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Abstract

Although a general unrestricted model may under-specéyd#ita generation process, especially
when breaks occur, model selection can still improve ovéimesing a prior specification. Impulse-
indicator saturation (IIS) can ‘correct’ non-constaneitepts induced by location shifts @mitted
variables, which surprisingly leave slope parameterstared even when correlated with included
variables. However, location shifts includedvariables do induce changes in slopes when there
are correlated omitted variables. 1IS acts as a ‘robust otttivhen models are mis-specified, and
helps mitigate the adverse impacts of induced locatiornssbif non-constant intercepts and equation
standard errors.

JEL classificationsC51, C22.
KEYWORDS: Model selection, mis-specification, locatioriftst) impulse-indicator saturation, costs of
search, costs of inferenc&utometrics

1 Introduction

Omitted variables are a common problem in empirical econigese resulting in biased, inconsistent,
or non-constant parameter estimateVhile often expressed as omitted-variables bias, the layeis
is that a different parameter vector is induced by omissiolle theory of reduction describes the
operations implicitly applied to the data generating psscéDGP) to obtain the local data generating
process (LDGP, the generating process in the space of iegiabder analysis: see e.g., Hendry, 2009).
Choosing the set of variableg; = (y¢,z:), for analysis determines the properties of the LDGP, and
hence of any models thereof. Omitting from the LDGP any Vdeis that matter in the DGP (i.e., a

relevant sew;) defines a less useful LDGP, denoted LDG#fhan the ‘correct specification’, denoted

*This research was supported in part by grants from the Opeie{gd-oundation and the Oxford-Martin School. Contact
details: jennifer.castle@magd.ox.ac.uk and david.he@dwuffield.ox.ac.uk.
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specification and evaluation, which were the focus of Gra(@99), leading to the exchange about automatic modettsate
in Granger and Hendry (2005).



LDGP,. The included conditioning variables then ‘pick up’ the correlated parts of the excluded
variablesw;. Estimation, in effect, minimizes the costs of omission fyyreading’ what can be captured
across the included variables. Thenuifs the parameter vector for LD@Rvhen including all relevant
conditioning variables(z;, w;), and~y is the parameter vector for LDGRvhen the relevant variables,
wy, are omitted, the model approximating LDGRIll estimate~, which may mistakenly be interpreted
asu. In addition, any model of either LDGP may be under-specifig@mitting relevant functions such
as lagsz;_s, breaks, or non-linear transformation¥w;), even when the complete set of determining
variables is being analyzed.

A ‘general-to-specific’ (Gets) approach to model selecgerks to mimic the theory of reduction
by commencing from a large set of potentially relevant \@és, then reducing that set by undertak-
ing multi-path searches to eliminate irrelevant variabl&here are two requirements for a successful
model selection procedure to result in a close approximatiothe LDGP. First, the LDGP must be a
‘well specified’ process which satisfies properties suchoastant parameters and innovation errors at a
reasonable lag length, so locating that LDGP will be wortiteyland inferences are well based during
selection. Secondly, the initial general unrestricted ehg@UM) that is specified by the econometrician
must nest the LDGP. The primary difficulty is satisfying thstficriterion, namely that the LDGP is not
under-specified for the DGP, as otherwise, this will entailadel that approximates LDGRs opposed
to LDGRP,, resulting in mis-specification relative to LDGPThe second criterion is now less of a diffi-
culty for empirical modeling, as it has the solution of staytfrom a more general model that does nest
the LDGP. Here, we use an automatic model selection apprédatbmetricg(see e.g., Doornik, 2009,
Hendry and Doornik, 2009), to address a key aspect of thansedifficulty, namely induced location
shifts. TheAutometricsalgorithm seeks to locate the LDGP for the chosen set of basa building
on Hoover and Perez (1999) and Hendry and Krolzig (2005),rblyezlding the anticipated LDGP in a
much larger model that allows for long lags, non-lineasitiand multiple location shifts. Its properties
are documented in Castle, Doornik and Hendry (2009, 2010&3tle and Hendry (2010), and Hendry
and Mizon (2010jnter alia. The main point of this paper is that by addressing the seddficulty, we
can also mitigate some of the worst impacts of the first.

Analytical results for ‘omitted-variables bias’ in constdGPs are well-known, but the empirically-
relevant setting is one where breaks occur. Structurakbrabound in economic data, and we distin-

guish between internal breaks, which are shifts in theioglahip being modeled, and external breaks,



which affect the DGPs of the unmodeled variables, but leheentodel under analysis constant (see
Castle, Fawcett and Hendry, 2010b). The latter is the casdearest here in that a constant, congruent
model could be developed when the LDGP is correctly forneadlabut that might not happen if an in-
advertently omitted variable shifts. Our objective is tdigate the impacts of mis-specifications due to
omitted variables that are subject to breaks. We focus aatitot shifts where the means of variables
change abruptly, but the methodology applies when any agpé¢lee distribution, or indeed the entire
distribution, shifts. Since the timing of such breaks isallyuunknown for unknown omitted variables, a
‘portmanteau’ approach is required that eliminates p@klatcation shifts at any point in the sample, so
we use the location shift elimination procedure of impufsdieator saturation (11S) to detect and partial
out breaks when the number, timing and magnitude of shiftsth the included and omitted variables
are unknown.

IIS includes an impulse indicator for every observationhia set of candidate regressors, so dflds
variables when there afe observations. The properties of IIS in HD setting are analyzed in Hendry,
Johansen and Santos (2008), and extended by Johansen é&swhN&©O09) to both stationary and unit-
root autoregressions. Castieal.(2009) consider its ability to detect multiple locationfshiand Hendry
and Santos (2010) apply IS to develop an automatic testupersexogeneity (see Engle, Hendry and
Richard, 1983, and Engle and Hendry, 1993). Johansen angeNi€2009) also relate 1IS to robust
estimation, and show that it is a highly efficient method: emtthe null of no breaks, outliers or data
contamination, the cost of applying 1IS is the loss\df of the sample, where is the significance level,
so ata = 0.01, is 99% efficient forT’ = 100 despite includingl00 ‘irrelevant’ impulse indicators in
the search set. While 1IS entails more candidate variablas dbservationsV + 7" > T, whenN is
the number of conditioning variables initially consider#us case is feasible @utometricaundertakes
expanding as well as contracting searches.

