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Abstract

We evaluate automatically selecting the relevant vargablean econometric model
from a large candidate set. General-to-specific selectiamuilined for a constant model
in orthogonal variables, where only one decision is reqliceselect, irrespective of the
number of regressors\ < T) whereT' is the sample size, then evaluated in simulation
experiments fotV = 1000. Comparisons witlhutometric¥Doornik, 2009) show similar
properties, but not restricted to orthogonal cases. Momtdo@xperiments examine the
roles of post-selection bias corrections and diagnossiintg, and evaluatdutometrics
capability in dynamic models by its costs of search versgssoaf inference.

JEL classificationsC51, C22.
KEYWORDS: Model SelectionAutometricspost-selection bias correction, costs of search,
costs of inference.

1 Introduction

Our contribution concerns model selection in situatiora thvolve specification uncertainty
over the choice of which variables, lags, functional forrtts,eare relevant and which irrel-
evant. To successfully determine what matters and how é@rgnall important determinants
need to be included, since omitting key variables adveraffgcts the goodness of fit, biases
the included factors’ effects, and in a world of intercastetl variables with non-stationarities
induced by breaks, leads to non-constant estimated moddeislated research, we have con-
sidered modeling non-linearity (see Castle and Hendry9P@thd multiple breaks (see Castle,
Doornik and Hendry, 2009, building on Hendry, Johansen amdds, 2008, and Johansen and
Nielsen, 2009), with an empirical application in Hendry &fidon (2009), so here we consider
why model selection might be successful in general, theasd@n dynamic specification.

We consider nine possible criteria for evaluating the ss®cer otherwise, of model se-
lection, and propose three as both operational and reléggotactical empirical modeling.
These 3 criteria are then applied to general-to-specHitg selection, first for the analytically
tractable setting of a constant model in orthogonal vaembhn unknown subset of which are
relevant to explaining the dependent variable, and theiretanare irrelevant. We demonstrate
that only one selection decision is required irrespecthtb@number of regressors < T, for
T observations. This rebuts claims that model selectiomgitrally involves repeated testing

*It is a pleasure to contribute to this volume in honor of Svetytleberg. DFH has known Svend since DFH
presented his first ever conference paper at the 1969 EcdnoiSeciety European Meeting in Brussels. Later,
with Timo Terasvirta, DFH was an external examiner for $¥&2i984 doctorate on seasonality. Although that
event is a quarter of a century ago, he still remembers tHedadSvend's face during the defence on arguing that
Svend’s proposed methods were quite unacceptable—paubetaapplication to Beethoven’s 5th symphony would
ruin it! Since then, eight of Svend’s top ten citations aréitopublications on seasonality. Svend has in turn been
an assiduous, and highly successful, doctoral supervigtit,a number of his past students already well-known
in their own right. It is rare to find someone who excels in batbas, academia and administration, but, Svend
has also had a truly successful career as an administratehith arena he has devoted great care and attention,
helping to build Aarhus Econometrics into a global force.



(see e.g. Leamer, 1983). A simulation experimentfor= 1000 whenT = 2000 confirms
the theoretical analysis underlying what we call the ‘I-approach. Thus, although there are
21000 ~ 10301 possible models, onlgnemodel needs estimated and onlgiagle decisioris
required to select the final model: ‘repeated testing’ dazsocur.

Because the ‘size’ of a test statistic has a definition whsabmiy precise for a similar test,
and the word is ambiguous in many settings (such as samp@g @iz use the terngauge
to denote the retention frequency of irrelevant variablégmvselecting. Similarly, retaining
relevant variables by rejecting their null no longer copsls to the conventional notion of
‘power’, so we usepotencyto denote the average retention frequency of relevanaies.
Then, for 1-cut, gauge is close to its corresponding nonsiwalificance levelg, for small«
(e.g.,a < 1/N), which can be controlled, and potencies are close to tra@étieal powers for
one-off tests, despite selecting (e.g. 10 relevant variables fronV = 1000 candidates.

Although there is no repeated testirsglectionaffects the distributional properties of the
final model’s estimates as compared with estimating thd tietta generating process (LDGP—
the DGP in the space of the variables under analysis: seerfA&2@09). Thus, the second step
is to correct for biases induced in conditional distribntidoy only retaining significant coef-
ficients. Building on Hendry and Krolzig (2005), we show tloat balance, bias corrections
improve both the conditional and unconditional distribag of irrelevant variables as mea-
sured by mean-square erroM3Es), with a small increase in tHdSEs of relevant variables.

Next, to check the closeness of their results, the 1-cutcagbris compared with using
a general search algorithm implementing autom@tts which does not depend on orthogo-
nality of regressors, herkutometricswithin PcGive(see Doornik, 200b7, 2009, Hendry and
Doornik, 2009). We also assess the impact of mis-specifica@sting on gauges, and the
role of tests for encompassing the initial general unresiti model (GUM). We use a much
smaller N (namely10) in these simulation experiments, so results can be graphddom-
pared across a range of experiments as the number of releadables,n < N, and their
significance changes, using the general design from C&stieand Reed (2009).

Since dynamic dependence induces autocorrelations betadjacent lags, the resulting
non-orthogonality requires a general algorithm. We extdraexperimental design to sta-
tionary dynamic DGPs, including models with under-speaifan, matching the LDGP, and
over-specification. Negative dependence (e.g., the leegiesentation of first differences)
can be problematic for selection approaches that do noGesg such as stepwise expanding
searches and the Lasso (see Tibshirani, 1986)ometricsundertakes a lag-length pre-search
at loose significance levels from the longest lag, which iile Impact on the selection re-
sults, but greatly improves the search time for lalgeDynamicsper sedo not seem to affect
the selection procedure, but measurements of performanesé ancount for the difficulty in
precisely dating lag reactions.

The structure of the paper is as follows. Section 2 consiunsto evaluate model selection
approaches. Section 3 discusses the 1-cut approach aedtgrssnulation findings when there
are N = 1000 < T = 2000 orthogonal regressors. Section 4 compakametricsto 1-cut
in Monte Carlos forV = 10 across a range of static experiments, followed by an evatuat
the impact of diagnostic and encompassing testing. Sebtgemeralizes to the dynamic case
for up to 14 regressors and evaluates the costs of inferemteearch. Section 6 concludes.

