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1 Introduction

This paper presents a set of questions prepared by Clivegérarith the responses by David Hendry on
the use oPcGets(see Hendry and Krolzig, 2001) in data modeling and as a nsgareh toolPcGets

is an Ox Package (see Doornik, 1999) implementing autorgatieral-to-specificGetg modeling for
linear regression models based on the theory of reductsim, ldendry (1995, Ch.9).

The structure of our dialogue is as follows. Section 2 presithe general background to the discus-
sion, then remaining sections raise and seek to resolvdigoesbout aspects of the model selection
process and its application. First, section 3 concerns hosvspecifies the general model. This is
followed in section 4 by questions about the simplificationgedures, with subsections 4.1 and 4.2
addressing testing theories and policy applications ctsedy. Then sections 5, 6, 7, and 8 turn to pos-
sible problems raised by non-stationarity, non-lineasgstems, and forecasting respectively. We leave

readers to draw their own conclusions, although sectionedlypconsiders some of the ways ahead.

1.1 Statement of interest

Clive Granger is interested in modeling, has no connectiitim RcGets and is not a user. David Hendry

is one of the developers of the program together with Hansi#ViKrolzig.

*With apologies to Galileo Galilei and Francis Bacon resgelit We are grateful to Hans-Martin Krolzig and Peter

Phillips for helpful comments.



2 Background

PcGetsstarts with a general unrestricted model (GUM) of the form:

N
Yt = Z YiZit T Ut (1)
i=1

wherey, is the variable being modeled and thg are N potential explanatory variables, which could
include weakly exogenous variables, and lagg,@nd of other variables in a time-series context. Other
z; 1 could be endogenous, in which case, sufficient valid weakfgenous instruments must also be
specified. A sample df’ observations is available, and the GUM is first checked forga congruent
representation of the data, so that empirically, the pararmere also constant, and the disturbances
can be treated as if they were independent identicallyibliged normal random variables, written as
v + IN [0,03], where  denotes ‘approximately distributed as’ (see section 3vielorThe GUM

is then reduced from its initial general form in (1) to a finargmonious version using a number
of decisions. The reduction process involves a variety sisfeassumptions, and choices to select a
preferred model over other alternatives (see section 4\helo

The data generation process (DGP) being sought will be ddrinitially by:
ve=> Bzt e 2
7j=1

wheree; ~ IN [0,02]. The theory assumes that the DGP is nested in the GUM andhéaBt/M
is fully congruent, namely it matches the data evidencelineapects. It is convenient for notational
purposes that the first < N regressors happen to be the relevant ones, but there is sigppiesition
that an investigator knows that ordering. Generalizationgl) and (2) will be introduced as needed
(see sections 5-7 below).

Finally, let C, denote the set of retained relevant variables, @nthe set of retained irrelevant

variables in the finally chosen model. Then that selectedetied
ye= Y Giziz+ > pjzie+ us. ®3)
i€Cr j€Co

There aren relevant variables andV — n) irrelevant variables, s6, hask < n elements and, has
m < (N —n). The selected model coincides with the DGP when liothn andm = 0.

2.1 ThePcGetsselection algorithm

There are six stages to the selection process. First, the GUdimulated as in (1), based on subject
matter theory, institutional knowledge, historical coggncies, data availability and measurement in-

formation. It should encompass previous empirical evidena relatively orthogonal parameterization.



Next, the choices of the mis-specification tests and selectiiteria, and their critical values, are set ap-
propriately for the nature of the problem, including an mfation criterion for final selection between
mutually encompassing congruent models. The third stageeigstimation and empirical evaluation
of the GUM to check that the specification does indeed caph&@ssential characteristics of the data
(congruence), possibly after outlier removal. Then therar optional pre-search stage, the aim of
which is to simplify large dimensional problems by elimingt‘highly’ insignificant variables using a
loose significance level: examples of such proceduresdeclag-order selection and orderetests.
This step occurs prior to the fifth, and main, stage, whichésnulti-path reduction search, commenc-
ing from all feasible initial deletions and continuing wihly significant variables remain, or all putative
reductions violate congruence (both at their chosen atitialues). The last acceptable resulting model
becomes &erminal selection, and the next path search commences. Once alpatith have been ex-
plored, so all distinct terminal models have been locataedpepassing tests of each against their union
seek to reveal any undominated contenders. The union ofitlegacted terminal models becomes a new
(smaller) GUM for a repeated multi-path search iteratiomd this entire search process then repeats till
a set of mutually encompassing and undominated models es)drgm which the final choice is made
by the desired information criterion (unnecessary for gueaifinal model). Finally, there is an optional
post-search evaluation stage where the significance of exagiable in the final model is assessed in
two over-lapping sub-samples (see Krolzig and Hendry, P084 analysis of its consistency and links

to information criteria based selection is provided in Casypdendry and Krolzig (2003).

