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Abstract

We consider selecting an econometric model when there isrtaioty over both the choice of
variables and the occurrence and timing of multiple logashifts. The theory of general-to-simple
(Gets) selection is outlined and its efficacy demonstratedriew set of simulation experiments first
for a constant model in orthogonal variables, where onlydewésion is required to select irrespective
of the number of regressors (less than the sample size). gemagralizes to including an impulse
indicator for every observation in the set of candidateesgors (impulse saturation), as analyzed
by Hendry, Johansen and Santos (2008) and Johansen aneiN209). Monte Carlo experiments
show its capability of detecting up to 20 shifts in 100 obaéions.

JEL classificationsC51, C22.

‘Any sufficiently advanced technology is indistinguishabforn magic.” Arthur C. Clarke,
Profiles of The Futurel961

1 Prefaceby David Hendry

It is a pleasure and privilege to contribute to this volumé&amor of Peter Phillips. Peter’s publications
are notable by the power and generality of the ideas, cordirni clear explanations and an incredible
span of the entire discipline, setting a standard that fawachieve. His major advances across so many
areas are one of the reasons for the rapid progress in ouplgisc Peter and | first met when Peter
was a doctoral student at LSE working with Denis Sargan-®lead also been my supervisor and was a
major inspiration to both of us. Peter was one of a seriessbingdjuished New Zealanders to come to the
LSE, from his namesake, Bill Phillips (who had taught mejotigh Rex Bergstrom and Cliff Wymer.
From the outset, it was clear that Peter had a deep committmertonometrics, although his actual
impact has far exceeded even the LSE faculty’s greatestshdpeter has constructed a mighty edifice
of invaluable results on the base bequeathed by earlieoaoetnicians, resolving one intractable time-
series problem after another. Peter has investigated astim distribution, inference, identification,
specification, selection and forecasting, for finite anddasamples, in discrete and continuous time,
frequency and time domain, stationary and non-stationeoggsses, linear and non-linear, Bayesian and
classical, analytical and computational, advancing tloékibin too many ways to even list. Peter has
also made numerous important professional contributimediding producing an entire generation of
doctoral students whose combined output is truly vast;ticrg&conometric Theorand raising it to a
position of pre-eminence; and helping revitalize and rédbe history of our discipline in an invaluable
archive of interviews with its pioneers. Quietly spokent quick as lightning, he has enlivened many
conferences, always moving understanding forward, oftererthan the speaker. Econometrics is in a
far stronger state today from the hundreds of ideas andtsethait Peter has produced directly, and the
thousands that have flowed indirectly: we all three wish himtiouing high productivity, and cannot
imagine him ‘retiring’.

*Financial support from the ESRC under Research Grant RRS28@061 is gratefully acknowledged.



2 Introduction

Our contribution concerns modeling situations that ineabpecification uncertainty over the choice of
which variables, lags, functional forms etc., are relexamt which irrelevant, jointly with determining
the occurrence and timing of multiple breaks affecting tlogled. To successfully determine what matters
and how it enters, all potential determinants need to beided, since omitting key variables adversely
affects the goodness of fit, biases the included factorst&ff and in a world of intercorrelated variables
with non-stationarities induced by breaks, leads to narstamt estimated models. However, the ‘Catch
22’ is that there are then bound to be more variatNeis total than the number of observatiofisso all
cannot be entered from the outset. To resolve this conundsurranalysis proceeds in three stages.

We first provide an explanation of why general-to-simpgBe{(9 selection is efficient for a constant
model in orthogonal variables, and demonstrate that ondysahection decision is required irrespective
of the number of regressol8 < T. A new set of simulation experiments fof = 1000 confirms
the theoretical analysis underlying what we call the 1-quraach. Thus, although there are*"!
possible models, only 1 needs estimated and decision is required, so ‘repeated testing’ does not
occur, retention rates for irrelevant variables are clasthé nominal significance levely, for small
a (e.g.,a < 1/N) which can be controlled, and retention rates for relevamtables are close to the
theoretical power for a one-off test. Selectjper sedoes affect the distributional properties of the final
model’s estimates as compared with estimating the local giaerating process (LDGP—the DGP in the
space of the variables under analysis), so we correct fdri#tses induced in the conditional distributions,
and show that on balance this can also improve the uncondititistributions as measured by average
mean-square errorMSES).

Next, the 1-cut approach is contrasted with the outcomegusigeneral search algorithm that does
not depend on orthogonality of regressors, heneometrics an Ox Package (see Doornik, 2007, 2009)
implementing automatiGets to show the closeness of their outcomes. We also assessddhimeal
cost of mis-specification testing through its impact ondatsll retention rates, and the benefits of bias-
correction onMSEs. To illustrate, we also use a much smalér(namely10), so the results can be
graphed and compared.

Since large numbers of candidate regressors are unpraideima/N' << T, we then consider the
setting wheregV > T, which will automatically arise in our approach to detegtand removing multiple
shifts by including an impulse indicator for every obseiamatin the set of regressors (called impulse
saturation, analyzed by Hendet al,, 2008, and Johansen and Nielsen, 2009). Wheritlmpulses
are combined with the other regressa¥smust exceed the sample size, so impulses are entered in large
blocks, two sets df’/2 in the basic theory, but in smaller combinations in practimeboth simplification
and expansion steps are in fact used. Johansen and Nie@¥9) (#ove that under the null of no outliers
or shifts, there is almost no loss of efficiency in testing formpulses fora < 1/7', even in dynamic
models. While surprising at first sight, retaining an impulghen it is not needed merely removes one
observation, which is all that will happen on average. Thaficiency is of the order ofl — «) %.
Monte Carlo experiments have confirmed the null distribyteind here we show that impulse saturation
is capable of detecting up to 20 outliers in 100 observataswell as multiple shifts, including breaks
close to the start and end of the sample. We compare our appmitgh step-wise regression—which
can also handlév > T—and demonstrate the major gains frémtometrics and consider a fat-tailed
distribution.

The structure of the paper is as follows. Section 3 first disea how to evaluate model selection
approaches. Then section 4 discusses the 1-cut theoryranthtibn findings, followed in section 5 by
the corresponding Monte Carlos fautometrics Section 6 sketches the theory of impulse saturation and
section 7 reports a series of Monte Carlo experiments exagits ability to detect various forms and
numbers of shifts, as well as comparing with step-wise s=joa. Section 8 concludes.



3 Evaluating model selection

The properties of empirical models are determined by how #re formulated, selected, estimated,
and evaluated, as well as by data quality, the initial subjeatter theory and institutional and histori-
cal knowledge. Many features of models are not derivablm fsabject-matter theory, and in practice
empirical evidence is essential to determine what are tlewamt variables, lag reactions, parameter
shifts, non-linear functions and so on. All steps are prondifficulties, even for experts, which is why
automatic methods merit consideration. ‘Model uncenaicdmprises much more than whether one se-
lected the ‘correct model’ from some set of candidate véemthat nested the LDGP, which essentially
assumes the ‘axiom of correct specification’ for the prodas®del. The key aim of model selection
is to reduce some of the uncertainties about the many asjpeotsed in specification, at the cost of a
‘local increase’ in uncertainty as to precisely which influaes should be included and which excluded
around the margin of significance. Thus, embedding any editheory in a general specification that is
congruent with all the available evidence offers a chand®tb utilize the best available theory insights
and learn from the empirical evidence. However, such enihgdrhn increase the initial model size to a
scale where a human has intellectual difficulty handlingrdzpiired reductions, and indeed the general
model may not even be estimable, so computerized, or automatthods for model selection become
essential. Phillips (2003) provides an insightful analysithe limits of econometrics.
An automatic method offers a number of advantages:

1 Speed—witH 00 candidate regressors there are too many combinationsa@tspaths, to explore
manually;

2 Numerosity—very general models can be too large for hurttansderstand or manipulate;

3 Complexity—multiple breaks, non-linearities, dynamisgstems, exogeneity, integrability, inter-
actions, etc., all need addressed simultaneously;

4 Expertise—can build in ‘best practice’ knowledge or arp&x’ framework;

5 Obijectivity and replicability—should find the same outeogiven the same starting point and se-
lection criteria.

The first is simply the next stage up from calculation, explgi another comparative advantage of
computers: path search underpinned ‘Deep Blue’s’ succ@d$se second assumes that simplification is
merited, and so tries to deliver a comprehensible final ontcorl he third arises because empirical mod-
eling problems can daunt even experts as unmodeled noorstaties can seriously distort outcomes.
The fourth invokes a learning step, because a good algogdmrincorporate new developments fas
tometricsdoes over (say) Hoover and Perez (1999). The fifth could epply drom different starting
general models when all the extra variables were actuateivant.

