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SATURATION BY INDICATORS IN REGRESSION MODELS

1 Introduction

In an analysis of US food expenditure Hendry (1999) used an indicator saturation ap-
proach. The annual data spanned the period 1931-1989 including the great depression,
World War II, and the oil crises. These episodes, covering 25% of the sample, could
potentially result in outliers. An indicator saturation approach was adopted by forming
zero-one indicators for these observation. Condensing the outcome, this large number
of indicators could be reduced to just two outliers with an institutional interpretation.

The suggestion for outlier detection divides the sample in two sets and saturates first
one set and then the other with indicators. The indicators are tested for significance
using the parameter estimates from the other set and the corresponding observation is
deleted if the test statistic is significant. The estimator is the least squares estimator
based upon the retained observations. A formal version of this estimator is the indicator
saturation estimator. This was analyzed recently by Hendry, Johansen and Santos
(2008), who derived the asymptotic distribution of the estimator of the mean in the
case of i.i.d. observations.

The purpose of the present paper is to analyse the indicator saturation algorithm
as a special case of a general procedure considered in the literature of robust statistics.
We consider the regression model y; = 'z; + & where ; are i.i.d. (0,0?), and a
preliminary estimator (B , 62), which gives residuals r; = vy, — B/xt. Let d}f be an estimate
of the variance of r,. Examples are &7 = 6% which is constant in ¢ and & = 62{1 —
2 (ST wg2’)La, } which varies with ¢. From this define the normalized residuals v, =
r¢/@¢. The main result in Theorem 3.1 is an asymptotic expansion of the least squares
estimator for (3, 0%) based upon those observation for which ¢ < v; <.

This expansion is then applied to find asymptotic distributions for various choices
of preliminary estimator, like least squares and the split least squares considered in the
indicator saturation approach. Asymptotic distributions are derived under stationary
and trend stationary autoregressive processes and some results are given for unit root
processes.

We do not give any results on the behavior of the estimators in the presence of
outliers, but refer to further work which we intend to do in the future.

1.1 The relation to the literature on robust statistics

Detections of outliers is generally achieved by robust statistics in the class of M-
estimators, or L-estimators, see for instance Huber (1981). An M-estimator of the
type considered here is found by solving

T
Z(yt - B/xt)xgl(aggytfﬁ'xtgaé) = 07 (11)

t=1

supplemented with an estimator of variance of the residual. The objective function is
known as Huber’s skip function and has the property that it is not differentiable in
3,02. The solution may not be unique and the calculation can be difficult due to the
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lack of differentiability, see Koenker (2005). A more tractable one-step estimator can
be found from a preliminary estimator (3, ) and choice of &?, by solving

T

Z<yt - 5/xt)xél(@tgﬁyt*f@/xtﬁﬁté) =0, (12)

t=1

which is just the least squares estimator where some observations are removed as out-
liers according to a test based on the preliminary estimator. Note that the choice of
the quantiles requires that we know the density f.

An alternative method is to order the residuals r; = y, — 'z, and eliminate the
smallest T’y and largest T'ay observations, and then use the remaining observations
to calculate the least squares estimators. This is an L-estimator, based upon order
statistics. A one-step estimator is easily calculated if a preliminary estimator is used
to define the residuals. One can consider the M- and L-estimators as the estimators
found by iterating the one step procedure described.

Rather than discarding outliers they could be capped at the quantile ¢ as in the
Winsorized least squares estimator solving 3"/, rya} min(1, «;/|r;|) = 0, see Huber
(1981, page 18). While the treatment of the outliers must depend on the substantive
context, we focus on the skip estimator in this paper. A related estimator is the least
trimmed squares estimator by Rousseeuw (1984) which minimizes $" | r2 after having
discarded the largest T'— h = T'(a; + ay) values of r2.

The estimator we consider in our main result is the estimator (1.2), and we apply
the main result to get the asymptotic distribution of the estimators for stationary
processes, trend stationary processes, and some unit root processes for different choices
of preliminary estimator.

One-step estimators have been considered before. The paper by Bickel (1975) has a
one-step M-estimator of a different kind as the minimization problem is approximated
using a linearization of the derivative of the objective function around a preliminary
estimator. The estimator considered by Ruppert and Carroll (1980), however, is a
one-step estimator of the kind described above, although of the L-type, see also Yohai
and Maronna (1976).

The focus in the robustness literature has been on deterministic regressors satisfying
T-! ZtT:l xpxy — 3 > 0, whereas we prove results for stationary and trend stationary
autoregressive processes. We also allow for a non-symmetric error distribution.

We apply the theory of empirical processes using tightness arguments similar to
Bickel (1975). The representation in our main result Theorem 3.1 generalizes the
representations in Ruppert and Carroll (1980) to stochastic regressors needed for time
series analysis.

As an example of the relation between the one-step estimator we consider and the
general theory of M-estimators, consider the representation we find in Theorem 3.1 for
the special case of i.i.d. observations with a symmetric distribution with mean u, so
that z; = 1. In this case we find

T
T —p) = (1= ) T2 Y el eeercon + 2e() T2 (1 — )} + 0p (1).
t=1
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If we iterate this procedure we could end up with an estimator, p*, which satisfies

T
TV — ) = (1= a) HT Y23 el (goeyzom) + 26F(e) TV (1" — 1)} + 0p (1),

t=1

so that

T
TV —p) = {l—a=2c()} T el (o< + op (1)
t=1
s

N[O’UQ{I —a— 201‘(6)}2]7

which is the limit distribution conjectured by Huber (1964) for the M-estimator (1.1).
It is also the asymptotic distribution of the least trimmed squares estimator, see
Rousseeuw and Leroy (1987, p. 180), who rely on Yohai and Maronna (1976) for
the i.i.d case.

1.2 The structure of the paper

The one-step estimators are described in detail in §2, and in §3 we find the asymptotic
expansion of the estimators under general assumptions on the regressor variables, but
under the assumption that the data generating process is given by the regression model
without indicators. The situation where the initial estimator is a least square estimator
is analysed for stationary processes in §4.1. The situation where the initial estimator is
an indicator saturated estimator is then considered for stationary process in §4.2 and
for trend stationary autoregressive processes and unit root processes in §5. Finally,
§6 contains the proof of the main theorem, which involves techniques for empirical
processes, whereas proofs for special cases are given in §7.

2 The one-step M-estimators

At first the statistical model is set up. Subsequently, the considered one-step estimators
are introduced.

2.1 The regression model

As a statistical model consider the regression model

T
yo=Br+Y vlo—n+te t=1,...T, (2.1)
=1

where x; is an m-dimensional vector of regressors and the conditional distribution of
the errors, &, given (z1,...%4,€1,...,61) has density o~ 'f(c7 '), so that o~ '¢; are
i.i.d. with density f. Thus, the density of y; given the past should be a member of
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a location-scale family such as the family of univariate normal distributions. When
working with other distributions, such as the t-distribution the degrees of freedom
should be known. We denote expectation and variance given (z1,...%¢, €1,...,81) by
E,_; and Var,_;.

The parameter space of the model is given by 3, (74,...,77),02 € R™ x RT x R,.
The number of parameters is therefore larger than the sample length. We want to make
inference on the parameter of interest § in this regression problem with 1" observations
and m regressors, where we consider the v;s as nuisance parameters. The least squares
estimator for [ is contaminated by the ;s and we therefore seek to robustify the
estimator by introducing two critical values ¢ < ¢ chosen so that

To = / f(o)dv=1—a and 7{= / vf(v)dv = 0. (2.2)

It is convenient to introduce as a general notation

Tn:/u"f(u)du, T%:/ u"f(u)du, (2.3)
R c

for n € Ny, for the moments and truncated moments of f. A smoothness assumption
to the density is needed.

Assumption A The density f has continuous derivative f' and satisfies the condition

igﬂg{(l +oHf(v) + (14 0?)|f (v)|} < oo,

with moments 71 =0, 79 = 1, 74 < 0.

2.2 Two one-step M-estimators

Two estimators are presented based on algorithms designed to eliminate observations
with large values of |7,|. Both estimators are examples of one-step M-estimators. They
differ in the choice of initial estimator. The first is based on a standard least squares
estimator, while the second is based on the indicator saturation argument.