3 Specifying the GUM

Question 1.Do you specify the GUM with contemporaneous relationshipsa; that is,y; on lagged

v+ and current and laggeft; ; }, or y; only on lags ofy; and{z; ;}? Presumably one can consider both
alternatives and compare the outcomes. Do you have anyierperwith this?

Answer 1 PcGetscan indeed do both, and we have tried both extensively. Wititeenporaneous
relationships, there is the possibility of invalid conaliting (endogeneity, or a lack of weak exogeneity),
so the program allows for instrumental variable (1V) sat@ctor the relation of interestPcGetscould
also be used for the choice of the relevant IVs themselvesHeadry and Krolzig, 2004b). We have
mainly simulated the case of valid conditioning (i.e., tespiares), as that is the arena where the effects
of selectionper secan be studied, as opposed to investigating the gamut af edomometric problems
that are likely to remain in any given empirical exercise. &l& have Monte Carlo experience with
selecting VARs, where the second situation holds (only da@ggegressors). This is again relevant to
selecting IVs in a time-series context. We have not simdl&teestimation yet, partly because of the
technical problem of potentially non-existent momentsj partly because we have been progressing

so rapidly on the regression case that it seemed sensibivébop that first, then proceed to the finite-



sample properties of selecting in an IV context.

Question 2 You sometimes do simulations to investigate the perfoonaarthe program. What happens
if the DGP is not included in the GUM?

Answer 2 We have done a large number of simulation experiments tdirstlibrate the program, then
to investigate its operating characteristics and ovematiggmance. In all of these, however, the DGP
is nested in the GUM (denoted DGIEUM) as we also wished to test our theory of model selection.
Much of the model selection literature is pessimistic alsmdrch, and attributes quite high costs to
searching for a model in a morass of irrelevance, unlessahmple is large relative to the number of
candidate variables. The classic study is Lovell (1983).

However, that is far from our experience wiBtGets Table 1 records the form of one set of
simulation experiments (a sub-set from Hendry and Krol2@)4a). The sample size 7 = 150, all
variables are white noise, and the number of irrelevantatbigs NV is either 26 (experiment§y—Sy)
or 34 (experiment$5—S7) in matching pairs. There are either none or eight relevariales, where
all t-values are equal within experiments (to allow us to computeomes in the more likely situation
when there is a mixture). The non-centralities of the 8 ealtwariablest-tests are successively all 2,

then all 3, then all 4 respectively (shown by the subscrighefexperiment), s6, has a null DGP.

Table 1 Monte Carlo designs.

Design | regressors causal nuisancét|-values
SO 34 0 34 0
S2 34 8 26 2
S3 34 8 26 3
S4 34 8 26 4
SO 42 0 42 0
S2* 42 8 34 2
S3 42 8 34 3
S4 42 8 34 4

The outcomes are recorded in figure 1 below (the two stregexgibed Liberal and Conservative are
defined in the answer tguestion 6but are approximately 5% and 1% per test respectively)y Tk
be discussed in detail shortly, but the graph suggestsd¢hat!s costper seare remarkably low as there
is little difference in outcomes between matchisigand S;'.

Our heuristic explanation for the succesdalGetsregression searches where all variables are mu-
tually orthogonal is as follows: rank the squate@sts on each variable in the GUM, and retain all and
only those that exceed the pre-set significance level—thadinal model is actually selected by a single
decision. Consequently, ‘repeated testing’ is not invdiviie problem of chance significance is really

sampling fluctuations not search. However, the probadslitf observing any given squaredalues in



excess of the desired critical value are altered by the ntsradeelevant and irrelevant variables. Some
of the apparent repeated testing in modeling algorithmsauéstd collinearity making the initiat-test
ranking useless, thereby enforcing a search for what tlad f&alues are. Notice, therefore, that in all
our experiments, mis-specification testing has simply k@eenst, with no possible benefits, since no
GUMs were mis-specified.

When the DGP is not nested in the GUM, there neverthelestssexitocal DGP’ (denoted LDGP),
namely the derived distribution in the space of the varsbleder consideration, obtained by marginal-
ization, conditioning etc.: this follows from the theory r@&duction (see e.g., Hendry, 1995, and Bon-
temps and Mizon, 2003). Then two possibilities arise. Infifgt, an empirically congruent represen-
tation can be achieved, in which case we would expaxtetsto be judged by how well it located
that LDGP. For example, the DGP may involve an AR(1) variatheéch is not observed, generating
an ARMA error, approximated in turn by using longer lags oa Wariables that are observed, such
that the final residuals do not depart significantly from atmgale difference sequence. In the second
possibility, the LDGP cannot be well approximated by thectfpeed GUM, so congruence is violated.
Now mis-specification testing at least reveals such a pnolebeists. Two routes are then open:

(i) ignore the mis-specifications and use ‘sandwich’ estiatiavariances in an attempt to compensate
(see e.g., Andrews, 1991, for autocorrelation and hetedastic consistent estimated variances);
(i) redesign the GUM to get closer to congruence, at whidntpee no longer have a formal theory of

inference to guide us, and that aspect deserves simulatidy. s

Question 3 Are there any advantages or disadvantages in using a smatbe GUM: if the DGP is in
the GUM, is it less likely to be found when starting with a i@UM?