Nevertheless, the best model selection approaches caamipected to select the LDGP on every
occasion, even wheBetsis directly applicable and the initial general unrestigcteodel (GUM) nests
the LDGP. Conversely, no approach will work well when the D@ not a nested special case of
the postulated model, especially in processes subjectdakbrthat induce multiple sources of non-
stationarity. Since models are often constructed with aifip@urpose in mind, they need to be evaluated
accordingly. Thus, there are many grounds on which to selagirical models—theoretical, empirical,
aesthetic, and philosophical-and within each categorgyradteria. Thus, there are many ways to judge
the ‘success’ of selection algorithms, including:

1In May 1997, Deep Blue was the first computer ever to beat airgigchess world champion. More information is at
www. resear ch. i bm conif deepbl ue/ hone/ htm / b. ht m .
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(A) High frequency of recovery of the LDGP;

(B) improved inference about parameters of interest oveQbM;

(C) improved forecasting over other selection methods;

(D) working well for ‘realistic’ LDGPs;

(E) ability to recover the LDGP starting from the GUM simitarwhen starting from the LDGP;
(F) operating characteristics of the algorithm match ietiy;

(G) finding a well-specified, undominated model of the LDGP.

The firstis overly demanding, as it may be nearly impossibfend the LDGP even when commenc-
ing from it (e.g., some of the variables may have< 0.1). The second seeks (e.g.) small, accurate,
uncertainty regions around estimated parameters of Bttexad has been criticized by Leeb and Potscher
(2003, 2005) among others. There are many contending ag@eavhen (C) is the objective, including
using the GUM, other selection methods, averages over aafasodel, factor methods, robust devices,
neural nets. However, in processes subject to breaksnipiegperformance need not be a reliable guide
to later forecasting success. There are also many possiblerders for (D), including, but not restricted
to, Phillips (1994, 1995, 1996), Tibshirani (1996), Hoosead Perez (1999, 2004), Hendry and Krolzig
(1999, 2001), White (2000), Krolzig (2003), Kurcewicz ang/diklski (2003), Demiralp and Hoover
(2003), and Perez-Amaral, Gallo and White (2003), albetih different properties in different states of
nature. For (E), a distinction must be made between cost¥@rfeince and costs of search. The former
are inevitable when tests have non-zero null, and non-lteitnative, rejection frequencies, whereas the
latter are additional to commencing from the LDGP. Only thsts of search are really due to selecting,
as the costs of inference would confront any investigatay adgan from the LDGP, but could not be cer-
tain that the specification was indeed correct — and omniseiés not realistic in empirical economics.
Operating characteristics for (F) could include that thenmal null rejection frequency matches the
actual; that retained parameters of interest are unbiasstimated; thaMSEs are small, etc. Finally,
there is the ‘internal criterion’ (G) that the algorithm ¢dwmot do better for the given sample, in that no
other model dominates that selected.

We use (E), (F) and (G) below as the main bases for evaluataimg that all three could in principle
be achieved together.

4 Why Gets model selection succeeds

When all the regressors are mutually orthogonal, it is eagxplain why Gets model selection can be
highly successful. Consider the perfectly orthogonalesgion model:

N

Yt = Z Bizit + € (1)

i=1

whereE[z; z; | = \id; ; Vi, j, whered; ; = 1if ¢ = j and zero otherwisey; ~ IN[0, o2] andT >> N.
After unrestricted estimation of (1), order thesamplet?-statistics testindty: p; =0as:

ty 2t = =ty (2)
The cut-offn between retained and excluded variables for significaned dg is given by:

t%ﬁ) Z Co > t%ﬁ-‘rl)' (3)
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Variables with large? values are retained and all other variables are then eltadn#nly one decision

is needed to implement (3), even faf = 1000, and ‘repeated testing’ clearly does not occur. Using
this 1-cut decision rule, it is straightforward to maintdiire false null retention rate at (say) less than
one variable by setting < 1/N, VN. For smallN, much tighter choices are, of course, feasible, and
« should also tend to zero d3increases to ensure a consistent selection (see Hannanuama @979,
Potscher, 1991, and Campos, Hendry and Krolzig, 2003).

In non-orthogonal problems, path search is required tdbsita‘'genuine relevance’, which gives
the impression of ‘repeated testing’, and should also notd®used with selecting the ‘best fitting
model’ from the2'90 ~ 10391 possible models.Autometricsuses a tree-path search to detect and
eliminate statistically-insignificant variables, theyetmproving on the multi-path procedures in Hoover
and Perez (1999) or Hendry and Krolzig (2001). Such an dhlgordoes not become stuck in a single-
path sequence where a relevant variable is inadvertemtiyrelted, retaining other variables as proxies
(e.g., as in step-wise regression). At any stage, a varigbh®val is only accepted if the new model is
a valid reduction of the GUM (i.e., the new model must encassihe GUM at the chosen significance
level: also see Doornik, 2008). A path terminates when n@mlgbr meets the reduction criterion. At the
end, there will be one or more non-rejected (terminal) nsdal are congruent, undominated, mutually-
encompassing representations. If necessary, the seaechisated using a tie-breaker, e.g., the Schwarz
(1978) information criterion, although all terminal mosla@lre reported and can be used in, say, forecast
combinations. Thus, goodness-of-fit is not directly useddlect models, and no attempt is made to
‘prove’ that a given set of variables matters although theiaghof c,, affectsR? andn through retention
by t%n) > ¢o. Generalization to instrumental variables estimatordraghtforward (see Hendry and
Krolzig, 2005), and likelihood estimation in general isdide (Doornik, 2009).

4.1 Sedection effects and bias correction

The estimates from the selected model do not have the samperpies as if the LDGP equation had just
been estimated. Sampling entails that some relevant Vesiall by chance have® < ¢, in the given
sample, so not be selected, and conditional estimatesevildsed away from the origin as variables are
retained only when? > ¢,. Some variables which are irrelevant will hae> c,, (adventitiously sig-
nificant) with probabilitya (N — n). However, bias correction is relatively straightforwaseé¢ Hendry
and Krolzig, 2005) which also drives irrelevant coefficgetdwards the origin, reducing theMSEs.

