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Abstract

When a model under-specifies the data generation procestel sglection can improve over
estimating a prior specification, especially if locatioiftstoccur. Impulse-indicator saturation (11S)
can ‘correct’ non-constant intercepts induced by locashbifts in omitted variables, which leave
slope parameters unaltered even when correlated withdadluariables. Location shifts included
variables induce changes in slopes when there are coa@atitted variables. IIS helps mitigate the
adverse impacts of induced location shifts on non-congtégricepts and estimated standard errors,

and can provide an automatic intercept correction to impfovecasts following location shifts.

JEL classificationsC51, C22.
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1 Introduction

Omitted variables are a ubiquitous problem in empiricaheroetricst Analytical results for stationary
DGPs are well-known, including general limiting distrilaunts (see e.g., Hendry, 1979). The theory of
reduction characterizes the operations implicitly agptie the data generating process (DGP) to obtain
the local DGP (LDGP, the generating process in the spaceeofdhiables under analysis: see e.g.,
Hendry, 2009). Choosing the variabtes= (y, z;) for analysis determines the properties of the LDGP,
and hence of models thereof. Omitting relevant variabteg that are correlated with the includeg
creates an LDGP with parameters that do not coincide witbeltioat determine outcomes. Nevertheless,

LDGPs can be written after sequential factorization witraménovation errors.
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However, the empirically-relevant setting is one wheradtrral breaks occur. We focus on location
shifts, where the previous unconditional means of var@ablft. A linear static model highlights the
impacts of such shifts, as their full effect is immediate.LAWGP can be written with constant parameters
using indicators to capture such location shifts. If unnedehowever, location shifts can induce non-
constant estimated parameters in models of the LDGP, seedéticorrect policy implications. When it
is not known what variablew; are omitted, their correlations with included variablesthe numbers,
timings and magnitudes of location shifts, a portmantegurageh is required to detect breaks at any
point. We show that the impacts of shifts in unknowingly dedt variables can be mitigated to re-
establish near parameter constancy in models of the LDGT usipulse-indicator saturation (denoted
IIS: see Hendry, Johansen and Santos, 2008, and Johanshinetsah, 2009).

Although a model of the LDGP could also be under-specifiedrbijting relevant laggz; } or non-
linear transformation$(z; ), such difficulties can be avoided by commencing with a seffitty general
set of variables to nest the LDGP. We use the multi-path aaticnmodeling approacAutometricsto
select a minimal undominated model (see Doornik, 2009a)thA4. DGP is the generating process in
the space of the variables under analysis and can alwaysitbenwith constant parameters and mean-
innovation errors, our approach searches for constaatapeter congruent models thereof (see Hendry,
1995, and Bontemps and Mizon, 2008). Castle and Hendry §J28dd Castle, Doornik and Hendry
(2011, 2012) respectively consider selection in non-lirsal in dynamic models, and the last show that
IIS can also take account of non-normality in the form of &list

The structure of the paper is as follows. Section 2 analyztatiee model mis-specified by omitting
variables that have location shifts, interacting with mehifts in included variables. Section 3 uses IIS
to detect location shifts. Section 4 provides a Monte Cattidys of the effects when the included and

omitted variables’ DGPs change. Section 5 considers fetiagaand policy. Section 6 concludes.

2 Location shifts in included and excluded variables

Consider a linear, static, constant-parameter, DGP witbpendent white-noise errors:
yr = B1z¢ + Bywe + ¢, where ¢;|z;, w; ~ IN [Oa Uz] (1)
whenlIN [6, o%] denotes an independent normal distribution with m¢and variance-?, with:

Z 7 Y1 X2
~ INk1+k2 ! ) (2)
Wy 0y o1 XYoo



Bothw; andz, have one-off location shifts attimés< 7° < T andl < T* < T, with Vi = (pto—p11)
andVé = (62 — d1) where:
t<TO 6, t<T*
B, = a and §; = ! (3)
po t>TO 0y t2>T
Sop, = py + Vplysqoy andd; = §; + Vlysp-, wherely, denotes an indicator function (unity
when the argument is true, zero otherwise). A conditiorgdassion model is inadvertently mis-specified

as:

Elye | 2] =0+ 712 (4)

including an intercept ak [w;] # 0. We would like to investigate the consequences of estimdtirs
mis-specified model and how any possibly adverse outconmebeaemedied by IIS.
There is an induced non-constancy in the parameters ofdd) the relationship between the omitted

and included variables. Conditioning; onz; in (2):
Wi = (5t — ‘I’[,Lt) + ‘I’Zt + L0 (5)
whereE[z,u;] = 0 and¥ = Ezlzil. From (1) and (5), the LDGP fay; is:

ye = B35 (6, — W py) + (B + BLF) 2 + Boyuy + & (6)