Answer 3 This trade-off is important, and discussed in Hendry anolXg (2001). If the DGEGUM,

it is less likely to be found when starting with a larger GUM,that there is a higher probability of
retaining one or more of the additional irrelevant varialidg chance, and if the setting is not orthogonal,
also a higher probability of omitting relevant variable$us, conditional on DGEGUM, the smallest
possible GUM is best: prior simplification pays, which alkban important role for theoretical reasoning
about what is excluded as well as what variables should Hedad. However, the obvious danger is
that a priori simplification could lead to relevant variables being oedlftviolating DGEZGUM, in
which case, one will never locate the DGP. Thus, it is essktttidevote considerable prior thought to

specifying the GUM, which is obviously crucial to the succe$the search.

Question 4 1s it more or less likely that the DGP will be embedded in timalfimodel if one starts with
a small GUM rather than a larger one, assuming that the true @ the GUM?

Answer 4 In an orthogonal specification, additional irrelevantiables should not greatly affect
whether the DGP is embedded in the final model. As we have pistinthe costs of additional orthog-

onal variables are small: matching pairs$fand.S; show only a small decrease in the probabilities



of retaining relevant variables. However, if there is cdesable intercorrelation between all variables
(relevant and irrelevant), then a larger GUM is likely to ued the probability of retaining relevant

variables, and hence the DGP may not be embedded in the fesddigted model.

Question 5 What happens it; ; and z, ; are highly collinear, such as alternative definitions of som
economic variable, in particular when (a) one of thebelongs in the DGP; or (b) when neither does?
Answer 5 Collinearity is dependent on the parameterization adbpa¢her than being intrinsic to a
model: for example, (1) is invariant under linear transfations. Moreover, there are three possibilities:
(i) neither variable matters; (ii) only one of the variabtaatters; (iii) both matter. The first is easiest:
one variable will be immediately eliminated and the secamoutd then follow, subject to the usual
probability of adventitious significance. Alternative diitions of an economic variable, however, are
an example of (ii), where only one matters. | assume the orteeraamportantly (i.e., with a large
t-value), and conditional on the correct choice, the otherrédevant. Then the behavior éfcGets
depends on its settings. If only multi-path searches ard, usa&ch ofz; ; and z, ¢ will constitute the
start of an elimination path, with the other provisionaltained, and therefore a terminal model with
each will almost surely be found. These are then subject naompassing comparison, and if that is
indecisive, a model selection criterion, such as that duectowvarz (1978) (denoted SC) is used. The
collinearity between; ; andz, ; is not the real problem; rather what matters is whether othettrue’
determinant empirically has a higher correlation wijthn the observed sample. However, if pre-search
tests were used, the one of the two with the smaller margmribution in the GUM would almost
certainly be eliminated, leaving the other to win the day.

This difference in search strategy becomes crucial whefegtecollinearity holds: for example,
an investigator may be unsure which of the combinations; ot; | and Az; determinesy;. It may
surprise econometricians, but all three variables can texegh and if only path searches are used, the
correct combination can be selected. We conducted fourl smeloff experiments where, in tump
depended on: (&); andz;_1; (b) z: andAz; () z,_1 and Az; and (d)Az; but in each case all of
z, zt—1 and Az; were entered as regressors in the GUMGetsgave the correct answers in (b), (c)
and (d), but rather amusingly in (a) selected the equivalautt more orthogonal representation,
andAz;. This is an example of how our new tool yields new insightse amght have suspected that
perfect collinearity was insoluble, but having tried theabidea, we have found it can work. However,
pre-search tests would arbitrarily eliminate whateveiade the inversion routine happened to treat
as redundant, which may even depend on the order in whichwieeg entered in the regression (see
Hendry and Krolzig, 2004b).

Finally, concerning (iii), there are two aspects, one sglab the intercorrelations, which can be
removed by an orthogonal transformation, and one relatedetmet information content in (say) ;

given z; ;, which determines the net non-centrality of the least §icamt component after orthogonal-



izing. As Hendry and Krolzig (2001) note, two random walks$hndlrift can be intercorrelated 0.999,
yet there is no problem in finding the correct specificatiohgmeas the same correlation between two
regressors from a standardized bivariate normal will g@aisure failure to retain both variables when
both matter. In that latter case, the net contribution ofnti@aeginal component is negligible. The Monte
Carlo experiments in Hendry and Krolzig (2004a) show thze sind power are adversely affected by

this effect, even in the correctly orthogonalized représion.

4 Simplification

Question 61f, in the reduction process, you use a criterion lie> 2 for a parameter estimate, can the
modeler chose a more parsimonious criterion, sudh|as 2.5 say? Are there any examples of what is
found?