2 Evaluating model selection

The properties of empirical models are determined by how #re formulated, selected, es-
timated, and evaluated, as well as by data quality, thealrstibject-matter theory and institu-
tional and historical knowledge. Many features of modetsrant derivable from subject-matter
theory, and in practice empirical evidence is essentiakterthine what are the relevant vari-
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ables, lag reactions, parameter shifts, non-linear fanstiand so on. All steps are prone to
difficulties, even for experts, which is why automatic methonerit consideration. ‘Model un-
certainty’ comprises much more than whether the ‘correaetiavas selected from some set
of candidate variables that nested the LDGP, which esdlgraissumes the ‘axiom of correct
specification’ for the proposed model. A key aim of model stba is to reduce some of the
uncertainties about the many aspects involved in speddicaat the cost of a ‘local increase’
in uncertainty as to precisely which influences should bided and which excluded around
the margin of significance. Thus, embedding any claimedrhieca general specification that
is congruent with all the available evidence offers a chandeoth utilize the best available
theory insights and learn from the empirical evidence. Hmgesuch embedding can increase
the initial model size to a scale where a human has intebéditficulty handling the required
reductions, and indeed the general model may not even beatsé, so computerized, or au-
tomatic, methods for model selection become essential.

Nevertheless, the best model selection approaches caemsipected to select the LDGP
on every occasion, even whé&etsis directly applicable and the GUM nests the LDGP. Con-
versely, no approach will work well when the LDGP is not a adstpecial case of the pos-
tulated model, especially in processes subject to breadtsrtiuce multiple sources of non-
stationarity. Phillips (2003) provides an insightful aysa$ of the limits of econometrics.

Models that are constructed with a specific purpose in mirgdirte be evaluated accord-
ingly. Thus, there are many grounds on which to select engbimodels—theoretical, empiri-
cal, aesthetic, and philosophical—and within each categaany criteria, leading to numerous
ways to judge the ‘success’ of selection algorithms, inicigd

(A) maximizing the goodness of fit;

(B) recovering the LDGP with high frequency;

(C) improving inference about parameters of interest dvetGUM;

(D) improving forecasting over the GUM (and other selectiogthods);

(E) working well for ‘realistic’ LDGPs;

(F) matching a theory-derived specification;

(G) recovering the LDGP starting from the GUM almost as ofisrfrom the LDGP itself;
(H) matching the operating characteristics of the algaorithith their desired properties;
(I) finding a well-specified, undominated model of the LDGP.

The first is a traditional criterion, often based on penadlifie but Lovell (1983) showed that
it did not lead to useful selections. The second is overly aleting, as it may be nearly im-
possible to find the LDGP even when commencing from it (e@nesrelevant variables may
have|t| < 0.1). The third seeks (e.g.) small, accurate, uncertaintyoregaround estimated
parameters of interest, and has been criticized by Leeb atsdher (2003, 2005) among oth-
ers. There are many contending approaches when (D) is teetiog), including using other
selection methods, averages over a class of models, faetbrons, robust devices, or neural
nets. However, in processes subject to breaks, in-sampierpance need not be a reliable
guide to later forecasting success (see Clements and Het888, 1999). There are also many
possible contenders for (E), including, but not restri¢tedPhillips (1994, 1995, 1996), Tibshi-
rani (1996), Hoover and Perez (1999, 2004), Hendry and Kr¢i999, 2001), White (2000),
Krolzig (2003), Kurcewicz and Mycielski (2003), Demiralmda Hoover (2003), and Perez-
Amaral, Gallo and White (2003), as well as stepwise regoessalbeit most with different
properties in different states of nature. Criterion (F)dsia widely used, and must work well



when the LDGP coincides with the theory model, but otherwised not. For (G), a distinction
must be made between costs of inference and costs of sedrelfiormer apply to commencing
from the LDGP, so confront even an investigator who did séwWho was uncertain that the
specification was completely correct (omniscience is raligtc in empirical economics), and
are inevitable when test rejection frequencies are noo-aeder the null, and not unity for all
alternatives. Costs of search are additional, due to coraimgifirom a GUM that nests but is
larger than the LDGP, so are really due to selecting. Operatharacteristics for (H) could
include that the nominal null rejection frequency matchesgauge; that retained parameters
of interest are unbiasedly estimated; tMSEs are small, etc. Finally, there is the ‘internal
criterion’ (1) that the algorithm could not do better for then sample, in that no other model
dominates that selected. We use (G), (H) and (I) as the bassisvaluation, noting that they
could in principle be achieved together.

3 Why Gets model selection can succeed

When all the regressors are mutually orthogonal, it is eagyxplain whyGetsmodel selection
needs only a single decision. Consider the perfectly oghabregression model:

N
v = Bk + e 1)
k=1

whereT=1 >0 | 2y iy = Aklr; Yk, j, wheredy ; = 1if £ = j and zero otherwise, with
e: ~ IN[0, o2], independently of thézy ;}, andT >> N. After unrestricted estimation of (1),
order theN samplet?-statistics testinddy: 5, = 0 as:

th) =ty = = ty) 2)

The cut-off,n, between retained and excluded variables using a 2-sidedisance levek,
for at-testis:
t2, > > th (3)
(7) « (n+1)

Variables with large? values are retained and all other variables are elimin@edy a single
decisionis needed to implement (3), even fr= 1000, and ‘repeated testing’ does not occur.
Using this 1-cut decision rule, it is straightforward to mtain the false null retention rate at
(say) less than one variable by setting< 1/N, VN (for small N, much tighter choices are
feasible):a should also tend to zero dsincreases to ensure a consistent selection (see Hannan
and Quinn, 1979, Potscher, 1991, and Campos, Hendry ardi¢{ra003).