The intercept is non-constant, but the slope parametemistaot, though estimates of model (4) need

not reflect those implications. To analyze those full-sagdtimators given the LDGP (6):

—1
~ T T
Yo T > 1% D1 Yt
=~ - T T / T (7)
71 Zt:1 Zy Zt:1 7474 Zt:1 ZiYt

requires sub-sample derivations due to the break8,ity; — Tu,). We takeT* < T9 for explicit
calculations, letting\;o = (70 —1) /T andry- = (T* —1) /T, withr = (g + (1 — Aqo) V),
s = (614 (1 — kp+) V) andM = (Apop; 87 + (ke — Apo) pod] + (1 — k) pydh) SOM — s’ =
Ao (1 — kp) VuV4'. As the relevant second moments are finite positive defiekpectations of (7)

yield the following Nagar (1959) approximations where thbcript ) denotes a full-sample estimate:

£ Yo - (s' —r'H ™! (Z12 + Apo (1 — w7+ ) VVE')) By _ [ Yo ®)
1 B + H! (212 + Ao (1 — k) VHV‘SI) Ba Y1)



whereH = X1 + Ao (1 — Ao) VuVu'. Sub-sample results are obtained by setting and/or -
to zero and unity respectively. Fitting separately to the-samples would reveal the shifted estimates,
but requires knowledge of when the breaks occurred; reauesitimation could also reflect that problem
if the initial sample was less thai* < T°, with estimates shifting to those in (8). The impacts on the
intercept from terms involvingd, always cancel exactly in (8): the estimated intercept idfented by
the relevance or otherwise of in the LDGP, and is non-constant when eitRén or V§ are non-zero.

(8) shows that the postulated model (4) does not have cdrssameters, so should be written as:
Yt = Yor) T '7/1(T)Zt + vt 9)
Letn, = Byw; + € andy, = (830 — Yo(r) + (81 — ’7/1(T))Nt)f then:
ve =0+ ((BL+BY®) = Vier) ) (26 — )+ (10
DespiteE|z; — p,] = 0, V[z; — p,] = 211 V¢, andE[T~' S ] = 0, using (8) ang3,Vé = 7:
¢ = (K= — 1{t<T*})T + ()‘TO - 1{t<T0}) VN/H_l (212 + Ao (1 — k) V,UV(s/) Bs (11)

Consequentlyy, in (10) will be heteroskedastic and autocorrelated if anthefshiftsd, or p, are step
functions. In congruent models, inference and decisionsigunodel selection can be based on conven-
tional procedures, such asstatistics. Here heteroskedastic-consistent standeodsgHCSEs: White,
1980), and autocorrelation-consistent (HACSES) gergatidins thereof (see e.g., Andrews, 1991) ap-
pear to be needed. However, the LDGP errgrsare neither heteroskedastic nor autocorrelated, so
HACSEs would not correctly attribute such problems to uneted breaks. Althougky, vanishes in
expectation given the definitions ef+ and Ao, the presence of the indicators in (11) entails that shifts
affect all sub-sample estimates unless 7% < T°. Shifts in intercepts can be removed by including the
appropriate indicator variablés; .7~y and1, .70y, but those are unknown, and although their location
can be consistently estimated, in practice breaks may be freguent than just one at a common date
in each variable set, so section 3 considers using IIS tooappate the indicators. We now analyze the

two cases where one & or V4 is zero.



2.1 A mean shift occurs only in the excluded variables

Whenp, = py =r = p, thenH = X3 s0v, () = 7, With the constant-parameter LDGP:

yr = (8201 + Bim) + (81 + BLY) (20 — p) + Tlysrey + 14 (12)

Hence, once the correct indicator is included, a congruedtaimatching the LDGP (12) is:

Ye = Yo + Y12t + Volpsrey + M0 (13)
Taking deviations from means far- < 1 when (1) and (2) hold, full-sample estimation of (13) yields

Y1 — (B + ¥ = 0
\/T Y1 (51 52) 2} N, o1 0’0727 11 1 (14)
Yo — B3 (82 — 61) 0 (kp+ (1 —kps))~

Whereafz = 02 + 3,39203,. Thus, adding the indicatdr;;~ -, to a regression af; on an intercept and
z; delivers a constant parameter congruent model of the LD@R {lith estimators having a normal
distribution, and a homoskedastic error, so conventiarfaténce will be valid, albeit unknowingly about
(B8, + ¥'3,) rather tharn3,. Forecast errors will have their anticipated propertiesamal, mean zero
and constant variance, provided no further breaks occuitam#tnown to extend the break dummy. To
the extent that model selection with IIS captutes. -y, its results will approximate (13) and (14).
When no location shift indicator is included, from (11) theexplained component of the model

becomes); = (kp+ — Lypcp+y) T + 1, SO

U%+(1—KT*)272 for t <T*

oo+ KT for ¢ > T
and hence is heteroskedastic. For a sufficiently large salrgdbre and after the break, with fixeg-:

