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Foreword

The material contained in this book originated in interrogations about
modern practice in time series analysis.

e Why do we use models optimized with respect to one-step ahead forecast-
ing performances for applications involving multi-step ahead forecasts?

e Why do we infer ‘long-term’ properties (unit-roots) of an unknown process
from statistics essentially based on short-term one-step ahead forecasting
performances of particular time series models?

e Are we able to detect turning-points of trend components earlier than with
traditional signal extraction procedures?

The link between ‘signal extraction’ and the first two questions above is not
immediate at first sight. Signal extraction problems are often solved by suit-
ably designed symmetric filters. Towards the boundaries (t =1 ort = N) of a
time series a particular symmetric filter must be approximated by asymmet-
ric filters. The time series literature proposes an intuitively straightforward
solution for solving this problem:

e Stretch the observed time series by forecasts generated by a model.
e Apply the symmetric filter to the extended time series.

This approach is called ‘model-based’. Obviously, the forecast-horizon grows
with the length of the symmetric filter. Model-identification and estimation
of unknown parameters are then related to the above first two questions.

One may further ask, if this approximation problem and the way it is
solved by model-based approaches are important topics for practical purposes?
Consider some ‘prominent’ estimation problems:

e The determination of the seasonally adjusted actual unemployment rate.

e An assessment of the ‘trend’ of the actual GDP movement.

o Inferences about the ‘global heating’ in recently observed climatologic
changes.

These problems all suggest that there is some kind of ‘signal’ which is over-
lapped by undesirable perturbations which mask the actual state of an inter-
esting phenomenon. Formally, actuality of the estimates translates into bound-
ary signal estimation. Signals often have a prospective component towards the
boundary ¢ = N: the detection of a turning-point of a trend component is in-
formative about the future of the time series. So the corresponding estimation
problem is highly relevant for many applications. Furthermore, Since model-
based approaches like TRAMO/SEATS or Census X-12-ARIMA! are widely

! Although X-12-ARIMA is not a ‘pure’ model-based approach, see chapter 2,
the procedure nevertheless relies on forecasts for computing boundary estimates.
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used for ‘signal extraction’ one may then ask if the resulting method is effi-
cient®?

The empirical results obtained in chapter 7 and more recently in Wildi,
Schips[99]3 demonstrate that ‘traditional’ model-based boundary signal esti-
mates are far from being efficient. The examples demonstrate that the relative
mean-square error (between outputs of symmetric and asymmetric filters) can
be reduced substantially (more than 30% in the mean over all time series con-
sidered) when using the efficient estimation method presented in this book.
Moreover, the new method outperforms model-based approaches for all 41
time series in Wildi/Schips[99]. Optimal filter designs and properties of im-
portant statistics involved in the estimation problem are presented in chapters
3 and 4. The consistency, the efficiency and the asymptotic distribution of the
resulting filter parameter estimates are derived in chapter 5 for a wide class of
input signals (processes). An extension of this method which enables a faster
detection of turning points for ‘smooth’ trend components is also presented in
chapter 5. Chapter 6 presents finite sample issues and empirical examples are
to be found in chapters 7 and 8.

As shown in chapter 7 as well as in Wildi/Schips[99] the observed ineffi-
ciency of model-based approaches is partly due to wrongly inferred unit-roots.
The business survey data analyzed in Wildi/Schips[99] cannot be integrated
because the time series are bounded. However, traditional unit-root tests such
as (augmented) Dickey-Fuller or Phillips-Perron are often unable to reject the
null hypothesis (integration) for such time series.

It is in fact strange that ‘long-term’ dynamics (unit-roots) are often inferred
from statistics based on ‘short term’ one-step ahead forecasting performances
of particular time series models. Experience suggests that short term forecast-
ing performances generally do not allow for sufficiently strong rejection of the
null hypothesis : ‘Traditional’ ADF- or PP-test-statistics may be well-suited
for short-term (one-step ahead) forecasting but they are often misleading for
problems requiring good multi-step ahead forecasting performances.

In the general context of ‘signal extraction’, unit-roots are important because
they are related to particular restrictions of the asymmetric filters, see chapter
5. Therefore, great attention has been devoted to ‘unit-roots’ in this partic-
ular context and new solutions - which ‘fit’ specifically the signal extraction
problem - are presented in chapter 5.

It is known that one- and multi-step-ahead forecasting performances may be
conflicting, see chapter 1. Therefore it is surprising that few attention has been
deserved to efficiency issues in signal extraction problems.

3The authors analyze the performance of trend boundary estimates for a repre-
sentative sample of 41 business survey indicators
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Introduction

1.1 Overview

For many applications a well known problem is to ‘extract’ or equivalently to
estimate some predefined ‘signal’ or component from a time series contami-
nated by ‘noise’ (which is not necessarily a white noise process). Consider

Xt =)/t+l/t (11)

where X; is observed, Y; is the interesting signal and v; overlaps and ‘con-
taminates’ the signal. Let ¢ € Z (discrete time) and assume X;, Xs, ..., Xy
have been observed. The problem is to ‘compute’ values for the unknown
Y1,Ys, ..., Yn. The following figures illustrate some practically relevant signals
for monthly economic time series.

e In fig.1.1, a particular time series (described in chapter 7) and a ‘trend’
defined by the canonical decomposition (see section 2.3) can be seen.

o In fig.1.2, the same time series and the ‘seasonally adjusted’ component
(signal) defined by the canonical decomposition (see section 2.3) can be
seen.

o Finally, both signals are compared in fig.1.3.

These examples are treated in detail in chapters 7 and 8. The signals are doc-
umented in chapter 2.

A general approach for estimating Y; given X; in 1.1 relies on stochastic
processes. The observable process X; is then called the input process or the
input signal and Y; is called the output signal (this is because Y; can often
be estimated by the output of a particular filter, see section 1.2 below). It
is intuitively reasonable to allow a signal estimation method to depend on
the particular stochastic ‘properties’ of the input process X; in 1.1. As an
example, assume
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Xt == Yi + Ay cos(twy + D1)
X =Y+ Ay COS(twl + @1) + Az cos(tws + P2)
where wy # wy and @4 and P; are independent random variables uniformly dis-

tributed in [—w, 7]. Suppose the interesting signal is given by Y; = cos(tw+®),
where @ is uniformly distributed in the interval [—m,n]. X, i = 1,2 and Y}
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Fig. 1.8. Trend and seasonally adjusted series

are particular harmonic processes. The latter (Y;) can be extracted from Xo,
by eliminating A; cos(twi +®1) and Aj cos(twe +P2). This may be achieved by
a suitable ‘filter’ (see chapter 3). If the input process is X;; instead, then the
same filter could be used for extracting Y; in principle. However, it is readily
seen that the resulting estimation method would be unnecessarily complicated.
In fact, a simpler filter eliminating A; cos(tw; + @1) ‘only’ could be used. For
processes which are not deterministic (as the harmonic processes above) too
complicated devices are generally inefficient: eliminating additional compo-
nents involves a ‘cost’ which is quantified in chapter 5. Therefore, knowledge
of particular stochastic properties of the DGP (Data Generating Process)
of X; is necessary for computing efficient signal estimates. If the relevant
properties of X; are unknown, then they must be inferred from the sample
X1, ..., Xn. Model-based approaches (MBA) are widely used for solving signal
extraction problems because they try to infer the DGP of X; from a finite
sample X7, ..., Xn. Resulting signal estimates can account for stochastic prop-
erties of the input signal X; but the efficiency cannot be asserted in general
(see section 1.2).

A new method, called direct filter approach (DFA) is presented here for
solving the signal estimation problem. The main advantages of this approach
are efficiency and flexibility. Filters can be optimized with respect to the tra-
ditional mean square error criterion or with respect to another practically
important objective, namely the ‘fast detection of turning-points’. Often, sig-
nal estimates are subject to significant time delays towards the end point
t = N of a finite sample. Therefore, ‘turning-points’ of the signal cannot be
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detected ‘in time’. The DFA enables to constrain filters such that the time
delay becomes smaller. These issues are analyzed in chapters 3 and 5. Model-
based approaches do not allow for time delay constraints.

Unit-roots of the DGP are important properties of the input signal which
affect the performance of the estimation procedure if they are ignored, see
chapter 7. It is shown in chapter 5 that unit-roots of the DGP ‘translate’ into
particular constraints for the optimal asymmetric filter. In principle these
constraints allow for more general non-stationarities than ‘unit-roots’ of the
DGP only. A formal procedure for testing these hypotheses (constraints) is
presented in chapter 5. The advantage of such a test is that it is specifically de-
signed for the signal estimation problem whereas ‘traditional’ unit-root tests
(such as Dickey-Fuller or Phillips-Perron for example) are derived from one-
step ahead forecasting performances (of a model for the DGP) only. Therefore,
the power of ‘traditional’ tests against stationary alternatives with roots close
to the unit-circle is typically low (this situation is common for a lot of appli-
cations including many economic time series) because a ‘long-term’ property
(a unit-root at frequency zero) is inferred from a statistic based on ‘short-
term’ performances. Cochrane [18], p.914, argues “These models (ARIMA) ...
draw inferences about the long-run dynamics from a model fit to the short-
run dynamics ... However, if the long-run dynamics cannot be captured in the
model used to study the short-run, these identification procedures bias con-
clusions about long-run behavior”. The new test implicitly accounts for one-
and multi-step ahead forecasting performances and it is explicitly designed
for the signal estimation problem.

For the proposed DFA, particular attention is accorded to finite sample
issues (overfitting problem, see chapter 6). ‘Parsimony’ in the sense of ‘cau-
tiously’ parameterized models (see Box and Jenkins [9]) is a relevant con-
cept. Feldstein [31], p.829, argues: “A useful model is not one that is ‘true’
or ‘realistic’ but one that is parsimonious, plausible and informative”. The
proposed direct filter approach is based on a new filter class, so called Zero-
Pole-Combination (ZPC-) filters. ZPC-filters are obtained by a parsimonious
parameterization of ARMA-filters for which each parameter (degree of free-
dom) becomes straightforwardly interpretable, see chapter 3.

Although the principle of parsimony may help in alleviating the overfitting
problem, it is not a ‘panacea’. Therefore, new solutions are proposed for the
DFA in order to avoid specific overfitting problems, see chapter 6. Empirical
evidences listed in chapters 7 and 8 confirm the effectiveness of the proposed
method. Simulated and ‘real-world’ time series are analyzed and the perfor-
mances of the DFA and the MBA are compared both ‘in’ and ‘out of sample’.

A signal estimation method which relies on an explicit model for the DGP
of X; is called a MBA. Different methods have been proposed which are char-
acterized by various assumptions and/or model structures. Chapter 2 provides
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an (necessarily limited) overview on the topic. Model-based approaches are
often referenced as ‘the MBA’ here and in the following chapters (despite
methodological differences of various approaches) by opposition to ‘the DFA’
which does not rely on an explicit model for the DGP of X;. A brief descrip-
tion of the MBA is proposed in the following section. It is suggested that the
optimization criterion underlying the MBA does not ‘match’ the signal esti-
mation problem for misspecified models (which is the rule in practice). There-
fore, model-based estimates may be inefficient. Empirical results in chapter 7
as well as in Wildi/Schips[99] confirm this statement.

1.2 A General Model-Based-Approach

For ‘general’ (stationary or non-stationary integrated) linear stochastic pro-
cesses, the signal estimation problem is solved by linear filters. A (linear) filter
is a sequence Vi, k € Z of square summable (in our context real) numbers:
Y re oo [76]? < 0. MA-, AR- and ARMA-filters are characterized by partic-

ular finite sets of parameters generating <. If the sequences Y and X; are
related by

Y= Z YeXt—k (1.2)

k=—o0

then Y;, X, are called the output and the input signals of the filter i respec-
tively. If X; = Y3 +14 where X3, Y; and 14 are linear stochastic processes, then
it has been shown that the best estimate Y; (in the mean square sense) of V; is
the output of a particular linear filter if some ‘mild’ assumptions are satisfied
(see Whittle [95] for stationary X; and Bell 4] for non-stationary integrated
Xy; results for non-linear processes are presented in Gihman and Skorohod
[39], p.273-274).

For a realization of infinite length (..., X_2, X_1, Xo, X1, X2,...) (infinite
sample), the best extraction filter is generally symmetric (vx = v-&,k > 0)
and of infinite order (i.e. there does not exist a ng such that v, = 0 for all
k > ng ). The symmetry ensures that the phase or equivalently the time shift
of the filter vanishes, see chapter 3. The following example illustrates these
properties for a particular signal estimation problem: X is given by 1.1, where
14 is a white noise process and Y; is a random walk (so called Muth-model,
see for example Mills [67] p.69 fT.):

Xi =Y+
Y=Y 1+e&

where ¢;, 1; are independent iid sequences. The best mean square estimate of
the signal (the random-walk) is then given by :
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L (1-0° X i
=g 2 e
k=—o00
where  depends on the signal to noise ratio (the ratio of the variances of v,
(1-06)
1-62

exponentially fast but they never vanish if 8 # 0.

gl% are symmetric and decay

and €;). The optimal filter coefficients

Clearly, filters of infinite order cannot be used if the available input sample
X1,...,Xn is finite. But the symmetry property leads to problems even for
filters of finite orders. Difficulties arise if ¢ is ‘close’ to the boundaries t = 1
or t = N of the sample. Therefore, the filter output ¥; of the symmetric filter
(which solves the so called signal extraction problem) must be estimated too,

say by l}t. The latter is called a solution of the finite sample signal estimation
problem. Model-based approaches provide solutions for both Y; and Y. The
latter problem is solved as follows (see Stier and Wildi [87] and Wildi [98]) :

e replace unknown X; (i < 1 or 4 > N) in 1.2 by fore- and/or backecasts
X; generated from a model of the DGP (for example an ARIMA or a
RegARIMA-model, see Findley et al.[32] or EUROSTAT [30])

e apply the symmetric filter (vx), .7 to the ‘extended’ sample XP :=

X t¢{1,..,N}
X: else

One obtains :

o0
> wmXiy, (1.3)

k=—
t-‘;o t—N-1
= Z Ve Xi—k + Z ’)’kXt k+Z')’kXt k
k=t—-N k=-o00 k=t
t—-N-1
Z WXk + D 'Ykzat ki X5 +Z’7kzat —k X
k=t—N k=—o0 =t
N N t—N-1 N oo
= Z 1—5X —i—Z ( Z 'ykat_;m) X; +Z <Z "}’k(ht—k,j) X;
j=1 k=—00 j=1 \k=t
N
=ny X; (1.4)

1

[
Il

where a;_j ; are the coefficients of X;, j = 1,..., N, in the (linear) forecasting
function of X;_, ift —k ¢ {1,..., N} and

~N-1 .
Ry 1= d Vo e S Wk + ey Ykt = 1,y N (1.5)
7 0 else '
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Note that (§¢—;);=1,..,~ depends on t and that it is an asymmetric filter in
general.

If the DGP of X, is known, then the above estimate §'t satisfies a mean
square optimality criterion (see for example Cleveland [15], Bell [3], Bell [4],
Huot and all [55] and Bobbitt and Otto [7]). The ‘true model’ (DGP) can be
used for

1. linearizing the sample (identify ‘outliers’ or ‘shifts’ and remove them from
the original series)

2. supplying missing values

3. defining components and corresponding symmetric signal extraction filters
for realizations of infinite length (see chapter 2)

4. supplying fore- and backcasts in order to compute signal estimates for
finite samples.

In the following, the last point i.e. the determination of an efficient signal es-
timate for finite samples is analyzed. This is an important problem for many
applications (an example is given in section 1.5) because in practice only
finitely many observations of an input process X; are available. It is now sug-
gested that the MBA does not efficiently solve this problem if the DGP is
unknown.

If the DGP is unknown, then a ‘suitable’ model must first be identified. In
this case, ‘misspecification’ is the rule for most applications, see for example
Box [8]. Therefore, it is generally impossible to assert optimality properties
for the proposed MBA. Also, in case of misspecification the minimization of
the one-step ahead mean-square forecasting error does not necessarily ‘match’
the signal estimation problem (for finite samples) because 1.3 involves one-
and multi-step-ahead forecasts. Clements and Hendry [14], p.244, argue : “as
it is not possible to prove that 1-step estimation is optimal when models are
misspecified, dynamic estimation could improve multi-period forecast accu-
racy” (dynamic estimation means that parameters of forecasting functions
are estimated separately for each forecasting step, by minimizing directly the
corresponding forecasting error) and p.282 “Indeed the ‘best’ model on 1-step
forecasts need not dominate at longer horizons”. However, dynamic estimation
is cumbersome and it is not a ‘panacea’, as shown by the same authors. With
regards to the model selection procedure, Clements and Hendry p.281. claim
“we find that the usual criteria based on t- and F-tests are not applicable when
models are to be chosen on the basis of their ability to multi-step forecast”.
As a result, inferences based on ‘traditional’ tests do not straightforwardly
extend to estimation problems involving multi-step ahead forecasts (such as
the signal estimation problem). But even if the right model has been selected
(for example in an artificial simulation context), Clements and Hendry are
warning against careless use p.292 “... a poor forecast could result from the
estimated DGP relative to the false autoregressive model” (in their study, the
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‘false’ model is a pure random-walk model whereas the true DGP is a station-
ary process with an AR-root close to one). The authors show that the relative
performances of ‘true’ and ‘false’ models generally depend on the chosen fore-
cast horizon.

Consequently, the model-based optimization procedure does not ‘match’ the sig-
nal estimation problem for finite samples if the DGP is unknown because one-
step and multi-step ahead forecasting performance§ are generally conflicting

in the presence of misspecification. In fact E[(Y; — Y)?] should be minimized
instead of the mean square error of the residuum in the model equation for X;.
More generally, optimizing with respect to ‘short term’ performances (one-step
ahead forecasts) may be misleading when estimating ‘long term’ components
(like a trend for example).

The approximation of f’t by Yt can be stated in terms of a filter approxi-
mation problem. For that purpose, a suitable ‘distance’ measure is needed.
The DFA bases on the minimization of such a measure. It is shown in chap-
ter 5 that the solution of the corresponding optimization criterion minimizes

E[(Y; — Y+)?] up to an error term which is smallest among a general class of
estimators. Also, the asymptotic distribution of the estimated filter param-
eters can be derived, see chapter 5. Therefore, inferences for the DFA are
not based on one-step ahead performances only (as for the MBA) but implic-
itly account for one- and multi-step ahead performances simultaneously. This
is particularly important when testing for unit-roots for example, see chap-
ters 5 and 7, since unit-roots determine the ‘long-term’ dynamics of a process.

Before introducing the DFA, a well known identification problem is stated
in the following section.

1.3 An Identification Problem

Let
Xe=Ti+Ce+ S+ I (1.6)

Then there are 4N unknowns or unobservable variables for N equations only.
Without additional (strong) assumptions the components on the right hand
side are unidentified. To simplify, suppose one is interested in estimating the
trend T} given Xy, ..., Xn. If it is assumed that the trend evolves according to
a predefined deterministic time pattern (for example a polynomial in t) then
‘ad hoc’ filters can be used (for example a Spencer filter, see Brockwell and
Davis {10] and Kendall and Stuart [57] or a Henderson filter, see Gray and
Thomson [41]). However, components such as the trend are often assumed
to be stochastic. In this case various identifying assumptions exist like for
example:
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e impose perfect dependence of the components so that knowledge of a par-
ticular one determines the others (see Beveridge and Nelson [6] and section
2.2 below);

e impose independence of the components and regularity or smoothness
of trend and seasonal components (see the canonical decomposition in
Hillmer and Tiao [52], Burman [11] and section 2.3 below).

e specify the individual component-models a priori (see the structural mod-
els approach in Grether and al. [70], Harvey [47] and section 2.4 below);

The above methods rely on explicit components (see section 2): the com-
ponents are then estimated by the output of a particular ‘extraction’ filter.
Alternatively, components could be defined implicitly by the output of a filter
satisfying a particular criterion. As an example, the output T; of a Hodrick-
Prescott filter minimizes

N N-1
Y (X =T +2 Y (Ti41 - T) = (T; — Ti-1))? (1.7)
t=1 t=2

where A is given a priori. Larger A lead to increased ‘smoothness’ of the fil-
ter output, see Hodrick and Prescott [54]. The first term penalizes deviations
of T; from the original time series and the second one penalizes ‘roughness’
(as defined by the mean of the squared second order differences). A similar
approach underlies the Henderson filter, see Henderson [51] and section 2.5
below. Many of these methods were introduced by Whittaker [93] and [94]. At
first sight, the identification problem seems to be ‘circumvented’ by implicit
component definitions. However, criteria such as 1.7 are often difficult to in-
terpret. For the Henderson filter, Wallis [92] p.164 argues: “... nor any later
author has asked whether the symmetric Henderson filter produces a good
estimate of the trend, however: for this purpose the trend is simply defined as
the Henderson output”. Moreover, the identification problem is often shifted
towards the more or less arbitrary choice of a particular parameter of the filter
(for example X in 1.7).

The following fig.1.4 plots the Hodrick-Prescott ‘growth component’ T} (solid
line, A := 1600 is a ‘default’ setting for many applications) and the canoni-
cal trend from TRAMO/SEATS (dotted line, see section 2.3) for a particular
time series (UK-car-sales series, see chapter 7).

To summarize, the signal identification problem can be stated as follows

o different particular signal definitions generally lead to different compo-
nents, see for example figs.1.4 and 2.11;

o a priori knowledge is always necessary for a unique identification of the
components in 1.6, due to the ‘large’ number of unobservable variables
(which define the so called ‘structural form’ of the process X;). There-
fore, a ‘universal’ definition of unobservable components of a time series
is impossible. At last, implicit subjective convictions based on individual
experience seem to motivate particular definitions.
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Fig. 1.4. HP- and Tramo/SEATS-Trend

Bell [5] p. 176 argues that “in seasonal adjustment the components are really
artificial constructs presumed useful to estimate; there is no objective ‘truth”’.
In agreement with this comment, neither a new component definition nor a
corresponding symmetric extraction filter are proposed here. Instead, the sig-

nal estimation problem for finite samples (Y ¢) is stressed: givent € {1,...,N}
and Y; the output of a symmetric signal extraction (or ‘smoothing’) filter of

possibly infinite order, find Y, which approximates Y gwen Xq,..,XN.

In the next section, the DFA is briefly introduced. This is a new signal
estimation method for finite samples. The presentation is informal. ‘Technical’
issues are postponed to following chapters.

1.4 The Direct Filter Approach

The following section relies on Wildi [98]. Suppose (the output of) some sym-
metric filter with transfer function I'(w), —7 < w < 7 must be approximated
by (the output of) an asymmetric filter with transfer function I (w). Asseen in
the preceding section, the asymmetry results from the ‘truncation’ of realiza-
tions of infinite length. For notational convenience one ‘hat’ of the estimates

Y; and Y, in section 1.2 is eliminated. Therefore, ¥; becomes Y; (the output

of the symmetric filter) and l:/t becomes Y; (the output of the asymmetric
filter). Assume 2y := {wi|lwr = k2r/N,|k| = 0,...,[N/2]} where [N/2] is
the greatest integer smaller or equal to N/2 and N is the sample size. As-
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sume for simplicity of exposition that X; is stationary (generalizations for
non-stationary integrated processes are provided in chapter 5) and let

2

I (w) i= — (1.8)

N
=— th exp(—iwgt)
2nN —~

denote the periodogram of the input process computed for wp € 2y, see
chapter 4. Then, under suitable regularity assumptions (see chapter 5) the
solution Ip(+) of

[N/2]
min == 3" [F(wk) = P(w)PInx (wi) (1.9)
r k=—[N/2]

generates an output ¥;o which minimizes E[(Y; —Y¥;)?] up to an asymptotically
negligible error term which is smallest possible (for a given class of estima-
tors, see below). This result was first stated in Wildi [96]. The solution of 1.9
is attained within a general class of filters described in chapter 3. An intu-
itive explanation of the preceding statement can be given by considering the
following approximation:

op /2] ) oy N/
5 > IF(wk)—F(wk)|2INX(wk)'z-]—V— > Inav(ws) (1.10)
k=—[N/2] k=—[N/2]
1 & .
=5 2 (¥ - 1oy (1.11)
t=1

where AY, := Y, — Y,. The approximation 1.10 corresponds to a finite sample
convolution and 1.11 corresponds to a finite sample spectral decomposition of
the mean square filter approximation error (see chapter 5). Under suitable
regularity assumptions, 1.11 is a best linear unbiased estimate (BLUE) of the
theoretical mean square error E[(Y; — ¥;)2], see chapter 5. Efficiency of the
DFA then depends on the error term in the approximation 1.10: it is shown
that the expression on the left hand side is a superconsistent estimate of 1.11,
see chapter 5. Therefore, the DFA ‘inherits’ the efficiency property (BLUE)
of 1.11, i.e. Yjo minimizes E[(Y; — ¥;)?] up to an error term which is smallest
possible among the class of linear estimators (of E[(Y; — Y;)?]). Note that in
general Y; and therefore 1.11 and E|[(Y; —Y;)?] are unknown for finite samples
whereas the left hand side of 1.10 can be computed.

In order to derive the consistency and the efficiency as well as the distri-
bution of the estimated filter parameters for a large class of input signals
(including non-stationary integrated processes) technical results involving the
periodogram 1.8 are needed. These are reported in chapter 4 and in the ap-
pendix. It is shown in chapter 5 that 1.9 can be generalized so that the time
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delay of the resulting filter is ‘smaller’. It is then possible to detect ‘turning-
points’ of a particular component earlier, see chapter 8.

The proposed signal estimation method for finite samples is called a direct
filter approach because the coefficients 4 of the resulting asymmetric filter
are computed ‘directly’ from the minimization of (an efficient estimate of) the
mean square error E[(Y; —Y;)2]. In comparison, the filter coefficients of model-
based approaches are derived indirectly from the equivalence between 1.3 and
1.4. They rely on the minimization of the mean square one-step ahead fore-
casting error of the model (whereas the signal estimation problem requires
good one- and multi-step ahead forecasting performances). Moreover, time
constraints (for the resulting asymmetric filter) cannot be ‘build’ into 1.3 for
the MBA so that turning-points of trend components cannot be detected ‘ear-
lier’.

In the following section, a typical application for an efficient finite sam-
ple signal estimation method is provided. Also, the content of the following
chapters is briefly summarized.

1.5 Summary

For economic time series, interesting signals are often seasonally adjusted com-
ponents or trends, see chapter 2 (recall that component definitions depend on
strong a priori assumptions, see section 1.3). An efficient and general signal es-
timation method is needed for these important applications because economic
time series are characterized by randomness (the DGP is not deterministic)
and complex dynamics. Moreover, ‘typical’ users are often interested in signal
estimates for time points near the upper boundary ¢ = N!. Consequently, fil-
ters are heavily asymmetric so that efficient estimation methods are required.

A new method, the DFA, is presented here. The book is organized as
follows:

e In chapter 2, model-based approaches are presented. The aim is not to
provide an exhaustive list of existent methods but to describe established
procedures which are implemented in ‘widely used’ software packages. The
objective is to compare the DFA to established MBA.

e The main concepts needed for the description of filters in the frequency do-
main (such as transfer functions, amplitude functions or phase functions)
are proposed in chapter 3. A new filter class (ZPC-filters) is derived whose
characteristics ‘match’ the signal estimation problem.

e For the DFA, an eminent role is awarded to the periodogram (or to statis-
tics directly related to the periodogram). It ‘collects’ and transforms the

1For assessing the actual state of the ‘business cycle’ for example
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information of the sample Xi,..., Xy into a form suitable for the signal
estimation problem. Therefore, properties of the periodogram and tech-
nical details related to the DFA are analyzed in chapter 4. In particular,
the statistic is analyzed for integrated processes. Stochastic properties of
squared periodogram ordinates are analyzed in the appendix. Both kind
of results are omitted in the ‘traditional’ time series literature and are
needed here for proving theoretical results in chapter 5. An explorative
instrument for assessing possible ‘unit-root misspecification’ of the filter
design for the DFA is proposed also.

The main theoretical results for the DFA are reported in chapter 5: the con-
sistency, the efficiency, the generalization to non-stationary integrated in-
put processes, the generalized conditional optimization (resulting in asym-
metric filters with smaller time delays) and the asymptotic distribution of
the estimated filter parameters (which enables hypothesis testing). In par-
ticular, a generalized unit-root test is proposed which is designed for the
signal estimation problem.

In order to prove the results in chapter 5, regularity assumptions are
needed. One of these assumptions is directly related to finite sample is-
sues (overfitting problem). Therefore, the overfitting problem is analyzed
in chapter 6. Overparameterization and overfitting are distinguished and
new procedures are proposed for ‘tackling’ their various aspects. An es-
timation of the order of the asymmetric filter is presented (which avoids
more specifically overparameterization), founding on the asymptotic dis-
tribution of the parameter estimates. The proposed method does not rely
on ‘traditional’ information criteria, because the DGP of X; is not of im-
mediate concern. However, it is shown in the appendix that ‘traditional’
information criteria (like AIC for example) may be considered as special
cases of the proposed method. Also, new procedures ensuring regularity of
the DFA solution are proposed which solve specific overfitting problems.
The key idea behind these new methods is to modify the original op-
timization criterion such that overfitting becomes ‘measurable’. It is felt
that these ideas may be useful also when modelling the DGP for the MBA.
Empirical results which are based on the simulation of artificial processes
(I(2), 1(1) and stationary processes) and on a ‘real-world’ time series are
presented in chapter 7. The DFA is compared with the MBA with respect
to mean square performances. It is shown that the DFA performs as well
as maximum likelihood estimates for artificial times series. If the DGP
is unknown, as is the case for the ‘real-world’ time series, the DFA out-
performs two established MBA, namely TRAMO/SEATS and CENSUS
X-12-ARIMA (see chapter 2 for a definition). The increased performance
is achieved with respect to various signal definitions (two different trend
signals and a particular seasonal adjustment) both ‘in’ and ‘out of sample’.
It is also suggested that statistics relying on the one-step ahead forecasts,
like ‘traditional’ unit-root tests (augmented Dickey-Fuller and Phillips-
Perron tests) or diagnostic tests (like for example Ljung-Box tests) may
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be misleading for the signal estimation problem if the true DGP is un-
known. Instead, specific instruments derived in chapters 4, 5 and 6 are
used for determining the optimal filter design for the DFA. These instru-
ments, which are based on estimated filter errors (rather than one-step
ahead forecasting errors of the model), indicate smaller integration orders
for the analyzed time series (I(1)- instead of I(2)-processes as ‘proposed’
by the majority of the unit-root tests). A possible explanation for these
differences may be seen in the fact that filter errors implicitly account
for one- and multi-step ahead forecasts simultaneously. A further analy-
sis of the revision errors (filter approximation errors) suggests that the
I(2)-hypothesis should be rejected indeed.

e Finally, an empirical comparison of the DFA and the MBA with respect
to their ability of detecting ‘turning-points’ (of two different trend compo-
nents) is conducted in chapter 8. The MBA is compared with the ‘original’
DFA and with the result of a generalized constrained optimization (whose
filter solution has a smaller time delay). As in the preceding chapter, the
DFA generally outperforms the MBA with respect to the proposed crite-
rion.

In the following chapter 2, well established model-based approaches are pre-
sented. Two of them are used as ‘benchmarks’ in chapters 7 and 8.
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Model-Based Approaches

2.1 Introduction

Model-based approaches attempt to identify the DGP of the input process
and to estimate its parameters. They provide

1. Definitions of the theoretical components Y;; (identification), where j =
1,...,n and n is the number of components.
2. Estimates Y;; of the components for realizations of infinite length.

3. Estimates Y;; of the components for finite samples.

The general identification problem analyzed in section 1.3 led us to exam-
ine the last estimation problem only. Therefore, we here use the terminology
‘model-based approach’ whenever a method relies on back- or forecasts gen-

erated by a model for approximating ﬁj by Ytj. From this perspective, the
well-known X-11-ARIMA and X-12-ARIMA procedures can be considered as
‘model-based’ although the definitions of the signals at the first stage are ‘im-
plicit’ (not model-based), see for example Dagum [22], Findley et al. [32] and
section 2.5 below.

Most of the approaches to be presented here are based on the following
two decompositions of X;

X4 =T +C+ 8 +1; (2.1)
X, = T,C,S.1, (2.2)

where Ty, Cy, S; and I; are the ‘trend’, the ‘cyclical’, the ‘seasonal’ and the
‘irregular’ components respectively (see Nerlove, Grether and Carvalho [70]
for an interpretation of these components). The number of four components is
not to be seen as a limitation. More (or less) components may be considered
too. The multiplicative decomposition (2.2) can be justified by the observation
that seasonal or irregular variations often grow with the ‘level’ Ty of a series.



18 2 Model-Based Approaches

Methods based on the multiplicative decomposition can be defined explicitly
(see section 2.5) or they can be derived from the additive representation (2.1)
by using a preliminary log-transform of X;. Besides the additive and the mul-
tiplicative decompositions, some methods allow for additional representations
of X, see for example section 2.5.

Additive or multiplicative component models are defined by supplying spe-
cific stochastic assumptions. Model-based approaches generally differ with re-
spect to these assumptions. For the MBA in the following section, components
are assumed to be dependent.

2.2 The Beveridge-Nelson Decomposition

The Beveridge-Nelson decomposition is a so called ‘ARIMA’-model-based-

approach. Let
Xt = Tt + Ct

where it is assumed that

Xt = Xt—l + M + E(B)Gt (23)

ZZ’ akBk
where Z(B) = Y0 & BF = =£=0_""— {5 a stable ARMA operator (e =
zjzo ,Bj By )
Bo = 1), see Beveridge and Nelson [6]. Consider a forecast Xitx| X3, Xi-1, ..
of Xiy for k ‘large’:

k k+1

KXivk = ku+ X + ij € + z&;' €1+ ...
j=1 j=2
oo

~ kp+ X+ Z§j €+ Zﬁj €t—1 7 ...
=1 j=2

= kp+T;

where |Z;‘;1 §k~ < 32721 l€k| < oo because of the ARMA-structure (which

induces an exponential decay of the coefficients). The slope of the forecast is
given by p and its ‘level’ is defined by T; which is a stochastic process. In fact

o0
T-Ta=p+ | & e (2.4)
j:O

so that T; is a random walk with drift u. Beveridge and Nelson call T; the
permanent component: “the value the original series would have if it were on
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the long-run path (as defined by the long run forecast) in the current time
period. The permanent component is then the long-run forecast of the series
adjusted for its mean rate of change...”, see [6], p.156.

Remarks

e The permanent component can be interpreted as a ‘trend’. From (2.4) the
successive trend increments increase by p+ (3 po o k) €. If [Speo &kl > 1
then the trend is more ‘erratic’ than the original series. Figure 2.1 il-
lustrates the latter point : the solid line corresponds to a seasonally ad-
justed series (UK-car-sales series, see chapter 7) whereas the dotted line
corresponds to the Beveridge-Nelson ‘trend’. The permanent component
T; is estimated using the software-package ‘RATS’ (see below). AR- and
MA-model orders were set to p = 0 and ¢ = 1 so that X; — X;_ is
a MA(1) process. The estimated positive lag coefficient § then implies
E;io & =146 > 1in (2.4). Note that this phenomenon (‘erratic’ trend)
has lead to criticism, see for example Metz [66] p.290. In fact, for many
applications ‘smooth’ components are of interest (because it is felt that
‘short term’ variations should be ‘smoothed out’).

e As shown in equation 10 in Beveridge and Nelson [6] the ‘cyclical’ com-
ponent C; := X; — T is stationary and its innovation process is given
by €;. Therefore, trend and cyclical components are dependent since they
share the same innovation ¢ : the ‘shocks’ which generate the business
cycle are the same as those which generate the growth process. Beveridge
and Nelson interpret C; as “a stationary process which represents the fore-
castable momentum present at each time period but which is expected to
be dissipated as the series tends to its permanent level”, see [6], p.158.

¢ Finite sample signal extraction problems do not exist here because T} can
be computed without knowledge of ‘future’ observations Xyi1, XN 42, .-
as can be seen from (2.4).

An algorithm for computing the Beveridge-Nelson-decomposition has been
proposed in Newbold [71]. This algorithm has been implemented in RATS.
The corresponding procedure is called ‘bndecomp.src’. The text-file can be
downloaded from www.estima.com. The time series in figure 2.1 has been
computed accordingly. Note that (2.3) does not allow for a seasonal compo-
nent. Therefore, the input series has been previously seasonally adjusted. The
corresponding seasonal adjustment procedure is presented in the following
section.

2.3 The Canonical Decomposition

The following model-based approach is based on ARIMA-models too. How-
ever, the identifying assumptions for the components are ‘at the opposite’ of
those in the preceding section (recall section 1.3). Indeed, it is assumed that Ty,
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Fig. 2.1. UK-car sales (solid) and Permanent Component (dotted)

S; and I; are independent processes and that T; and S; are ‘smooth’. Hillmer
and Tiao [53] argue “To perform seasonal adjustment of the data, an arbiirary
choice must be made. Considering that the seasonal and trend components
should be slowly evolving, it seems reasonable to extract as much white noise
as possible from the seasonal and trend components... Thus we seek to maxi-
mize the innovation variance of the noise component”. The “slowly evolving”
(smooth) trend and seasonal components or, more precisely, the maximization
of the variance of the noise component characterizes the canonical decompo-
sition.

Once an ARIMA-model for the DGP of X; has been selected and (param-
eters) estimated, models for the individual DGP’s of the components must be
defined such that

o the resulting model is admissible i.e. the components sum up to X; and
are independent and
e the components may be interpreted as ‘trend’, ‘seasonal’ or ‘irregular’.

Together with the above ‘smoothness’ property (see Box, Hillmer and Tiao
[37] and Pierce [21]) these assumptions uniquely define the components. A
good ‘initiation’ to the method is given in Maravall and Pierce [65] who con-
sider a very simple ARIMA-process generating trend, seasonal and irregular
variations. This is described in the following section.

2.3.1 An Illustrative Example

Let
1-B)X;=(1-B)(1+B)X; =¢ (2.5)



2.3 The Canonical Decomposition 21

which may be suitable for modelling semiannual data for example, see Mar-
avall and Pierce [65]. The latter authors call the above difference equation a
“prototypical seasonal adjustment model”. Consider the following (fractial)
decomposition of the ‘z-transform’ of the above model

2 2
O _ T _ 21*,@2 21'—7'2 2
-2 (1-20+2 Tu=2 %azanto

where the denominators 1 — z and 1+ z determine the trend (unit-root at fre-
quency 0) and the seasonal (unit-root at frequency ) components respectively
and orp,05,07 are the standard deviations of the corresponding component
innovations. Maravall and Pierce [65] p.362 argue “in order to avoid model
multiplicity, we assume |3] < 1, || < 1”7. One can show by straightforward
calculations that for orthogonal (independent) components

2

2 _ Ox
°T = 41— B)?

2

2 _ Ox
75T I1+ )2

DD

ot = (i )

see equations 3.6 and 3.7 in Maravall/Pierce [65]. Thus, in order that o > 0
one must have

B+ +v(1-8>%20 (2.6)

It is easily seen that this condition does not uniquely identify the parameters.
The inequality (2.6) determines the set of admissible solutions. According to
the above definition, the canonical decomposition determines the unique one
for which the variance of the irregular component is maximized or, equiv-
alently, for which the variances of the trend innovations and the seasonal
innovations are minimized, resulting in § = =1,y = 1 (recall that |3 < 1,
vl < 1).

Definition 2.1 (Components of the Canonical Decomposition). Under

the above assumptions (additive orthogonal model, 62 — max) the components
for model (2.5) are defined by

1+B
Ttiszf

1-B
St = 1+BEt
Itizﬁg

Orthogonality here means that €], ef+i, €l 4% are pairwise orthogonal (indepen-
dent) for any t,i, k. It is easily seen that the canonical condition determines
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uniquely the parameters 3, and thus the components. Inserting in (2.1) leads

to
1+BT Bs

1—Bt+1+Bt+q

o3 |1+ exp(—iw) 2
27 |1 — exp(—iw)|?
it is a decreasing function which vanishes in w = 7 (‘smoothness’). There-
fore, the canonical decomposition ‘partitions’ the noise in such a way that the
trend becomes as smooth as possible. The following comment can be found
in EUROSTAT [30] “Is this assumption (¢Z — max) reasonable? We belicve
it is. Even if this assumption is arbitrary, it seems reasonable, since seasonal
component and trend are as stable as possible, meeting the economic require-
ments”.

X =

The pseudo spectral density of T} is hr(w) = .Forw #0

After the components have been defined, they must be estimated. For
realizations of infinite length, estimation is traditionally achieved by Wiener-
Kolmogorov filtering (which has been generalized to non-stationary integrated
processes in Pierce [74] and Bell [4]). The procedure is illustrated for the trend.
The estimate T} of T} given ..., X_2, X_1, Xo, X1, X2, ... is

- o2 Up(B)Up(F)

where Ux (B), ¥r(B) are the transfer functions of X; and T}, B and F are the
backward and forward operators and 0% and 0% are the variances of the inno-
vations of the trend and of X; respectively. This procedure is intuitively very
appealing. Indeed, the inverted operator ¥y (B) (denominator) transforms X,

into ¢;. The operator in the numerator then transforms a suitable ‘portion’
o

of the innovation ¢; (of X), namely 2 , into the estimated trend T}. Al-

Ox
though optimal (in a mean square sense) this procedure has two undesirable
consequences.

e The same innovation process €; ‘generates’ all estimated components.
Therefore, the estimated components must be dependent.

o The (pseudo) spectra of the estimated components are ‘distorted’. The
filter in (2.7) produces ‘dips’. The pseudo spectral density of T; vanishes
at seasonal frequencies (whereas the pseudo spectral density of Ty does
not vanish there), see Burman [11] and EUROSTAT [30], p.45. This is
true for the estimated seasonally adjusted and irregular components too.
So for example, the spectral density of the estimated irregular component
is not constant (as it should be for a white noise component). The reason
for these undesirable properties of the estimated components is again the
dependence of the estimates: Tt, S, and I, are based on (the same) et

whereas T3, S; and I; are based on independent processes e{, ef and et.



2.3 The Canonical Decomposition 23

Therefore, the filter ‘erroneously’ removes spectral power belonging to (the
unobservable and indistinguishable) €7 , € and €] respectively.

The above problem is ‘well known’ in the econometric literature. The ‘struc-
tural form’ on the right hand side of (2.1) cannot be recovered from the
‘reduced form’ on the left hand side (econometric constraints enabling a re-
covery of the corresponding signals are not given).

For model (2.5) the filter equation (2.7) becomes
- of 2 2
T,= ZL(1+ B+ F)X, (28)
X

For finite samples problems exist near the boundariest = 1,2andt = N—-1, N
because X_3, Xg and Xny1, Xn42 in (2.8) are not observed. Consider the
problem for general processes X;. If the DGP (of X) is known, then, as argued
in section 1.2, optimal estimates of a particular component, say estimates 7}
of T}, are obtained by replacing X, for ¢ ¢ {1,..., N} by back- and forecasts:

Z vei X; +Z%_JX + Z Y- X (2.9)

j=—00 i=N+1

where X; is the optimal fore- or backcast of X;. In particular, if ¢ = N then

Z N X; +Z'YN—JX + Z N X

j=—o00 J=N+1

NZW_]X 3 R (2.10)

j=N+1

The approximation (2.10) is valid for ‘large’ N because the filter coefficients
7v; (induced by ARMA-models) converge exponentially fast to 0. Therefore,
backcasts can often be neglected when estimating a signal towards the end
point t = N.

For finite samples, a further consequence of the canonical decomposition
(chosen as an identifying device) is commented in Maravall and Pierce [65],
p.375: “the revision variances are maximized at the canonical decomposition
values ... The occurrence of larger revisions may indicate a price paid for
choosing the canonical decomposition (i.e. a trade-off between size of the re-
vision and cleanness of signal)”. The term ‘revision variances’ corresponds to
E[(T — T3)?] (or more generally to E[(Y — ¥;)?], where ¥; is the output of
the symmetric signal extraction filter and Y; is the output of the asymmetric
finite sample filter, see section 2.3.4).

It is true that the revision error variances for the trend and for the season are
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maximized for the canonical decomposition. Therefore, the inverse is true for
the seasonally adjusted component: its revision error is minimized. In fact,
by definition, the ‘canonical season’ has less power than any other admissible
seasonal component. Thus, the ‘canonical’ seasonal adjustment filter removes
a minimal amount of spectral power so that the resulting revision errors are
indeed minimized. Combining this property with the fact that statistical agen-
cies aim at ‘stable’ estimates (i.e. none or ‘small’ revisions or updates of past
estimates) may explain why model-based procedures relying on the canoni-
cal decomposition (such as TRAMO/SEATS for example) are called ‘seasonal
adjustment procedures’ instead of ‘trend extraction-’ or ‘signal extraction pro-
cedures’ for example. It should be stressed however that the smaller revision
errors for the seasonally adjusted time series (of the canonical decomposition)
are not due to improved statistical performances but to an arbitrary definition
of the signal. As a result, the seasonally adjusted signal corresponding to the
canonical decomposition is generally ‘rough’ which is not necessarily an ad-
vantage (when assessing the presence of turning-points for example).

From a methodological point of view the listed ‘deficiencies’ of the pro-
posed component estimates such as

¢ large revision errors (except for the seasonally adjusted signal),
o dependent estimates (whereas ‘true’ components are independent)
e and ‘distorted’ pseudo spectral densities

are unsatisfactory. However, the underlying problems (causing these deficien-
cies) cannot be solved more efficiently by other statistical methods. If the
proposed model and its assumptions are felt ‘reasonable’ and if the DGP is
known, then the proposed estimation method is efficient for realizations of
infinite length as well as for finite samples . If the DGP (of X}) is unknown,
then ‘signals’ are generally misspecified and corresponding estimates are inef-
ficient, recall section 1.2.

In the next section a practically more relevant process is analyzed. The
corresponding ‘airline’-model is often selected by TRAMO or CENSUS-X12-
ARIMA for modelling particular time series.

2.3.2 The Airline-Model
The so called ‘airline’-model
(1-B)(1-B%X; =(1-60B)(1 - 0;2B)¢ (2.11)

(see Box and Jenkins [9]) is often used for modelling monthly time series.
A report of EUROSTAT [30], p.19 states that “as extended evidences have
shown, the airline model can be used very often to describe a great number
of series”. The model depends on three parameters only which are easily



2.3 The Canonical Decomposition 25

interpretable : #; and 615 measure the ‘stability’ of the trend and of the
seasonal components and o2 measures the variance of the innovation of X;.
Despite its advantages, the airline model is to be criticized:

e Season and trend are not properly separated. The parameter 615 ‘acts’
simultaneously on the trend and on the season (see also section 2.4 for a
method which ‘solves’ this problem).

e X, is an I(2)-process with a double unit-root at frequency zero and sim-
ple unit-roots at the frequencies kn/6, k = 1,...,6. Differencing a time
series twice often leads to non-invertible moving-average terms. Maravall
[32], p.156 argues that “moderate overdifferencing causes, in practice, lit-
tle damage” . However, it is not clear what the terms ‘moderate’ and ‘little
damage’ mean. It is well known that non-invertibility can lead to forecast-
ing problems (because a convergent AR-representation does not exist).
More generally, it is shown in chapter 5 that imposing too large integra-
tion orders results in asymmetric filters satisfying constraints which are
unnecessarily severe and which impeir the fit (i.e. which induce larger re-
vision errors). Empirical evidences based on simulation results are reported
in chapter 7.

e Seasonal unit-roots are often difficult to interpret because seasons are al-
lowed to ‘permute’ for such a model. If for example it is known that summer
levels always exceed winter levels, then seasonal unit roots are misspecified,
see also the concluding remarks in section 2.3.5.