In non-orthogonal problems, path search is required tiksitegenuine relevance’, which
gives the impression of ‘repeated testing’, but should motdnfused with selecting the ‘best
fitting model’ from the2'9%0 ~ 10301 possible modelsAutometricsuses a tree-path search to
detect and eliminate statistically-insignificant vareslthereby improving on the multi-path
procedures in Hoover and Perez (1999) or Hendry and KroR@9). Such an algorithm
does not become stuck in a single-path sequence, wherevamekariable is inadvertently
eliminated, retaining other variables as proxies (e.gin atepwise regression). At any stage,
a variable removal is only accepted if the new model is a vaéiction of the GUM (i.e., the
new model must encompass the GUM at the chosen significavele $ee Doornik, 2008). A
path terminates when no variable meets the reductionioriteAt the end, there will be one or
more non-rejected (terminal) models: all are congruerdpumnated, mutually-encompassing
representations. If necessary, the search is terminaiad agie-breaker, e.g., the Schwarz
(1978) information criterion, although all terminal moslelre reported and can be used in,



say, forecast combinations. Thus, goodness-of-fit is mettly used to select models, and no
attempt is made to ‘prove’ that a given set of variables matithough the choice @f, affects

R? andn through retention b}zﬂﬁ > c2. Generalizations are feasible to instrumental variables
estimators (see Hendry and Krolzig, 2005), and likelihosiiheation (Doornik, 2009).

3.1 Empirical evaluation of model selection

Eet the firstn regressors be relevant, witii — n irrelevant regressors in the GUM, and let
By.; denote the OLS coefficient estimate after selection for dedficient onzy, ; in the GUM

for replicationi, with M replications. Wheri(-) is the indicator variable, potency and gauge
respectively calculate the retention frequencies of eleand irrelevant variables as:

retention ratepy = & S 1B #0), k=1,....N,

potency = I3 Pk, (4)
N ~

gauge = Noh Lk—ns1 Pk

In addition, we also computéSEs, both before and after model selection. Defiig as
the model obtained after selection from the GUM avg as the model retained after selection
from the LDGP. The unconditional and conditioMASESs respectively are calculated as:

UMSE, = i%(ﬁ*»—ﬁf vk
k ]\42:1 k,’L k )
S [ (B = 81”167 # 0) v
CMSE, = : : , (B2, whend 1(B;,#0)=0
) ST (B #0) G ; Pos 70 =0

wheref3}, ; denotes the coefficient defined in Table 1.

Coefficient MSE Note
GUM Br.i GMSE;, forN <T
M, B,“ USMSE,,, CSMSE,, B,“ = 0if z;, not selected
DGP Br. LMSE;, Bri;=0fork=n+1.,N
My E,“ UIMSE,,, CIMSE,, E,“ = 0if x; not selected ok > n

Table 1:MSEs before and after model selection

The square roots of thBISEs are denotedRMSEs. When the GUM nests the LDGP,
the difference betweeM, and M, is a measure of over-specification. When the GUM does
not nest the LDGP (under-specification), the differencavbeh M, and M, is a measure of
mis-specification. Section 5.2 relates the costs of seardhirderence to Table 1.

3.2 Selection effects and bias corrections

The estimates from the selected model do not have the saiperpies as if the LDGP equation
had simply been estimated. Conditional estimates of ratexariables’ coefficients are biased
away from the origin as they are only retained wher 2, and irrelevant variables will have

t2 > ¢2 with probability o« (N — n) (adventitiously significant). Bias correction is straight
forward (see Hendry and Krolzig, 2005), which also driveel@vant variables’ coefficients
towards the origin, reducing theMMSEs. However, sampling also entails that some relevant
variables will by chance hawé < ¢, in the given sample, so not be selected.

Let a% = E[&%] be the population standard error for the OLS estimat@nd approximate:
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wherey = ﬁ/ag is the non-centrality parameter of théest. Let¢ (x) and® (z) denote the

normal density and its integral, then the expectation ofrinecated-value for a post-selection
estimatorg such thaqt5| > ¢, IS (see e.g., Johnson and Kotz, 1970, ch. 13):

¢ (ca =) — ¢ (—ca — )
1_@(ca_¢)+q)(_ca_w)

v =E |ty |t5] > casv] = + — V47 () (5)

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

E[3 152 050a] = B+ 05r (¥,0a) = B (1+47'7 (1ca) (6)

S0 an unbiased estimator after selection is:

=3 () =7 () g

Implementation requires an estima?ieof 1) based on estimating* from the observedg
and solving iteratively for) from (5), as in Hendry and Krolzig (2005):

Y =v" =71 (¢, ca) (8)
First replace (1, ¢,) in (8) byr(tB,ca), andvy* by ty:

:EB = tB - (tB,Ca) , then %’B = tB -r (tB’ Ca) (9)

leading to the bias-corrected parameter estimate:
B=p Gg/tg) : (10)

Hendry and Krolzig (2005) show that most of the selectiors Bacorrected for relevant re-
tained variables by (10), at the cost of a small increasesim donditionalMSEs. Thus, correc-
tion exacerbates the downward bias in the unconditionahasts of the relevant coefficients,
and also increases théilSEs somewhat. Against such costs, bias correction consigerab
reduces théVISEs of the coefficients of any retained irrelevant variableégng a substantive
benefit in both their unconditional and conditional diaitibns. Thus, despite selecting from a
large set of potential variables, nearly unbiased estisnafteoefficients can be obtained with
little loss of efficiency from testing irrelevant variabldsut suffering some loss from not re-
taining relevant variables at large valuesc@f As the normal distribution has ‘thin tails’, the
power loss from tighter significance levels is usually ndistantial, and although it could be
for fat-tailed error processes, Castieal. (2009) show that impulse-indicator saturation (see
Hendryet al,, 2008, and Johansen and Nielsen, 2009) is a successfubtantid

3.3 Monte Carlo simulation for N = 1000

We illustrate the above theory by simulating 1-cut selecfrom 1000 variables. The DGP is:

ye = Bixie+-+ BroTioe + et (11)
x¢ ~ INjoo [0,1] (12)
¢ ~ INJO,1] (13)



T

x2 €3 T4 €5

L6 Z7 zg L9 T10

B 0.063 0.079 0.095 0.111 0.126 0.142 0.158 0.174 0.190 0.206
Y 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 2:Coefficients3,,, non-centralities),,, and theoretical retention probabilities.

wherex; = (x14,--- ,Z1000,). The regressors are only orthogonal in expectation, bltepe
fixed between experiments withi = 2000. The DGP coefficients and non-centralities,are
reported in Table 2, together with the theoretical powetstefts on the individual coefficients.