Answer 6 The user can set any selection criterion level, from tightobse. PcGetshas two pre-
programmed settings, and whéhis about 100, one is based around> 2 (i.e., approximately 5%)
called the Liberal strategy, and the other arolnd> 2.625 (i.e., roughly 1%) called the Conservative.
Both strategies use critical values which depend’pand for large samples oM, the former converg-
ing to the critical values corresponding to the criterioogmsed by Hannan and Quinn (1979) denoted
HQ, and the latter to SC. Both Liberal and Conservative arelnmuore stringent in small samples than
HQ and SC respectively. We have extensive experience withdiategies, and their relative costs and
benefits, which depend on the nature of the problem. If thexereny potentially irrelevant variables
and few relevant but with high significance, the Consereasitrategy outperforms (e.g., the Hoover
and Perez, 1999, rerun of the Lovell, 1983, ‘data mining'ezkpents); whereas for few irrelevant and
many relevant, perhaps witt] values around 2—-3, Liberal is far better. Indeed, in thetakperiments,
the Liberal strategy commencing from a highly over-parame¢éd GUM outperforms the Conservative
commencing from the DGP, emphasizing the importance ofhio&e of strategy.

Figure 1 shows the comparative probabilities of retainielgvant variables by the Liberal (solid
line with points) and Conservative (dashed line with pQirstisategies for an equation like (1) from
the experiments in table 1. Whévi is either 26 (experimentS,—S,) or 34 (experiments$;-Sy), the
Liberal strategy will on average retain 1.3 or 1.7 irreléwaariables per trial as adventitiously significant
at 5%, whereas the Conservative will keep only 0.26 or 0.3é-—ioughly one variable significant by
chance every 3 equation selections. Conversely, the passrdf Conservative over Liberal is about
0.15 att = 2, falling to under 0.1 at= 4: that is a large cost to ensure that almost no irrelevanalgbes
are retained.

However, the expected powers for testing in scatdistributions with those non-centralities and 100
degrees of freedom are easily calculated at 5% and 1%, arghaven by the dotted and long dashed

lines respectively. There are several implications. Flosth strategies are close to their theoretical
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Figure 1 Probabilities of retaining relevant variables.

upper bounds (the slight cross-overs are due to the nulttrejefrequencies not being precisely 5%
or 1% respectively). Secondly, the apparent power lossefl#b stringent rule relative to the 5% is
to be expected, even if neither search nor selection wemdvied: it is primarily a cost of inference,
not of search. Thirdly, the ‘power gap’ between them narrasghe non-centrality rises, so the costs
of the Conservative strategy are lower at higher powersallyirthere is almost no ‘power’ difference
betweensS; andS;", a comparison | noted in answering yajrestion 2 Intermediate significance levels,
such as 2.5%|{| > 2.275), can be reasonably inferred from these results: e.g.,@&n89.85 irrelevant
variables retained on average, with powers of 0.39, 0.7@a®lIfort = 2, 3, 4, respectively.

Some researchers try to interpret the overall selectiooguiare in terms of size and power, namely
how often will the selected model retain any irrelevant allés, and how often will it keep all the
relevant? For these experiments, such results might sepresing: the overall ‘sizes’ are 0.74 and
0.83 at 5%, and 0.23 and 0.29 at 1%; and the overall powerd 00085 and 0.82 at 5% and essentially
zero, 0.03 and 0.49 at 1%. Together these translate intorolapilities of locating the DGP. However,
even if one commenced from (2) as the initially postulatedieharather than (1), but still had to conduct
the usual statistical tests of mis-specification and caefftcsignificance, the DGP would almost never
be retained, particularly using the Conservative stratdggure 2 (another sub-set from Hendry and
Krolzig, 2004a) illustrates.S, and S; denote experiments with no relevant variables, so the DGP is
bound to be kept if it is the starting hypothesis. The Coretere strategy nonetheless does fairly well

in that setting, locating the null between 85% and 80% of ithe tnotably higher than the frequencies



of 77% and 71% predicted by the above ‘size’ calculationsis Tifference reflects thdcGetsuses
block F-tests as well astests in its decisions: when the null is trietests at even loose significance
levels will sometimes lead to all variables being excludetbte search, improving its performance in

that null setting at little cost in others, but adding to thfallty of deriving its properties analytically.
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Figure 2 Probabilities of locating the DGP.