2.2.1 The robustified least squares estimator

The robustified least squares estimator is a one-step M-estimator with initial estimator
given as the least squares estimator (/3, 62). From this, construct the t-ratios for testing
v; =0 as
Al R
v = (yr — B 1) /oy, (2.4)

where &? could simply be chosen as 6% or as 6{1 — z}(3.._, z.a’) "'z, } by following

the usual finite sample formula for the distribution of residuals for fixed regressors.
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We base the estimator on those observations that are judged insignificantly different

from the predicted value B/xt, and define the robustified least squares estimator as the
one-step M-estimator

T T
Brs = {Z xtx;l(gévtéﬁ)}_l Z Tyl (e<u<a), (2.5)
T
&%S - 1 — o 1{21 ¢<v;<e) } ! Z 5L5$t 1(c<vt<c) (2.6)
t=1

It will be shown that {"; Le<u<n} Sy (0 — Frs20)? L — 0°75/(1 — @),
which justifies the bias correction in the expression for &7 .

Obviously the denominators can be zero, but in this case also the numerator is zero
and we can define 3,4 = 0 and 51s=0.

2.2.2 The indicator saturation estimator

Based on the idea of Hendry (1999) the indicator saturated estimator is defined as
follows:

1. We split the data in two sets Z; and Z, of 77 and T3 observations respectively,
where ;7! — X\; > 0 for T — oo.

2. We calculate the ordinary least squares estimator for (3,0?) based upon the

sample 7,
= (Z xtx;)_l thyt, 6 = — Z 6 )%, (2.7)

tez; teT; 1; teT;

and define the t-ratios for testing v, = 0:

N .
Uy = 1(t€Iz (yt ﬁlxt)/wt 1+ 1(t611)(yt 52%&)/%,2, (2-8)

where &1? ; could be chosen as &j{l + 21 (D g, r,xl)"ta,} for fixed regressors.

3. We then compute robustified least squares estimators 3 and &2 by (2.5) and
(2.6) based on v; given by (2.8).
4. Based on the estimators 5 and &2 define the t-ratios for testing v, = 0:

Uy = (yt - B $t>/@t7 (2'9)

where @7 could be chosen as 52. It is less obvious how to choose a finite sample correc-
tion since the second round initial estimator (3,5?) is not based upon least squares.

5. Finally, compute the indicator saturated estimators 3 5o and 5%, as the robus-
tified least squares estimators (2.5) and (2.6) based on ¥; given by (2.9).

3 The main asymptotic result

Asymptotic distributions will be derived under the assumption that in (2.1) the indica-
tors are not needed because v; = 0 for all 4, that is, (y; — 8'x;) /o are i.i.d. with density
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f. The main result, given here shows that in the analysis of one-step M-estimators
~ !
the indicators 1(.<,,<z), based on the normalized residual v¢ = (y — 3 ¢)/@;, can be

replaced by 1(.,<c,<e0) combined with correction terms. This shows how the limit
distributions of the initial estimators B and 62 influence the limit distribution of the
robustified estimators. The result is the basis for any further asymptotic analysis and
can be applied both for stationary and trend stationary regressors, and for unit root
processes, but not for explosive processes.

It is convenient to define product moments of the retained observations for any two

processes u; and w; as Sy, = Zthl ww; 1 (c<v,<z), SO that the robustified estimators
(2.5) and (2.6) become

¢

= S;xlsmy7 (31)
oo = (1 - O‘)(Tgsll)_l(syy - Sny;xlsxy)-

[\

The estimator &7 for the variance of residual r; can be chosen from a wide range of
. . . ~ ~ T _ .
estimators including 6 and 6°{1 — 2}(3_,_, .7.) '@ }. These estimators do, however,

have to satisfy the following condition.
Assumption B The estimator &} is chosen so max;<;<r TV/?|0} — 6% = op (1).

We can now formulate the main result which shows how the product moments S,
depend on the truncation points ¢ and ¢ and the initial estimators 5 and 2.

Theorem 3.1 Consider model (2.1), where v; = 0 for all i, and there exists some
estimators (B, 62) and non-stochastic normalization matrices Np — 0, so that
(i) The initial estimators satisfy

(a) TV2(6% = 0®), (N7')'(B =) =Op (1),

(b) &F satisfies Assumption B.
(13) The regressors satisfy, jointly,

(a) Np S, 2N}, By %o,

(b) TN o) 20 > g,

(¢) maxi<r E|[TY2Npa | = O (1).
(7i1) The density f satisfies Assumption A, and ¢ and € are chosen so that T = 0.
Then it holds

T71511 i 1-0&,
NrSpNLk 2 (1-a)%,
TV°NpSy = (1—a)u. (3.5)
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For &, = (©)"f(¢) — (¢)"f(¢c) and 75 = f; v*f(v)dv we find the expansions

T
NTSxa = NT Z{xtgtl(gagetgaf) + ff{l’ﬂl‘;(ﬁ - 6) + 55(6 - O-):I:t} + op (]-) ) (36)

t=1

T

See = Z{s?l(gaggtgzg) + USE(B —B)wi+0&5(6 — o)} + op (T1/2) . (3.7
=1
T

Sll - Z{l(gagatgza) + 58(3 - ﬁyl’t/(f —+ 5;(6’/0’ — ]_)} + op (T1/2) . (38)

t=1

Combining the expressions for the product moments gives expressions for the one-
step M-estimators of the form (3.1), (3.2). The expressions give a linearization of these
estimators in terms of the initial estimators. For particular initial estimators explicit
expressions for the limiting distributions are then derived in the subsequent sections.

Corollary 3.2 Suppose the assumptions of Theorem 3.1 are satisfied. Then

T
(1- O‘)E(NT_l)I(B —B)=Nr thgtl(gagstgoE)
t=1
+HES(NFY (B = B) + T2 (6 —o)u+op (1), (3.9)
T C
. . _ T
72T1/2(0'2 _ 0'2> =T 1/2 ;(5? — 0'2 . _2a>1(20§5t§05)

+o ¢S (NFYY (B = B) + oCiTY?(6 — o) 4+ 0p (1), (3.10)

where (¢ =& — &0 ,15/(1 — «). It follows that

n

{(NgY) (B = 8),TY?(5% = 0)} = Op (1), (3.11)
so that (B,5%) > (B, 02).

The proofs of Theorem 3.1 and Corollary 3.2 are given in §6. It involves a series of
steps. In §6.1 a number of inequalities are given for the indicator functions appearing in
S:» and S,., and in §6.2 we show some limit results which take care of the remainder
terms in the expansions. The argument involves weighted empirical processes with
weights z,7}, T8, €7 and 1 appearing in the numerator and denominators of B and 5°.
Weighted empirical processes have been studied by Koul (2002), but with conditions
on the weights that would be too restrictive for this study. Finally, the threads are
pulled together in §6.3.

The assumptions (ii,a) and (i7,b) are satisfied in a wide range of models. The
assumption (74, c) is slightly more restrictive: It permits classical stationary regressions
as well as stationary autoregressions in which case Ny = T—2 and trend station-
ary processes with a suitable choice of Np. It also permits unit root processes where
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Ny = T, as well as processes combining stationary and unit root phenomena. The
assumption (74, c) does, however, exclude exponentially growing regressors. As an ex-
ample let 2, = 2!, In that case Ny = 277 and max,<p TY/22772¢ = T2 diverges.
Likewise, explosive autoregressions are excluded.

Similarly, the assumption (i, b), referring to Assumption B, is satisfied for a wide
range of situations. If &7 = 42 it is trivially satisfied. If & = 62{1—a}(Y L, z.2’)'a,}
as in the computation of the robustified least squares estimator the assumption is
satisfied when the regressors x; have stationary, unit root, or polynomial components,
but not if the regressors are explosive. This is proved by first proving (ii, a, ¢) and then
combining these conditions.

The assumption that 7¢ = 0 is important. If it had been different from zero then
€t1(co<e<oz) Would not have zero mean and the conclusion (3.11) would in general fail
because Np.S,. would diverge.

4 Asymptotic distributions in the stationary case

We now apply Theorem 3.1 and Corollary 3.2 to the case of stationary regressors
with finite fourth moment where we can choose Ny = T—'/2],,. With this choice the
assumptions (i7)(a, b, ¢) of Theorem 3.1 are satisfied by the Law of Large Numbers for
stationary processes with finite fourth moments.

The stationary case covers a wide range of standard models:

(1) The classical regression model, where z; is stationary with finite fourth moment.

(#7) Stationary autoregression of order k. We let v, = X; and z; = (X;—1... Xy¢)".
An intercept could, but need not, be included as in the equation
k
Xe =) ;X j+pter

J=1

(171) Autoregressive distributed lag models of order k. For this purpose consider a p-
dimensional stationary process X; partitioned as X; = (y, 2;)’. This gives the
model equation for y; given the past (X, s <t —1) and 2

k
Yr = Z Oé;-Xt—j + B2 + My + Et.

j=1
Here, the regressor z; could be excluded to give the equation of a vector autore-
gression.