¢ The unique parameter #;5 cannot account for different seasonal patterns
(for example a large unstable fundamental 7/6 and smaller stable har-
monics kn/6, k = 2,...,6). However, such patterns can be observed for
time series for which the airline-model ‘feigns’ reasonably good fits, see for
example chapter 7.

Nevertheless, ‘airline-models’ are often selected by software packages like
TRAMO or CENSUS-X-12-ARIMA (in particular for monthly economic time
series). They are often ‘preferred’ by information criteria (like AIC) and they
often ‘pass’ diagnostic tests (like Ljung-Box for example). In the following, a
slightly more general process is analyzed. Canonical components and extrac-
tion filters are derived for

(1-B)(1 - B)X, = (1 - 0,B)(1 - 0,B%)e,

which admits a ‘periodicity’ of arbitrary length s. In the remaining of the
section, canonical components and rules for computing the extraction filters
for the airline model are derived.

Despite its simplicity, the airline-model leads to algebraically cumbersome
derivations. Therefore, results already obtained in the literature are exten-
sively used in the following. The canonical components are used (among other
possible signal definitions) for the examples in the last two chapters so that
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a brief overview is given here. Readers which are not interested in these par-
ticular results may skip the remaining of the section which is not needed for
understanding the DFA or for interpreting the empirical results in the last
two chapters.

It is assumed that 02 = 1 mainly for notational simplicity. One can then
verify by partial fractions that

(1—6:B)(1 - 6:B°)(1 — 61 F)(1 - 0, F*)

(1= B)(1 - B*)(1 - F)(1 - F*)
Qr(B) 4 Qs(B)

(1-B)?Q-F)?  U(B)(F)

+6:0, (2.12)

where

— (1- 01)2(1 - ‘93)2 055> s2—4 (1+ 61)2
i s [1 ’ ((1 —6 "Iz Tal- 01)2>

(1-B)(1- F)] (2.13)
and

(1 - BY(1 - FQs(B) = (1 — 0,)2(1 - 0,)° (1 - s%U(B)U(F))

s?2—4
12s2

452

+6,(1- B)1 - F) - (
(1- B*)(1 - F*)

(1-6:,)"+ M) (2.14)

where U(B) := Z;f) B* 50 that 1 — B® = (1 — B)U(B). These equations are
for example derived in Hillmer and Tiao [53] p.331 (note that the coefficient
(1 — 65)? erroneously stands on the left hand side of (2.14) in the cited litera-
ture). The first term in (2.12) can be interpreted as trend (the pseudo spectral
density exhibits an infinite peak at frequency 0), the second one is a seasonal
component (infinite spectral peaks at seasonal frequencies) and the last one
corresponds to the irregular component. The above authors then show that
the condition

0,>0 (2.15)

ensures admissibility of the model (i.e. a decomposition into additive orthog-
onal components). More precisely, Hillmer and Tiao [53] p.331 define

Q%(B) := Qs(B) + U(B)U(F) (C - ﬂ;—@—z> (2.16)

Qr(B) := QT(B) — C(1 — B)*(1 — F)? (2.17)
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-1
where C := Q%, assuming that the constant -1 in @Qr(—1) replaces back-

and forwardshift operators B and F = B™! in the expression (2.13) for Qr.
A simple algebraic manipulation shows that (2.12) becomes

Qr(B) . @B, (1+6)
1-B)2(1-F) " UB)U(F) 4

+ 05 (2.18)
Therefore, if 8; > 0, then the last (constant) term in the above expression cor-
responds to the (constant) spectral density of the irregular component (which
must be positive) whereas the first two terms correspond to the (pseudo) spec-
tral densities of the trend and the seasonal components respectively (in order
to obtain the pseudo spectral densities, B and F' must be replaced by exp(—iw)
and exp(iw) and the terms must be suitably normalized). From a practical
point of view, airline-models are interesting because admissibility - i.e. the ex-
istence of an orthogonal additive component decomposition - is easily verified.

The expression (2.18) is an admissible (but not necessarily the canonical)

decomposition. In order to obtain the canonical decomposition, the variance
of the irregular component must be maximized. In this case, spectral power
could not be ‘transferred’ anymore from the trend or the seasonal components
to the irregular component in (2.18). Note that any transferred spectral mass
(of trend or seasonal components) must correspond to white noise i.e. it should
be a constant. It is readily seen that (2.17) and the definition of C imply that
the pseudo spectral density of the trend (2.17) vanishes at #. Therefore, a
positive constant cannot be removed from the pseudo spectral density of the
trend (2.17). Since the canonical decomposition is unique, the trend (2.17)
must already be the canonical trend.
For the seasonal component, the expression Q% (exp(—iw)), where exp(—iw)
replaces the operator B and exp(iw) replaces the operator F in (2.16), does
generally not vanish as a function of w. This can be seen as follows. If 4, is
sufficiently small then

Qr(-1) _ (1-61)%*(1—6,)* 6,52 s2—4  (1+6,)?
T16 o 1652 [1 + ((1 —0,)2 Tt 401 — 91)2)

A — (~1))1- (—1))]

N (1 - 01)2 s2—4 (]. + 01)2
BTN [1+O(03) t——t a _01)2]
— 0(1)
0,(1— 0,)2

Therefore C — =
follows that

Qs (exp(~iw)) = Qs(exp(—iw))

> 0 in (2.16) as soon as 8, is sufficiently small. It
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VRY
+U (exp(—iw))U (exp(iw)) (C - M)

>0

for all w. In fact, the second term on the right of the equality vanishes only
for w := kn/s, k = 1,..., s but the first term does generally not vanish there
since it corresponds to a seasonal component.

Since Qg(exp(—iw)) does not vanish, it is possible to ‘transfer’ a white noise
component from S; to I;. The canonical seasonal component may be computed
by the following device: find wp so that @%(exp(—iwp)) is minimal and define

Q5 (B) = Q5(B) —U(B)U(F)C, (2.19)

Q% (exp(—iwp))
U (exp(—iwo))U (exp(iwo))
airline model is then obtained from:
QB . _Qr(B)

(1-B)31-F)* UB)U(F)

where Cy > 0. Once the canonical components have been defined it remains

to derive the coefficients of the optimal signal extraction filters, see (2.7).

Besides the convolution rule the following is useful for deriving corresponding

expressions :

o] o] o0 o0
Do wBR Y wFE =Y D s | (B + FY)
k=0 k=0

J=0 \k=j

where C; := . The canonical decomposition for the

(1 -+ 91)2
4

+ 6, +Cy (2.20)

By suitably combining both rules the coefficients may be computed from (2.7),
setting in the expression on the left hand side of (2.12) (for the denominator)
and (2.17) (for the numerator Q% (B) of the trend) or (2.19) (for the numer-
ator Q%" (B) of the seasonal component).

Analytical derivations of the transfer functions of the symmetric extraction
filters are ‘cumbersome’. Instead, the following figures illustrate transfer func-
tions for a particular example (a model used in chapter 7). In figure 2.2 the
transfer function of the canonical trend extraction filter can be seen for the
model

(1-B)(1 - B®)X; = (1 - 0.60B)(1 — 0.27B?)¢; (2.21)

In figure 2.3 the transfer functions of the seasonal adjustment filters for an
admissible component (solid line) and for the canonical component (dotted
line) can be seen for the above model (2.21). The ‘peaks’ of the canonical sea-
sonal adjustment filter are larger than those of the other extraction filter. In
fact, the canonical season has less power than any other admissible seasonal
component. Therefore, the corresponding seasonal adjustment filter has to re-
move less spectral power (smaller revision errors, recall the previous section).
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2.3.3 An Example

The following results illustrate the boundary signal estimation problem to-
wards the end point £ = N of a sample, where symmetric filters must be
replaced by asymmetric designs. A formal description of the example is post-
poned to chapter 7 after the theoretical ‘background’ has been provided. It

is therefore not necessary to understand precisely the way the results are ob-
tained here.

The proposed MBA has been implemented in TRAMO/SEATS which can
be downloaded from www.bde.es. The method is also available in DEMETRA,

29
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a user friendly Windows interface which has been developed by EUROSTAT
(version 2.0, April 22 2002 is used here). DEMETRA includes also CENSUS-
X12-ARIMA and can be downloaded from

http://forum.europa.eu.int/Public/irc/ dsis/eurosam/library.

The following airline-model has been selected and estimated by TRAMO
for the UK-car-sales series, see fig.2.4 (the series is contained in the sample
files of DEMETRA: it has been previously adjusted for outliers by TRAMO
and log-transformed, see chapter 7) :

(1-B)(1 —B¥)X; = (1-0.60B)(1 - 0.27B%)¢, (2.22)

The canonical trend generated by this model is shown in fig.2.4. As ¢ moves
towards the boundary (February 1997) more weight is given to forecasts and
the (finite sample) filter becomes more and more asymmetric. The amplitude
functions (see chapter 3 for a definition) of the symmetric (solid line) and the
asymmetric filters (dotted line) are compared in figure 2.5. The asymmetric
filter can be used for estimating the signal at the end point ¢ = N. It is easily
seen that both amplitude functions differ substantially: this difference leads to
revision errors, see chapter 7 for a detailed analysis. The amplitude function
of the asymmetric filter is more ‘permeable’ for higher frequencies.

The trend (solid line) is compared to the seasonally adjusted signal (dotted
line) in fig. 2.6. As for the trend filter, the seasonal adjustment (SA) filter
becomes increasingly asymmetric towards the end point ¢ = N. The ampli-
tude functions of the symmetric seasonal adjustment filter (solid line) and of
the asymmetric filter (dotted line) are compared in fig.2.7. Finally, the time
delays (one unit=one month, see chapter 3 for a definition) of the asymmetric
boundary filters for the trend (solid line) and for the seasonal adjustment fil-
ter (dotted line) are compared in fig.2.8. For the asymmetric trend extraction
filter the delay increases beyond 3 months. This may lead to problems when
the detection of ‘turning points’ towards the end point ¢ = N is an issue.

The importance of asymmetric boundary filters for practical applications
was stressed in section 1.5. Ideally, the time delay of the asymmetric filter
should vanish and its selectivity properties (amplitude function) should be as
good as those of the symmetric filter. Unfortunately, both requirements can-
not be met simultaneously, see chapter 3. If the time delay of the asymmetric
filter is ‘too large’ or if its amplitude function is not selective enough, then
its output signal is a poor estimate. It is therefore quite surprising that the
properties of the asymmetric boundary filters (of TRAMO or X-12-ARIMA)
have not been analyzed or that the corresponding software packages do not
provide this information (if it exists). Instead, transfer functions of symmetric
filters only are available for SEATS (or the corresponding version of SEATS in
DEMETRA). This ‘lack of interest’ may perhaps be explained by the ‘faith’
modelers put into the forecasting-ability of their models. Indeed, if the DGP
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were known, then the resulting asymmetric boundary filters (2.24) would ‘au-
tomatically’ generate optimal estimates in the mean square sense. Therefore,
a further analysis of the characteristics of the asymmetric boundary filters
would be unnecessary. Findley et al [32] p.176 argue: “Maravall seems to
place a heavy reliance on quantities calculated from ARIMA models under
the assumption that the models are correct, a reliance that goes beyond mere
use of a MBA to try to achieve good seasonal adjustments”.

If the DGP is unknown and must be inferred from the data then

¢ models are generally misspecified and
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the optimization criterion for the MBA (the minimization of the one-step

ahead mean square forecasting error) does not ‘match’ the signal estima-
tion problem, see section 1.2.

Therefore, the asymmetric filters of the MBA are generally suboptimal and
characteristics such as selectivity and time delay may be informative. More-

over, if one is interested in detecting turning points then time delays (of the
asymmetric filter) are important even if the DGP is known.

It is shown in section 5.4 that the revision error variance (i.e. the vari-
ance of the filter error) can be decomposed into selectivity and time delay
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Fig. 2.8. Time delays trend (solid) and SA (dotted)

‘components’. Therefore, an analysis of the characteristics of the asymmetric
filters (as given by amplitude and time delay functions) can reveal ‘deficien-
cies” which are not detected by traditional diagnostic tools (relying on the
one-step ahead forecasting error). More generally, assume that the output Y;
of a symmetric filter is to be estimated for a particular time point, say t = N.
Then instruments are needed

o for the selection of the ‘best’ asymmetric filter design (instead of the ‘best’
model)

e for the estimation of corresponding filter parameters (instead of model
parameters)

o for a diagnostic of the performances of the filter (instead of a ‘check’ of
model assumptions)

Corresponding instruments which ‘match’ specifically the particular structure
of the signal estimation problem are proposed in the following chapters. A de-
tailed empirical analysis of these issues is provided in chapters 7 and 8. For the
signal estimation problem, inferring the DGP from a sample of observations
is not of prime importance. Instead, an optimal asymmetric filter minimizing
the revision error variance is seeked. For that purpose the way the informa-
tion is being processed differs from optimal one-step ahead forecasting. The
revision error variance for the MBA is analyzed in the following section.

2.3.4 The Revision Error Variance

Let ¥; be the output of a symmetric filter (for example the estimate of a signal
Y; as defined by the canonical decomposition). Then
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Vo= > wXik

k=—00
00 00
= > WY bje_kj
k=—oc0 j=0
00 00
= Z ij'Yk—j €tk (2.23)
k=—o00 \j=0

where b are the MA-coefficients of X;. These need not to be absolutely
summable i.e. X; may be integrated for example, but in this case it is as-
sumed that X; has been initialized in the past (for example X = 0). The
coefficients v, in (2.23) belong to the symmetric extraction filter. Therefore,
the estimate of Yy_,, r =0, ..., N — 1 for the finite sample is

N-r-1 00
Y= Z Zbﬂk—j EN—r—k
k=-—r 7=0

because back- and/or forecasts of ¢; vanish for ¢ < 1 or ¢ > N. Note that if
N —r is ‘large’, then the estimate for finite samples can be approximated by

o0

YN_TE Z ij'yk_j EN—-r-k (2.24)

k=-r \ j=0

because the ‘weights’ E;io bjvk—; often converge rapidly to zero (as k in-
creases). Therefore, the revision error variance towards the upper boundary
is

2

—r—1 00
E((Ynor—Yn-r)1=0"$ D D bime—s (2.25)
k=—o0 j=0
2
o o0
+ 3D b
k=N—-r \j=0
2
—r—1 o0
2o Y [ D b, (2.26)
k=—o00 \j=0

where o2 is the innovation variance. The right hand side of (2.25) corresponds
to the accumulated variance of those ¢; which do not appear in the expression
on the left hand side of (2.24). The approximation (2.26) is valid if N —r is
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‘large’ because the approximation (2.24) (right hand side) can be used.

The following remarks conclude the presentation of the MBA based on the

canonical decomposition.

2.3.5 Concluding Remarks

1.

If the DGP is unknown, then the definition of the signals is implicitly
dependent on N since it depends on the selected model and on estimated
parameters. These issues are discussed in Dosse and Planas [26], p.7. One
solution for solving the problem is to ‘freeze’ models and parameters.

. Some authors (see for example Hylleberg [56] or Grether and Nerlove and

Carvalho [70]) argue that the orthogonality assumption needed for the
identification of the components may be a source of misspecification for
the model. Indeed, these authors present convincing evidences against the
orthogonality assumption of trend and season for particular economic time
series.

. Unaccounted changes in seasonal patterns may lead to spurious seasonal

unit-roots, see for example Ghysels [38] or Franses [33]. Often the seasonal
unit-root model is “a convenient misspecification” ([38] p. 166). Hylleberg
[56] p. 168 argues “that unit-roots only exist at some of the seasonal
frequencies”. Therefore, the 1 — B2 operator may be misspecified.

. Signals are completely defined by the input series X; and the particu-

lar DGP identification and estimation method. Therefore, signals are ‘re-
vealed’ (identified) only a posteriori (after a suitable model has been esti-
mated). In particular, signals do not depend on the ‘research’ interest of
particular users (see for example Canova [13]). For the analysis of business-
cycles Garcia-Ferrer and Bujosa-Brun [35] argue : “... the other methods
(the canonical decomposition as implemented in TRAMO/SEATS and
the structural models as implemented in STAMP 5.0} provide less smooth
variations, and their associated trend derivatives are too volatile and ir-
regular to be useful for dating turning-points in monthly data”. Analysis
and criticism of the canonical components are provided in Stier [83] and
[84].

An admissible decomposition of an ARIMA-model into orthogonal compo-
nents is generally related to parameter restrictions. For the airline model
this amounts to a simple restriction for 6 (#; > 0) which is generally
achieved because the I(2)-assumption often induces a ‘convenient’ overdif-
ferencing of real-world time series. Therefore ‘admissibility’ is generally
not an issue when using an airline model.

. The results in section 2.3.2 demonstrate that the (canonical) decomposi-

tion into orthogonal components can be involving: analytical expressions
are often complicated non-linear functions of the parameters even for the
relatively simple airline model. The resulting ‘complexity’ (of the canoni-
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cal decomposition) implicitly restricts the set of possible ARIMA-models
for a time series X;.

The model-based approaches relying on the earlier Beveridge-Nelson decom-
position and on the canonical decomposition are based on ARIMA-models for
X;:. In the following section another method is presented which is based on
models for the components of X;.

2.4 Structural Components Model

Without strong arbitrary a priori hypotheses the components Ty, Cy, S; and I;
in (2.1) are not uniquely defined for the preceding two approaches. ‘Models’ for
the components (the transfer functions on the right hand side of (2.20)) are un-
known a priori since they are derived (by partial fractions) from the ARIMA-
model for X; which is unknown too (a priori). Therefore, it is generally im-
possible to account for ‘a priori knowledge’ about the components. Moreover,
the components may be uninterpretable a posteriori. Grether, Nerlove and
Carvalho [70] and Harvey [47] circumvent the identification and interpreta-
tion problems by specifying ‘plausible’ models (DGP’s) for the components a
priori.

The MBA in the preceding two sections corresponded to a ‘top-down’ identifi-
cation strategy for which the DGP of X; is decomposed into uniquely defined
components. The present approach is a ‘bottom-up’ modelling strategy which
derives the DGP of X; from the prespecified DGP’s of its components. Harvey
and Todd [49], p.341-358 motivate the structural components model by the
following arguments :

o ARIMA-models are often difficult to identify (‘traditional’ methods like
correlogram and partial autocorrelation analysis do not always provide
accurate estimates of the model orders p, g for small samples)

o the relation of the DGP of X, to its components is often ‘obscure’ (transfer
functions of the components are ‘cumbersome’ non-linear functions of the
parameters of the DGP, see section 2.3.2). Therefore, an interpretation of
the resulting components is difficult or impossible to achieve.

Harvey [48] p.194 argues that “The problem with ARIMA class is that there
are many models and parameter values which have no sensible interpretation
and give forecast functions which may have undesirable properties”. Harvey
and Todd [49] suggest that “an alternative way of proceeding is to formu-
late models directly in terms of trend, seasonal and irregular components.
This necessarily limits the choice to those models that have forecast functions
satisfying any prior considerations. Such models will be termed structural
models”.

Definition 2.2. Their so called basic structural model (BSM) is defined by
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Xe =T+ S+ e
T =T 1+ Bi-1+ 1
By = Be-1+&

s—1
St = —Zst_k +'r]t
k=1

where the noise terms are (mutually independent) iid gaussian random vari-
ables. T; can be interpreted as a ‘locally’ linear trend with varying (adaptive)
level and slope:

o for 02 > 0 the ‘slope’ §; is a random walk process,
o for O'g = 0 the trend T; is a random walk with drift 8; = G
o forol= ag = 0 the trend T} is a linear function of ¢ with slope fg

As for the trend, the parameter 03 ‘controls’ the stability of the seasonal

component. The only parameters in the above model are the variances of the
white noise processes. The authors argue that “although the model is relatively
simple, it contains the main ingredients necessary for a time series forecasting
procedure in that it projects a local linear trend and a local seasonal pattern
into the future”. Further advantages of the model are:

e 1o identification problem and no admissibility constraints
e the DGP of X; is given by

_ Pt Ui
“@-BE 0B

Xt + €t

where p; is an MA(1) process (see for example Harvey and Todd [49],
p.346 for a derivation). Since one can show that distinct parameters act
separately on trend and season, a confusion is excluded here (recall that
012 influences both the season and the trend for the airline-model).

As shown in Harvey [47], model parameters and components can be efficiently
estimated by a so called ‘state space approach’, using the well known Kalman-
filter (and smoother) for deriving the likelihood function (if the assumptions
of the model are satisfied). A state space representation of the BSM is given
by

Tt 11 0--- 0 0 Tt—-l vy

B, 01 0---0 0 Bi-1 &t
St — 0 0 -1 —-1-1 St_1 + Ui
Si-1 00 1---0 0 Si—2 0
Si—(s-2) 00 01 0/ \Si—(epy 0
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see Harvey [47]. Evidently, more complex components models (than those im-
plied by the BSM) can be considered. The trend can for example be defined
by a ‘local’ polynomial of arbitrary order, see Harrison and Stevens [46]. A re-
cent survey of possible seasonal models (DGP’s) is given in Proietti [76]. The
latter author also compares various models with respect to their forecasting
performances.

The structural components model provides an alternative approach for
defining signals and deriving an expression for the DGP of X; (‘bottom-up’
modelling strategy). However, despite obvious differences to the MBA in the
previous two sections, the structural components model-based approach does
not solve the finite sample signal estimation problem (namely to approxi-
mate symmetric filters by asymmetric designs) differently. In fact, state space
models and the Kalman filter provide a ‘convenient’ method for deriving the
likelihood function of the DGP of X; (if the components are not misspecified).
Since the model assumes gaussian white noise sequences, the optimization cri-
terion bases on the minimization of the one-step ahead mean-square forecast-
ing error (as for the previous two MBA). The main difference to the preceding
ARIMA-MBA lies in the ‘coding’ of the information i.e. in the structure of
the model for the DGP of X;.

If the DGP is unknown, then models are generally misspecified. Inferences
about the integration order of the process based on hypotheses of the type
02 =0 or g7 =0 are often difficult to assess and decisions based on one-step
ahead forecasting performances may be misleading for multi-step ahead usage.
Therefore, the signal estimates - especially boundary estimates - are generally
inefficient because the signal estimation problem involves one- and multi-step
ahead forecasts. Ultimately, advocates of the structural components model
argue that the ‘amount of misspecification’ may be smaller or at least that
misspecification is better ‘under control’ for the particular ‘coding’ (of the in-
formation) proposed by this approach. However, it is not clear why this claim
should be pertinent in the context of the boundary estimation problem of
signal extraction. In order to overcome the discrepancy between the one-step
ahead forecasting performance (on which the method relies) and the accuracy
of the resulting asymmetric filter {(which is of interest) too parsimonious mod-
els are generally selected which cannot fully account for the ‘salient’ features
of practical time series (the more or less complex low-frequency and seasonal
components). An alternative ‘coding’ of the information is proposed in chap-
ter 3 where a new filter class is presented - so called ZPC-filters - which are
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specifically designed for the boundary signal estimation problem.

The following arguments should also be taken into account.

e There are known limitations for the Kalman-filter approach, see for exam-
ple Maddala and Kim [44] p. 475-478.

e Arbitrary identifying assumptions of the ARIMA-MBA in the preceding
two sections are replaced by arbitrary a priori definitions of the DGP’s of
the components for the structural components model.

The structural components model approach has been implemented in STAMP
(Structural Time series Analyzer, Modeler and Predictor). See http://stamp-
software.com for more information about the topic.

2.5 CENSUS X-12-ARIMA

X-12-ARIMA is the latest version of the seasonal adjustment procedure of the
Census Bureau (Washington). It is described in Findley et al [32] (see also
the reference manual [72]). Both documents as well as the software package
can be downloaded from the ftp-server ftp.census.gov. Readers interested in
technical details are referred to these sources. In this section, the presentation
of X-12-ARIMA is informal.

X-12-ARIMA combines so called ‘regARIMA’-models and the well known
X-11 procedure. The latter has become “something of a standard that was
used by statistical agencies around the world”, see Findley et al [32] p.127.
Basically, the ‘novelty’ of X-12-ARIMA is to provide model-based ‘informa-
tion’ to X-11 in order to enhance boundary estimates (finite sample estimation
problem). Therefore, one can distinguish the ‘new’ model-based part and the
‘old” X-11 part (note that more filter specifications and new decompositions
are now available in X-11 which has been ‘refreshed’ t0o).

In X-11 various decompositions such as an additive, a multiplicative, a
log-additive or a pseudo-additive decomposition are provided, see section 1.1
in Findley et al.[32]. Descriptions of the X-11 ‘default’ procedures for various
decomposition are also provided in this article, p.149. The following three
stages can be distinguished:

1. Compute preliminary estimates of the trend and the season based on
‘simple’ filters (for example a centered 12-term moving average for the
trend). A first seasonal adjustment is performed.

2. More ‘sophisticated’ trend filters, so called Henderson-filters, are used to
estimate the trend based on the previously adjusted series. Final seasonal
factors are computed for the detrended series. The final seasonal adjust-
ment is performed.
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3. Compute the final trend using a Henderson filter (whose order can be
made ‘data dependent’) for the previously seasonally adjusted series. The
final irregular component is obtained as I := X; —T; — .5, for the additive
decomposition (and similarly for the other decompositions).

The transfer function of the resulting trend filter is shown in Findley et al.
[32], fig.3 p.131 (symmetric filter). Edel and Stier [27], p.207-222 use an inge-
nious device for computing the transfer function of the trend and the seasonal
adjustment filter of X-11 empirically, see figs. 1-4 and 9-12 in the cited doc-
ument. Analytic expressions for these functions are generally not available
because different filters ‘interact’ in a complex way in the three-stage proce-
dure briefly described above. Therefore, empirical evaluations are important
for assessing the properties of X-11.

The central trend filter of X-11 is the Henderson filter (which ‘interacts’
with various filters in the three stage procedure). The symmetric Henderson
filter has been originally designed for satisfying a ‘smoothness’ criterion sub-
ject to the restriction that a cubic polynomial (in ¢) can pass the filter without
being altered, see Henderson [50], [51]. More recently, Gray and Thomson [41]
have shown that some requirements are unnecessarily severe. To see this, let

Xt+j = a+b(t+.7) +C(t+_])2 ’ j - —(n+3),—(n+2),...,n (227)

The authors show that the coefficients h; of a Henderson filter of order n are
determined by requiring

n
> hiXe =X,

j=-n
and

2
n

E ({8 D7 hi(Xerj + €eg) =B |{2%( ) hjets;)}*| — min

j=-n j=—n

where A? is the third difference operator and ¢; is a gaussian white noise se-
quence (the equality follows from A3X;.; = 0). The above expectation may
be interpreted as a measure of smoothness so that the Henderson filter satis-
fies a smoothness optimality criterion. It can be shown that h; = h_; so that
the symmetry is a consequence of the above weaker requirements. Since the
coefficients h; correspond to a Henderson filter, cubic polynomials pass the
filter also without being altered.

The output of the Henderson filter of order n must become ‘smoother’ for in-
creasing n because quadratic (or cubic) polynomials have at most one (or two)
turning point(s) in —(n + 3), —(n + 2), ..., n. Evidently, large n imply heav-
ily asymmetric boundary filters: improved smoothness induces larger revision
errors towards the end point ¢ = N. This statement is not specific to Hender-
son filters but merely results from a fundamental uncertainty principle, which
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is for example described in Grenander [42] and Priestley [75] chap. 7. The
13-term (n = 13) Henderson filter is often used for monthly data. However,
the trend cannot be very smooth because a cubic polynomial can exhibit two
extremes in the corresponding interval (of length 13). Therefore, the trend
is not free of ‘subannual’ variations, see for example figure 2.10 below and
Schips and Stier [81] and Findley et al.[32],p.130 and fig.3 p.131. Attempts
for weakening the problem have been proposed in Dagum [23] and Dagum
et al. [24]. Findley et al [32] p.134 argue that “X-11’s relatively short-term
trends cannot fully capture long-term correlation in the data if it exists”. The
relatively small order n = 13 is often preferred because it is associated with
revision errors of ‘acceptable’ size towards the end point ¢ = V. For the newer
X-12-ARIMA procedure, the order of the Henderson filter can be made data
dependent through the so called ‘variable trend cycle routine’, see Findley et
al.[32] p 150,151.

Towards the boundaries of the sample, the symmetric filters of X-11 are orig-
inally replaced by asymmetric filters, so called ‘Musgrave Surrogates’, see
Findley et al.[32], p.150. The latter minimize the error variance of the esti-
mates if the input process is a linear trend overlapped by gaussian white noise,
see Musgrave [69] and Laniel [60]. Wallis [92] argues that X-11 is an inconsis-
tent procedure because the symmetric Henderson filter assumes a local cubic
trend, whereas the asymmetric filter assumes a local linear trend (see also the
reply of Findley et al. [32] p.173, which argue that pure MBA are inconsistent
t00). This concludes the brief informal overview of the ‘old’ X-11-part.

X-12-ARIMA uses so called regARIMA-models. The ‘regression part’ ac-
counts for deterministic effects (such as for example ‘calendar effects’), for
singular effects (for example outliers or level shifts) or even for missing data,
see for example [32] p.129. Once these effects have been removed, the ‘ARIMA-
part’ provides forecasts of the ‘adjusted’ or ‘linearized’ series. Note that both
aspects cannot be strictly separated in practice: regression- and ARIMA-part
interact until a ‘convenient’ regARIMA-model is identified. As a result, sym-
metric filters of X-11 can be used for the series extended by back- and forecasts
(the original asymmetric filters of X-11 are no more of prime importance).
Therefore, X-12-ARIMA solves the finite sample signal estimation problem as
described in section 1.2.

Wallis [92] p. 165 argues “In any event X-12-ARIMA is not a model-based
approach”. Findley et al. [32] p. 172 confirm this statement “no stochastic
model can produce an adjustment filter, through conventional signal extrac-
tion, that contains just the U(B)(1+F) unit-roots (as given in X-11)” and on
p. 173 “no stochastic model leads to any of the symmetric Henderson filters
because the latter’s transfer functions are negative for some frequencies, some-
thing that cannot result from Wiener-Kolmogorov signal extraction”. In fact
the filters of the ‘old’ X-11 (and thus of X-12) are not explicitly designed for es-
timating a properly defined stochastic component (attempts have been made
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to approximate the additive decomposition of X-11 by linear signal extraction
filters, see for example Wallis [91] and Cleveland and Tiao [17]). Wallis [92]
p.164 argues : “neither Musgrave nor any later author has asked whether the
symmetric Henderson filter produces a good estimate of the trend, however:
for this purpose the trend is simply defined as the Henderson output”. In our
view, this is not completely correct, since the trend is defined as the output of
the Henderson filter in the last stage of the above procedure: the correspond-
ing filter is something like a ‘Henderson with seasonal dips’.

Henderson filters satisfy a particular smoothness criterion whose relation to
‘signal extraction’ is not immediately obvious. For X-11 (and X-12) a ‘com-
ponent’ like the trend has no other interpretation than being the output of
the corresponding filter. Schaeffer [80], p.35 classifies X-11 into the family of
so called ‘implicit’ seasonal adjustment procedures (implicitly defined compo-
nents). With respect to ‘detrending’ Wallis [92] p.164 argues: “thus Henderson
detrending reduces an I(4) series to I(0) and overdifferences an I(d) series if
d < 4. Overdifferencing implies noninvertibility of the output series and hence
the absence of a convergent autoregressive representation”. This may be im-
portant if the detrended series is to be forecasted.

The above objections address the definition of the components for the ‘old’
X-11-part. However, the signal estimation problem for finite samples is solved
by the ‘new’ ARIMA-MBA. Therefore, X-12-ARIMA is considered as a MBA

in the particular perspective of this book.

Implicit component definitions are a drawback because interpretations are
not possible. However, it is not clear if model-based approaches propose a
‘better’ solution (see for example section 2.3.5). Cleveland [16] p. 154 argues:
“It can be difficult to model time series, and X-12 appears to deal with awk-
ward series better than many signal-extraction procedures would, or at least
do it with less work” and, as stated already, Findley et al. [32] p.176 ar-
gue “Maravall seems to place a heavy reliance on quantities calculated from
ARIMA models under the assumption that the models are correct, a reliance
that goes beyond mere use of a MBA to try to achieve good seasonal ad-
justments”. Note that the last argument addresses X-12-ARIMA too, so for
example Morry and Chhab [68] p. 161 “not all series lend themselves readily to
regARIMA modelling” and the same authors p.163 : “it does not necessarily
follow, however, that the method with the lower forecast errors yields better
seasonally adjusted estimates”. The last statement confirms forecasting issues
briefly mentioned in section 1.2 and analyzed in Clements and Hendry [14].
This concludes our informal overview on X-12-ARIMA. A short example is
now provided.

X-11 has become “something like a standard” and as such it is avail-
able in various statistical software packages like for example SAS, RATS,
SPSS or Eviews. The ‘new’ X-12-ARIMA has not yet supplanted X-11 in all
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these packages (probably because they provide own identification and estima-
tion procedures for the DGP of X;). X-12-ARIMA can be downloaded from
ftp.census.gov. Comfortable versions with graphical facilities and easy access
to diagnostic tools have been implemented in Eviews 4 and in DEMETRA,
see section 2.3.3. The latter is used here.

The X-12-ARIMA trend for the UK car-sales series is shown in fig. 2.9 (the
series has been linearized and log-transformed, see chapter 7). X-12-ARIMA
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Fig. 2.9. Input series (solid) and X-12-ARIMA trend (dotted)

trend (solid line) and SEATS trend (dotted line) are compared in figure 2.10.
As can be seen, the order of the (automatically) selected 13-term Henderson
filter may be too low (there are unnecessarily many turning-points). Finally,
the permanent component of the Beveridge-Nelson decomposition (‘rough’ se-
ries) is compared to the trends of X-12-ARIMA and SEATS in figure 2.11. As
can be seen, different identifying (a priori} assumptions may lead to dramatic
differences between outputs of the symmetric fillers for the theoretical compo-
nents (here : trends).

This concludes the (necessarily restrictive) presentation of important ‘es-
tablished’” MBA. In the next chapter the main concepts for characterizing
filters in the frequency domain are proposed. A well-known general class of
asymmetric filters is then derived for the boundary signal estimation problem.
In order to improve ‘out of sample’ results and to control for overfitting a new
filter class is proposed and analyzed. It is characterized by improved ‘parsi-
mony’ (few parameters to estimate) and a straightforward interpretation of
the remaining degrees of freedom. This filter class is used for the examples in
chapters 7 and 8.
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QMP-ZPC Filters

The objective is to approximate (outputs of) symmetric filters by (outputs of)
asymmetric filters towards the boundaries of a sample. A general filter class is
needed here because input signals and symmetric filters are of a general form
too, recall section 1.5 and chapter 2. Some care is needed however, since it
was suggested in section 1.1 that ‘excessive’ generality may lead to overfitting
problems : good ‘in sample’ performances may be contradicted by poor ‘cut
of sample’ performances. Therefore, a general and parsimonious filter class is
proposed in this chapter.

In Section 3.1 concepts relevant to the frequency domain are presented:
an informal introduction to the theoretical material presented in chapter 5 is
provided. In section 3.2 parsimonious filter designs (ARMA, minimum phase
and quasi minimum phase (QMP) filters) are introduced. Finally, a new filter
class, the so called zero-pole combination (ZPC) filter, is presented in section
3.3. The latter filter design is characterized by a constraint which stresses
further parsimony and which enables a straightforward interpretation of the
remaining degrees of freedom.

3.1 Filters : Definitions and Concepts

Definition 3.1. A sequence i of square summable numbers (Z,?;_oo k% <
o0) is called a filter. The complex function I'(-) : [-m, 7] — @ defined by :

(o]

I'w) = Z i exp(—tkw)

k=—00

is called the transfer function of the filter vy. If the sequences Y; and X; are
related by

o0
Yi= > wXek

k=-—00
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then Y;, X; are called the output and the input signals of the filter vy respec-
tively.

In the following, the concepts of ‘filter’ and ‘transfer function’ are merged.
Therefore, I'(-) is called a filter. Conditions under which this identification is
allowed formally are well known, see for example Gasquet and Witomsky [36]
or standard textbooks in functional or Fourier analysis. A sufficient condition
for this ‘merging’ is the continuity of I'(-) on [—m, 7] which is assumed in the
following. A filter I'(-) is called real if v, € IR for all k (in this case I'(0) € IR)
and it is called symmetric if 4, = vk for all k. If I'(*) is symmetric and real
then I'(w) € IR for all w.

Let X1, ..., Xx be a finite sample and consider the signal

Yi= > mXek

k=—o00

where I'(-) is some real filter : if there exist tp, ko such that 1 < tg < N and
to — ko < 1 or tg — ko > N and g, # 0 then Y3, cannot be computed directly
from Xji,...,Xn. Instead, Y, has to be estimated. For that purpose, define
the following general distance measure between two filters I'(-) and I'(-):

v/2] )
I (we) = I'(wi) G (w) (3.1
k=—[N/2]

where wy, € [—7, 7] for all k and where it is assumed that G(-) > 0 and the
coefficients of I'(-) satisfy:

;yk:=07 ki{to—l,---,to—N} (32)

The latter condition ensures that the output

to—1

Yio= Z Ve Xto~k (3.3)
k=to—N

can be computed using the finite sample X7, ..., Xy. Thus an estimate Yto of
the unknown Y;, may be defined by the output of the filter f() minimizing
(3.1). For particular wy, and particular ‘weights’ G(ws) it is shown in chapter
5 that the resulting Y3, satisfies an optimality criterion for a general class of
input signals X;. However, the necessary theoretical background must be put
up first.

A direct optimization of the filter coefficients 4 in (3.3) involves too many
unknown parameters. Therefore, an attempt should be made to ‘parameter-
ize’ the 4y using ‘few’ parameters. For that purpose, the classical ARMA-
approximation method is proposed here (see for example Box and Jenkins [9]
and Stier and Wildi [86]). Consider the following input-output relation:
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Y, = ZakYt k+ Z b Xi—k (3.4)

k=—7r

where r:=N —tg, Q+q+7r << N and where it is assumed that the roots of
the characteristic polynomial 1 — Zk 1 arz”® lie outside the unit circle. The
resulting filter is called a stable ARMA filter. It is then well known that the
input-output relation (3.4) can be expressed by

o0

Yi= > cxXig (3.5)

k=—7r

where the coefficients ¢ decay towards 0 in a suitable manner, e.g. exponen-
tially fast. Expression (3.5) is called the equivalent MA(oo) representation of
the ARMA filter. The sequence ¢ is now determined by @+q+7+1(<< N)
parameters only. One difficulty remains, since the coefficients in (3.5) do not
satisfy (3.2). This problem may be solved for example by

e truncating the equivalent MA(oo)-representation of the ARMA-filter at
k=ty—1or

o by a suitable initialization of the filter (corresponding solutions are pre-
sented in the appendix).

Note however an important difference between ARMA-processes and (3.4): for
the former, the input signal is a white noise sequence whereas for the latter
the input signal X; is a general - not necessarily stationary - process.

From definition 3.1 the transfer function of the ARMA-filter (3.4) is given
by

A, brexp(—ikw)
1- 2 | axexp(—ikw)
_ Cexplirw) Hil=1(z2j—1 - eXP(—Z'w))(sz - exp(—@.w)) (3.6)
[Ti=1(Pok—1 — exp(—iw))(Pax — exp(—iw))
H§+£n+1( — exp(—iw))

T 241 (P — exp(~iw))

IP(w)

where Zy; = Zgj_1, j = 1,..,n and Py := Pyr_y (i.e. (Zoj-1, Zgj)
j = 1,...,n are complex conjugate zeroes and (Par_1,Pax), k& = 1,.

are complex conjugate poles) and Z;,j = 2n +1,...,q + r are real zeroes,
Py, k=2n'+1,...,Q are real poles and C is a real constant (normalization).
The equivalent representation (3.6) follows from a factorization of the numer-
ator and denominator polynomials in the ‘variable’ exp(—iw). The index ‘p’
denotes the number of parameters i.e. ¢ + r + @ + 1 = p. For notational sim-
plicity the index “p’ is dropped (if it is not explicitly required) so that I'P(w)
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is written f(w) Stability (or equivalently the existence of a convergent MA
representation of the ARMA filter) requires |FPg| > 1,k = 1,...,Q and invert-
ibility requires |Zg| > 1,k = 1,...,q + r (invertibility means that the filter
possesses a convergent AR representation). The importance of these proper-
ties of the ARMA filter is stressed in section 3.2. Here and in the following,
ARMA -filters are denoted with a ‘hat’ because they are used for solving the
signal estimation problem for finite samples.

Consider the following identity
IN"w) = |I'(w)| exp(farg(I(w)) (3.7)

where I'() is a general transfer function (not necessarily symmetric or of
‘ARMA-form’) and note that I'(-) determines arg(-) up to multiples of 27 if
the transfer function does not vanish.

Definition 3.2. Let vy be a real filter whose transfer function I'(-) is contin-
uous, vanishes nowhere and satisfies I'(0) > 0. The amplitude and the phase
functions of I'(w) are then defined by

A(w) = | (w)|
P(w) = —arg(I'(w))

where arg(-) is defined as a continuous and odd function of w.

Remarks

e I'(0) = > pe_o Yk € IR by assumption. Therefore, the requirement I"(0) >
0 in the previous definition is well defined. It constrains the ‘sign’ of the
filter.

Since the phase is odd and continuous it must satisfy $(0) = 0.

The ‘traditional’” arctan(-) function (as it is implemented in most software
packages) does generally not fulfill the above requirements for arg(-). In
particular, it is generally discontinuous.

e The phase function of a real and symmetric filter vanishes identically.

If I'(+) does not vanish and is analytic in a region including the unit circle, then
the phase function is infinitely often differentiable : from (3.7) the solution is
given by

B(w) = i(ln(F(w)) - ln(A(w))) (3.8)

where In(-) is defined as the principal branch of the complex logarithm, see
for example Ahlfors [1], chap.8. Requiring arg(-) to be continuous and odd
uniquely determines the phase function of stable invertible ARMA-filters :

Proposition 3.3. The phase function $(-) of a stable invertible ARMA filter
ezists and is uniquely defined.
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Proof. Stability requires |Py] > 1,k =1, ..., Q so that the transfer function is
analytic in an annulus containing the unit circle. Invertibility requires |Zg| >
1,k =1,...,q+7 and thus there exists an open set including the unit circle for
which the (analytic) transfer function does not vanish. From (3.8) a continuous
and odd phase function then exists. Assume &(-) and &(-) are two continuous
and odd functions satisfying

F(w) = A(w) exp(—id(w)) (3.9

Then 1 = exp (—i (@(w) .y (w))) for all w because the transfer function

does not vanish on the unit circle. Thus d(w) = &'(w) + k(w)2w where
k(w) € ZZ. The mean value theorem then implies k(w) = ko. Since both
functions are odd and continuous, they satisfy #(0) = &(0) = 0, so that
ko = 0 which proves the proposition. O

If ™
IO | §4%0)
k=1

is a stable invertible ARMA filter then >} &r,(-) is a continuous and odd
function satisfying (3.7). Thus the uniqueness property implies

Gpp (V=3 Bp () (3.10)
k=1

so that the phase function is a homomorphism.

The following description of the properties of the phase function as well
as its interpretation are informal. It provides a first introduction in concepts
treated in chapter 5. Let the (complex) input signal of a stable and invertible
ARMA filter satisfying I'(0) > 0 be given by X, := exp(iwt), t € Z. From

2 Ak exp(iw(t — k)) = exp(iwt) Z Ak exp(—iwk) = exp(iwt) "(w) (3.11)

k=—r k=—r

one deduces that X¢,¢ € Z is a periodic eigensignal of the filter with eigen-
value I'(w). Denote I'(X;) := Y pw_,. % Xt~k- The linearity of the filter then
implies:

F(Re(Xy)) + il (Im(Xy)) = F(X;) = Re(P(Xy)) + i Im(F"(X,))

This together with (3.11) implies that cos(wt) and sin(wt) are eigenfunctions
too. Moreover, input and output signals are related by

cos(tw) — A(w) [cos(tw) cos(—B(w)) — sin(tw) sin(—qﬁ(w))]
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= A(w) cos(tw — H(w)) (3.12)
sin{tw) — A(w) [cos(tw) sin(—®(w)) + sin(tw) cos(—é(w))]
= A(w) sin(tw — H(w)) (3.13)

where A() := |I'(*)|, so that

cos(tw) — A(w) cos(w(t — ?(w)/w))

sin(tw) — A{w) sin(w(t — d(w)/w))

Thus ¢(w) := $(w)/w may be interpreted as a time shift function of the
ARMA filter at frequency w. Equation (3.10) then shows that time shifts of
serially connected filters add (homomorphism). Moreover,

2 . oa do

lim ¢(w) = lim S(w)/w = —~

w=0

exists because $(w) was defined as a continuous (infinitely often differentiable
for stable and invertible ARMA-filters, see above) and odd function. The ex-
istence follows from $(0) = 0 and from a Taylor series approximation at the
origin. The time shift é(O) of the filter at frequency zero plays an important
role for integrated input processes, see section 5.3.

The condition I"(0) > 0 required in definition 3.2 is necessary because the
identity — cos(tw) = cos(tw+n) implies that the phase function of a filter satis-
fying I'(0) < 0 cannot be both continuous and odd (because $(0) = ). Also,
the time shift of such a filter cannot be bounded if w — 0 (i.e. 7/w — o0
as w approaches zero). The time shift is an important characteristic of an
asymmetric filter because ‘good’ filters (generating ‘good’ signal estimates)
are characterized by ‘small’ time shifts and ‘good’ selectivity properties, see
for example chapters 5, 7 and 8. The time shift is defined for most relevant
signal extraction filters (such as seasonal adjustment or trend filters for ex-
ample) because they often satisfy I'(0) =1 > 0, i.e. the assumption I'(0) > 0
is satisfied.

Definition 3.2 can be extended to non-invertible ARMA filters with zeroes
on the unit circle. The phase then becomes a piecewise continuous and odd
function (formal aspects are ignored here).

The amplitude function A(w) may be interpreted as the weight (damping
if A(w) < 1, amplification if A(w) > 1) given by the filter to a sinusoidal input
signal of frequency w. It characterizes the selectivity properties of a filter.

In (3.1), the signal estimation problem is reduced to the minimization of a
particular measure of the ‘distance’ between transfer functions. This problem
can now be stated in terms of amplitude and phase functions, i.e. in terms
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of selectivity and time shift ‘fitting’. Suppose f() is used for approximating
I'(-). Then

. /}(w) should ‘mimic’ A(w) and
e &(-) should ‘mimic’ $(-) (the latter vanishes identically for symmetric fil-
ters).

Both the selectivity properties (as given by the amplitude functions) and the
time shifts should match as closely as possible. Section 3.2 and chapter 5 show
that these requirements are conflicting so that efficient boundary signal esti-
mation is the result of an optimal compromise between both requirements.

The aim of decomposing the transfer function into amplitude and phase
functions is to separate selectivity and time shift properties of a filter. This
gives access to more flexible optimization procedures, including for example
the ‘faster’ detection of turning points (of a particular trend component) by
computing filters with ‘best’ possible selectivity characteristics subject to a
time shift (phase) constraint, see section 5.4. Model-based approaches do not
allow for such flexibility because the transfer function of the boundary filter
(1.4) is obtained implicitly. Therefore, a decomposition into phase and ampli-
tude matchings is impossible.

In the next section a first restriction of the ARMA-filter class is proposed.
This is based on time-shift properties of the filters.

3.2 A Restricted ARMA Filter Class : QMP-filters

Moving-average or more generally ARMA-filters are well known filter classes.
A comparison of both classes is given in Stier [85], section 17.5 together with
a presentation of particular filter designs. In this section, a restricted class
of ARMA filters is derived whose (desirable) properties ‘match’ the signal
estimation problem for finite samples.