Notice thatS, and S5 are never found, even when commencing from the DGP. Thushdbie
problem is one of lack of significance, a cost of inference,ame induced by searchirger se Con-
ducting only absolute comparisons—Iike the probabilitygetting the correct answer—while failing
to standardize by the relative comparison of knowing the Ddefvers a mis-leading picture of how
well search performs. Experimen$§ and S; are even more enlightening: the Liberal strategy com-
mencing from the GUM dominates the Conservative strateggncencing from the DGP. Moreover,
with even 26 irrelevant variables, there is little diffecerbetween commencing from the DGP or GUM,
although that gap grows for 34 irrelevant. | doubt the eroplrrelevance of such large numbers of
irrelevant variables in macro-econometrics, althoughnl @ micro and finance situations where it is
all too likely (see e.g., Sullivan, Timmermann and WhiteQ2p0 Finally, the outcomes ifi; andS} are
now predictable: knowing the DGP and using Liberal reallygp@ince almost all relevant variables are
retained, and no irrelevant; and the Liberal strategy froem@UM still outperforms the Conservative
strategy commencing from the DGP for 26 irrelevant, but not34. The outcomes fdt| > 5 follow
logically: all probabilities will be higher, but the Consative strategy will now outperform Liberal,

confirming a U-shaped relation for choice of strategy as atfan of the average non-centrality, with a
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monotonic benefit from stringency as the number of irreleeandidate variables increases.

Question 7 Is it possible to relax some of the basic requirements optbeedure, such as that models
satisfy a Chow test or that residuals are normally disted@t Do you have experience whether such
relaxations produce a very different final model?

Answer 7 The actual operation dPcGetsis more sophisticated than it may appear at first sight, in
that it is programmed to make decisions about test rejestaanfollows. Say normality is rejected at
the initially-set significance level (e.g., 1%). First, achuighter level is checked (say 0.1%, pre-
programmed as a function of the initial level), and if thatadejects, then the test is ‘suspended’ for the
analysis. The user is alerted, and it is assumed will eithange the GUM to alleviate the difficulty,
or did not deem normality to be important for congruence. h# tighter level accepts, then that is
used for the associated test during simplification—but negarded as a diagnostic of the validity of
reductions—such that path searches will be terminatedaif tighter level is violated. We adopted
such an approach because over-parameterized dynamicsrzateinduce (e.g.) significant negative
residual autocorrelation. We do not have much simulatiggeggnce on the impacts of dropping tests
when there is a genuine problem, since all the simulationse BEEGRCGUM. However, my practical
experience is that such rejections at the 1% level or smalileost always signify mis-specifications of
the GUM for the LDGP when empirical data are analyzed, esfigdf it is parameter constancy that is
rejected. Conversely, for Monte Carlo response surfacelseraPcGetscan be invaluable given very
large numbers of potential regressors—several tests ctitural form may reject without implying a

poor descriptive representation.

4.1 Testing economic theories

Question 8 A theory sometimes puts constraints on groups of paras)etigher within a single equation
or across equations. Can such constraints be accommodatieel program, or should you just run it
and test if the constraints hold?

Answer 8 Some classes of constraints can be imposed already, ndnosly that deliver a specific
numerical combination of variables, such that the remaimdght then to be insignificant. At the
request of several users, Hans-Martin and | have recentliy bddressing the issue of sign restrictions.
At present, sign restrictions are not handled: users muogtigidelete the offending variable(s) from
the GUM and re-start if violations occur. We instead proptbse: first the signs be tested in the GUM.
If they are rejected, then there is no feasible congruenpldied model satisfying the constraints, so
the user needs to re-think and re-specify the GUM itself. El@w, if the restrictions are accepted at
the pre-assigned significance level, then they are impogedgdsimplification as constraints precisely
like the diagnostic tests—a violation terminates a seasath ps inadmissible. Then the final model

is guaranteed to satisfy the constraints, and be a validgraent reduction, that will parsimoniously
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encompass the GUM. Even so, one should always run the prognancheck if the constraints hold
anyway: if so, the best model has been found. If not, thewbigh recording the costs of the constraints
even if an acceptable model satisfying them has been lacdted cross-equation variety will follow
once a systems-based algorithm has been developed (sea $gct

When there are competing theory models of a given varidht&etscould be used to select the
‘best representative’ of each theory, given their infoliotasets and entailed GUMs. That would allow
encompassing tests to be used to determine their relatierpeance, albeit without precluding that a

union could dominate either alone.

4.2 Policy applications

Question 9 There are some occasions when a model’s purpose requitiesetttain variables remain
in its specification, such as policy variables in a model giesil to study policy scenarios. Can the
program specify that designated variables not be dropp#eeineduction process?
Answer 9 Yes,PcGetsalready provides such a facility: variables can be denatéfiked’, so must enter
all specifications, including the final selected model. Iméfy and Krolzig (2001), we recommend that
a user run the program both with and without ‘fixed variahlesid if the models differ, conduct an
encompassing test between them. Naturally, the ‘null’ esréstricted formulation, as that is deemed
theoretically preferable, so a stringent critical valualiswable, but equally, there must exist some level
of significance at which the theory—and entailed policy—gtidoe questioned. Further, the forcibly-
retained variables need not be significant—and may evendigre that clash with the theory, perhaps
remedied byanswer 8