1
T Z E [vﬂ = 02 + B4%99By + ke (1 — ki) T2 = w? (15)
t=1

so the full-sample residual variance is inflatedigy (1 — x7+) 72 overo?. Despite the LDGP errong,
beinglID, the full-samplev; are autocorrelated (and also manifest ARCH, Engle, 1982):
2

T RT* (1 — RT* — %)
o2 + 72k (1 — Kp+)

E [vivi_k] = pp = k=1,...,T-T"+1 (16)

SO:



T
% th 2 p [O,YEQL/QL]
t=1

where. is a vector ofls andS2 is a symmetric band matrix withs on the diagonal, ang, on thek!”
off-diagonal then zeroes fdr > T — T™*. As the fourth cumulant of a normal is zero, using the apgroac
in Hendry (1979), since none of the three triples of four ®ismon-zero, anE[ZL (ze —p)v) =0

by construction, then:

T T
E [Z Z ztvtvsz;] =0 a7

t=1 s=1
SO:

T
1
ﬁ Z (z¢ — p) vy 2D [O,wQEH] .
t=1

However, inference on the intercept is distorted by thedrediautocorrelation:

2 1 LI =2
E {(% - ’Yo(T)> ] =T ZZ E [vvs] = ?L/Q’f

t=1 s=1

so its conventionally estimated standard errors will dififem sampling standard deviations. Combining:

Ao — JOw 0O
VT | 70T ) Dby 0,02 (18)

Y1 — 71 B 0o =i
Hi1=H2

2.2 A mean shift occurs only in the included variables

In a correctly specified model, shifts in the means of inctlidariables would have the beneficial effect
of increasing information, yet induce shifts in estimatémpss as well as intercepts when there are
correlated excluded variables. Whép = 6, = s = §, thenH # X, asp; # po, SO estimates
of both slope and intercept will be non-constant. Becausdatter is continually changing with;o,
conditional expectations are non-constant, and 1-stegdghredictors are neither unbiased nor minimum

mean-square error, so distributions of estimators vargradagly.

2.3 Implications

Both u; = py andd; = - are needed to avoid the intercept shifting, but the sloparpater;
does not shift when either excluded or included variables maean shifts. However, the estimated
slope parametey, shifts if the DGP of theéncludedvariables,z;, changes whew; is omitted. Since

w? > 037 by k-« (1 — kp+) 72, whent? is large, comparing (14) and (18) shows tféstatistics could



be smaller than the chosen critical valtyewhen the indicator is excluded, yet larger with, exacerigati
the omitted variables problem. (14) shows that adding aitatolr that matches the shift removes all
non-constancies, so could avoid false deletions of apfggresignificant but relevant variables; residual
autocorrelation and heteroskedasticity are also remo@edtion 3 discusses the extent to which such
implications can be matched by IIS removing the locatioift shduced non-constancies in estimated
intercepts and equation standard errors. Finally, thexdaven types of risk with a mis-specified model,
using a quadratic loss function over all the parameters &ngle location shift. First, losses fgf, and

7, relative toy,(y andy, () are small in large samples. However, for any estimator tbes aot handle
the break, equation (8) shows that the risks associated-yif) must be unbounded compared to the
intercept in the LDGP (6) or the DGP (1) as the break magnitndecases. Conversely, based on the
analysis in Hendry and Santos (2010), the potency of lISthdéh tend to unity, leading to bounded risk.

Section 5.1 explains why the intercept should be includetkkassessment.

3 Impulse-indicator saturation

IIS includes in the set of candidate regressors an impuldiedtor for every observation, so adds
variables when there afié observations. The distributional properties of IS underriull of no outliers
or location shifts are analyzed in Hendral. (2008). In their analysis (the ‘split-half’ approach, wic
can be generalized to multiple splits of unequal size), #dgassion includes the firgt/2 indicators
and the regressorsV(), provided(N + 7'/2) < T. By dummying out the first half of the observations,
estimates are based on the remaining data, so any firstdhedinvations that are discrepant will have
significant indicators: see Salkever (1976). Their loc&tiare recorded, the fir§t/2 indicators are
replaced by the second half, and the procedure repeated.re€beded indicators are combined for
selection of those that remain significant. Johansen antbéMig2009) extend the analysis to both
stationary and unit-root autoregressions and relate li®hast estimation. They show that under the
null of no location shifts or outliers, the cost of applyin lis the loss ofxT" observations, whera
is the significance level. Thus, at = 0.01, IIS is 99% efficient forl" = 100 despite includingl00
‘irrelevant’ impulse indicators in the search set and civegkor location shifts and outliers at every data
point. IIS entails more candidate variables than obsematasN + 7' > T, but selection is feasible
using expanding and contracting block searches.