Here we are concerned with the behavior of IIS under thergltie in mis-specified equations where
the breaks and outliers are induced by omitting relevanabbes that shift. If IS is not needed, the costs
are almost negligible (as just explained); and if it is nekdee show that the most pernicious effects of
induced location shifts on non-constant intercepts andtimustandard errors are corrected. Both static
and dynamic equations are investigated.

The structure of the paper is as follows. Section 2 provithestiheory derivations when a static

model is mis-specified by omitting variables that have locashifts, interacting with a break in the



included variables. Section 3 discusses the implicatidnthese mis-specifications. Section 4 then
considers the possible role of impulse-indicator satorngith removing the effects of such location shifts.
Section 5 provides a Monte Carlo study matching the theomviduate the magnitudes of the effects
when the LDGP equation is constant and only the included amitted variables change. Section 6
then investigates mis-specified dynamic models where bbothded and omitted variables have location
shifts, with simulation findings i§7. Section 8 briefly discusses the distinction between ogiDGP
variables when creating the LDGP, and mis-specifying thevidor that LDGP. Section 9 concludes.

Appendix§10 provides some of the mathematical calculations.

2 Breaks in included and excluded variables

To highlight the impacts of changes affecting mis-specifisatlels in a setting where analytic results
can be obtained, we first consider a linear, static, congi@rsgmeter, conditional LDGP equation with

white-noise errors:

yr = Bz + Bow + € (1)
wheree; ~ IN [0, 02] with:
Z ey Y1 X2
~ INk1+k2 ; (2)
Wi 0y Y1 XYoo

where the regression model is mis-specified as:

Yr = Yo + V12t + e (3

including an intercept since [w;] # 0. Thus,w; is unknowingly omitted in (3), and both sets of
variables have one-off location shifts.

To keep the analysis tractable, the breaks occur just orttaegl < 7° < T andl < T* < T

py t<T0 6, t<TH
wy = ! andét: (4)
py t>TY 0o t =T

The key to understanding the induced non-constancy is wdggdns to the relationship between the
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omitted and included variables. From (2):
wi = (0 — Ppy) + Pz + wy (5)
whereE[z,u;] = 0 and¥ = Eglzfll. Thus from (3) and (5), the reduced LDGP (LDGF:

yr = B1ze + Bowy + € = B1z¢ + B (6, — Tpy) + ¥zy + 1) + ¢

=35 (0: — Tp,) + (B + B2¥) z; + Byu; + €. (6)

Analysis of the full-sample estimators of (6) requires sample derivations due to the multiple breaks
inm, = B5(6; — ¥u,). We takeT™* < T° for explicit calculations, and report the relevant caltioles

in the appendix{10). Full-sample estimation of (3) then yields:

—1
~ T T
Yo T Zt:l z Zt:l Yt

~ T T T
Y1 Doim1 Bt D1 ZtZy D i1 ZtYt

LettingA = (T°—1) /T andk = (T* — 1) /T, r = (Apy + (1 = A) o), s = (k1 + (1 — &) §2) and
M = (Ap18] + (5 — A) o6 4 (1 — k) po65):
-1
Yo 1 r’ Bir + Bhys
Y1 r (H—rr') H-rr')B; + (Z12+M) 3,
(s —rH 1 (Z1o+ M1 — k) (uy — p2) (61— 62))) By
Bi+H ! (B2 +A(1— k) (1 — po) (01 — 82)) Bo

70,17

= (7)
71,p

as:

M —rs’ = A(1— k) (1) — po) (87 — 05)



and:

H =3 + Ay + (1 — A) popty, — rx’

= S0+ AL =) (g — p2) (g — o)
Thus, in the special case whgn = py = r = p, thenH = 3;; and hence:

Yop [ a0y ) By | ©

Y1,p (B +¥'By)
Hy=H2

Conversely, whed; = d, = s = §, thenH # X, and still depends ofy; — ), leading to:

§ —rH 'S
Yo,p _ ( r 12) B . ©)

Yip B+ H 31,0,
51=062

We now consider the consequences of the formulae in (7)a(®)(9).

3 Implications

As (9) shows, the slope parametgr, shifts, changing the bias, if the DGP of timeludedvariables z;,
changes whem; is omitted, irrespective of changes in the parameters ofatier's DGP. Surprisingly,
as (8) showsy, , does not shift ifw, alone changes when tHe, } process is constant. Thus, a break in
the included variables’ DGP alters both slopes and intésc@g the biases in their estimated coefficients
lead to an induced non-constancy in the estimated slopeneéeas. Consequently, when there is any
mis-specification due to an omitted variable that is coteelawith included variables, breaks in any
includedvariable will cause the model's parameters to change. HEallgntherefore, if breaks occur
intermittently, estimated models will be constant onlylifsubstantive variables are included. Section
4 discusses the extent to which this rather disastrous ¢atpn can be offset by impulse-indicator
saturation, but it also argues strongly for commencing fi@my general models as proposed in Castle
et al. (2010a).

Next, changes in the intercept terms associated @ijtttancel in all three cases. However, even



whenp, = p9, 70, Shifts as seen in (8) to:

(%,p)ulzp2 = (k] + (1 — k) 8y — ' ') B,.