Let 05 = E[&B] be the population standard error for the OLS estimatcand approximate:

tA:ﬂ:ENN[ﬁJ]:N[w]

B8 5. N P
9% 93 95

wherey = ﬁ/og is the non-centrality parameter of théest. Let¢ (z) and® (=) denote the normal

density and its integral, then the expectation of the trtettiavalue for a post-selection estimaf@such
that|t5| > ¢, IS (see e.g., Johnson and Kotz, 1970, ch. 13):

P(ca =) = p(=ca — V)
_<D(Ca_¢)+q)(_ca_¢)

v =Et5] [t5] > caser] = v+ 5 —ptr(e). (@)

Then, (e.g.) for) > 0:

E|B152o50a| =B+ 05 (Vyea) = B (14677 (,c0)) (5)
SO an unbiased estimator after selection is:
= = v
& ﬁ(?ﬁ*-?"(ﬂ),ca)) (©)



Implementation requires an estimite)f 1) based on estimating™ from the observedB and solving
iteratively foriy from (4):

Y =9 —r(,ca). (7
As a first step, replace(v, ¢, ) in (7) byr(tB,ca), andqy* by ty:
E'B = tB -r <tB’ Ca> . (8)
This gives the 1-step bias correction:
_ [t
ﬁ=ﬁ<£>. 9)
B
Next: ~
tB = tB - <tB’ Ca> , (10)

then the two-step bias-corrected parameter estimate is:

= ~ %N
5=5<£>. (11)
6

Hendry and Krolzig (2005) show that most, but not all, of tleéestion bias is corrected for relevant
retained variables by (11), at the cost of a small increaskdrtonditionaMSEs. However, correction
exacerbates the downward bias in the unconditional estgnaitthe relevant coefficients, and also in-
creases theiMSEs somewhat. Against such costs, bias correction consigeradiuces theMSEs of
any retained irrelevant variables, giving a substantiveeliefor both their unconditional and conditional
distributions. Thus, despite selecting from a large setodémtial variables, nearly unbiased estimates
of coefficients and equation standard errors can be obtaintbdlittle loss of efficiency from testing
irrelevant variables, but suffering some loss from notingtg relevant variables at large valuesaf

As the normal distribution has ‘thin tails’, the power lossrh tighter significance levels is usually not
substantial, but could be for fat-tailed error processewghter o, an issue examined in section 6.1.

4.2 Monte Carlo simulation for N = 1000
We now illustrate the above theory by simulating selectimmf1000 variables. The DGP is given by:

yr = Brrie+ o+ BroTioe + et (12)

x¢ ~ IN1goo [0, €], (13)

€ IN [0, 1] 5 (14)
wherex} = (x14,- -+ ,Z1000,.). We setd = Ijo for simplicity, keeping the regressors fixed between

experiments, and usé = 2000 observations. The DGP coefficients and non-centralitiegre reported
in table 1, together with the theoretical powers-¢ésts on the individual coefficients.
The GUM contains all 000 regressors and a constant term:

yr = By + P11 + -+ BroooTio00, +us,  t=1,...,2000.

The DGP has the first = 10 variables relevant, s@91 variables are irrelevant in the GUM (including
the intercept).

Selection is undertaken by ordering ttfs as in (2), retaining (discarding) all variables with
statistics above (below) the critical value as in (3), sec@n is made in one decision. We report the
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z1 Z2 €3 T4 €5 Z6 Z7 xs ) Z10
0 0.063 0.079 0.095 0.111 0.126 0.142 0.158 0.174 0.190 0.206
P 2 2.5 3 3.5 4 4.5 5 55 6 6.5
Poor 0.281 0.468 0.662 0.821 0.922 0.973 0.992 0.998 1.000 1.000
Pooor 0.097 0.212 0.382 0.579 0.758 0.885 0.955 0.986 0.997 0.999

Table 1:Coefficientss;, non-centralities);, and theoretical retention probabilities.

outcomes fore = 1% and0.1% using M = 1000 replications. Because the ‘size’ of a test statistic
has a definition which is only precise for a similar test, amel word is anyway ambiguous in many
settings (such as sample size), we use the tgande to denote the empirical null rejection frequency
of selection tests. Similarly, retaining relevant varegbby rejecting their null no longer corresponds to
the conventional notion of ‘power’, so we use the tepatencyto denote the average non-null rejection
frequency of such tests.

The potencies and gauges are recorded in table 2. The gawgyestasignificantly different from
their nominal sizeg, so the selection is not ‘oversized’, and the potencies daledate relative to the
average powers of 0.81 and 0.69. Thus, there is a close mataledn theory and evidence even when
selectingl0 relevant regressors from900 variables.

«a Gauge Potency
1% 1.01% 81%
0.1% 0.10% 69%

Table 2:Potency and gauge for 1-cut selection with 1000 variables.

In addition to gauges and potencies, we repdBESs after model selection. L&k,i denote the OLS
estimate of the coefficient ary, in the GUM for replication. Let 51&2‘ be the OLS estimate after model

selection, sq?k,i = 0 whenx;,; was not selected in the final model. We calculate the follgWSES,
wherel(-) is the indicator variable:

MSE, = &3 (Bk,i—ﬁky,

~ 2
UMSE;, = ﬁ Zf\il (/8143,7, - 5k> )
M [(Ek,i_ﬁk)Q'l(Bk,i#O)} M 4.3
S G0 0 (OWhen s 10k 7 0) = 0).

The unconditionaMSE (denotedUMSE) substitutes zeros when a variable is not selected. The-cond
tional MSE (CMSE) is computed over the retained variables only.

CMSE, =

InDGP (12),3; = --- = 3, # 0 (withn = 10) and3y = 3,1 = --- = By = 0, SO:
retention ratgy = & i 1Bk #0), k=1,...,N,
potency = 13 Pk
guge e (ot Sl Br)-

Figure 1 shows that the retention rates for individual retewariables are as expected from the
theory. TheCMSEs are always below thdMSEs for the relevant variables (bottom graphs in Fig. 1),
with the exception of}; at 0.1%.



Retention of relevant variables at 1% Retention of relevant variables at 0.1%

1.0 > 7 1.0 T
EE wEE ]
[ | 4= Theory [ | 4% Theory L 3l
[ [ ) [ -

0.75 0.75 ]

0.50" 0.50-

Al

1 2 3 4 1 3 4
MSEs at 1% MSEs at 0.1%
0.006—— UMSE at 1% 0.006-
t|—— CMSE at 1% F

6 7 8 9 10 X,

—— UMSE at 0.1%
—— CMSE at 0.1%

0.004 0.004-

0.00% 0.002

1 23 45 6 7 8 9 10f 1 2 3 45 6 7 8 9 10f
Figure 1:Model selection according to 1-cut rule fdf = 1000 ata. = 1% (left) anda = 0.1% (right): retention
ratespy, of relevant variables, ..., z1o (top graphs)UMSE; andCMSE,, (bottom graphs).

4.3 Impact of biascorrection on MSEs

In 1-cut selection, all variables are significantatoy design. However, with automated Gets, this is not
necessarily the case: irrelevant variables may be retdiaeduse of diagnostic tracking (i.e., a variable
is insignificant, but deletion makes a diagnostic test §iicanit), or because of encompassing (a variable
can be individually insignificant, but not jointly with allaviables deleted so far). As retained variables
that are less than the critical value are in a sense irreleaad the bias correction formula is non-linear
at the critical value, we apply it only to significant retailneariables, setting insignificant variables to
zero. The result is a substantial improvemenMBE for the irrelevant variables as it downweights
chance significance. The 2-step correction in (11) is pablerto the 1-step correction for irrelevant
variables, but there is a slight increaseM&E for relevant variables. The preferred correction depends
on the non-centralities of the relevant variables and tmebar of irrelevant variables.

MSE at 1% MSEs at 0.1%
0.006- —— CMSE 0.006- —— CMSE
— — CMSE 2-ste| — — CMSE 2-ste
------- CMSE 1-ste| ------ CMSE 1-ste|
— UMSE — UMSE
0.004- 0.004-
0.002- 0.002-
| | | | | | | | | | 4 | | | | | | | | | | 4
1 2 3 4 5 6 7 8 9 10[3k 1 2 3 4 5 6 7 8 9 10 Bk

Figure 2:Impact of bias correction 06MSE;, for relevant variablesoi{ = 1% left anda = 0.1% right).