Definition 3.4. A stable ARMA filter is called minimum phase if and only
if all its zeroes Zy, lie outside the unit circle (invertibility) and r =0 in (3.6)
(causality).

Invertibility and stability imply that the ARMA representation of the filter
is equivalent to convergent AR(oo) or MA(oo) representations: X; may be
recovered from Y;_,,Y;_,_i,... and analogously Y; may be recovered from
Xitr, Xt4r—1,... . Causality requires r = 0. Therefore, minimum phase filters
can be used for estimating a signal at the end point ¢ = NV of a sample. Before
generalizing this filter class, an optimality property of minimum phase filters
is presented here.
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Proposition 3.5. Every stable, causal and non-invertible ARMA filter I"'(-)
without zeroes on the unit circle can be uniquely decomposed into a minimum
phase filter I'() and an allpass filter (a filter whose amplitude function is
identically equal to one), i.e.:

I'(w) = ['(w)Hap(w) (3.14)
where |Hap(-)] =1 and where the time shift of the allpass filter is positive.

A proof is provided in Oppenheim and Schafer [73], p.352. The above propo-
sition and the identity (3.10) imply that minimum phase ARMA filters are
characterized by small(est) time shifts (for a given amplitude function). Since
the time shift is generally positive in the passband of the filter (for trend
extraction or for seasonal adjustment filters for example) it follows that min-
imum phase filters are ‘optimal’ designs.

Definition 3.6. A stable ARMA filter I'(-) as given by (3.6) is called quasi
minimum phase (QMP) if it factorizes into

I'(w) := exp(irw) ﬁ[ (Zk —exp(— ))f(w) (3.15)

where I'(w) is minimum phase, 0 < r < N—1 and Z}, := exp(i\g),k=1,..,n

The identity (3.10) implies that the QMP filter I'(-) in (3.15) inherits the
property of small(est) time shift from the minimum phase filter I'(w). More-
over, the proposed QMP filter class enables

e optimal signal estimation at arbitrary time points N —r (the term exp(irw)
in (3.15) indicates that the full sample Xj, ..., Xy can be used for estimat-
ing Y-, see for example the correspondence of (3.4) and (3.6))

¢ ‘handling’ of non-stationary integrated input processes by including a
‘unit-root’ operator [[_; (Z,’c - exp(——iwt)) (a formal treatment is given
in section 5.3).

QMP filters are a general parsimonious filter class satisfying an optimal-
ity property (smallest time shift) which make them ‘natural’ candidates for
boundary filter approximation problems. Section 3.3 presents a further and
final restriction strengthening and improving the parsimony concept.

An intuitive explanation of the minimum time shift property of minimum

phase filters can be given in the time domain. Oppenheim and Schafer [73]
chap.7 prove the inequality

DoAY (W) (3.16)
j=0 7=0
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for all n, where the coefficients 4; and 4; belong to I'(-) and I"(-) in (3.14).
Using the Parseval relation (A.11) (see the appendix):

0o T T 00
S = [ Aerdo= [ Awpdo =35
j:O - - J-_—O
Therefore, (3.16) implies that the minimum phase filter gives less weight to
past observations which reflects the smaller time shift.
Ideally, the time shift of an asymmetric filter should vanish and the latter
should be as selective as the symmetric filter. It is shown in the following

theorem that both requirements cannot be met simultaneously because phase
and amplitude functions are related.

v

Theorem 3.7. Amplitude and phase functions of a minimum phase filter sat-
isfy
. 1 . 0—w
In(A(w)) =c+ %PV/—W &(0) cot <—2—-) de
~ 1 7"

S(w) = —%PV/ In(A(6)) cot (9—_2—“’) de

-
where ¢ is a constant and PV means the principal value of the integral.

(3.17)

Note that the function cot(#) has a singularity at # = 0. This fact motivates
the use of a special class of integrals denoted by ‘principal value’. It is defined

by considering the ‘symmetric’ limit: limg_,g ( ff;‘s + f:_,_ 5). The expressions
(3.17) then exist because cot(-) is an odd function and because the integrated
functions are regular (infinitely often differentiable).

Remarks

e The proof makes use of I'(w) := In(I"(w)) = In(A(w)) — i®(w) which is
analytic in an open region containing the unit circle if I (w) is minimum
phase. Hence, it relates real and imaginary parts of an analytic function,
see for example Oppenheim and Schafer [73] chap.7 (note that the phase
has an opposite sign in the cited document).

e Since cot(-) is periodic and odd, equation (3.17) implies that (w) = 0 for
all w whenever A(w) is constant. Both conditions together imply INw) =
K € IR, i.e. the filter is not selective at all.

o A straightforward consequence of the above theorem is that the best asym-
metric filter (which minimizes the revision error variance) must result from
a ‘compromise’ between an amplitude matching (i.e. ‘small’ | A(w) — A(w)])
and a time shift (phase) matching (i.e. ‘small’ [#(w) — $(w)|) where A(-)
and &(-)(= 0) are the amplitude and the phase functions of the symmetric
filter. These and related issues are analyzed in chapter 5.
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In the last section of this chapter a final restriction of the QMP filter class
is proposed which stresses on the parsimony concept. It is shown that the
parameters of the proposed filter class are straightforwardly interpretable.
Empirical results confirming improved ‘out of sample’ performances of this
filter design are presented in chapter 7.

3.3 ZPC-Filters

Definition 3.8. An ARMA filter I'(-) is called a pure zero-pole-combination
(or simply a ZPC-) filter if and only if

the number of poles is equal to the number of zeroes, i.e. Q) = q+r, and
all poles Pg,k = 1,...,Q and zeroes Z;,j = 1,...,Q may be grouped into
pairs (Zg, Pp),k = 1,...,Q, called zero-pole pairs, for which arg(Py) =
arg(Zy).

An ARMA filter (8.6) consisting of one zero-pole pair is called an elementary
ZPC-filter. An ARMA filter with zero-pole pairs and ‘single’ zeroes and/or
poles is called a mized ZPC-filter.

It is readily seen that the elementary ZPC-filter C(Z — exp(—iw))/(P —
exp(—iw)) with arg(Z) = arg(P) is more general than a single zero or a single
pole: simply let |Z] — o0 or |P| — oo and set C :=1/Z or C = P in order to
obtain a single pole or a single zero. Each zero-pole pair (Py, Zk), k = 1,...,p
has three degrees of freedom which may be given for example by Ag, | Zx| and
| Py|. However, it is shown below that the set of ‘parameters’

b )‘Im
o | Zg|,
o (|Zk| —1)/(}|Px| — 1), where |Px| > 1 (stability)

is more appealing.

An analysis of the properties of ZPC-filters is necessary in order to moti-
vate the constraint arg(Zy) = arg(Fg). For that purpose assume

. Z — exp(—iw)
I'w)=Co———7——~ .
() CP — exp(—iw) (3.18)
is an elementary ZPC-filter with A := —arg(P) = —arg(Z). An important

property of elementary ZPC-filters, namely the monotonicity of the ampli-
tude function on both sides of A, is derived in the following proposition. The
‘non-monotonicity’ of the amplitude function of particular filter designs may
result in ‘overshooting’ (see for example Stier [85], section 17.5, fig.17.24 and
17.25) which results in inefficient seasonal adjustment or trend extraction. The
monotonicity property of ZPC-filters is needed in the proof of proposition 3.11
below.



3.3 ZPC-Filters 55

Proposition 3.9. For Z = (14 z) exp(~i}), P = (1 +y)exp(—i}) and 0 <
z < y the amplitude function A(w) := |I'(w)| has a unique minimum in .
More precisely

94) Chifuw<a

Ow

OAWw) ..

3w) =0ifw=Aandz >0
AW) _ .

5w >0ifw>A

If 0 < y < x then the amplitude function has a unique mazimum in A.
Proof. Assume first £ > 0 and let

Z — exp(—iw)

In = In(A(w)) — In(|C))

P — exp(—iw)
Thus

% In(A(w)) = % In{(|Z — exp(—iw)|) — ;; In{|P — exp(—iw)})  (3.19)

Analyzing the first term on the right of this equality :

1012 - exp(-iw))

1 d

= m%w — exp(—iw)|

- |Z——e-xfl)m{Re(Z — exp(—iw))Re (i exp(—iw))
+Im(Z — exp(—iw))Im(s exp(—iw))}
1

— m{ — Re(Z — exp(—iw))Re(i exp(iw))

+m(Z — exp(—iw))Im(i exp(ie)) }

Re {(Z — exp(—iw))i exp(iw)]
- _ |Z-—ex1;3(——iw)|2
Re _iZ exp(w)
B " 1Z — exp(—iw)]?
Im [Z exp(z’w)]
= 7 —ep(—i)F (3.20)
=: Mz(w)
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Thus (3.19) becomes

L In(Aw)) = Mz(w) - Mp(v) (3.21)

where P simply replaces Z in the expression for Mp(w) corresponding to
(3.20). It is easily verified, that Mz(A) = Mp(\) = 0 because Zexp(i}) is
real in (3.20). From (3.21) and from

d 1Ay = 440 1
T In(A()) = =~ 0 (3.22)

it then follows that the derivative of the amplitude function must vanish in A
if > 0 (because A(A) > 0). Moreover, it is easily verified that the derivative
of the amplitude function vanishes whenever w — A = km, k € ZZ since then
Z exp(iw) € IR in (3.20), so that Mz vanishes in (3.21) (and analogously for
Mp). Let w — A £k and z > 0. Then:

1 _Z- exp(—iw)|?
Mz(w)  Im [Z exp(iw)]
(1+x)2+1—2(1+x)cos(A — w)
(1 +z)sin(w — A)

((1+$) *1 -|1—:c> sin(wl— A) +2cot(A —w)

((1 ro)+ ﬁ—) F) + g(w)

z

and equivalently

1

1
15~ (149 + 5 ) )+

with f(w — A) being an odd function ‘centered’ in A. The assumption z < y
then implies 1/Mz(-) < 1/Mp(-) forw > X and 1/Mz(-) > 1/Mp(-) forw < A.
This result together with (3.21), (3.22) and the positivity of the amplitude
function proves that

(3.23)

dA(w) [<0ifw <A
dw >0ifw> A

A similar reasoning applies if x > y which completes the proof of the propo-
sition. O

The monotonicity of the amplitude function (on both sides of A) of two
particular ZPC-filters can be seen in fig.3.2. In the following theorem another
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important property of ZPC-filters is analyzed. It is shown that the filter effect
(damping or amplification) can be concentrated in an open interval of arbi-
trary width containing A (the common argument of the zero and the pole).
Therefore ‘components’ with frequencies outside this interval remain almost
unaffected by the filter. This property is important for seasonal adjustment
since only the seasonal spikes are to be removed. The other components should
‘pass’ the filter without being affected.

Theorem 3.10. Let I'(-) be defined by (3.18) where it is assumed for sim-
plicity that C := 1 and let A € [—m,7|. Let also €,6 >0 and 0 < r # 1 be
arbitrary real numbers (r may even be infinite). Define Z = (1+ z) exp{—il),
P = (1 +y)exp(—iX) in (3.18). Then there exist ¢ > 0,y > 0 (where y does
not depend on r)} so that

. AA()\) =1/r and _ A
o |Alw)—1] <4, |P(w)| < and |I'(w) — 1| < & whenever |w — A| > ¢

where A() and @() are the amplitude and phase functions of ﬁ()

Remark

¢ For r =1 the pole and the zero cancel so that parameters are not uniquely
defined. Therefore, r = 1 has been excluded in the above assumptions.

e For r > 1 the filter ‘damps’ components whereas for 7 < 1 components are
amplified. However, the effect (amplification or damping) can be concen-
trated in an open interval of arbitrarily small width containing A.

_ Proof of the theorem. For the proof it is assumed that r > 1 so that

A(X) < 11i.e. the filter damps input signals. Consider first the following fig.3.1
where P and Z are the pole and the zero of the ZPC-filter and Aw is a small

p

nit Circle

—— Ay —

Fig. 3.1. Elementary ZPC-filter in the plane

arc on the complex unit circle (so that it may be approximated by a small line
segment). From x :=|Z| —1 and A()\) = 1/r it follows that y = |P| -1 = rz:
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the damping factor r thus determines the relative locations of the zero and

the pole. It remains to determine either z or y so that the theorem is true.

The complex transfer function is analyzed first.

For that purpose, z (= |Z| — 1) is sought so that

— exp(—iw) — (Z — exp(—iw))
P — exp(—iw)

. (r—1z

~ |P — exp(—iw)|

_ (r—Dz

T |1+ rz — exp(—iv)|

. P
§>|1—-Pw) =

(3.24)

for all {w ||w — A| > €} where v :== Aw = w — X in (3.24). Since the denomina-
tor is monotonic in v this condition reduces to a condition on the boundary
v==e:

(r—z
1+ rz — exp(—ie)

(r—Nz

rT + i€ (3.25)

é >

~

Note that if € is small, then the boundary condition justifies the approximation
of the arc Aw by a straight line in fig. 3.1. From |rz £ ic|? = (rz)? + €2 the
approximation (3.25) becomes

626 > [(r —1)? — 8*r?)2?

If r < 1/(1-6) the above inequality is satisfied for all z = |Z| -1 > 0 (because
the filter almost degenerates to the identity). Otherwise x must satisfy
de

x < T (3.26)

The inequality shows that Z (and thus P, since |P|—1 = r(|Z| — 1)) has to be
located closer to the unit circle whenever 1/r, € or 6 decrease. Assuming (3.26)
to be satisfied, the assumptions for the amplitude function readily follow from

§> 1P > 1~ FW)=1~Aw)

for all w with |w — A| > e. This last result and the following trigonometric
identity

IP(w) — 112 = Aw)? + 1 — 2A(w) cos ( A(w))
B(w)?
2

= Aw)® +1-24(w) (1 - ) +0(d(w)*)
~ (Aw) = 1) + A(w)d(w)? (3.27)

then show that 62 > |1—I'(w)|? > A(w)$(w)?, so that |$(w)| < §/v/T =10 ~ 4.
Define z := z(r) by
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€T .= - 3‘28
( )
Then (3.26) iS Satisﬁed:

ﬁ < de < de
roorV1-62  \/(r—1)? —42r2

xTr=

Since [P —1| = y = rz = de > 0 does not depend on r the proof is completed.
A similar proof applies to the case 0 < r < 1 (in this case the ZPC-filter
amplifies sinusoidal input signals of frequency A). 0O

Note that the filter remains stable even if r — oo because [P| > 0 does
not depend on r. The next result shows that weaker conditions (than (3.26))
lead to |A(w) — 1| < &. An interpretation of this result is that in a given sense
the fit of the amplitude function is easier than the fit of the phase function.

Proposition 3.11. Let the assumptions of the preceding theorem be fulfilled
and assume A(A) = 1/r < 1. Then |A(w) —1] < § for all jw— | > € whenever

< —\/53 <
NI
where z = |Z| — 1.
Proof. First an x > 0 is sought so that A()\) =1/r and
11— A%(w)| < 26 (3.29)

for |w — A| > e. Proposition 3.9 implies that A(w) is strictly monotonic on
each side of A so that (3.29) reduces to a condition on the boundary A\ ¢ :

z? + €

24 1 A? ~ ]l - ——
> -0l =]1- S

where the pythagorean identity was used (approximate the small arc Aw by
a straight line of length € in figure 3.1). This implies

o? (r2(1 —26) — 1) < 20¢?

If r < 1/4/1 — 26 then the last inequality is satisfied for all z = [Z] -1 > 0
(because the filter almost degenerates to an allpass). Otherwise z must satisfy

V26e

Since



60 3 QMP-ZPC Filters
26 > |1 — A2(w)| = |1 — A(W)||1 + Aw)| (3.31)

it follows immediately that |1—A(w)| < 26 and thus 2—28 < [1+A(w)| < 2426
so that (3.31) implies

20

<— =§+0(*) 6
1+ A(w)| @)

11— Aw)|
if 4 is small, which proves the proposition. O

Note that (3.30) is weaker than (3.26) since d is replaced by /3 in the for-
mer condition. The degrees of freedom (parameters) p1,pz, ps of an elementary
ZPC-filter (3.18) can be interpreted as follows:

1. The common argument p; := A of the zero and the pole determines the
frequency for which the amplitude of the filter has an extremum (damping
or amplification). R

2. Assume the filter is ‘normalized’ : for example |I'(0)] = 1 so that |C| =

’—g—f—i in (3.18). Define the ‘parameter’

oo IP=11 (211
S Z=1 (P-D

(3.32)

Then p; determines the relative damping (amplification) of a sinusoidal in-
put signal of frequency A (when compared to components with frequencies
close to zero). If |A| >> max(|Z| —1,|P| — 1), then ps can be approxi-
mated by (|Z| —1)/(|P] - 1). A

3. Let A be given and suppose |Z| and |P| are varied such that A(A) re-
mains constant. Then the third parameter ps := |Z| determines the width
¢ (of the interval where the filter damps or amplifies) for a given approx-
imation § (see theorem 3.10). Figures 3.2 (amplitude functions) and 3.3
{(phase functions) illustrate this effect for a damping effect (by a factor
two) in A = 7/2 and for the alternative parameter values p; := |Z;] = 1.1
(dotted lines) and ps := |Z1} = 1.01 (solid lines). A comparison of both
figures confirms that the amplitude function seems easier to approximate
than the phase function: for |Z| = 1.01 the amplitude function converges
rapidly (to a constant |Z — 1|/|P — 1|) whereas the decay of the phase
function (in absolute value) is slower on both sides of A := 7/2: this fact
is established in proposition 3.11 in which it is shown that weaker condi-
tions are necessary for ensuring the convergence of the amplitude function
towards the identity. Note also that $(0) # 0 here because the filters are
complex.

ZPC filters strengthen the parsimony concept and their degrees of free-
dom (parameters) are straightforwardly interpretable. The plots in the above
figures suggest that ZPC-designs can be advantageously used for seasonal
adjustment (because non-seasonal components remain ‘almost unaffected’).
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08
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Fig. 3.2. Amplitude for |Z| = 1.1 (dotted) and |Z;| = 1.01 (solid)

0.36
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0.00
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Fig. 3.3. Phase for |Z| = 1.1 (dotted) and |Z:1| = 1.01 (solid)

Empirical results (see chapter 7) confirm this conjecture.

Recall the definition 3.6 for a QMP filter :
(W) := exp(irw) H (Z,’c - exp(——iw))f’(w)

where Z;, are zeroes on the unit circle.

Definition 3.12. The class of QMP-ZPC filters is defined by
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n -~
I'(w) == exp(irw H ( — exp( iw))F'(w)
k=1

where the minimum phase filter I (w) is assumed to be a pure zero-pole com-
bination filter.

These filters are characterized by the following properties:

minimum time shift,

e generality (the unit-root operator can be used when the input process is
integrated)
estimation for arbitrary time points N ~r, 0 <r < N — 1,
enhanced parsimony and straightforward interpretation of the parameters
(remaining degrees of freedom of the zeroes and poles of the filter).

An equivalent parameterization of the QMP-ZPC-filter I'(:) is given by di-
v1d1ng numerator and denommator polynomials of the minimum phase filter
I'"(-) by Hq” Z; and H , P;j respectively:

) = CH?;(Z% 1 — exp(—iw)
M=y (Pak—1 — exp(—iw))(
2 1 (Z; — exp(—iw))
&2, 11 (Pk — exp(~iw))
2125 T2 (1~ exp(-iw) /Z2j1)(1 — exp(~i)/Z2y)
NP TI (1= oxp(—i)/ Pos 2)(1 — oxp(—ic)/ P
j:;n”-i-l(l — exp(—iw)/Z;)
TT2 o 41 (1 — exp(—iw)/ Pr)
T2, (1 = 20j_1 exp(—iw))(1 — 22 exp(—iw))
o (1= pa—1 exp(—iw))(1 — pay exp(—iw))
0 (1~ 2 exp(—iw))

)(Z2; — exp(—iw))
Py, — exp(—iw))

. (3.33)
Hk 2n41(1 — Prexp(—iw))
Htl+r
where D := C—2=2"" and z; = 1/Z; and pg = 1/Py. The parameters z; and
_1 J

pi of the minimum phase filter are now within the unit disk. Moreover, the
ZPC constraint (common argument) straightforwardly extends to the new set
of parameters. This new set is often preferred to the previous one, because
vanishing MA- or AR-coefficients (in (3.4)) are associated with vanishing ze-
roes z; or poles py (whereas Z; — oo or Py — oo which leads to inconsistency
of estimates and undesirable properties of their variance-covariance matrix for
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overparameterized designs).

It was argued at the beginning of this chapter, that suitable choices of wy,
and G(wg) in (3.1) can lead to a criterion for which the (asymmetric) filter
solution has ‘desirable properties’. In chapter 5 it is shown that the optimal
weighting function G(+) is closely related to the periodogram. Therefore, some
well known and also some new results are presented for the periodogram in
the following chapter 4. These are necessary for deriving asymptotic as well
as finite sample results for the DFA.



4

The Periodogram

Within the methodological framework of the new signal estimation procedure
(DFA), an eminent role is attributed to the periodogram or to statistics di-
rectly related to the periodogram: it ‘collects’ and transforms the information
of the sample X1, ..., Xn. Therefore, properties of the periodogram (used in
(1.9)) are presented in this chapter. Some results are well known (so references
to the literature are given only), others are generalizations of known results
or are new. In the latter two cases, extensive proofs are given.

In sections 4.1 and 4.2 spectral decomposition and convolution theorems
are presented based on the periodogram. The obtained results are generalized
to non-stationary integrated processes in section 4.3. Explorative instruments
for deciding between different optimization procedures or filter designs are
derived.

The results of these sections are the ‘main core’. Sporadic uses of particular
stochastic properties of the periodogram make it necessary to develop other
aspects further. These are reported in chapter B in the appendix.

4.1 Spectral Decomposition
Define X := 1/N 3. | X; (sample mean) and 2y := {wi|wr = kn/[N/2), |k| =

0,...,[N/2]} where {N/2] is the greatest integer smaller or equal to N/2 and
N is the sample size.

Definition 4.1. Define the discrete Fourier transform of Xy,...,Xn by :

N

— 1 ,

Enx (wg) = m E X exp(—itwy,) (4.1)
t=1

Note that the discrete Fourier transform defined for wy, € 25 may be extended
to the real interval [—m, 7], see below. Define the weights
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1, —[N/2] <k <[N/2] if N is odd
wy 1= 1, |k] < N/2 . . (4.2)
{1/2’ k| = N/2 if N is even

The following discrete orthogonality relations are useful in the sequel:

N .
1 — exp(—iNwy 0,k#0
D exp(—ijw) = exp(~ W'J—:ﬁ;)‘u{w i
i=1 p k ’

(4.3)

An orthogonal spectral decomposition of X1, ..., Xy may be obtained from the
following proposition:

Proposition 4.2. Let X; be a finite sequence of length N and let Znx(wy)
be the discrete Fourier transform of X;. Then

e b _
X, = 7_7_( Z exp(ttwg )wp S N x (W) (44)
-

Proof. A complete proof is provided here, because in the literature mostly the
case of an odd integer N is found only. If N is even, then [N/2] = N/2. Thus

var A |
—_— W exp(ztwk)ENX (wk)
\/N k=—ZIV/2
, M2 N
=% Z wy, exp(itwy) ZX exp(—ijwy)
k=-N/2 j=1
1 N N/2
= Tv‘z ;> wkexp(—i(j — t)ws) (4.5)
i=l  k=—N/2
1 X N
=N Z‘Xf exp(—i(j — t)w_ny2) Zwk exp(—i(j — t)wi)
j=1 k=0
1 X N
= 7 2% el ~ ) L exp(i ~ D)
j=1
= X,

where the last equality follows from the orthogonality relations (4.3). If N is
odd then w; =1 for all ¥ and (4.5) becomes :

1 & (v/2]
N 2% D exp(—i(j — t)wk)
=1 k=—[N/2]
L N
=~ ZX]‘ exp(—i(j — t)w_[n/2)-1) Zexp(—i(j — t)wi)
=1 k=1

I
2



4.1 Spectral Decomposition 67

which completes the proof of the proposition. 0O
By analogy to (A.1) (see the appendix) (4.4) is called an orthogonal spec-
tral decomposition of the sequence X;. Note however that stationarity is not

V2
required here. The expression —Ntwk Enx (wg) corresponds to the orthogonal
incremental process dZ(w) in (A.1).

Definition 4.3. The periodogram of a sequence Xy, t =1,..., N is defined by
Inx(wi) = |Enx (i), k=—[N/2],...,[N/2] (4.6)

Up to now the sequence Xi,...Xn is completely arbitrary. If X; is a stochastic
process (which is assumed in the following) then the statistic Iy x (wg) is a
random variable. Its distribution is analyzed in chapter B in the appendix.
Note that the above definition slightly differs from the original one in Schuster
[82] by a normalizing constant.

Equation (4.3) implies

N
1 .
Inx(wi) = 5= E C) exp(—itwg) (4.7)

for any constant C if wg # 0. In partlcular
1|

Inx (wg) = N Z(Xt X) exp(—itwy) (4.8)

so0 that the periodogram is ‘immunized’ against the parameter u := E[X;] if
wk 7# 0. For wp(= 0) however

2
1 (& N o
t=1

The following proposition shows that the periodogram can be interpreted as
an estimate of the spectral density h(wg) (see also (A.6) in the appendix):

Proposition 4.4. The periodogram of a sequence X1, ..., Xn satisfies

N-1

1 A .
% Z R(j) exp(—ijwy) , |k| =1,...,[N/2]
Inx (wk) = el (4.10)
N =
g k=0
where
. 1 N-lj]

RG) = Z X Xeyj) (4.11)
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A proof showing the equivalence of (4.6) and (4.10) is given in Priestley [75)]
lemma 6.1.1. If X; is a stationary process and E[X;] = u # 0, then X,
may be replaced by the ‘centered’ variables X, := X; — X. The statistics
R(j) corresponding to X are then the usual estimators of the autocovariance
function. From (4.8) and (4.10) one deduces

INX(wk) k 7é 0

INXr(wk) = { N

_ 4.12
gXﬂ =0 else ( )

The following proposition presents a spectral decomposition of the autoco-
variance estimates (see also its analogue (A.5) in the appendix).

Proposition 4.5. Let X; be a finite sequence.
o R(j) defined in (4.11) can be decomposed into

X o /2
R(j) = N Z wg exp(—tjwr) Inx (wk) (4.13)
k=—[N/2]

where the weights wy are given by (4.2).
o The sample variance of X, can be decomposed into

1 & 5 2w /2
-]VZ(Xt —X)2 = —]V Z wkINX(wk) —X2 (414)
t=1 k=—[N/2]

Proof. A proof of the first assertion follows exactly the same line as the proof
of proposition 4.2, using (4.10) and the orthogonality relations (4.3). The
second assertion follows from (4.13) and

N
1 _ N
¥ > (X - X)* = R(0) - X?
t=1
which completes the proof of the proposition. O

There exist different extensions of the periodogram from the discrete set
w, |k| = 0,...,[N/2] to the continuous set w € [—m,x|. Fuller [34] defines a
piecewise constant function:

Inx(w) == Inx(wk) (4.15)

if wg—7/N < w < wg+ 7/N. A motivation for this particular extension
is given in theorem B.2 in the appendix. It is also possible to extend the
definition of the periodogram ‘directly’ by allowing w € [—m,n] in (4.6) or
(4.10) :
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2
(4.16)

N
Inx(w) = %LN ;Xt exp(—itw)
The proof of lemma 6.1.1 in Priestley [75] shows that (4.6) and (4.10) are
identical for the latter extension. If X} := X; — X and if the extension (4.16)
is used, then in general Inx/(w) # Inx(w) if w ¢ £2y. Also, the stochastic
properties of the resulting random function will become more complex (see
for example the last assertion of Theorem B.4 in the appendix). Extension
(4.16) is useful for defining the periodogram of integrated processes, see 4.35.

4.2 Convolution Theorem

Let €; be a weakly stationary white noise process : Ele;] = 0, Ele?] = 0% < 00
and Eleierq5] =0 for all i # 0 and let

o0
Xe=pz+ Y brek (4.17)

k=—00

be a two-sided stationary MA(oo)-process. The following definition proposes
an important regularity condition.

Definition 4.6. A filter I'(-) is said to belong to the class C}, u € IR, if

oo
Y bwllkl* < oo

k=—00

By analogy, the MA-process X in (4.17) is said to belong to the class C’}‘ if

> bellkl* < o0

k=—o00

The above definition does not make a distinction between processes and filters.
Instead, the rate of decay of the MA-parameters (of the filter or of the MA-
process) is of interest. Immediate consequences of the above definition are:
L CfDCFifv>u.
2. A stationary ARMA-process X, is in O} for all u > 0 (denoted by X; €
Cs).
3. X; € C} implies
o
2. RO < oo (4.18)
j=—o0

A proof of the second assertion follows from proposition 2.2 in Hamilton [45]
and the last assertion follows from R(j) = 0® 332 _  bebr+; and the following
proposition:
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Proposition 4.7. If a;,b, are sequences satisfying Z;’i_m la;{li* < oo,
S e oo bRkl < 00 where u,v > 0, then

o

2

j=—o0

o0

> arbjik

k=—00

|j|min(u,v) < 00

Proof. Let w := min(u,v) > 0. Then

o0 o
< Y0 D Jarbjakl 4]”

j=—0 k=—00

oo 0
< DD lawbyskl max(L, 2¢7)(1 £ K[ + K|*)

—00 ~00

= max(1,2*"1)

O " larl D Iosllal” + > lawllk™ > [b;1)

—00

o0

2

j=—00

o0

> arbjsk

k=—o0

<0

which completes the proof of the proposition. 0O

The following convolution theorem corresponds to theorem A.3 in the ap-
pendix. The first two assertions of the theorem are ‘classical’ results if X; is a
white noise process. A generalization to MA(oo) input processes is proposed
here. The last assertion is a generalization of a result in Brockwell and Davis
[10] (proposition 10.8.5). It is used for deriving the efficiency of the DFA.

Theorem 4.8. Assume X; is given by (4.17), letY; = Z;’;_oo Ye Xtk be the
output of the filter I'(-) with coefficients v and assume wy, € Ny .

1. If X4, T'(-) € C} and pe =0 then
Iny(wi) = |T(we) P Inx (wk) + Ry x (wk)
where limy ., SUpP,, coy EllRNy x (wi)|] = 0.

2.If X, € CY, I'() € C}/* and py =0 then

Eny (wi) = I'(wk) Envx(wr) + Ryy x (wk)

E[|Ryy x(wr)I’] = O(1/N) (4.19)

where Eny(-) was defined in (4.1) and the approzimation is uniform in
wk. Moreover,

Iny(wk) = |T(wi)® Inx (wi) + Ry x (wi) (4.20)
where E[|Ryy x(wi)]] = O(1/vVN) uniformly in wy.
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3. Assume I'() is real. If py # 0 then the above results are valid for wi # 0.
For wg = 0 one obtains the approximation :

Iny(0) = [P (0)*Inx(0)
+Rny x/(0) + 2%11(0)%}%11”)0 (0) (4.21)

where Yy =Y, ~E[Yy], X{ = X;—E[X] so that the error terms Ryy ' x:(0),
Ry x:(0) meet the respective assertions of the theorem for the case py =
0.

4. If X; € % and T'(-) € C7'* then

(Nv/2)

E ’LUJINY UJJ

—[N/2]
o [N/2]
= N Z wj|F(wj)|2INx(wj) +rN (4.22)
j=—[N/2]

where E[|ry|] = o(1/V'N).

Proof. Assume first E[X;] = 0. A proof if X; is an iid sequence with finite
fourth order moments is given in Brockwell and Davis [10], theorem 10.3.1.
These results are extended here to more general input processes. From

Eny(w \/_ ZYtexp( itw)
( Z 'kat_k> exp(—itw)

k=—00
VI &
= Z i exp( zkw)—EX kexp(—i(t — k)w)
k=—o00 \/N t=1
o0 /o= N-k
= z 'ykexp(—ikw)-ﬁ Z X exp(—itw) (4.23)
k=—00 N t=1-k

it follows that

Nyx (@) = D Yk exp(—ikw)

N~k N
e ( Z X exp(—itw) _ZXt exp(—z‘tw)> (4.24)

Thus
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o0 o9}
E[|Ryyx @) Z Z ik exp(—ijw) exp(ikw)
N- N
Z + exp(~itw) Z X exp(—itw)
N\ t=1
N—k N
( X exp(itw) ZXt exp(itw)) H
N .Sk t=1
27'(' 00 o0
ﬁ >~ byllwl2min(ls], k], N)
Jj=—00k=—o00
X Z |R(1)| (4.25)
l=—o0

230 o IR K .y
< 2IT Z Z |v;) min(||*/2, N/2)
j=—oc0 k=—c0
x [y6| min(|k|*/?, N1/2) (4.26)
. { o(1)  first assertion

~ 1 O(1/N) second assertion (4.27)

where the inequality (4.25) follows by noting that the differences of the two
sums on the left involve min(24,2N) and min(2k, 2N) summands only. The
last equality (4.27) follows from (4.18) and the required assumptions, in par-
ticular the autocovariance function is absolutely summable by (4.18). Finally,
the approximation (4.20) then follows from:

Iny (W) = D) Inx W)
+2Re(Ryy x (—w)I(w)Enx (W)) + [RyyxW)|*  (4.28)
and the preceding result (using the Cauchy-Schwartz inequality for the middle

term on the right hand side of 4.28). If u; # 0 then the preceding results are
true for wy # 0 (by orthogonahty of the exponential famlly for wy € 2y).

Define X := X; — ptz, X := 1/Nzt 1 Xty py = EV3], Y =Y - iy, and
Y:=1/N Zf; 1 Yi A proof of the third assertion then follows from

I1(0) 2T x (0) = F(O)Pﬁxz

IF(0)|2 — (X' + pa)?

= [T Lix(0)+ 270 S S O Oa + ST O 2

= Iny+ (0) + 2%5NY'(O)F(O)H1 + %IF(O)Izﬂi
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—Rny x/(0) — 2%1’ (0) sz Ry x+(0)

N /. _
= o (Y’2 +2Y"py + uf,) — Ry x(0)

—Q%F (0)a Ry x:(0)

= Iny(0) — Ryy'x+(0) — Q%F(O)NmRﬁvY'X'(O)

which completes the proof of the third assertion. A proof of the last assertion
may be based on proposition 10.8.5. in Brockwell and Davis [10]. However,
the latter result is shown only for I'(:) being a one-sided stable ARMA filter
(which is more restrictive than I'(:) € C’}/ %) and X; = ¢, being a white noise
process. Therefore, a generalization is needed here. For that purpose consider

Ry x (wj) Z Vi exp(—ikw;)

k=—o00
N-k N
% (g;kxt exp(~itw;) - ; X, exp(—it%')>
= vkexp(—ik%')%

min{—k,N)

= i i exp{—tkw;) 2n
= i)~
k=—o00 \/N
min{(k,N)
Z (Xt—k - XN+t—k) exp(—i(t — k)w;)
t=1

min(—k,N)
+ ¥ (XNH_t_k—Xl_t_k)exp(—i(l—t—k)wj)}
t=1

where the last equality follows from w; € 2x. From (4.28) the error term ry
in (4.22) can be decomposed according to
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(N/2)
2r =
rv=T 2. wi2Re(Rivyx (—w)l(wy)Enx (@)
j=—[N/2]
[N/2]
2r
+5 > wi|Ryyx(w))?
3==[N/2]

From (4.27) the second term is negligible. Consider therefore

- [N/2]
N Z w; Ry x (—w;) TN (w;) SN x (wj)
j=—IV/2]

I 2 [N/2) 0 oo
=(ﬁ) > 2 X o

j=—[N/2] k=—c0l=-00

min({,N) N
X Z Z Yen Xt (Xr——l - XN+r—l)wj exp(—i(k — 1 + t)w;)
r=1 t=1

o\ 2 [N/2] o 0o
+ (N) > 2 > Tuw
j=—[N/2] k=—o0l=—00
min(~-I{,N) N
X Z Z'Yk'YlXt (XN+1—r—l - Xl—r—l)
r=1 t=1
wj exp(—i(k — 1+ r + Hw;)
where I(;50) and Ij;.o) are indicator functions. For k,[,r fixed let
s =1 — k mod(N) so that

[v/2]
1 jz_z[l:vm wjexp(—i(k — 7 + t)w;) = { (1) teﬁes
Thus
1 N [N/2]
E [ N ;’Yk’nXt (Xr~z - XN+r—t) j=_z[;v/2] w; exp(—i(k — 7 + t)w;) }

< 2y E[XE]

and analogously

N
1
E i ;'Wc'nXt (XN+1—r—l - Xl—r—l)
[N/2]
Z wjexp(—i(k — 1+ 7+ t)w;)
j==TN/2
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< 2lyvkm| E[X?)]

Therefore
[ op /2
Elrv]=E||% D wRe(Ryyx(-w;)l(w)Enx(w;)
i j=~[N/2]
( o [N/2]
<E\lw% Y wiRyyx(—wi) I (w;)Enx (w;)
J'=—[N/2]

Z Z 2yl min(|t], N)|E{X?]

k=—occl=—00

=0(1/\/_)

where the last equality follows from

5 33 eullmn NS g 3l 3 i

k=—o0l=—~00 l=—00
= 0(1/\/_)
/min(}l|, N
since I'() € C’l/ % and A}im %l,) = 0 for each I. This completes the

proof of the theorem. 0O

Remarks

e A stronger result than that in the second assertion of the above theorem
is presented in theorem 6.2.2 in Priestley [75], namely

Iny (W) = [P ()]*Inx (@) + Rnyx(w)
where
E[|Rnyx ()] = O(1/N?*) (4.29)

for I € C;' and X; a white noise sequence. Unfortunately, this result is
false for arbitrary o as can be seen by the following argument:

N-1
ElIny(w)] = % Z ( ljl\g{') Ry (k) exp(—ikw)

k=N-1

see (4.10). Thus the bias of the periodogram of Y; is of order 1/N if Y} is
not white noise. On the other hand, the periodogram of the white noise
sequence X; is unbiased (see for example Brockwell and Davis [10], p.344).
This contradicts (4.29) if o > 1/2 (private note of H.R. Kuensch). Theorem
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6.2.2 in Priestley [75],p.424, relies on a result in Walker [90]: in that article,

o was not explicitly constrained to be less than 1/2 although a look at the

proofs on p.111, 113, 115 reveals that the approximations (inequalities)

are valid for @ < 1/2 only (Walker uses J instead of ).

e It is shown in equation (4.10) that Iyy(0) = #£Y? = O(N) if p, # 0.
Therefore, the error term Ryyx:(0) + Q%F(O)MR}VY,X, (0) = 0O(1) in
(4.21) is negligible.

In the next section properties of the periodogram of non-stationary inte-
grated processes are analyzed. It is shown that explorative instruments useful
for selecting particular filter designs (constraints) for the DFA can be derived
from these results.

4.3 The Periodogram for Integrated Processes

In this section important properties of the periodogram of integrated input
processes are presented which are not discussed in the literature. Also, a set
of explorative instruments (specific to the signal estimation problem) are de-
rived from these results. The proposed instruments can be used for choosing
optimal filter designs.

Assume the process X; satisfies

p

[1Q - 2:B)* X, = B(B)e:

k=1
where Zj = exp(iA;) (and B is the backshift operator) and di, k = 1,...,p
are positive integers. Let X; := B(B)e; = Y o _ oo br€i—k € C}) and assume
also that the spectral density of X, satisfies il(ék) > 0 (so that X; is indeed
integrated). Recall that the spectral density of X; must exist because its coef-
ficients were assumed to be absolutely summable, see (4.18). Define the order
of integration d of X; as d := maxy(dx). Then X; is called an I(d)-process
with ) dj unit-roots.

4.3.1 Integrated Processes of Order One

Let Z = exp(iA) and assume that the process X satisfies the difference equa-
tion

Xy =X, — ZXe_1 = B(B)e (4.30)
where X; € C9, E[X;] =0. If

h(A) >0 (4.31)

then X, has a simple unit-root located at frequency A.
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Definition 4.9. The pseudo spectral density h(w) of X; is defined by

h(w)
hw) := { |1 — Z exp(—iw)|? w#A

00 w=A

Assume for sake of simplicity that the process is initialized in ¢ = —1 i.e.
X_1 = 0. Therefore, X; = Z;zo Z3 X, ;. The following theorem summarizes
results from theorem B.10 in the appendix.

Theorem 4.10. Let X; and X, be defined by (4.30) i.e. X; € C%, E[X;] =0,
Z =exp(i\), A()) >0, X_1 =0 and let

Ong1 = {wg |lwg = k20/(N + 1), k| =0,...,[(N +1)/2]}
For w ¢ 2n41 define the periodogram Inyi1x(w) by (4.16) and use a similar
extension for the discrete Fourier transform SEni1x(w).
o Ifwp # X then

- 2
|:N+1X(wk) - Vl
1 — Z exp(—iwg)|?

Inyix(wg) = (4.32)

where the random variable v := ZNT1Z | 5 (X) is independent of wy.
o IfX, € C}) and \ € 2n41 then

Insix(N) = (N +1)%Cy where lim E[G\]=h())/3  (4.33)

Proof. Only the first assertion is proved here (see theorem B.10 in the ap-
pendix for a complete proof). Consider:

2

1 N
Inyix(w) = m Xt exp(—itw)

1 N 2
= D ; (Z ZiX,_ ]) exp(—itw)

1 N , 2
T (N +1) ; ¢ (;ﬂ Z’ exp (—i(j +t)w)>

1 N N-t 2
RS (]Z:; z eXp(—z'jw)> (434)

ol 2
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1 1
T 1= Zexp(—iw)|? 2n(N +1)
N N 2
ZXt exp(—itw) — ZN T exp(—i(N + 1)w) Z X,z
=0 =0

— . _ 2
_ |:N+1)'<(W) — ZN* exp(—i(N + 1)‘-")5N+15(()\)|
|1 — Z exp(—iw)|?

(4.35)

If w € 2n41, then exp(—i(N + 1)w) = 1 which proves the first assertion of
the theorem (see the appendix for a proof of the second assertion). O

Remark

e Theorem 4.8 (convolution theorem) does not apply here, since the filter co-
efficients of 1/|1 — Z exp(—iwy,)|? do not converge to zero (or, equivalently,
the MA-coefficients of X; do not converge to zero). Theorem B.10 in the
appendix shows that the periodogram is biased even asymptotically (as an
estimate of the pseudo spectral density) and that Inx(ws) and Inx(w;)
are correlated even asymptotically for k& # [. The ‘infinite memory’ induced
by the integration operator is responsible for these undesirable properties.

The important special case Z =1 (i.e. Xy = X;1 + X’t) is treated in the
following corollary.

Corollary 4.11. Assume Xy — X;—1 = X; with X, € C? and h(0) > 0 (so
that X; is indeed integrated). Assume also X_1 = 0 and the sample is given
by Xo, ..., Xn. Define an adjusted time series by X := Xy —tXn/(N +1).
Then

0 W = 0
Inyixr(wi) = Iny1x(wn) (4.36)
——T= " else
|1 — exp(—iwg)|2
where Iny1x(+) is the periodogram of the adjusted series.
Proof.
X, =AX, =X —Xs 1 =X, - X|_,+C=AX.+C
where C := Xn /(N + 1). Equation (4.7) then implies
IN+1)'<(wk) = Int1ax (wg) (4.37)

for all w(€ 2n41) # 0. Note also thatﬁ_:__—. Efi_oAXt/(N—H) =Xn/(N+
1) (because X_; = 0). Therefore AX’' = AX — AX = 0. It follows that
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IEN+1AX’(wk) - Vl2
I ! = '
N+1x7 (wr) 11 — exp(—iwk)|? e

_ _Inniaxs(wr)
|1 — exp(—iwg)|2
IN+1X(‘%)

|1 — exp(—iwg)|?

for all wi(€ 2n41) # 0. The first equality follows from the first assertion
of theorem 4.10. The second one uses AX’ = 0 and (4.12) which imply
En+1ax'(0) = AX'\/(N +1)/2r = 0 and therefore the random variable
v vanishes in (4.32) or equivalently in (4.38). The last equality follows from
(4.37) which completes the proof of the corollary. O

It is shown in the corollary that the periodogram of (the adjusted series)
X{ may be considered as an estimate of the pseudo spectral density of the
integrated process, at least for wy # 0. Unfortunately this estimate is very
poor for wy = 0 {since it equals zero whereas the pseudo spectral density is
infinite). If it is known that X, is integrated, then Iy 1x/(0) := oo is the right
choice. Otherwise, In.+1x/(0) can be replaced by Iny1x(0) = %72. This
is a more ‘flexible’ estimate because

e for stationary input signals proposition 7.5 in Hamilton [45] proves that

2w
N+1

Var(X) = E[X7] ~ h(0)
ie. E[Iny1x(0)] ~ h(0) (if E[X,] = 0)
¢ and for integrated processes it is shown in theorem 4.10 (second assertion)

that (N +1)°
ERE

which grows quadratically in N and linearly in A(0).

E[IN+1X (0)] ~ 27

Therefore, %72 adapts for stationary as well as I(1)-processes (these issues

may play a role in signal extraction, especially for ‘misspecified’ designs, see
sections 5.3 and 7.2).

In the following section, results for the periodogram of I(2)-processes are
presented. A generalization of the above corollary 4.11 is proposed. It is shown
that these results can be used for deriving explorative instruments for choosing
among different possible filter designs for the DFA.

4.3.2 The Periodogram for I(2)-Processes

Let (1 — ZB)?Y; = B(B)e; with Z = exp(iA) and define X, := (1 — ZB)Y,.
Assume also h()) > 0 where h(:) is the spectral density of X; := (1 - ZB)X,



80 4 The Periodogram

(so that X; is an I(1)-process and Y; is I(2)). Define the pseudo spectral
density of Y; by

h(w)
hy (w) := { 11 — Z exp(—iwt)|* w# A (4.39)

o0 w =

Equation (4.32) implies
2

1 (4.40)

2n(N +1)

Zfl:o X exp(—itwe) M
1 — Z exp(—iwk) 1 — Z exp(—iwg)

Insiy (wg) =

where M := ZN+1 Ei\;o X:Z~* is independent of wg. Furthermore, (4.33)
implies that
2

_(J\;Tl)\ 12 = N—+1 ZXt exp(—iAt)
=Inyix(A) = O(Nz) (4.41)
Applying theorem 4.10 twice (for Iy (A\) and then for Iyx(A)) implies that
Ins1y(2) = O(N?) (4.42)

Remark

o Assume |wg — A| > 0 where § is fixed (independent of N) and satisfies
m — A > § > 0. Equations (4.40) and (4.41) imply that the bias of the
periodogram (as an estimate of the pseudo spectral density) at wy is of
order O(N?2) which shows that this statistic is not to be recommended for
processes whose integration order is equal to or greater than two. Section
7.2 exemplifies the consequences of this ‘misspecification’ using a simulated
example.

Important special cases for the location of the unit-roots are treated in the
following generalization of corollary 4.11.

Corollary 4.12. 1. Assume (1 — B)?Y; = X, with X, € C9 and h(0) > 0
(so that d = 2) and let Y; be initialized in the past (for example Y_; =0).
Assume Yy, Y1, ...,Yn are observed and define

N —

— 2 —
Y, =Y, - t(AV - L2V ) - %(A2Y) (4.43)

where AY and A?Y are the arithmetic means of AY; =Y, —Y,_1 and
AZ}/t = Yt — 21@_1 + Y;_g. Then

0 wy =0
Ingry (wg) = In iz (we)
11 — exp(—iwg)|*

clse (4.44)
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2. If (1 — B)(1 — BR)Y; = X; with X; € C? and h(kw/6) >0, k=0,1,...,6
(so that d = 2), then define

t s N-1—=
}/t” = Yt — E (AmY - 2 AmAY)

2t ——r

—-(51 + 5) (A124Y) (4.45)
where A12Y and A3 AY are the sample means of Yy — Yi_15 and Y, —
Y1 — Yi_12 + Yi_13. It then follows that

Inyryr (we) =

0 wr =20
Iny1z(Wi) if W #4u/6, (4.46)
11 — exp(—iwg)|?|1 — exp(—il2wy)|? j=0,..6
It is here assumed that all sample means are computed fromt=0to t = N,
otherwise the above expressions must be slightly modified.