The GUM, which is the starting point for model selection, sists of all1000 regressors
and an intercept (which is also irrelevant here):

Yyt = Bo+ B1x1,t + -+ + BroooT1000,t +u,  t=1,...,2000.

Only the firstn = 10 variables relevant, s@01 variables are irrelevant in the GUM. Selection
is undertaken by ordering thiés as in (2), retaining (discarding) all variables withstatistics
above (below) the critical value as in (3), so selection islen@ one decision. We report the
outcomes forv = 1% and0.1% using M = 1000 replications.

Gauges and potencies are recorded in Table 3. Gauges algmifitantly different from
their nominal sizesq, so selection is correctly ‘sized’, and potencies do nofatevfrom the
average powers of 0.81 and 0.69. Thus, there is a close metaledn theory and evidence,
even when selecting0 relevant regressors froi)00 candidate variables.

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

Table 3:Potency and gauge for 1-cut selection with 1000 variables.

Retention of relevant variables at 1%

Retention of relevant variables at 0.1%
g —#r— 1.0 R I

i

.
a ] i Monte Carlg - ki
F - | == Theory
0.75 M 0.75 L]
0.50- 0.50
0.25m 0.25-
1 2 3 4 6 7 8 9 10x 1 2 3 4 5 6 7 8 9 10y
MSEs at 1% kit MSEs at 0.1% k,
0.006 UMSE 0.006-
[|--- CMSE I
0.004- 0.004-
0002 \ 0.002-
I \\ I ~ pe—
| | | | | | | | | | | | | | \—_\’ | | | |
1 2 3 4 5 6 7 8 9 108 1 2 3 45 6 7 8 9 10§

Figure 1:Model selection by the 1-cut rule foikV = 1000 ata = 1% (left) anda = 0.1% (Fight): re-
tention rategy, of relevant variablesy, . .., z1o (top graphs)USMSE;, andCSMSE;, (bottom graphs).



Figure 1 records the retention rates of relevant variabjgsnat the theoretical retention
probabilities: retention rates for individual relevantigéles are close to the theoretical powers
of individual t-tests, despite selecting frond°! possible models. ThESMSEs are always
below theUSMSEs for the relevant variables (bottom graphs in Fig. 1), wlil éxception of
B, at 0.1%. Baselin&JSMSEs for all estimated coefficients in the GUM ar@®01 as shown.

3.4 Impact of bias correction onMSEs

In 1-cut selection, all retained variables must be significe ¢,. However, with automated
Gets this is not necessarily the case: irrelevant variables Ioeagtained because of diaghostic
tracking (i.e., a variable is insignificant, but its deletiwould make a diagnostic test signifi-
cant), or because of encompassing (a variable can be indiydnsignificant, but not jointly
with all variables deleted so far). As retained variablethwi|-values less than, are in a
sense irrelevant, and the bias correction formula in (1@pislinear at,, we apply it only to
significant retained variables, setting insignificant aakes’ coefficients to zero.

« 1% 0.1% 1% 0.1%
averageCSMSE over averag&€SMSE over
990 irrelevant variables 10 relevant variables

uncorrecteds 0.84% 1.23% 0.10% 0.14%

E after bias correction 0.38% 0.60% 0.12% 0.13%

Table 4:AverageCSMSE of selected relevant and irrelevant variables (excludig)gwith and without
bias correction)/ = 1000.

Table 4 shows that the bias corrections for the retainedeimat variables substantially
reduce theilCSMSESs by downweighting chance significance; since 99.9% ofauaaht vari-
ables are always eliminated at = 0.001, their USMSEs are negligible. Figure 2 graphs
the MSEs of the bias-corrected relevant coefficient estimates iin tenditional distributions.
Here, the impact of bias correction can also be beneficiaistmenerally small.

MSEs at 1%

MSEs at 0.1%

0.006- — —-CSMSE 0.006-
-------- CSMSE bias corrected
— USMSE
0.004- 0.004-
0.002- \\ 0.002-
L L L L L L L L L L J L L L L L L 4
1 2 3 4 5 6 7 8 9 1OBk 1 2 3 4 8 9 10[3k

Figure 2:impact of bias correction 06SMSE;, for relevant variables at = 1% (left) anda = 0.1%

(right).

4 1-cut selection andAutometrics comparisons

We now compare the 1-cut rule wihutometricsusing an experiment with a much smaller
number of candidate regressors based on a design formudgt€astleet al. (2009). This

enables visual inspection of the outcomes and covers a waahgre of both non-centralities
and ratios of relevant to irrelevant variables.



Their experimental design is given By = 10, n = 1,...,10, andT = 75:

Yt = 50 + 511‘1,t + -+ ,31051310,t + €, (14)

Xy o~ |N10 [0,110] 5 (15)

e ~ IN[0,07],t=1,...,T (16)
wherex; = (z14,--- ,z104). Thex, are fixed across replications as before. Equations (14)—
(16) specify10 different DGPs, indexed by, each having: relevant variables witl;, =
-+ = f, = 1and10 — n irrelevant variablesf,, . ; = --- = ;5 = 0). Throughout, we set

By = 5 andM = 1000 replications are undertaken. Alsmfb = T/4?, wherey denotes the
non-centrality, taking the valuel. .., 6, such that all relevant variables in each experiment
have the same non-centrality. The GUM is the same foraDGPs:

yr = Bo+ Bz + - + BroTior + ut.