Thus, there are locations shifts in (3) whenever the omittgthbles shift. Conversely, wheéhh = 4§,
from (9):

('YO,p)51:52 = (6" = (A + (1 =X o) H ' Z15) By

so the model’s intercept experiences a location shift wheegt p,.
Finally, in the special casp, = p,, and using population values, an analysis of the estimated
equation error variance is possible. Firstdet y; —y;, thenfort = 1,..., 7% —1, {a}m:ug is given

by:

{é\t}p,1:/42 = Bllzt + Béwt + e — ’YO,p - 7/17pzt
= (81 — ') By + 2, (81 + ¥Bs) + wyBs + ¢
- ((’f‘s/l + (1 - k) 5/2 - NI‘I’/) By + Z:t (B + ‘1’52))

=(1—r) (01— 02) By +uyBy + ¢

andfort =1T*,...,T:

(et} —p, =r(02=061) By + wyB; + &

so overall the residual variance is inflated by the inducetdcanstancy oves? + 3534203, by:
k(1= k) By (02 — 81) (81 — 82) B, (10)

thereby lowering the precision of estimation, possiblysiderably, as well as creating a heteroskedastic
residual at the unknown break point of the omitted variabMsn-constancy iny, , would exacerbate
that problem.

The aim of applying IS to such settings is to remove thesation-shift induced non-constancies in

intercepts and equation standard errors, as we now discuss.



4 Impulse-indicator saturation

The theory of IIS is derived under the null of no outliers ardtion shifts. In the simplest analysis (the
‘split-half’ approach), a regression initially only indas the firs’/2 of these indicators together with
the relevant regressors, whéN + 7'/2) < T. By dummying out the first half of the observations,
estimates are based on the remaining data, so any obsasvatithe first half that are discrepant will
result in significant indicators—in essence, that lies mettihe approach in Salkever (1976) for testing
parameter constancy using indicators. The location ofiiréfecant indicators is recorded, then the first
T'/2 are replaced by the second half and the procedure repeatedw®d sets of significant indicators
are finally added to the model with th€ regressors for selection of the indicators that remainifsign
cant (possibly also selecting over the non-dummy variabl€ken Hendryet al. (2008) and Johansen
and Nielsen (2009) show thafl" impulse indicators will be retained on average at signiftealevelo.
Settinga: < /T maintains the average false null retentiom autliers, equivalent to ‘losing” observa-
tions, which is a small efficiency loss. Under the alterregth'S can detect outliers and multiple location
shifts, including breaks close to the start and end of theptmfsee Castlet al., 2009, for Monte Carlo
evidence on the detectability of internal breaks), and émour setting, IS can potentially remove the
intercept non-constancy, as well as mitigate the poor, andaonstant, fit.

From (1) and (2), using (5), the reduced LDGP is given in (6) as

Yt = ,6/2 (5t — ‘I’[,Lt) + (,6/1 + 6/2‘11) Z + BIQUt + €t

The inconsistent coefficient @f; + 35%® on z, is a ‘classical’ omitted-variables bias problem. 1IS will
not alter this, but can correct the non-constancy of theéetat, and hence of changes in #&imated
slope and the goodness of fit. The ‘optimal’ solution to thericept shift and its attendant changes would
be to include step dummies that change@aand7?, which is an infeasible knowledge level when it is
not even known thad, is relevant. Thus, we will examine the extent to which theitamlu of a complete

set of impulse indicators to the candidate regressors camatinat effect here for induced shifts.



5 Static equation simulation results

Monte Carlo experiments are used to assess the implicatfamsder-specification when there are non-
constant parameters as outlineg The DGP is given by (1) and (2) for scalgrandw;. The baseline
parameter values argd;, = 1, By = 1,02 =1, %1y = ¥ = 0.5, 13 = Y = 1 and7T = 100.

M = 1000 replications are undertaken. Singe= 0.5, the implied location shift in (6) from a break in

z is half as large as that induced by the same change.in

5.1 Under the null of correct specification

First, we assess estimation and selection of the correptgified model to establish properties under
the null when the model matches the DGP, so there are no iddunitts, but 11S is nevertheless applied.
Two specifications are considered including a break in ogeessor and a break in both regressors at
different dates. For the first specification, we assume &klirea; with parameters given by° = 0,

W = o = 0andT™ = 81, §; = 0, 62 = 5. The parameters for the specification in which there is a
break in both variables are given @Y = 91, =0, uy = =5, T7* =81, = 0andj, = 5. The
outcomes should not depend on whether orfiots 7°.

The model augments the DGP in (1) with an intercept:

Yt = Bo + Bzt + Bawr + vy (11)
The step-shift dummies are given by:

0t<TO 0t<T*
D, = and Dy, ; = (12)

’ 1t> 710 1t>T
with parameters, , andj3, ,, respectively. As break dates are unlikely to be known, galdrly if the
break occurs in an omitted variable, impulse-indicatoursdion is a robust estimation method in this
setting. Results are reported in table 1. The columns refer t
(a) estimation of the correct LDGP equation (11);
(b) selecting from (11);

(c) selection from (11) augmented with step-shift dummidbeabreak dates;



(d) selection from (11) also applying IIS.

Selection is undertaken usidgutometricsat thea = 1% significance level, andrefers to the number

of impulse indicators retained on average per replicatio(d). In case (c), the step-shift dummies are

unnecessary, so their retention rate checks the size.

(@) (b) (c) (d)
Constantz;, break inw;
By 0.001[0.107] 0.000[0.029]  0.000[0.029]  —0.001 [0.030]
R (0.109)[(0.008)]  (0.001)[(0.010)]  (0.001)[(0.010)] (0.001)[(0.010)]
B, 1.001[0.102] 1.001[0.101]  1.001[0.102]  1.002[0.105]
R (0.101)[(0.007)]  (0.100)[(0.007)]  (0.100)[(0.007)] (0.096)[(0.008)]
By 1.002[0.046] 1.002[0.041]  1.001[0.055]  1.000[0.043]
R (0.044)[(0.003)]  (0.041)[(0.003)]  (0.042)[(0.009)] (0.039)[(0.003)]
B w 0.006 [0.204]
’ (0.008)[(0.071)]
Ge  0.998[0.071] 0.998[0.071]  0.997[0.071]  0.957[0.078]
) - - - 1.12
Break inz; andw;
By 0.001[0.108] 0.000[0.030]  0.000[0.032]  —0.001[0.034]
R (0.109)[(0.008)]  (0.001)[(0.010)]  (0.001)[(0.011)] (0.001)[(0.011)]
B, 1.000[0.063] 1.000[0.062]  0.999[0.068]  1.001 [0.067]
R (0.060)[(0.004)]  (0.060)[(0.004)]  (0.060)[(0.006)] (0.057)[(0.005)]
By 1.002[0.047] 1.002[0.045]  1.002[0.058]  1.002[0.047]
R (0.046)[(0.003)]  (0.044)[(0.003)]  (0.045)[(0.008)] (0.042)[(0.004)]
B, —0.007[0.186]
R ’ (0.007)[(0.066)]
B w 0.000 [0.233]
(0.009)[(0.080)]
G 0.998[0.071] 0.997[0.071]  0.997[0.071]  0.945[0.084]
L - - - 1.49

Table 1: Monte Carlo estimates for the correctly specifiedehdStandard errors reported in parentheses
and MCSDs reported in brackets.