If the intercept shifts were known the relevant step dumrtiies changed af™ and7° could be
included, but this is an infeasible knowledge level whersihot known thatw; is relevant. We will

examine the extent to which 1IS can mimic that effect. Castlal. (2012) established the ability of IIS



to detect multiple internal location shifts and outliers;luding breaks close to the start and end of the
sample. For a single breas # §,, Hendry and Santos (2010) show the detection power is datedm
by the magnitude of the shift sample sizd’; the length of the break intervdl — T*; the equation error
varianceafz; and the significance levely, using a normal-distribution critical value,. Let ), denote

the non-centrality for a single indicat@ conditional on removing all others, wit[7;] = w;, then:

—Eft,,_o]=E ?t}% T 19
1/115 [ttO] |:CAUt \/m ( )

with non-null rejection frequency far > 0 of approximately:

P [|t|”:0 > o | ¢t] ~ P [|t|ﬂ:0 > (ca — T/Jt)] (20)

Whena = 0.01, soc, =~ 2.6 andiy, = 3, the rejection frequency will be about 70%. A failure to
detect other indicators will lower this power, whereas darghifts will have higher power. Testing the
significance of the block of impulse indicators that pregiserrespond to a known break period would
be equivalent to a Chow (1966} .. -test, with a similar non-centrality, whereas testing therect
step indicator by &test would have a non-centrality that is larger(by— )2 wherer = (T — T*)/T

(see Hendry and Santos, 2010). Castial. (2012) compare an 1I1S-based test with that proposed by
Bai and Perron (1998) and find similar power when all locasbiits lie within the central sample, but

improved detection when there are large breaks and outliesg to the start or end of the sample.

4 Simulation results

Monte Carlo experiments are used to assess the magnitudedtigms of under-specification when
there are non-constant parameters as outliné@.. The DGP is given by (1) and (2) for scalarand
w;.? The baseline parameter values afe:= 1, 3, = 1, 02=1,%15=V¥=0.5%1; =Xy = 1land

T = 100. M = 10,000 replications are undertaken and regressors are stoch&sticeV = 0.5, the
implied location shift in (6) from a break ig is half as large as that induced by the same change.in
The simulations were conducted without diagnostic testimgjwith a forced intercept which means that

selection is not applied to the intercept; it is always retd?

2Alternative DGP specifications including dynamic modelsenbeen considered but are omitted due to space constraints.
In dynamic models, an unmodeled break results in an estiofdatee sum of the lagged dependent variables close to unity as
imposing a unit root is the only way to ‘pick up’ the shift in ane thereby adapting to the location shift. IS mitigates th
effect resulting in stationary estimates of the lagged dépet variables. Results are available on request.

3All results and graphs were computed using Ox (Doornik, 2p08utometricscan undertake diagnostic testing when a
terminal model is reached, backtracking to find a valid réiducif any mis-specification tests fail. Irrelevant vafied can
then proxy a chance departure from the null of a mis-spetific@ar encompassing test, and be retained despite insignie.



4.1 IS applied to a correctly-specified model

First, we check the properties of applying IIS when the maonlgiches the DGP, so there are no induced
shifts due to omitted variables. We consider a break in battalbles withT® = 91, y; = 0, py = —5,
T* = 81, 6; = 0 anddy = 5. The outcomes do not depend on whether orfiots 7°. The model

augments the DGP in (1) with an intercept:

Yt = Bo + Bzt + Bawr + vy (21)
The optimal step-shift dummies to match the breaks are diyen

D., 0t<T" and D,y — 0t<T* 22)
1¢>170 1 t>T*
with parameterg ., andg, ,, respectively. Results are reported in Table 1, where sefeistundertaken
using Autometricsat thea = 1% significance level, and refers to the number of impulse indicators
retained on average per replication. As the step-shift digmrare unnecessary, their retention rate
checks the null retention frequency.

Let sz denote the outcome on thé&" trial, thenB; = - Zﬁil Elk with Monte Carlo standard de-
viation, MCSD= /(571 S0, (B:.1, — B;)?) and the estimated standard error, ESE- " | SE[8; ],
with HACSEs computed using Andrews (1991). Similarly fdnextsimulated estimators likg ando.