Table 5 reports the theoretical powergs-désts for the)s considered.

oy 2 3 4 5 6
5% 50.3 84.3 97.8 99.9 100
1% 26.0 639 91.3 99.1 100

Table 5:Theoretical power for a singletest (%) for experiment (14)-(16).

Gauges for 1—cut rule akutometricsj=2 Gauges for 1—cut rule amtutometricsi)=6
0.10~ f 0.10H-- Autometrics (no diagnostics) 5%-++- Autometrics (no diagnostics) 1%
£ — — Autometrics (diagnostics) 5% — — Autometrics (diagnostics) 1%
{,-' [|— 1-Cut 5% — 1-Cut 1%
e ’
L ”,’ ............................. _ro [rrremme e " 0,
0.0 a=5% 4 a=5%
L 4¢ L
# -
_ /:‘_':'_,':_.'.'..T..r.a._/’ e =TT o
oo ST a=1% I—— L
| | | | | | | | | | I | | | | | | | | |

1 2 3 4 5 6 7 8 9n10 1 2 3 4 5 6 7 8 9 10

n-
Figure 3: Gauges for 1-cut rule (solid lineshutometricswith diagnostic tracking (dashed lines) and
Autometricsvithout diagnostic tracking (dotted lines) far= 0.01, 0.05. The left panel corresponds to
1 = 2 and the right panel t¢y = 6. The horizontal axis represents the= 1, ...,10 DGPs, each with
n relevant variables (anth — n irrelevant).

We now investigate how the general search algorithrAutometricsperforms relative to
1-cut selection in terms of (G)—(l) in Section 2. Their comgtae gauges foy) = 2 andy = 6
are shown in Figure 3 whersutometricsselects both without diagnostic tracking and with. In
default mode (i.e., with diagnostic trackingjutometricss ‘over-gauged’, particularly for low
non-centralities, where the gauge increases as N. For high non-centralities, the default-
mode gauge is increased by about 1-2 percentage points ¢stiers54.1). Doornik (2008)
shows that encompassing checks against the GUM help g&ap#irformance.

Figure 4 compares potencies for the 1-cut rule Antbmetricswithout diagnostic track-
ing. Potency is calculated excluding the intercept which iforced’ regressor (i.e., always
included) in both algorithms. Hence, potencies can be coeag® the power of a singletest,
also recorded in Figure 4 (powers for high non-centraliies excluded as they are close to
unity). Both Autometricsand the 1-cut rule have potencies close to the optimal sintgst
with no selection Autometricsconsistently has a higher potency than the 1-cut rule, biginpo
cies are not gauge-corrected alatometricshas a slightly higher gauge. Given this trade-off,
there is little difference between the 1-cut rule and seagcimany paths as iAutometrics
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Potencies: 1-cut rule akltometricsa=0.05 10 Potencies: 1-cut rule akutometricsa=0.01

L e e R
t-testy=3 i T——— —testy=4.
[ et e ,/‘
P — k
| L, t-test:y=3
I t-testy=2 | 5,/\ """"""""""""""""""""
. 7/\- ..................................... )
-------- Autometricsy=2 —— 1-Cut=2 r t—tes“t_:HJ“:__z_
-------- Autometricsy=3 —— 1-Cuty=3 [ e
-------- Autometricsy=4 —— 1-Cut=4 -’
-------- Autometrics=5 —— 1-Cut=5
| | | | | | | | | | | | | | | | | | | |
1 2 3 4 5 6 7 8 9n 10 1 2 3 4 5 6 7 8 Qn 10

Figure 4: Potencies for 1-cut rule (solid lines) arditometricswithout diagnostic tracking (dotted
lines) fora = 0.05 (left panel) and).01 (right panel). The horizontal axis representsithe 1,...,10
DGPs, each wittn relevant variables (ant) — n irrelevant). Solid thin lines record the power for a
singlet-test aty) = 2, 3, 4.
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Figure 5: Ratios ofMSEs for Autometricsto 1-cut rule as: changes, averaging across all relevant
(solid lines) and irrelevant (dashed lines) variables.tdbeind panels correspond to= 2 and right-
hand panels tg = 6.

Figure 5 records the ratios ®SEs of Autometricsselection to the 1-cut rule for both
unconditional and conditional distributions, with no diagtic tests and no bias correction, for
M = 1000. If the ratio is below unityAutometricshas a smaller averag@SE than 1-cut. The
lines labelledRelevanteport the ratios of averaddSEs over all relevant variables for a given
n. Analogously, the lines labelleldrelevant are based on the averaljkSEs of the irrelevant
variables for each DGP (nhone when= 10). Unconditionally, the ratios are close to 1 for
the relevant variables, but the 1-cut rule performs betieirfelevant variables when the non-
centrality is low. When the non-centrality is highutometricsoutperforms the 1-cut rule; the
benefits to selection are largest when there are few releaaiaibles that are highly significant.
Conditionally, Autometricsoutperforms the 1-cut rule in almost all cases—most linebalow
unity. There is little loss from using the path-search atpar even when 1-cut is applicable,
and most certainly will be in non-orthogonal problems, whecout would be inappropriate
as the initial ranking given by (2) will depend on correlaidbetween variables. The overall
‘size’ of the selection proceduré,— (1 — a)N_”, can be large, but is uninformative about the
success of selection that on average correctly eliminatesa)(N — n) irrelevant variables.
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4.1 Impact of diagnostic tests

Figure 3 also compared the gaugesAatometricswith diagnostic tracking switched on versus
off, both with bias correction. The gauge is close to, btgly over, the nominal significance
level when the diagnostic tests are checked to ensure awsmgreduction. With diagnostic
tracking switched off, the gauge is close to the nominaliicance level. The difference seems
due to irrelevant variables proxying chance departures fitee null on one of the five mis-
specification tests or the encompassing check, and theg ketined despite insignificance.