Figure 2 records thtMSEs of the bias-corrected relevant coefficient estimates iir twnditional
distributions. Here, the impact of bias correction is qsitgall. Table 3 shows that the bias corrections
for the retained irrelevant variables substantially redMSEs.
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o 1% 0.1% 1% 0.1%

averageCMSE over averag&€MSE over
990 irrelevant variables 10 relevant variables
using uncorrecte@ 0.84% 1.23% 0.10% 0.14%
using3 after 1-step bias correction 0.53% 0.82% 0.10% 0.13%
using? after 2-step bias correction 0.38% 0.60% 0.12% 0.13%

Table 3: AverageCMSE of selected relevant variables, and aver@34SE of selected irrelevant variables (ex-
cluding3,), with and without bias correctiod/ = 1000.

Only 2-step bias corrections are reported in the remaind@errecord more detail about selection
outcomes, we next consider an experiment with a much snmalleber of candidate regressors based on
a design formulated by Qin and Reed (2008).

5 Comparisonswith Autometrics

The experimental design is now given by= 10 andT = 75:

yr = Bo+Biwie+ -+ BroTior + €, (15)
Xt |N10 [0,110], (16)
¢ ~ IN [o, (O.4xn0'5)2} L on=1,...,10, t=1,...,T (17)
wherex; = (x14,--- ,%10,4). Thex, are fixed across replications as before. Equations (15)-s(ietify
10 different DGPs, indexed by, each having: relevant variables witlg, = --- = 3, = 1 and
10 — n irrelevant variablesq,, . ; = --- = 1y = 0). Throughout we sefi, = 5. Table 4 reports the
non-centralitiesy).
n 1 2 3 4 ) 6 7 8 9 10

Yy...v, 216 153 125 108 97 88 82 7.7 72 6.9

Table 4:Non-centralities for simulation experiments (15)—(17).
The GUM is the same for all0 DGPs:
Yyt = Bo + Bz + - + BroTioe + s

5.1 1-cut selection and Autometrics comparisons

We first investigate how the general search algorithrutometricperforms relative to the 1-cut selec-
tion rule in terms of (E)-(F) in section 3 above. Their congtize gauges are recorded in figure 3 where
Autometricsselects either with diagnostic tracking or without (thegoaly ratio is unity for all signifi-
cance levels, so is not showrjutometricsan default mode (i.e., with diagnostic tracking switched on
is consistently ‘overgauged’ by about 1 percentage poed &ection 5.2).

Figure 4 records the ratio ¢ISE of Autometricsselection to the 1-cut rule for both unconditional
and conditional distributions, with no diagnostic testd an bias correction, fok/ = 1000. The lines
labelledRelevanteport the ratios of averad@SEs over all relevant variables for a given Analogously,
the lines labelledrrelevantare based on the averagéSEs of the irrelevant variables for each DGP (none
whenn = 10). Unconditionally, the ratios are close to 1 for the irrelet/variables but there is some

9



Gauges for 1-cut rule arkutometrics
T T a=10%
o100, 9
L|— 1-Cut 10% — 1-Cut 5% — 1-Cut 1%

— — - Autometrics (diagnostics) 10% — —- Autometrics (diagnostics) 5% — —- Autometrics (diagnostics) 1%
0.08....... Autometrics (no diagnostics) 10%---- Autometrics (no diagnostics) 5% ----- Autometrics (no diagnostics) 1%
006 ——-==== == mmm——e o em—— T T T T e

T e o=5%
0.04-
0.02-
L a=1%
1 1 1 1 1 1 1 1 1 1
1 2 3 4 5 6 7 8 9 10 n o

Figure 3:Gauges for 1-cut rule (solid lineshutometricswith diagnostic tracking (dashed lines) afdtometrics
without diagnostic tracking (dotted lines) far= 0.01, 0.05, 0.1. The horizontal axis represents the=1,...,10
DGPs, each with: relevant variables (anth — n irrelevant).

UMSE ratio Autometrics to 1-cut,=5% UMSE ratio Autometrics to 1-cutt=1%
1.0 Relevant 1.0 Relevant :
r| === Irrelevant r| === Irrelevant
H L »

09 09

on. 1 2 3 4 5 6 7 8 9 1N
CMSE ratio Autometrics to 1-cut,=1%

1.0 Relevant .
r|——~- Irrelevant ,

1 2 3 4 5 6 7 8 9 1
CMSE ratio Autometrics to 1—cul,=5%

1.0 Relevant
r|——- Irrelevant

09 0.9

1 2 3 4 5 6 7 8 9 1n. 1 2 3 4 5 6 7 8 9 1.
Figure 4:Ratios ofMSEs for Autometricgdo 1-cut rule as: changes

advantage to selection usidgitometricsfor the relevant variables, where the ratios are uniforrabsl
than unity. The benefits to selection are largest when therdesv relevant variables that are highly
significant. ConditionallyAutometricsmanages to outperform the 1-cut rule in most cases. Thus, we
have established that there is little loss, and perhapsma fyjam using the path-search algorithm even
when 1-cut is applicable, and most certainly will be in naetirogonal problems when 1-cut would be

inappropriate.
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Figure 5:Ratios ofMSEs with diagnostic tests off to on for unconditional and cdiodial distributions

5.2 Impact of diagnostic tests

Figure 3 also compares the gaugesAatometricawith diagnostic tracking switched on versus off. The
gauge is close to, but slightly over, the nominal signifieatevel when the diagnostic tests are checked
to ensure a congruent reduction. With diagnostic trackimigched off, the gauge is essentially equal to
the nominal significance level. The difference is due tdésrant variables proxying part of a chance
departure from the null of one of the five mis-specificatiostdeor the encompassing check, and then
being retained despite insignificance.

Whenp, is the probability of false rejection on each diagnostid¢ (eero if off), then the impact on
the gaugeg, due to an insignificant irrelevant variable being retaite@revent a diagnostic test being
significant, is approximately:

g~a+pi(l+a(N—n)).

Excess rejection is relatively largest whep> «o: here,p; = 0.01, so for(N —n) < 10, go.1 ~ 0.12,
go.05 ~ 0.065 andgg o1 ~ 0.02, which provide a close match to fig. 3.

Figure 5 records the ratio of tHdMSEs with diagnostic tests switched off to on in the top panel,
and the same for th€EMSEs in the bottom panel, averaging within relevant and ir@hwariables.
Switching the diagnostics off generally improves BI&SEs, but worsens the results conditionally, with
the impact coming through the irrelevant variables. Swiniglthe diagnostics off leads to fewer irrelevant
regressors being retained overall, improving tHdSEs, but those irrelevant variables that are retained
are now more significant than with the diagnostics on. Theachfs largest at tight significance levels:
at 10% the ratios are so close to unity they are not plotted.

6 Impulsesaturation

Impulse saturation (see Hendeyal,, 2008, and Johansen and Nielsen, 2009) includes an indifcato
every observation, entered (in the simplest case) in blotkg2, with the significant outcomes retained.
First, add half the indicators, select as usual, record tiheome, then drop that set of impulses and add
the other half, selecting again. These first two steps gooresto ‘dummying out7’/2 observations for
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estimation, since impulses are mutually orthogonal. Nomlgioe the significant impulses and select
as usual: themT indicators will be retained on average. Settiag< »/7 maintains the average false
null retention at- ‘outliers’, equivalent to ‘losing» observations, which is a small efficiency loss for
testing the potential relevance Bfvariables when is small (e.g., 1). The theory generalizes to more,
and unequal, splits, as well as dynamic models. Impulseatain is under the null of no outliers, but
with the aim of detecting and removing outliers and locasbiits when they are present.