In Table 1, mean coefficient estimates and the mean equdtodagd error are close to their DGP
values. The outcomes are almost identical with and withelecsion. As the model is correctly specified,
the step-shift dummies are redundant and are rarely retafkeplying 1S reduces the equation standard
error by removing approximately 1.4 observations on averahen there is a break in both regressors,
but there is no effect on coefficient estimates. so 1IS hasdaosts for the correct model specification.
HACSEsS are close to their uncorrected counterpartgjdiut there is some divergence for the intercept

and3, despite no residual heteroskedasticity or autocorrelatio

4.2 IS applied to a mis-specified model

Table 2 reports the parameter specifications for the expatsnconsidered, with theoretical coefficient
values derived ir§2, based on (8) with” = 100, for breaks of magnitudéo.. Tables 3-5 record the

results, where selection us@gtometricsaata = 1%.

Simulations were also conducted with diagnostic trackiemyd the number of retained indicators increased slightynd
between 0.1 and 0.2 larger than in tables 4 and 5 below, bbobutisubstantive effects on parameter estimates. Detaitedts
with diagnostic tracking switched on and forced regressehgre selection is not applied tp, are available on request.



Estimating the model

Selection from model

Selection frondaio

with known break dummies with IIS
Breaks inz; andw;
0.000 [0.110] 0.000[0.110] 0.000[0.117]
Bo (0.110) [(0.008)] (0.110) [(0.008)] (0.106) [(0.009)]
(0.107) [(0.016)] (0.056) [(0.083)] (0.119) [(0.077)]
1.000 [0.060] 1.000 [0.066] 0.999 [0.064]
B4 (0.060) [(0.006)] (0.061) [(0.007)] (0.058) [(0.006)]
(0.054) [(0.011)] (0.107) [(0.016)) (0.103) [(0.016)]
1.000[0.048] 1.000[0.057] 1.000[0.051]
B (0.048) [(0.004)] (0.049) [(0.007)] (0.046) [(0.005)]
(0.044) [(0.009)] (0.054) [(0.012)] (0.052) [(0.010)]
—0.001[0.208]
B, (0.007) [(0.070)]
(0.001) [(0.005)]
0.002 [0.199]
B (0.007) [(0.067)]
(0.001) [(0.013)]
e 0.998[0.071] 0.997[0.071] 0.947[0.085]
! - - 1.417

Table 1: Monte Carlo results for the correctly specified nadth breaks inz; andw,;. ESESs reported in
parentheses and MCSDs in brackets, with uncorrected sthedars given below parameter estimates
and HACSEs below the uncorrected standard errors.

Case (i), where the equation is mis-specified but there atwesks, is reported in Table*3When
there are no mean shifts in both the included and omittecvl; the mean coefficient estimates corre-
spond to their theory counterpars, is slightly less thamr,, as IIS retains approximately 1.5 indicators

on average, leading to an effective sample siz& of 98.5 instead ofl" = 100.

“A break of magnitud®o . was also considered: note that the effective shift is smale. ~ 1.40.. Thus, at-test of a
single indicator at 1% for th@o. shift in w; would have power of about 11%, andin asf, ¥ (u; — py)oe =~ 0.7, power
would be about 3%. The simulations respectively deliveret@mcies of 4.1% and 1.4%. Corresponding powers for a single
50 shift would be approximately 83% and 20%, compared to thelsition potencies of 75% and 8% in those cases. Further
results are available on request.

H, Parameters

(i) No break =g =01 =02=0
(i) Break inw; Uy =ps =01 =0,00=05 TV =0,T* =81 1 1.5 245
(iii) Break in z =01 =062=0,py=-5 T°=81,T*=0 0.1 1.1

(iv) Breakinz; andw; iy =61 =0,y = 5,0 =5 T9=91,T*=81 0.38 —0.23

Break date Yoty Yur)  Oe
T0=T*=0 0 15 141

Table 2: Parameter values under mis-specifications, wébr#tically derived coefficients.
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Estimating the model

Selection from model

with IS
Constantz; andw;
0.002[0.133] 0.001 [0.141]
Yo (0.133) [(0.010)] (0.127) [(0.011)]

(0.129) [(0.017)]
1.498 [0.134]

(0.154) [(0.052)]
1.497[0.142]

1 (0.134) [(0.014)] (0.128) [(0.014)]
(0.128) [(0.022)] (0.124) [(0.017)]
Ty 1.320[0.094] 1.252[0.112]

L

1.474

Table 3: Monte Carlo results for the mis-specified model wigis omitted, case (i): legend as Table 1.