However, our latest research has resolved another impatpect of model selection for policy
analyses, where unbiased and small variance estimatediof derivatives are paramount. Selecting
by discrete criteria, such 4%| > ¢, Wherea is the significance level of the test, and eliminating
otherwise, leads to what is called ‘pre-test’ bias, sineeetstimated coefficier;ﬁ is a weighted average
of the value when retained, and zero when eliminated. Tlsattreefers to the unconditional distribution
of the estimator, which does not seem relevant given thesidecrule. The relevant distribution is the
conditional, nameI)DB(B\ |t| > cq) say, as that is the estimate in the selected model, andsnowst
be biased away from zero (‘small’ estimates are not retdinBEdat bias can be corrected in substantial
measure, without much increase in root mean square errdtdSE3) when variables are relevant, and
a substantial reduction in RMSEs when variables are iraglfevThat may sound too much like a free
lunch, but it follows from knowing that unrestricted@,is approximately normally distributed, %(-)
is a truncated normal, where the truncation ruﬁ > cq iIs known. Thus, like the results in (say)
Heckman (1976), the selection bias can be approximatehgectad. Preliminary results are presented
in Hendry and Krolzig (2004c).
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5 Non-stationarity

Question 10Do all variables have to b€0) or can one have a mixture D) andi(1)?

Answer 10 Variables can be a mix ¢f0) andI(1) in principle, but there are importacaveats Unless
PcGets'’knows’ what their integrability properties are, it canmotike correct inferences, as all criti-
cal values are based on conventional asymptotics at présesis not an issue of principle, merely
program complexity). Providing the GUM formulation ensuthat all specification hypotheses to be
tested correspond tg0) inferences as in Sims, Stock and Watson (1990), then vaidninferences
will be conducted: for example, in a scalar procgsdf it is 1(1), a test of the significance gf_; will
use incorrect critical values, but must inevitably readdbrrect decision that_; matters. Theé--test

of the null of no relation would use the wrong reference diation, but would also correctly reject,
given that the alternative is indeed true. Mis-specificatiests on the GUM, and any reduced models
thereof, will be fine as well: see e.g., Wooldridge (1999).wdweer, a user could formulate a specifi-
cation that violates this setting, namely witty; as the dependent variable whgn ; is a regressor,
in which case, conventional critical values are incorreete(e.g., Dickey and Fuller, 1981). We tend
to advise non-experts to enter all variables in levels (&pgpropriate functional form transformations)
and allowPcGetsto make the decisions abol{0) transforms (cointegration and differencing), as well

as relevance.

Question 111If y, is1(0) and a pair ot; ; arel(1) and cointegrated, are they both likely to occur in the
final model?

Answer 11 If y; is 1(0) when a pair of;; arel(1) and cointegrated, then either both or neither are
virtually certain to occur in the final model, the former ieith cointegrated combination matters, the
latter if it does not. That claim is based on theory and expee, and some pilot Monte Carlo evidence:
it would be easy to conduct a range of relevant simulatittssts of the null that each ; was irrelevant
would again use the wrong reference distribution under tle and so be slightly over-sized, but

correctly reject under the alternative.

Question 12 Can you build an error-correction model wRitGetswith an extension of adding further
explanatoryl(0) variables?

Answer 12 PcGets'non-expert’ mode requests only the list of basic regresg¢oe., before lags, but
after functional form transformations), chooses the lamgtl, checks for cointegration, transforms to
1(0), and then selects the relevant sub-set of regressoesfifdl model, therefore, has an equilibrium-
correction component if cointegration occurs betwgand thezs, as well a$(0) differenced regressors.
Any levels variable, even al{0) one, would be ‘attributed’ to the cointegration combio@, which
makes sense since #l0) variables must be cointegrated, but this would undtmase the uncertainty
in the final model's coefficients. Again, we have not yet caridd the relevant simulations of its

performance, but plan to do so. Re-estimating a variety dligived specifications suggests it does
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remarkably well against experts.

6 Non-linearity

Question 13 Are there any constraints on the dependent varigifdf | can modely;, can | also model
ly¢| or 32; that is some measure of risk? Here the assumption of ndgnvadiuld not be appropriate.
Answer 13 We have not tried modeling non-linear functions of the dejest variable such ag;| or y?.
The principles are unaffected, although as you note, theiderations discussed in answeripgestion

6 seem likely to intrude. If congruence required (say) anredistributed as a chi-square, it would be
good to test against that, and no methodological issueyatesldoing so, although in practice we have
not programmed such cas@&cGivedoes allow QQ plots against, say, so we could allow for similar

forms of comparison in later releases).

Question 14If | have a regression of the form:

N
ye = Bi21 + Z Bizip + € 4)
=2

can | estimate\ by trying a number of possible values, say= 0, or 0.2, or 0.4, or 0.8, or 1, and then
compare models? Or, should | put aﬂts with these\ values into the GUM?

Answer 14 We have recently started on the theory for selecting noeali models, but have not tried
any specific approaches. However, | suspect the best afpi®aptimizing over\ subject to ensuring
that 3, # 0 (for identifiability). A general non-linear GUM might be a meouseful initial specification,

such that specific forms Iikef’t are reductions to be tested for validity.