As can be seen, the coefficient estimates and the equatindastherror are close to their DGP
values. The outcomes are almost identical with and withelgicsion, and the Monte Carlo standard de-
viation (MCSD) for the intercept reflects that selectionl¥véquently exclude that insignificant variable.
As the model is correctly specified, the step-shift dummresradundant and are rarely retained. Ap-
plying impulse-indicator saturation reduces the equasiamdard error by removing approximately 1.5
observations on average when there is a break in both regsesdightly above the 1 indicator implied
by o = 1%), but there is no effect on coefficient estimateldence, the correct model is estimated and

selected as expected and IIS has low cost under the null iggistof the correct model specification.

2Johansen and Nielsen (2009) note a feasible bias corrdotién under the null.
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5.2 The alternative of an under-specified model

We next consider the alternative hypothesis of a mis-sgekcifiodel given by (3). Two cases are con-
sidered; a break of small magnitudgr() and a larger breakb¢.). The specifications considered are
reported in table 2 along with the theoretical coefficierggwid in§2. Tables 3—6 record the results. In
every table, the columns refer to:

(a) estimation of (3);

(b) estimation of (3) with step-shift dummies at break dates

(c) selection from (3);

(d) selection applying IIS.

Selection is undertaken usikguitometricsat thea = 1% significance level, and the intercept is forced

to enter the final specification (i.e., it is not selected pver

H, Parameters Break date Yo Y1 Oec

(i) No break py = flg =01 =03 =0 T0=T*=0 0 1.5 141
(i) Break inw; py = g =01 =0, 55 =2 T°=0,T*=81 04 15 1.62
(iii) Break in w; py =y =01 =0,00=05 TO=0,T*=81 1 1.5 245
(iv) Break inz; =0 =062=0,py=-2 T°=81,T7*=0 0.12 1.30

(v) Break inz py =01 =082 =0, p1g = =5 T°=81,T*=0 0.1 1.1

(vi) Break inz; andwy g =61 =0, 19 = —2,90 =2 T°=91,T*=81 0.37 0.84
(vii) Break inz; andw; iy =8, =0, 49 = —5,60 =5 T°=91,T7*=81 0.38 -0.23

Table 2: Parameter specification under the alternative tivéghretically derived coefficients.

We first consider (i), where the equation is mis-specifiedthete are no breaks, reported in Table
3. When both the included and omitted variable are consthatcoefficient estimates correspond to
their theory counterparts, although the equation staneiaat is slightly too small (but not significantly
different from+/2), reduced by IIS retaining approximately 1.4 indicatorsagarage, as before. 1IS has
no impact on the coefficient estimates, so is not costly; tig efficiency loss is a reduced effective

sample size of = 98.6 instead ofl" = 100.

5.3 The excluded variable shifts

When the omitted variable breaks, but the included variageains constant, (cases (i) & (iii)), esti-
mates are close to their theoretical counterparts in tablgritonditional estimates are reported after

selection, which differ from the conditional estimates whie break is small because the intercept is
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(@) (© (d)

Constantz; andw;

Y —0.015[0.096] —0.001[0.016] —0.019[0.106]
(0.128)[(0.008)] (0.000)[(0.005)] (0.123)[(0.010)]
5, 1.471[0.098]  1.471[0.098]  1.480[0.112]
(0.126)[(0.008)] (0.126)[(0.008)] (0.121)[(0.010)]
G. 1.284]0.085]  1.281[0.084]  1.222[0.103]
L - - 1.40

Table 3: Monte Carlo estimates for the mis-specified statidehwhenw; is omitted, case (i). Standard
errors reported in parentheses, and Monte Carlo standsiatidas reported in bracketsis number of
impulse-indicators retained on average.

often not retained, but there is virtually no difference anditional and unconditional estimates when

the break is large. Table 4 records the outcomes.

(@) (b) (©) (d)
Constanty, break inw;, 60 = 5
qo  0.985[0.096] —0.070[0.110] 0.984[0.100] 0.018[0.175]
(0.249)[(0.010)]  (0.143)[(0.010)]  (0.248)[(0.013)]  (0.146)[(0.019)]
7, 1.499[0.098]  1.469[0.098]  1.499[0.098] 1.536[0.147]
(0.244)[(0.010)]  (0.126)[(0.008)]  (0.244)[(0.010)]  (0.149)[(0.019)]
Vo0 5.274[0.256]
(0.320)[(0.021)]
Oc  2.485[0.100] 1.282[0.085]  2.485[0.100] 1.327[0.192]
L - - - 18.20

Table 4: Monte Carlo results for the mis-specified static ehadnitting w;, case (iii).

Figure 1 records the recursive parameter estimates andsigebreak-point Chow (1960) tests for:
(a) in the first row, estimation of (3)

(b) in the second row, estimation with the step dummy praxjdhe optimal infeasible benchmark, and
(d) selection with 1IS in the final row.