Autometricsuses its more sophisticated general algorithm even thdugmtpulses are orthogonal,
and generally tries several block divisions. Using the sarperimental design as before, we record the
gauge and potencgveraged across ath = 1,...,10 experiments in table 5, in which no diagnostic
testing is undertaken iAutometrics With no impulse saturation, the gauge is close to the ndmina
significance level: see fig. 3. With impulse saturation, atr@gommended tight significance levels,
selection has the appropriate properties. The gauge Istlglitpo large at a 1% nominal significance
level (when 0.75 dummies are retained on average), buttsligio small at the 0.1% significance level
(low probability of retaining any dummies). The averageepeotes are all close to unity reflecting the
high non-centralities of the relevant variables.

@ 1% 0.1%
noimpulse impulse noimpulse impulse
saturation saturation saturation saturation
ave. gauge 1.22% 1.43% 0.12% 0.08%
ave. potency  99.98% 99.97% 99.87% 99.82%

Table 5:Gauge and potency for selection averaged acrogsalll, . . ., 10 experiments with and without impulse
saturation Autometricswith no diagnostic testing.

Figure 6 records the ratio MSEs without saturation to impulse saturation. Under the @ayplying
impulse saturation at tight significance levels the costssanall, although th&#1SEs of the irrelevant
variables in particular are larger than without impulseisation at 1%. Correlations between dummies
and retained irrelevant variables could increase the weigthe retained irrelevant variables leading to
an increase iMSE. At very tight significance levels (0.1%) so few dummies @&tained that it has little
impact on theMSE, although in some cases impulse saturation could even iraghe MSE under the
null that none are significant.

6.1 Impulsesaturation in fat-tailed distributions

Impulse saturation is designed to detect outliers and itmtahifts, but we also assess its impact for a
fat-tailed distribution, focusing on the studendistribution with 3 degrees of freedom. The design of
the experiment is identical to (15) and (16), but (17) became

et~ (04 xn%%) xty, n=1,...,10 (18)

Autometricschecks normality in its batch of diagnostic tests. If it otge thep-value of the test is
reduced, but the program tries to return to the origirahlue at a later stage in selection, and may retain
irrelevant variables to ensure the diagnostic test is plasse

Table 6 records the average gauge and potency acrass=all, ..., 10 experiments usings, with
diagnostic testing, without, and with impulse saturatitindiagnostic testing is applied, and the DGP
is incorrectly assumed to be normal, the gauge is higher theamominal significance level, and is
much higher at tight significance levels (7% for= 0.1%). Omitting diagnostic testing improves
the gauge, but it is still too large. While the critical vaduesed in the selection algorithm will be
incorrect for atz-distribution, this does not have a substantial impact engéuge as the regressors are

12
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Figure 6:Ratios ofMSEs without impulse saturation to impulse saturation

normally distributed. Applying impulse saturation redsidee gauge relative to no impulse saturation
and diagnostic testing, but the definition of gauge is ammigu Retained dummies are counted as
irrelevant variables since they do not enter the DGP, aneftiee contribute to gauge, but the fat-tailed

distribution implies that some of these are indeed extrebsemwations and should be retained, so could
be considered as contributing to potency. Thus, there idjective measure of the success of impulse
saturation in the form of potency and gauge. Instead, weulzdi the average retention probability of

the retained irrelevant variables not counting dummiese Jduge is substantially reduced in all cases,
but is still larger than the nominal significance level, ef@ma 0.1% significance level.

impulse saturation no no yes no no yes

diagnostic tracking yes no no yes no no

@ 1% 0.1%

ave. gauge 8.62% 1.37% 491% 6.80% 0.52% 1.37%

ave. gauge (exc. dummies) - - 1.86% - - 0.23%

ave. potency 96.26% 96.30% 98.78% 92.42% 92.45% 91.40%
Table 6: Gauge and potency fag-distribution. Average across all= 1,...,10 experiments with and without

impulse saturation and diagnostics.

Figure 7 records the ratio aISEs without saturation to impulse saturation tgr The benefit of
impulse saturation is observed by smalBEs for the coefficient estimates of the retained regressors
at significance levels of 1% or 0.1%. Although the gauge igdathan for selection without impulse
saturation and no diagnostic testing, the coefficient egtisfor the retained variables are much closer
to their DGP values as the dummies account for the fat-thiisging the distribution conditional on
the dummies closer to a normal distribution. To check theaichpf impulse saturation, figure 8 com-
pares the conditional distributions gk, ..., 3,, wheren = 5, such thatg, = 5, 3;,...,08; = 1
andgg, ..., 31 = 0. The impulse saturated distributions are super-imposeati@nonditional distribu-
tions. For the relevant variables, the distributions amdlar, although the distributions without impulse
saturation have slightly fatter tails. The long tails foe thon-saturated conditional distributions of the
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Ratio of MSE with no impulse saturgtéon to impulse saturation foeadr
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Figure 7:Ratios ofMSEs without impulse saturation to impulse saturation fey-distribution with no diagnostic

testing.
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Figure 8:Conditional distributions of estimates with (dark) andhwitit (light) impulse saturation for the = 5
experiment with a3 error distribution atv = 1%, M = 10 000.

coefficient estimates for the irrelevant variables retatw the saturated outcomes are evident. Thus, if
irrelevant variables are retained, impulse saturatiorhénpresence of fat-tails will imply the reported
coefficient estimates are smaller than would otherwise perted and bias correction will downweight
even further, providing insurance against highly signiftdaut irrelevant variables.
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7 Selecting regressions when there are multiple breaks

Having established that testirfgimpulses need not induce a large efficiency loss when theirrate-
vant, we now apply impulse saturation to detect outlierslandtions shifts when they do in fact occur.
The generality of impulse saturation allows it to detect ynahifts, and we consider up to 20 in 100
observations, only one, and several intermediate settiMgseover, the shifts can be right at the start or
end of the sample, as there is no need to reserve a percestaggh #say) Bai and Perron (1998).

7.1 Impulse saturation for breaksin the mean of alocation-scale model

The first set of experiments examine the detectability oiovesr forms of location shift in the simplest
setting, but for a range of magnitudes, forms and timing efaks. The DGPs considered all have
T = 100 using M = 1000 replications to investigate:

e DGP:Bc—a single break in the mean (startin@’at 81);

e DGP:B20-20 breaks in the mean (starting’at 1, equally spread);

e DGP:MBc—multiple breaks in the mean (5 breaks of length,fequally spread);

e DGP:Bct—as DGP:Bc, but with a trend in both the DGP and GUM,;

e DGP:MBct-as DGP:MBc, but with a trend in both the DGP and GUM,;

e DGP:Tc—a break in the trend (trending fradfn= 81, with no trend before);

e DGP:BL—-a break in the mean in a stationary autoregressitmaxzero mean;

e DGP:BLc—a break in the mean in a stationary autoregressitthamon-zero mean.

Thus, we used the following sets of DGPs:

DGP:Bc Y = 5+’7(Ig1+"‘+[100)+ut,

DGP:B20 vy, = 0+~v([1+Is+I1+ -+ Igg) + uy,

DGP:MBc y; = 6+~ +La+Is+1Li+ I+ -+ Ior+ Lag+ - + Iso+
I74+"'+[77+[97+"‘+1100)—|—ut,

DGP:Bct vy, = 04~y (Is1+ -+ Tioo) + 0.02¢ + uy,

DGP:MBct y; = d4+~y(h+ Lo+ I3+ 1y +Tog+ -+ Iy + Iyg+ - - + Isp+
Irg -+ Igg + To7 + -+ + Tioo) + 0.02¢ + g,

DGPTc 4 = 647 (55ls1 + 2ls2 + - + 30 1100) + w.