4.1 Asymptotic distribution of the robustified least squares
estimator
In this section we denote the least squares estimators by (8,62) and we let (3., 52¢)

be the robustified least squares estimators based on these, as given by (2.4), (3.1), and
(3.2). We find the asymptotic distribution of these estimators with a proof in §7.
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Theorem 4.1 Consider model (2.1) with vy, = 0 for all i. We assume that x; is a
stationary process with mean p, variance %, and finite fourth moment so we can take
Np = T721,,,, and that &7 satisfies Assumption B. The density f satisfies Assumption
A, and ¢ and ¢ are chosen so that 7{ = 0. Then

B,e—B \ D Qs Q.
T1/2 < 5-2[/5_ 02 — Nm+1{07 Qi Qa- },

LS

where
Qs = (S + kS 'S,
Q = It R 'S ),
Q= 200, + Rop'S ),

and

(L—a)’ns = 75(1+26) + (&),

(1-afrs = G388 — 1)+ Ers +75),

-y = Crs )+ g - Ly By
L€ + 20+ 5ms).
(1— )Tk, = (<;> 75
2y, = (ri— By ¢+ Bl oy

2(15)° ke = C5(C5 4 275 + (573).

For a givenf, a, ¢, and ¢, the coefficients n and x are known. The parameters (6%, %, 1)
are estimated by 5% ¢, see (3.11), NpS,eNp/(1—a), see (3.4), and T~/*>NpS,./(1—a),
see (3.5), respectively, so that, for instance,

SN v _ v o D
(S + ST RS R) T 2e T 2 (Brs — B) = Ny (0, Iy,) -

The case where f is symmetric is of special interest. The critical value is then
c=-—c=cand 73 =75 =0 and & = £ = 0 so (5 = 0, whereas £] = 2cf (¢) and
&5 = 2% (c) so ¢§ = {? — 75/(1 — a)}2cf(c). Tt follows that kg = Kk, = k. =1, = 0.
Theorem 4.1 then has the following Corollary.

Corollary 4.2 Iff is symmetric and the assumptions of Theorem 4.1 hold, then

2, a1 0
T1/2( BLS B > D Nm+1{0, ( o 77% " )}7

ULS—O 20°n,
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Figure 1: The efficiency of the estimators B g and 5% ¢ with respect to the least squares
estimators 3 and 62, respectively, for f equal to the Gaussian density.

where, with £ = 2cf (¢) and (5 = {? — 15/(1 — a)}2cf(c), it holds
(I—a)’ny = 75(1+2€7) + (§1)°,

25, = (75— Ty )+

(7'4 — 1)

Corollary 4.2 shows that the efficiency of the indicator saturated estimator ¢ with
respect to the least squares estimator [ is

efficiency (5, §,5) = {asVar(Bp5)} ' {asVar(5)} = ;"

Likewise the efficiency of &g is efficiency (62, 67¢) = ;' In the symmetric case the
efficiency coefficients do not depend on the parameters of the process, only on the
reference density f and the chosen critical value ¢ = ¢ = —c. They are illustrated in
Figure 1.

4.2 The indicator saturated estimator

The indicator saturated estimator, B Sat> 1S @ one-step M-estimator iterated twice. Its
properties are derived from Theorem 3.1. We first prove two representations corre-
sponding to (3.9) and (3.10) for the first round estimators 3, 6 based on the least
squares estimators (3; and 6. Secondly, the limiting distributions of these first round
estimators are found. Finally, the limiting distributions of the second round estimators
; Sat> Osat are found.

Theorem 4.3 Suppose v, = 0 for all i in model (2.1), and that x; is stationary with
mean (1, variance Y, and finite fourth moment, and that d)il and 0332 satisfy Assumption

11
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B. The density f satisfies Assumption A, and ¢ and ¢ are chosen so that 7¢ = 0. Then,

for j = 1,2 it holds, with A\; + Xy = 1 and \; > 0, that

Tt th e At T! thxg e A2 (4.1)

tGIj tGIj

12

Defining (¢ = £ —£¢ 7502 /(1—a) and the function hy = (M/A2) ez (Ao /A1) e,y

Then it holds that

T
1—a)ST?(B-8) = T (el er<eicon + hilier}
t=1
+E2uhy (20— 0)] + o0 (1), (4.2)

TSTYV2(52 —6?) = T2 Z{(gf — 0217__2a)1(20§6t§05)
t=1

(o

+o 'S e shy + 0%(5?/0 —o)h} +op(1). (4.3)

The asymptotic distribution of the first-round estimators 3,52 can now be deduced.
For simplicity only (3 is considered.

Theorem 4.4 Suppose v, = 0 for all i in model (2.1), and that x; is stationary with
mean (i, variance Y, and finite fourth moment, and that @?,1 and d)ig satisfy Assumption
B. The density f satisfies Assumption A, and ¢ and ¢ are chosen so that 7 = 0. Then

TYV2(3 = 8) 2 Ny {0,062 (S + kX ')} (4.4)
where
AN
(1_04)277 = 75 (1+287) + (51) (_ )\2>
1 2 _ c 1 c 1 )\g )\% c
(I-a)s = fz[{zéé(ﬂ— )+§1T3}(A_1+/\_2)+T3]'

We note that the result of Hendry, Johansen, and Santos (2008) is a special case
of Theorem 4.4. They were concerned with the situation of estimating the mean in an
i.i.d. sequence where ¥ = 1. Due to the relatively simple setup their proof could avoid
the empirical process arguments used here.

In the special case where A\; = Ay = 1/2 then the limiting expression for Bis exactly
the same as that for the robustified least squares estimator 3, in that n = ns and
R = Rg.

We finally analyse the situation where we first find the least squares estimators in
the two subsets Z; and Zs, then construct 3 and finally find the robustified least squares
estimator 5 sat Dased upon 6 For simplicity we consider only the symmetric case.
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Theorem 4.5 Suppose v, =0, t =1,...,T in model (2.1), and that x; is stationary
with mean p, variance X, and finite fourth moment, and that d)ij and &? satisfy As-
sumption B. The symmetric density f satisfies Assumption A, and ¢ and ¢ are chosen
so that 7 = 0. Then

T1/2<BSat - 6) B) Nm(07 02271773(115)7
where
A
A2

A5

I

(1= )" nge = (1 — a +EDTE{(1 — a +&7) + 2(£9)*} + (€D ). (4.5)

The assumption to the residual variance estimators is satisfied in a number of
situations. If d)ij = 6? and O = &° then Assumption B is trivially satisfied. If
d)? = (3?{1 + x;(zsﬂj z,x") "tz } then Assumption B is satisfied due to the difference

in the order of magnitude of z; and }_ .7 ..

5 Asymptotic distribution for trending autoregres-
sive processes

We first discuss the limit distribution of the least squares estimator in a trend station-
ary k-th order autoregression, and then apply the results to the indicator saturated
estimator. Finally, the unit root case is discussed.

5.1 Least squares estimation in an autoregression

The asymptotic distribution of the least squares estimator is derived for a trend sta-
tionary autoregression. Consider a time series y;_,...,yr. The model for gy, has a
deterministic component d;. These satisfy the autoregressive equations

k
Y = Z*yin- + ngt,1 + &4, (51)
=1

dt = Ddtfb

where ¢, € R are independent, identically distributed with mean zero and variance o2,
whereas d; € R’ are deterministic terms. The autoregression (5.1) is of the form (2.1)
with 2} = (yi-1,.. ., %, d;) and 3" = (vy,...,7, @), so m = k + £. The least squares
estimator is denoted (3, 52).

The deterministic terms are defined in terms of the matrix D which has character-
istic roots on the complex unit circle, so d; is a vector of terms such as a constant, a
linear trend, or periodic functions like seasonal dummies. For example,

1 0 . 1
DZ(O—l) with do—(1>

13
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will generate a constant and a dummy for a bi-annual frequency. The deterministic
term d; is assumed to have linearly independent coordinates, which is formalised as
follows.

Assumption C |eigen (D)| =1 and rank (dy, . ..,d,) = ¢.