Figure 6 records the ratio of tHdSMSEs with diagnostic tests switched off to on in the
top panel, and the same for tESMSEs in the bottom panel, averaging within relevant and
irrelevant variables (left-hand panels correspond te 2 and right-hand ta) = 6). Switching
the diagnostics off generally improves thksSMSESs, but worsens the results conditionally,
with the impact coming through the irrelevant variables.it8wng the diagnostics off leads to
fewer irrelevant regressors being retained overall, impgptheUSMSES, but those irrelevant
variables that are retained are now more significant thamtivé diagnostics on. The impact is
largest at tight significance levels.
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Figure 6:Ratios ofM'SEs with diagnostic tests off to on for unconditional and cdiodial distributions
asn changes, averaging across all relevant (solid lines) aekkirant (dashed lines) variables. Left-hand
panels correspond t = 2 and right-hand panels t6 = 6.

5 Model selection in ADL models

We next consider hovutometricgerforms in dynamic experiments where 1-cut is an invalid
procedure. The experimental design haes 9 DGP specifisagiven by, forr = 3,...,8:

DGPO: Y = €

DGP1: 4y = 0.75y:—1 + &

DGP2: vy = 1.5y;—1 —0.8ys—o + €
r—2

DGPr: y = 15y 1 — 08y o+ Y (Bjzje— Bjzje1) + & (17)
j=1
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wheree; ~ IN[0, 1] andx; = (214, . .. 75136,t)/ is generated by:
x; = pxy—1 + v¢ where v, ~ INg [0, 2] (18)

with p = 0.5, wy, = 1, andwy; = 0.5,Vk # j. There aren = 0,1,2,4,6,8,10,12,14
relevant regressors. The DGP involves negative relatiebhsden pairs of exogenous regres-
sors as the first differences matter. We Sgt= % Vk = 1,...,L,in a given experiment,
whereL < 6 is the number of contemporaneous exogenous regressorg)eandn-centrality,
Y, = 8/+/2k, ranges from 5.5 for DGP3 to just over 2 for DGPS8.

There are 7 GUMSs, given by= 0, 1,2, 5, 10, 15, 20:

s 6 s
Yt = p+ Z QkYt—k + Z Z VjkTjt—k T €t (19)
k=1

j=1 k=0

N is the total number of regressors, with= 7,14, 21,42, 77,112,147, andT = 100, so there
are four cases wittv- < 7'/2, one neafl’, and two withN > T, as well as under-specified
examples whes = 0, 1, for DGP2-DGPS8, and = 0 for DGP1, and over-specified cases.
We consider all combinations of DGPs and GUMSs, creating f@ements in total. Selection
usesAutometricsata = 1%, 0.5%, both with and without lag pre-selection with diagnostics
switched off (as some models are dynamically mis-specified))/ = 1000 replications.

5.1 Potency and gauge

Potency calculated using (4) combines the retention ofadbgdd dependent variables and the
exogenous variables, so we also compute potencies for e@ogesariables only by averag-
ing retention rates over th&l, relevant exogenous variables. This can be compared with the
theoretical power for a-test on individual coefficients, recorded in Table 6. Poies for
under-specified cases have no precise meaning as relevaatiles are omitted, so are not
reported.

DGP 3 4 5 6 7 8

Y 566 400 327 283 253 231
Poor 0999 0915 0.739 0.580 0.462 0.376
Pooos 0.997 0.871 0.654 0.483 0.367 0.287

Table 6: Powers for a singletest.

Figure 7 records the potencies for every DGP and each GUMfsation (defined by the
lag length,s, commencing at = 2 to avoid under-specification) for selection with lag pre-
search. There is a decline in potency as the non-centrality (i.e., the DGP increases), but
potency is fairly constant across increasing GUM si@e (There is little impact of extend-
ing the GUM when the DGP is autoregressive as the non-ciigsabf the lagged dependent
variables (LDV) are high, so even including 20 laggydfas almost no effect on potency.

The differences between significance levels are fairly kthad to the overall potency in-
cluding the lagged dependent variables which have poterntise to 1. However, comparing
the potencies for just exogenous regressors against therpdar a singld-test, the potencies
are close to, and in some cases higher than, the corresganidist power, despite successive
positive and negative coefficients of lagged regressors.

Figure 8 records gauges for each DGP and GUM specificationgé&sashould be invari-
ant to the number of regressors and non-centralities soléme® should be flat at the given
significance level. For DGPO with no relevant variables,ghege is close to the nominal sig-
nificance level and is somewhat tighter for moderate lagtheng-or the DGPs with just lagged

12



5 6 DGP

Figure 7:Potency (with pre lag-search) recorded against DGP and Ghéidification

Gauge
0.02 0.03 0.

15 10
GUM lag length

GUM lag length
Figure 8:Gauge (with pre lag-search) recorded against DGP and GUMfizgion

dependent variables (DGP1 and DGP2), the gauges are atstolthe nominal significance

level, and additional lags do not increase them. The gauggedse as more exogenous re-
gressors become relevant, but the gauges actually faleaSthV lag length increases. Thus,

the gauges are worse for moderate lag lengths ¢ and5) than the large GUMs with = 15
or 20. Whens = 15 or 20 there are more variables than observation®\stometricsuses

expanding and contracting subsets to reduce the GUM to anadde intermediate model, see
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Doornik (2007a), so despite commencing with > T the gauge is controlled close to the
nominal significance level. Overall, divergences from aglahe are not substantial.

5.2 Costs of search and inference

We next consider inference and costs of search to assessl¢laien procedure. We measure
costs of inference by thRMSE of applying selection to the LDGP, or conducting inference
thereon, namely (see Table 1 for definitions):

> " UIRMSE;. (20)
k=1

When the GUM is the LDGP, as only significant variables araineid, depending on the choice
of critical value,c,,, and the non-centralities;, of the LDGP parameters, (20) could be larger
or smaller than th&MSE from direct estimation:

> LRMSE;. (21)
k=1

The additional costs of search are calculated as the irenead RMSEs for relevant
variables in the selected model when starting from the GUMgasnst the LDGP, plus the
URMSEs computed for allV — n irrelevant variables, both bias corrected:

n

N
> " (USRMSE; — UIRMSE;) + > USRMSE; (22)
k=1 k=n+1

If the LDGP specification is known and just estimated, thea- n and (22) is zero. Otherwise,
depending on the non-centralitias, there is usually a trade-off between the two components:
asc, increases, the second falls, but the first may increase., #lisossecond rises @8 — n
increases because it sums over more irrelevant terms. Retim slesirable properties of a
measure of search costs. Section 5.4 considers undefiegetiodels, where (22) can be
smaller than (20), and may even be negative.