DGPBL y; = ~y (s + -+ Twoo) +0.5y:—1 +us, yo=0,

DGP:BLc y = 249 (Is1+ -+ Tioo) + 0.5y:—1 +ur, yo =0,

ug ~ IN[0,1]; 0 = 0,1 as noted below

The Autometricsalgorithm was started from the following GUMs, where ‘fixeghtails that the
relevant variable cannot be eliminated by selection:

GUM:lc  y; on constant (free) anfl dummies for DGP:Bc, DGP:B20, DGP:MBc, DGP:Tc;
GUM:lIct  y; on constant (free)” dummies, and trend for DGP:Bct, DGP:MBct;
GUM:lc  y; on constant (fixed and fre€l, dummies, and,_, for DGP:BL, DGP:BcL.

We first report in detail the results for DGP:Bc and DGP:B2@wn# = 0 for v = 1 up toy = 5.

It is clearly much easier to detect a single break of lengtth2@ twenty breaks of 1 period when
is small, but the potencies rapidly rise towards unity irhbzdses as grows to 5. While 20 ‘shifts’ in a
sample of 100 is unlikely in practice, the ability to find thémsuch a contaminated case is encouraging.
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DGP:Bc

a=1% y=0 =1 =2 =3 =4 ~=5
Gauge % 15 1.2 0.9 0.3 0.7 1.1
Potency % — 4.6 25.6 52.6 86.3 99.0
DGP:B20

a=1% y=0 =1 =2 =3 =4 ~v=5
Gauge % 15 1.0 0.4 0.3 1.0 0.8
Potency % — 3.5 7.9 24.2 67.1 90.2

Table 7: Autometricsmodel selection for impulse saturation in location-scaleH3 with breaks at the
end and multiple breaks.

y=3 v=4 7:5|7:3 y=4 ~v=5
Autometrics constant fixedg = 1%
DGP:Bc DGP:Bct
Gauge % 0.4 0.7 1.1 4.7 1.6 1.1
Potency %| 55.2 87.1 99.1] 294 68.9 92.2
DGP:MBc DGP:MBct
Gauge % 0.4 0.7 1.0 0.5 0.8 1.1
Potency %| 38.8 78.4 96.5 42.2 77.8 94.9
Step-wise regression, constant fixad= 1%
DGP:Bc DGP:Bct
Gauge % 0.1 0.0 0.1 0.7 0.4 0.2
Potency %| 13.8 16.2 165§ 6.2 6.2 5.9
DGP:MBc DGP:MBct
Gauge % 0.1 0.0 0.1 0.1 0.0 0.2
Potency %| 14.2 16.9 18.2 18.0 20.2 24.4

Table 8: Autometricsand step-wise model selection for impulse saturation iatioo-scale (and trend)
DGPs with breaks at the end and multiple breaks. All estithatedels have a constant term.

Next, Autometricsmodel selection was also compared to step-wise regressibighlight the im-
provements from path search, now with= 1 (we report DGP:Bc as a comparator with table 7). The
potency ofAutometricsrises rapidly withy in all four DGPs, with almost all breaks detectedy= 5.
The setting with five breaks of length 4 is realistic, and hg®t@ncy between that of the two cases in
table 7.Autometricshighly outperforms step-wise, a pattern that occurred eneexperiment, so we do
not report the latter henceforth (step-wise results aréadla on request).

7.2 Impulse saturation for breaksin the mean of a stationary autoregression

Table 9 reports the simulation result&utometricsselects the wrong model for DGP:BLc when the
constant is free, namely a unit-root model without a corisaad with some additional dummies.
The treatment of the constant matters greatly forAbtometricsresults as follows:

e Constant is free: when the constant is free, it is not saleckais is fine for DGP:BL, but not for
DGP:BLc. In most cases, the model selected for DGP:BLc hagontwo) dummies at the start
of the break, and a unit root.

e Constant restricted: when a constant is forced to enter adlats, Autometricshas high power to
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Yy=5 =8 7:10|7:5 ¥y=8 =10
Autometrics constant freeqy = 1%
DGP:BL DGP:BLc

Gauge % 1.2 1.2 1.2 1.5 1.5 1.5

Potency %| 44.2 80.9 91.2 12.7 15.6 16.7]

Autometrics constant fixedg = 1%

DGP:BL DGP:BLc

Gauge % 1.2 1.2 1.2 1.2 1.2 1.2

Potency %| 48.5 83.5 92.7 49.3 84.7 93.5

Table 9: Autometricsresults for impulse saturation using location-scale DGRB tareaks at end and
multiple breaks.

detect the correct model for both DGPs.

7.3 Impulse saturation in unit-root models

An impulse in a unit-root model entails a step shift in theeleaf the series, so is the most realistic
alternative in this setting. Thus, we consider the follogvéets of experiments.

DGP:IUc Yy = 0.24vIlg1 + yi—1 + uy,
DGP:BUc y; = 0.2+ (Is1+ -+ Io0) + yr—1 + us,
DGP:MIUc y; = 0.2+ (I1 + log + Ly + I74 + lo7) + yr—1 + g,
DGP:MBUc y; = 02+~y(L1+--+Lu+Tau+ -+ Iop+ Lo+ + Isa+
Ipg+ - 4 Irg 4 Tor + - - + Tio0) + Y1 + uy,
Ut ~ |N[0, 1], Y—100 = 0, t = —99,... ,0,1,...,100

The corresponding initial general models are:

GUM:ILct  y; on constant and” dummiesy;_1, and trendf = 1,..., 100;
DGUM:ILct Ay, on constant] dummiesy; 1, and trendy = 1, ..., 100.

DGUM hasAy; as the dependent variable, while the regressors incjude After model selec-
tion, the final model is re-estimated with as the dependent variable and adding, as a regressor (if
necessary). Table 10 shows that gauge remains well cadrall the nominal significance level, and
potency to detect the breaks is reasonably high but risedystaith their magnitude. Also, the transfor-
mation to DGUM varies between moderately and strongly beiagfiprobably because it allowsg_; to
be eliminated more often than with the levels.

7.4 Level saturation in autoregressions with and without unit roots
In level saturation, all impulse and step dummies are used:

1. I, = 0 for periods, O otherwise,

2. S, = 1 for periodst > s, 0 otherwise,
Now the basic GUM is:

T T
yt=M+Z51,sIs+Z52,sSs+€t, EtNlN[O,O'z], tzl,,T
s=1 s=2
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GUM DGUM

y=3 =4 y=5|v=3 yvy=4 ~v=5

Autometricsa = 1%, constant free

DGP:IUc DGP:IUc
Gauge % 1.5 1.4 1.4 1.7 1.7 1.7
Potency %| 60.8 694 715 658 73.0 74.6
DGP:BUc DGP:BUc
Gauge % 1.0 1.0 1.1 1.2 1.3 1.4
Potency %| 225 393 569 28.2 659 87.9
DGP:MlUc DGP:MIUc
Gauge % 1.1 1.2 1.2 1.6 1.7 1.7
Potency %| 55.9 748 837 648 824 87.8
DGP:MBUc DGP:MBUc
Gauge % 1.2 2.6 1.9 1.0 1.1 1.2
Potency %| 33.2 516 537 440 75.6 92.0

Table 10:Autometricsresults for impulse saturation using a unit-root DGP witbais at end and mul-
tiple breaks.

The DGP is rewritten in terms df,, which affects counting for gauge and potency:

DGP:BLc Yy = 24+9Ss1 +0.5y: 1 +u, yo=0,t=1,...,100,
Uy |N[O, 1]
GUM:SLc y; on constant” dummies,I” — 1 levels,y,_1,t =1,...,100.
DGUM:SLc Ay on constant]” dummies,T — 1 levels,y;—1,t =1,...,100.
DGP:BUc Yy = 0.2+ vSs1 +y—1 +ut,y—100=0,t =-99,...,0,1,...,100,
(A |N[O, 1]
GUM:SLct  y; on constant]’ dummies; I’ — 1 levels,y;_1, and trendt = 1, ..., 100.
DGUM:SLct Ay, on constant]’ dummies,I” — 1 levels,y;_1, and trend¢ = 1, ..., 100.