It is convenient to introduce the companion form

o (v Vi) Y © 3
_ . _ 199 Tk=1 k _ — t
}/;,—1_ . ) A_{ kal 0}7 (I)_(0>7 et_<0)7

Yt—k

so that Y; = AY; 1 + ®d,_1 + e;. Focusing on the stationary case where |eigen (A)| < 1
so A and D have no eigenvalues in common, Nielsen (2005, §3) shows that

Y=Y+ V¥d, where Y, = AY," | +e,

and W is the unique solution of the linear equation ® = VD — AWV.
A normalization matrix Nt is needed. To construct this let

T
Myp = (Y dyad;_y) ™2,
t=1

so that My ZtTZI dy_1d,_ M. = I,. Equivalently, a block diagonal normalisation, Np,
could be chosen if D, without loss of generality, were assumed to have a Jordan structure
as in Nielsen (2005, §4). Theorem 4.1 of that paper then implies that

T
T2Mr 3 dyy — pp,
=1
for some vector pp,. For the entire vector of regressors, x; = (Y, ;,d; ), define

(T2 0 I, -9
= (T 0 ) (B ) 52

Theorem 5.1 Let y; be the trend stationary process given by (5.1) so |eigen(A)| < 1,
with finite fourth moment and deterministic component satisfying Assumption C. Then,
with By = > 72, A'Q(AY and Sp = I, and pp = limy_o T2 My Zle d; it holds

T !
Yia Yia ;P def ( Xy 0
W) () s (N ) e

TV2N, Z(YH) LA Hdéf<0), (5.4)
di—1 12%5)
max |[Mpd,| = O(T~Y?), (5.5)

1<t<T

NTZ (ZZ : ) D N,(0,07%). (5.6)

t=1
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In particular, it holds

(NZY(B=5) = Nu(0,0°57), (5.7)

TY?(5% —0?) = T2 i(s? —0?) +op (1) =0p(1). (5.8)

t=1

A conclusion from the above analysis is that the normalization by N7 involving the
parameter separates the asymptotic distribution into independent components. This
will be exploited to simplify the analysis of the indicator saturated estimator below.

5.2 Indicator saturation in a trend stationary autoregression

We now turn to the indicator saturated estimator in the trend stationary autoregres-
sion, although only the first round estimator (3 is considered. As before this estimator
will consist of a numerator and a denominator term, each of which is a sum of two
components. The main result in Theorem 3.1 can then be applied to each of these
components.

Theorem 5.2 Let y; be the trend stationary process given by (5.1) so |eigen(A)| <
1, with finite fourth moment, deterministic component satisfying Assumption C, and
d}f’j satisfies Assumption B. Suppose the density f satisfies Assumption A, and the
truncation points are chosen so that 7¢ = 0. Finally, assume that

lim My Y didiMp = Xp; >0, (5.9)
T—o0 teT;

lim T7Y2Mr Y dy = pp,, (5.10)
T—o0 tez; k

where Xpy + Xpa = Ly and jipq + ppo = p and define
0 Ay 0
L= , E = J .
5= () 5= (07 s )

(B — B)N;' 2 Ny(0,0°8 71087, (5.11)

Then it holds

where

(1—a)?® = 75(1+2)8 + (§)* (225182 + 5155 '50)

£, o1 §5 0, Mally | Hyjty

52 -4 —1)(22)2(H22 M

2(/"’2/’1’1+/’L1/’L2)(A1 +)\2)+(T4 )(2) ( Al + )\2 )
E565 1oty BT S0 4+ SoX1 g pth | pyph S5 1 + 2155 o

T3y ( " + " )

C
+75

+

15
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A closer look at the expression for ® shows that it is block diagonal. The variance for
the autoregressive components is (1 —a)?®y = Sy {75(1+265) 4+ ()2 X201 ).
The somewhat complicated limiting covariance matrix for the deterministic terms, ®p,
simplifies in two important special cases highlighted in the next Corollary. This covers
the case where the reference density f is symmetric so £5 = 0 and the terms involving 1,
disappear. Alternatively, the proportionality ¥p ; = A;Iy and pup ; = A\jup would also
simplify the covariance. In §5.3 it is shown how this proportionality can be achieved
by choosing the index sets in a particular way.

Corollary 5.3 If f is symmetric then & =0 so
(1= a)®® =751+ 265)Z + (£5)* (X227 'S + 5155 '%).

If ¥pj = Nl and pp ; = Ajup then ¥ = N5 and p; = Ajj so @ = ng¥ + kg,
where the constants ng, kg were defined in Theorem 4.1.

5.3 Choice of index sets in the non-stationary case

Corollary 5.3 showed that the limiting distribution for the trend stationary case reduces
to that of the strictly stationary case in the presence of proportionality, that is, if
Ypj = NIy and pp; = Ajup. This can be achieved if the index sets are chosen
carefully. The key is that the index sets are, up to an approximation, alternating and
dense in [0, 1], so that for any 0 <u <wv <1,

1 int(Tv)
- > dpery = A (v—u), (5.12)
teint(Tu)+1

where A\; + A2 = 1. The alternating nature of the sets allows information to be accu-
mulated in a proportional fashion over the two sub-samples, even though the process
at hand is trend stationary. Two schemes for choosing the index sets are considered.
First, a random scheme which is, perhaps, most convenient in applications, and, sec-
ondly, a deterministic scheme. The random scheme is not far from what has been
applied in some Monte Carlo simulation experiments made by David Hendry in similar
situations.

5.3.1 Random index sets

We will consider one particular index set which is alternating in a random way. Gen-
erate a series of independent Bernoulli variables, <1, ..., ¢y taking the values 1 and 2
so that

Pl =1)= A, P(st =2) = Ay, SO M+AN=1

for some 0 < A1, Ay < 1. Then form the index sets

Iy =(t:¢=1) and Ty =(t:¢=2).

16
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The index sequence has to be independent of the generating process for the data, so
that the data can be analysed conditionally on the index sets. In the following we will
comment on examples of deterministic processes and unit root processes.

Consider the trend stationary model in (5.1). Since the index sets are constructed
by independent sampling then

T T
E(Np Y " waiNp) = E{Np Y (2:2))Np}EL—j = E{Nr Y ma|Np I — A%,

tel—j t=1 t=1

T T
E(T72Np Y x) = E(T 2Ny w)El—y = E(T°Nr Y " z)); — Ajp.

teL; t=1 t=1

5.3.2 Alternating index sets

It is instructive also to consider an index set, which is alternating in a deterministic
way. That is
Z; = (t is odd) and  Zy, = (tis even).

This index set satisfies the property (5.12) with A\; = Ay = 1/2.

Consider the trend stationary model in (5.1) where the eigenvalues of the deter-
ministic transition matrix D are all at one, so only polynomial trends are allowed. For
simplicity restrict the calculations to a bivariate deterministic terms and let 7" be even,

so with
1 1 0
dt:(t)’ QT:<0 Tl)v

the desired proportionality then follows, in that

TG Y diiQr = T Y dun@r— 3 ( 1y 1
T t T — T = 2t+j 2t+j T 1/2 1/3 )

tel; 2

7! G = T0r S s (]
QT Z t QT Z 245 7 .
=0 1/2

tel; 2

The proportionality will, however, fail if the process has a seasonal component with
the same frequency as the alternation scheme. If for instance d; = (—1)" and T even
then it holds that

_ 1 _ L &
KUp1 =T Z (_1)t = _5’ HUp2 =7 Z (_1)t = §a p="T 1;(_1)t =0,

tely tels

8O fip j # Ajjt, and proportionality does not hold. The proportionality will only arise
when information is accumulated proportionally over the two index sets, either by
choosing them randomly or by constructing them to be out of sync with the seasonality,
for instance by choosing the first index set as every third observation.
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5.4 A few results for unit root processes.
Consider the first order autoregression
X =06X_1+ ey, (5.13)

where § = 1 gives the unit root situation, and we assume for simplicity that f is
symmetric so {5 = 0 and the term involving k; falls away. The Functional Central
Limit Theorem shows that

int(T'w) €t 1(t€I1) D W1y
T2 Z etler,y ¢ — | wou | =W,
=1 Elal<o wy,

where W, is a Brownian motion with variance matrix

)\1 0 )\17’5
0 )\2 )\27’5
MTS AoT§ TS

From the decomposition

T T
ZXE 1= ZXt 11(teI ZXtQ—l/\j + ZXE—1 {1(tte) - Aj} )
t=1 t=1

tel;

it is seen that the first term is of order 72, whereas the second term has mean zero and
variance M\ F(31_, X1 ,); it is therefore of order T%/2. Tt follows that

1
ZXE LY X I,ZXE ) )\1,)\2,1)/0 wldu,

tely tels

where w, = wi, + wo, is the Brownian motion generated by the cumulated ;. The
information accumulated over each of the two sub-samples are therefore proportional
to fol w2du. Tt follows from Theorem 3.1, that the first round indicator saturated
estimator satisfies

T(B RPN Lo} fo Wy, d {w + Q(ifi )a(,\fl)\gzu;;jt Ay Alw%)}
0

When ¢ — oo then w¢ L, w, while of (¢) — 0 and @ — 0 giving the usual Dickey-Fuller
distribution,
D fo Wy, dwy,
fol w2du
While the limiting distribution is now different from the stationary case, the relevant

modification corresponds to the usual modification of normal distributions into Dickey-
Fuller-type distributions when moving from the stationary to the non-stationary case.