When the break occurs in the omitted variable, the intersbpts (top-left panel), but the slope
parameter remains constant, albeit with increasing stdrelaors (next panel in first row), as goodness
of fit deteriorates sharply, and the Chow test rejects 100%eofime till after the break date. Including
the step-shift dummy at the date of the break in the omitteidke picks up the non-constancy, resulting
in a constant intercept (middle-left panel) as well as a @mslope parameter and a constant estimated
equation standard error so the Chow test rejects at its radisize. Thus, knowing when there are breaks
in omitted variables does deliver a constant-parametereinbdt in practice is infeasible, as the variable

would have been included otherwise. IIS helps overcomepttublem, as it accounts for the unknown
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6j I
4r 0.5
, I —
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60 80 100 60 80 100 60 80 100 60 80 100

Figure 1: Incorrect specification with non-constant 6, = 0, j5 = 5: case (iii).

break using selected indicators. For a break of 5 standaidtdms, 11S retains 18 indicators on average
(for a break of 20 observations). An empirical investigatould surely notice that the indicators all had
similar magnitude, same sign coefficients and combine theeea step-shift dummy, with almost no
cost (see Hendry and Santos, 2005).

The estimate of the intercept increases slightly relativéhe step-dummy case, but most of the
parameter non-constancy evident in (a) is removed (thivg).rdncreasing the significance level (to
a = 2.5%) results in more indicators being retained, and the norstemcy of the intercept is almost
fully removed, at a cost of retaining more indicators underriull. The equation standard error increases
slightly, but is less than half that of the estimated misedfiel model (a). A Chow test clearly detects
the break, as would be expected with 18 indicators retailid¢kde break is smalldo.), fewer indicators
are retained with the consequence that the intercept isdiggwvards as the break is not fully accounted

for, but the slope coefficient is constant.
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Figure 2: Incorrect specification with non-constapntu; = 0, u, = —5: case (V).
5.4 The included variable shifts

When the included variable breaks, but the omitted variébleonstant, both the intercept and slope
parameters exhibit non-constancy.

Figure 2 records recursive parameter estimates for disgichation, (a), inclusion of a step dummy,
(b), and selection with IIS, (d), in rows. As expected, thitsh the intercept is of smaller magnitude
than for a break i;, and the Chow test shows that detecting such a break is mificulidi This is a
function of the degree of correlation between the included amitted regressors: witlt = 0.5, the
break inz; is only half that of the shift in the omitted;. The step-shift dummy is significant, reflecting
the correlation, and although it is estimated quite impm&lyi it does help correct for the non-constancy
in both the intercept and slope parameter. IS picks up féweicators as the break is not as evident, and
roughly the same number of indicators are retained as uhdernstant parameter model. However, the
non-constancy of the parameters is substantially mitibayethe few large indicators retained.

The ability of IIS to proxy the step-shift dummy that remowhe non-constancy is diminished for

the break in the included variable unless it is highly cated with the omitted variable. IF = 0.8, IS
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(@) (b) (c) (d)
Break inz;, constantuy, po = —5
Yo  0.027[0.109] —0.070[0.110] 0.010[0.063] 0.023[0.119]
(0.150)[(0.010)]  (0.143)[(0.010)]  (0.031)[(0.061)]  (0.143)[(0.011)]
Y1 1.051[0.047]  1.469[0.098]  1.048[0.043] 1.050[0.051]
(0.061)[(0.004)]  (0.126)[(0.008)]  (0.057)[(0.004)]  (0.058)[(0.005)]
Ys,z 2.619[0.535]
(0.702)[(0.047)]
O 1.367[0.088]  1.282[0.085]  1.364[0.087] 1.293[0.108]
) - - - 1.62

Table 5: Monte Carlo results for the mis-specified static ehadnitting w;, case (v).

retains 16 indicators on average and results are similéwetodse above with a break in the omitted vari-
able, with 1IS delivering parameter constancy. This higfhis an apparent catch-22: breaks that induce
significant parameter non-constancy are damaging to thelhspdcification but are easily detected and
addressed by IIS. Breaks that induce smaller non-constsraree difficult to detect, and so potentially
more damaging for policy. However, in practice breaks dlyito occur in both included and omitted

regressors, and correlations are likely to be high, a $itadt which 1S excels.

5.5 Both included and excluded variables shift

When breaks occur in both included and omitted variablese&4vi) & (vii)), both the intercept and
slope parameters shift, with the intercept shifting from loint at which a break ig; occurs. Figure 3
records the recursive results for a breakef in both variables. The step-shift dummies mop up all of
the non-constancy. 1IS retains all 20 indicators on averpgexying the optimal step shift dummy. As a

result, parameters are close to constant and the equadiotiest! error only increases slightly.

(a) (b) (©) (d)
Break inz; andw; (9 = —5, 02 = )
70 0.732[0.102] —0.070[0.110] 0.588[0.336] —0.050[0.130]
(0.250)[(0.010)]  (0.143)[(0.010)]  (0.189)[(0.106)]  (0.141)[(0.015)]
1 0.535 [0.059] 1.476 [0.098] 0.512[0.082] 1.503[0.198]
(0.135)[(0.006)]  (0.125)[(0.008)]  (0.134)[(0.009)]  (0.141)[(0.014)]
sz 1.719[0.630]
(0.827)[(0.055)]
Yo 5.605 [0.344]
(0.428)[(0.029)]
Ge  2.396[0.099] 1.275[0.085]  2.410[0.108]  1.257[0.142]
L - - - 19.99
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Table 6: Monte Carlo results for the mis-specified static ehadnitting w,, case (vii).
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Figure 3: Mis-specified static model with non-constanandwy, 61 = 0, d2 = 5, u; = 0, uy = —5.
5.6 Multiple breaks

The breaks considered so far are cases in which a Chow tegiohas to detect the break and a step
shift dummy excels if the break is known. In practice mu#tipteaks are common, so we examine a case
where there is an intermittent break in the intercept of ®okeions in length. The DGP and model are

given by (1) and (3) but the included and omitted variablesgiwen by:

ze = pig+pgloo+ -+ Ios+ Lo+ -+ Lus + Loo + -+ - + Igs + Iso + -+ - + Ig5] + uzy

wy = 61+ 02loo+ -+ Tos+ Lo+ -+ Lus + Teo+ -+ Los + Lo + - + Iss] + Uy

where

Uy 0 DM DM
it <IN ’ 11 12 (13)