Proof. A proof of the corollary is established for (4.44) only (a similar proof
applies to (4.46)). From
1

: FY) - (t—1/2)(4%)
= AY, - AY - (W)((t ~1/2) - (t= 1/2))

AYt'zAYt—(W—

(where (t —1/2) = (N — 1)/2 is the arithmetic mean of t — 1 /2) and from

A% =AY, - AY = X, - X (4.47)
one deduces
AY =AY =0 (4.48)
Moreover, (4.47) together with (4.7) imply
Iny1azy (W) = Iy, 5 (wk) (4.49)
for wi(€ 2n41) # 0. It follows that

|En+1ay (wi) — 1)
I : = )
N+1y7(wk) T — exp(—iwr) (4.50)

_ _Inviay/(we)
|1 — exp(—iwg)|?

|Enr1a2ys (i) — 12l
- 4.51
|1 — exp(—iwg)|4 (4.51)
IN+1A2Y' ((A)k)
|1 — exp(—iwg){*
_ Iy 1% (wk)
|1 — exp(—iwg)|*
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for wi(€ 2n41) # 0. The first equality follows from the first assertion of the-
orem 4.10. The second one uses (4.48) and (4.12) which imply En414y/(0) =
AY’\/(N +1)/2r = 0 and therefore the random variable v; vanishes in
(4.32) or equivalently in (4.50). The third equation again follows from the
first assertion of theorem 4.10 (applied to Inyiay’(wk)). As before, the
fourth equality follows from (4.48) and (4.12) (implying Eny1a2y(0) =
A?2Y7\/(N +1)/2m = 0). Finally, the last equality follows from (4.49), which
completes the proof of the corollary. O

Defining an adjusted series Y{ or ¥} as done in the above corollary may
seem unnecessarily complicated if the only issue is to replace the poor esti-
mate Iyy (wg) by (4.44) or (4.46). However, the adjusted series Y;' or Y} are
interesting per se since they may be used advantageously for selecting partic-
ular filter designs. More precisely, they can give indications as to whether the
DGP is integrated or not. This is shown in the following examples.

Assume Y; is integrated of order two with roots Z1 = Zz =1 and Y_; =
Y_s = 0. A straightforward calculation (see for example the development
preceding (4.35)) shows that

(1 — exp(—iwg)) En1v (Wk) = Ens1av(Wi) — En+1av(0)  (4.52)

Since AY; is I(1) with a unit-root at frequency zero, it is shown in theorem 4.10
that the second term on the right of this equality is of order En 114y (0) =
O(N) so that it dominates Enyi1ay(wg) if |wk| > &, where ¢ is held fixed
(independent of N). Therefore

|En+1ay (wi) — Ens1av(0))?
[1 — exp(—iwg)|?

Inyiy(wi) =

~ _|EN+1av(0)]?
1 — exp{—iwg)|?
|Zn 414y (Wi
|1 — exp{—iwg)|?
Ingyiay (wi)

- 11 — exp(—iwg)|?

- — 2
_ l:N+1X(wk) - :’N+1X(O)|
|1 — exp(—iw)|*

Taking expectations implies that

ElI E | En1x(Wh) — Engx (0
IN+1y (wr)] > [ 11— exp(—ieon)[?

|Zn 1% (k)|

~E Ll —exp(— zwk)[“} +E [|1 —exp(—zwk)|4]
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IN+15((Wk)
e T
= ElIny1y (wi)]

where the orthogonality of =y, z(wx) and Zy;5(0) is used in deriving
the approximation and where Iy41y(wy) is the periodogram of the adjusted
series. Thus, In41y(wy) asymptotically dominates Iy 11y (wk) (in the mean).
Let for example

(1-B)(1-B%)Y, = (1-0.6B)(1-0.5B)¢

A particular realization (dotted line) and the result of an adjustment of order
two Yy’ (4.45) (solid line) of this process are shown in figure 4.1. To see the
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Fig. 4.1. Adjustment for an I(2)-process (adjusted : solid line)

effect of the adjustment compare the periodograms of Y; and Yy’ in figure 4.2
(the smallest frequency corresponds to wy) : spectral power which ‘contami-
nates’ the periodogram of Y; has been removed in the adjusted series ¥;” (this
power corresponds to v in (4.32)).

Assume now Y; is integrated of order one with the root Z = 1 and let
Y_1 =0. It is shown in (4.52) (or (4.35)) that

Inpay (wn) = [En+1ay (wk) — Ent+1av(0)]2
+ |1 — exp(—iwg)|?

Since AY; is stationary, equation (B.10) (see theorem B.4 in the appendix)
shows that Sn 14y (wk) and Sn 414y (0) are asymptotically uncorrelated ran-
dom variables if wy # 0. Therefore
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Fig. 4.2. Periodogram : adjusted (solid) and unadjusted (dotted)

[|EN+1ay (Wk) — EN+1av(0)]?
ElI =F
[ N+1Y(wk)] |1 _ exp(——iwk)|2
o~ g [1Entay @il ] ol 15ns1av (01
L1 — exp(—iwg)|? I1 — exp(—iwg)|?

[ 1EN114y (wi)]?
> B T exp(— i) P
= E[Int1y'(wk)]

where Y/ is a first order adjustment, see corollary 4.11. The two examples
above suggest that the condition

N/2 N/2
ZIN+1Y(wk) > ZIN+1Y’(wk) (4.53)
k#0 k#0
or equivalently
1 & 1 & 1 &
—— Y (V; - 7)? Y = —— )2 (4.54
N+1§(t )>N+1§(Yt ) N+1;(Yt) (4.54)

are indicative for a unit-root of the process Y; (at frequency zero). Note that
the latter inequality (4.54) follows from (4.53) and the discrete spectral de-
composition (4.14). Note also that (4.54) affords less computational efforts

than (4.53) (which justifies use of adjusted series here).

As an example consider

(1-B)Y; = (1 - 0.6B)(1 ~ 0.5B)e,



4.3 The Periodogram for Integrated Processes 85

A particular realization (dotted line) and a (first order) adjustment (solid line)
of this process are shown in figure 4.3. The sample variances are

8.4 - e T T
50 100 150

Fig. 4.3. Adjusted (solid) and original (dotted) time series

N

(Y] -Y)? =1.99
t=0

N
1 —
2.622———§jY—Y2>
‘ 0(‘ ) N +1

N+14&
The above examples illustrate the ‘underadjustment’ effect which is due to
the asymptotic dominance of the periodogram of the unadjusted (integrated)
series, as seen in (4.53). Consider now examples of ‘overadjustment’. Assume
Y; € CY (so that adjustment is unnecessary). From (4.52) and using w; =
w/[N/ 2{ one obtains

Ensiay(wi) = (1 — exp(—iw1))Ent1y(wi) + Ent1ay(0)

Vv 1

= (1 — exp(—iw1)) Enry (wi) + —g_gi;—zv
e " 1

= (1 — exp(~iw1))En 41y (w1) + ——\/m

= O(1/N) + O(1/V'N)

(recall that wy = 7/[N/2] which explains the O(1/N) term in the last equal-
ity).Therefore, the periodogram of the (over)adjusted series satisfies

(Yn ~-Y.y)

|EN+1ay (wi)[?
11 — exp(—iwi)|?
_ o(/N)

O(1/N?)
= O(N)

Insiyr(wi) =
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Since the periodogram of the original series is Iny41y(w1) = O(1), ‘overad-
justment’ produces spurious spectral power (towards wy ).

Remark

o Sntiay{wi) and Ent1ay(0) (and therefore Inyiay(wi) and Iny1ay(0))
are not asymptotically independent here, as suggested by theorem B.4
(and theorem B.2) in the appendix. In fact theorem B.4 (and theorem
B.2) assumes that the spectral density of the stationary process is strictly
positive whereas here hay (0) = 0 (due to ‘overdifferencing’).

The ‘overadjustment’ effect can be observed for integrated processes too. Let
for example

(1—B?%)Y;, =(1-0.4B)(1 - 0.5B)¢, (4.55)

Attention is focused on the unit-root at frequency zero (a similar analysis could
be made for the ‘seasonal’ unit-roots). A realization of this process (dotted
line) and the result Y}’ of a second order adjustment (4.45) (solid line) can be
seen in figure 4.4. The adjustment of order two is ‘misspecified’ here since the
process is I(1). As can be seen in fig.4.5, the adjustment does not significantly

75

50 -

25 —

IHM |

i

50 el

25 -

75 SR
50 100 150

Fig. 4.4. Overadjustment for an I(1)-process (solid line)

affect ‘high frequencies’ (both periodograms are almost indistinguishable).
However, for w; = 7/[N/2] one obtains
INA,y (w1)
[1 — exp(—112w )|?
INy(wl) =0.52
INyH (wl) =4.8

=0.073
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0 08 10

Fig. 4.5. Periodogram : (over)adjusted (solid) and unadjusted (dotted)

where Ina,,v(+) is the periodogram of the stationary MA(2)-process on the
right of (4.55). The first estimate is the ‘natural’ (unbiased) estimate of the
pseudo spectral density. As expected, the adjustment of order two (for an
I(1)-process) has induced spurious spectral power towards wq: Inyr(wi) is
significantly larger than the other two statistics. Also, the periodogram of the
integrated process Iy (w1) dominates the ‘natural’ estimate as expected by
the previous ‘underadjustment’ effect. Note that the unit root at frequency
zero is not easy to detect here because it is ‘masked’ by the 1+ B + ... + B!
operator in 1 — B2 = (1 — B)(1+ B + ... + B!!) and by the negative MA-
coefficients in (4.55).

In the last example, ‘overadjustment’ of order two is analyzed. Consider
the (stationary) ARMA-process

(1-0.7B)Y, = (1 - 0.4B)(1 — 0.5B)e;

A realization (dotted line) and the result Y;” of an adjustment of order two
(4.45) (solid line) are shown in figure 4.6. As can be seen by comparing the
periodograms in fig.4.7, the unnecessary adjustment induces ‘large’ spurious
spectral power towards w; = 7/[N/2].

To summarize : ignoring a unit-root implies that the periodogram of the
integrated time series asymptotically dominates the periodogram of the ad-
justed series (‘underadjustment’). On the contrary, ‘overdifferencing’ (‘over-
adjustment’) implies that the periodogram of the already stationary series
is asymptotically dominated by the periodogram of the erroneously adjusted
series. More generally, the unbiased estimate of the (pseudo) spectral density
of the input signal is asymptotically dominated by the misspecified (biased)
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Fig. 4.6. Overadjustment for an I(0)-process (solid line)
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Fig. 4.7. Periodogram : adjusted (solid) and unadjusted (dotted)

‘under’ or ‘overadjusted’ spectral estimates. Therefore, adjusted series (Y{ or
Y;"), periodograms of adjusted and of unadjusted (original) series and condi-
tions like (4.53) or equivalently (4.54) can be used for an explorative analysis of
unit-roots as shown above. However, these instruments are not an alternative
to ‘traditional’ unit-root tests (for example Dickey-Fuller or Phillips-Perron
tests). This point is now briefly discussed.

It is shown in chapter 5 that the best choice for the weighting function
G(-) in (3.1) is the unbiased estimate of the (pseudo) spectral density of the
input signal X;. Therefore, ‘local’ differences
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Intiy (wi) > INtryr (wk)
or
Inry (wi) < INgiyr (i)

(where Y is the adjusted series) towards ‘potential’ unit-root frequencies (for
example frequency zero) or ‘global’ difference measures

N/2 N/2
Z Ingry (i) > D Ingryr (wi)
k#0 k#0

or
N/2 N/2
> Ingry(we) < > Ingry (wi)
ks£0 k#0

give indications for the choice of the optimal weighting function G(-). The di-
rection ‘>’ indicates a possible ‘underadjustment’ (ignored unit-root) whereas
the direction ‘<’ suggests unnecessary ‘overadjustment’ (overdifferencing).
The choice of the best weighting function G(-) improves the performances of
the resulting optimal asymmetric filter. Therefore, the proposed explorative
instruments emphasize the boundary signal estimation problem (instead of
the determination of the DGP). It is shown in section 5.3 that unit-roots of
integrated processes induce particular constraints for the optimal asymmetric
filters. Therefore, ‘unit-roots’ for the MBA are transposed into ‘constraints’ for
the DFA. However, such constraints (i.e. particular designs of the asymmetric
filters) may enhance the finite sample performances of the filters whether or
not the input process is integrated. The proposed explorative instruments indi-
cate which filter design (constraint) possibly performs better. Therefore, these
instruments cannot replace traditional unit-root tests because they ‘measure’
a different aspect of the problem. As shown in chapter 7, a unit-root identified
by a MBA for a particular series does not necessarily lead to a correspond-
ing identification of a filter constraint for the asymmetric filter by the newly
developped statistics for the DFA and conversely: both sets of statistical in-
struments measure different aspects of the same problem which are suited
for their respective application fields. If a unit-root assumption enhances the
one-step ahead forecasting performance of a particular model (for the DGP
of X;), then it does not necessarily follow that the corresponding constraint
for the asymmetric filter improves the signal estimation performance (and
conversely). Both problems are different for finite samples and an efficient so-
lution for one does not necessarily lead to an efficient sclution for the other.
Adjusted series and periodograms of adjusted series are used as explorative
instruments for inferring the best filter design in chapter 7, where the per-
formances of various methods are compared empirically. Formal instruments
(tests and filter selection criteria specifically derived for the signal estimation
problem) for choosing among different filter designs are obtained from the
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distribution of the filter parameters in sections 5.7 and 6.2.

Remarks

The adjusted time series satisfies Y§ = Y}, (first order adjustment) and
AY] = AY} (second order adjustment), i.e. the ‘levels’ and the ‘slopes’
for t = 0 and ¢t = N are identical. This is achieved by subtracting linear
(first order) or quadratic (second order) time trends whose coefficients
are estimates of the means of the first and second order differences, see
corollary 4.12. If ¥; € C%, then these estimates are of order O(1/ V'N) (see
for example Brockwell and Davis [10] theorem 7.1.2 p.219). For integrated
processes however these estimates do not vanish asymptotically (they do
not even converge). The resulting ‘spurious’ linear or quadratic time trends
induce the bias of the periodogram of the unadjusted integrated time series.
By eliminating the ‘spurious’ trend through a suitable adjustment the
periodogram of the resulting time series becomes an unbiased estimate of
the (pseudo) spectral density for wy # 0.

‘Over’ or ‘underadjustment’ can be detected by the fact that the unbiased
estimate of the (pseudo) spectral density is dominated by the misspecified
(under- or overadjusted) biased spectral estimates. If an adjusted time
series is not ‘overadjusted’, then the transformation ‘flattens’ the original
series which results in smaller unbiased estimates for the (pseudo) spectral
density. However, in the presence of overadjustment the original series is
‘inflated” which produces spurious spectral power (bias).

Generalizations to arbitrary integration orders d are not difficult. The
adjustment then removes a polynomial of order d in ¢. However, for most
applications d = 2 is sufficient.

A comparison of (4.44) and (4.39) reveals that the periodogram of the ad-
justed series Y/ can be interpreted as estimate of the pseudo spectral den-
sity of the integrated process Y;, at least for wy # 0 (a similar conclusion
would hold for (4.46)). But it is again a very poor estimate for wp = 0. As
in the preceding section, the poor estimate In41y/(0) = 0(= In41y~(0))
can be replaced by In41y(0) = N2—"7;172 for frequency wy = 0. This choice
is more sensible since the resulting estimate is able to adapt for unit-roots
asymptotically.

In this chapter, properties of the periodogram were analyzed for station-

ary and integrated processes. Moreover, explorative instruments (specific to
the signal estimation problem) for deciding between possible filter designs
were derived from these results. The properties analyzed so far are useful for
establishing theoretical results for the DFA in the following chapter 5.



5
Direct Filter Approach (DFA)

The new DFA briefly presented in section 1.4 is analyzed formally in this
chapter. It is shown that the obtained signal estimates are consistent and ef-
ficient for a large class of input signals. For the DFA, the filter coefficients are
obtained ‘explicitly’ by minimizing an efficient estimate of the revision error
variance whereas for the MBA the filter coeflicients are obtained ‘implicitly’
by minimizing the one-step ahead mean square forecasting error of a suitable
time series model. Therefore, the DFA is efficient and ‘more flexible’. So for
example the ‘fit’ of the transfer functions (of symmetric and asymmetric fil-
ters) can be decomposed into the ‘fit’ of the amplitude functions and the ‘fit’
of the time shift (phase) functions. The separation of ‘selectivity’ and ‘time
shift’ properties of the asymmetric filter can be used for optimizing filters
subject to a time shift constraint. Therefore, it is possible to detect ‘turning
points’ (for example of a trend signal) earlier than for traditional model-based
methods.

An informal introduction is provided in section 5.1 where the main con-
cepts are presented. In Sections 5.2 and 5.3 the consistency of the DFA is
derived for stationary and non-stationary (integrated) input signals. In sec-
tion 5.4 a generalized conditional optimization procedure is presented. The
result is a filter with optimal selectivity properties subject to a time shift
constraint. The efficiency of the direct filter approach is assessed in section
5.5. Two alternatives are analyzed: a ‘linearized’ approach and a solution
based on a ‘non-linear convolution’. The common asymptotic distribution of
the estimated filter parameters is derived in section 5.6 under a generalized
stationarity requirement. Thus, parameter hypotheses can be tested in the
DFA and a criterion for inferring the optimal number of parameters of the
asymmetric filter can be derived. Also, a ‘unit-root’ test specific to the signal
estimation problem is proposed in section 5.7. Finally, a link between the DFA
and the MBA is presented in section 5.8.
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5.1 Overview

The transfer function of an ARMA filter is given by (recall (3.6)):
[T}-1(Zaj-1 — exp(—iw))(Z2; — exp(—iw))

2 (Pag—1 — exp(—iw) ) (Pax — exp(—iw))
o ont1(Z; — exp(—iw))

TT5 241 (Pi — exp(—iw))

o0
= E Ak exp(—ikw)

k=—r

I'99(w) = Cexp(irw) (5.1)

where (Z2j-1,22;), j = 1,...,n and (Pag—1,Pax), k = 1,...,n’ are pairs of
complex conjugate numbers (zeroes and poles) and Z;, j =2n+1,...,q+ 7,
Py, k = 2n’ +1,...,Q are real numbers (zeroes and poles). The superscript
‘@Qq’ and the subscript r determine the AR- and the MA-orders of the filter
(which are @ and g+ r respectively). Moreover, r indicates estimation for the
time point ¢ = N —r in the sample, see definition 3.6. If the number of param-
eters p = @ + ¢ + 7 + 1 is relevant (but not the AR~ or MA-orders), then the
filter is also denoted by I'?(-). Note that an ARMA-filter assumes knowledge
of a semi-infinite sample ..., Xny_2, Xn_1, Xn. For simplicity of exposition,
this problem is ignored here but solutions are proposed in section D.1 in the
appendix.

Estimation for the time point ¢ = N — r implies that N — r sample val-
ues X1,..., Xn_r can be used ‘on the left’ of the filter and r sample values
XNe-rt+1,.-» XN ‘on the right’. If r # N/2, then the filter f“f(~) is gener-
ally asymmetric. Therefore, the estimation problem becomes more difficult
for ‘small’ r. In principle, the filter (5.1) could be used for estimating Yn_,,
where 7' > r. However, such a choice would generally be inefficient because
additional information as given by Xy _(—r)+1, XN—(+/—r)42;--» XN can be
used for estimating Yy _,.

Define AY, 27 := Y;— V39 where Y is the (unknown) output of a symmetric
filter I'(-) and Y;?7 is the output of the (generally) asymmetric filter 1'99(.).
Then a solution of

min B[(AY;3?)?] (5-2)

fQa
solves the signal estimation problem for the time point ¢ = N — r in the
class of ARMA(Q, g + r)-filters. This is not necessarily the ‘best’ filter when
considering a larger class of admissible solutions. However, in finite samples
‘good’ solutions can often be achieved for suitable choices of @ and ¢ (this
problem is discussed in section 6.2). Therefore, estimation of the parameters
of ARMA(Q, g + r)-filters is of interest in this chapter. For notational conve-
nience, ‘Qq’ and ’r’ are often dropped from the notations 1?7 (w) or ¥,% if
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not explicitly required. But beware of misinterpretation:
1 & 1< . 1 & .
T (A=Y (e - VAN £ 5 Y (e - V)°
t=1 t=1 t=1

The expression on the left hand side of the inequality is the sample estimate
of (5.2) (which is of interest), whereas the expression on the right hand side
is not meaningful: }A’t%‘}_t and Yt?j’\,_t, are outputs of different filters if t # ¢'.
Also, the expression
min E[(AY;)?]
I

implicitly assumes an optimization for some fixed @, q if not explicitly stated
otherwise.

Note that the distinction between ZPC- (zero-pole-combination) and gen-
eral ARMA-filters is not relevant in this chapter, because asymptotic results
are analyzed only. The ZPC-constraint, namely the common argument of the
zero-pole pair, intends to weaken overfitting which is a problem in finite sam-
ples (see chapters 6 and 7 for corresponding issues).

For most applications neither Y; nor the data generating process of X
(and thus of AY; :=Y; — Y;) are known. Therefore, an approximation of the
expectation in (5.2) is needed. Assume the input signal is a stationary MA
process:

Xe=p+ Y brerk (5.3)

k=—00

where ¢; is white noise. Consider the following expression :

- [N/2]
~ > wkl AT (wi)PInx (wk)
k=—[N/2]

where AI'(-) := I'(:) = I'(-) and wy, € 2. The weights wy, are defined in (4.2)
and Inx(-) is the periodogram of the input signal X;, see section 4.1. The
convolution theorem 4.8 shows that |AI'(wg)|?Inx (wk) can be interpreted as
Inay(wk), i.e. as the periodogram of the output of the filter AI'(-). Thus

or N/ or N/
5 > wk|AI“(wk)|21NX(wk)c:F > wplvay(ws)  (54)
k=—[N/2] k=~[N/2]

Note also that the left hand side can be computed from X, ..., Xy whereas
the right hand side cannot in general (since Y; is unknown). Summing up
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Inay (wg) in (5.4) corresponds to a (discrete) spectral decomposition of the
natural estimate of the final revision error variance:

o [(N/2] 1 X
N > wplnay(w) = ~ > (4Yy)? (5.5)
k=—[N/2| t=1

The idea of the direct filter approach is the following : find a filter f’( -) which
minimizes the left hand side of (5.4). The corresponding filter output then
minimizes (5.5) (up to a negligible error term), the latter expression being a
natural (and efficient) estimate of (5.2).

A formal development is provided in the following sections.

5.2 Consistency (Stationary M A-Processes)

The DFA is analyzed for stationary MA(co) input processes. Wold’s theorem
(see section A.1.2 in the appendix) shows that a general stationary process
can be decomposed into the sum of a MA(oo)-process and a linear determinis-
tic harmonic process. Harmonic processes are ignored here, basically because
most empirical time series seem not to be ‘overlapped’ by strictly sinusoidal
components. Therefore, the class of MA-processes can be considered as a gen-
eral class of stationary input signals.

Assume the symmetric (extraction) filter satisfies I'(-) € C?, so that the
function I'(+) is continuous and bounded. Therefore, it may seem ‘natural’ to
require I (-) to be bounded uniformly in N (i.e. independently of N}. Assume
also X; € C? so that the spectral density h(-) of the input process is contin-
uous and bounded, see proposition B.1 in the appendix. Imposing continuity
(in some sense uniformly) of the approximating ARMA filter seems another
‘natural’ and more restrictive requirement (examples of bounded and discon-
tinuous (in the limit) filters are provided in chapter 6). These issues are now
motivated more formally.

Assume that the input process X; is regular (i.e. it is not linear deter-
ministic, see section A.1.2 in the appendix). Then X; admits a one-sided
MA-representation X; = Y o bres—i (of possibly infinite order, see section
A.1.2 in the appendix). Assume also that this one-sided representation is
invertible, i.e. that X; admits a (absolutely) convergent AR representation
X: = > po akXi—k + € with Y g2, lag| < oo (this is for example useful
when computing forecasts for the MBA). Finally, assume X; € C}) so that its
spectral density function exists (recall that the spectral density is the Fourier
transform of the autocovariance function and use (4.18)). Invertibility implies
that h(w) = o2 |> 70, bk exp(——ikw)|2 > 0 for all w (otherwise a A would exist
such that 1 — 327, apexp(—ikA) = 1/ 3 72, b exp(—ikA) = oo which con-
tradicts the absolute summability of the sequence ay). Using the fact that
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1/3°52 , b B* transforms X, into e, (2.24) then implies that the transfer
function of the filter minimizing (5.2) is given by

Ao (L) Yher (Z =003 Tk J) exp(—ikw)

ijo b; exp(—ijw) (5.6)

The subscript r of I'°(w) indicates estimation for the time point t = N — 7
(the filter (5.6) assumes knowledge of X¢yr, Xt4r—1,...) and the superscript
oo indicates that the filter may involve infinitely many parameters. It is easily
seen from equation (5.6) that the optimal filter I'%° is continuous and bounded
(use | 3272, bj exp(—i jw)|? = h(w) > 0, and proposition 4.7 for the numerator
polynomial), which confirms the regularity requirements stated above.

Since the coefficients b; are generally unknown, 1'%°(-) is unknown too and
must be estimated. Therefore, solutions generally depend on N, the length
of the sample. From the preceding discussion it is then natural to require
uniform continuity (stability of the ARMA-filters) of the estimated solutions:

Definition 5.1. A sequence of ARMA filters I'y(-) is called uniformly stable
or uniformly continuous if ¥ pe_.. |Ink| < M for some M >0, where M does
not depend on N.

-7

If the number of parameters p is fixed (independent of N), then definition 5.1
implies that for stable ARMA filters

o0
> Anellk[* < M,
k=—r

for all & (where M,, > 0 does not depend on N but on «). Section 6.4 extends
definition 5.1 to ARMA filters for which the number of parameters p = p(N)
may increase unboundedly as a function of N.

It is now assumed that a sequence of estimates Ion(-) of (5.6) is uniformly
stable. This can be achieved by techniques presented in chapter 6.

In the following proposition it is shown that the left hand side of (5.4) is
a (super)consistent estimate of the right hand side expression for fixed stable
ARMA filters.

Proposition 5.2. Let X; € C? be the stationary MA-process (5.3)

o0
Xt = pg + Z brei_k

k=—c0
and let
o [N/2]

N
W 2[: ]wk|AF(wk)|2INX(wk Z AYt +rN (57)
k=-[N/2 t=1
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where A(-) := I'(:) = () and AY; :=Y; — Y;. Assume further that I'(-) is
a fixred and stable ARMA-filter.

o IfI(:) € C} then limy o E[lrn]] = 0.

o IfI'() € Cf? then Efjry|] = o(1/vN).

Proof. 1f I'(") € C§¢ then the stability of I'() and the triangular inequality

Ik — 4| < |vk] + |9%] imply that AI(-) € C§. Define AY = % YL, AY,
and consider

1 X o N/
—NZ(A)’})2=-]—\7— Z wiINay (wk)
t=1 k=-—[N/2]
o W/
=5 2 welAT(n)*Ivx () + 7w
k=—[N/2]

where the second equality follows from the spectral decomposition of the sam-
ple variance, see proposition 4.5. Theorem 4.8 then implies

o (N/2]
N 2 wElRvavx(ws)] (5.8)
k=-[N/2]
o(1) first assertion
O(N~1/2) second assertion

Ellry|]

IA

However, a stronger result is needed for the second assertion. This is given by
(4.22) in the last assertion of theorem 4.8. O

The error ry is called ‘convolution error’ because it is determined by
BRyayx(wg) in theorem 4.8. The left hand side of (5.7) can be computed
(using Xi,..., Xy only). It is shown in the above proposition that this ex-
pression is a superconsistent estimate (i.e. the error is of smaller order than
1/V/N) of the unknown ‘sample variance’ Zivzl(AYt)2. The following the-
orem shows that the left hand side of (5.7) is also a consistent estimate of
the revision error variance E[(AY;)?]. The ‘decomposition’ of the resulting
approximation error into the above convolution error ry and an additional
error term is useful when analyzing the efliciency of the DFA, see section 5.5.
More importantly, the theorem shows that the approximation remains valid
for the sequence of stochastic filters minimizing the left hand side of (5.7),
provided the latter define a uniformly stable sequence.

Theorem 5.3. 1. Let I'(:) be a fized stable ARMA-filter, let X, be given by
(5.8) and assume € is #id and Ele}] < co. Furthermore let
[N/2]

Z wk|AF(wk)|21Nx(wk) = E'[(AYt)z] + RN (59)
k=-[N/2]

2
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where wy, € 2y and A'(-) :=T'(-) = T'() .
o IfX;,I' € C} then limy_o E[|[Rn[] = 0.

o IfX,€C% I'cC? anda>1/2 then E[|Ry[| = O (ﬁ)
2. If the sequence of solutions [yn(-) of
o (V/2]
min = Y wil AN (wk) P Inx (wi) (5.10)
k=—[N/2]

is uniformly stable, then the results obtained in the preceding assertion
remain vaelid for the stochastic filters Ioyn(:).

Proof. For the first assertion the required assumptions together with the trian-
gular inequality |yx — k| < Ikl +|3%| imply AI(:) € C§ whenever I'(:) € Cf
(since I'(-) € C% by the stability assumption). This together with X; € C}
and proposition 4.7 implies AY; € C}’. Therefore

E[(AY:)?] = Var (AY)) + E[AY,]?

N
1 [
= 5 (AY =AY + v+ (BY) +rwe (511)
t=1
NN
S Y Al Pl
k=—[N/2],k#0

2w
+F|AF(O)|2INX (0) +rn1+7N2 7N (5.12)

where E[r%;] = O(1/N),i = 1,2 (see for example Brockwell and Davis [10]
remark 1 p.230 and theorem 7.1.2 p.219) and E[|rn3|] = o(1) or E[[rns|] =
O(1/V/'N) depending on the above assumptions (see proposition 5.2).

Since the above proof only requires stability of the ARMA-filter it remains
valid if the constant (fixed) filter /'(-) is replaced by the stochastic filter Ton()
provided the sequence I'gn(-) is uniformly stable. To see this, note first that
ryt and 72 in (5.12) remain bounded as asserted by the theorem because
() — Ton(-) € C¢ uniformly in N:

o0}

Y b= Awonllkl® < D7 (el + Pon DIRI* < Mo

k=—00 k=—00

(where M, can be chosen independently of N) whenever I'(:) € C§. There-
fore, the assumption X; € C(} and proposition 4.7 imply Y¥; — Yion € C’?
uniformly in N, i.e. ZZ;_OO [ekon| < M’ where cxon are the MA-coefficients
of Y; — Yon and M’ can be chosen independently of N. Brockwell and Davis
[10] (remark 1 p.230 and theorem 7.1.2 p.219) then show that ry; and 7y
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converge as required.

The remaining ‘error’ rys in (5.12) has been analyzed in the preceding propo-
sition or, more precisely, in theorem 4.8. It can be verified directly by ana-
lyzing the corresponding proof, that the uniform stability assumption implies
rn3 = 0(1/v/N) as claimed. This completes the proof of the theorem. O

The consistency of the DFA is proved in the following corollary. It is as-
sumed that the unknown solution I'(-) of

min E((Y; — ¥;)?]
r

is selected in the class of ARMA(Q, ¢ +7)-filters, where @) and ¢ are fixed, and
that it is stable (the latter requirement has been motivated at the beginning
of section 5). Denote by 4j; and Y; the MA-coefficients and the output of I'(-).

Corollary 5.4. Let the assumptions of theorem 5.8 be satisfied and assume
also that the sequence of ARMA(Q,q + r)-filters Ion(-) solving

o [N/2]
mjn - Z wk|AF(wk)]21NX(wk) (5.13)
k=-—[N/2]

is uniformly stable. Then the output Yion of fON(-) satisfies
E[(Y; — Yion)?] = E[(Y: - Y.)?] + Rw (5.14)
where Ry = o(1) or Ry = O(1/VN) depending on T" € Cyorle 01/2'

Proof. The corollary is proved for I" € 01/2 ie. Ry = O(1/V/N) (a similar
proof would apply if I € C9). Let

E[(Y: - Yoon)’] = min B[(Y, — Y)’l + Ry

and suppose

1/ ‘/_ —o(1) (5.15)

It is shown that this hypothesis leads to a contradiction:

o [n/2]
min — Y wiAD(wk)PInx (wi)
r
k=—[N/2]
or /2 )
=5 Z wi|F(wi) — Ton (wi)*Inx (wi)
k=—(N/2]



5.2 Consistency (Stationary MA-Processes) 99

= E[(Y; — Yion)? + O(1/VN)
= min B[(Y; - Y:)?] + O(Rw)

[N/2)
2
=min { = > wil AF(wi)PIyx (we) + Ry | + O(Rw)
r k=—[N/2]
o [N/2)
=min | — Z wklAF(wk)|2INX(wk) + O(Rn)
r Nk:-[N/z]

The second equality follows from theorem 5.3, second assertion. The third
equality is a consequence of (5.15). The last equality follows from the first as-
sertion of theorem 5.3, using the stability of the solution of minz E[(Y; — ¥;)?]
which implies that Ry = O(1/V/N) so that Ry asymptotically dominates Ry
(by assumption (5.15)). Since Ry # 0 by assumption, the above development
contradicts (5.15) which completes the proof of the corollary. O

The resulting signal estimation procedure is called a direct filter approach
because the ARMA-filter Ion(-) ‘directly’ minimizes (a consistent estimate
of) the revision error variance.

Remarks

1. The uniform stability requirement is necessary for establishing the pre-
ceding result. One can implement uniform stability in the form of a
constrained optimization. Often sup,, |I'(w)| is known a priori (symmet-
ric trend estimation and seasonal adjustment filters for example often
satisfy sup,, |I'"(w)| = 1). Boundedness of the functions Ton(-) may be
achieved by imposing sup,, |Ion(w)] < M; where M; is an a priori
bound (for example M; := 1). Alternatively, a constraint of the type
sup,, |0l on(w)/8dw| < My could be used. However, such restrictions are
often not easily interpretable. So for example the amplitude function of
the best asymmetric trend extraction filter often exceeds 1, see for exam-
ple fig.2.5. Therefore, an a priori choice of the bounds M; or Mj is not
obvious in general. An alternative method is to restrict the poles, i.e. to
require |Py| > 1+ € for k = 1,...,Q, where € > 0 is fixed. However, the
(a priori) choice of € is still arbitrary. Chapter 6 presents more refined
devices which let the data choose the ‘degree of smoothness’ required for
the asymmetric filter Ipn(+).

2. The interpretation of (5.9) is intuitively appealing : the signal estimation
problem for finite samples and stationary input signals corresponds to
a weighted sum of transfer function errors (sampled at wy € 2x). The
(non-parametric) weighting function is the periodogram of the input sig-
nal. The periodogram is a measure of the ‘power’ of the signal in the
intervals [wg—1,wk]. Therefore, the strength of the corresponding compo-
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nents of X; ‘modulates’ the fit of the asymmetric transfer function. The
approach is essentially based on discrete spectral decomposition (of the
sample revision error variance) and on discrete convolution results.

. The filter AI'(") € Cf is a continuous function. Therefore |AI(-)|?

‘smooths’ the periodogram in (5.9). Using non-parametric consistent es-
timates of the spectral density of X; (‘smoothed’ periodogram) is unnec-
essary here.

. An alternative proof of theorem 5.3 could be based on

op /2 op /2
5 > we|AT(we)PInx(we) ~ 5 > wi|Al(wr)*h(wk)
k=—[N/2} k=-[N/2]

1R

/ " | AL (W) h{w)dw (5.16)

-7

= E[(Y; - Y})}]

where suitable regularity assumptions are needed for ensuring a good ap-
proximation. A justification for the approach followed in proposition 5.2
and theorem 5.3 is the better understanding of efficiency problems (see
section 5.5). On the other hand, the above approximation steps (based on
the integration of the spectral density) reveal uniform stability problems
better (see chapter 6).
The approach taken in (5.14) implicitly accounts for one- and multi-step
ahead forecasts (as opposed to the MBA whose parameters are optimized
with respect to one-step ahead performances only). Note also that fore-
casting problems resulting from non- or ‘nearly’ non-invertible input pro-
cesses are avoided (using the DFA).
It is easily seen from (4.10) and (5.12) that the difference between I'(:)
and I'(-) at frequency wg = 0 induces a bias (of the estimate ¥;) and that
the differences of the transfer functions at wy # 0 determine the variance
of the estimate. Consider an estimate of the bias:

2m

@r)* = v vay (0)

= %ﬁ <|AF O)*Inx (0) + RNAYX(O)) (5.17)

where the first equality follows from definition 4.4 and where the error
term is

vN
Ryayx(0) = Ryay'x'(0) + 2—-—AF(O),UXRINAYIX1(O) (5.18)
V2an

see (4.21). The bias problem can be ‘tackled’ as follows:
e Constrain the optimization by requiring I'(0) = I'(0) (see for ex-
ample section 5.3). As a consequence |AI'(0)|? = 0 which implies
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that the bias vanishes asymptotically, see (5.17) and (5.18) (note that
Rnay x(0) = o(1), see theorem 4.8). Unfortunately, the constraint
I(0) = I'(0) is unnecessarily severe for stationary input processes.

o A better method is proposed here. Transform X; to X} := X; — X so
that Iy x/(0) = 0. If X] is used instead of X, then the bias vanishes
asymptotically (Ryay+x/(0) = o(1) in (5.17), see theorem 4.8). In the
next step the optimal filter I ~(-) is computed using the periodogram
of X{. The transformed signal X] is then mapped to the corresponding
filter output }A’t’ . In order to ‘recover’ the optimal estimate ¥; define

Y, =Y/ + lon(0)X

which can be motivated by invoking the linearity of the filter. Unfor-
tunately, Inx/(0) = 0 so that Ipn(0) is generally suboptimal. The
following definition is recommended instead

Vi =V +r0)X

It can be shown that the proposed ‘level correction’ I'(0)X is an
asymptotically best linear unbiased estimate of the level p, of Y3, see
for example Brockwell and Davis [10] p.220. Therefore, the filter Iox (-)
can be optimized for minimizing specifically the variance, neglecting
thereby the bias problem. Moreover, a (generally unnecessarily severe)
restriction of the form I'(0) = I"(0) can be avoided.

In the following, the index N of the solution Ipx(-) (minimizing (5.9)) is
dropped if not explicitly required. Denote the result obtained in corollary 5.4
by

- [N/2]
mjn——— Z wk|AF(wk)|2INX(wk) «—>
LR o)

- 1
min E[(Y; — ¥;)? +0(—) 5.19
where the left-right-arrow ‘>’ indicates that both expressions are equal and
that the solution I'y(-) of the left hand side is also a solution of the right hand
side (and vice versa).

In this section, sufficient conditions ensuring (5.19) in the case of linear
input processes were presented. Chapter E in the appendix analyzes an exten-
sion of the DFA to non-linear input processes. The following section proposes
a generalization of the DFA (as given by (5.19)) to non-stationary integrated
processes.
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5.3 Consistency (Integrated Processes)

It is assumed that the input process X; is integrated and that the unit-roots
are known. One can then show that the basic idea of the DFA, namely to esti-
mate the revision error variance by a consistent functional of the asymmetric
filter (see (5.9)), can be generalized. The key requirements for this general-
ization are additional regularity assumptions and a set of constraints. If they
are satisfied, the revision error variance is finite (although the variance of the
input process is infinite). Therefore, if the signal Y; is integrated, then Y; and
Y; must be cointegrated.

The existence of unit-roots and the a priori knowledge of their location(s)
on the unit circle are ‘academic’ assumptions useful for establishing for-
mal proofs. Nevertheless ‘potential’ unit-roots and their location are often
known a priori (for economic time series for example, possible ‘candidates’
are exp(—iA), where Ag = 0 and A k > 1 correspond to ‘seasonal’ funda-
mental or harmonics). Unit-root tests (for example Dickey-Fuller- or Phillips-
Perron- or HEGY-tests, see for example Hamilton [45], chap.17) offer formal
approaches for testing such hypotheses. Tests specific to the signal estimation
problem (as solved by the DFA) are presented in section 5.7. The importance
of unit-roots, i.e. consequences of unit-root misspecification(s), are illustrated
empirically in section 7.2. In the present section, attention is restricted to
asymptotic results under the assumption that the unit-roots are known. Thus
a particular aspect of the signal estimation problem is highlighted formally.

Let

n
Xe=p+]] (exp(—i)\j) - B)d“ X, (5.20)

j=1
where d; € IN are integers, B is the backshift operator, X; is a real process and
X; is a stationary real MA-process. It is assumed that X; has been suitably
initialized in the ‘past’ (for example Xo = X 1 = ... = X_paxg;) = 0). It
is also assumed that X; € CY (so that its spectral density h(-) exists) and
that h(A;) > 0 for j = 1,...,n. Therefore, X, is integrated. Assume I'(-) is

sufficiently regular (see below for a formal requirement) and define

( Al'(w)

d; w 7é A],VJ
H;L=1 (eXP(—i/\j) - exp(—-iw))
AlN(w) := ¢ (5.21)
(=14 302 Avikd exp(—ik)\;) by
d; =Al
\ ditexp(—idin) [1,.4 (exp(——i)\j) - exp(—i)\l))

where AI'(w) := I'(w)—I'(w) and Ay, are the corresponding MA-coefficients.
The limiting expression for w = A; is derived from Taylor series developments
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of numerator and denominator polynomials : it exists if certain assumptions
are satisfied (see below) and then the revision error variance is finite. Define
also AI(w) as the i-th. derivative of I'(w) — I'(w) with respect to w, where
AI®(w) := I'w) — ['(w) for i = 0.

The following theorem is needed for generalizing the preceding results for
stationary input signals to non-stationary integrated input signals.

Theorem 5.5. Let X; defined in (5.20) be the input signal of I'(+) and assume
X has been initialized in the past (for ezample Xo = 0). Assume

o the regularity requirements:
- I'() € C§** where d := max(d;);=1,..,n, 6 >0 and & > 0.

- I() is a stable ARMA-filter and
- X; € C}) and h(Aj) >0 forj=1,..,n.
e the constraints :

Ar®D(\) =0, i=0,...dj~1landj=1,..,n (5.22)

where AI'®) () has been defined above.
Then the following assertions are true :

o AY;, =Y, -V, € CJQ and thus AY; is a stationary process. Moreover
condition (5.22) is necessary for ensuring the finiteness of the revision
error variance.

o AI'()e C¢ where AT(-) has been defined above.

Proof. The theorem is proved for two unit-roots A; and Az, i.e. for integration
orders d = 1,2 only. Similar arguments apply to larger integration orders.

Define
Al'(w)

L) =
ATl (w) (exp(—iA1) — exp(—iw))

so that:
Z Ay exp(—ikw) = (exp(—idi) — exp(—iw)) E A exp(—ikw)
k=—00 k=—oc0

Thus

oo
Ay =Y Dy exp(i(f + 1) (5.23)

Jj=0

Introducing the second unit-root and using (5.23) for

A (w)

Alw) = (exp(—irz) — exp(—iw))

leads to:



104 5 Direct Filter Approach (DFA)

[o,0]
M =Y Ayhyexp(a(j + 1)As)

=0

= exp(i(A\1 + A2)) Z (exp(ij)q) Z AViyjt exp(il)\1)>

7=0 =0

= exp(i(A1 + A2)) E (A’Yk+j Zexp(il)\g) exp(i(j — l))‘l)>

7=0 =0

= exp(i(A1 + A2)) (A'yk.w- exp(ijA1) Zexp(il()\g - )\1))>

7 =0

i
=]

. b .. xp(i(j + D (Ag — A1) —1
T ol da) J;o Bhes BTN pg((;(i(/\z) (—2>\1)) = )1
=: Y Aygpjexp(ijh) f(G, M, Ao) (5.24)
=0

where A%, are the coefficients of (5.21) and the definition of f(-) is straight-
forward. Assume first d = 1 i.e. A1 # Aa.

e By assumption AI'(A\1) = AI'(A2) = 0. Thus
o0
D" Ayerjexp(ijha)f(7 A1, A2) = CLAT (A1) + C2 AT (Ag) = 0
j=—00

where C; and C; are constants (the first equality can be verified straight-
forwardly by inserting the definition of f(-) and simplifying). Therefore,
Ay, can be written as:

3520 Aveyjexp(ijh) f(5, A1, A2) k>0
A’?k =

Y e o0 Akt €xp(iiA1) £, A1, Az) k < 0

e Assuming k > 0, one obtains

(5.25)

1A% = Y Ayir exp(iiM) £ (G, A1, A2)

=0

<M | Avey]
3=0

1 > ca++d
<M D Ayl k45

j=—o00

= O(k~>%-9) (5.26)
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where M = sup; | f(j, A1, A2)| < 2/|exp(i(A2 — A1)) — 1]. A similar result
is obtained for k < 0, using (5.25). For d = 1 and J > 0 the last result
implies AI'(-) € C} as was to be proved.

Assume now A\; = A2 = A so that d = 2 and thus f(j, A1, A2) = exp(i2A)(§ +1)
(use de 'Hopital’s rule for example). Therefore, (5.24) implies

o
A = exp(i2)) Y Aye; exp(ijA)(j +1)
j=0

The identity

exp(i2X) 32520 Avk+j exp(ifA) (G +1) k>0
Ay, = 1 (5.27)
— exp(i20) S5 oo A exp(iiA) G +1) k < 0

j=

follows (for k < 0) from:

> Ak (=) (=il + 1) = exp(id) - (exp(i(k ~ 1)) A7)

j=—00 w=A

=0

where (5.22) is used, i.e. AI'(A) =0 = E%Af(w)]w:)\. It is now shown that
Al() € C¢. Assume first £ > 0 so that

oo
|A%k] = ) Aver; exp(ifA) (5 + 1)

=0

<Y 1Akl G+ 1)

=0

1 > goatd+d—1 | .
S D7 1A%kl e+ 517 )5+ 1

j=—o0

= O(k~a~ 04+ (5.28)

and similarly for k < 0, using the identity (5.27). Therefore AI'() € C¢, since
d = 2. This proves the second assertion of the theorem. A proof of the first
assertion follows from

o0
A4y, = Z A Xk

k=—00

= i (i A’ijk—j) €—k

k=—oc \j=—o0
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(where b; are the MA-coefficients of X;). Since AI'(-) € C9 and X; € cy,
proposition 4.7 implies that AY; € C’? as required. The ‘necessity’ part of
the assertion follows from the spectral decomposition of the variance of the
stationary process AY;:

Var(4Y;) = — / " AP (W) Ph(w)dw

2n J_,

where h(:) is the spectral density of the stationary process X; and~A1~“(-) is
defined in (5.21). Since the continuous spectral density A(-) satisfies ();) > 0
for all unit-root frequencies (by assumption) the integral remains bounded if
and only if the expression in (5.21) exists. Therefore, the constraints (5.22)
are necessary. This completes the proof of the theorem. O

The necessity part in the second assertion of the theorem implies that the

condition (5.22) (together with regularity assumptions) is important because
otherwise the variance of the filter error would be infinite (asymptotically). A
practical implementation of this condition is therefore proposed now.
The condition (5.22) can be realized by a conditional optimization of the
zeroes and poles of I'(-) on the left hand side of (5.9). In particular, if n =
1,d; = 1,A; =0 (random walk X; = X; 3 +)~(t) and I'(-) is a real symmetric
extraction filter satisfying I"(0) # 0 then

o) == Cpl(w)
Cp = I'(0)/1(0) (5.29)

provides a simple parameterization of the ‘conditional’ ARMA filter [ c(")
(since ['c(0) = I'(0) or equivalently (5.22) is satisfied). For the simple random-
walk hypothesis, the condition (5.22) or equivalently I'c(0) = I'(0) therefore
implies equivalence of the ‘levels’ of the outputs Y; and Y;. This is quite
reasonable, since random-walks grow unboundedly (in absolute value).