T(B-1)=

18
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Nearly the same arguments apply as with random index sets. In this case the
definition of the Brownian motions becomes

int(Tu/2) E9t_1 W1y,

_ D

T2 E Eat — | wa | =W,
t=1 etl(ley<e) Wy,

6 Proof of main result

The results of Theorem 3.1 concern the matrices

T T
NTSxa:N/ = Z NTxtxéNé“l(ggvtSE)a NTSxa - Z NTxtgtl(ggvth)-
t=1 t=1

For NrS,,NJ. the main idea in the proof is to approximate w;v; = & — (B B) x
by &; and the indicator 1(.<,,<e) by 1(co<c,<e0), because the limit of the approximation

Zthl Nray 2y Npl(co<e,<eo) is €asy to find. It turns out that the approximation involves
terms from the preliminary estimator of 5 and ¢. In the proof of Theorem 3.1 this
replacement is justified using techniques for empirical processes and in particular Koul
(2002, Theorem 7.2.1, p.298).

We define the normalised regressors zr; = TY/?Nrxz; and the estimation errors
th = @t — 0, dT =6 — o and I;T T_I/Q( ) (ﬁ B) Then T1/2(&T,8T) = Op(l)
and TY2max,<i<r |7y — ar| = TY? max;<;<r |wt — 6| = op(1) by assumption (i) of
Theorem 3.1. Note that

Gy =& — (B — B)wy = & — {T (N7 (B = B)Y (TY*Nray) = & — Vpary, (6.1)

so that R
(c<w <?) ={clo+an) <& —bprp <C(o+ar)}.

We define u = (a, ') and

[ ( ) - It (CL b) 1{0 (o+a)<et—Vaxr<é(o+a)} — 1(ga§5t§60)7 (62)

and find for the denominator Nr.S,, N/,

T T
NrSeaNp = T wnahlecu<n =T 20iipy Lo, <z0) (6.3)

t=1 t=1

T T
+T71 Z 'TTt'T,Tt{]t(th7 l;T) — It(dT, BT)} + Til Z Z'TtZ'ITtIt(CALT, lA)T)

t=1 t=1

We then have to show that a;7 is so close to ar that the second term tends to
zero, and if we can show that 7' 321 | 2%, I (a, b) is tight as a process in (a, b) and
because TS w7l 1;(0,0) = 0, and (ag,br) = Op(T"/?), we find that the last
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term tends to zero. Finally we find from the Law of Large Numbers the probability
limit of the first term.
Similarly we find for Np.S,.

T T
NTSJ:E - T71/2 Z thgtl(ggvtgi) = T71/2 Z thEtl(gogetgﬁcr)
t=1 t=1

T T
+71/2 Z wred{ L, br) — L(ar, by)} + T Z vricidi(ar, br)
t=1 t=1

The limit of the second term will be shown to be zero because ar; is very close to ar.
We get a contribution from the third term, which we decompose at the point (a,b) as

T T
T2N wpedi(a,b) = TV wpledi(a,b) — E_i{edi(a,b)}]

— t=1
T
+71/2 Z rrE-1{eifi(a, )}
t=1

The first of these tends to zero, and for the second we find that a linear approximation
to the smooth function E;_1{e;I;(a,b)} is a&s + b'zr&S, and we therefore introduce the
processes, for /,m =0,1,2,

T
Mp™ = T7Y? Z 9m (@r¢) ei{Te(are, br) — Li(ar, br)} (64)

t=1

WeE™ (a,b) = (z11) €41, (a, b) (6.5)

IIM%

VE™ (a,b) = %ngw (e, (a,) — 0" (kS + Hon€d)} . (6.6)
t=1

where the function g, is given as

Jo (IETt) =1, 0 (ITt) = XTt, g2 (th) = thxth- (6-7)

Lemma 6.4 below shows that o‘~1(a&f 11+ V'xpgy) is an approximation to the condi-
tional mean of £{1; (a,b) given the past. Theorems 6.5, 6.6, and 6.7 below show that
as T — oo and if TV2(ap, by) is tight, then

Mp™ 20, Wi ar,br) 50 and  VeM(ar br) 50,0 (6.8)

Some equalities and expansions are established initially in §6.1. The remainder
terms are analysed in §6.2. Finally, the threads are pulled together in a proof of
Theorem 3.1 in §6.3.
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6.1 Some initial inequalities and expansions
We define the indicator function 1(.<.<y) as
Le<e<r) = Lespilesy) = le<o b

We first prove an inequality for differences of such indicator functions.
Lemma 6.1 Fore < f, ey < fy, and ¢ > max(|e — egl, | f — fo|) we have
[Le<e<s) = Lieoze<to)| < Lemeol<c) + L(je—fol<0)-

Proof of Lemma 6.1. Frome = ep+(e—eg) and [e—ep| < ( we find eg—( < e < eg+(
and similarly fo — ( < f < fo + (. Hence using the monotonicity in e and f, we find

Leotege<so-0) S Liege<s) < Lieo—¢<e<for)-
Because the same inequalities hold for 1;.,<.<} we find
[Lese<s) = Leozesso)l < Lio—czesfore) = Leorcseso—¢) < Le—eol<e) T L(e=sol<0);

where the last inequality is found by exploiting that eq < fy by assumption so
Leo—c<e<iore) = Lieo—c<horo{lehore) = Leseo—} = Le<sore) = Lie<eo—0);
whereas 1eot¢>fo—¢) {Le<eot¢) = Le<po—¢)y = 050

~L(eorc<e<fo-0) = Lieorc<fo- 1 Le<eore) = Le<fo-0)} < Lie<eore) = Lie<fo—0)-

Now, apply this result to the indicator function I; (u) introduced in (6.2). Note
that I; (0) = 0 and introduce the notation, for some § > 0, and ¢ = max(|c|, [¢]),

Ji(u, ) = e, —c(o+a)-bar | <s(ctlerd)} T Llee—a(o-ta)—bar, | <6(c+lwr)}-

"and |u — up| < 0 we have

Lemma 6.2 For u = (a,b'), uy = (ao, b))
| 1e(u) = Ti(uo)| < Ji (uo, 0)
Proof of Lemma 6.2. The object of interest is

[t(u) - [t<u0) = 1{£(U+a)+b'$nS€tSE(U+a)+b'fth} - 1{£(U+ao)+%$ﬂS6t§5(0+a0)+b6$ﬂ}‘

The inequality follows from Lemma 6.1 by the choice e = ¢(o + a) + Vag, eg =
(o + ag) + by, f=7¢(0+a)+bar, fo="7(0+ag) + byxry, and ¢ = d(c+ |x7y]). ®

Introduce the notation E;_; for the expectation conditional on the information given
by (zs,€5,8 <t —1,2¢).

21
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Lemma 6.3 For { € Ny, let u = (a,b)’, uy = (ao, b))’ be random and Ele;|* < oo.
Then it holds with ¢ = max(|c|, |¢|) that

Et71’€t|ét]t<u07 5)
460 (¢ + |2 py|) sup |v[f(v).

veER

Et,l{l(\u,u()@)]st\ﬂlt(u) — Li(uo)|} <
<

Proof of Lemma 6.3. The first inequality follows from Lemma 6.2. The function
Ji(ug, d) is nonzero on two intervals of total length 45(c + |z1y|), and the integrand
|e1|“f(e1/0) /o is bounded by o“~!sup,cg [v]f(v), so that the second inequality holds.
n

Finally, an approximation to the conditional expectation of &,1;(u) follows.

Lemma 6.4 Let f have derivative f'. For u = (a,V')" and |u| < § it holds for ¢ € N

|Eeo1 {etle(u) } — 0 (a€ly + Varh)| < 267 Suﬂg{ﬁlv!“f(v) + [V (0) 1 + |zrel),
ve

where ¢ = max(|c|, [¢]) and & = () (¢) — (¢)f (c) .