With impulse saturation, detecting all the dummies anddalgg but missing the constant would give a
potency 0f95%. With level saturation, a similar result would be to detgct; and Lg; for a potency of
66%. Similarly, a gauge of % was about 0.8 irrelevant variable before, but will be aroRrd the level
saturation.

It is possible that selection would choose some of the cbdemmies instead of the level, or just
the wrong level with one extra dummy, increasing gauge adedsing potency. One way around this
would be to translate the final model into dummies, and usgddhaeasure gauge and potency. Another
approach is to do some post-selection processing. Aftectsah, all variables (with a few exceptions)
are significant. We distinguish the following cases:

1. Two step dummies that almost overlap. With the followingtitutions:

Si—1,5: = I©Ii—1,S,
Si—2,5: = ILi—2,1;_1,5,

it is possible that the step dumn$yy becomes redundant (when the coefficients on the step dum-
mies have opposite signs, but are otherwise not statistiddferent). If not, the coefficient of

S; will be significantly different from the impulse dummies, @ formulation with impulses is
preferred.
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2. Overlapping impulse and step dummy can be rewritten &ssi
I 1,811 = ©i—1,5:

This will result in the impulse dummy;_; becoming redundant when the coefficientslpn and
St_1 have opposite signs, but are otherwise not statisticaffgréint. The transformation is only
applied when the coefficients have the required oppositessig

3. Impulse dummy preceding step dummy:

Ii—1, S = Ii-1, 511,
It—sy"'ylt—lyst = It—s>"'7It—last—s'

If all the impulse dummies preceding the step dummy have dhgessign as the step dummy, it
is attractive to extend the step dummy backward. This wouotdmgially allow some impulses to
disappear.

Autometrics Constant freeqy = 1%, M = 1000

GUM | DGUM
without post-processing
DGP:BLc DGP:BLc
y=5 =8 4=10|vy=56 =8 7y=10
Gauge % 1.7 1.2 1.2 15 1.3 1.3
Potency %| 64.6 74.7 747 839 928 95.4
DGP:BUc DGP:BUc

y=3 =4 ~v=5|v=3 =4 =5

Gauge % 1.0 1.0 1.6 14 1.2 1.2
Potency %| 53.9 56.0 54.8 625 65.6 66.2
with post-processing

DGP:BLc DGP:BLc
y=5 =8 4=10|vy=5 =8 v=10
Gauge % 1.2 1.1 11 1.2 1.1 1.2
Potency %| 70.1 73.6 73.8 841 922 94.4
DGP:BUc DGP:BUc
y=3 =4 ~v=5|v=3 =4 =5
Gauge % 0.9 0.9 0.9 1.1 1.0 0.9

Potency %| 56.9 61.4 63.7 62.7 66.3 67.8

Table 11:Autometricgesults for level saturation using autoregressive DGHs lwritaks at end, with and
without post-processing.

The top half of Table 11 records the result without post-pssing, and the bottom half shows the result
with post-processing. The clean-up hefpgometricsconsiderably in accounting for gauge and potency.
In these tables, a potency arouss corresponds tg; ; being almost always found, but n§§; or the
constant. For a potency of aroufid% it is usual thaty;_, andSg; were found, but not the constant.
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7.5 Autoregression with regressors

In the following experiments, the regressors in the DGPptlhX, are specified as in (19) whetkis
varied across experiments, huis kept fixed ab.9 with z; o = 0, andg* = (T[1 — p])~/? 3:

4
X8 =" B (wir — Tip-1) (19)

i=1

Tig = PTig—1+vig, 1=1,...,10;
vig ~ INJO,(1—p)?];
3 (2.4,28,...,4.0}.

The regressors added to the GUM are as follows:

10

X = Z(’Yﬂi,t-F(Sﬂi,t—l)
i=1

so there are 8 relevant regressors (four at lag zero and féag ane), and 12 irrelevant ones.

DGP:Lex yr = 24051+ x84+ u;, yo=0,t=1,...,100,
GUM:Lcx y¢ on constanty,_,, X,t=1,...,100.

DGP:BLcx Y = 2—’_’7([81 + - +[100)+0-5yt—1 +X£6+Ut, Yo :07t = 17"'7100a
GUM:ILex g on constant]” dummiesy; 1, X,t=1,...,100.

DGP:BLcx  y; = 2+ 7Ss1 + 0.5y 1 +x,8+w, yo=0,t=1,...,100,
GUM:SLcx  y; on constant]” dummies,l” — 1 levels,y; 1, X, t =1,...,100.

DGP:Ucx y = 02+y1+x0+wu,y—100=0,t=-99,...,0,1,...,100,
GUM:Lcx gy onconstanty,_1,t=1,...,100.
GUM:Lcext g on constanty; 1, and trend¢ = 1,...,100.

DGP:BUcx y; = 024~ (Is1 + -+ Tio0) + ye—1 + X8 + ug, y—100 = 0, = —99,...,0,1,...,100,
GUM:ILext g on constant]” dummies, and trend,;,_1, X,t =1,...,100.

DGP:BUcx 4y = 0.2+ vSs1 +yi—1 + X;B + ug, Y—100 = 0,t =—-99,...,0,1,...,100,
GUM:SLcxt  y; on constant]” dummies, and trend; — 1 levels,y;—1, X, t =1,...,100.

The gauge foAutometricin DGP:Ucx, GUM:Lcxt is around 0%, see Table 12, because the trend
is almost always included in the final model, even thoughitosin the DGP. In that case, the constant
may be deleted, which suggests that a GUM with fixed constaihfrae trend would be better.

Importantly, when there are breaks—as occurs all too oft@ractice—gauge is well controlled and
potency is again moderate to high, especially for the uiit case: see Table 13.

8 Conclusion

Setting the nominal rejection frequency of individual séfen tests atv < 1/N — 0as T — oo, on
average one irrelevant variable will be retained as adtiensly significant out ofV candidates. Thus,
there is little difficulty in eliminating almost all of therglevant variables when starting from the GUM
(a small cost of search). The so-called overall ‘size’ ofgh&ection procedure, namely— (1 — a)N .
can be large, but is uninformative about the success of difitagion process that on average correctly
eliminates(1 — «) N irrelevant variables. Despite very large numbers of iv@ht candidate regressors,

Autometricshas a null rejection frequency (gauge) close to the nomiral somewhat increased by the
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=24 (=28 p=32 [f=36 =40
Autometrics Constant freeqy = 1%, M = 1000

DGP:Lcx, GUM:Lcx

Gauge % 4.3 4.0 3.2 24 2.3

Potency % 61.8 75.2 87.3 94.6 98.0

DGP:Ucx, GUM:Lcx

Gauge % 3.7 3.4 2.9 2.8 2.5

Potency % 58.1 70.8 82.8 87.9 91.

DGP:Ucx, GUM:Lcxt

Gauge % 11.3 10.3 10.2 9.3 8.1

Potency % 575 69.0 78.8 85.6 89.

O

o1 Ot

Table 12:Autometricgesults for stationary and unit-root autoregressive DGRsout breaks.

=24 (=28 [=32 pB=36 pF=4.0
Autometrics Constant freeqe = 1%, M = 1000
DGP:BLcx, GUM:ILcx,y = 10
Gauge % 1.6 1.6 1.6 1.7 1.6
Potency % 34.1 38.9 43.4 48.5 53.
DGP:BLcx, GUM:SLex,y = 10
Gauge % 1.8 1.8 1.7 15 1.5
Potency % 58.1 70.0 79.6 88.7 93.0
DGP:BUcx, GUM:ILcxt,y = 5
Gauge % 3.2 3.4 3.3 3.2 3.2
Potency % 32.9 35.8 38.4 40.8 43.6
DGP:BUcx,GUM:SLexty = 5
Gauge % 15 1.6 15 1.4 1.3
Potency % 51.2 63.0 74.5 81.5 86.3

o

Table 13:Autometricgesults for stationary and unit-root autoregressive DGHs liveaks.

need to undertake diagnostic testing for congruence arahgressing tests against the GUM. Moreover,
bias correction for selection is very effective at redudimgMSEs of retained irrelevant variables in both
unconditional and conditional distributions, at a sma#tda increased/SEs for relevant variables.