If I'(0) = 0 then define I'o(w) := (1 — exp(—iw))I'(w). The last definition
straightforwardly extends to more general processes with unit-roots Z; =
exp(id;), j=1,...,s, where \; # Ay for j # k. If I'(A\;) =0,j=1,...,s as for
example in seasonal adjustment filters, then :

8

I'c(w) = H(exp(—i)\j) — exp(—iw))(exp(iA;) — exp(—iw)) | I'(w)
j=1

satisfies the conditions (5.22). The above first order conditions for processes
with integration order one therefore amount to a perfect matching of the trans-
fer functions of I'(:) and I'(:) at the unit-root frequencies.

This requirement can often be weakened. Note first that (5.29) does not de-
pend on the phase function of the ARMA-filter (because the filters are real).
If I"(A;) = 0 for all unit-root frequencies A; # 0 (seasonal adjustment or trend
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extraction filters generally satisfy this assumption), then I'c()\;) = I'(A;) = 0,
j=1,...,s do not depend on the phase function of the ARMA-filter. There-
fore, in this particular situation (which is often given in practice), the first
order conditions can be alternatively stated as perfect matching of the am-
plitude functions at the unit-root frequencies. Note however that this ‘weak
form’ of (5.22) assumes I'()\;) = 0 for A; # 0. Otherwise it is generally false
(i.e. the phase must be accounted for).

In chapter 7 so called ‘airline’-models are used. These models assume the
exsitence of a process of integration order two (double unit-root at frequency
zero). Therefore, additional second order conditions must be considered in
(5.22). Assume first I'(0) # O (for example a trend extraction or a seasonal
adjustment filter). A simple parameterization of a corresponding ‘conditional’
ARMA-filter, denoted by I'ce(w), is given by

- T Fo(w)
Fcc(w) = Fc(w) (2 F(O) ) (5.30)
where I'c(w) is defined in (5.29). In fact one easily verifies that AI'®(0) :=
I'(0) — Fee(0) =0 and dipe(w)/ dw‘ = (. The last result shows that

ATW(0) := d(I'(w) — Foc(w)) /dw’wzo =0

in (5.22) (use the symmetry of the extraction filter I'(-) which implies
dl'(w)/dw],_o = 0). A disadvantage of (5.30) is to be seen in the convo-

lution of I'c(w) with itself which may worsen the initialization problem of
the ARMA-filter (see sections 3.1 and D.1 in the appendix). Therefore an
alternative solution is proposed here. Consider

Toc(w) = Ace(w) exp(—idoe(w))

so that
dloe @) _ doc (@) exp(—iboo(w)) — idec(w) exp(—iqgcc(w))déz—z(w)
_ —idoo(w) exp(—iboc(w)) 22ecW) (5.31)

dw

where for the moment it is assumed that I (0) = I'(0) (first order condition
only) so that A(0) = Agc(0). Note that dAge(w) /dw‘ = 0 because the

w=0

ARMA-filter is assumed to be real (and thus the amplitude function is an
even function with an extremum at frequency zero). Since Acc(0) = A(0) =
|T"(0)| > 0 by assumption, the derivative in (5.31) vanishes at w = 0 (which
implies A"V (0) = 0, i.e. (5.22), see above) if and only if

ddcc(w) y Poc(h) — Pec(0)

—=—— = lim
dw h—0 h

= dcc(0) =0 (5.32)
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where the definition of the time shift function has been used (together with
the fact that the phase function vanishes at w = 0, recall definition 3.2).
Therefore, the second order condition for processes with a double unit-root at
frequency zero is equivalent with a vanishing time shift of the ARMA-filter
I'ce() (at frequency zero) which may be satisfied by a simple constrained
optimization. The following device is used for the examples in chapter 7: let

(w)

Z — exp(—iw) »

Teol) = 5Ty 0@

and assume that (Z, P) is a real stable and invertible zero-pole-pairi.e. Z € R
and Z > 1 and analogously for P. It is now shown how to choose Z and P so
that the second order condition is satisfied (the first order condition is achieved
by a simple normalization which does not affect the time shift-condition).

dl'ce(w) P-2Z -1 dI o (w)

=i——0T Z2--
dw . ‘Po1)2 (e0(0) - P—1 dw
w=

0=

w=0

Solving for P results in:

. 2]
ZIte(0) +4(Z — 1) docw)

dw
P= T =0 (5.33)
o . w
Tec(0) +i(2 —1) =5
w=0

which can be solved for any Z > 1 under the constraint P > 1 (stability).
Note that I, (0) and i 4 )’ = —(i2) A} (O)qS'CC(O) (see (5.31)) are
real numbers, so that P is mdeed real Moreover, if Z > 1, then P > 1 is
‘automatically’ satisfied if [%5-(0) > 0 and ¢{,(0) > O (the latter ensures
that i(Z — 1) —4Q—(‘—"——|w_0 > 0 in (5.33)). These conditions are satisfied for

asymmetric ARMA-approximations of many important signal extraction fil-
ters (for example general trend extraction or seasonal adjustment filters).
Equivalently, solving for Z would result in

drl, cclw)
dw

dit (w
-1 g

iPTLc(0) + (P —1)

7 = w=0 (5.34)

ilLe (0) + (P

w=0

Until now, the (most important) case I'(0) # 0 was analyzed for an I(2)-
process. If I'(0) = 0, then usmg the symmetry of the extraction filter (which
implies dI'(w /dwl 0) implies that I'ce(w) := (1 —exp(—iw))2['(w) sat-
isfies AF(O) (0) = ?1) = 0 as required by (5.22).
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An intuitive explanation for the second order condition ¢ (0) = 0 (for
the case I'(0) # 0) can be given as follows. The ‘slope’ (first difference) of a
realization of an I(2)-process (with a double unit-root at frequency zero) is
a random-walk. Thus the slope grows unboundedly in absolute value as time
passes. Therefore, the paths are ‘strongly’ trending so that filters with non-
vanishing time shifts are penalized.

Proposition 3.11 already suggested that ‘amplitude matching’ is a simpler
task than ‘phase (or time shift) matching’. It is therefore not surprising that
the ‘weak form’ of the first order conditions relate to the amplitude function
(provided I'(A;) = 0 for A; # 0) and that second order conditions relate to
the time shift (phase) function.

These remarks conclude the practical implementation of the important
condition (5.22) (for most practically relevant cases). An extension of the DFA
to mtegrated input processes is proposed in the following corollary. Assume
X, € Cf, so that the spectral density h(-) exists and is continuous (recall

(4.18)). Moreover, it is assumed that A();) # 0 for j = 1,...,n. This condition
ensures that the ‘local’ integration order of Xiat Ajisindeed dj,forj=1,...,n
(i.e. assumption (5.22) is not unnecessarily severe).

Corollary 5.6. Let X, and X, be defined by (5.20) and let the assumptions
of theorem 5.5 be satisfied.

1. If the assumptions of proposition 5.2 or theorem 5.3 are satisfied for the
stationary input signal X; then the corresponding assertions remain true
if the expression on the left hand side of (5.9) is replaced by

o /2 i
N > wi| AT (wi) Py g (wi) (5.35)
k=—[N/2]

i.e. if one replaces Xy by X, and AI(-) by A(-) (as defined in (5.21))
in (5.7) and (5.9).
2. If the assumptions of corollary 5.4 are satisfied, then
on N2 5
min = Y wilAN(we)PIy g (wk) <
R S

mln E[(Y; - V) + 0 (\/N) (5.36)

where T'c(-) satisfies (5.22) and the error term is of order O(1/v/N) in
absolute mean.

Recall that the symbol ‘-’ indicates that the expressions on both sides
are equal and that a solution of the left hand side (which is constrained by
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(5.22)) also is a solution of the right hand side (which is not constrained a
priori) and vice versa.

Proof of the corollary. If the sequence of constrained (ARMA) filters
I'con(-) minimizing (5.35) is uniformly stable (as assumed by theorem 5.3),
then the approximations (5.26) and (5.28) in the proof of theorem 5.5 can be
made independent of V. Therefore, the assertions of theorem 5.5 remain true
for the sequence I'con (+) (independently of N). In particular, the second asser-
tion shows that the (set of ) conditions (5.22) are necessary. Therefore, the filter
minimizing the right hand side of (5.36) must satisfy the conditions (5.22).
Furthermore, the first assertion of theorem 5.5 ensures that AI'() € C¢, ie.
the regularity assumptions required by proposition 5.2 or theorem 5.3 are
satisfied. Therefore, the latter results can be applied to the stationary input
signal X, € C?, replacing AT'(-) by AI(-) in (5.7) and (5.9) as claimed. As
a consequence, corollary 5.4 can be applied, implying (5.36) (by analogy to
(5.19)). This completes the proof of the corollary. O

The following remarks complete the analysis for integrated processes. As-
sume for the sake of simplicity that n = 1 and A; = 0 in (5.20). Thus, X; is
a non-stationary process of integration order one with a single unit-root at
frequency zero. The (conditional) filter I'o(-) defined in (5.29) then satisfies
the condition (5.22). Denote the Fourier coefficients of I'c(-) by 4ck-

Remarks:

o The expression on the left hand-side of (5.36) may be formally rewritten

as
(v/2]
.27 Iy#(w
min = Y |A(wg)f? s () 7 (5.37)
Fe k=—[N/2] H;zl (exp(—i)\j) - exp(—iw))

where the singularities are replaced by the limiting values obtained in the-
orem 5.5. Theorem 4.10 shows that F HINX(wk) - Inx (wk) ] =

[1 — exp(—iwg)|?
O(1) for all wg # 0, so that solutions minimizing (5.37) and solutions
minimizing the left hand side of (5.9) (which is based on the periodogram
of the integrated process) generally differ. Which solution is the better?
The results above imply that the periodogram of the differenced (station-
ary) process X; must be used in order to derive the optimal approxima-
tion toll"(-). The main reason for this is that the coefficients of the filter

never decay, thus the convolution theorem 4.8 cannot be

1
75 H——WINX(UJ,C) + 0(1), see

1 — exp(—iwg)
applied anymore (i.e. Inx(wk)

theorem 4.10).
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Adjusted series (see corollaries 4.11 and 4.12) are interesting, because their
periodograms are identical with the weighting function in (5.37) (except
for wg = 0). Applications are given in chapter 7.

The filter AI'(-) and the process Af(t are mathematical ‘constructs’ used
for estimating the parameters of I'(-). They are not of interest per se.
Assume that the assumptions of theorem 5.5 and of corollary 5.6 are sat-

~ - —\ 2
isfied so that X, € C%. If B[X,] = 0, then Iy (0) = % (X) = O(1),

where X is the sample mean of the differenced stationary process (see for
example Brockwell and Davis [10] theorem 7.1.2, p.219, and use X; € C)?).

It is also shown in theorem 5.5 that AI'(-) as defined in (5.21) is bounded.
Therefore %lAﬁ(O)I2INX(O) = O(1/N) can be neglected in (5.36): if
u = 0, then the bias problem can be neglected asymptotically (recall re-

mark 6, p.100).
Suppose now that u 5 0 in (5.20) so that X, has a linear drift. Then it fol-
—\ 2

lows that Iy 3(0) = 5 (f( ) = O(N). As a consequence, the frequency

wp = 0 cannot be neglected in (5.36): of u # 0, then the bias problem
does not vanish even asymptotically. The interpretation of the difference
between both cases (no drift vs. drift) is straightforward : while a pure ran-
dom walk is asymptotically almost surely bounded by +a+/2N In(In(N))
(the so called law of the iterated logarithm, see for example theorem 2.1.13
in Embrechts et al. [28]) the corresponding bound for a random walk with
drift increases linearly. In the latter case, the accuracy of the approx-
imation of the level of Y¥; must be enhanced. This is accomplished by
‘strengthening’ the order of the constraint I'z(0) = I'(0). In fact, consider

Z (% — dcr)k

k=—00

lim
w—0

= |AF(0)] (5.38)

BAFC ‘

where the second equality follows from (5.21). A look at the left hand side
— 2
of (5.36) shows that if I ¢(0) = % (X ) increases (quadratically) as

a function of y, then |AI'(0)? (and thus the derivative in (5.38)) must
decrease, since |AI'(0)|? is weighted by I, 5 (0). As a consequence, AI'c(-)
or, more precisely, the phase of AI'c(-) becomes more ‘flat’ in wp = 0 (be-
cause the derivative must decrease in (5.38)). The first order approzimation
now tends towards a higher order approrimation located between orders
one and two. The random walk with drift therefore corresponds to an
intermediate case between I(1)-processes without drift and I(2)-processes
whose ‘slope’ is asymptotically infinite in absolute value (for the latter the
derivative in (5.38) must vanish, recall (5.32)).

The remarks above conclude the extension of the direct filter approach

to non-stationary integrated processes. As many practical examples demon-
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strate, a solution I(-) of (5.19) or a solution I'co(-) of (5.36) (depending on
X: being stationary or integrated) often implies substantial time shifts (de-
lays) of the output signal, see for example fig.2.8. This may be problematic if
the detection of a ‘turning point’ (of the signal) towards the boundary ¢t = N
of the sample is a key issue. Therefore, the next section presents a general-
ized conditional optimization procedure. Its sclution is a filter with optimal
selectivity properties under a time shift constraint.

5.4 Conditional Optimization

Often the detection of a ‘turning point’ (of the signal) towards the boundary
t = N of a sample is an issue in applications. Without further hypotheses, the
concept of a ‘turning point’ is somewhat diffuse (recall by analogy the iden-
tification problem of a ‘component’ of a time series in section 1.3). However,
it is not possible to review here identifying assumptions for ‘turning points’
discussed in the literature. Instead, a simple definition is provided: a turning
point is a local extremum of a trend signal. Evidently, this definition depends
on the (a priori) choice of the trend signal (see for example Proietti [76] for
more ‘sophisticated’ definitions). Identifying turning points as extremes of
trend signals permits illustrating the effects of the proposed method more
clearly. Examples are provided in chapter 8.

For simplicity it is assumed that X; is a stationary MA process (the pre-
sented results are straightforwardly extended to integrated processes). The
task of detecting turning points ‘earlier’ involves the dimension of time. As
seen in section 5.1, the time shift function of an asymmetric ARMA-filter I'(+)
is ¢p(w) := $(w)/w where S(w) is the phase function of the filter. If I'(-) is a
real symmetric positive (> 0) filter (which is true for a large class of problems)
then @(w) = 0. For convenience it is therefore assumed that &(w) = 0 = ¢(w).
In this case, obvious time shift conditions for the asymmetric filter are for ex-
ample |¢(wy)| < 8 where &, are some small prespecified numbers. However,
this seems to be a too simplistic approach:

1. According to (3.17) phase and amplitude functions are ‘intimately’ re-
lated. Therefore, the numbers d; should be carefully selected because oth-
erwise the amplitude function (or equivalently the selectivity properties
of the asymmetric ARMA-filter) could be severely damaged.

2. The set of conditions ]q@(wk)l < O, for k= 1,...,n may be large. This can
affect the algorithmic performance (speed of convergence).

3. There does not exist any ‘reasonable’ a priori criterion for choosing dg.
Moreover:

e Time-shifts essentially affect components in the pass band of the fil-
ters (since the remaining components are damped or eliminated). It is
therefore intuitively reasonable to ‘weight’ time shift constraints (for
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example with the amplitude functions of symmetric and asymmetric
filters).

e Time shift constraints at frequency wy should account for the presence
or absence of corresponding components in the input signal X;. This
can be achieved by periodogram ‘weights’.

The above intuitive requirements can be formalized. To see this, decompose
|AN(w)|? = |M(w) — I'(w)|? into

IP(w) — Pw)]? = A(w)? + Aw)? — 24(w)A(w) cos (qﬁ(w) - ¢(w))
= (A(w) - A(w))?
+2A(w)A(w) [1 — cos (q%(w) - qs(w))] (5.39)

It is now assumed that $(w) = 0 (symmetric extraction filter). Inserting (5.39)
into the left hand side of (5.9) gives

(N/2]

%” S (Awr) — A@wn)?Inx (wi) (5.40)
k=—[N/2]
) ) .
+5 Z 2A(wi) A(wy) [1 — COS (@(wk))] Inx(wk)
k=—[N/2]

The first sum can be interpreted as that part of the (estimated) revision error
variance which is caused by differences of the amplitude functions. This is
called ‘amplitude matching’ which characterizes the selectivity of I'(-). The
second sum corresponds to that part of the (estimated) revision error variance
which is caused by differences of the phase functions (here : departures from
&(w) = 0). This is called ‘phase matching’ and it measures the time shift effect
of the asymmetric filter. These considerations lead to the following time shift
condition :

or /2 A )
T 2 2Aw)Aw) [1—cos(¢(wk))]INX(wk)<6 (5.41)
k=—[N/2]

The proposed restriction affects directly that part of the revision error variance
which is due to time shift effects of the asymmetric filter. Note also that (5.41)
can be approximated by

(N/2]

2 o "

N’r S A@we) Awr)wddlw)? Inx (wi) < § (5.42)
k=—[N/2]

where 2 [1 — cos (é(wk))] = G(wi)? = wld(wi)?.
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A minimization of (5.40) subject to the constraint (5.41) can be achieved
alternatively by minimizing

2m ey N
T Y {uw) - ey 65.9)
k=—[N/2]

+(1+ N)2A(wr) A(ws) [1 — cos (és(wk))] }INX(wk)

where A > 0 is a Lagrange multiplier. The latter ‘controls’ the relative impor-
tance of time shift (phase matching) and selectivity (amplitude matching) of
the asymmetric filter.
The parameter A can be determined as follows. Define the excess mean time
shift T of the filter by

S Al A2 [1 — cos (B(wr)) | Tvx ()

b2 2y Alwr) Alwr)wR Inx (wr)

A Alr) Awn)Bwn PR Inx (i)
WA e Alwr) Alwr)wR Inx (i)

where the same approximation as in (5.42) is used. It is readily seen that if the
(absolute value of the) time shift |¢(w)| systematically exceeds k time units,
then 7 > k. The excess mean time shift corresponds to a suitable weighting
of the time shifts at wg. Define now

Ai=7 (5.44)

The parameter A gives more importance to ‘time shift matching’ in (5.43) if
the excess mean time shift is large.

Remarks :

1. Model-based approaches cannot account for time shift restrictions be-
cause corresponding asymmetric boundary filters are not obtained explic-
itly (rather they are defined implicitly by (1.4) which is equivalent to
(1.3)).

2. The expression (5.43) can generally no more be interpreted as an estimate
of the (final) revision error variance. Therefore, if IH(-) minimizes (5.43),
then an estimate of the variance (of the corresponding filter output) is
obtained by inserting I'p(-) into (5.40).

3. The expressions involved in (5.40) reveal the antagonism between am-
plitude and phase fitting in the optimum. Improving the fit of either one
results in less accurate matching of the other (in such a way that the mean
square error of the filter output increases). This problem corresponds to
the famous uncertainty principle in physics, see for example Priestley [75]
chap.7 and Grenander [42].
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4. The approximation of the cosine by a second order polynomial in (5.42)
makes sense because the conditional optimization constrains its argument
(the phase). A shift of one time unit at the frequency A := 7 /6 (the fun-
damental seasonal frequency for monthly data) corresponds to a phase
&(r/6) = m/6 so that cos(m/6) — (1 — (7/6)2/2) =~ 0.0031 which is negli-
gible. For higher frequencies (> 7/6) the trend filter generally damps so
that the corresponding time shift restrictions can be neglected (since they
are weighted by the amplitude functions).

In previous sections, the consistency of the DFA has been derived for a
large class of input signals and signal extraction filters. The efficiency of the
DFA is analyzed in the following section. The obtained theoretical results are
confirmed empirically in chapter 7.

5.5 Efficiency

It is shown in proposition 5.2 and theorem 5.3 that the error terms ry and
Ry in (5.7) and (5.9) are of orders o(1)/v/N and O(1)/v'N under suitable
regularity assumptions. If the O(1)-term is ‘small’ then the DFA is efficient.
Therefore, the error term Ry is analyzed in this section. Moreover, a method
is proposed for which ry = O(N~/2%) where a > 0 depends on regularity
assumptions.

Let the assumptions of theorem 5.3 be satisfied (thus X; € C? : re-
sults straightforwardly extend to integrated processes using theorem 5.5). Let

Ton () denote the solution of (the left hand side of) (5.19) with corresponding
output Yion- Also, let

N
. 1 .
ron = E[(Ys — Yion)?] — N E (Y; — Yion)?
t=1

be the error of the arithmetic mean of the process (Y; — Yio ~)? and let

op N2 N
TN = ¢ > we Alon (wi) P T x (wr) Z - Yone)?
Sy =1

be the ‘convolution error’ in proposition 5.2, then
Ron = Ton — ToN (5.45)

where Rgn is the interesting error term in theorem 5.3 (it is the error term
induced by the DFA). It is shown in the following proposition that the first
component 7h = O(1/v/N) is ‘small’.
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Proposition 5.7. Assume X; € C%, I'(*) € C’? and €; is an 1id sequence with

finite fourth order moments. Assume also that the solutions Fon(-) of (5.19)
(left hand side) define a uniformly stable sequence and that the signal Y; is
known. Then

N
N > (Y, = Yion)?
t=1
is an asymptotically best linear unbiased estimate of E[(Y; — Yion)2].

Proof. Let AYyy = Y; — Yion and Algn () := I'() = Ton(-). I'() € CY
and the uniform stability of the sequence Ipn(-) imply that Alpn(:) € cY
uniformly i.e. there exists an M > 0 independent of N such that

e o] o
> e —Aonl < D sl + Fkon| < M

k=—00 k=—o00

IfX; e C’? (as assumed), then proposition E.2 in the appendix implies that

o0
D |Ravon2 ()] < M’
=0

where R(av,y)2(j) is the autocovariance function of the process (AY;on)? and
M’ does not depend on N. Therefore the spectral density of (AY;on)? exists
and is a continuous function (because its Fourier coefficients R(ay,y)2(k) are
absolutely summable). Grenander and Rosenblatt [43], section 7.3, then show
that (AY )2y = &% Ef; (AY;on)? is an asymptotically best linear unbiased
estimate of E[(Y; — Yion)?] which completes the proof of the proposition. O

Note that the linearity in proposition 5.7 refers to the process z; := (Y; —
f’to ~)2: the arithmetic mean 7 is a linear estimate of its expectation. The close
correspondence of the sample mean (AY)2, and the maximum likelihood
estimate of E[(Y; — Y;on)?] can be seen by setting z; := AY;2,, and assuming
that z; is a stationary gaussian AR-process. One can show (see for example
Priestley [75], p.348) that the maximum likelihood estimate of the expectation
of z; is then given by

[1 - El +d122+-..+dp;—z-p
z ™ ~ ~ ~
ay+az+..+ap

_ N—i N . I .
where Z;41 := Nljl—) t=p:-1—i z; and a; are the maximum likelihood estimates

of the AR-parameters (a generalization to arbitrary stationary processes is
suggested in Brockwell and Davis [10], exercise 7.2, p.236). Since Z;,i = 1, ...,p
are ‘almost’ identical to Z it follows that the sample mean Z is ‘almost’ equal
(up to order O(1/N)) to the maximum likelihood estimate of the expectation
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of z; (which is the revision error variance E[(Y; — Yion)?]).

These results show that the first error component r(y in (5.45) is ‘small’.
Proposition 5.2 and the proof of theorem 5.3 reveal that 7ox = o(1/v/N) so
that the DFA (5.19) ‘inherits’ its efficiency from —11\7 Ef’:l (AY;on)?. In fact,
the expression on the left hand side of (5.19) is a superconsistent estimate
of the asymptotically best linear unbiased estimate 4 Eivzl(AYtON)z (of the
revision error variance).

Although the first error term rgy is asymptotically negligible, ‘closer’ approx-
imations of

1 X
v > (AYn)?
t=1
are still possible. A corresponding method is proposed now.

The error term ron is induced by convolution errors Ryav,yx(w). The
latter result from the approximation of the unknown periodogram

&%
— X exp(—itw)
\/—N- t=1—-k

2
INAYDN Z A')’kON exp( ikw)

k=—o00

(see (4.23)) by |Alon(w)2Inx (W). INAy,y (w) is a ‘non-linear’ discrete con-
volution (the summation limits of the inner sum depend on the index of
the outer sum), which assumes knowledge of the infinite sample of X;.
|AToNn (w)|?Inx (w) can then be interpreted as a first order (‘linearized’) ap-
proximation which assumes knowledge of the available sample only. In the
following, a ‘non-linear’ convolution is proposed which assumes knowledge of
X1, ..., Xn only. The subscript ‘0’ for filters or time series (indicating solutions
of the DFA) is now dropped for notational convenience.

Let M and 8 be such that N = M + 2N?, where 1 > 8 > 0, and define

NP Nz N-N8—k
Enay@) = Y A%eXP(—ikw)\/—A—/I > Xiexp(—itw) (5.46)
=—N#8 t=1+NB—k
_NB_1
+ Z Ay exp(— zkw \/_ Z X exp(—itw)
k=—o0 t=14+2NA

00 N-2N®
V2

_s_ Ay exp( zkw)\/_7r E X exp(—itw)
k=N6+1

=: (I) + (II) + (TII)

This expression can be computed for the sample (X3, ..., Xx). Moreover, the
convolution is ‘non-linear’ for 0 < |k| < N”# (corresponding to the first term
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(I)) and is ‘linear’ for k > NP or k < N# (corresponding to (II) or (III)). If
Ay decays ‘sufficiently fast’, then the errors arising from the ‘linear’ terms
(IT) and (III) may become negligible. The following theorem gives a precise
result:

Theorem 5.8. Let 3 and M be such that N = M + 2NP?, where 1 > 8 > 0.
Assume I'() € Ca+1/2 X; € C} and I'() is a stable ARMA-filter. Define

8]

Dy (w) := Emay (W) — Enay W) (5.47)

where Eapray (w) is the Fourier transform of the sample AY)  ns, ..., AYpr N0
(assuming knowledge of the infinite sample of X¢) and Ey oy (w) is defined by
(5.46). Then

E[[Dy ()] = O(N=1-2#) (5.48)
Proof.
~NB_1
Dy(w) = Z Ay, exp(—ikw)
k=—00
B
m Nﬁ: -k
—_— X exp(—itw) Z X exp(—itw)
VM t=14+NO -k t=1+2N8
+ Z Ay exp(—ikw)
k=NB41
s N-2N#
m Ni -k
— X, exp(—ikw) — Z X exp(—itw)
VM t=1+NB—Fk t=1
= Dy (w) + Dpo (w) (5.49)

say. It is now shown that E[|Dyq(w)|?] = O(N~1-2e8),

E[|Dn2(w)?] = E[ Z Z Ary; Ay exp(—ijw) exp(tkw)

J=NB+41k=NB+1

N-NP_—j N-2N#
X \/\/;( Z X; exp(—itw) Z X exp(— ztw))

t=1+NB—j t=1
N-NP-k N-—2N®
V2
X TMﬂ- ( Z X exp(itw) — Z X, exp(ztw)>:|
t=1+NP—-k

oo

Z Y Ayl Avel2min(j — N®, k — NP)
=NB4+1k=NA41

IA
il
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x > |R@)
I=—00
> a1
<2 Z IR(l)lMN2aﬁ
I=—0

x Do D 1A%l Al k| min(, k)
j=NB+1k=NB+1

- 2r 1

<2 > |ROI% 7em

l=—00

S0 1Ayllalet 2 Al k|2

j=NB+1 k=NB+1

= O(1)N~1-2e8

(where 1/M = 1/(N —2NP) = O(N~!) is used). A similar proof with obvious
modifications shows that

E[|Dy1(w)[?] = O(N~172%)

which completes the proof of the theorem. O

The following corollary is the analogue of proposition 5.2 for the proposed
‘non-linear’ convolution.

Corollary 5.9. Assume X; € C%, I' € C'O‘H/2 a >0 and let M, 3 be defined
as in theorem 5.8. Let

op M/ M
Wi 2[:/ ]wkINAY wg) = Z AYH‘Nﬁ)2 +7rNn (5.50)
k=—[M/2 t=1

where Iy oy (Wi) = |EhayWe)|® (defined by (5.46)) and wy, € 2y :=
{k27r/M | o<k < [M/z]}. Then

E[lrn|] = O(N~1/2-ab)
Proof. ¢ Theorem 5.8 and (4.28) show that
Inay (W) = Inay (W) + O(N—1/2—aﬂ)

uniformly in k.
e The proof of proposition 5.2 shows that

o M/2 1

= Y wilnay(ws)

M
Z (AY;qns)?
k==[M/2] M=
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combining both results completes the proof of the corollary. 0O

Let Iyn () (with p(N) parameters) denote the solution of

o (M/2]
min > Y welyay (@)
r ="y

where Iy oy (wk) are the squared moduli of (5.46) (see corollary 5.9). Assume
that I'on(-) is a uniformly stable sequence. Then corollary 5.4 implies

[(M/2)
min2Z S wIyay(wr) o minE[(Y; - 702+ Ry (5.51)
L Gy ) r

where ARMA-filters with p parameters are optimized on both sides and where
Ron = 0(1)/V'N (i.e. a solution of the left hand side is also a solution of the
right hand side and conversely). The convolution error part ron in Ron is now
of order Q(N~1/2-a8),

Note also that the obtained results straightforwardly extend to integrated
input processes because theorem 5.5 and its corollary transpose the non-
stationary in the (constrained) stationary case.

The obtained results suggest that the convolution error roy may be re-
duced at the expense of r{, in (5.45). Indeed, increasing (3 in corollary 5.9
implies that roy = O(N~1/2-28) and M := N — 2N? both decrease (at least
asymptotically for the former). But a smaller M implies poorer performances

of 4 Zé\il(AYt.q_NﬂV (ie. a larger Ty ).

The consistency and the efficiency of the DFA have been proved for a large
class of input signals and extraction filters. The asymptotic distribution of the
filter parameters for the DFA is analyzed in the following section. Results are
derived which can be used for inferring the filter orders @ and g + r in (3.6).
Moreover, hypothesis tests for the filter parameters are proposed.

5.6 Inference Under ‘Conditional’ Stationarity

The assumption here is that X; is stationary or, more generally, that the
conditions (5.22) are satisfied if X, is integrated (so that X; in (5.20) is sta-
tionary). The latter requirement is called ‘conditional stationarity’ which is
subject to the constraints (5.22). A hypothesis test for the conditions (5.22)
is proposed in section 5.7.

In the previous section, the efficiency of the DFA was derived for the resulting
estimate Y; of the unknown signal Y;. However, nothing was said about the es-
timates of the filter parameters (zeroes, poles and normalizing constant). An
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expression for the asymptotic distribution of the filter parameter estimates
for the DFA is obtained in the first section 5.6.1 under the above ‘station-
arity’ assumption. Applications of this result are given in the remaining two
sections: section 5.6.2 analyzes the spurious decrease of the optimization cri-
terion (from which estimates of the unknown filter orders @ and ¢ can be
derived) and section 5.6.3 proposes a test of parameter hypotheses.

5.6.1 The Asymptotic Distribution of the Parameters of the
‘Linearized’ DFA

It is first assumed that X; is stationary. An extension to non-stationary in-
tegrated processes is provided in the remarks below. Consider an ARMA-
difference equation in the time domain as given in (3.4):

Q q
Y= ZakYt—k + Z be Xtk (5.52)
k=1

k=—-r

Such a filter can be used for estimating Yy_, but not Yy_,y1 because it
assumes knowledge of the regressors X;y,, X¢4r—1,..., Xt—q. Instead of the
‘traditional’ AR- and MA-parameters in (5.52) the parameter set could be
defined by z and py, in (3.33). The latter is often preferred because useful re-
strictions can be more easily implemented (so for example the ZPC-constraint
or unit-root constraints (5.22)).

The following theorem proposes an expression for the asymptotic distribution
of filter parameter estimates for the DFA (5.19). For that purpose denote
the (unknown) stable ARMA(Q,q + r)-filter minimizing the revision error
variance (in the class of ARMA(Q,q + r) filters) by I'n,(-) and denote the
corresponding (unknown) (Q + ¢+ +1)-dimensional vector of parameters by
b.

Theorem 5.10. Assume

o I'(He C’?/Z and X; € C}/z. The white noise sequence € (defining X;) is
an #d sequence satisfying E[e}] < oo.

o The parameter set is given either by ‘traditional’ AR- and MA-parameters
in (5.52) or by z; and pi in (3.33).

o The DFA solutions ['gq(-) of (5.19) (for estimating Yn_,) define o uni-

formly stable sequence of ARMA(Q,q + r) filters.
e The matriz (hessian)

Uy = [ : 2 (1) - Paa(@)) )i (5.53)

is strictly positive definite in o neighborhood of b.
It then follows that
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1. the vector VN (b —b) is asymptotically normally distributed with mean
zero. More precisely

VN(b —b) ~ AN(0,UgLVqqaUgh) (5.54)

where AN means asymptotically multivariate normally distributed and
where Ug, is defined in (5.53) and

Var=tn [ 2 (1) - Fau?) (& (11 - Feuir?) )

X h(w)2dw (5.55)

and the operators 681) () and 8ab (-) are the hessian and the gradient (of

their arguments) respectively and h(-) is the spectral density of X:;
2. the matrices Ug, and Vg4 can be consistently estimated by

i or W2 g )
Ogoi=5 . 3psllwn) — Doglwn)PInx(wr)  (5:56)
k=—[N/2]
[N/2]
N 472 “
Voo=—7 2 5 (1000~ Fogwi)l?)
k=—[N/2]

< (2 () - Fagnl) ) Inx? 50

More precisely
Uqg, = Ugq + O(1/VN)
and
Vaog = Vaq + O(1/VN)
where the approzimations are defined elementwise and in absolute mean.

Remark

e Note that I'(-) and I'(-) have the same ARMA-structure (same AR- and
MA-orders) but different parameters. One could set I’(w) := I'(b,w) and
['(w) := I'(b,w) where I'(-,w) represents the common ARMA-structure.

Therefore
8 8
8 8
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and similarly for second order derivatives. The derivatives are taken either
with respect to AR~ and MA-parameters or with respect to arguments and
moduli of 25 and py as defined in (3.33).

o The strict positive definiteness of the Hessian implies that the parameters
are uniquely identified in the vicinity of b. So for example, cancelling zeroes
and poles of the ARMA-filters I'g,(+) and I'g4(-) are not allowed.

Proof of theorem 5.10. For notational convenience the index Qg is dropped
from Igg(-) and Ig(-) and from the matrices Ug,, Vg, Ug, and Vo,.

Define
[NV/2]

0 2
P(b) := N Z |7 (@) = T(wi)2Inx (wi)
k_—[N/2]

A first order Taylor series development of P(-) centered in b then leads to
P(b) = U(b - b) + O((b - b)?) (5.58)

Since the DFA is consistent the higher order term is asymptotically negligible.
It is shown in proposition 10.8.6 in Brockwell and Davis [10] that

'P(b) ~
471_ rid Q+q+r+1 8 _ ) 2 )
AN [0, / Y g he) - PP | hw)ds | (559

—_ i=1

for any arbitrary array 1 of dimension @ + ¢+ r + 1 (the proof is given for
ARMA-processes whose transfer functions are in C$°; however, a closer look

shows that the proof requires C’}/ 2 ‘only’ as assumed by theorem 5.10). Note
also the slightly different periodogram definitions which imply a different nor-
malization of the integral in (5.59).

The Cramer-Wold device then implies

~ dr (T 0 S
P(b) ~ AN (0, ~ /_7r a—bIF(w) — I'(w)]

X ((%w(w) - ﬁ(w)|2) h(w)zdw> (5.60)

The matrix U converges to U in probability. To see this, use the development
leading to (5.64) below and the consistency of the DFA-estimate : the latter
implies that the order of the approximation in (5.63) is at least o(1) in mean
square (which is sufficient for the required convergence). Since U is strictly
positive definite by assumption, U~! must converge to U~! by proposition
7.1 in Hamilton [45]. As a result, proposition 7.3 in Hamilton [45] (example
7.5) implies that asymptotically
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(b —b) ~U™'P(b) (5.61)
where ~ means ‘distributed as’. Note that

(b —b) = O(1/VN) (5.62)

(use (5.60) and (5.61)). Taken together, these results imply (5.54) (note that
the hessian U is symmetric so that U = U’ and that E[ef] < oo is needed
because otherwise the expression for the variance (5.54) would be infinite).
Consider now the estimates for the variance covariance matrix of the param-
eter estimates. In particular
[N/2]

9? -

_ 27
2|F wk F(wk)|2INX(wk)

N k_——[N/z]

& .
= N Z 53 1 T (wr) = T'(wi)Ph(we) + O(1/V'N)
k——[N/Q]
- v/2] 2 5
=5 X 3711 (Wk) = I'(wi)Ph(we) + O(1/VN) (5.63)

N k=—[N/2]

_ _" 5‘?]0_2| I(w) - P(w)[*A(w)dw + O(1/vV/N) (5.64)

= U+O(1/VN)

The second equality follows from (B.9) in the appendix. The third equality
follows from (5.62) which implies

2 2
e 00— T = OV

uniformly in wi. Finally, (5.64) follows from proposition 5.11 below, using the
regularity of I'(wy) (which is infinitely often differentiable since it is a stable

ARMA filter) and the assumptions h(-) € C}/ 2 and I'()) € C?/ ? 50 that the
second order derivatives of I'() are in C}/ 2 (note that the product of these

functions must be in C’}/ 2 by proposition 4.7). Finally, consider

L2 N2 '
vt S 2 (1P ~ Pn?) (% (106 - f(Wk>'2))

k=—[N/2]

XINX (wk)
[N/2]

- 47r_ Z 861’0 ( (wi) = I'(wy)| ) (—% (|F(wk) f(wk)|2))/

N,z N/2)
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xh(wg)? + O(1/VN)
- a5 (IM) - f(wkn)(—% (17 () = Fen) ))I
xh(wg)? + O(1/VN)

=4 [* o (0@ - FP) (5% (@) - f@lz))/

xh(w)?dw + O(1/V'N) (5.65)
The second equality follows from
e the identity
ElInx (wi)?] = Var(Inx(wr)) + E[Ivx (we)]?
2h(wi)? + O(1/VN)

see (B.2) and (B.18) in the appendix;
¢ the approximation

o [v/2]
Var (W Z g(wk)INx(wk)z)

k=—[N/2]

A2 [N/2]
= W{ Z g(wk)zVar(INX(wk)z)
=-~[N/2]
[N/2] (N/2]

+ Z Z [g(wk)g(wj)Cov (INX(wk)zalNX(wj)2>:l }
k=—[N/2] =—[N/2), ik
= O(1/N) (5.66)

where g(+) is an arbitrary bounded function. The order in (5.66) is a con-
sequence of (B.3) and the boundedness of g(-). Note that

2 (i - ) (& (re) - 7R )

in (5.65) is bounded elementwise because of regularity assumptions.
The last two steps leading to (5.65) are identical to the last two steps in (5.64).
This completes the proof of the theorem. 0O

The following proposition is needed in the proof of theorem 5.10:
Proposition 5.11. Assume f(-) € C}/2. Then

(v/2]

dw——— Z flwg)

—[N/2)

O(1/VN)
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Proof. Let w be fixed and A € [w — n/N,w + m/N] be such that

0= f)l = max 1)~ )
Then
IFO) = f@) =] D " {exp(—i)) — exp(—iw)}
k=—o00
vN
= Y wm(=)A-w)+ D> % {exp(—iA) —exp(—iw)}| + O(1/VN)
k=—vN [kI>VN
2T 2
<= Y lwl+—= D lwllkY?+001/VN)
N k=—o0 VN |k|>VN
= O(l/\/ﬁ)
uniformly in w. Therefore
x o [N/2]
fw)dw ~ = > flww)
- k=—[N/2]
9 [N/2]
SN oo W AE[wk N o /N] [£(w) = FI
= 0(1/VN)

as claimed. O

Remarks

e It is assumed in theorem 5.10 that Ip,(-) is the best filter among the
class of ARMA(Q, g + r) filters. However, such a filter may be optimal
in the class of all filters in C’J‘?. To see this, assume X, is a stationary
and invertible ARMA process. Then a ‘closed-form’ solution of the signal
estimation problem (best filter in C?) is given by

T (S bimes) exp(=ikw)

I(w): E;’io b; exp(—ijw)

(5.67)

see (5.6). If I'(w) is a symmetric MA(2q + 1)-filter, then the numerator
polynomial becomes
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0 o0
Z ij'yk_j exp(—ikw)

k=—r \Jj=0

00 k+q

=Y > bk | exp(—ikw)

k=-r \j=max(0,k—~gq)

q—1 [k+q 00 k+q

= Z ijfyk_J exp(—ikw) +Z Z bivk—j | exp(—itkw)
k=—r \j=0 k=q \j=k—¢q
g-1 [k+gq oo

o0
= Z Zbﬂk_J exp(—ikw) +Z Z bjve—j | exp(—ikw)
=0

k=—r k=q \j=—co

The first term corresponds to a MA-filter and the second one to an ARMA-
filter (since it is the convolution of ARMA and MA filters). Their sum is
again an ARMA-filter, see for example Hamilton [45], chap.4. Since the
denominator polynomial in (5.67) is an ARMA filter too, the quotient I'(-)
is again an ARMA-filter.

e Theorem 5.10 can easily be generalized to integrated processes provided
the conditions (5.22) are satisfied (together with regularity assumptions
for I'(+)). The key result is given in theorem 5.5 which transforms the non-
stationary into the stationary case. The process X; must then be replaced
by the differenced stationary process X; and the optimization procedure
(5.19) must be replaced by (5.36).

An expression for the distribution of the filter parameter estimates for a par-
ticular ‘least-squares’ approach is obtained in section C.1 in the appendix.
Although the approach is based on unrealistic assumptions it is nevertheless
interesting from a theoretical point of view because it provides further insights
into the signal estimation problem.

5.6.2 Spurious Decrease of the Optimization Criterion

The following corollary of theorem 5.10 is needed for computing estimates
of the filter orders @ and ¢ in section 6.2. It provides an expression of the
decrease of

(v/2)

B3 S 10w - Pl PInx () (5.69)
k=—[N/2]

(where I'(wg) is the DFA estimate) as overparameterization arises i.e. Q >
@ and ¢ > ¢ where Q' and ¢’ are the filter orders of the best unknown
asymmetric filter I'(-) (which is supposed to exist in section 6.2). Ideally,
(5.68) should remain constant for @ > @' and ¢ > ¢’ (which would indicate
the true filter orders @@ and ¢) but overfitting leads to a ‘spurious’ decrease.
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Corollary 5.12. Let the assumptions of theorem 5.10 be satisfied. Then

(N/2]

> I(wk) — Toq(wr) P Inx (wi)
k=—[N/2]
[N/2]

— > IT(wk) = Foq(wr)PInx (ws)
k=—[N/2]

- %tr (VacUgs) +o(1) (5.69)

27 E

where tr(-) is the trace operator (i.e. the sum of the diagonal elements of a
quadratic matriz) and Ug, and Vo, are defined in theorem 5.10.

Remark
e If overparameterization is attained (i.e. if @ > Q" and ¢ > ¢’) then

[N/2]

D M (wk) — Fog(wr)PInx (wr)
k=-[N/2]

does no more depend on @ nor on gq. Therefore, the right hand side of
(5.69) reflects the ‘spurious’ decrease of (5.68) as Q(= Q') or ¢(= ¢') vary.

Proof of corollary 5.12. As in the proof of theorem 5.10 the subscript Qq of
filters and matrices is omitted for notational convenience. Consider the Taylor
series development centered in b

(v/2) 3
27 Z | TM(wy) — F(wk)|211vx(wk)
k=—[N/2]
(N/2] .
=2t Y |P(w) = (wr)*Inx(ws)
k=—[N/2]
1/~ ~\/ . - o S~
+N3 (b—b) U (b —b) +o(1)N (b—b) (b—b)

where the first order derivative vanishes by definition of I'(:) and U = U +
O(1/V/N) has been used. Since

N x Var (6 - B) = U-tvyu-?

asymptotically (see (5.54)) it follows that

(/2]

> Il(wk) — T(wr)PInx (wi)

k=—[N/2]

2k
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/2] )
- Z |7 (wi) ~ F(wk)|2INX(wk)}

k=—[N/2]

= efi((5-5) v (6-5))] +o
— %tr (UE [(B -b) (b —E)'D +o(1)

= %tr (UUT'VU) +0(1)

= %tr (VU™Y) +0o(1)

as claimed. 0O

5.6.3 Testing for Parameter Constraints

Assume I'(-) and X; satisfy the assumptions of theorem 5.10. Assume also
that the parameter constraints can be set up in the form Rb = r where
b= (a1,...,aQ,b—r,...,by)" is the true parameter vector and where R and r
are a m * (Q + ¢ + r + 1)-matrix (with rank m) and a m-dimensional vector
respectively. The so called Wald-form (see for example Hamilton [45], p.213)
of the test of Hy : Rb = r against H; : Rb # r is given by the test-statistic

~ . " A -1 N
N(Rb — 1) (RU‘IVU‘lR’> (Rb — 1) (5.70)

where U and V are defined in theorem 5.10 and b is the DFA-parameter
estimate. The test-statistic (5.70) is asymptotically x2-distributed with m de-
grees of freedom, where m is the number of (linear independent) restrictions.
Simple hypotheses like Hy : ag = 0 or b, = 0 (i.e. verification of AR- and
MA-orders @ and g+ r + 1 of the ARMA-filter) or more complex linear con-
straints can be tested, using the above Wald-form of the hypothesis-test.

5.7 Inference : Unit-Roots

If X; is stationary or if the conditions (5.22) are satisfied, then theorem 5.10
can be used in order to derive the asymptotic distribution of the test-statistic.
Often, however, it is not known a priori if an input process is stationary
or, more generally, if the constraints (5.22) are satisfied. Therefore, a test is
needed from which conclusions about the necessity of imposing restrictions of
the type (5.22) can be inferred. Unfortunately, theorem 5.10 cannot be used
in this particular situation. The problem as well as the relevant theory for
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solving it are presented here.

Two parameter sets are distinguished for non-stationary integrated input
processes:

e the set of the parameters which are ‘freely’ estimated and
e the set of the parameters which are determined conditionally to the esti-
mated parameters through the restrictions (5.22).

Note that the two classes of parameters are generally not uniquely defined.
For an I(1)-process with a single unit-root at frequency zero, it is assumed in
the following that the normalizing constant C is determined by the condition
f(O) = I'(0), i.e. the parameter C belongs to the second set. For the parame-
ters in the second set, ‘tests’ cannot be implemented because the parameters
are not estimated actually. An estimation procedure for these parameters is
presented here and the asymptotic distribution of the estimates is derived.
The distribution is non-standard and asymmetric. It is shown that a suitably
transformed test statistic has an asymptotic Dickey-Fuller distribution, where
the transformation depends on the current signal estimation problem (i.e. on
h(-) and I'(-)). As a result, it becomes possible to test hypotheses of the type
(5.22).