Uyt 0 Yo1 Moo

The baseline parameter values abg:= 1, 8, = 1,02 = 1,515 = ¥ = 0.8, ¥1; = X9 = 1 and

T = 100 with recursive estimation commencing fram= 6. M = 1000 replications are undertaken.
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Table 7 reports the results for multiple break$e6f in the included and omitted variables, with recursive
graphics recorded in figure 4. When the break occurs in thieiged variable, the intercept shifts at the
point of the break. 1IS mitigates this non-constancy byinitg approximately 17 indicators on average,
removing most of the non-constancy in the intercept. Thédficant of the included variable should be
constant, as is observed, although the recursive figuresnemite at = 6 so there is some estimation
uncertainty evident due to the small sample. The equatemdsrd error with 1S is almost half that of
the mis-specified model, and the power to detect the bredkiglis When there are intermittent breaks
in the included variable, the non-constancy is not as evid&ithough 1IS only retains approximately 6
indicators on average, the resulting equation standaad isrclose to that for the LDGP in column (b),
so most of the mis-specification is corrected. In neithee cigs selection for the mis-specified equation

make any difference (columns (a) and (c) are the same).

(a) (b) (©) (d)
Constantz;, multiple breaks inv; (55 = 5)
7 0.993[0.115] 0.001[0.131] 0.993[0.115] 0.177[0.246]
(0.233)[(0.011)]  (0.130)[(0.009)]  (0.233)[(0.011)]  (0.146)[(0.027)]
] ]
] ]

[ ]
5, 1.800[0.235] 1.801[0.118] 1.800[0.235] 1.799[0.211
(0.235)[(0.020)]  (0.118)[(0.012)]  (0.235)[(0.020)]  (0.147)[(0.029)

Yo 4.98710.289]
(0.291)[(0.021)]
O 2.323[0.519] 1.161]0.196] 2.323[0.519] 1.361[0.803]
L - - - 16.53
Multiple breaks inz;, constantu; (1, = —5)
Yo  0.152[0.142] 0.001[0.131] 0.152[0.142] 0.145[0.170]
(0.150)[(0.011)]  (0.130)[(0.009)]  (0.150)[(0.011)]  (0.131)[(0.016)]
] ]
] ]

[ ]
7, 1.157[0.059] 1.801[0.118] 1.157[0.059] 1.157[0.071
(0.061)[(0.005)]  (0.118)[(0.012)]  (0.061)[(0.005)]  (0.054)[(0.007)

V.2 3.992 [0.653]
(0.656)[(0.067)]

Oc 1.368[0.260] 1.161[0.196] 1.368[0.260] 1.170[0.352]
L - - - 6.12

Table 7: Monte Carlo results for the mis-specified static eh@dth multiple breaks. Legend as Table 3.

5.7 Diagnostic tracking

Diagnostic testing is an integral part of tBetsprocedure, ensuring that candidate models are congruent.
Autometricsundertakes diagnostic testing when a terminal model isheshto ensure the reduction is
valid, backtracking to find a valid reduction if the mis-siieation tests fail. When diagnostic tracking

is switched on, irrelevant variables can proxy part of a ckadeparture from the null of one of the
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Figure 4: Incorrect specification with multiple breaksun (top 2 panels) and; (bottom 2 panels),
(51:0,62:5,,“1:0,,“42:—5.
mis-specification tests or the encompassing check, andohegtained despite insignificance.

The simulations were also conducted with diagnostic tragkiwitched on. The number of indicators
retained on average increased slightly, wibdetween 0.1 and 0.2 larger than those reported in tables 4—6.

There was no substantive effect on the parameter estimates.

5.8 Forcing variables

Often the econometrician will have some prior informati@sdd on theoretical or institutional knowl-
edge or past evidence. This can be incorporated into thetegleprocedure by ‘forcing’ variables in
the final specification, such that selection is only appliedhe variables that freely enter the search
space. Forcing variables enables inclusion of theorepidals, so if there was a strong theoretical case
for including z, this could be a forced variable, but that obviously doesguairantee its significance,
nor even the ‘correct’ sign if in fact the theory is incorréste e.g., Hendry and Johansen, 2010).

The simulations were conducted when both the interceptzaneere forced to enter, so only the

indicators were selected. Forcing the included variabtk ltite impact on the results, but forcing the

18



intercept to be retained was important when the mean ofrettieeincluded or omitted variable shiftéd.

6 Mis-specifications and breaks in a dynamic equation

We now extend the analysis to investigate the propertiesafdynamic specification. The constant-

parameter conditional LDGP is given by:

Yt = Byyt—1 + Bz + Bywe + & (14)
wheree; ~ IN [0, 02], and:
ze = 0201 +usy
wy = 0p + Opwi—1 + Uyt (15)
where:
uzt | N 0 ’ Y1 Yo (16)
U t 0 o1 2o

and the intercepts both have one-off location shifts givedb.

From (15):

wy = 0 + Opwi—1 + Vu, 4
=0 + 0wt + ¥ (2 — py — 020-1) +

= (5t — \I//,Lt) + wat—l + \Ilzt — \IJHZZt_l -+ ug (17)

whereE[z;u,] = 0. Solving to eliminate both current and laggedn (17) from the LDGP using (14)
lagged:

Owyr—1 = B0wzi—1 + Bybuwyr—2 + Bybuwwi—1 + Owe—1 (18)

3Detailed results with diagnostic tracking switched on, forded variables, are available on request.
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then:

B = By (66 — V) + Bpbwwi—1 + B Vz — B, V0201 + B us

= B (6t = Ypy) + By W2t + Owyi—1 — (B.0w + B, Y02) 21 — By 0uwyt—2 + Byut — Ouwer—1

SOo:
Yt = Bw (61‘/ - \Ijut) + (IBZ + Bwlll) Rt — (IBw\IIeZ + Bzew) Zt—1 + (,By + Hw(l - Q)Z))) Yt—1
— Bybuwyt—2 + € + Byyur — Ouwny_y (19)
after letting:

€1 =VY1+ M1

wherey) = 2 /07, to approximately orthogonalizg 1 with ¢; ;.
There are a variety of possible models that are mis-speddfiedto excludingy; and its lags. The

most general model considered could be an ADL model:
p q
Y ="+ Z%yt—z‘ + Z Tizt—j + Ut (20)
i=1 j=0
with sufficiently general lagép, ¢), whereas the most mis-specified model omitting all dynansics
Yt :’Yo+7rlzt+€t. (21)

The inclusion of bothz;_; andy;_» in the reduced form model provides further support foGets
approach. Mis-specified dynamic models entail more conghy@amics to capture the mis-specification,
as well as IIS to account for parameter non-constancy, stiggecommencing with a sufficiently general
lag length(p, q).