Question 15 As the program just usas and a vector of; ; variables, it can presumably be used to

estimate a model of the form:

9 (we) = Bihi (zi0) + & (5)
=1

where the functiong (-), h; (-) are given. A variety of alternativi; (-) functions could be used in the
GUM. Do you think this is plausible? Have you any experiend ¢his?

Answer 151 assume you intend to include all the ‘variety of altermati; (-) functions’ simultaneously

in the GUM. Then the answer is rather like thatgioestion 14 However, on a different interpretation,
this also relates back mwuestion 10 at present users are required to pre-specify appropuateidnal
form transformations, which is often difficult. Consequgrtutomating that choice would be benefi-
cial. There are at least six important problems needindvedoFirst, there is the specification problem:
what class of functiong (-) areh; () are relevant? Presumably these are specified by the useeon th
basis of theoretical analyses. Secondly, can one detemgeaeral functional form approximation for

a GUM within which reductions to anticipated-) areh; (-) can be evaluated? Often polynomial ap-

proximations are used, but other systems of approximatingtions merit consideration. Thirdly, there
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is a computational problem: how to efficiently investigdiattclass? Polynomials can be orthogonal-
ized so that would seem a useful basis, but are not obviolslpést choice. Next, a general functional
form may involve more potential variables than observatifre.,N > T'). Surprisingly, this need not

be a problem folPcGetsprovidingn << T (see e.g., Hendry and Krolzig, 2004b), confirming that
the new tool can also solve previously intractable problerasirthly, there is the statistical problem of
controlling rejection frequencies if the class of funcBamr approximations considered is very large. A
rule for setting critical values, onde+ m < T, could be based on being at least as stringent as SC, but
converging to SC a% and NV diverge to ensure consistent selection. Finally, thera iglantification
problem when some parameters vanish under the null, aftgttte reference distributions. This would
need to be circumvented by ensuring that postulatediandh; (-) functions first effected a significant
reduction. There are many interesting research avenues éxgiored here, but again the tool itself
highlights new perspectives on how to proceed. We are cdngpéine performance dPcGetswith

the RETINA approach of Perez-Amaral, Gallo and White (2Q®4), which is explicitly oriented to
selecting non-linear representations. Their findings ssfggoth approaches have advantages in some

settings, so aspects of their work will undoubtedly enhdrove a generic automatic approach performs.

7 Systems

Question 16 | understand thaPcGetscan be used to estimate a vector autoregression. What cost
function is used for this model? For the original VAR, it mayossible to use least squares separately
for each equation because of the ‘seemingly unrelated’gptgp However, after some reduction, this
would no longer hold.

Answer 16 Indeed: after some reductions, least squares separatehac¢h equation would not be op-
timal, but would remain feasible, if inefficient. This is theesent implementation, awaiting program-
ming of a system likelihood-based approach. This will idelwector tests across variables, such as the
longest lag on every equation and so on, in a full VAR impletagon. The efficiency issue is explicitly
addressed in Krolzig (2003). When the reduced-form VAR hdggonal covariance matrix, then all
possible reductions of the system can be efficiently eséichby OLS, and model-selection procedures
can operate equation-by-equation without any loss in efiwy. For a structural VAR (SVAR), with a
recursive specification as in Wold (1949), a similar resoldh for OLS being efficient. In Krolzig's
Monte Carlo experiments, tiecGetsselection procedure recovers the DGP specification fromge la

unrestricted SVAR with controlled size, and high powertie¢ato the DGP estimates.

Question 17 People will want to build multiple equation models but may want to be limited to a
VAR format. Could they just build a model using the programdach individual dependent variable?
Do you think that the ‘specification gain’ will beat any ‘estition loss’ from such an approach?

Answer 17 Yes, one could model each equation separately, and for a@atignal reasons will have to
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do that (or small blocks of closely related variables) famsdime to come. | doubt if the ‘estimation
loss’ is serious relative to the ‘specification gain’ if GUMIie well thought out. It used to take literally
months to explore data and develop dynamic models theradfadarge part of that burden has been
removed for linear specifications, with many other modess#s to follow. Simultaneous cointegrated
systems are in principle feasible: the system (‘reduceah’ois identified, and simultaneity is merely
another reduction that replaces a linear combination ofynueimodeled variables by a few combina-
tions of endogenous variables, so identification is easydmtain in that framework: Krolzig (2003)
makes several proposals, since extended in Hendry andig(@@04b). Cointegration selection algo-
rithms already work — see Omtzig (2002). A general likelithdimsed selection algorithm of this form

would, of course, also efficiently solve the VAR selectionlgem you raised in the previous question.