5.7.1 I(1)-Process

Suppose that X; is I(1) with a single unit-root located at frequency zero
and assume the parameters are estimated using the procedure described in
corollary 5.6, i.e. the filter parameters are estimated using the corresponding
constraint (5.22)

C :=I(0)/1(0) (5.71)

(see (5.29)) and the periodogram is based on the differenced input process
X¢ = Xt — Xi—1. Therefore, the DFA is consistent as shown in corollary 5.6.
Let now all the estimated parameters be fixed except C and assume the latter
parameter is estimated using (5.10): the resulting estimate € is then based
on the periodogram of the undifferenced input signal X;. The resulting two-
stage estimation procedure may be motivated informally as follows: in the first
stage, the ‘nuisance’ parameters z; and pi are consistently estimated implying
that the estimation procedure of C in the second stage may be based (at least
asymptotically) on knowledge of the true (nuisance) filter parameters. If all
parameters (including C) were estimated simultaneously, then the estimates
of the nuisance parameters would be inconsistent because Iy x(wy) is a bi-
ased estimate of the pseudo spectral density, recall section 4.3. Therefore, the
estimation of C' would be ‘biased’ too which is undesirable.

The asymptotic distribution of the proposed two-stage estimate C is derived in
the following theorem. For simplicity of exposition, it is assumed that I'(0) = 1
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(trend-extraction or seasonal-adjustment filters for example satisfy this as-
sumption).

Theorem 5.13. Assume
o X, is integrated, X=X, —X;_1 € C}/2 and I'(0) =1
o I'()e C’;+5/2, where § >0

o the sequence of estimated ARMA(Q, q+ 1) filters I'(-) in the first stage of
the estimation procedure (satisfying hence the first order restriction) define
a uniformly stable filter sequence (as N increases)

o the best (unknown) asymmetric filter I'(-) in the class of ARMA(Q,q+r)-
filters is stable A

o the normalizing constant C is estimated in the second stage, conditionally
on the ‘nuisance’ parameters z;, pi, (estimated in the first stage) and using
the estimation procedure (5.10).

Then asymptotically

N (% - 1) (5.72)
A+ 1¢B
1/2
T+ 2 o+ i) — 22 o v + 2(72/6 - 1)

where ~ means ‘distributed as’ and where

~

o the random variable in the denominator on the right hand-side of (5.72)
18 positive
C satisfies the restriction (5.22) (i.e. (5.71))
A and B are the constants:

2

/w r(w)Re (F()) = |F@)| ) i

R0
- 2

e /W I'(w)Re (ﬁ(w)) —|Pw)

- |1 — exp(—iw)|?

|1 — exp(—iw)

-

dw

o the random wvariables v, k = 0,1, ... are pairwise independent standard
normal variables

e the random variable & is a standard normal random variable which is not
correlated with vg, k > 1 but which is correlated with vy and v}, according
to

1
Cov &, 1] = 3

1
Cov o, ] =~

k>1
o’
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The constants A and B can be consistently estimated by

- A R 27
Lo [NZ/ZI P(wi)Re (F(wn)) = [P () Iys(n) (5o
N k=—[N/2] |1 — exp(—iwr)|? Inx(0)
- ) TS
5 o [NZ/2] I'(wk)Re (F(Wk)) = [I(wk)
=T oo (—io)E
N S 1~ exp(iws)|

where 1 ~x(0) is a consistent estimate of h(0) (for ezample a smoothed
window-estimate).

Remarks

If X, is integrated, then the best (unknown) ARMA(Q, g + r)-filter I'(-)
satisfies (5.22), i.e. I'(0) = 1.

The assumption I'(0) = 1 is not necessary, but simplifies exposition of
results.

The distributional identity (5.72) implies that C is a superconsistent es-
timate. Moreover, its asymptotic distribution is skewed because of the
presence of y2-random variables in the expression on the right hand-side.
The distribution of the random variable on the right hand-side of (5.72) is
non-standard. It can be tabulated, using the described stochastic proper-
ties of the random variables £o, v (k > 0) and v/} (j > 1). A transformation
of (5.72) which has the Dickey-Fuller distribution is presented in corollary
5.14 below.

Proof of theorem 5.13. Denote I"(:) := I'(-)/C where I'(-) is the filter

estimate computed in the first stage (i.e. I'(-) satisfies the first order condition
I'(0) = I'(0)(= 1)) and C is the corresponding normalizing constant. As a
result, I"(-) is independent of the normalizing constant. Assume also that ¢
is estimated in the second stage using the periodogram of X; (instead of X;
as in the first stage). The periodogram of X, can also be expressed as

see

|Zng(ws) = EnxOF 40
|1 — exp(—iwg)|?

Inx(wk) = . 9
1

(4.9) and (4.32). Then estimation of C is based on

8 o WA 2
s O D) = CF ()P Ivx (we)

k=—[N/2]
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) (v/2)

oC

| (wk) = CF" (wi) |2
|1 — exp(—iwg)|?

27 —_ —_
N |Enz (W) — 5N)'<(0)|2

k=—[N/2]

A {2Re(r(wk>—Gf'<wk))Re(—f"<wk))

_ o2
k= [N/2] |1 — exp(—iwg)|

2Im (F(wk) - Cﬁ/(wk)) Im (—ﬁ/(wk))

|1 — exp(—iwg)|?

+ } X |Exnz(wr) = Exz(0)

=0

where, for wo = 0, the singularity is replaced by its limiting value, see the
corresponding expression for Iy x(wg) above. Solving for C leads to:

or /2 DP(wi)Re (f’(wk))

- = 2
N |1 — exp(—iwk)|? [Enz @) = Znz(0)]

O = = — (5.74)
o WA [P |Znx (i) = Eyx (0)
N T exol—io) 2 =NX\Wk) = =N%
My [1 — exp(—iwy)|

where Re (I'(:)) = I'(-) and Im (I"(})) = 0 have been used. Consider first the
numerator in (5.74):

o [N/2) F(%)Re(f“’(%))

|1 — exp(—iwg)|?

2

Enz (W) — Enz(0)]

b="1N/2)
or N/ T©0)I(0) + (F(wk)Re (ﬁ'(wk)) _ F(O)ﬁ'(o))
=N k=_z[;\,/2] |1 — exp(—iws)|? (5.75)

x|Znx (WE) — Enz (0)?
i > o wlzc 3
gy WA [0+ TR (W) | ZE+0(wh)
== > —— =0 (5.76)
Ml 11 — exp(—iwg)|?

X|En g (wk) — En 2 (0)

where I'(0) = 1 and %F(w)Re (f“’ (w)) = 0 has been used (the deriva-

w=0

tive vanishes because I"(w)Re (f’ (w)) is an even function of w). The equiva-
lence of (5.75) and (5.76) implies that

(F(w)Re (f'(w)) - ﬁ'(o))

[1 — exp(—iw)|?

=0(1) (5.77)
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is a well defined bounded function on [—, ], i.e. the numerator removes the
singularity of 1/[1 — exp(—iw)L2 where use is made of the regularity assump-
tions with respect to I'(:) and I'(-) (which are both at least twice continuously

differentiable).
The denominator in (5.74) becomes:

[N/2] Pwy)|”

|1 — exp(—iwg)

2

Ig 'ENX (wk) - ENX(O)I
k=-[N/2]

o W POP+ (|7wn| - 0))

|1 — exp(—iwg)|?

|5N)'<(wk) - EN)?(O)I2

k=—{N/2}
) 2 . w2
v (02 + =MW} £ +0(w})
2 07 wzo 2 Er (@) — Enz O
== - Enzlwr) — Enx
k=—1N/2 It = exp(—iw)l” " i

where use is made of I”(0) € IR and of the symmetry of |I” (w)|? around zero
(so that the first derivative vanishes). Therefore

)| = 110

|1 — exp(—iwg)|?

= 0(1) (5.78)

is a well defined bounded function too in [—m,n] (because of the assumed
uniform stability). It follows that the expression for C' in (5.74) becomes

2 WA P0)+ (MwRe (M) - 1(0))
N 1 — exp(—iwg)|?

|Znx (W) = Enz (0))?
k=—[N/2]
2 2 i 2 A7\ 2
or N2 [r(0)2 4 (’F (wk)’ — F/(0?)
|1 — exp(—iwg)|?

Enz(we) = Enx (0)|2

k=—[N/2]
. . 2
or W2 I'(wg)Re (T(wk)) - ip(wk)l

|Zn % (W) — Enz (0)?

N
1 k=—[N/2|
= — - — —
o) roZ S el - SuOF
— o) 12
N % [1 — exp(—iwg)|
+0o(1/N) (5.79)

|1 — exp(—iwg)|?

where f“() is the filter estimate in the first stage of the estimation procedure,
i.e. I'(-) satisfies the first order constraint I'(0) = 1(= I'(0)). In order to
establish (5.79), use is made of
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—ad bc — ad
e the identity (-CZT—:-S = % + fgc—-i-acﬁ = % + = Cza + o(1/N) for the expres-

sions
(N/2]
“ 2 1
a:=I"0)= T lEnx (W) — ENX'(O)]2
=011 |1 — exp(—iwg)|
. on [(N/2]
= o) > Inx(wx) =O(N)
k=—[N/2]
b2 S (P@rRe (7)) -~ 1(©) |Enx k) — Enz(O)
= — — . 2 =NX\Wk) T SNx
STy |1 — exp(—iwg)|
= 0(1)
RS § [%] 1 2
c:=I"0)"— T3 1Enx (Wr) — Enx(0)]
N =2 11 — exp(—iwg)|
R o v/2]
= 11’(0)2W > Inx(wr) =O0(N)
k=—[N/2]
N/2] all 2 ()2
g= 2" [ (F(“”“)I _F(O))|: 2 (wk) — Enz (0)2 =01
'- |1 —exp(—iwg)]2 'TNX W) T ENX =0
k=—[N/2]

(note that the magnitude of the orders follow from (5.77), (5.78) and (5.85)
below)

i X reo
e and of the identity FA(wk) = I'(wg), le. C= A—(—)— = ——— where C is
I"(0) o) I17(0)
the ‘true’ value of the normalizing constant {conditionally on the estimated
parameters in the first stage).

Equation (5.79) implies that ¢' — C = O(1/N). Moreover, the numerator in
(6.79) can be approximated by

or W2 (w)Re (Plor)) = |Flur)

= . x |Zxn g (Wk) = Enx(0)?
k=~[N/2] 1 = exp(—iw)f? NX i

on WA DwiRe (F(r) ~ [Fen)|

|1 — exp(—iwg)|?

k=—[N/2]

(T ) = 25 OORe (5 r) + Iy ©)+o) G
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= %ﬂ [%/f] I'(wk)Re (f(wk)> - If(wk)\ (}}(wk) +IN5((0)) +o(1)

|1 — exp(—iwg)[?

k=—[N/2]
= I'(w)Re (f(w)) _ lf'(w)'z )
N /_,T [1 = exp(—iw)|? h{w)dw

= I'(w)Re (f(w)) - }f(w)
[T — exp(—iw)P

‘2

—dw + o(1) (5.81)

+1y%(0) /

-
where use is made of

e the consistency of I'(-) which allows replacing I'(-) by I'(-) in (5.80)
e theorem B.4 in the appendix which states that the ‘midterm’

oty 5 Tee{ren) T

- Re(Zy % (wk))

— _ 2 NX

MO |1 — exp(—iwg)|
in (5.80) vanishes asymptotically since the random variables =) g (wk)
(and therefore Re (Zy g (wk))) are ‘centered’ and asymptotically indepen-
dent

e corollary B.3 (which allows replacing Iy 5 (-) by k() on the right of the
second equality), noting that X; € C}/ 2 implies A(-) € C}/ 2

e proposition 5.11 (for the transition from the discrete sums to integrals),
using the assumed regularity requirements for I'(-) and I'(:): specifically

I'(w)Re (ﬁ(w)) - }ﬁ(w)lz = O(w?)

because the function vanishes in 0 and its derivative vanishes too since it is
an even function. It is then easily verified that the regularity requirements
of theorem 5.5 are satisfied for the function

I(w)Re (F(w)) - 1ﬁ(w)|2 (5.82)

(in place of AI'(+)), assuming o = 1/2 and d = 2 (recall that I'(:) €
C}s+2+1/ ? and I'(-) is uniformly stable by assumption). Therefore the same
proof as that used in theorem 5.5 can be used to show that the function in
(5.82) is in C’}/ %, Noting that h(-) € C’;/ ? (since X, € C}/ ? by assumption),
it then follows that the integrated functions in (5.81) are in C’}/ %, Thus,
proposition 5.11 can be used.

The denominator in (5.79) can be approximated by
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2T N~ () = Eyg (O
r (0)"17 k=§v/2] 11— exp(—iw) 2 (5.83)
ooy 2T WAz 5w 2y (0))?
=I"(0)7 | Inx(0 +2Z | Ii’l"_e’;)p zngl(z)l )
=p'(o)2ﬁ7r Inx(0 +2Z 1Enx )—,%EN)?(O)P) +o(N)
A T A Iy (w 2u 0)Re (= w
= F'(O)EN- Inx(0) + 22 L2 1\;)/{[(‘;\/’;2]2 - 22 NXk(zﬂz/eN/g]X( 1)
E 120
+2k2 w—g’/x[](v—/)-Q]—z) +o(N) (5.84)
= I"(0)2xN¢o
Nt
+h(0) I 0)— (Z( Vi + 2 kl - 2u02ukkl2 + 3 (n%/6 — 1)) + o(N)
k=1
1-
x (%ﬁgg + % S+t - 2”0 E ’“k2 D (n/6 — 1)) (5.85)
k>0
where

e C =1/I"(0) satisfies the first order constraint (5.22)

o m2/6—1= Siso /K,

e u; and v, are iid standard normal distributed random variables corre-
sponding to the real and imaginary parts of the (normalized) discrete
Fourier transforms

Enx @)/ \RO) | k=

(see the first assertion of theorem B.4 in the appendix). Note that X, € C?

implies that h(w) is a continuous function so that A(wy) =~ h(0), k =
0,...,V'N. Therefore

Iy g (i) = h(O)(WE + 1)
o N2 = Inx(0), see (4.33). In particular E[¢o] = h(0)/3, see (B.35),

o 4/ FL(O)—O is the square root of {y. In particular, £, is standard normal

V3

distributed asymptotically. The covariances of 1y = h(O) /3 with v
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and vy, v}, are described in corollary B.11 in the appendix where it is shown
that o is asymptotically correlated with the imaginary part of =) 5 (wk)
only (corresponding to the random variable v},), see the remark on p.254.
o the summations in (5.85) may be extended from k = 1 to infinity because
the sequence 1/k? is absolutely convergent,
e the o(N)-term has been neglected in (5.85).

r R |Enxr) — Enx O
Note that — Z NX NX 57— in (5.83) is a positive random
o2 e
variable so that the random variable in (5.85) and therefore the denominator
in (5.72) must be positive too, as claimed. Collecting the results obtained for
the numerator and the denominator in (5.79) completes the proof of the the-
orem (it is not difficult to extend the proof to the case I'(0) # 1). O

Consider the numerator in (5.72): A + v2B. If X; is a pure random-walk
so that X, = ¢ is a white noise sequence, then A = B and the numerator
simplifies to A(1+3). If X; is not a random-walk, then A # B and the random
variable on the right of (5.79) depends on the signal estimation problem (i.e.
on the ratio A/B). This is undesirable since tabulation of percentiles of the
random variable then depends on a ‘nuisance’ parameter A/B which can take
on any real value. A completely analogous situation arises for ‘traditional’
unit-root tests when allowing for serial dependence of X, see for example
formula 17.6.6 in Hamilton [45] where a ‘nuisance’ parameter (A2 — vo)/A2
enters in the determination of the resulting random variable for the approach
taken by Phillips and Perron. By analogy to the Phillips-Perron unit-root
test, a term correcting for ‘departures of the pure random-walk hypothesis’
i.e. correcting for serial dependence of X; can be subtracted on both sides of

(5.72):
¢ A 8B
N (5 - 1) -2

where Z is the random variable in the denominator of (5.72). Dividing on
both sides by B and replacing A and B by their estimates then leads to the
‘corrected’ test statistic

N|C D
~ Z Inx (wk)
k=—[N/2]

where

e the estimate D is defined by
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PP

= Al 2 (0)
o W F(wk)Re(f(wk))—}ﬁ(wk)‘2

|1 — exp(—iwg)|?

IN)'{ (wr)  (5.87)
k=—[N/2]

Note that Zh(0) ~ s LJZ/Q][N/z] Inx(wy) by the proof of theorem 5.13.

Multiplying numerator and denominator in A/Z by h(0) then implies, that
Dis independent of h(0) (or of the estimate I, %(0)).
A and B are defined in theorem 5.13 .
Iy 2(0) is the consistent estimate of /(0) used in determining A, see (5.73):
this estimate disappears in (5.87) and therefore it disappears in the test-
statistic (5.86) too

e I'(-) is the filter estimate obtained in the first stage of the estimation
procedure (therefore I'(0) = I'(0))

e the random variable 7 is asymptotically distributed as

2
Y

e~ 5 : (5.88)
T8+ p T 0h ) 2R Dy + L6

k>0

which does no more depend on ‘nuisance’ parameters.

Note that n corresponds to the restterm on the right hand-side of (5.79)
(after correction for serial dependence of X; in (5.86)). After normalization
with N/B this restterm becomes:

N BIN;{(O)
B |5, WA + ol1/N)
N Z Inx(we)
k=—[N/2]
= [JIX/Q]VX O o (5.89)
2
7\,71 Z Inx(wk)
k=—[N/2]
~ NiIyx(0)
b (5.90)
N Z Inx(w)
k=—[N/2]

if X, is integrated. It is tempting to replace the expression (5.86) for the test
statistic n by the simpler expression (5.90) which does involve neither I'(-)
nor F( ) and which is therefore independent of the signal estimation problem.
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However, one should keep in mind that the error (o(1))-term in (5.89) was
shown to be negligible under the assumption that X is integrated, see (5.79).
If X, is stationary, then it is not difficult to show that this error term is of
order O(1) so that (5.86) and (5.90) differ ((5.90) has low power against sta-
tionary alternatives because it is of order O(v/N) if X; € C’}’ so it is clearly
not interesting as a test-statistic candidate).

Tabulation of percentiles of n for given significance levels provides corre-
sponding critical regions for the test statistic (5.86). In this context it may be
interesting to compare the distribution of 5 to the Dickey-Fuller distribution
of the random variable N(p — 1) where g is the estimated AR-coefficient for
a pure random-walk process, see Hamilton [45], p.488. This is done in the
following corollary.

Corollary 5.14. Let the assumptions of the preceding theorem 5.18 be satis-
fied. Then the random variable

o = N7r71(0)
T T on V)2
¥ Ec=/—][N/2] Inx(ws)

(5.91)

where 1 is the test statistic (5.86), has the Dickey-Fuller distribution tabulated
in Table B.5 (case 1) in Hamilton [45], p.762.

Proof. Under the assumption of the preceding theorem X; is integrated, so
that (5.90) is a valid approximation (recall the above comment). Inserting
(5.90) into (5.91) (and ignoring the approximation error in (5.90)) leads to

Iy (0) — h(0)
7]’ = N 27 Zg\})§2

ivy2) v x (wi)
1/2 (% (zi, Xt) - 27rf3(0))
Nz Loy X7
27riL(0)1/2(W(1)2 - 1)
21h(0 fo W(r)2dr
B 1/2(W(1) - )
T [ w(r)dr

where ~ means ‘asymptotically distributed as’ and where W (r) is the stan-
dard Brownian motion process (a continuous parameter process), see Hamilton
[45], proposition 17.3, identities a) and h), p.506 (noting that the parameter

~

(5.92)

A in the cited literature is simply 1/27h(0)). The third equality in the above
proof follows from the definition of the periodogram and from (4.13) : note
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that the ‘weights’ wy, in (4.13) are ignored since their contribution is of order
O(1/N) if N is even (for N odd wi = 1 for all &, see (4.2)). This completes
the proof of the corollary since the random variable in (5.92) has the asserted
Dickey-Fuller distribution, see for example 17.4.7 in Hamilton [45]. O

The following remarks conclude the analysis for X; being an integrated
input process with a single unit-root at frequency zero.

Remarks

e Although the constraint I’(0) = I'(0) allows for more general non-
stationarities than a single unit-root at frequency zero, the asymptotic
distribution of the proposed test-statistics were derived under the hypoth-
esis that X is I(1), see the first assumption of theorem 5.13. In this con-
text, testing Hy : I'(0) = I'(0) amounts to a particular unit-root test,
spec1ﬁcally designed for the signal estimation problem. Other forms of non-
stationarity (for example trend-stationarity around a linear trend function)
would result in different asymptotic distributions which are not reported
here.

e Since &, vg and vy, k > 1 in theorem 5.13 are standard normal and since v
and vy, k > 1 are mutually orthogonal, one deduces from the covariances
(correlations) between & and v, vy, k > 1:

1 1,
=§VO_ZE—;Vk+5O

k>1

$o

where &g is gaussian with mean zero and variance

Var(d) =1-= Z ey

1 1 1
S (B
2 2
4 T 1 k
1 7n2/6—1
=-{3—-——] <1
4 < w2 )
Therefore, n in (5.88) can be tabulated using standard normal distribu-
tions.

e In order to use the statistic (5.86), percentiles of the distribution of 7
must be tabulated using the stochastic properties of the random variable
described in theorem 5.13 (see the preceding remark). Note that the ex-
pression (5.86) does not depend on h(0). This is an advantage because
estimation of the spectral density of a process at frequency zero is a prob-

lem which affects the ‘long run’ behavior of the process and which can-
not be satisfactorily solved for finite samples (which is precisely the crux
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when testing for unit-roots). On the other hand, the distribution of the
test statistic (5.91) is already tabulated (see for example table B.5, case
1 in Hamilton [45]). Unfortunately, the statistic requires a consistent esti-
mate of h(0). It is therefore suggested to use (5.86) instead. Note that the
Phillips-Perron test(s) or the augmented Dickey-Fuller test(s) also require
knowledge of h(0), see for example Hamilton [45]p.509 and p.523.

The distribution of the random variable 7 in (5.86) can be tabulated using
the standard normal distribution, see the remark above. A continuous pa-
rameter process (standard Brownian motion W (-), see corollary 5.14) is not
needed for that purpose. This simplifies the tabulation by Monte Carlo sim-
ulation, because realizations of continuous parameter processes are more
difficult to generate than the expression (5.88). Although Donsker’s func-
tional central limit theorem leading to standard Brownian motion is an
elegant mathematical device for computing the asymptotic distribution of
unit-root tests, the distribution of the resulting random variable is more
difficult to tabulate than the expression (5.88) resulting from theorem 5.13.

If I’(+) is a trend extraction filter then the expression I'(wg)Re ( (wk))

;f(wk)’ in (5.79) becomes negative in the stop band of I'(:). In the pass-

band |I'(-)] generally exceeds I'(-) (remember that I'(-) is the constrained
filter satisfying I(0) = I'(0)). Therefore, C' is downward biased if I'(-)
‘smoothes’ the input signal. This can easily be seen from (5.72) since both
A and B are negative and all other expressions on the right hand-side are
positive (note that this statement is not necessarily true if I'(-) does not
‘smooth’ the input signal).

The preceding remark implies that the test against the interesting alter-
native hypothesis Hy : I'(0) < 1 (which happens if X, is stationary and
I'(:) is a ‘smoothing’ filter) is one-sided: large values of 7 in (5.86) imply
a rejection of Hy : I'(0) = 1.

Consider the ratio

[ rem ()l o,

‘_‘ x |1—e)<<p( u;)l . lh2(0)
(w)Re | IN(w I'w

/_,r - ep)P

This expression is ‘small’ if h( )/R(0) is ‘small’, i.e. if the low-frequency
part of the stationary process X, is strong or, equlvalently, if the autocor-
relation function of X; decays slowly. Otherwise, if the low frequency part
is weak, then the above ratio is ‘large’. Therefore, the term correcting for
serial dependence in (5.86) is ‘small’ for processes with pronounced low fre-
quency content (in the sense of a slowly decaying autocorrelation function
of X;) and ‘large’ for processes with pronounced high frequency compo-
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nents. Stated otherwise: the (negative) bias of the estimate C is ‘small’ for
processes X; whose first differences X; have strong low frequency compo-
nents.

5.7.2 I(2)-Process

Now consider the problem for a test of the second order constraint ¢(0) = 0
which is for example useful if X; has a second order unit-root located at
frequency zero (but which allows for more general non-stationarities). Assume
that all parameters are estimated simultaneously using first and second order
constraints in the first stage. In the second stage, all parameters are fixed
except C,Z and P where C is the normalizing constant and Z, P are real
numbers defined in (5.33) or, equivalently, in (5.34). Denote by

P — exp(—iw) Fw)

A, —
Fw) = C(Z — exp(—iw))
that part of the filter I'(-) which does not depend on C, Z or P (which cancel
on the right hand-side of the above equality). In the second stage of the
estimation procedure, I"(-) is fixed, the first order constraint I'(0) = I'(0)
is maintained and the second order constraint ¢(0) = 0 is relaxed. Z and P
are then allowed to vary independently from each other while C is uniquely
determined by the condition

) 1
Ci="F+=
10) g_:._l_ﬁ'(o)

P-1

where I'(0) = 1 has been assumed. Therefore, in the second stage, one has to
minimize

27 [N/2] |F(wk) _ f‘*(wk)lz
N k:%ﬁ,} [1 — exp(—iwy)|? Iy (wk)
2
(Z ~ exp(—iwg)) p_1 N
_ | (Z-1) I'(0)(P - exp(—iwk))p (r)
k=-[N/2] |]. — exp(_iwk)lz
XIN)? (wk) (593)

with respect to Z (or, alternatively, with respect to P). Note that I'(0) = 1
(first order restriction) so that the quotient in the above summation is well
defined and continuous on [—,n] and note also that X; is I(1) under Hy so
that Iy, (0) is of order O(N?). Differentiating (5.93) with respect to Z and
solving for Z is not difficult but leads to an expression which is ‘too lengthy’
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to be reasonably reproduced here. Simplifying notations one can write the
resulting solution Z in the following form:

s dI"(w)
iPI"(0)+ (P —1)
R dw
Z = ) w=0
. w
iI"(0) + (P — 1)
dw 0
2_’/1' 3 f(wk) I . (w )
N 11 — exp(—iwy)|2 NAX k
k=—[N/2]
+ (5.94)
w O
900)= — — o inax Wk
N M |1 — exp(—iwg)]
N v
iPF(0) + (P — 1) dd—f")
i T
. dI'(w
')+ (P-1) ——
dw oo

where

the first term on the right hand-side of (5.94) corresponds to (5.34),

o Iyaz(we) in (5.94) is the periodogram of the stationary process AX; :=
(1 - B)2X,, )

e f(-) and g(-) are ‘complicated’ (lengthy) expressions involving I'(-), I'(-)
and the spectral density of AX;

o and where the ‘residual’ term #x can be shown to be of order O(1/N) as
in the proof of theorem 5.13 (if X is I(2)).

If 7 = 0 then $(0) = 0, i.e. the second order constraint (5.34) is satisfied.
Otherwise,

Fr
im%@+w—nﬂﬁw
ik )]
s w
ilge(0)+(P-1) i
w=0

is a ‘non-degenerate’ random variable whose distribution may be derived as
for the case analyzed in theorem 5.13 (first order restriction), inserting the
corresponding expressions for f(-) and g(-). The derivation is not difficult
(it follows exactly the same line as the proof of theorem 5.13) but cumber-
some and the constants corresponding to A and B in (5.72) are complicated
and ‘lengthy’ expressions which are not reproduced here. However, the re-
sulting test statistic has exactly the same asymptotic distribution. Evidently,
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the same transformation as proposed in corollary 5.14 can be used here so
that the resulting transformed test statistic has the Dickey-Fuller distribution
(asymptotically) which is tabulated in table B.5 (case 1) in Hamilton [45].

Remarks:

¢ Testing restrictions of the type (5.22) is not primarily concerned with ‘unit-
roots’ which are a property of the DGP of the input signal X;. Instead,
performances of the asymmetric filter matter: does a particular constraint
(5.22) enhance the estimation of the signal Y; or not (wether or not the
DGP is an integrated process)? Therefore, the ‘spirit’ of hypothesis-tests
based on (5.86) or on (5.91) is not the same as for ‘pure’ unit-root tests (like
Dickey-Fuller (ADF) or Phillips-Perron (PP) for example). Nevertheless,
both approaches rely (after suitable transformations) on the same asymp-
totic Dickey-Fuller distribution. The differences then lie in the ‘weight’
given to particular properties of the input signal (as measured by the
spectral density h(-) and, in particular, 71(0)) and the relevant estimation
problem (which, here, involves I'(-) and I'(-) via the constants A and B
in (5.72)).

o The restrictions (5.22) are of interest. Since integrated processes play a
major rule in modern econometrics, the term ‘unit-root constraints’ is
reserved to (5.22) although technically the first order constraint I'(0) =
I'(0) is a ‘level’ constraint and $(0) = 0 is a ‘time-shift’ constraint for
the asymmetric filter I'(-). These conditions allow for more general non-
stationarities, so for example trend-stationarity around a linear (first order
constraint) or a quadratic time trend (second order constraint). However,
the asymptotic distribution of the test-statistics depends on the type of
non-stationarity considered. In the preceding results X; was assumed to be
integrated (either I(1) or I(2)) without a trend. Asymptotic distributions
for processes with deterministic (linear or quadratic) time trends can be
derived analogously. They are not reported here because it is felt that the
corresponding DGP’s of X are less relevant empirically.

In the last section of this chapter, a link between the MBA and the DFA
is proposed. It is shown that a slight modification of the DFA enables simpler
computations if » > 0 in (3.6).

5.8 Links Between the DFA and the MBA

Suppose Yn -, is to be estimated for r > 0. Assume for simplicity that X; € C(f)
and that I'(-) € C¢ and a > 0. The filter I'(-) and the spectral density of the
input signal may be arbitrary functions subject to weak regularity assump-
tions only. Therefore, if 7 > 0, then the corresponding asymmetric ARMA-
filter I'.(-) (for estimating Yy_,) may require a ‘large’ number of parameters
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for an optimal approximation. The following modification proposes a simple
and yet effective solution for this problem. Define

FI() = Gy I () + I7() (5.95)
where I''"(-) = exp(irw) ;CV;_T: !k exp(—ikw) is the truncated theoretical

extraction filter and I'.(-) is defined in (3.6) (both filters use the whole sam-
ple for ‘estimating’ Yy_,) and Cy, is a normalization. The filter I7(-) results
from an ‘overlapping’ of the output signals of the two (generally asymmetric)
filters on the right. The ARMA-filter I'.(-) may be interpreted as a correc-
tion of the output of I"*"(-). The normalizing constants C in (5.1) and Ci,
in (5.95) ‘weight’ the respective outputs. As r increases, I'*"(-) becomes less
asymmetric and C generally decreases. It is suggested to replace I-(-) by I7(-)
in (5.19) (or (5.36)).

If X, is a white noise process, then I'*"(-) is optimal (because back- and/or
forecasts of the process vanish, see (1.4)). More generally, assume a simple
preliminary model for X; has been identified and estimated. Then I'"(-)
can be replaced by (1.4) in (5.95). The filter ng-) can correct for model-
misspecification. The resulting design of the filter I7(-) defines a link between
the DFA and the MBA (see also Wildi [97]).

Until now, the signal estimation problem was restricted to the approxima-
tion of a symmetric filter I"(-) because signal extraction filters are generally
symmetric. This restriction is not necessary and may be dropped. By doing
s0, the filter approximation problem may be interpreted as a generalization
of the forecasting problem. For that purpose, define I'(w) := exp(¢kw) which
is now an asymmetric filter. The asymmetric filter for r = 0 (boundary filter)
which best approximates I'(-) (in the mean square sense) provides as output a
signal Y; which best approximates X, (in the mean square sense) given the
information set X7, ..., X;. This can be seen by noting that exp(ikw) (in the
frequency domain) corresponds to F* (in the time domain), where F := B~}
is the forward operator, i.e. FX; = Xy11. For t = N, Y is the k-step ahead
forecast of X . Therefore, the DFA could be used for computing forecasts of
an input signal X; as does, for example, the MBA. This direction of research is
not pursued further here although time delay constraints for multi-step ahead
forecasts would be worth additional investigations. Instead, interest is focused
on the signal estimation problem, i.e. the approximation of symmetric filters.

In this chapter, main asymptotic results have been presented for the DFA.
In the next chapter, finite sample problems and regularity issues are analyzed.
Particular attention is paid to overfitting problems and uniform stability of
the solutions of the DFA. It is shown that both issues are related.
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Finite Sample Problems and Regularity

In the preceding chapter, asymptotic properties of the DFA were presented.
An important regularity assumption, namely the uniform stability of the se-
quence of DFA solutions, was necessary for establishing the consistency and
the efficiency of the approach. However, some care is needed since ‘excessively
smooth’ DFA solutions may be suboptimal. In the present chapter finite sam-
ple problems are analyzed. Methods are proposed for solving the uniform
stability problem.

In section 6.1 ‘overfitting’ is analyzed and related to the ‘regularity’ of the

DFA (or the MBA) solution. The distinction between ‘overfitting’ and ‘over-
parameterization’ is stressed. This leads to different instruments for solving
finite sample problems. In section 6.2 a method for selecting @ and ¢ (or
equivalently AR- and MA-filter orders) is proposed for the DFA. As such,
the method emphasizes overparameterization issues. In section 6.3 an appli-
cation of the so called ‘cross-validation’ principle to the DFA is presented.
This method can be used to assess the extent of overfitting and also to infer
an ‘optimal’ number of parameters (of the asymmetric filter).
A drawback of both methods is that they are essentially ‘descriptive’. Correc-
tions of the estimated (filter) parameters are not proposed (in case of ‘serious’
overfitting). Therefore, a new approach is developed in sections 6.4 and 6.5
which aims at a ‘regular’ solution of the DFA (necessary for the uniform sta-
bility). It is more fundamental because overfitting is closely related to ‘singu-
larity’ issues (see section 6.1). The idea is to modify the original optimization
criterion such that particular aspects of overfitting become ‘measurable’. As a
consequence, the resulting estimates are corrected for ‘undesirable’ properties
of the asymmetric filter. The approach is felt as a promising area for future
research (in particular for ‘tackling’ the overfitting problem).
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6.1 Regularity and Overfitting

Let X1,...,Xn be a finite sample generated by a stationary AR(p)-process.
Assume p is known and suppose the parameters of the process are estimated
by least-squares. The estimates are random variables whose realizations gener-
ally deviate from the true values. In the following, this phenomenon is called
overfitting. Often, the term ‘overfitting’ in the time series literature means
that ‘too many’ parameters are estimated (which results in excessive loss of
‘degrees of freedom’ of the data). In this chapter, the term overparameteri-
zation is reserved for this notion. An attempt is made here to differentiate
overfitting and overparameterization.

Here, overfitting in its most general sense means random deviations of
estimates from true parameter values. It is a fundamental problem which is
independent of the number of parameters being estimated. Consider the above
estimation problem and assume the innovations of the AR-process are iid
(recall that p is known). The AR-parameters are completely determined by the
second order moments of the process (by the so called Yule-Walker equations,
see for example Brockwell and Davis [10], chap.8). Unfortunately, estimates of
the parameters, such as for example least-squares estimates, are not functions
of moments (which are unknown) but functions of the realizations of the
process which are subject to ‘randomness’. The least-squares principle implies

N
22 2
€ < E €;

t=1 t=1

N

where ¢; are the true innovations. This inequality justifies the term ‘overfit-
ting’ for the proposed example : the fit produced by the estimated model
seems better than that of the true model, when measured by the squared
errors. More generally, assume unknown ‘entities’ must be estimated (to sim-
plify, call them ‘parameters’). This is often achieved by searching for the
extremum (say a minimum) of a particular criterion which is a function of
the unknown parameters (for example the left hand side of (5.9)). Then the
minimum of this criterion is smaller than (or equal to) the realized value for
the ‘true’ parameter values. This inequality again justifies the term ‘overfit-
ting’ for the general case (recall the ‘spurious decrease’ of the optimization
criterion for the DFA in section 5.6.2). It is a consequence of fitting uninten-
tionally the generally unknown random component of the stochastic process.
Note that the overfitting problem often vanishes asymptotically if the sample
length increases faster than the number of estimated parameters. This effect
is due to the well known ‘law of large numbers’.

If the order p of the AR-process is unknown, then various orders p’ may be
tried by fitting corresponding models to the data. It is then well known that
estimates from ‘too large’ models (p' > p) are ‘poorer’ (the estimates are
subject to larger variances). This effect is described here by the term over-
parameterization. It is an unnecessary reduction of the ‘degrees of freedom’
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of the data. The impact of overparameterization is to exacerbate the over-
fitting effect. However, overfitting exists even without overparameterization.
This distinction is useful for evaluating the effects of ‘finite sample’ instru-
ments, see below.

Box [8], p.792 argues that: “since all models are wrong the scientist can
not obtain a correct one by excessive elaboration ... Just as the ability to
devise simple but evocative models is the signature of the great scientist so
elaboration and overparameterization is often the mark of mediocrity”. This
comment stresses the importance of parsimonious models (see Box and Jenk-
ins [9]) or parsimonious filter designs (recall section 3.3).

Overparameterization (“excessive elaboration”) of filters or models of-
ten results in overfitting characterized by almost discontinuous or unstable
transfer functions. The ‘typical shape’ of the amplitude functions is generally
unnecessarily complicated by peaks and troughs. Overfitting and regularity
(‘smoothness’) of the transfer function are therefore related. In the sense of
Box’s comment one can argue that regularity (of the transfer function) and
simplicity (of the model or of the filter) are linked. Overfitting problems due
to insufficient regularity of the DFA solution are now described.

Assume for simplicity that the input signal X, is stationary and recall the
approximation (5.16):

- [N/2] - (v/2]
N Z wklAF(wk)|2INX(wk):N Z wi| AT (w)|2h(we)(6.1)
k=—[N/2) k=—[N/2]
1 T

1R

Py | AT (w)|2h(w)dw

= E((Y; - Y2)’]

-

Overfitting, i.e. random errors of finite sample parameter estimates, can ap-
pear because the unknown spectral density h(-) is replaced by the periodogram
Inx(+). It can also appear because the continuous integral is approximated by
a finite sum. In the latter case (discretization effect), differences between I'(+)
and I'(-) are ‘measured’ on the set of discrete frequencies wy € 2n only. This
may be problematic if AI'(-) is not sufficiently regular (‘smooth’). Consider
the following cases:

o It was shown in theorem 3.10 that the effect of a single zero-pole-pair
can be concentrated in an open interval of arbitrary width. It is therefore
possible to achieve perfect fits (of the theoretical transfer function I'(-))
on 2y. Suppose for example that A = wy, € 2y and I'(A) = 0. Then it is
possible to determine a real ZPC-filter such that

) =0
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1—-D(w)] <dif lw=Al >

where € > 0 and 6 > 0 are arbitrarily small real numbers. Therefore, the
left hand side of (6.1) decreases because the contribution of Inx(A) to
the sum vanishes (other frequency ordinates remain almost unaffected if €
and ¢ are sufficiently small). It is not difficult to verify that a sufficiently
large number of ZPC designs define an asymmetric filter which is able
to ‘reproduce’ I'(-) arbitrarily well on 2y (the left hand side of (6.1)
vanishes in the limit). Evidently, extreme distortions may appear for w €
[—m, 7] — 2. These distortions cannot be ‘detected’ by the optimization
criterion (5.19) (left hand side). As a result, the corresponding output Y;
would be a poor approximation of the signal Y;. Note that the ZPC-filter
in the above example becomes nearly singular: the zero is on the unit circle
and the pole is extremely close to the unit circle. The zero is closer to (or
on) the unit circle than the pole because the component at A is damped
(eliminated), see figure 3.2. This is called a non-invertibility singularity. A
finite discontinuity of the transfer function is induced in the limiting case.

o In the preceding example the (common) argument of the zero-pole-pair is
in £2y. The overfitting problem is now examined for zero-pole-pairs whose
argument A does not lie in {2y. They are called hidden zero-pole-pairs
because their ‘main’ effect (at A) can be measured indirectly only on £2y.
In fact, minimizing the left hand side of (6.1) ‘controls’ zeroes and poles
by an implicit regularity assumption (residing in the invertibility and the
stability of the minimum phase component of the QMP-ZPC filter, see def-
inition 3.6). Consider the following example where this implicit regularity
assumption is not satisfied (in the limiting case):

1LV =M
[1-D(w)] <8if lw—A>e

where € > 0 and § > 0 are arbitrarily small real numbers and M > 1 is
arbitrarily large. It was shown in theorem 3.10 that such a filter exists. A
strong component which distorts the filter output can be generated ‘arti-

ficially’ if M is sufficiently large. If A = Wkt ki1

cannot be ‘detected’ by (6.1) if € and § are sufliciently small. Again, the
ZPC-filter is (nearly) singular. Now the pole is closer to the unit circle
than the zero of the pair (because the component with frequency A is am-
plified). This is called an instability singularity. An infinite discontinuity
of the transfer function is induced in the limiting case (M — 00).

, then this component

Both cases stress the invertibility and the stability of the approximating filter.
Clearly, instability singularities are harmful: a single zero-pole-pair can com-
pletely distort the filter output. Non-invertibility singularities are ‘less dan-
gerous’. Moreover, such designs are necessary for removing components with
sharp and narrow spectral ‘spikes’ (such as seasonal components for example,
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see chapter 7). Sections 6.4 and 6.5 propose solutions which ensure regular-
ity of the asymmetric filter. In the first section, instability and invertibility
singularities are both penalized. In the second section, potential instabilities
(poles close to the unit circle) are ‘tracked’ only by allowing wy, € £2x to vary
‘locally’. Therefore, potentially dangerous zero-pole pairs become ‘apparent’.

For the sake of completeness consider the following overparameterization
problems:

o Complex conjugate zeroes and/or poles are located far away from the unit
disk. Then their relative effect (damping or amplification or time shift) on
different frequency components can be neglected. The ratio of the mini-
mum distance (to the unit circle) to the maximum distance (to the unit
circle) is almost equal to one. Therefore, the ‘amplitude effect’ is approxi-
mately constant. Moreover, the arguments of the complex conjugate pairs
nearly cancel each other so that the phase is almost equal to zero. Thus
the normalization C' in (5.1) cancels the effect of such zeroes and/or poles.

e Zeroes of the numerator cancel poles of the denominator.

Both problems relate to the determination of the number of parameters. They
eventually impair the speed of convergence of a numerical optimization algo-
rithm (by unnecessarily increasing the dimension of the problem or by ‘de-
flating’ the gradient). However, they do not affect the statistical estimation
problem. Instead, problems of numerical optimization are addressed here.

In the following section, the determination of the number of parameters
of the asymmetric filter, i.e. overparameterization is addressed. An approach
based on theorem 5.10 is presented.

6.2 Filter Selection Criterion

6.2.1 Overview

An estimation of @ and ¢ or equivalently of AR- and MA-filter orders must
account for two conflicting requirements. General signal extraction problems
necessitate flexible asymmetric filter designs (i.e. ‘large’ @ or ¢) for matching
the ‘contour’ of the best asymmetric boundary filter. Unfortunately, ‘too flex-
ible’ designs (excessively large @ or g) also match random features specific to
a given sample. Therefore, ‘good’ estimates @) and § should reflect a compro-
mise between flexibility and parsimony.

The determination of the ‘true’ model order (in the MBA) is related to
the identification of the data generating process (see for example Granger and
Newbold [40], section 7.3). Criteria for solving the so called TS-identification
problem (time series identification, see the previously cited literature) are
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available, see for example Stier [85], chap.8. Well known approaches are infor-
mation criteria (see Akaike [2]) or minimum description length principles (see
Rissanen [77] and [78]). It is shown in Caines [12], p.281 that both approaches
are identical.

The determination of the number of parameters p for the asymmetric filter of
the DFA is not directly related to the identification of the DGP. Instead, a
filter is sought for which the expectation E[(AY;)?] is minimized. The statis-
tic proposed in this section does not rely on ‘information’ or ‘identification’
concepts because the DGP is not of immediate concern. However, it is shown
in the appendix that information criteria can be considered in a sense (to be
precised there) as special cases of the proposed filter selection criterion.

Before presenting the relevant concepts, a further difference between the
MBA and the DFA is stressed here:

e The MBA tries to determine the unknown DGP.
e The DFA tries to approximate the known symmetric transfer function of
the extraction filter.

Therefore, the solution of the DFA is inherently subject to ‘control’ by di-
rect comparison with the symmetric transfer function in (5.19). Such a ‘con-
trol’ is not given for the MBA, because the DGP is unknown. Thus, it is to
be expected that the DFA is less sensitive to overparameterization than the
MBA. Chapter 7 confirms this conjecture from an empirical point of view: it
is shown that overparameterized filters perform as well as correctly param-
eterized (model-based) maximum likelihood estimates for various simulated
processes.

6.2.2 The MC-Criterion

A formal estimation procedure for @ and ¢ in (3.6) is now proposed. Assume
Yn_r is to be estimated and recall (5.69):

or [ V2 )
—E[ > M(wk) = Foq(wr)PInx (i)
k=—[N/2]
v/2) )
= Y IN(wk) — Toq(wi)PInx (we)
k=—[N/2]

-1
Lt (VaiUgh)
37 N

where Ug, and Vg, can be consistently estimated, see theorem 5.10. The
index (g indicates that ARMA(Q,q + r) filters are considered. If the best
filter is an ARMA(Q’,q’ + r) then

+o(N71) (6.2)
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oy /2 )
~ > (k) — Foq(wr)PInx (wi)
k=—[N/2]

does not depend on Q or q if Q@ > @’ and q > ¢'. Therefore

/2] )

> I(wk) = g (wi)*Inx (wi)
k=—[N/2]

v/ )
— > I(wk) — Tog(wr)PInx(wr)
k=~ [N/2]

1t (VoUg) 1t (Voo UZ,)
T2 N T2 N

2
—F
N

+o(N7hH (6.3)

The last term describes the mean decrease of the criterion (5.19) subject to
overparameterization (overfitting effect). A straightforward estimation of Q
and ¢ for the DFA (5.19) may then be based on the minimization of the
general criterion

72 tr (Vo Uzs)
2 A 2 1 QqV Qq
Nk_%/zllf(wk)—mq(wk)l Inx(@o)+f | s3——F—=| (64

as a function of @ and g, where f(-) is such that f(z) > x. Note that Ug,
and Vg, and therefore VQqU(S; are positive definite so that tr (VQqU5;>

is positive definite too. Thus the second term in (6.4) must be positive too
and can be interpreted as a ‘penalty’ for overparameterization. Therefore, f
must satisfy f(z) > x for > 0 only. This function can be defined according
to information criteria (so for example f(z) := 2z would correspond to AIC).
In general, the matrices Ug, and Vg, must be estimated in (6.4). The MC-
criterion used in chapter 7 is

[N/2]
27 -
MC@,9) =+ > IN(wk) = Foq(wr)PInx (wi)
k=—[N/2]
IN—Q—g—r—1
o /2] )
=~ D I (wk) — Fog(wr)PInx (we)
k=—N/2]
tr (Vo 0z,)
+N —Q—-q-r—-1
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where Ug, and Vg, are defined in (5.56) and (5.57) and f(z) = 2%10
corresponds to the penalty term of AICC (see Brockwell and Davis [10], sec-
tion 9.3). The filter orders @ and ¢ are determined by minimizing (6.5) as
a function of @ and q. Note that the penalty term of AICC increases more
rapidly than that of AIC (it is known that the latter may lead to overparam-
eterization for the MBA).

Remark

e The results in section C.2 in the appendix emphasize that the determina-
tion of @ and ¢ based on the minimization of M(Q), ¢) may be interpreted
as a generalization of a particular identification approach of the DGP of
X; based on information criteria.