The analytics for the above dynamic case with mis-spedificadnd location shifts is close to in-
tractable as the step shifts alter the expectations at eesgrvation after their breaks. Hence, we rely
on simulations to analyze the more complex case, but notaheatatic case highlights the key issues,

with the simulations ir§7 providing more realistic evidence for time-series.
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no lIS IS no IS I8} no lIS IS no lIS IS no IS 1S
Constanty, break inw;, 62 = 5

=

Y 7088 0035 0426  0.173 0.339 0.059 0.246 0.062 0.247 0.067
(1.626) (0.301) (0.281) (0.180) (0.245) (0.183) (0.219) (0.181) (0.219) (0.180)
o 1.010  0.768 1.022 0.800 1.425 0.995 1.400 0.996
(0.017) (0033) (0.015) (0033) (0.078) (0058) (0.090) (0051)
[1.0] [1.0] [1.0] [1.0]
Az —0.419 0347  —0.391  —0.344
©-080) (0.071) (09 (0.072)
[0.499] [0.424]
To 2407 2431 0603  1.226 1.536 1.465 1.517 1.467 1.516 1.465
(1-005)(0.186) (16D (0.132) @A (0.155) O (0.156) 199 (0.152)
0.998] [0.716] [1.0] [1.0] [1.0]
T —-1.268  —-1.082  —1476 —1.261 —1.363 —1.176
(02200 (0.190) (199 (0.180) 2™ (0.187)
[0.586] [0.642] [0.632]
T2 -0.133  —0.734
(0.226) (0160)
[0.208]
o 1556 2511 2477 1744 2.135 1.528 1.871 1.504 1.868 1.497
L - 25.72 - 15.55 - 14.06 - 11.00 - 11.60

Table 8: Monte Carlo estimates for the mis-specified dynamaclel omittingw;. Mean coefficient
estimates conditional on selection, with retention ratesélection reported in brackets.

7 Simulating dynamic mis-specification

The baseline parameter values a?ge: 0.5, 6, =1, 3, =1, o—z =1, p211 =¥ =05 %1 =
Yoo =1,0, =60, = 0.8 andT = 100, with yo = 0 and 20 initial observations discardesi{ = 1000
replications are undertaken. The break dates and parareetthe same as in the static case, recorded
in table 2. Tables 8 and 9 record the results for a range ofilgesSUM specifications based on (20)
with varying lag length(p, ¢). Each pair of columns reports estimation of the GUM spedificaunder
‘no IS’ and selection from the GUM with IIS, forcing the imtept to enter the final specificati6n.
Selection is undertaken usidgitometricsat thea = 1% significance level. Mean coefficient estimates
are reported conditional on being retained in the final sielecwith retention rates for selection reported
in brackets.

In dynamic models, an unmodeled break results in an estiofatee sum of the lagged dependent
variables close to unity, as imposing a unit root is the ondywo ‘pick up’ the shift in mean, thereby
adapting to the location shift. 1IS mitigates this effeasulting in stationary estimates of the lagged
dependent variables’ coefficients. The most significantaichjpf 11S is on the intercept, as the impulse

indicators correctly estimate the mean shift. Wien= 6,,, then the coefficient of;_; is 6, times that

“Results for the break dfo. are omitted for brevity but are available on request.
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no lIS s no IS s no lIS s no IS s no lIS s
Constantw,, break inz¢, py, = =5

Yo 0.217 0.124 0.026 0.016 0.046 0.037 0.051 0.046 0.054 0.048
(0.354) (0.301) (0.198) (0.174) (0.186) (0.173) (0.175) (0.166) (0.176) (0.168)
Y1 0.596 0.614 0.756 0.736 1.004 0.942 0.969 0.894
(0.040) (0037) (0.053) (0047) (0.089) (0071) (0.097) (0063)
[1.0] [1.0] [1.0] [1.0]
Yy —0.217 —0.246 —0.160 —0.254
(0.063) (0059) (0.089) (0059)
[0.69] [0.43]
To  1.928 2.130 0.841 0.967 1.296 1.290 1.275 1.275 1.266 1.232
(0-039) (0.058) (070 (0.078) 120 (0.115)  ©120 0 (0.112) 12D (0.102)
[1.0] [1.0] [1.0] [1.0] [1.0]
ot —0.781 —0.813 —0.843 —0.867 —0.702 —0.845
@189 (0.174) @17 (0.166) 22 (0.170)
[0.82] [0.90] [0.67]
T2 —0.174 —0.577
(019 (0.119)
[0.35]
o 3.262 2.663 1.760 1.489 1.608 1.485 1.512 1.427 1.506 1.439
L - 11.30 - 9.90 - 4.16 - 2.47 - 2.15

Table 9: Monte Carlo estimates for the mis-specified dynanadel omittingw;.

of z; with opposite sign. The estimates @f are close to-0.87y and IS brings the estimate closer to
the theory. The lagged exogenous variable is retained tpigybo thirds of the time, and the retention

rate ofz;_» is significantly greater than the 1% significance level.
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Figure 5: Dynamic model with incorrect specification andairen w,, 6o = 5.
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Figures 5 and 6 record the recursive coefficient estimatebdth estimation of the GUM and se-
lection with 1IS for three casegp =0,¢=0), (p=1,¢=1) and(p = 2,9 = 1). The static model
exhibits severe non-constancy. The non-constancy in thardic model is not smooth, flattening off
after 10 observations. The unit root adapts slowly, but ttetains the correct mean. IS smooths the
shift to the new mean but as fewer indicators are retainedoaosd to the static model the degree of
persistence is larger due to more unmodeled breaks. As stdlkie case the coefficient ap should re-
main constant, but the lagged exogenous variablg, does shift. When there is a break in the included

variable and the correlations are low the break is difficuli¢tect, as in the static case.
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Figure 6: Dynamic model with incorrect specification andalran z;, py = —5.