Proof of Lemma 6.4. Let 1(c) = (¢/0)" f(¢/0). A second order Taylor expansion
gives

co+h 1
| vl = hifer) + 510 (o),

o

for ¢* satistying |oc — oc*| < h. Thus

c(o4a)+b zry

o' By {ef i (u)} = /g( Y(e)de — /: Y(e)de =S — S,

o+a)+b zry

where

(¢a + b'xqy ) (co) + %(Ea +Var)*Y (oc),

[ Wl
I

= (ca+ bzr)Y(co) + %(ga + Vo) (0c) .
Using ¢(co) = c*f(c) the first order term of S — S is

(@a + V'op) (@) (@) — (ca+ Var) () F(c) = ak,y + Vanks.
Using (|c|a + b'zpy)? < 26%(2 + |z7¢|?) the second order term is bounded by

20%(c% + |zre|?) sup [ ()] < 20%(c2 + |z74)?) su£{€|v|£*1f(v) + [v'f'(v)]}.
ve ve



SATURATION BY INDICATORS IN REGRESSION MODELS 23
6.2 Some limit results

The first result on Mé’m shows that we can replace the estimator, d)f, of the variance
of the residuals with 2.

Theorem 6.5 Let ¢ € Ny and m € {0,1,2}. Suppose that

(1) O7TY? max,<i<7 |Gy — ar| = Op(1), for some Oy — oo

(1) max,<r E |z7,° = O(1),

(ii7) sup, [v[*f(v) < oo and Ele;|* < oo.Then it holds for T — oo that

Z7m —_—
M

“\
—_

T
Z ITt 5t{It<atTabT> It(&TubT)} i 0

Proof of Theorem 6.5. Due to condition (7), for all { > 0 there exists a U > 0

so that for large T then P(07T"/?max,<i<r |G — ar| < U) > 1 — (. Thus, with

o = UT~Y207, it suffices to show that | M1 max, coer [ar—ar /<) %0, and in turn

by the Markov inequality it suffices to show S = E|]\4j{’m|1(male <ier laer—ar|<sr) — 0.
Using the triangle inequality and taking iterated expectations it holds

T
1 o o
T Z |th|mEtfl{€f|—[t(atT7 bT) - —[t<aT7 bT)|1(max1§t§T &tT_dT‘SéT)}'

Lemma 6.2 then shows

T
S < 467720 sup{|v|“f(v) }a 1T 1EZ|ZE’T,§| (c+ |zre).

veER —1

This vanishes since 6772 — 0 and the other terms are bounded. m

Theorem 6.6 Let ¢ € Ny and m € {0,1,2}. Suppose that
(i) (ar,br) = Op(T '),

(i1) max;<p E |zr ™ = O(1),

(iii) sup, |v[“f(v) < co and Elg;|* < .

Then it holds for T — oo that

W™ (g, br) = (z7¢) €81, (ar, br) 2 0, (6.9)

IIMH

where g, was defined in (6.7) as 1, xpy, xraly, for m = 0,1,2, so that |gm,(x7:)| <
|th‘m.

Proof of Theorem 6.6. Due to condition (7), for all ¢ > 0 there exists a U > 0 so
that for large T then P{| (i, br)| < T-Y2U} > 1 — (. Thus, it suffices to show that
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SUD|y | <-1/27 |W£’m (u) | KR 0, and in turn by the Markov inequality it suffices to show
that Esup, <r-1/2¢ |WE™ (u) | — 0.

Because I;(0) = 0 then [;(u) = I;(u) — I;(0). Lemma 6.2 then shows |[;(u)| <
Jy (0,T-2U) for |u| < T~2U. Thus, using the triangle inequality it holds

T
sup | Z |.13Tt| |€t| Jt O T_1/2U)

lu|<T-1/2U

Then take iterated expectations

T
m 1 m -
S=E{ sup |WE (u)|}§ETZ|th| E,1|e| T, (0, T~2U). (6.10)

lul<T-1/20 P

Apply Lemma, 6.3 with 6 = 7~Y/2U and find

AU /-1
S < TZW g (+ lor) sup Jolf(0)

—_ ]‘ m m
- A s {0} S ™) + Een ™),
v t=1

which vanishes due to Assumptions (i) and (i7i). =

Theorem 6.7 Let ¢ € Ny and m € {0,1}. Suppose that

(i) (ar,br) = Op(T1/?),

(i1) max;<p E |zr|* = O(1),

(i11) supyep { (o]t + |v]* + v*)f (v) + [v'F'(v)|} < oo and E|e,|* < oco.
Then it holds for T'— oo that

lei’ (CZT, bT = I'Tt {&“tft CLT, bT) — 06 (dT€Z+1 + IA?,TI‘thZ)} £> 0.

IIM’%

Proof. As in the proof of Theorem 6.6, using condition (7), it suffices to show that

m P
SUp|y|<T-1/2U V3™ (u )| — 0. ) .
1. Decompose V as a sum of martingale differences V and a correction term V
so V™ (u) = Vi (u ) + Vr(u), where

V() = izgmm)[afft (u) — By {1, (u)}]

Vir(u) = ng vr)[Eoa{eth ()} — 0 NawsG,y + Vponi€))]
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It has to be shown that the supremum of each of these terms vanishes.
2. The term V(u). Using first the triangular inequality and then Lemma 6.4 with
§ = T7Y2U gives

T
— 1 m 1/, ec c
sup  [Vr(u)] < sup  —= > |on|™ [Ei{efl (w)} — o' (a€Ey, + Vang))|
t=1

lu|<T-1/2U0 lu|<T-1/2U

< 202 sup{£fo|H(v) + [v'F'(v) T3/2 Z 7™ (¢ + |$Tt| )

vER
_ OP(T_1/2),

by Assumption () and (i), because maxy<7(E |z7|™ , E |z ") is bounded.

3. The term Vp(u). For a given , to be chosen later, choose |u;,| < UT~V2, k =
1,...,K and By = (u : |u —ug| < xT7Y2, |u| < UT7Y%)T~1/2 as a finite cover of
(u : |u| < UT~Y2). Thus, for any u we have u € By for some k. In particular, it holds
for u € By,

Ve(u)| < [Ve(u)| + Ve (u) = Ve(ug)| < maX|VT(Uk)| + max sup [Vr(w) = Vir(ug)|.

u€E By,

4. The term max;, |V (uy,)|. Because Vi is a sum of martingale differences then

T
1
Var{VT ug)} = E E G (@7t) g (27¢) Var, 1{€tIt (uk)}]
t—1

From Lemma 6.2 with uo = 0, 1, (0) = 0, and |uy,| < UT /2 we have {e{1; uk)} <
e2! J2(0,UT~/?). Further, by the inequality (a+b)? < 2(a?+b?) we have JZ(0,UT~1/?) <
2.J,(0,UT~1/?), so that from Lemma 6.3 we find

U
Ee1 {ef]; (w } < 2B, 120,(0,UT/?) < 8T1/202€*1(c+|th|)suﬂg|v|2€f(v). (6.11)
S

Since Var;_1{e‘I; (ug,)} < E;4 {gflt (uk)}2 it then holds

U1 20 2m
e sup{vf }ZE{|ITt| (c+|zre))} < T2

t=1

Var{VT(uk)} < —

because maxy<r(E |zr:|*™ , E |zr/*""") is bounded. Using first Boole’s inequality and
then Chebychev’s inequality it then holds for a ¢ > 0 to be chosen later

P{max [Vr(u)l > ¢} = P J{IVe(u)| = ¢} <Y P{IVr(ui)| = ¢}

1 & coK
% 0
k=1

IN
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for fixed K (and x) and T" — oo. .
5. The term maxy sup,cp, |Vr(u) — Vr(ug)|. The inequality in Lemma 6.2 shows

sup [Vr(u) — Vr(w)| < Zr (k)

UGBk

where
T

> lwr™ el i, T2x) + Ea{ e Ju(u, T72X)1),

t=1

1

Zr (k) = 71

because |u — wuy| S_T_l/ 2. Again, write Zr - as a sum of martingale differences ZT and
a correction term Zr so Zr (k) = Zr (k) + Zr (k) where

~ 1

T
Zr (k) = 2 3 ferd ™ lled il T30 = Ea{ladl e, T2,
t=1

T
2 m _
Zr(k) = o5 > lonl™ Ba{led Ju(u, T2}
t=1

6. The term maxy, Zr(k). Lemma 6.3 shows

T
— 1 .
max Zp(k) < 8xsu]11§{lv|‘ff(v)}f > |or|™ (e + |zre]) = Op(x), (6.13)
ve =1

due to Assumptions (i), (i) .