For dynamic models, these measures of search costs evafjstest the precise LDGP lag
structure. With substantial autocorrelation, it is difftdo pinpoint the exact timing of relevant
lags, so for example;_3 rather thany;_, may be retained. Defining,_3 as an ‘irrelevant’
variable wheny;_ is not retained results in a crude measure of costs. If tleetsa lags pick
up similar dynamics, then search costs would not be as higidasated by (22). To quantify
this, we compute the search and inference costs over theeesog regressors only, i.e,
become=2L and N becomessL wheres is the GUM lag length. We separately assess the
search costs for the LDVs using:

M s s 2
1 ~
USRMSEipv = 4| 37 Z < By ki — Zﬂy,k,z) (23)
=1 \k=1 k=1
WhereByy,w- denotes the OLS estimate of thth lag of the dependent variable. If the retained

coefficient estimates sum to the DGP coefficients, then theekecosts for the lagged depen-
dent variables would be low despite not selecting the exagistructure. We compare (23)
to the costs of inference, which also sum the retained laggpéndent variables’ coefficients
when commencing from the LDGP.

Figure 9 recordRMSEs for the LDGP given by (21), the costs of inference given 18) (2
and the costs of search given by (22) over exogenous regsefsoeach DGP as the GUM
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lag lengths increases. The costs of search increaseiasreases, as there are more irrelevant
variables contributing to search costs. These increaadikt€almost linearly for high DGPs)
despite a shift fromV <« T'to N > T from s = 10 to s = 15. A tighter significance
level results in lower search costs, as fewer irrelevanalbites are retained, but delivers higher
costs of inference as more relevant variables will be onhiti&hen there are many irrelevant
variables and very few relevant variables that are highgypificant (DGP3) the costs of search
dominate, but for the larger DGPs (DGP6-DGP8) the costsavtheare smaller than the costs
of inference for estimable GUMs. Indeed, the costs of seearhbe smaller than the LDGP
costs with no selection (all lower panels). For DGP&at= 0.005, the costs of search are
lower than the costs of inference even for the case where T' (s = 15), so an additional 98
irrelevant variables are searched over. The costs of inéerever the LDGP with no selection
are quite substantial for the larger DGPs, due to the lowergemtralities.

DGP3 DGP4 DGP5

[ |— LDGP
r |— — Inference costa=0.01
L |-® @ Inference costa=0.005

""" Search costa=0.01
41 | e Search costa=0.005 4r 4 .

o LB S EE EEt FoEtl
:O:: / L@ Lo -
25 10 15g 2 25 10 1552 5 5 10 155.20

Figure 9:Costs of search and inference for exogenous regredsRMSE for the LDGP (solid line),
inference on the LDGP (dashed lines) and bias-correctedtiah from the GUM with lag pre-selection
(dotted lines).

When computing costs for dynamics by averaging over all LD¥fticients,USRMSE| py
is close to the equivalent averapRMSE for the LDGP. This is not a pure measure of search
costs, but does reflect that the dynamics are adequatelyredpialthough the timing of the
dynamics may not be. In practice, timing is likely to only h& by one or at most two lags,
depending on data frequency and seasonality. Hence, fantgigmrmodels, selection on average
will result in the same long-run solution, but the short-dymamics may only proxy the LDGP.
Thus, the timing of policy impacts, say, will be incorrect biot their overall effect.

5.3 Impact of bias correction and lag pre-search oiMSEs

As in the static simulation experiments, we compare thesaif USMSE and CSMSE with
bias correction to without bias correction, averaged ostavant and irrelevant variables. Fig-
ure 10 records the averagfsSMSE and CSMSE ratios, averaging across all DGPs, recorded
against the GUM specification. All ratios are less than yrstybias correction is beneficial
in all specifications. Most of the benefit comes from downghiéing retained irrelevant vari-
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ables, but there is also some advantage to bias correctingelevant variables. The theory
behind these corrections assumes that the only bias sauavealy from the origin due to se-
lecting just larget? values, whereas inadvertently omitted variables couldéacbther biases,
yet there remains a substantive benefit in practice fromdmawction for relevant variables’
coefficients, including wheiv > T.

UMSE ratio, bias correction to no correction

—®

[ —— Relevant ¢=0.01)
I -»—- Relevant ¢=0.005)

——-Irrelevant ¢1=0.01)
0.8~ -e—e- Irrelevant ¢=0.005)

1.0 CMSE ratio, bias correction to no correction

1.0

0.6

o 1 2 5 10 iSS 20 0 1 2 5 10 1520

Figure 10: Ratios of MSEs with bias correction to no bias correction, averaged acafisrelevant
(solid lines) and irrelevant (dashed lines) for all DGP<teld againss.

Lag pre-selection is designed to have no overall impact erfittal selected model, and
is undertaken at very loose significance levels so as notirtareglte variables that could be
relevant when undertaking the tree search. Furthermogepie-search is infeasible when
N > T as the initial GUM is inestimable. Computing ratiosSWSMSEs andCSMSEs with
and without lag pre-search results in ratios that are closaity, although search time is vastly
improved with lag pre-selection. There is a small benefitafp pre-search when the GUM
specification includes 5 lags for the irrelevant variabtétdiled results available on request).

5.4 Under-specification

For DGP2-DGP8, the GUM is under-specified whenr- 0,1, and DGP1 is under-specified
whens = 0. An LDGP is defined as the joint density of the set of includadables: leaving
out any variables that matter defines a different, and olslyoless useful, reduction of the
DGP. Correlations between variables then lead to includetbonents ‘picking up’ correlated
parts of excluded variables. EvaluatiAgtometricsby how often it finds that under-specified
representation would not shed much light on how useful selegvould be in practice. Since
even the most general formulation is under-specified foD&® in this section, the equation
created by the relevant variables that are included is édridDGP below, but the benchmark
for inferences remains the DGP parameters, not the indumesheters of the LDGP.