Extensions to alternative break types including seasdmifiksintermittent outliers, trend breaks,
and multiple breaks are all feasible, including both staiy and unit-root processes. Castleal.
(2009) provide evidence on the ability of IIS to detect suckeks. If the break(s) occur in the omitted
variables, 1IS will deliver close to constant parameteinestes for the model approximating the LDGP
defined by the included variables. If the break(s) occuréniticluded variables, IIS performs well if the
variables are highly correlated with the omitted variabldswever, if the correlation is low, the extent

of parameter non-constancy will anyway be small.
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8 Omitted variables versus other mis-specifications

The reduced LDGPis different in concept from a model where the set of varialidecorrect, but the
dynamic specification (say) is wrong. The former is a wefirt target for selection, albeit not the
most useful one due to the mis-specification. However, if @ission is unknown, little can be done
to correct the problem. On the contrary, the latter is reddyi easily corrected by commencing from a
suitably more general GUM that does nest the correspondd@R.

In practice, both difficulties are likely: the LDGP does natlude all the relevant variables, and the
GUM does not nest it. Sinckutometricscan handle large numbers of variables, lags and functimmiad-
transformations, as well as IS, very general initial sfieafions are feasible, including more variables
than observations as noted above. As the empirical modekample in Hendry and Mizon (2010)
illustrates, 1IS can help retrieve a theory-consistentcgjpation that fails on direct estimation, but is
correctly recovered when embedded in a sufficiently ger@tail, which mitigates any otherwise un-

modeled non-constancies.

9 Conclusion

There are many critiques of model selection, but almostfahese are applied to nearly correct models
with constant parameters showing that simply fitting thesemospecification usually dominates over
selecting. This is not a realistic characterization of thaasion confronting empirical investigators.
Data processes are complicated, evolving, and subjectaémiittent unanticipated location shifts; and
models derived from theory provide only a guide to some ofrtfaén determinants, rarely addressing
breaks, outliers, or data contamination. Non-statiomarivitiate anyceteris paribusassumptions, and
many features of models are not uniquely derivabfeiori. Model selection is inevitable.
Consequently, it is fortunate that automatic methods basedeneral initial models can perform
well in a variety of settings and can jointly tackle selegfifunctional form specification, breaks, out-
liers and data contamination, while having low costs whers¢hproblems are in fact absent, yet high
efficiency to handle them when needed. Here, we have showithindenefits of model selection ex-
tend to under-specified settings when variables have totatiifts and relevant variables are omitted.
Impulse-indicator saturation appropriately tackles ipldtbreaks at unknown sample points, and we

have shown that it ‘robustifies’ estimated models againstecanstancy induced by omitted variables.
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The analysis also reveals that breaks in only the omitteidibi@s do not contaminate the slope param-
eter, whereas when there are any correlated omitted vasiabteaks in the included variables lead to
non-constant slopes as well as shifting intercepts detipteaspect having been correctly specified. In
all cases, the equation standard error becomes non-ctnstanomissiorper secannot be corrected by
IIS or model selection, so policy derivatives will be inaxt until the correct specification is discovered,
but the model-selection, 11S-based parameters will be manstant, and forecasts based on such a model
will face one less difficulty. A sufficiently general initiahodel may, of course, succeed in including all

the substantively relevant variables.

10 Appendix calculations

First, fromg2:
T0-1 T*—1

Zwtzt Z WtZt + Z WtZt + Z WtZt

t=T0 t=T*

where, from (2):
T0-1 i
E Z wizy | =T\ (212 + 51;/1)

T*—1 ]
E [Z WtZQ ZT(K:—)\) (212 —|—51/,L/2)

T -
E [Z wizy| =T (1 — k) (Z12 + daph) -

with E [zle wt] — T (ké1 + (1 — ) 82). Next:

T
E [ZZt] T (Apy + (1= A) po)

t=

—_

T
E [Z zizy | =T (Z11 + Mgt + (1= A) pops)
t=1

Also:
E[y:] = B1E [z¢] + B3E [wi] = B1p, + B30;
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SO:

+E

Zyt

t=T0

Zyt E[Zlyt}‘f'E Zyt

=TX(B1uy +8501) + T (k= A) (Bipa + B201) + T (1 — k) (8112 + B502)
hence:

= T8y (Mg + (1= X) po) + T35 (k01 + (1 — k) 62)

T
ZYt
t=T"*

=TA[(Bu + pypy) By + (B2 + p167)] Bo

+T (5 = A) [(Z11 + satsh) By + (Srz + po8h) Bs)]

[Z Ui

T*—1

Z ZiYt

t=T0

+E

t=1

[Z ztyt] —E [il ztyt] +E

+T (1= k) [(Z11+ poth) By + (S12 + p65) By
=T [S11 + (Al + (1= X) popsy)] By

+ T [Z12 + Ay 8] + (5= A) ped) 4 (1 — K) o8] By

as:
-1 -1 -1
E zyy | =E Z 77z | B +E Z 7w} | By
t=1 t=1

=TX(Z11 + pph) By + TA (B2 + p107) By

and:

T*—1

E Zy Wg

t=T0

B +E Bs

T*—1 T*—1
E [Z ztyt] =E [Z ztzff

t=T0 t=T0

T(k—A) [(211 + lefg) B+ (212 + N25,1) ,32}
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T T T
E [Z Ztyt] =E [Z zz; | By +E Z z Wy | Ba
t=T* t=T* =T~

T (1= k) [(B11 + pops) By + (B12 + p265) Bs]
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