The method proposed in this section addresses mainly overparameterization.
But ‘good’ estimates of ) and g are not necessarily a guarantee against over-
fitting. Therefore, the next section proposes a method assessing overfitting
‘indirectly’.

6.3 Cross-Validation

Basically, cross-validation is the separation of the estimation procedure (or
estimation phase) and the validation procedure (or validation phase) by par-
titioning a sample X1, ..., X into estimation- and validation-subsamples. The
second subsample is used for assessing ‘out of sample’ performances of the fil-
ter (or model) optimized for the first subsample. Overfitting ‘nuisances’ (poor
‘out of sample’ performances) may be detected by this method, but the over-
fitting problem is not solved explicitly: the estimated parameters are not cor-
rected for overfitting effects, which is a drawback of the method.
Cross-validation is often used for selecting a ‘good’ p (recall that p =
@+g-+r+1). For that purpose, the sample is partitioned into X1, ..., X, and
XN,+1, -, XN and it is assumed that AY; is a stationary ergodic process (so
that the stochastic properties do not vary from one subsample to the other).
Then the number of parameters p of the asymmetric filter can be determined
as follows.

e For a ‘candidate’ value p of p, the DFA solution I4(-) is computed on the
first subsample.

e The sample variance 25— PO Ny+1(AY5)? is then computed on the re-
maining subsample.

e The value p := pp for which ﬁ\f{ Zf; Ny+1(AY%py)? is minimal is then
selected for estimating the DFA solution on the whole sample.

Although ¥; (and thus Tv‘—lTl Ef[: N, +1(AY5)?) are generally unknown, it is
often possible to find approximations on suitable shorter subsamples (see for
example chapter 7 where this problem is analyzed in more detail).
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During the estimation phase, a smaller subsample (N7 < N) is used which
implies poorer parameter estimates. For the DFA, an alternative separation
of ‘estimation’ and ‘validation’ is possible which preserves the original sample
length. This is presented now.

The idea is to perform the estimation in the frequency domain (as given by
the left hand side of (5.7)) and to conduct the validation in the time domain
(as given by the right hand side of (5.7)). A comparison of both expressions
reveals potential instabilities of the asymmetric filter. It amounts to assess
the ‘convolution error’ ry. Unfortunately, the remaining error ry in (5.45)
cannot be assessed which is the ‘price’ paid for using the whole sample for
the estimation (instead of a subsample only). The procedure is fairly similar
to ‘traditional’ cross-validation.

e For a ‘candidate’ value p of p, the DFA solution [p(-) is computed (in the
frequency domain and using the whole sample).

e The sample variance + Zf]:l(AYtﬁ)2 is then computed (in the time do-
main and for the whole sample).

e The value p := po for which % Zf; N{(AY4p,)? is minimized is chosen as
estimate of p.

A weakness of both approaches lies in the absence of explicit parameter
corrections. Basically, this is because both methods rely on an ‘outer control’
(of the DFA solution) only. The next two sections propose methods including
an ‘inner control’ by suitably modifying the original optimization criterion (as
given by the left hand side of (5.19)) such that overfitting becomes ‘measur-
able’. As a result, estimates are explicitly corrected for ‘insufficient’ regularity
of the filter.

6.4 A Singularity-Penalty

Overfitting often results in ‘too complicated’ asymmetric filters which may be
even singular (or ‘nearly’ singular), recall section 6.1. Assume for the moment
that X; € C’? and that I' € Cf, where 8 and « are positive real numbers.
From the discussion at the beginning of section 5.2, it seems ‘natural’ to
require

Ion() € OFP) (6.6)
(where Iy, (-) is the DFA solution for estimating Yy_,) in some sense ‘uni-

formly’ in N because:

e otherwise poles of I, (-) can approach the unit circle arbitrarily closely
(as N increases) which may induce noticeable distortions of the output
signal, see section 6.1;
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e from (5.6) (and proposition 4.7) the best filter satisfies ', € C’}"i"(a’ﬂ ),
where the subscript oo indicates that the filter minimizing the revision
error variance may involve infinitely many parameters.

For notational ease the subscript ‘r’ is dropped from now on but it should
be clear that asymmetric filters are optimized for particular time points ¢t =
N — r. If the number of parameters p(/V) is a bounded function of N, then
uniform stability (see definition 5.1) implies (6.6) for all o, 3. However, if p(V)
may grow unboundedly, then the uniform stability requirement does no more
necessarily imply (6.6) uniformly in N. The following definition generalizes
uniform stability for the case of unbounded p(N):

Definition 6.1. A sequence of QMP-filters I'n(:) (with p(N) parameters) is
called uniformly a-stable if

> Pkl < M (6.7)
k=-—r

for some My > 0 which does not depend on N.
Definitions 5.1 and 6.1 are identical if p(/V) is bounded.

Consider now the criterion

[V/2] 0
. 2 ~ ~ min(«
min{ = ST |P(wk) = Flwn)PIvx(wr) + A Y 3l Ik 1 (6.8)
r Nk:—[N/2] k=0

For increasing N its solutions define a uniform min(ca, §)-stable sequence (re-
quired by (6.6)) provided A > 0. The parameter A controls the regularity of
the asymmetric QMP-filter. Unfortunately, the proposed ‘penalty’ term has
undesirable properties:

e Increasing X ‘forces’ I'(-) towards zero (i.e. it becomes ‘too smooth’).

e The weight A depends on the extraction filter I'(-). The ‘regularity’ of
I'(-), as measured by 322, [7x||k|™"(*#) has an influence on the value
attained by S_p |4k k|™P(@A) in (6.8).

e The weight A depends on the sample Xi,..., Xn. The ‘scaling’ of the
variables and the difficulty of the approximation problem are reflected

in 22 IV 1D (wr) — (i) Inx () in (6.8).

Therefore, some kind of ‘normalization’ is needed. Assume that I'(-), the DFA
solution, is an ARMA(Q, ¢+7) filter and let I'(-) denote the best asymmetric
ARMA(Q, q + ) filter. Then

op N2 .
In|1+% D IF(we) = Dwr)*Ivx (wr)
k=—[N/2]
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1+ ZLZ/E][N/z] | (wk) — D(wi)*Inx (wk)

1+ ELZ/E][N/z] |T(wr) — I'(wr)PInx (wi)

zCl-f-

where C} is a constant that does not depend on the parameters of I'(-), see
for example (C.22) in the appendix. Equivalently,

N—-r—1 N—r—1) _ min(a,8)
Y i T+ o e —wllk
In {1+ Z |7k_’)’k”k{mm(a"3) ~ Co + ZIIEV—TT—1|~ ||kl .
T4+ 30200 1Ak — i | k| min(es8)

k=-r

where C3 does not depend on @ or on ¢q.The logarithm can be used as a
‘natural’ normalization. A new criterion can then be defined by

[v/2]
min ¢ In {1+ FW Y IP(wk) = D(wr)PInx (we)
r
k=—[N/21
N—-r—1 .
+Aln (1 + > k- %Hk!f“'"(“’ﬂ)) } (6.9)
k=—1
Equivalently, a simple multiplicative criterion
I [N/2] )
mjn{ 1+ N Z T (wi) = I(wie) P Inx (w)
r
k:—[N/2]

N—r-1 ) A
(1+ > l’?k—vk||k|m‘n(°"ﬂ)> } (6.10)

k=—r

can be used. The proposed optimization criteria (6.9) or (6.10) are character-
ized by the following properties.

¢ From the assumption I'(-) € C}nin(a”@ ) and from

el = 17l < 1% — vl < 1Akl + 1kl

it follows at once that (6.9) or (6.10) penalize filters which are not suffi-
ciently regular if A > 0.

e Increasing A does no more ‘force’ the asymmetric filter towards zero. More-
over, as shown below, the penalty term is ‘optimal’ if the input signal is
white noise.

e The logarithms ‘normalize’ both sums in (6.9). The additional ‘1’ in the
argument of the logarithms prevent the criterion (6.9) to diverge to —oo
for ‘overfitted’ designs. Equivalently, (6.10) cannot vanish by including the
additional ‘1’.
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e Minimizing (6.9) or (6.10) corresponds to ‘fuzzy’ restrictions on the filter
parameters. This is in contrast to ‘hard’ shape or exclusion restrictions of
the type |Px| > 1+ & where § is specified a priori. The latter restrictions
may imply ‘too smooth’ DFA solutions, excluding thereby optimal filter
solutions.

Setting Y% := vk for k = —r,..., N —r — 1 minimizes the penalty term in (6.9).
Recall that this choice is optimal if X; is a zero mean white noise process
(because back- and/or forecasts of the process vanish in (1.4)). Therefore,
increasing A in this particular case does not impair the solution of (6.9) (on
the contrary). However, in general the input signal is not a white noise process
and larger A may impair the goodness of the solution of (6.9). Therefore, a
final improvement of the criterion (6.9) is proposed (a similar modification
may be applied to (6.10) too):

(N/2]

Y ITwr) = Fwo)lPInx (we)

k=-[N/2]

2
min ¢ In 142
r

N—-r-1
+Aln (1 + > - 7,’C|1k|mi“<“vﬂ>> } (6.11)

k=—r
where the coefficients v}, are computed using either of the following methods:

e 7 are derived from a DFA solution which is constrained to be regular. The
regularity can be achieved by using the MC-criterion (6.5) (for estimating
the filter orders @ and ¢ +r + 1) and by constraining poles so that |Py| >
1446 for k =1,...,Q. Experience suggests that § = 0.15 may be a ‘good’
choice for a variety of applications.

e -, are derived from a MBA based on a simple preliminary model (for
example an ‘airline’ model).

The role of the first sum in (6.11) is to ‘fit’ f"() to the sample and the role of
the second sum is to penalize ‘too elaborate’ solutions. Therefore, when com-
puting v}, using a MBA, ‘best fitting’ models are not a priority. Instead, a
simple parsimonious model (for example an ‘airline’ model) is needed so that
the coeflicients +;, define a sufficiently regular ‘control sequence’ for 4 (ensur-
ing the uniform min(e, 8)-stability of I'(-)). Increasing A in (6.11) strengthens
the regularity of the asymmetric filter. Also, increasing A ‘pulls’ the estimate
towards a preliminary DFA or MBA solution which is felt better than the
constant zero in (6.8) or the solution for a white noise input process in (6.9)
(which is implicitly assumed by setting v}, 1= v, for k= —r, ..., N —r —1).

Note that it is not intended to ‘shrink’ the original DFA soclution towards
a simple regular preliminary solution 7;, by minimizing the criterion (6.11).
‘Shrinkage’ methods are well known in Bayesian estimation, see for example
Litterman [62], which proposes a Bayesian approach based on mixed estima-
tion. In (6.11), the parameter A is typically ‘small’ so that the ‘shrinkage
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effect’ is small too. Moreover, |9 — 74| is weighted by |k|™®(@#®) in (6.11)
which implies that regularity aspects dominate here. In fact, singularity of
the transfer function has to do with slowly decaying filter coefficients, which
is penalized by the weights |k|™in(@8),

A formal procedure for choosing A and min(a, 8) is unknown up to now.
It is reasonable to assume that A — 0 as N — oo since otherwise the solu-
tion of (6.11) is eventually an inconsistent estimate (if -y;, are inconsistent for
example). Experience suggests that A = 1/+/N and min(a, 8) = 1 or 2 often
provide good results for a large variety of applications. Note also that (6.11)
offers a link between the DFA and the MBA if v, are based on a model (a
similar link was already provided in section 5.8).

As noted in section 6.1, ‘instability singularities’ (generated by zero-pole-
pairs whose poles are closer to the unit circle than the corresponding zeroes)
are potentially more ‘harmful’ than ‘non-invertibility singularities’. Moreover,
the latter may be necessary for specific tasks (like for example seasonal ad-
justment, see chapter 7). Unfortunately, the above penalty terms do not suf-
ficiently differentiate both types of singularities. In the next section, an alter-
native modification of the optimization criterion (5.19) is proposed, which is
able to realize such a differentiation. It is then possible to focus on ‘instability
singularities’ only by tracking hidden zero-pole-pairs on the entire frequency
intervall [—m, w]. As for the previous method, overfitting is ‘tackled’ directly
by modifying parameter estimates accordingly.

6.5 Variable Frequency Sampling

Assume for simplicity that X; € C’? is a stationary MA process, that I'(-) € C’(f)
and that I'(-) is a real ZPC filter satisfying

I\ =M (6.12)
1-Tw)|<dif lw—X>e

Wi + Wit1

where A = and M is a large positive number (the stationarity

assumption is not required but it simplifies the exposition). Assume also
h{w) > 0 for all w, where h(-) is the spectral density of X;. Then Inx(wg) # 0
and Inx(wg+1) # 0 with probability one (because they are real random vari-
ables with variances h(wg)? > 0 and h(wgy1)? > 0 respectively, see theorem
B.2). The potential instability of the ZPC-filter I'(-) cannot be detected by
the criterion (5.19) if € and & are sufficiently small, because the frequency
ordinates wy := k2m/N are fized. Therefore the ‘main effect’ of () at A
is hidden. If M > 1, then the filter I'(:) amplifies components (which exist
because h(A\) > 0 by assumption). Assume for example that I'(:) satisfies
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I'(A) = 0 : then the estimated output ¥; can be a (very) poor estimate of Y;
(depending on the amplification M).

If wy were allowed to vary in (5.19) then the problem could be solved.
More precisely, let A be arbitrary and define

. {wk, A ¢ Jwg — kn/N,wi + kx/N]

else (6.13)

)

INX(W;C) = INx(wk) (6.14)

Also, define 2 := {w;]|0 < |k| < [N/2]}. The set {2y enables to ‘track’
the pole of the ZPC filter I'(:). A new optimization criterion is defined by
replacing 2y by £2}; in (5.19):

o inN/2]
mjn]—v— Z | AL (W) [P Inx (w)) (6.15)
r
k=—[N/2]

An instability singularity (an arbitrarily large M in (6.12)) would be incom-
patible with the minimization in (6.15) because Inx(w}) = Inx(wg) > 0
with probability one (as shown above).

The frequency ordinates wj, are variables (in fact they are random variables
in (6.15)) which depend on the argument of the ZPC filter but the ‘extent’ of
their variability is very limited as N increases. The above definition 6.13 can
be straightforwardly extended to the case of multiple ZPC filters :

ol = { wp ifA; ¢ Jwg —kn/N,wp +kn/N}, j=1,..,n (6.16)

Ado else
where A;, is defined as

Ajo 1=
{/\ji)\j € |wp — kn/N,wi + kr/N] and |1 — |F;|| is minimal} (6.17)

and n is the number of poles. If 2 is defined as 2 = {w},|0 < |k| < [N/2]},
then 2} ‘tracks’ all poles simultaneously. Moreover, if the arguments of sev-
eral poles lie in |wg — k7 /N,wy, + kn/N), then (2}, tracks the most unstable,
see (6.17).

Denote the solutions of the left hand side of (5.19) and of (6.15) by Io()
and Iy(-) respectively, where the only differences are the sets 2y and 2}
used for the optimization (so for example Q@ = Q' and ¢ = ¢’ i.e. both filters
are ARMA(Q, g+ r)-filters). The following proposition proves the equivalence
of both solutions under regularity assumptions.
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Proposition 6.2. Let Iy(-) and I}(-) be given as above and let n = o(N) be
the number of poles of the filters. Then

VE )
= > wgll(wk) — Fo(wi)PInx (wk)
k=—[N/2]
o 172 )
=5 > will(wh) — Fy(wi) PInx (wh) + en
k=—[N/2]

where eny = o(1) if I'(-) and both ARMA filters are in C? uniformly in N. If
I'(-) and both ARMA filters are in C} uniformly, then exy = O(n/N).

Proof. The proof is given under the assumption that both filters are in C’}
uniformly in N (a similar reasoning applies if both filters are in C? uniformly).

If Iy(-) € C} uniformly then

Y )
N 2 well(wr) = Dolwn)*Inx (wx)
k=—[N/2]
o 2 )
=5 z wi|F(wh) — To(wi) P Inx (wh) + O(r/N)
k=—[N/2]

because the event wj, # wy occurs at most n times and because
|17 we) = Fo(we)l = D) ~ ol
< |(P(n) = Folwn)) = (P(wh) - Fo(wk»l
= |(P@r) = T@h) + (Fo(wh) = Fo(wi))]

<P (wk) = D@l + 1 Fo(wr) — To(wh)|
= O(1/N)
where the last equality follows from the regularity assumption (which im-

plies that the filters are differentiable uniformly in ). Equivalently, assuming
Ii() € C} uniformly implies

oy /2 )
N 2 well(wr) = Tgwn)*Inx (wr)
k=—[N/2]
oy N2 )
=N Z{j/ ]Wklf(wfc) = [g(wi)l*Inx (wy) + O(n/N)
k=—[N/2

Therefore
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or 1N/ )
N Z wi| Mwi) — Towi)*Inx (wk)
k=—[N/2]
-7 A
== > wll(wi) — To(wp)PInx (wh) + O(n/N)
k=—[N/2]
Ve )
> > wilM(wh) — T (wi) P Inx (wh) + O(n/N)
k=—[N/2]
or N/ )
=5 Z wi|D(wi) — Ty(wr)PInx (wk) + O(n/N)
k=—[N/2]
e )
> > will(wk) — To(we)|* I x (k) + O(n/N)
k=—[N/2]

where the inequalities are direct consequences of the definition of fo(-) and
I(-). This completes the proof of the proposition. 0O

Both solutions are (almost) identical under regularity assumptions. The
filter I'j(:) is preferred because poles are ‘tracked’ in (6.15). Therefore, unsta-
ble designs are avoided.

An alternative to definition 6.14 is

(Wi = we)Inx (Wr+1) + (wWit1 — wi) Inx (wr)

, A D>
Inx(wy) == 2n/N o
NX\k) - (we — wi) Inx (wi-1) + (Wi, — wk—1)Inx (wi) else
2n/N ’

but this would lead to unnecessary additional algorithmic complexity, since
not only the frequencies but also the periodogram would become a function
of the filter coefficients.

The new frequency ordinates wj, are functions of the filter parameters.
This may have incidences on the numerical optimization algorithm. Steepest-
gradient or Newton-Raphson algorithms usually speed up the search. Unfor-
tunately, (6.13) is a discontinuous function of A (the argument of the pole).
Therefore, (6.13) is replaced by a more regular (twice differentiable) function
such as

Wk A¢ lwk —kn/N —€,wi + kn/N + ¢
ol wp+ (A —wp)f(A) A€ Jwg — kn/N - ¢,wi, — kn/N] (6.18)
LA [P A€ Jwg — kr/N,wi + kr/N| :

wi + (A —wi)g(A) A € Jwg + kn/N,wg + kn/N + ¢
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where € is an arbitrarily small real number and f(\), g()) generate ‘smooth’
(twice differentiable) transitions wx — A and A — wy. Therefore, f(-) must
satisfy:

_JOA=wp —kn/N —¢
f(’\)—{l,\=w:—k7r/N

iy JOAN=wr —kn/N —¢
f(’\)—{o,\=w:—k7r/N

where f'(-) is the derivative of f(-) (analogous conditions must hold for g(-)).
An infinitely often differentiable solution is for example given by

f(A) :=exp (1 + m) (6.19)

A kn/N
where r()) := wi + k[N + €

€
g() = T AFRTN €6 1g),

Until yet the variable frequency ordinates wj, ‘track’ a pole Py := |Py|exp(i))
irrespectively of the modulus |Py|. This is not always necessary, especially
if |Py| is ‘significantly’ larger than 1 i.e. if the pole is sufficiently far away
from the unit disk. Hence, the new frequency function wy, say, should become
a function of A if and only if |[Py| < 1+ ¢, where € is some positive real
number. Consequently, w; now becomes a function of the argument as well as
of the modulus |Py|. A straightforward smooth (infinitely often differentiable)
generalization of (6.18) is then given by

. For defining g(A), simply replace r(\) by

Wk |Py| >1+c+ 46
wp =R wi + (W, —we)o(|PAl) 1+e< |Pa|<14e+46 (6.20)

Wy, else

where )
Py|) =exp|{1+
08 = e (1+ )

- ]

and r(|Py]) == l—l—lji‘-l—i.—ij—— The newly defined frequency ordinates wy,

track poles if and only if the latter become ‘nearly unstable’, where the pa-
rameter ¢ defines ‘near instability’. For many practical applications € := 0.1
may be chosen for example. The new optimization criterion is then given by
replacing 2y by 2% := {w{||k| < [N/2]} in (5.19).

In this chapter, finite sample methods were presented for solving the over-
fitting problem. They supplement the asymptotic results obtained in the pre-
ceding chapter. As a complement to the proposed theory, empirical results are
presented in the last two chapters. First, the MBA and the DFA are compared
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for various simulated input processes. Then the performances of both meth-
ods are assessed using empirical time series. In chapter 7 both approaches are
compared with respect to the mean square error criterion. In chapter 8 the
methods are compared with respect to their ability to discover turning points
towards the boundary of a sample.



Part II

Empirical Results



7

Empirical Comparisons : Mean Square
Performance

7.1 General Framework

In the following two chapters model-based estimates (of a signal) are com-
pared to estimates obtained by the DFA. In this chapter, attention is given to
the performance as measured by the revision error variance: the smaller the
variance, the better the method.
Simulated examples and a ‘real-world’ time series are examined. For the for-
mer, the experimental design is set up such that MBA-estimates are also
maximum likelihood estimates. For the ‘real-world’ time series the MBA is
based on TRAMO (release November 1999, see Maravall and Gomez [64])
and Census X-12-ARIMA (release version 0.2.8, see Findley et al. [32]). The
DFA is based on solutions of
o (N/2]
min F Z IAF(wk)|2INX (wk) (7.1)
I
k=—[N/2]

(for stationary input signals, see (5.19)) or on solutions of

op A
min - D AR Py (wk) (7.2)
Fe % p="iny2)

(for integrated input processes, see (5.36)), where I'c is a constrained filter (a
complete description is given below).

For notational convenience and to save space the analysis is restricted to
boundary signal estimates only, i.e. 7 = 0 in (3.6). For r = 0 the estimation
problem is most difficult since the approximating filters are completely asym-
metric.

The methods are compared with respect to true revision error variances (for
the simulated series) and with respect to estimated revision error variances
(for both the simulated series and the ‘real-world’ time series). The following
revision error variance estimates are used.
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e For both approaches:
— sample estimates:

L N )
N oM PN Ak (7.3)
t=M+1

where Y} is the output of the asymmetric filter (which is based on
Xi1,..., X, ie. » =0) and YtN is the output of an ‘almost’ symmetric
filter (which is based on the whole sample X1, ..., Xn). If M is suffi-
ciently large, then Y}V is a ‘good’ estimate of the unknown signal Y;
fort =M +1,...,N — M: a precise statement is given below.

— ‘frequency estimates’ as given by the expressions (7.1) or (7.2). Note
that frequency estimates can be computed for the MBA too, since
ATI(+) can be computed from knowledge of AR- and MA-parameters
of the model.

e For the MBA only:

— the expression

2

-1 o]
o* 3 D bimes (7.4)
7=0

k=—c0

see (2.26). In the latter case, infinite sums are always ‘conveniently’
truncated and unknown true parameters (o2 and b;) are replaced by
estimates (7 are known since they correspond to the symmetric ex-
traction filter).

Seasonally adjusted time series (defined by the canonical decomposition of
the airline-model, see section 2.3.2) and trends define the signals. The trend
of the canonical decomposition is used. However, since this signal is based on
a particular model-based approach (implemented in TRAMO/SEATS), the
corresponding estimation routine is possibly favored (when compared to X-
12-ARIMA for example). Therefore, another trend signal is considered here
which does not ‘favor’ a particular approach. The transfer function of the
symmetric filter is defined by

1 0< |w| < 7/9
IMw) = H 7/9 < |w| < 7)7 (7.5)
0 7/T<|wl <7

whose Fourier coefficients are
—7‘_(71_/71‘__ — [cos(kw/?)k—zcos(kw/Q)] k£0
Vi = 1 (1 1) (7.6)
- =+ = else

2\7 9
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This trend filter does neither ‘favor’ a particular MBA nor the DFA. It does
not affect components with frequencies smaller than 7/9 and eliminates com-
pletely components corresponding to frequencies greater than 7/7 (for exam-
ple seasonal components of a monthly time series). If ‘smooth’ signals are of
interest, the above filter may be considered as ‘ideal’ since its output is not
affected by ‘high frequency’ components. It can be verified (numerically) that

30 oo
SR> AR > 0997 (7.7)
k=1

k=1

which shows that a truncated filter (of length 2 x 30 + 1 = 61) is very close
to the ‘ideal’ filter (which is of infinite length). In the following, the finite
approximation is normalized:

30
T,= Y WXk (7.8)
k=-30

where vy, = Y&/ 220:_30 vx are the (normalized) Fourier coefficients of the
transfer function

30

I'w):= Z V. exp(—ikw) (7.9)
k=—30

Although the truncated filter does not eliminate all high frequency compo-
nents, the damping is so strong the attribute ‘ideal’ is still justified. Note
that T3 can be computed for finite samples (whose length exceed 60) and that
the corresponding transfer function belongs to C3°. Therefore, the regularity
assumptions required by the theoretical results presented in the last chapters
are satisfied. Moreover, one can set M := 30 in (7.3).

For the DFA, parsimonious QMP-ZPC-filter designs are used (recall section
3.3). The exact parameterization of the filters is described in the correspond-
ing sections.

In section 7.2, different simulation experiments are analyzed. They confirm
theoretical results obtained in preceding chapters and illustrate various issues
related to overfitting and misspecification of integration orders. Results for a
‘real-world’ series are presented in section 7.3.

7.2 A Simulation Study

Airline-models are very often selected by TRAMO (and often by X-12-
ARIMA) for modelling ‘real-world’ time series. Since these procedures are
widely used for ‘extracting’ (estimating) signals, a corresponding simulation
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experiment is proposed in the first section. However, [(2)-processes (assumed
by the airline-model) are not always ‘well-suited’ for modelling economic time
series (as shown below, I(2)-processes assume ‘strong’ trends which are un-
likely to be observed in practice). Therefore, other models (assuming I(1)-
and I(0)-processes) are analyzed also in the following sections. The various
experiments are designed in such a way that the MBA provides maximum
likelihood estimates of the signal. The results indicate that the DFA performs
as well as the maximum likelihood method if all the unit-roots are correctly
accounted for by the constraints (5.22). Otherwise, misspecification is quanti-
fied empirically. Particular forms of misspecification reveal the ‘robustness’ of
the proposed DFA. In this section, the ‘test-signal’ T} is given by (7.8) which
does not favor a particular approach.

7.2.1 Airline-Model

The present simulation experiment is based on the following ‘design’:

e Generate 100 replications of length N = 1234 of the process
(1-B)(1 - B%)X; = (1-0.6B)(1-0.5B)e; (7.10)

with standard normal distributed error terms. The process is ‘initialized’
by setting Xy = .. = X_15 = 0. The first 1000 sample values are dis-
carded. The remaining sample Xigo1, ..., X1234 is used for the simulation
experiment, which is denoted by X3, ..., X234. The data are generated using
RATS (Regression Analysis of Time Series), version 5.1.

e Compute the boundary filters (for more details see below) of the MBA
and the DFA using a subsample of length N = 180 (15 years) and collect
‘in sample’ results for ¢ = 112,...,180 (the first 111 values are retained for
avoiding initialization problems of the filters of the MBA and the DFA:
this is probably excessively large but it ensures that initialization problems
are not confounded with estimation issues). Compute out of sample per-
formances for ¢t = 181, ..., 204. The remaining values for t = 205, ..., 234 are
used for implementing the symmetric (truncated) extraction filter (7.8).

o Compute the revision error variance estimates (sample variances, fre-
quency estimates and model based estimates, see the preceding section)
and compare their average value (over the 100 realizations) ‘in-’ and ‘out
of sample’ with the known true revision error variance.

The boundary filters are computed as follows. For the MBA, the parameters
of the model are estimated using the frue model (no model identification) by
unconditional maximum likelihood. This can be achieved by transforming the
model into a state space form (using the procedure DLM -Dynamic Linear
Models- of RATS for example) and initializing the Kalman-filter recursions by
the first two unconditional moments (of the differenced stationary process).
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Therefore, the resulting filter outputs Y, of the MBA are maximum likeli-
hood estimates. This is because estimated model parameters are maximum
likelihood estimates and because the maximum likelihood estimate of a (well
behaved) function of the parameters (such as the signal estimate) is simply
the value of this function obtained for the maximum likelihood parameter es-
timate i.e. f(far) is the maximum likelihood estimate of f(6).

For the DFA, three different filter designs are proposed. Two of them corre-
spond to particular misspecifications of the integration order.

The first estimate (estimate I) is the output of the solution of (7.1). By
purpose, it is erronecusly assumed that X, is a stationary input signal
(misspecification of order two of the true integration order).

Estimate II is the output of the solution of (7.2). More precisely, it is
assumed that

X, =(1-B¥X, (7.11)

(which implies first order conditions I'(j7/6) = I'(jn/6),j = 0,...,6 in
(5.22)). This is misspecified too.
Estimate III is the output of the solution of (7.2) where it is assumed that

X =(1-B)(1-B%¥X,

Therefore a second order condition at frequency zero (as proposed in
(5.34)) together with first order conditions I'(j#/6) = I'(j7/6),5 = 1,...,6
in (5.22) are considered for this correctly specified design.

The corresponding filters are parameterized as follows:

For estimate I, seven zero-pole-pairs (plus complex conjugate pairs) are
used, which amounts to 7 x 3 + 1 = 22 parameters. Six zero-pole pairs
can account for the six seasonal spectral peaks (six peaks for monthly
data) and the remaining zero-pole pair can adapt for the spectral mass at
frequency zero.

For estimate II, seven zero-pole pairs are used also (plus complex conju-
gate pairs) but 13 degrees of freedom are lost because of the constraints
I'(jn/6) = I'(jw/6) for j = 0,...,6 implied by (5.22). Specifically, it is
assumed that I'(0) = I'(0) = 1 and that I'(jn/6) = 0 for j = 1,...,6
(note that the latter condition is satisfied exactly by (7.5) but it is sat-
isfied only approximately by (7.9): in the following this is neglected be-
cause the damping of (7.9) is very strong). The latter constraints require
Z; = exp(—ijn/6), j = 1,...,6, which determines the argument and the
modulus of the corresponding zeroes. The first condition corresponds to a
normalization so that only one degree of freedom is lost.

For estimate III, seven zero-pole pairs are used but 14 degrees of freedom
are lost (12 for the seasonal unit-roots and two for the order two constraint
at frequency zero implied by (5.22)).
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For the DFA, all filter designs are more or less heavily overparameterized : the
experiments reveal the effect of this overparameterization on the estimates as
measured ‘out of sample’. In fact, the true structure (assuming two degrees
of freedom only) is not assumed to be known exactly here. Therefore, a flexi-
ble filter design is required which is able to handle potentially more complex
tasks. If the more general (overparameterized) filters perform well, then good
results are to be expected for ‘non-artificial’ data too.

Table 7.1 summarizes the performances of the various approaches (the
values in parentheses are empirical standard errors). The top-left o = 0.132

DFA I (unadjusted)
DFA 1 (adjusted)

6.732
0.288

0.457) |7.062(0.464) |6.160(0.800)|35.59 (4.42)
0.0163)|0.274(0.0188)|0.259(0.045)(0.099 (0.0158)

Table 7.1.
7 _ W) =7 =7

o =0.132 Ois Oo5s Tep o2 — &2
MBA 0.136(0.0043)|0.126(0.0078)[0.121(0.012)(0.026(0.0022)
DFA 111 0.132(0.0042)|0.129(0.0072)10.118(0.012)|0.025 (0.0021)
DFA II (unadjusted)|0.182(0.0053)|0.172(0.010) [0.163(0.018)(0.045 (0.0051)
DFA II (adjusted) |0.161(0.005) [0.157(0.003) |0.145(0.011){0.041 (0.0023)

(

(

in this table indicates the theoretical revision error variance (obtained by the
optimal filter based on the true DGP). The columns ‘62,’ and ‘62, are sample
revision error variances (7.3) ‘in’ and ’out of sample’. The column ‘62, is the
mean of (f’lgo — Yi50)? over the 100 replications (it is thus an estimate of the
revision error at the ‘end point’ ¢ = 180). The column ‘|c2 — 62|’ is defined as

follows

e for the MBA and the DFA III the values correspond to the mean (over
the 100 replications) of the absolute differences between the theoretical
revision error variance (0.132) and the estimates (7.2) (for the DFA III) and
(7.4) (for the MBA). For the DFA III the resulting error term corresponds
to Ry in theorem 5.3 or, more precisely, to Ry in corollary 5.4 (the error
term after minimization).

e for the misspecified DFA II and DFA I the values in the last column cor-
respond to the mean (over the 100 replications) of the absolute differences
between the sample revision error variances (7.3) and the ‘frequency esti-
mates’ (7.1) (for the DFA I) or (7.2) (for the DFA II). Therefore the error
term corresponds to 7y in proposition 5.2. Measuring deviations of the
frequency estimates (7.1) and (7.2) from o2 = 0.132 would be mislead-
ing here, because the filter designs are misspecified, i.e. the corresponding
(unknown) true revision error variances are larger than 0.132.
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Remarks

e The estimation at the end point has been considered in a separate (third)
column because the end point is a particular ‘in sample’ observation: pa-
rameter estimates (of the model) and periodograms cannot account for
‘future’ observations at the end point. Therefore, this situation reflects
more precisely what happens in practice (when estimating a signal for the
end point ¢t = N). As can be seen, the results are not significantly different
from ‘in sample’ results. Evidently, the variance of the estimate is larger
because only one observation is available for each replication.

e A confirmation of the efficiency (or not) of the DFA can be obtained from
the last column. The DFA aims at the minimization of an estimate of
the revision error variance. The performance of the DFA thus depends on
the performance of this estimate. The fourth column reports the latter
performance.

The results obtained in table 7.1 are now briefly commented. None of the
above differences between the MBA and the DFA (estimate III) are signifi-
cant at a standard 5% level. Out of sample results are stable: they are even
slightly (although not significantly) better than ‘in sample’ results. The last
column for estimate III shows that the ‘frequency estimate’ of the revision
error variance is efficient (at least as efficient as the maximum likelihood esti-
mate of the MBA), as was shown in section 5.5. Therefore, the DFA (estimate
IIT) makes sense since it minimizes an efficient estimate of the revision error
variance. Note that both methods significantly outperform the ‘misspecified’
DFA designs (at a 5% level).

Both DFA II (adjusted and unadjusted) perform significantly worse than
the preceding two approaches. The loss in accuracy or equivalently the in-
crease of the revision error variance (estimates) is approximately 20% . This
increase is mainly due to a non-vanishing time delay at frequency zero (which
is about 0.06 time units in the mean over all realizations). The DFA II ad-
justed performs slightly better than the DFA II unadjusted. The periodogram
of the former is based on the series

i = e (a7 - ) - (5 + ) )

see (4.45) (adjustment of order two).

DFA I involves 22 parameters which may lead to problems for the numer-
ical optimization algorithm. In fact, results for DFA I are not always reliable
in the sense that the performance of the numerical optimization used for the
above experiments depends on initial values: depending on which values are
used, the optimization may ‘stop’ at different local minima. Alternative algo-
rithms searching for the global minimum could be used instead (for example
‘genetic’ search) but they would be much more time consuming. In order to
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focus on the statistical problem (rather than numerical issues) the numerical
optimization algorithm for DFA I is initialized by solutions obtained for DFA
IT or DFA III (this method is used for all simulation experiments). The latter
are ‘reliable’ in the sense that corresponding solutions do not appear to de-
pend on particular initial values.

The last two rows of table 7.1 show results for the DFA I which is based on
the periodogram of the ‘untransformed’ X; (estimate I unadjusted) and on
the periodogram of

t (e N-1_— I L\ —
X} =X, - = (Fa¥ - ARAY) - (5 + - ) (@adY
¢ t~ 13 AY 57— A1 YR (A124Y)
see (4.45) (estimate I adjusted). The unadjusted periodogram is subject to a
‘misspecification’ of integration order two which explains the poorer perfor-
mances of estimate I (recall the bias problem analyzed in section 4.3.2). The
periodogram of the adjusted series satisfies

Iy 1% (wk)
N+1X (wk) |1 —exp(—iwk)|4 if wy, 75_]71'/6 y J=0,..,6 (7 )

where X is the differenced stationary process, see (4.44) (note that

N+1
In+1x(0) = 0 has been replaced by 2—+X 2, see the corresponding remark

on p.90). The filter estimates of the ‘adjugted’ series perform significantly bet-
ter because Iny1x»(wg) is approximately an unbiased estimate of the pseudo
spectral density of the process X; (for wy # jn/6, j = 0,...,6). Comparing
(5.37) and (7.12) shows that estimate III corresponds to a constrained esti-
mate I (adjusted case). The former is less heavily overparameterized and it
accounts exactly for all unit-roots (i.e. the conditions (5.22) are satisfied).
Therefore, the difference between the performances of both methods (about
50% decrease of the revision error variance) is roughly what can be gained
here by imposing (5.22). Note that this result depends on the experimental de-
sign: in particular the initialization length 1000 is important here because the
realizations of the 1(2)-process are already strongly ‘trending’, see for exam-
ple figure 7.2 below. For shorter initialization lengths the differences between
DFA I, DFA 1I and DFA III become less pronounced.

Consider the following realizations of the airline model (7.10) as shown in
figures 7.1 and 7.2. For both realizations initial values were set to zero i.e.
X-m=..=X_p—11=0. The first one assumes M = 0 (fig.7.1) and for the
second one the initialization length is M = 1000 (fig. 7.2). Evidently, the shape
(‘mean slope’) of the realizations heavily depends on M : this effect is due to
the integration order two of the process. The length M = 1000 corresponds
to an effective duration of 1000 months which is approximately 80 years. If
models with a double unit-root (at frequency zero) were a good approxima-
tion of the DGP of economic time series (as suggested by software packages
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2 S
150 1758 200

Fig. 7.1. Initialization with M =0

T T
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Fig. 7.2. Initialization with M = 1000

like TRAMO or X-12-ARIMA) then many economic time series should ‘look’
similarly to the realization in fig.7.2. However, this seems not to be the case.
Note also that a ‘preliminary’ signal extraction for the second graph could be
done fairly easily by fitting a straight line: in fact, ‘turning-points’ become
very rare as the initialization length M increases.

Recall that the second order condition at frequency zero is ¢(0) = 0 (the first
order being A(0) = A(0) = 1). It has been shown in theorem 5.5 that this
is not only a sufficient but also a necessary condition. The reason is that the
slope i.e. the first differences of an I(2)-process (with a double unit-root at
frequency zero) grows unboundedly in absolute value. However, this ‘strong’
trending behavior cannot often be observed for ‘real-world’ time series. There-
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fore, the condition qAS(O) = 0 is generally unnecessarily restrictive. Does this
condition impair the fit? It has been shown that phase (time delay) and am-
plitude functions of minimum phase filters are related. Recall in particular
expression (5.40) which has revealed that ‘amplitude fitting’ and ‘phase fit-
ting’ are antagonistic in the optimum: improving either one is possible only at
the expense of the other one and it results in a larger revision error variance.
Therefore, it is to be expected that airline models induce asymmetric filters
satisfying o condition which is unnecessarily restrictive (at least for many
‘real-world’ time series) and which generally impairs the fit.

Therefore, a non-stationary process with integration order one and a sta-
tionary process are analyzed in the following subsections. The effect of unnec-
essarily imposing a second order constraint (vanishing time shift at frequency
zero) is quantified empirically. In particular, the first section analyzes a ‘quasi-
airline model’ for which one of the two unit-roots at frequency zero is replaced
by the stationary root 1 — 0.95B.

7.2.2 ‘Quasi’-Airline Model

The general experimental ‘design’ remains unchanged except for the model
which is now

(1-0.95B)(1 — B'?)X; = (1 - 0.6B)(1 — 0.5B)¢; (7.13)

i.e. the unit-root 1 — B is replaced by a stationary root 1 — 0.95B. Param-
eters are estimated using the true model, so that three parameters must be
estimated: the AR(1)- and the two MA-parameters (estimating airline-models
would often result in non-invertible MA-terms generating forecasting difficul-
ties). The results obtained for 100 replications are summarized in table 7.2.
The various approaches DFA I to DFA III (adjusted or unadjusted) are de-

Table 7.2.
0% = 0.120 52, 626 Gep o a—
agc —a
MBA 0.123(0.0036)]0.126(0.0075)|0.128(0.012)|0.0253(0.0015)

) ( )
DFA 111 0.128(0.0043)[0.132(0.0085)(0.135(0.015)[0.0264 (0.0021)
DFA II (unadjusted)|0.125(0.0037){0.128(0.0051)[0.123(0.015)[0.0242 (0.0017)
DFA II (adjusted)  [0.128(0.0041){0.128(0.0078)[0.125(0.017)[0.0252 (0.0022)
DFA I (unadjusted) [0.564(0.0463)[0.561(0.0505)[0.644(0.092)[0.358 (0.043)

) ( (

DFA I (adjusted) 0.171{0.0067)|0.166(0.01) |0.172(0.018)|0.074 (0.005)

fined in the previous section. Their relative performances illustrate the effects
of various filter designs (accounting for particular unit-roots) on the revision
error variance. The top-left 02 = 0.120 is the theoretical revision error vari-
ance (for the asymmetric filter based on the true DGP). For model (7.13) the
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DFA 1I (unadjusted) is correctly specified whereas DFA II (adjusted), DFA
III (integration order two) and DFA I (stationary case) are ‘misspecified’.
None of the differences between the MBA and the DFA II are significant (at
‘reasonable’ significance levels). Comparing DFA II (unadjusted) and MBA
for the last column of the above table shows that the frequency estimate (7.2)
is an efficient estimate of the theoretical revision error variance (which again
justifies the DFA).

The adjustment of order two for the DFA II (adjusted) is too strong since the
integration order of the process is one only. The ‘overadjustment’ effect has
been analyzed in section 4.3.2. Figure 7.3 shows a particular realization of the
process (7.13) (dotted line, initialization length=1000) and its adjustment

Xy = %, -+ (a3 - X 2agay) - (L D @mar)

(solid line), see (4.45). As can be seen by comparing the periodograms in fig.7.4
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Fig. 7.3. Original (dotted) and adjusted (solid) series

the adjustment (of order two) induces spurious spectral power towards the low
frequencies. Therefore, the low frequency content of the signal is overestimated
and the time shift (delay) of the corresponding ‘optimal’ asymmetric filter (at
frequency zero) is unnecessarily reduced. The DFA III (unnecessarily) con-
strains the time shift (delay) of the resulting filter to vanish at frequency
Zero.

Figures 7.5 and 7.6 compare amplitude and time shift functions of DFA II un-
adjusted (short marks), DFA II adjusted (long marks) and of DFA III (solid
line) for a particular realization. The time shift of the (optimal) DFA II un-
adjusted is largest at frequency zero (about 2.8 time units) and the time shift
of DFA II is larger than that of DFA III towards the low frequencies. Also, an
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Fig. 7.5. Amplitude functions DFA II’s and DFA III

examination of the amplitude function of DFA II reveals that the correspond-
ing filter removes more power at seasonal frequencies (wider troughs). Despite
these differences, the results in table 7.2 suggest that the described approaches
perform quite similarly. This is because the stationary root is close to the unit-
root. However, it is interesting to note in this example the impact of ‘small’
differences of a particular model parameter on the relative performances of
the various filter designs (when compared to the preceding airline-model).
The last two rows show the performance of the DFA I estimates. DFA I un-
adjusted performs poorly because the stationary AR-root 1 — 0.95B is close
to a unit-root. Therefore, the process is ‘almost’ I(2) which implies that the
periodogram of the unadjusted series is strongly biased, see section 4.3.2. DFA
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Fig. 7.6. Time shifts DFA II's and DFA III

I adjusted underestimates the spectral power at frequency zero (no unit-root
is imposed at frequency zero). The loss in performance is about 30% (increase
of revision error variance).

In the last two simulation experiments, the performances of the various
filter designs are analyzed for particular stationary input signals. A quantifi-
cation of the overadjustment effect and of the unnecessarily severe first and
second order conditions (5.22) is provided for the particular examples chosen
there.

7.2.3 Stationary Input Signals

The experimental design is still the same as in the preceding two sections
except for the chosen input signals. The first stationary signal is generated by

(1-09BH)X, =¢ (7.14)

Parameters are estimated using the true model. The results obtained for 100
replications are summarized in the following table 7.3. MBA, DFA I (unad-
justed) and DFA II (unadjusted) perform best. DFA III is significantly worse
(at 5% ) and the performances of DFA I (adjusted) and DFA II (adjusted)
are in between. Imposing a second order constraint (vanishing time shift at
frequency zero) results in a 25% increase of the revision error variance when
compared to the best methods. Similarly, a second order adjustment as in
DFA 1I ‘adjusted’ results in a 20% increase of the revision error variance.
Obviously, the adjustment of order two is too strong, since the process is sta-
tionary. Figure 7.7 shows a particular realization of the process (7.14) (dotted
line, initialization length=1000) and the adjusted series
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Table 7.3.
0’2 = 0.0423 &fs &ﬁs &ép 0_2—_-55
MBA 0.040(0.0020)|0.046(0.0035)|0.043(0.0049)[0.0115 (0.0010)
DFA III 0.054(0.0022)[0.053(0.0042)[0.061(0.0071)[0.0126 (0.0011)
DFA II (unadjusted}}0.043(0.0017){0.044(0.0031)|0.040(0.0051}{0.0111 (0.0010)
DFA II (adjusted) 0.051(0.0021){0.047(0.0033)[0.049(0.0064)(0.0118 (0.0010)
DFA I (unadjusted) }0.041(0.0016)]0.041(0.0029)|0.047(0.0051)|0.0108 (0.0010)
DFA I (adjusted)  [0.047(0.0018)[0.046(0.0032)[0.046(0.0057)[0.0118 (0.0013)

E) - (5

(> [ (—
Xil = Xt - E (Alzy - + 5) (AleY)

(solid line), see (4.45). As can be seen by comparing the periodograms in
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Fig. 7.7. Original (dotted) and adjusted (solid) series

fig.7.8 the adjustment (of order two) induces spurious spectral power at the
lowest frequency wy (Inx»(w1) ~ 14 and Inx(wi) ~ 0.5 ). Therefore, the low
frequency content of the signal is overestimated and the time shift (delay) of
the optimized filter at frequency zero is unnecessarily small. A comparison of
the values in the last column of table 7.3 shows that ‘frequency estimates’ (as
given by (7.1) and (7.2)) of all approaches except DFA III are ‘almost’ effi-
cient (since their performances are comparable to the model-based maximum
likelihood estimate).

The last experiment is based on the AR(1)-process
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Fig. 7.8. Periodogram : adjusted (solid) and unadjusted (dotted)

Parameters are estimated using the true model, as in preceding sections. The
results obtained over 100 replications are summarized in table 7.4.
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Table 7.4.
o =0.182 57, 2, ip =73
agc —a

MBA 0.181(0.0088)|0.188(0.0154)[0.176(0.0226)|0.0677 (0.0050

( ) ) )
DFA III 0.243(0.0099)(0.257(0.0184)[0.234(0.0340)[0.0573 (0.0055)
DFA II (unadjusted)|0.218(0.0099)|0.230(0.0167){0.253(0.0312)|0.0566 (0.0052)
DFA I (unadjusted) 0.179(0.0090)|0.195(0.0149)[0.208(0.0301)[0.0548 (0.0050)

The loss in performance of the ‘misspecified’ DFA III and DFA 1II is ap-
proximately 35% and 25% when compared to the optimal MBA and DFA 1. It
can be seen from figs.7.9 (original and adjusted series) and 7.10 (periodograms

75
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Fig. 7.9. Original (dotted) and adjusted (solid) series

of adjusted and unadjusted series) that the adjustment of order two unneces-
sarily induces variance or equivalently spurious spectral power (at the lowest
frequency w,) for a particular realization of (7.15). Similarly, it is shown in
figs.7.11 and 7.12 that an (unnecessary) adjustment of order one also induces
spurious spectral power for the same realization. Both results indicate that
differencing is unnecessary (at least for solving the signal extraction problem
for the given realization).