Under-specified case=0

H— LDGPH
[|— — - Inference costa=0.01
+| - -e- Inference costa =0.005
30— Search costa=0.01
t|-e--e- Search costa=0.005

[| >« Estimated DGP

Under-specified cass=1

4

2

1t

o O \ \ \ '\ b
3 4 5 6 7 DGP—»S 3 4 5 6 7 DGP—>8

Figure 11:Costs of search and inference for the under-specified tH3BISESs for the LDGP* (solid
line), inference on the LDGP* (dashed lines) and bias-abeck selection from the GUM with lag pre-
selection (dotted lines).

When models are under-specified for the DGP,RMSESs for the omitted variables are
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their squared DGP parameters, but as these are an addithnre@o element in all models, and
in practice it is presumably not known that they are omitsesth terms are excluded in all cost
calculations below. Inter-correlations between included omitted regressors induce biases
and inconsistencies in estimated coefficients of the reimgiimcluded variables, adding to
both search and inference costs. In practice, mis-spdaificeests may reveal that the LDGP
(or GUM) is a poor reduction of the DGP, but that induces a &ntp-general search where it
is easy to incorrectly diagnose the source of any rejectom (residual autocorrelation could
be due to many mis-specifications), although including #hevant omitted variables would in
fact lead to a congruent representation.

Figure 11 records the DGP and LDGEvsts from (21), as well as the costs of inference,
(20), and the costs of search, (22), for the LDGIAd GUM in these under-specified cases,
again computed only over the exogenous variables and dllatea against the DGP param-
eters. As more exogenous variables become relevant, andembralities fall, the costs of
inference dominate. Far = 1 (right-hand panel) the form of mis-specification (the ogadtt
variable isy;_9) is the same for all LDG® across the horizontal axis, but the mis-specification
has a greater impact as more variables are relevant. Inasbnsrearch costs decline as more
variables become relevant (and can even be negative, as R8P G&he choice ofv = 0.01
or 0.005 makes almost no difference. The same phenomenon is obsehaus = 0, with
inference costs increasing and search costs decreasing, fhiere can be high&MSE costs
from just estimating the DGP than from searching in the GUMIe incorrect specification.
The GUMs for DGP1 and DGP2 are just a constantsfer 0, so are omitted from Figure 11.

5.5 Higher-order dynamics

We extended the simulation exercise to include higherrodgeamics to reflect seasonal dy-
namics (see Hylleberg, 1986, 1992). In DGP2-DGI8; is replaced byy; 12 to reflect
annual lags at the monthly frequency, and the GUM is givenl8y for s = 15, 20. A second
simulation study replaceg; 5 by 3 o for s = 20, to reflect ‘ice-age’ type data measured
at 1000-year intervals treating a cycle as 20,000 yearshdsget cases, lag pre-selection does
not help, both becaus® > T but even if N <« T, the reduction is done on ordered lags.
Nevertheless, the gauge, potency and search costs weeetcltisose found for the experi-
ments above, so ‘gaps’ in the dynamics have little imp@attometricsperforms as well on
such ‘seasonally-dynamic’ data as on non-seasonal data.

6 Conclusion

Setting the nominal rejection frequency of individual séten tests atv < 1/N wherea —
0as T — oo, then on average one irrelevant variable will be retaineadagntitiously signif-
icant out of N candidates. Thus, there is little difficulty in eliminatiagmost all irrelevant
variables when starting from the GUM (a small cost of sear&gspite large numbers of ir-
relevant candidate regressors (includiNg> T'), Autometricshas a null retention frequency
(gauge) close to the nominal size, somewhat increased t®riakéhg mis-specification testing
for congruence and encompassing tests against the GUM.\1dow®as correction for selec-
tion greatly reduces thRISEs of adventitiously retained irrelevant variables in boticandi-
tional and conditional distributions, at a small cost inreasedVSESs for relevant variables.
The costs of search can be smaller than those of just estignidiie DGP even when the GUM
is under-specified, and seem to increase only linearly teedpi> T

The limits of automatic model selection apply when the LD@RBation would not be reli-
ably selected by the given inference rules applied to itsgthe initial specification: selection
methods cannot rectify that. Further, when relevant véegabave smalt-statistics because
their parameters ar®(1/v/T), especially when highly correlated with other regressees (
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Leeb and Potscher, 2003, 2005), then selection is not goimgprk well: one cannot expect
success in selection if a parameter cannot be consistestimaed. Thus, although uniform
convergence seems infeasible, selection works for pasamrger tharO(1/+/T) (as they
are consistently estimable) or smaller ti@l/T') (as they vanish), yet/+/T and1/T both
converge to zero d6 — oo, SO ‘most’ parameter values are unproblematic.

When the LDGP is not nested in the GUM, direct estimation deliver inconsistent esti-
mates, and while a selected approximation will also be amrrect choice, it will be undom-
inated, and in a progressive research strategy, espeaiaiyn there are intermittent structural
breaks in both relevant and irrelevant variables, will sbemeplaced. Conversely, if the LDGP
would always be retained bdutometricsvhen commencing from it, then a close approxima-
tion will generally be selected when starting from a GUM whitests that LDGP. Costs of in-
ference dominate costs of search for most values of the aotradity parameter and numbers
of candidate variables. Search costs rise with the extemitadl over-specification, whereas
inference costs rise with under-specification, even in @oigparameter processes. Conse-
quently, prior theoretical analyses that can ascertainnth@n relevant variables and likely
lag-reaction latencies remain invaluable, and can be ed®ukih the search process, allowing
more stringent selection of other potential effects, asendty and Mizon (2009).

Overall, we conclude that model selection based\atometricsusing relatively tight sig-
nificance levels and bias correction is a successful appraaselecting dynamic equations
even when commencing from very long lags to avoid omittinguant variables or dynamics.
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