Autometricswith impulse saturation performs very well in locationdecdocation-scale-trend, and
stationary autoregressions (with one exception), wheségswise regression performs poorly in all
these cases: often it has no power to detect breaks. Howeaswemetricdinds a single break at the end
harder to detect when there is a trend in the DGP (in compatisamo trend), although this is not the
case when there are multiple breaks. Thus, in comparisositmée break, multiple breaks are harder to
detect in a DGP without a trend, but easier in the DGP withrdtré\lso, Autometricsperforms poorly
when there is a break in a stationary autoregression withtencept (DGP:BLc), and the constant is a
free variable, albeit that is easily fixed.

Autoregressions with a unit root and single outliers, orva $eattered outliers, are one situation
where step-wise regression does as well or slightly betin Autometrics although that again ceases
to hold for unit-root process with breaks. When estimatismg a GUM with the dependent variable in
differences and a free constant (DGP:BL and DGP:BRe)tometricsdoes badly, selecting a unit-root
model with a few outliers rather than a stationary autoregiom with a shift, yet does well detecting

21



breaks when there is a unit-root DGP. Moreoveartometricsdoes well using the new proposal of level
saturation, particularly when estimating in differencaad the problem of detecting the constant in
the stationary autoregression disappears (althoughesetDGPs, the constant is generally difficult to
detect).

The limits of automatic model selection apply when the LD@Ration would not be reliably se-
lected by the given inference rules applied to itself as tiitial specification: selection methods can-
not rectify that. Further, when relevant variables havelkmrstatistics because their parameters are
O(1/+/T), especially when highly correlated with other regresseee (Pétscher, 1991, and Leeb and
Potscher, 2003, 2005), then selection is not going to wak vone cannot expect success in selection
if a parameter cannot be consistently estimated. Thusywith uniform convergence seems infeasible,
selection works for parameters larger ti@fi//T) (as they are consistently estimable) or smaller than
O(1/T) (as they vanish), yet/+/T and1/T both converge to zero & — oo, SO ‘most’ parameter
values are unproblematic. When the LDGP is not nested in this1Ghe selected approximation may
use the incorrect choice if that is undominated, but in a @egjve research strategy when there are
intermittent structural breaks in both relevant and inatd variables, such a selection will soon be dom-
inated. Conversely, if the LDGP would always be retainedAjyjometricswhen commencing from it,
then a close approximation will generally be selected wheisg from a GUM which nests that LDGP.

Overall, we conclude that model selection baseddatometricsusing relatively tight significance
levels and bias correction is a successful approach, andisainultiple breaks to be tackled. Even
though the approach requires both expanding and contgestiarches—as there are more regressors than
observations—impulse and level saturation allow manyksreabe detected and ‘modeled’ by dummies.

References

Bai, J., and Perron, P. (1998). Estimating and testing fineadels with multiple structural changes.
Econometrica66, 47—78.

Campos, J., Hendry, D. F., and Krolzig, H.-M. (2003). Cosismodel selection by an automatic Gets
approach.Oxford Bulletin of Economics and Statisti&, 803—819.

Demiralp, S., and Hoover, K. D. (2003). Searching for theseastructure of a vector autoregression.
Oxford Bulletin of Economics and Statisti&d, 745-767.

Doornik, J. A. (2007).0Object-Oriented Matrix Programming using @th edn. London: Timberlake
Consultants Press.

Doornik, J. A. (2008). Encompassing and automatic modeksieh. Oxford Bulletin of Economics and
Statistics Special issue, forthcoming.

Doornik, J. A. (2009). Autometrics. In Castle, J., and SkeeghN. (eds.)The Methodology and Practice
of EconometricsForthcoming, Oxford: Oxford University Press.

Hannan, E. J., and Quinn, B. G. (1979). The determinatiohebtder of an autoregressiajournal of
the Royal Statistical SocietB, 41, 190-195.

Hendry, D. F., Johansen, S., and Santos, C. (2008). Autorseltiction of indicators in a fully saturated
regressionComputational Statistic83, 317-335. Erratum, 337-339.

Hendry, D. F., and Krolzig, H.-M. (1999). Improving on ‘Dataining reconsidered’ by K.D. Hoover
and S.J. PereZconometrics Journak, 202—-219.

Hendry, D. F., and Krolzig, H.-M. (2001 Automatic Econometric Model Selectidrtondon: Timberlake
Consultants Press.

Hendry, D. F., and Krolzig, H.-M. (2005). The properties oft@natic Gets modelling.Economic
Journal 115, C32-C61.

22



Hoover, K. D., and Perez, S. J. (1999). Data mining reconstdeEncompassing and the general-to-
specific approach to specification searElconometrics JournaR, 167-191.

Hoover, K. D., and Perez, S. J. (2004). Truth and robustmes®gs-country growth regressior3xford
Bulletin of Economics and Statistja86, 765—798.

Johansen, S., and Nielsen, B. (2009). An analysis of theanoli saturation estimator as a robust re-
gression estimator. In Castle, J. L., and Shephard, N.)(eblse Methodology and Practice of
EconometricsForthcoming, Oxford: Oxford University Press.

Johnson, N. L., and Kotz, S. (1970Continuous Univariate Distributions New York: John Wiley.
\Volume 1.

Krolzig, H.-M. (2003). General-to-specific model selentigrocedures for structural vector autoregres-
sions. Oxford Bulletin of Economics and Statistiés, 769—802.

Kurcewicz, M., and Mycielski, J. (2003). A specification sgaalgorithm for cointegrated systems.
Discussion paper, Statistics Department, Warsaw Uniyersi

Leeb, H., and Potscher, B. M. (2003). The finite-sampleibistion of post-model-selection estimators,
and uniform versus non-uniform approximatiof&zonometric Theoryl9, 100-142.

Leeb, H., and Potscher, B. M. (2005). Model selection aferé@mce: Facts and fictionEconometric
Theory 21, 21-59.

Perez-Amaral, T., Gallo, G. M., and White, H. (2003). A fldzilool for model building: the relevant
transformation of the inputs network approach (RETINADxford Bulletin of Economics and
Statistics 65, 821-838.

Phillips, P. C. B. (1994). Bayes models and forecasts of raliah macroeconomic time series. In
Hargreaves, C. (ed.\Non-stationary Time-series Analysis and Cointegrati@xford: Oxford
University Press.

Phillips, P. C. B. (1995). Automated forecasts of Asia-Raeiconomic activity.Asia-Pacific Economic
Review1, 92-102.

Phillips, P. C. B. (1996). Econometric model determinatiBnonometrica64, 763—812.

Phillips, P. C. B. (2003). Laws and limits of econometriEzonomic Journall13, C26—C52.

Potscher, B. M. (1991). Effects of model selection on iafee.Econometric Theory7, 163-185.

Qin, X., and Reed, W. R. (2008). A comparison of a large nunalbenodel selection criteria. Working
paper, Economics Department, University of Canterburyjst¢thurch, New Zealand.

Schwarz, G. (1978). Estimating the dimension of a modehals of Statistic®, 461-464.

Tibshirani, R. (1996). Regression shrinkage and seleciimthe lasso.Journal of the Royal Statistical
Society B, 58, 267-288.
White, H. (2000). A reality check for data snoopirigconometrica68, 1097-1126.

23