4.3 The excluded variable shifts

When the omitted variable breaks, but the included variedigains constant, (case (ii)), mean estimates
are close to their theoretical counterparts: see Tablethe Ibreak is not accounted for, despite the LDGP
innovation error inference is affected by the heteroskimlaad autocorrelated residuals, as shown by the
largea, and the difference between mean ESEs (or mean HACSES) andklfoBthe intercept. The
constant is then usually significant, although some theasgats (e.g., of consumption and inflation)

entail zero intercepts (herg = 0).

Selection frondato
with IS

Selection from model
with known break dummy
Constantz;, break inw;, 6o = 5

Estimating the model

1.002 [0.134]

0.001 [0.147]

0.199 [0.249]

Yo (0.242) [(0.013)] (0.148) [(0.011)] (0.162) [(0.027)]
(0.448) [(0.030)] (0.294) [(0.065)] (0.246) [(0.086)]
1.500 [0.245] 1.4980.135] 1.431[0.385]
1 (0.243) [(0.022)] (0.134) [(0.014)] (0.151) [(0.043)]
(0.230) [(0.044)] (0.144) [(0.021)] (0.181) [(0.063)]
5.003 [0.334]
Ve (0.332) [(0.024)]
(0.129) [(0.023)]
7 2.404[0.123] 1.3200.095] 1.484[0.281]

15.50

Table 4: Monte Carlo results for the mis-specified model tngtw;, case (ii).

Figure 1 records the simulation-mean recursive paramesténates with+2ESE and+2MCSD.

When the break occurs in the omitted variable, the intershbifits (top-left panel), but the slope param-
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Figure 1: Incorrect specification with non-constant 5; = 0, Jo = 5: case (ii).

eter remains constant, albeit with increasing standaats(next panel in first row), as goodness of fit
deteriorates sharply. Including the correct step-shifhidy results in a constant intercept (middle-row
left panel) as well as a constant slope parameter and a obestémated equation standard error. Thus,
knowing when there are breaks in omitted variables deligecsnstant-parameter model, but is infea-
sible. 1S helps account for the unknown break using sedettdicators. For a break of 5 standard
deviations, IIS retains 15.5 indicators on average (forembrof 20 observations). As the indicators all
have similar magnitudes and same signs, they could be ceahbito a step-shift dummy. The estimated
intercept increases slightly after the break, but most @f&timated parameter non-constancy in the top
row is removed (third row). Increasingto 2.5% retains more indicators, so the non-constancy dhthe
tercept is almost fully removed, at a cost of retaining madédators under the nulk,, is slightly larger

than if a known step-shift dummy were included, but less thalfithat of just estimating the model.

4.4 The included variable shifts

When the included variable alone breaks, both estimateahpeters are non-constant, see Table 5. Sec-
tion 5.1 shows the intercept will therefore shift with pglichanges inz;. The shift in the intercept is
smaller than for a break it;: with ¥ = 0.5, the equivalent shift ir; is only half that ofw;. The
step-shift dummy is significant, and although it is estirdataprecisely, it corrects the non-constancy
in both the intercept and slope parameter. IIS picks up fémdicators, close to the number retained in
the constant parameter model. When the correlation witloithigted variable is higher, e.gly = 0.8,

IIS retains 16 indicators on average so results are sintlar ireak in the omitted variable, with near

12



estimated parameter constancy.

Estimating the model Selection from model Selection frondeio

with known break dummy with IIS
Break inz;, constantu;, py = —5
0.099[0.150] 0.016 [0.155] 0.097[0.157]
Yo (0.153) [(0.011)] (0.148) [(0.011)] (0.147) [(0.012)]
(0.147) [(0.022)] (0.541) [(0.297)] (0.153) [(0.093)]
1.097[0.062] 1.435[0.218] 1.098 [0.066]
71 (0.063) [(0.005)] (0.115) [(0.033)] (0.060) [(0.006)]
(0.062) [(0.011)] (0.114) [(0.021)] (0.143) [(0.021)]
2.104 [1.305]
V.2 (0.555) [(0.325)]
(0.096) [(0.058)]
T 1.393[0.099] 1.325[0.097] 1.329[0.113]
L - - 1.63

Table 5: Monte Carlo results for the mis-specified model tngjtw;, case (iii).

4.5 Both included and excluded variables shift

When breaks occur in both included and omitted variablese(¢#&v)), the LDGP without indicators
is hon-constant, and estimates of both the intercept anuk garameters accordingly shift, with the
intercept changing from the point at which a breakzjroccurs. Figure 2 shows the simulation-mean
recursive parameter estimates witl2ESE and+2MCSD for a break ofio. in both variables. The
step-shift dummies mop up all of the intercept non-constafiS retains all 20 indicators on average,
proxying the step-shift dummy. As a result, parameter egtisiare close to their LDGP values, are
constant, and the equation standard error only increaigislglin sharp contrast to the uncorrected case

with substantial shifts in estimated parameters and largeases in standard errors.