7. The term maxy, Zp(k). Since Zp(k) is a sum of martingale differences then

Var{ Zo(k)} = 7 3 Elgm (2r)gm (o) Vare 1 {Jed e, T}

t=1

Since Var,_1{|e/|*J; (ur, T?x)} < E;_1{|ee|* i (ug, T~/?x)}? then (6.11) shows

T
> 1
Var{Zr(k)} < 4xo™ " sup{v*f(0)} g D E{lon ™ (e + arel)} = O(TH%),
t=1

vER

because maxy<r(E |z7:|*™ , E |zr,|*""") is bounded, using Assumptions (i) and (i) .
Then, like the evaluation (6.12), we find

C[)M
T1/2C2 -

8. The proof is now complete by noticing that for given ( > 0 and £ > 0 we can
first choose U so large that

P{max| Zr(k)| > (} <

P{Tl/Ql(dT,BT)’ > U} <&,

using condition (7). Next choose x so small that (6.13) is small. Finally, choose T so
large that the remaining terms are small. m

26
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6.3 Proof of main result

Proof of Theorem 3.1. We analyse the properties of the product moments:

T T
!
Sll = E 1(g§vt§5)7 SxeE xtxtl(ggvtﬁﬁ)a
Spe = E gl (c<vi<e)s xl—E Tl (c<vi<e)-

We define (dyr, br) = {@&y — o, T-Y2(N71) (3 — )}, and note, see (6.3) that the defin-
ition of W& (a,b) and M%™ implies that

(wre) efleu<ey = T gm (v70) €L (co<e, <o) +
t=1

+TV2ME™ + WE™(ag, by),

IIMﬂ

and that for zpy = T2 NTxt, Theorem 6.6 implies that W (aT,I;T) = op(1) and
Theorem 6.5 shows that My™ = op (1).
The limits (3.3), (3.4), and (3.5). For m =2, { =0 we find

T
N1 SuwNp = Np >~ 202} 1 (co<e,<o) N + 0p(1).
t=1

Note that E;—1{1(cr<s,<z0)} = 1 — @, so a martingale decomposition of the main term
on the right hand side is

T T
Nr Y wwi{lr<e<ao) — (1= )}Np + Np > 2@ Np(1 — ).

t=1 t=1

The first term vanishes due to Chebychev’s inequality and Assumption (ii,c). The
second term converges in probability to (1 — a)X% due to Assumption (7, a) .
The limit of S, is found by a similar argument for m = 1, ¢ = 0, which gives

T T
T~Y2Ny Z Tl (e<v<e) = TNy Z T4l (eo<e, <o) T 0Op(1).
t=1 t=1

A martingale decomposition of the main term on the right hand side is

T T
TN Y " wfligrce<ioy — (1= )} + T7°Np > " ai(1 - a).

t=1 t=1

The first term vanishes due to Chebychev’s inequality and Assumption (ii,a). The
second term converges to (1 — a)u due to Assumption (iz,b) .
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Finally for m = ¢ = 0, we find

T T
T Z Lecv<g =T Z L(eo<er<ao) +0p(1) LI
t=1

t=1

The representations (3.6), (3.7), and (3.8): The definition of V"™ (ar, br) implies
that for m = 0,1,/ = 0,1, 2 we have the representation

T
T Z Gm(TTe)e N e<u<ey = My™ + V™ (ap, br)

t=1

T
T2 guler) el erzersen) + 0y (B = B)EE+ (6 — 0)&5, )],

t=1

and that for zy = T"2Nypx,, Theorem 6.7 implies that V;’m(&T,ZA)T) = op(l) and
Theorem 6.5 shows that My"™ = op(1).
The representation of Sy; follows for £ = m = 0, and by noting that

T
— P
T ! Z 1(ga§st<éa) —1- a,

t=1

we have proved (3.4). The representation of Nr.S,. follows for £ = m = 1. Finally the
representation of term S, follows for m =0,/ =2. m

Proof of Corollary 3.2. Representation of (N;')' (8 — 3): From (3.1) we have
(N7 (B = B) = (NrSeeNp) ™ NrSie.

Because NpS,. Ny 5 (1 —a)S > 0 by (3.4), we see that [ is defined with probability
tending to one, and the representation (3.9) follows from (3.6).
The representation of T'/?(5* —a?): We use the expression, see (3.2), to show that

C
P o9 T3

Sﬁ1<5yy - Syrssleszy) = Sﬂl{see +0p(1)} =0 1—a

This shows that we need to bias correct the empirical variance and therefore we consider
5% —0® = (1= a)(r5) 7' Si1 (Syy — SyaSee Suy) = (1 — @)(75) 'S {See + Op(1)},

and hence
-

5 TH(6% = 0%) = T'2(Sec — 0" == 811) + Op(T 7).

From (3.7) and (3.8) we find the representation
T e
cTU2(52 _ 52\ — [7-1/2 2_ 2 T2y
T2 (6" —07) { t§:1<€t Ul_a)(_gtg )

+TYV2(6 — 0)C5 + (B — BY Ny ' T2 Nra(5)} + op(1),
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which proves (3.10), because T~Y2Nya, > pu.
Consistency of the estimators: Finally it follows from the Assumption (i), (ii,a),

(3.9), and (3.10) that {(N; ') (B—8),TV2(52=02)} = Op(1), and Ny — 0 and T' — oo
then imply that (3,5?) L (B,0%). m

7 Proofs for stationary and trend stationary cases
The proofs relating to §4 and §5 follow.

Proof of Theorem 4.1. We apply Corollary 3.2, using Ny = T-Y21,,,. The least
squares estimator based on the full sample satisfies condition (i,a): T'?(6 -0, B—3 ) =
Op(1), and the stationarity of x; shows that conditions (ii, a, b, ¢) hold.

For the numerator of the estimator 3, g we therefore consider

T
T2 " wie (pece, ooy + E5TV(B = B) + T (6 = o),

t=1

and insert

T
TV2(B—B) = STTV2Y " ae + op(l),

t=1
1 T
TV2(6—0) = T7'?Y (}/0—0)+op(1).

2
t=1

This shows that (1 — a)2TY2(3, ¢ — ) has the same limit distribution as

C

T
T-1/2 Z{xt(atl(ggggtggg) +&le) + 5—22(63/0 —0)u}, (7.1)

t=1

where the summand is a martingale difference sequence. The Central Limit Theorem
for martingales shows that this expression is asymptotically N,, (0,0%®3). To find ®g
we calculate the sum of the conditional variances

T Z%%{B + (€9)7 + 26572} 4 g ( 52 )*T" 12 T4—1)

t=1

T
5
Z wop + py) (7'3 +&173)

P ngrs + (0 2605} + {2 — 1) + €505 + €m)),

Divide by (1 — a) from right and left to get the limiting variance for T-Y2(3,5 — f3).

29
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For the estimator &g the limiting distribution of 7§T%/2(5g — o) is, in the same
way, that of

C

2
]
T ez + oGS i 0o o)) (72)

This variable is asymptotically normal with variance gives by o*®, where

c)2 c\2
v, = 25— g Sl )
+205u' S 3"‘2%3( T4~ 1(7—_2) )"‘QCQCE},UZ HT3-

Finally, the asymptotic covariance is of the expressions (7.1), (7.2) is 0®®, where

C; (75 + €ms)

-1, 52(2 £5¢5
4

Do = p(1+E9)75+ pdo(ry +£7) +p

& e (TC)
5{74 -

}+

(7'4 — 1)

Proof of Theorem 4.3. We want to apply Theorem 3.1 to the contributions for the
two subsets 7; and Z,. The least squares estimator based on the full sample satisfies
condition (i,a): T%2(6; — 0,; — 3) = Op(1), and the stationarity of z; shows that
conditions (i, a, b, ¢) hold. Thus, define the product moments

Z utwtl{c<vt<c} - Z utwt]-{c<vt<c} + Z utwt]-{c<vt<c} Siw + Siw

= tEIl t€I2

The stationarity of x; implies that (4.1) holds. Considering the term S,, apply (3.4)
of Theorem (3.1) to get

P

TS BNl —a)E  so TS, 5 (1-a)%, (7.3)

since T;/T — ;. ) )
Representation of TY/*(3 — ) : The estimator 3 satisfies

BB =858 = SHSL(B — ) + SL(E - B)}.
where 5 — 8 = (S9,)1S9, is the contribution from Z;. Due to (7.3) we then find
B=B=N(E =)+ Xl — )+ (D) (7.4)

Turning to the individual contributions Bj, Theorem 3.1 shows

{(1- )Z}(ﬁ —B) = Z%Et (co<er<or) T §12 (By— B) +&5(62 — o)+ 0p(Ty ),

tely
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where BQ, 09 are the initial least squares estimators satisfying

