columns, and the average retention of thdewest individual variables,
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Figure 3: Retention rates amMSE ratios for the pure factor structure DGP

Z1it,-.., %104 and irrelevant factorss 4, . . . , Z1o¢ in the final two columns. Panel d records RBISE
ratio against estimating the DGP and calculating the cpamrging coefficients from (30). A ratio greater
than one indicates a larg®&MSE than the estimated DGP.

The potency and gauge of selection of the factors model sporel to the properties of selection
for individual regressors. Potency is close to one reflgdtie large non-centralities of the two factors,
and the gauge is close to 5% and 1% at a selection significamebdfa = 0.05 and0.01 respectively.
Hence, if a principal component GUM is postulated for a fa@&P, selection can proceed as normal,
and there is no discernable difference between factors aridbles despite estimating the principal
components in advance of selection. The joint procedureatmsency that is lower than selecting the
principal components alone, due to a slightly lower retantiate for the second principal component,
which has a smaller non-centrality. The gauge is slightlglarsized atv = 0.05 and oversized at =
0.01, but there is not a significant difference between reteniovariables and principal components.
The sequential procedure is not designed for a case whefadtoes enter the DGP, as can be seen by
the potency and gauge. Variables are retained as they asteglevant principal components, resulting
in fewer principal components being retained in the secdades Judging the procedures BMSE
indicates that this can be costly if, indeed, the DGP has @ fawator structure.

7 Conclusions

Factor structure models are frequently used to condensge danount of information into a parsimo-
nious form, and there is a substantial literature discgstie merits of such methods for modelling
and forecasting. An alternative methodology for obtairgnignore parsimonious model is to use model
selection. This paper attempts to reconcile the two appesto dimension reduction by undertaking
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selection of both variables and principal components. Hdpepdoes not take a stand on the appropriate
DGP structure. Rather, we propose a general method thatsaftar either individual variables, com-
mon factors, or a combination of both. We motivate the useriotpal components by demonstrating
that they can capture ‘small effects’, resulting in combas of variables with larger non-centralities
than the individual regressors alone. However, this is déget on the correlation structure between the
regressors and the dependent variable being similar tootinelation structure within the regressors.

Two strategies are considered. A joint procedure selecta it GUM that contains both variables
and principal components, resulting in perfect collinigarWe demonstrate that this is not a problem
for a model selection algorithm such Astometricghat undertakes a comprehensive multi-path search.
Simulation evidence suggests that the procedure workswinelh the DGP has either a factor structure or
contains many ‘small effect’ variables that are well praixi®y principal components. The second strat-
egy proposed is a sequential procedure, which acts likegadsdic test, first selecting relevant regressors
and then using principal components of the remaining viegato ‘mop up’ any remaining systematic
variation. This procedure enables the relevant varialodxetpinned down initially, so outperforms the
joint procedure when there are highly relevant variablesieelevant variables. However, if the DGP
has a pure factor structure, the sequential procedure awib kittle power.

To conclude, traditional regression models with individeaiables and principal component models
need not be treated separately, but can be combined usirgctige procedure that can handle perfect
collinearity. This allows the data to determine whetheruhderlying DGP has a factor structure, or the
regressand can instead be explained by a few variablesngtaies to non-linear models, dynamics and
multiple breaks are feasible by combining the present ampravith the earlier results mentioned above.
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Table 4: Model selection with variables and principal comgrats.

[A] [B] [C] [B] [C] [G] [H] [G] [H] [1] [J] [1] [J]
«@ 5% 5% 1% 1% 5% 5% 1% 1% 5% 5% 1% 1%
Panelan = 10; ¢, =5fori =1,2,¢, =1fori =3,...,10
o 0.998 0.996 0.996 1.012 1.012 0.996 0.996 1.011 1.011 0.992920 1.005 1.005
n 4594 4594 3.891 3.891 2377 2377 2180 2180 4.594 4598913 3.891
n 1907 1907 1555 1555 0.166 0.166 0.156 0.156
Bias ¢, =5 -0.008 17.89 17.44 30.09 2940 -2.149 -4395 -3.236 -5.69@.351 13.69 23.96 22.66
Bias ¢, =1 -0.020 -4.749 -9.958 -7.966 -11.78 0.433 -0.112 0.633 0.04798 -10.66 -6.332 -12.01
RMSEvy,=5 0.317 0.383 0.389 0.467 0473 0.445 0462 0.536 0.550 0.373830 0.441 0.456
RMSEy,=1 0.319 0.406 0.366 0.441 0400 0.344 0.335 0.360 0.349 0.388500 0.413 0.374
Panel bin = 20; ¢, =5fori=1,2,¢, =1fori=3,...,10,¢, =0fori=11,...,20
o 0.996 0.979 0.979 1.001 1.001 0.994 0.994 1.032 1.032 0.97®000 0.998 0.000
n 5.044 5.044 4.047 4.047 2942 2942 2480 2480 5.044 5.040474 4.047
n 2548 2548 1577 1577 0.129 0.129 0.055 0.055
Bias ¢, =5 -0.236 1356 12.99 25.69 2489 -5726 -8.819 -7.568 -10.58.131 12.52 24.95 24.07
Biasy; =1 -0.044 -8.666 -12.95 -11.57 -14.69 -6.686 -8.010 -9.377 .520-8.206 -12.78 -11.30 -14.62
Bias ¢, =0 0.095 4.082 3.207 3.838 3.091 6.414 6.716 8.836 8.917 3.80®872 3.782 3.029
RMSEvy,=5 0.346 0.375 0.383 0.448 0455 0.504 0527 0.668 0.688 0.3748830 0.444 0.453
RMSEvy,=1 0.347 0.395 0.361 0.424 0.389 0.360 0.345 0.364 0.346 0.398600 0.422 0.387
RMSEvy,=0 0.346 0.223 0.176 0.200 0.166 0.319 0.299 0.302 0.283 0.233810 0.207 0.169
Panel cn = 50; ¢, =5fori =1,...,10,¢, = 1fori=11,...,30,v¢,; =0fori=31,...,50
«@ 1% 1% 05% 0.5% 1% 1% 05% 0.5% 1% 1% 05% 0.5%
o 0.992 1031 1031 1.068 1.068 0.996 0.996 1.029 1.029 1.0240241 1.056 1.056
n 15.64 15.64 1470 1470 1332 13.32 1271 12,71 1557 15.542.691 14.69
n 2.899 2899 2506 2506 0.161 0.161 0.162 0.162
Bias ¢, =5 -0.603 22.87 2232 2845 27.72 10.67 8.759 1241 9.607 22.21.49 26.07 25.29
Biasy; =1 -0.176 -15.95 -20.55 -18.34 -22.78 -12.60 -16.58 -14.15 .218 -15.64 -20.64 -17.79 -22.92
Bias ¢, =0 0.469 4372 3470 3.946 3.093 7.220 7.024 7.882 7.633 4515873 4.615 3.632
RMSEvy,=5 0454 0517 0525 0.566 0574 0.528 0559 0.562 0.604 0.506140 0.537 0.547
RMSEvy,=1 0445 0.548 0507 0.559 0516 0.453 0.433 0.455 0.433 0.538970 0.543 0.501
RMSEvy, =0 0448 0.250 0.204 0.238 0.195 0.337 0.303 0.319 0.287 0.25@020 0.236 0.189

Notes:t, = 5 averages across variables with populatistatistics o, ¢, = 1 averages across variables with populatistatistics ofl andi, = 0 averages
across irrelevant variables.