4.6 Multiple breaks in included and excluded variables

For the breaks considered so far, the correct single stffjpdsimmy excels. In practice, multiple breaks
occur, so we examine intermittent mean shifts of 5 obsemati The DGP and model are given by (1)

and (4), with the included and omitted variables generaye@pwhere:

e = pq + pig [Too + -+ o5 + Lo + -+ - + Las + Io + -+ + Igs + Iso + - - + Iss]

6p =061+ 02 [loo+ -+ Ios + Lao+ -+ Lus + Io + - + Lo + Iso + - -+ + Iss]
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Figure 2: Mis-specified model with non-constapndwy, §; = 0, d2 =5, u; = 0, uy = —5.

The baseline parameter values afg:= 1, 8, = 1,02 = 1, 1o = ¥ = 0.8, 13 = X9 = 1 and
T = 100 with recursive estimation commencing fram= 6. M = 10,000 replications are undertaken
with stochastic regressors and a forced intercept. Taldpd@rts the results for multiple breaksof, in
each of included and omitted variables.

For the mean shift inv;, the intercept shifts at the point of the break, but IIS naitess most of this
non-constancy by retaining approximately 16 indicatorawegrage. With I[IS7, is almost half that in
the mis-specified model, and the power to detect the bredkiglis For intermittent mean shifts i,

the non-constancy is not as evident as the break magnitweatler and hence more difficult to detect.

5 1-step ahead forecasts

We now consider the implications for 1-step ahead foremgdtr knownzr; when there is a break in
the omitted variable. Table 7 records the root mean squaeedst errorsRMSFES) for abo shift in the
excluded variable, using the same parameters as aboveksBata* = 81 and7T™ = 99 are considered.
In the second case, break detection tests such as Bai armhR£998) have no power as the break lies
outside the break detection window. Conversely, 1IS does Ipawer to detect breaks at the beginning
and end of the sample: see Casilal. (2012).

We consider either a break that continues into the forecasogy or ends at the last in-sample
observation so the mean revertsitoin the forecast period. In the first case, IIS is proxying p-steift

dummy which should be extended into the forecast period. O\thid by generating intercept-corrected
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Estimating the model

Selection from model

Selection frondaio

with known break dummies with IIS
Constantz;, multiple breaks inv; (55 = 5)
1.201[0.119) 0.001[0.134] 0.392[0.375]
Yo (0.245) [(0.011)] (0.134) [(0.010)] (0.170) [(0.038)]
(0.401) [(0.024)] (0.254) [(0.048)] (0.265) [(0.103)]
1.801 [0.247] 1.798[0.119) 1.788[0.277]
1 (0.247) [(0.021)] (0.118) [(0.012)] (0.170) [(0.041)]
(0.235) [(0.042)] (0.131) [(0.019)] (0.221) [(0.077)]
5.002[0.272]
Vs,w (0.274) [(0.020)]
(0.113) [(0.020)]
To 2.441[0.111] 1.163 [0.084] 1.563[0.412]
L - - 15.73

Multiple breaks inz;, constanto; (i, = —5)

0.171[0.149]

0.001 [0.134]

0.167 [0.158]

Yo (0.154) [(0.011)] (0.134) [(0.010)] (0.147) [(0.013)]
(0.147) [(0.021)] (0.621) [(0.110)] (0.140) [(0.073)]
1.140 [0.056] 1.798[0.120] 1.139[0.059]
1 (0.058) [(0.005)] (0.118) [(0.012)] (0.056) [(0.005)]
(0.059) [(0.010)] (0.131) [(0.019)] (0.142) [(0.021)]
3.993[0.661]
Vs w (0.651) [(0.068)]
(0.113) [(0.020)]
7, 1.370[0.098] 1.163[0.084] 1.302[0.116]
L - - 1.45

Table 6: Monte Carlo results for the mis-specified model wwithitiple breaks. Legend as table 1.

forecasts. The final column of Table 7 refers to an interceptection when an impulse indicator is
retained for the last in-sample observati®h= 100, where the intercept correction augments the forecast
by the coefficient of the final in-sample indica@ﬁl = yr+1 + 7rly. Inthe second case, 1IS should
not be extended into the forecast period, so the third cojwalection with IS which picks up outliers

in the in-sample period only, is appropriate.