By—B = SN me+op (1),

tels

by—0 = —TIE: 2Jo0 — o) +op(1).

telsy

Inserting these in the expression for 3 " then gives
~1
{1-a)x}(B -5
_ R L. _
Tt thgtl(ggggtgo—ﬁ) + &5yt th&?t + §£Q,LLT2 ! Z(gf/a —0)+op (T7?).

tely tels tels

Interchanging the role of the indices 1, 2 gives a similar expression for Bz — (. Combining
these expressions according to (7.4) then proves (4.2).
Representation of T'?(5* — 0?): We use the expression (3.2) showing

7 = (1- a)(Tgsll)_l(Syy - Sywsm_:clswy)
= (1 —a)(r55u) " {See = (B — B)Su(B — B)}.
Since (4.2) implies 3 — 3 = Op (T7Y/2) while S,, = Op (T) by (7.3) then
6% = (1 = a)(75511) "' { S + Op (1)},

so that, using 715, 51-q,

T§T1/2(52 — 02) = T71/2(S€8 — o? 511) + op (1)

1 _
We apply (3.7) and (3.8) and find that the contribution from Z; is

TS -

tel

_2 o ) 1(90§€t <co)

At / C
+0A—2{C,u2 T~ 1/22355 + 3T 1/22 2o — o)} + Op (T"?),

tels

which together with an expression for the contribution from Z, shows (4.3). =

Proof of Theorem 4.4. We apply (4.2) where the summands on the right hand
side is a martingale difference sequence and we apply the Central Limit Theorem for

martingales to shows that T%2(3 — 8) = N,, (0,®). In order to find ® we calculate
the sum of the conditional variances and find

T
TSl (72 RRAE)? + 2hieins) + (23 ma 1)

t=1
T

+T7 Z(Itl/ + py)

t=1

&
2

[ \VNe

(het$ + h2€5T3).
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Using the relations
T )\2 )\2
S O e
t=1
d p PP
T*Ithht — U T ;xth2—>,u()\2+)\ ),
d p PLENDY:
7! Z:xtx;ht =%, T thxtff = 2(Az Aj), (7.5)

t=1

we find the limit (4.4). m

Proof of Theorem 4.5. We apply Theorem 3.1 and Corollary 3.2. The initial
estimators 3 and & satisfy condition (i,a), and the stationarity implies conditions

(ii,a,b, c). We therefore get that T-1S,, — (1 — )%, and T-1S,; © (1 — a)p. Finally
we find from (3.9), that, when the density is symmetric so that £ = 0,

T
(1= ST (Bsy — ) = TV mieilercer<om + EET2(B = B)} +0p (1),
t=1
Now insert the expression for 3 in (4.2) with & = 0, which is
) T
(1= a)STY?(B = B) =T w{eil(weei<on + Eiethi} +0p (1)
t=1
and we find

(£1)°
1-

(]' - Oé)ETl/2 (BSat ) {T_1/2 Z xt{ 1 + 61 )5t1(ca<st<oc) + &

= ~h}+op (1),

Again the summands form a martingale difference sequence and the Central Limit

Theorem for martingales shows that TY/2(3 — f3) 5N (0,®). We calculate the sum of
the conditional variances

c c\4 c c\2
1 ila)%g Hh (1(5—1)002 talltg S—la) 1@—1)@}“75}’

which converges in probability towards

2 )\2 )\2
D{(L— @+ €075 + 2(1 - a+ €D (DTS + (5 + DAED,

(1—a)?

which gives the expression (4.5) after dividing by (1 — «)?X?%. =
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Proof of Theorem 5.1. The results (5.3), (5.4), (5.5): Note that it can be assumed
without loss of generality that D has the Jordan form of Nielsen (2005, §4). Using
the normalisation Np suggested in that paper it follows that TN}, Zthl did,Np con-
verges. The results then follow from Nielsen (2005, Theorem 4.1, 6.2, 6.4).

The result (5.6) follows from the Central Limit Theorem for martingales noting
that the Lindeberg conditions hold:

T
! Z E|(Yi-1 — ‘I’dt—l)52|21(|YH—\pdt,l)e;\le/Za) — 0,

t=1
T

T
1
Z E|MTdtgg|21(|MTdt71€HZT1/2a) = CT ; |MTdt|4 -

t=1
Finally, (5.7), (5.8) follow by combining (5.3) and (5.6). =
Proof of Theorem 5.2. We can mimic the steps of the proof of Theorem 5.1 for

the sums over the subsets ¢t € Z; rather than ¢ € Z; U Z,. Thus, the assumptions of
Theorem 3.1 are satisfied for each subset. In particular, it holds

(N (B, = B) = S7'Ne > me+op (1), (7.6)
TV2(6;—0) = (200)'T7*) (2 =) +0p (1). (7.7)

We can now apply Theorem 3.1 to the estimator
(N:ITI)/(B - 5) = (NTSMN%)_INTSM-
Apply (3.4), (3.5), (3.6) of Theorem 3.1 to each component to get

NrSpNp B (1= a) (S + ) = (1 —a)X,
T2NpSp 5 (1= a)(uy + pp) = (1 - a)p.

2
NTSxa = NT Z Z{xt€t1(20<€t<50) + Sixt:’r;(ﬁj - 6) + fgll‘t (&J - 0)} +op (1) :

j=1 t¢T;

For S,. insert the expressions (7.6), (7.7) for the estimators to get the expression

T T T
¢ £3 e
Z NTxt€t1(20-<8t<Eo') + 51 Z HtNTl’tEJt + ﬁT 1/2 ; Kt (52 _ 0’2) + op (1) )

t=1 t=1
where

Hy = %X ger) + 8155 e,
K, = /’LQ)\Ill(tEIl)+M1A511(t€zg)'
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This expression is a sum of a martingale difference sequence and we therefore apply
the Central Limit Theorem for martingales. We calculate the sum of the conditional
variances to be

T T c T
> NpawiNpo®rs + 0°(€5)* Y HyNrayr; Np H + (§)2T*1 > KiEKi(ra - 1)
t=1 2

t=1 t=1
T

+o2€8rs Z(NTxtx;N}Hé + H;Nrxx,NT)

t=1
& S & -
+027-332§§T_1/2 > (HNra K] + Kx,NpHY) + 023275T—1/2 > (Npx K|+ K Ny)
t=1 t=1

Now we apply the results that

S NraNp £, TS K — 3 4
P - - _ P
Sy HiNpayty NpHY = S50 ' 80 + 505550, T2 Npa K] = iyt + piogth

P P , _ _ _
Zthl NrzixiNpHi — 3, T2 ZtT=1 HyNpx Ki — 3% 1,U1,U,2)‘1 T+ PRI 1,“2#,1)‘2 !

which gives the result. m

8 References

Bickel, P. J. (1975). One step Huber estimates in the linear model. Journal of the
American Statistical Association 70, 428-434.

Hendry, D.F. (1999). An econometric analysis of US food expenditure, 1931-1989.
In Magnus, J.R. and Morgan, M.S. (eds) Methodology and tacit knowledge: Two
experiments in econometrics. p.341-361. New York: Wiley.

Hendry, D. F., Johansen, S., and Santos, C. (2008). Selecting a Regression Saturated
by Indicators. Forthcoming Statistical Computing

Huber, P. (1981). Robust Statistics, New York: Wiley.
Koenker, R. (2005) Quantile Regression, Cambridge: Cambridge University Press.

Koul, H.L. (2002). Weighted Empirical Processes in Dynamic Nonlinear Models, 2nd
edition. New York: Springer.

Nielsen, B. (2005). Strong consistency results for least squares estimators in general
vector autoregressions with deterministic terms. FEconometric Theory 21, 534-
561.

R Development Core Team (2006). R: A Language and Environment for Statistical
Computing. Vienna: R Foundation for Statistical Computing.



SATURATION BY INDICATORS IN REGRESSION MODELS 35

Rousseeuw, P.J. (1984) Least median of squares regression. Journal of the American
Statistical Association 79, 871-880.

Rousseeuw, P.J. and Leroy, A.M. (1987). Robust regression and outlier detection.
New Jersey, John Wiley and Sons.

Ruppert, D. and Carroll, R.J. (1980). Trimmed least squares estimatyion mi the
linear model. Journal of the American Statistical Association 75, 828-838.

Yohai V. and Maronna, R. (1976). Location estimators based on linear combinations

of modified order statistics. Communications in Statistics Theory and Methods
5, 481486,