8 Forecasting

Question 18Forecasting density functions is an interesting curmgpitt but not an easy one in practice.
One method could be to modebs(qy;) andsin(qy;) for various values of. From these one can get
an estimate of the conditional characteristic functioonfrwhich the conditional density function can
be derived. Can you see any obvious problems with the appPodterhaps the; ; variables could
be transformed to be in the-(, 1) region. Extending the idea of modeling transformationghef
dependent variable, could one considep(qy;) and directly obtain an approximation to the moment
generating function?

Answer 18 Forecasting remains on the research agenda for the moMenhave seen the main task
of our research as establishing the propertieGefsmethods of selecting models relative to the DGP.
Once one has discovered that such an approach to modeli@gelischot distortionary, the use of the
resulting models for forecasting in stationary processesdtmanalysis. Some preliminary results are
provided in Briiggemann, Krolzig and Litkepohl (2002),oMind thatPcGetsdoes well relative to
information criteria, and usually out-performs using tiséiraated DGP: the costs of estimating some
parameters exceeds the benefits from including the comelgmp variables.

As yet, PcGetsdoes not have a decision rule explicitly designed for silgdbrecasting models.
This is because my research with Mike Clements (see e.gneis and Hendry, 1999) has found that
non-stationarities are a dominant factor in forecastingopeance, particularly unanticipated location
shifts. Consequently, adaptability and robustness to shifts are essential attributes of any forecasting
device that hopes to succeed operationally. Other appesachautomatic model selection focus much
more on forecasting performance. For example, the oridinal prediction error EPE) criterion of
Akaike (1969) was explicitly designed for that purposegélifor constant-parameter processes. Peter
Phillips has pioneered an automated approach which retselee model specification and re-estimates

as new information accrues, to ensure adaptability (seghthdlips, 1994, 1995, 1996, 2002). There are
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important aspects of his approach that should enhance &matic selection approach for forecasting.

Question 19 For conditional density models, one approach is to modenties, but this requires the

use of non-symmetric cost functions. Is there any possibifiat at some time a wider class of cost
functions than just least squares can be used?

Answer 19 Almost certainly: likelihood is really the basis BitGets and that need not coincide with

least squares. Selecting in a quantile regression is sigatyble, albeit unresearched.

9 The way ahead

Question 20How do you see new tools likecGetsprogressing over the next few years?

Answer 20 The whole area is bubbling with exciting developments agw ideas: see many of the
papers in the special issue on model selection edited byrtald/an Dijk and Hendry (2003), and
this volume celebrating the 20anniversary oEconometric TheoryAny problem that can be tackled
by a human investigator is susceptible to programming te ¢as burden. Exploring many paths,
or many values of auxiliary parameters, or recursivelyaleding and re-estimating, or investigating
many functional forms etc., are all problems at which coramihave a huge comparative advantage
over humans. Thus, | see almost unbounded applicationsiébr methods to relieve the more tedious
aspects of modeling, reducing its labor intensity and frgéime for more productive activities.

There is also a major public relations task to be confronSzmne editors and referees have reacted
adversely to such work, claiming it ‘de-skills’ economeiains or ‘loses control’ of the creative aspects
of modeling. These represent a serious mis-understandinghere the value added of economists
and econometricians arises in empirical modeling. Whenpedens first replaced hand calculations
for computing regressions, | remember complaints that ‘ne will really understand the process’;
yet econometrics could not have progressed without compu&milarly, with automatic selection. |
believe model selection will remain essential in an evavinocess like an economy to try and exclude
the non-constancies, and thereby reduce the potentiabfecdst failure.

A second class of reactions has been disbelief that ‘datangiimight actually be a productive
activity even when conducted sensibly. The evidence to idateally positive for several approaches,
including Gets and although in a linear regression context, does edtalblet search and selection are
not pernicious when properly conducted. Compared to theatipeal characteristics of the approaches
investigated by Lovell (1983), great progress has been nmedehort time. Symbioses with develop-
ments in both computer learning and expert systems mustifabon.

Even though explicit derivations of the sampling distribos of the outcomes from automatic pro-
cedures are very difficult, impressive progress has ocdulrere to, especially in the work of Leeb and
Potscher (2003b, 2003a). Although in their contributionthis volume, those authors are sceptical (see

Leeb and Potscher, 2003c), the case they are focusingmniisically problematic, namely selection to
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‘improve’ inference about a specific parameter of interesthe of a set of correlated regressors, when
estimation of the constant parameters of the DGP would mnsistent. In the Monte Carlo simulations
in Hendry and Krolzig (2004aRcGetsproduces bimodal distributions for the selected irrelé&waani-
ables, and that would also occur for ‘nearly-irrelevantiables (i.e., those with small non-centralities
of their t-tests, such as less than unity in absolute value). Suchblas would rarely be selected: even
|t| = 2 is only found 50% of the time. As noted above, developingamtnal representations of models
is an integral step in our approach, aimed at locating camgrinvariant and parsimonious empirical
models, in contrast to (say) ‘focused inference’ (as in Skaas and Hjort, 2004).

Overall, I anticipate many additional practical develomiseas well as further insightful theoretical

analyses of finite-sample behavior.
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