If the break extends into the forecast horizon, the uncteteforecasts are biased, as can be seen in
figure 3 which records the distribution of forecast erronstfe estimated mis-specified model. If the
break was known, a step-shift dummy would be included whatk as an intercept correction (second
column), which results in unbiased forecasts. This is agaisible knowledge level as it would require
knowing the timing and persistence of the shifts, so IIS aimgised to proxy these. If IS is applied

in-sample but the break is not extrapolated into the fotepagod the forecasts will still be biased,
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Estimating Selection with  Selection Selection with

the model break dummies with lIS IISand IC
Break continues into forecast period
Break atT™ = 81 4.237 1.369 5.177 2.808
Break atT™ = 99 5.092 1.633 5.187 2.455
Break ends af”’ = 100
Break atT™ = 81 1.683 1.347 1.371 5.138
Break atT™ = 99 1.350 1.340 1.341 2.482

Table 7: 1-step aheaRMSFEs for a5o shift in the omitted variablev;.

and could be marginally worse than estimating the mis-fipedcmodel. However, when an impulse

indicator is retained for the final in-sample observatiod ased as an intercept correction, the forecasts
are significantly improved. Here, the forecast is simplyuat§id by the magnitude of the last indicator,

but more sophisticated adjustments that average acrokssttiew observations could also be used which

would reduce the bimodality.

In contrast, if the break does not extend into the forecaszto then intercept correction is costly.

The second column includes a break dummy that exactly matitteeshift so provides the infeasible

benchmark; selection with 1IS is close to this benchmarkhdfbreak is short, the impact of not modeling

the break on 1-step forecasts is small, in the latter case #re just 2 outliers & = 99 and100.

Break afT"=81 continuing

 ,_into forecast period 0 Break afT"=81 ending aT'=100
107 .Oi —"
« estimating o '\ < selection
i the mode| | tehsé'm%m?* ‘\‘ with IS
0.2 I~

0.2

| selection with-/7 %
NISandIC 4

0.1

N I
-5 0 5 10 -5.0 -2.5 0.0 25 50
Figure 3: 1-step ahead forecast error densities.

Figure 3 shows that the intercept-corrected forecast-elistribution is centered on zero. There is

some bimodality due to the last in-sample indicator not gpeatained for every replication, so not all

forecasts are adjust@dEven when the shift occurs at the end of the sample, 1IS stiflfower to detect

it, so intercept corrections can be applied. When the breatot extended into the forecast period,

estimating the mis-specified model leads to biased forgchst I1S corrects this bias.

SWhen the shift occurs &* = 99, an indicator is retained 88% of the timeZat= 100, so 12% of forecasts are unadjusted.
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5.1 Policy implications

From (1), a policy that changed to z; + Vz, would shifty, by 3, Vz,, whereas (4) entails a predicted
shift of v, Vz;. An intercept shift of—3,¥Vz, must occur in the model, so policy would not have
the expected outcome, an indirect failure of super exo@erieee Engle and Hendry, 1993). When
previous policy changes have occurred, the 11S-test in Headd Santos (2010) ascertains their timing
in {z;}, and checks whether they coincided with shifts in the mogel. If so, that would reject super
exogeneity. Locating indicators ife;} directly, rather than their effect mediated throudh is more

powerful and finds the source of shifts, warning of a supegereity failure before a policy is changed.

6 Conclusion

We consider model selection in under-specified settingswheables have location shifts and relevant
variables are omitted. Mean shifts in the omitted variablese induce intercept shifts in the local data
generation process (LDGP), but do not contaminate the gdapameters, even when correlated with
included variables. Mean shifts in included variables widoé beneficial under correct specification,
but with mis-specification lead to shifting intercepts ie tDGP, and non-constant estimated slopes. In
both cases, the equation and estimated standard erronméemm-constant.

Impulse-indicator saturation (11S) tackles multiple $hift unknown sample points, and ‘robustifies’
estimated models against non-constant intercepts even iwbaced by omitted variables. If IS is not
needed, the costs of adding to the set of candidate regsessampulse indicator for every observation
are relatively small; and if IIS is needed, the most pernisieffects of induced location shifts on non-
constant intercepts and standard errors are correctedi&iams in Castlet al.(2012) show that similar
findings hold for breaks in correctly-specified dynamic msdacluding some integrated data processes.
As their location can be consistently estimated, the gdimat@n of IIS to step-indicator saturation could
allow a more parsimonious representation of location sh{gee Ericsson, 2012, for an illustration).
Based on the results presented in this paper, the modetiselélS-based parameters in static equations
would appear to be more constant, and inferences moreleegabh that additional incorrect omissions
of relevant variables are less likely, and forecasts basesioh models using intercept corrections will
face one less difficulty. As a sufficiently general initial debis less likely to omit substantively relevant

variables, there are, we believe, strong arguments for anepproach.
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