The results obtained so far are summarized in the last section.

7.2.4 Conclusions

o If the unit-roots are correctly accounted for by the conditions (5.22), then
the DFA performs as well as the maximum likelihood estimate (given by
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Fig. 7.11. Original (dotted) and adjusted (solid) series

the MBA). The reason for the efficiency of the DFA can be seen from
the last columns of the above tables: the ‘frequency estimates’ (7.1) and
(7.2) are efficient estimates of the revision error variance (see section 5.5).
Therefore, if the numerical optimization algorithm converges to the global
minimum of (7.1) or (7.2), then the DFA performs well.

Despite a more or less pronounced overparameterization, the DFA also per-
forms well ‘out of sample’. Therefore, overfitting seems to be ‘under con-
trol’ for the above examples. A possible explanation for this phenomenon
has been given on p.152. As a result, DFA II or DFA III designs (involving
9 and 8 parameters respectively) can often be used for ‘real-world’ series
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Fig. 7.12. Original (dotted) and adjusted (solid) series

too. The MC-criterion (6.5) can be used for inferring the better filter de-
sign: DFA 1 is generally rejected because it involves too many parameters.
‘Misspecified’ filter designs generally perform significantly worse than the
maximum likelihood estimate. Misspecification of integration order one
means that one or several (but different) unit-roots are ignored in the con-
ditional optimization (7.2). In that case, the loss in accuracy generally is
somewhere between 20% and 40% (of the revision error variance) for the
above examples. An exception is seen in table 7.2 where DFA I ‘unad-
justed’ performs very poorly. For that example the ‘quasi’ airline model
has a unit-root (1 — B) and a stationary root (1 —0.95B) very close to the
unit circle.

For a misspecification of integration order two the results depend on

whether a double unit-root, i.e. a second order constraint is ignored for

an I(2) input process or whether a second order constraint is unnecessar-
ily imposed (for example for an I(0) input process):

— In the former case, table 7.1 shows that DFA I ‘unadjusted’ performs
markedly worse than the other methods.

— In the latter case, tables 7.3 and 7.4 show that the loss of performance
of DFA III is somewhere between 30% and 40% (additional empirical
evidences are given in tables 7.5, 7.6, 7.7 and 7.8 below).

In cases of doubt (such as contradicting unit-root test results for example),

one may deduce from the preceding remark that it might be preferable

to account for an eventual unit-root than to ignore it. However, for finite
samples the magnitude of the revision error variance depends on the length

N of the sample and on the length M of the initialization phase of the

process (where it is assumed that X_js = 0 and X is the first observable

process value). As seen in the first example (airline model) the ‘slope’ of a
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particular realization grows unboundedly in absolute value as M increases.
However, if M is small, then the second order condition ¢(0) = 0 is often
not stringent because the ‘slope’ is ‘small’ too. Therefore, ignoring unit-
roots may be ‘beneficial’ for particular I(2) processes depending on N and
M.

Unit-root tests may give valuable information for imposing (or not) re-
strictions (5.22) for the DFA. However, conflicting evidences of different
tests are often confusing for ‘real-world’ time series, see for example section
7.3.1. It may then be preferable to base a decision on adjusted series (and
their periodograms), on the MC-criterion proposed in section 6.2 or on
the test statistics (5.86) or (5.91) since these instruments are specifically
designed for the DFA and the underlying signal estimation problem (see
section 7.3 below for a detailed example). The reason is that model-based
instruments rely on one-step ahead forecasts (for determining the DGP)
whereas the proposed instruments for the DFA implicitly rely on one- and
on multi-step ahead forecasts in the form required by the signal estimation
problem.

The airline-model may be misspecified for time series which are not
strongly ‘trending’ (in the sense that their first differences are bounded
for example). For such series the second order constraint ¢(0) = 0 (van-
ishing time shift at frequency zero) is unnecessarily severe and may impair
the fit of the corresponding filter output as shown in tables 7.3 and 7.4.
In the next section 7.3, this statement is confirmed for a ‘real-world’ time
series (for which different unit-root tests do not unambiguously reject the
I(2)-hypothesis).

Ignoring unit-roots (for artificially generated data) generally results in
unbounded revision error variances of the resulting filter outputs for in-
creasing sample sizes. However, the DFA is inherently ‘robust’ against
misspecification of order one (of the integration order). As an example,
consider DFA I (adjusted or unadjusted) which is optimal for stationary
input signals. The proposed periodogram estimate satisfies

N —2

for wy = 0. For an I(1)-process x? grows linearly in N. Therefore, Inx (0)
grows quadratically in N if X; is an I(1)-process. As a consequence, first
order constraints are satisfied for DFA I asymptotically (otherwise, if
|I°(0) — I'(0)]> > § > 0 asymptotically, then the expression (7.1) would
grow unboundedly as N increases which would be a contradiction since
the expression is minimized). It follows that DFA I is inherently ‘robust’
against I(1)-alternatives (the case of DFA II is analyzed in the remark be-
low; robustness of DFA II against an I(2)-alternative can be seen from table
7.1). Unfortunately, second order constraints are generally not achieved for
DFA I (adjusted or unadjusted) even asymptotically because the time shift
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is not explicitly involved in (7.1). This explains why misspecification of or-
der two (of the integration order) may lead to poor estimates (as can be
seen for DFA I in table 7.1).

e It is seen from the above tables that DFA II ‘unadjusted’ is particularly
robust and performs well for a large class of input processes including
I(0), I(1) and I(2) processes with or without stationary or non stationary
seasonality. The good performance of DFA II for the I(2) process (airline
model) can be explained as follows: consider the expression (5.21) for wp =
0 which here becomes

dsALW)
(1 — exp(—il2w))
~4(0)

12

AI(0) =

w=0

-

see for example (5.31) for the last equality and use A(0) = 1, $(0) = 0.
Thus, the expression

2

40 Iy2(0)

12

2
-2
X

2 = 2m
FlAF(O)FIN)?(O) =N

$(0)

12

appears in (7.2) (? is the arithmetic mean of the I(1) process X; :=
Xt — X¢—12). Therefore, DFA II (adjusted or unadjusted) takes the time
shift at frequency zero explicitly into account. Note that ¢(0) must vanish

asymptotically for DFA II, because X grows unboundedly as NV increases
(therefore the minimization in (7.2) implies that 2%|AI'(0)|I %(0) must
remain bounded which requires $(0) — 0 as N — o0). A similar analysis
would reveal that the time shift of DFA II (adjusted) must vanish too
asymptotically.

This concludes the analysis for simulated time series. In the next section,
comparisons based on an empirical time series are presented.

7.3 ‘Real-World’ Time Series

The (monthly) ‘UK’ time series (car sales from January 1985 to February 1997,
N = 146) is shown in figure 7.13. This particular sample is chosen because
the series is dominated by a strong seasonal component so that efficient filters
are needed for estimating a trend or the seasonally adjusted signal. Another
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Fig. 7.13. UK-Series

reason is that the series is delivered with DEMETRA, the official seasonal ad-
justment ‘package’ of EUROSTAT (DEMETRA is a graphical interface giving
access to TRAMO/SEATS and Census X-12-ARIMA, see chapter 2). There-
fore, it is to be expected that the MBA as given by TRAMO or X-12-ARIMA
does not perform badly for this time series.

For the DFA, the MC-statistic (6.5) selects a particular filter design,
namely DFA II ‘unadjusted’ (see below for the corresponding realized val-
ues). This design is characterized by increased robustness against unit-root
misspecification (see the simulation results in the previous section) and it is
based on the solution of

[N/2]
.2 =
n}m—ﬂ- E |AT (wi) P Ly 5 (Wi) (7.16)
Fe % Ny

where X; := (1 — B'?)X, and I'c(-) satisfies the first order conditions
I'c(jnw/6) = I'(jm/6),5 =0,...,6 in (5.22). In addition to the DFA II, a DFA
III design is used to allow instructive comparisons. The latter is based on an
expression similar to (7.16) (for which X; is replaced by AX; := (1 — B)X,),
with an additional second order constraint $(0) = 0 at frequency zero (see
p.107). However, the DFA III filter design is rejected by the MC-criterion in
favor of DFA 11, see below.

Seven zero-pole pairs (21 parameters) are used for the DFA : 13 degrees of
freedom are lost for DFA II because of first order constraints at the frequen-
cies kn/6,k = 0,1, ...,6 and one more degree of freedom is lost for DFA III
for the second order constraint at frequency zero. The remaining degrees of
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freedom are sufficient to account for the width of the seasonal spectral peaks
and the shape of the peak at frequency zero. Regularity of DFA-solutions is
achieved by the variable frequency sampling procedure (6.20).

For the MBA, the identification of a ‘well behaved’ model becomes an impor-
tant issue since the DGP is unknown (recall that corresponding issues were
ignored in the simulation experiments since the true model structure was
used for estimation). TRAMO/SEATS and Census X-12-ARIMA propose au-
tomatic selection procedures for choosing the ‘best’ model. The ARIMA mod-
els were identified and estimated by using the option ‘Detailed Analysis’ of
DEMETRA and specifying:

e selection of the best model and maximum likelihood estimation of its pa-
rameters

e 1o intercept (inclusion of an intercept would result in poorer parameter
estimates for the present time series)

¢ test for calendar effects (trading-days, Easter effect)
inclusion of outliers (additive outliers, level shifts and transitory changes)

o test for (log) transformation.

Calendar effects were detected by TRAMO and X-12-ARIMA and the log-
transform was chosen by both procedures. The input series are accordingly the
linearized (adjusted for calendar effects and/or outliers) and log-transformed
series because the models are identified and estimated using the correspond-
ing transformed data sets. The transformed series are shown in figure 7.14 : a

13.0 1

125 ¢

12.0 ¢
115+

1101

105 1

1986 1988 1990 1992 1994 1996
— TRAMO o X-12-ARIMA

Fig. 7.14. Linearized Log-Series (TRAMO : solid, X-12-ARIMA : dotted line)

comparison with figure 7.13 shows that the original series has been adjusted
for a large outlier (‘missing spike’) for August 1995. It can be seen from figure
7.14 that the transformations induced by TRAMO or X-12-ARIMA generate
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time series which are very similar. In the following, these two time series de-
fine the input signals.

In this section particular trend estimation and seasonal adjustments are
analyzed for the linearized series. The following section analyzes the estima-
tion of the trend defined by the filter (7.8). Model-based signals are proposed
in further sections.

7.3.1 Mean-Square Approximation of the ‘Ideal’ Trend

It is assumed that the signal T; is defined by the output of the (truncated)
filter (7.8). This choice does not ‘favor’ a particular estimation method as
could possibly be the case for particular model-based signals. For the series
linearized by TRAMO, the model

(1- B)(1 - B¥)X; = (1 —0.60B)(1 ~ 0.27B12%)¢, (7.17)

was selected and estimated (by TRAMO). For the series linearized by X-12-
ARIMA, the model

(1- B)(1 - B2)(1+0.57B +0.24B*)X; = (1 - 0.35B'%)¢;, (7.18)

was selected and estimated (by X-12-ARIMA). Note that the AR(2) operator
of model (7.18) can be interpreted as a truncated AR(o0o) representation of the
MA-operator (1 —0.60B) of the airline model (7.17). The models selected and
estimated by both procedures ‘pass’ the respective diagnostic tests: Ljung-Box
and Box-Pierce for residuals and squared residuals (see for example W.Enders
[29], p.87 for a description of these test statistics).

Figure 7.15 shows the periodogram of the series linearized by TRAMO.
It is readily seen that the spectral peaks are of various height and width
which justifies the use of individual zero-pole-pairs for each seasonal frequency.
Additional and more formal evidence for choosing individual zero-pole-pairs
is given by the MC-statistics (see (6.5))

[V/2]
2 A
MC(DFA 1I) :=-1§ 3" 1N (wk) ~ Foq(wn)PInx (wi)
k=-[N/2]

tr (VquJE);)
N-Q-q-r
= 4.62 x 10™*
MC(DFA 1I restricted) = 5.02 x 1074

where the zero-pole pairs of the ‘DFA II restricted’ are constrained to be iden-
tical for all seasonal frequencies (3 degrees of freedom left). Clearly, the less
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Fig. 7.15. Periodogram of linearized series

constrained DFA 1I is preferred by MC (similar results are obtained for the
series linearized by X-12-ARIMA).

For the time series linearized by TRAMO the adjusted (dotted line) and
unadjusted (solid line) time series are shown in figure 7.16. The (second order)
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Fig. 7.16. Unadjusted (dotted) and adjusted (solid) series

adjustment is defined by

Xt w7 - 2 ) - (5 4 £ )
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see (4.45). Figure 7.17 shows the periodograms of the unadjusted (dotted)
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Fig. 7.17. Peridograms of unadjusted (dotted) and adjusted (solid) series

and the adjusted series (solid line). The larger spectral peak of the adjusted
series at w; = w/[N/2) = = /73 indicates that the adjustment of order two
induces spurious spectral power at w;. A comparison of the MC-values (see
(6.5)) attained for DFA IIT and DFA IIL:

MC(DFA IIT) = 5.53 x 1074
MC(DFAII) = 462 x 107* (7.19)

shows that the latter is to prefer, i.e. integration order one is preferred to
integration of order two implied by DFA III. Finally, a test based on the
conditions (5.22) leads to the following conclusions:

o The test statistic 77/ defined in (5.91) attains a value of -3.6 which is in-
significant at the 10% significance level (the corresponding quantile of the
Dickey-Fuller distribution is -5.7, see table B.5, case 1 in Hamilton [45],
p.762). Therefore, the hypothesis Hy : “the level restriction 1°(0) = I'(0)
is necessary” cannot be rejected. )

e However, the second order constraint ¢(0) = 0 (time-shift constraint) can
be rejected since the test statistic takes on the value -17.5 which is signif-
icant at the 1% significance level (the corresponding quantile is -13.6).

These findings are in contradiction with the selected model (7.17) since the
integration order two of the airline model would imply a time-shift restriction
#(0) = 0 (similar conflicting evidences are obtained for the series linearized
by X-12-ARIMA). Therefore, additional ‘pure’ unit-root tests are computed
for
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Xt = Xt e Xt—12 (720)

where X, is the series linearized by TRAMO. If Xt. is integrated, then X; is
I(2), otherwise it is I(1). The hypothesis that u; = X: — X;—1 is white noise is
rejected at the 1% significance level. Therefore, an ‘augmented’ Dickey-Fuller
(ADF) unit-root test is used here. The hypotheses are

P
Hy: X, =X,1+ Z AXik +w
k=1

against

P

Hy: Xy =pXp1 + ZAXt—k + ug
k=1
where p is the number of AR-lags. The procedure ‘URADF’ in RATS tries to
determine the best lag length p, using either information criteria (AIC or BIC),
Ljung-Box statistics or Lagrange multiplier tests for serial autocorrelation of
the residuals u;. All criteria choose p = 1 except AIC which chooses p = 3.
For p = 1, the ADF t-statistic is —2.59 which is significant at the 1% level
(the critical value is -2.58, see Hamilton [45], table B.6, case 1). If Hy is tested
against

P
H :Xi=a+pX,, +ZAXt—-k + ug
k=1

then the t-statistic becomes -2.61 which is not significant at the 5% level
(see Hamilton [45], table B.6, case 2). Note however that the estimate for
the constant « is not significantly different from zero (this is not surprising
since « is a drift term for the undifferenced series X; which does not seem to
show evidence of a linear time trend). The F-test for the composite hypothesis
a =0,p =1 is rejected at 5% . If lag-length p = 3 is chosen instead of p = 1,
as suggested by AIC, then the t-statistic becomes -1.57 which is insignificant
even at the 10% level.

A Phillips-Perron test of

Hy: Xy = X1+

against _ _
H Xy =pXs1+uy

where u; is a MA-process is implemented in the procedure ‘UNITROOT’ of
RATS. The corresponding Z,-statistics are between -3.76 (window size 1) and
-3.95 (window size 4). Since the critical 10% value is -5.6 (see Hamilton [45],
table B.5, case 1) Hg cannot be rejected (this result does not change if a
constant is included in the alternative hypothesis).

Note also that the estimated MA-parameters in model (7.17) do not suggest
non-invertibility which favors Hy too.
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Finally, unit-roots can be inferred from the so called variance ratio test, see
for example Lo and MacKinlay [63]. Briefly, the idea of the test consists in
2

computing % where 02 and o? are the variances of the one- and the -

step ahead forecasting errors of a particular process, say X;. If X; is a pure
random-walk, then the variance ratio becomes

E[(Xerk — X1)?]

o (7.21)

where o2 is the variance of the noise process and X; is the optimal forecast
for X;1 for all k > 0. Since the expectations are generally unknown in (7.21),
variances are replaced by sample estimates

(N = 1) SN (Xogr — Xo)?
(N = k)k Y (X1 — Xo)?

(7.22)

The asymptotic distribution of the (sample) variance ratio (7.22) has been
derived for X; a pure random-walk with iid gaussian innovations (an assump-
tion which is too restrictive for the process X; := X; — X;_12 obtained from
the car-sales series above), see for example Lo and MacKinlay [63]. Under
this assumption (7.21) is equal to one and (7.22) is approximately equal to
one (as functions of k) whereas for stationary processes both ratios converge
to zero for increasing k, as N — oo (because E[(X;+x — Xt)?] is bounded).
For general I(1)-processes, the ratios (7.21) and (7.22) converge to a pos-
itive number (> 0) for increasing k. This number reflects the impact of a
shock on future observations of the process (‘persistence’) and depends on the
autocorrelation structure of X; — X;—;. The (sample) variance ratios (7.22)
for the differenced car-sales series X; defined by (7.20) (dotted line) and for
(1- B)X’t (solid line) for k = 1,...,100 are plotted in fig.7.18. It can be seen
from this figure that (1 — B)X; is stationary and that X, ‘seems integrated’
for k < 30 since its variance ratio has stabilized at approximately 0.2. But
for k£ > 30 the statistic converges to zero. Therefore, the impact of a shock in
X, is perceptible over a ‘long’ horizon although it finally seems to decline to
zero which indicates stationarity of the process. This situation is common for
a large set of economic time series and it corresponds to parameter values of
the DGP for which the power of unit-root tests based on one-step ahead fore-
casting performances is very poor. Cochrane [18] analyzes the US-GNP-series:
he argues p.898 “If fluctuations in GNP are partly temporary ... that reversal
is likely to be slow, loosely structured, and not easily captured in a simple
parametric model. The variance of k-differences (variance ratio) can find such
loosely structured reversion whereas many other approaches cannot”.

The variance ratio statistic can be used as an explorative tool (as in figure
7.18) or as a testing device. The advantage of the variance ratio test over
‘traditional’ unit root tests (such as the above ADF and PP procedures) is
that it is based on one- and on multi-step ahead ‘forecasting’ performances
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Fig. 7.18. Variance ratios of X; (dotted) and (1 — B)X; (solid line)

(of a simple random-walk model). The main disadvantage of the test is that
the test result heavily depends on a particular forecasting horizon &, see for
example Maddala [44], p.87. Also, the assumption of a pure random-walk are

not satisfied for X;. Therefore, an explorative approach (fig.7.18) has been
preferred to a (misspecified) test result here.

The contradictory test results based on one-step ahead forecasting perfor-
mances (such as ADF- and PP-tests) reflect the difficulty of the determination
of the integration order for the UK-car-sales series but this is mainly an issue
for the MBA. For the DFA the relevant problem is to determine if a particular
constraint of the type (5.22) is needed for improving the fit of the asymmetric
filter whether unit-roots are present in the DGP or not. For that purpose, the
test statistic #y’ in (5.91), the MC statistic in (7.19) and the spurious spectral
power induced by the second order adjustment in figure 7.17 indicate that
‘integration order two’ may induce an unnecessarily severe restriction for the
filter of the DFA (and subsidiary a possible misspecification of the model for
the MBA). Note that one- and multi-step ahead forecasting performances are
simultaneously accounted for by the proposed methods so that the choice of a
particular forecasting horizon k (as for the variance ratio test) is unnecessary.
The term ‘unit-root’ is still used in the remaining of the chapter but it should
be clear that a corresponding constraint (5.22) of the filter is really meant
here rather than a particular property of the DGP.

The boundary estimates for the MBA (long marks) and the DFA II (short
marks) together with the signal (7.8) (solid line) are shown in figures 7.19
(for the series linearized by TRAMO) and 7.20 (for the series linearized by
X-12-ARIMA). The samples extend from December 1989 to July 1994 : 60
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Fig. 7.19. Boundary estimates and signal (TRAMO-linearized)
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Fig. 7.20. Boundary estimates and signal : (X-12-linearized)

values were retained on the left for avoiding initialization problems and 30
values were retained on the right in order to implement (7.8).

Tables 7.5 and 7.6 compare the following revision error variance estimates:

o the frequency estimates (7.2),
o the sample variances (7.3) and
o the MBA-variances (7.4).

Note that the transfer function of the boundary filter for the MBA can be
explicitly computed, using the relation
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A= Yemi S ik + e VhGe—k § =1, N
i 0 else

see (1.5) (the corresponding expression is a rather cumbersome non-linear
function of the parameters of the model). Therefore, frequency estimates (7.2)
of the revision error variance may be obtained for the MBA (by inserting the
corresponding expression for the transfer function into (7.2), evidently without
performing the minimization). MBA-variances are available for the MBA only
of course.

Table 7.5. Series linearized by TRAMO

Estimation by DFA 11 DFAIIl |TRAMO
Sample Variances [4.61 x 1074[5.91 x 107%{7.64 10~*
Frequency Estimates{4.16 x 1074[5.00 x 107%[7.34 10~*
MBA-Variances — — 6.22 107*

Table 7.6. Series linearized by X-12-ARIMA

Estimation by DFA II |DFA III |X-12-ARIMA
Sample Variances [5.21 107*|6.38 107*{6.95 10~*
Frequency Estimates|4.00 107*(4.29 107*|4.60 10~*
MBA-Variances — — 4.19 104

For both series the DFA provides more accurate estimates with respect to
sample variances (approximately 30% and 60% improvement when comparing
the sample variances of DFA II and MBA for the series linearized by X-12
and TRAMO respectively). Note also that the frequency estimates for the
MBA are closer to the sample variance estimates than the MBA-variances as
expected by the efficiency of the DFA, see section 5.5.

In order to analyze these results in more detail, it is instructive to decompose
the frequency variance estimates (7.2) into an amplitude component (selec-
tivity) and a phase component (time delay) according to

o (NV/2] 5
=D AT Iy (ws)
k=—[N/2]

o ‘”2/2] | AL (wp) 2 )
=T — I 7 iNX\WEk

N M |1 — exp(—i12wy)|

N/2 ~
or & (A@wr) — A(wr))?

v ' Inx(w 7.23
k:g\l/zl Il_exp(*’tl2wk)|2 NX( k) ( )
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or WA 2A4(wy)Awr) :1 — cos (é(wk))]

+= -
b= TN/ |1 — exp(—12wy)]

Iyx(we) (7.24)

The first sum (7.23) corresponds to that part of the revision error variance
which is due to the (less selective) amplitude function of the boundary filter.
The second sum (7.24) corresponds to that part of the revision error variance
which is due to the phase (time shift) of the boundary filter (see (5.40) in
section 5.4).

The results of such a decomposition are shown in tables 7.7 (for the series lin-
earized by TRAMO) and 7.8 (for the series linearized by X-12). The columns

Table 7.7. Series linearized by TRAMO

Estimation method :(DFA II |DFA III |TRAMO
Selectivity variance [2.45 107%(3.81 107%(3.98 10~*
Time delay variance |1.71 1074|1.19 107%|3.36 10~*

Table 7.8. Series linearized by X-12-ARIMA

Estimation method :|DFA II |DFA III |X-12-ARIMA
Selectivity variance (2.29 107%|3.25 107%|2.66 10™*
Time delay variance [1.71 1074(1.04 107%{1.95 10~*

of these two tables sum up to the frequency variance estimates of tables 7.5
and 7.6 (neglecting rounding errors).

For the series linearized by TRAMO (table 7.7), DFA II outperforms the MBA
with respect to both selectivity and time delay properties. DFA III outper-
forms both competitors with respect to time delay ‘fitting’ but it also provides
the worst amplitude ‘fitting’. The effect of the second order constraint of DFA
IIT is best seen by considering the ratio of the selectivity variance to the time
delay variance (in the above tables). This ratio increases from approximately
1.5 (for DFA II) to over 3 for DFA III . Such a ‘disequilibrium’ between both
variance components may be indicative for a ‘misspecification’ (in the sense
of either missing or unnecessary constraint(s)).

Amplitude and time delay functions of the boundary filters of DFA II (solid
line) and of the MBA (dotted line, the amplitude is based on model (7.17)
for the series linearized by TRAMO) are shown in figures 7.21 and 7.22. The
amplitude function of DFA II is closer to the amplitude of the symmetric fil-
ter (7.8) (which is almost equal to (7.5)) than the amplitude function of the
MBA in the neighborhood of the ‘unit-roots’ (more precisely : of the spectral
peaks). Note that the part of the revision error which is due to the phase of
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Fig. 7.21. Amplitude Functions : DFA II (solid) MBA (dotted)
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Fig. 7.22. Time shifts : DFA II (solid) MBA (dotted)

DFA 1II is smaller than that of the MBA because the time delay is smaller for
the low frequencies (except at w = 0, but the time delay ¢(0) is less relevant

provided the second order constraint is not needed which seems to be the case
here).

Why does DFA II markedly outperform the MBA? The revision errors of
DFA II and of the MBA are shown in figure 7.23 and the periodograms of
these revision errors are shown in figure 7.24. The gain in performance of DFA
II is achieved mainly towards the low frequencies which again confirms the
choice of a first order constraint I'(0) = I"(0) ‘only’ at frequency zero (similar
conclusions hold for the series linearized by X-12-ARIMA). All these results
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Fig. 7.24. Periodograms revision errors DFA II (solid) and MBA (dotted)

show that the I(2)-hypothesis is questionable (i.e. the integration order of the
DGP seems to be less than two).

The estimated filter parameters of DFA II are listed in the following table
7.9 (note that the arguments of the zeroes and the poles are identical because
of the ZPC-design). The normalizing constant is C := m, resulting from
the first order condition I'(0) = I'(0) = 1. The moduli of the poles reflect the
width of the amplitude at the different seasonal frequencies (wider spectral
peaks ask for wider corresponding troughs of the amplitude function of the
extraction filter which are obtained by larger moduli of the poles). Although
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Table 7.9. Filter parameters for DFA II

Arguments|Moduli (Zeroes)|Moduli (Poles)
0.02202 1.08994 1.14068
0.16666 1.00000 1.23029
0.33333  |1.00000 1.67798
0.50000 1.00000 1.76846
0.66666  |1.00000 1.68560
0.83333 1.00000 2.20813
1.00000 1.00000 1.27615

the gain of DFA II is minor for higher frequencies, it is nevertheless instruc-
tive to reveal its behavior there. Figure 7.25 corresponds to figure 7.24 where
the low frequencies (below 7/4) have been omitted. It is readily seen that the
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Fig. 7.25. ‘Truncated’ Periodograms revision errors DFA II (solid) and MBA (dot-
ted)

DFA II outperforms the MBA almost uniformly and especially at the ‘unit-
root frequencies’ (0.33, 0.5, 0.66, 0.83 and 1.0 in the above figure) which again
motivates use of individual zero-pole-pairs.

After having performed an extensive analysis of ‘in sample’ properties,
‘out of sample’ results are now briefly compared for the MBA and the DFA
II. The interesting criterion is the arithmetic mean of the squared ‘out of
sample’ errors. For that purpose, models were selected and estimated on the
subsample 85.01-92.12 (N = 96) which was used also for computing the pe-
riodogram. Substantially smaller subsamples lead to problems for both DFA
and MBA (overfitting and misspecification). It should be specified here that
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some ‘full sample’ information is still used because the input series are the
same linearized series (in order to make comparisons with ‘in sample’ results
meaningful): adjustment for outliers and/or calendar effects is still based on
the full sample but this additional information should not favor a particular

approach.
The estimated (TRAMO) subsample-model is

(1-B)(1 - B%¥)X; = (1-0.62B)(1 — 0.29B?)¢;

Table 7.10 summarizes results for the series linearized by TRAMO. The last

Table 7.10. Out of sample results (series linearized by TRAMO)

Identification and estimation on :|Subsample |Full Sample
DFA I 8.11 x 107*(7.36 x 10™*
TRAMO 9.94 x 107*[9.64 x 10~*

column shows the results for the validation sample if the information of the
full sample is used, i.e. model (7.17) and the full sample periodogram (these
are slightly different from the results of table 7.5 because the validation sam-
ples are different). A comparison of both columns shows that the DFA 1I is
possibly subject to slight overfitting (9 parameters are estimated for a sample
of length N = 96). However, the gain in performance of DFA 1I is still over
20% (out of sample).

For X-12-ARIMA the estimated subsample-model is
(1-B)(1 = B®)(14+0.49B +0.11B*)X; = (1 — 0.24B*)¢,

Table 7.11 summarizes results for the series linearized by X-12-ARIMA. As

Table 7.11. Out of sample results (series linearized by X-12-ARIMA)

Identification and estimation on :[Subsample |[Full Sample

DFAII
X-12-ARIMA

3.32x 107*
421 x 1074

344 x 107
4.49 x 1074

before, the last column shows the results for the validation sample if the in-
formation of the full sample is used (again, these are slightly different from
the results of table 7.6 because the validation samples are different). A com-
parison of both columns shows that the DFA II is not subject to overfitting
and that ‘out of sample’ results of both approaches even slightly outperform
‘in sample’ results using the full sample. The gain in performance of DFA II
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is over 25% (out of sample).

This concludes the analysis of the best mean square approximation of the
trend (7.9). A natural question addresses the validity of these results, namely
the overall better performance of the DFA, if the theoretical signal is model-
based (see section 2.3.2). In fact, whereas the trend filter (7.9) does not ‘favor’
a particular approach, one might possibly expect that the MBA performs
better for its ‘own’ signal. This hypothesis is analyzed from an empirical point
of view in the following section.

7.3.2 Mean-Square Approximation of the ‘Canonical Trend’

Let the theoretical signal be defined by the trend of the canonical decompo-
sition (‘canonical trend’) for the (full sample) model (7.17) for the UK series
linearized by TRAMO (as shown in fig. 7.14). X-12-ARIMA is ignored here
since its implicit signal definition is not model-based. For the DFA, the selec-
tion of the filter design is based on MC which prefers DFA 1I

MC(DFAIII) = 5.76 x 107*
MC(DFA IT) = 4.86 x 10™* (7.25)
Note that these values differ from (7.19) because the MC-criterion depends on
the revision error variance, i.e. on the symmetric filter which has to been ap-

proximated. The transfer function induced by model (7.17) is shown in fig. 7.26
(an analytic expression for the transfer function is cumbersome, see section
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Fig. 7.26. Trend Extraction Filter

2.3.2 for a derivation). Since the filter is symmetric, its phase function van-
ishes. Therefore, the amplitude function in fig.7.26 is also the transfer function
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of the filter. Note also that the ‘squared gain of trend filter’ in DEMETRA is
obtained by squaring the function in fig.7.26. Squaring the amplitude function
can be motivated by the convolution theorem which relates spectral densities
of in- and output signals (see (A.3) in the appendix). However, this transfor-
mation can distort or ‘mask’ important properties of the filter : figure 7.26 for
example shows that the ‘side lobes’ of the transfer function are quite large for
w > 7 /6, which means that ‘subannual’ high frequency components belong to
the trend (see for example Stier [83] and [84] for a discussion on this topic).
By squaring the amplitude function, the side lobes look much smaller which
is misleading. The canonical trend (solid line) and the ‘ideal’ trend (7.9) are
compared in figure 7.27 (i.e. the corresponding filter outputs are compared).
The canonical trend cannot be computed exactly because the corresponding
extraction filter is of infinite length. However, the filter coefficients decay suf-
ficiently fast in order to obtain a good approximation.
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Fig. 7.27. Ideal (dotted) and Canonical (solid line) Trends

The outputs of the boundary filters for the MBA (long marks) and for the
DFA 1II (short marks) are shown in fig.7.28 together with the canonical trend
(solid line). Table 7.12 summarizes the results obtained for the revision error
variance estimates. As in the preceding section, the time span for which the
sample estimates are computed extends from December 1989 to July 1994.
The DFA II still clearly outperforms the MBA (more than 60 percent im-
provement with respect to the sample variance). Also, the frequency estimate
is more accurate than the MBA-variance which underestimates the mean of
the squared revision errors.
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Fig. 7.28. DFA II (short marks) and MBA (long marks)

Table 7.12. Revision error Variances for the canonical trend

DFAIlI |MBA

Sample Variances ]4.70 1074(8.04 10~*
Frequency Estimatesi4.34 1074(7.19 10~*
MBA-Variances — 5.88 1071

It is again instructive to decompose the frequency estimates into selectiv-
ity and time delay properties as done in table 7.13 (see (7.23) and (7.24) in the
preceding section). Again, the DFA outperforms the MBA both with respect

Table 7.13. Amplitude (selectivity) and phase (time delay) ‘fitting’

Estimation method :|DF MBA
Selectivity 2.07 107*|3.76 10~*
Time delay 2.27 107%|3.43 10~*

to selectivity and time delay properties. Amplitude and time shift functions
of the boundary filters (DFA II : solid line; MBA : dotted line) are shown in
figs.7.29 and 7.30. For the DFA 1I, both functions are closer to the corre-
sponding functions of the symmetric filter in the vicinity of the ‘unit-roots’
(except the time delay of the DFA II at frequency zero, but this is less impor-
tant if a second order constraint is not needed which seems to be the case here).

Figure 7.31 shows the revision errors of DFA II (solid line) and MBA (dot-
ted line). The periodograms of the revision errors are compared in figure 7.32.
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One can see from these figures that the better performance of the DFA II is
mainly achieved in the low frequency domain of the spectrum (which can be
considered as a further evidence against the I(2)-hypothesis).

This concludes the analysis of trend signals. In the following section the
DFA and the MBA are compared with respect to seasonal adjustment as
performed by the canonical decomposition.
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7.3.3 Mean Square Approximation of the ‘Canonical Seasonal
Adjustment’ Filter

Let the theoretical signal be the seasonally adjusted series (as defined by the
canonical decomposition of the process (7.17), see section 2.3) for the UK
series linearized by TRAMO. As for the canonical trend in the preceding
section, X-12-ARIMA is ignored here because its implicit signal definition is
not model-based. For the DFA, the filter design DFA II is preferred by MC:

MC(DFA III) =435 x 1074
MC(DFA IT) = 4.16 x 10™*
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The transfer function of the canonical seasonal adjustment filter resulting from
model (7.17) is shown in fig.7.33 (solid line). The squared transfer function is
plotted as dotted line in the same figure. The ‘squared gain of seasonal adjust-
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Fig. 7.33. Seasonal Adjustment Filter

ment’ filter (solid line) and the ‘squared gain of seasonal filter’ (dotted line) as
computed by DEMETRA are shown in fig.7.34. Note that the transfer func-
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Fig. 7.34. DEMETRA-Filters: S (dotted), SA (solid)

tions of the seasonal adjustment (SA) and of the seasonal (8) filters should
add to one by definition so that the square roots of the functions in figure 7.34
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should add to one (note that these are the squared transfer functions). How-
ever, the (squared) S-filter vanishes between the seasonal frequencies k7 /6
but the (squared) SA-filter is always substantially smaller than one. This is
probably a software problem (of DEMETRA, version 2.0). In any case, the
squared amplitude of the seasonal adjustment filter of DEMETRA in fig.7.34
does not correspond to the canonical decomposition.

In fig.7.35 the canonical trend (solid line) and the seasonally adjusted se-

ries (dotted line) are compared for the time span from December 1989 to
July 1994. It is readily seen that the seasonally adjusted signal is ‘rougher’
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Fig. 7.35. Seasonally Adjusted signal (dotted) and Canonical Trend (solid)

than the trend because the transfer function does not damp all higher fre-
quencies. Which signal should be used for detecting ‘turning points’ towards
the end point ¢ = N is still an open question. Basically, the problem can be
summarized as follows: the trend is ‘smooth’ but generally more difficult to
approximate towards the boundary (larger revisions and time delays) whereas
the seasonally adjusted signal is ‘rough’ (which makes detection of turning-
points more difficult) but often subject to smaller revision errors and smaller
time delays. Discussions of these topics are to be found in Edel, Schaffer, Stier
[27].

Table 7.14 summarizes estimation results obtained for the revision error
variance estimates. The latter are computed for the time span from December
1989 to July 1994: 60 values are retained on the left for avoiding initialization
problems and 30 values are retained on the right for implementing the sym-
metric extraction filter. As can be seen, the DFA II outperforms the MBA by
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Table 7.14. Revision error variance estimates

DFAII |[MBA

Sample Variances |4.39 107*6.61 107*
Frequency Estimates|3.82 107%(5.10 10~*
MBA-Variance -— 5.34 1074

a 30% decrease of the sample variances.

Remark

e The MA-coefficients of the seasonal adjustment filter are shown in figure
7.36. They converge very slowly to zero. In fact, if the signal is estimated
for t =July 1994 as illustrated in figure 7.36 (30 months lie between July
94 and the end point February 1997), then non-negligible weight is still
given to non-observable values beyond the end point. Therefore, in this
particular situation the sample has been extended by forecasts in order to
obtain sufficiently accurate outputs for the symmetric filter of the MBA
(in all the preceding examples, forecasts were used for the asymmetric filter
only). Evidently, this extension is not used for the DFA II and therefore it
may possibly favor the MBA (since both asymmetric and symmetric filters
rely on the same forecasts). However, this effect has not been considered
here.
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Fig. 7.36. Coeflicients of SA-filter

A decomposition of the frequency estimates into selectivity and time delay
components (see (7.23) and (7.24)) leads to the results in table 7.15. It is
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Table 7.15. Selectivity and time delay properties of the boundary filters

Estimation method :]DFA II |[MBA
Selectivity 1.71 107%{9.94 1075
Time shift 2.10 107%]4.10 10~
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Fig. 7.37. Amplitudes : DFA II (short marks), MBA (long marks)
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Fig. 7.38. Time shifts : DFA II (short marks), MBA (long marks)

seen that the better performance of the DFA II is due to its time shift proper-
ties. Obviously, too much ‘weight’ is given to the selectivity part by the MBA,
neglecting henceforth the time shift properties of the corresponding filter. The
resulting ‘disequilibrium’ between both components may be indicative for a
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misspecification of the model (7.17). The amplitude functions of the symmet-
ric filter (solid line), of the DFA II (short marks) and of the MBA (long marks)
are shown in figure 7.37. In figure 7.38 the time shift functions of the DFA II
(short marks) and the MBA (long marks) are compared.

A detailed comparison of the performances of the MBA (as given by
TRAMO and X-12-ARIMA for the UK car sales series) and the DFA was
conducted in this section. More precisely, the analysis focused on the mean
square error criterion. In the following chapter, these methods are compared
with respect to their ability to detect ‘turning points’ towards the boundary
of a sample.



8

Empirical Comparisons : Turning Point
Detection

A ‘turning point’ is a particular time point in a given time series. The main
difficulty in defining ‘turning points’ formally is often due to the unprecise
characterization of their particularity. In the context of economic time series
Garcia-Ferrer and Bujosa-Brun [35] argue “with the exception of annual data,
where turning points are easily defined, the remaining data frequencies often
present many situations where precise definitions of recessions and contrac-
tions are case dependent” or “Even for seasonally adjusted quarterly data,
using the NBER rule for defining a recession ... has had serious flaws in char-
acterizing business cycle facts” and “no simple rule is sufficient to translate
quarterly GNP changes into official cyclical turning points. Somehow there
seems to be a need for ad hoc rules that work with certain types of data and
also may hold for future turning points in a large number of cases”.

Instead of reviewing possible definitions of turning points depending on
particular contexts and/or particular time series a more formal approach is
chosen here which enables straightforward comparisons of the MBA and the
DFA. A turning point is defined as a ‘local extremum’ of a (smooth) trend
component of a time series. More precisely, to is a turning point for the time
series Xy if (Vig+1 — Yao ) (Yz, — Yio—1) < 0 where Y; is a (smooth) trend com-
ponent of X;. Examples of (smooth) trend components are the ‘canonical
trend’ (see section 7.3.2) and the ‘ideal’ trend (7.8). Note that the proposed
definition of a turning point generally depends on the input series X; (which
for example determines the model and thus the ‘canonical’ trend) or on the
‘cutoff’ frequency Ay = 7/7 of the ‘ideal’ trend (7.5) (or the truncated version

(7.9)).

Two different perspectives may be distinguished, namely the ‘prospective’
and the ‘historical’ perspective. For the former, ‘present’ and possible ‘future’
outcomes are of interest, whereas for the latter ‘past’ events are analyzed. In
a historical perspective, the study of turning points (defined as extremes of
a trend component) is generally easier because selective symmetric (no phase
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shift) trend filters can be used. However, for many applications the prospec-
tive perspective is of main interest. Therefore, asymmetric filters are needed
which detect turning points ‘as early as possible’.

Once turning-points are uniquely defined and the objective, namely a
prospective analysis of turning points, is clarified it remains to determine
a measure of the performance of the competing methods. Again, there exist
many criteria which for example differ whether they account for ‘true’ and
‘false’ decisions only or whether they include also the magnitude of the error
term and how ‘false’ and ‘true’ decisions are weighted. Various criteria are pro-
posed in Edel, Schaffer and Stier [27], p.143-154. Since the aspects which they
measure may be conflicting, a simple comparison is proposed here, namely a
visual inspection of the time series {of the estimated trend components) pro-
duced by the competing methods.

In the following sections, the UK car sales series (linearized by TRAMO or
X-12-ARIMA, see section 7.3) is considered. The presented results are based
on the ‘full sample’ information (almost identical conclusions would hold ‘out
of sample’, i.e. if models and periodograms were estimated for subsamples,
because the revision error variances ‘in’ and ‘out of sample’ are very similar,
see for example tables 7.10 and 7.11). The first section is devoted to the
analysis of turning points defined by the ‘ideal’ trend (7.8) and the second
section is devoted to a corresponding analysis for the canonical trend.

8.1 Turning Point Detection for the ‘Ideal’ Trend

The detection of turning points for the ‘ideal’ trend is based on models (7.17)
(TRAMO) and (7.18) (X-12-ARIMA) for the MBA and on the filter design
DFA II which is preferred by MC, see for example (7.19). For the DFA, the
time series Y} (estimated signal) is computed as follows:

e Foreacht=N-—r,r=0,1,..,N — 1, the estimate Yy_, is the output
of a constrained QMP-ZPC-filter (3.6) whose parameters are optimized so
that the expression

or W2
T Y (AR @) Iy () (5.1)
k=—[N/2]

becomes minimal. Specifically, for DFA 11

I (wk) = Iy (w)
1 — exp(—il2wy)
(1 - BY¥)X,

Afr(wk) =

Xy



8.1 Turning Point Detection for the ‘Ideal’ Trend 215

where I'(-) and I"/(-) are defined in (7.9) and (5.95) respectively (a sim-
ple truncation is used for I'*"(-) in (5.95)). For the DFA II, first order
conditions (constraints) I (jn/6) = I"'(jn/6), j =0, ...,6 are considered.
As in the preceding chapter, seven zero-pole pairs are used for each filter
resulting in 7 -3 + 1 — 13 = 9 degrees of freedom (see section 7.2.1).

¢ A separate optimization is needed for each r = 0,1,2,...,N — 1 in (8.1).
Note however that the differences between the resulting optimal filters
are negligible for r > 10 (at least for the chosen trend signals). There-
fore, Y _ 10, Yn—11, YN _12... are all based on the same filter (optimized
for estimating Yy _1q). For r < 10, the successive filters can be computed
iteratively: the optimization procedure in the r-th step can be ‘initialized’
with the solution obtained in the preceding step r — 1. Using Newton-
Raphson numerical algorithms then make computations very fast because
the ‘initial solutions’ are already close to the optima.

e A 50 called ‘composed’ filter () may formally be defined by setting its
output equal to the time series Yy_, defined above.

e If N is replaced by N’ < N in the above definitions and if N’ varies,
then it can be observed how the composed filter I'*(-) ‘adapts’ for new
information. In fact, passing from N’ to N’ 4+ 1 means that YN/+1_T is
estimated using information up to Xn-4+1 (instead of Xn-) which enhances
the quality of the estimates ?N/+1_r forr > 1.

An ‘early’ detection of turning points is often of interest because it corresponds
to a particular (qualitative) forecast. However, asymmetric trend filters are
often subject to substantial time delays. Therefore, the method proposed in
section 5.4 is used here in order to ‘control’ the time delay of the asymmetric
filters. The resulting constrained (smaller time shift) composed filter I¢(-) can
be defined in various ways. Two of them are proposed here:

e The ‘end point’ filter I.(-) of I°(:), where r = 0, is replaced by an ‘end
point’ filter whose time delay (phase shift) is restricted. The other filters
I(-), 7 > 1 of I'*(-) are not affected. If ‘information’ Xi,..., Xy, N' < N
is used, then the increment YNr YNr 1 (which is generally subject to the
largest time delay) tends to detect the turning point earlier.

e Another possibility is to restrict the time delay (phase shlft) of the bound-
ary and the subsequent filters i.e. to restrict I7.(:), r = 0,1,.

Both methods are illustrated in this chapter.

8.1.1 Series Linearized by TRAMO

Assume Xy, ..., Xy are available and the composed filter fc(-) is applied to
X1, ..., Xnv with N’ < N. Thus the observed filter outputs are Y, ..., Yar. A
‘simulation’ of the characteristics of the composed filter I'(-) can be obtained
by varying N'(< N). Figures 8.1 and 8.2 plot the outputs of composed filters
for the MBA and the DFA, where N’ is varying from 92.05 to 92.11. The ver-
tical line indicates a turning point of the trend (solid line) in June 92 (92.06).
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Fig. 8.1. Turning point detection : TRAMO
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Fig. 8.2. Turning point detection : DFA II (no phase constraint)

As can be seen, DFA II (without a time delay constraint) detects the turning
point one month earlier than the MBA (92.10 vs. 92.11). Moreover, in 92.11
the turning point is clearly identified by DFA II. Also, the boundary estimates
of DFA II are closer to the trend than those of the MBA. The smaller revision
error variance of DFA II was already observed in the preceding chapter.

Between 94.01 and 95.01 turning-points occur twice. Figs. 8.3 and 8.4 show
the outputs of the composed filters of the MBA and the DFA (N’ varies from
94.06 to 95.01). Here the situation is not as simple as for the preceding ex-
ample. The MBA does not unambiguously ‘detect’ the first turning point. In
fact the first increment f/N: - Y,N'—l is always positive {indicating a positive
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Fig. 8.3. Turning point detection : TRAMO
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Fig. 8.4. Turning point detection : DFA II (no phase constraint)

slope) whereas successive increments become negative (indicating a negative
slope). As a result, the second turning point seems to be detected very early
(at least by the first increment). For the DFA, the analysis is less ambiguous
since both turning points are clearly identified. But the second one does not
appear before 95.01 (at this time the second increment of the MBA becomes
positive also).

Up to now, the phase functions of the asymmetric boundary filters of DFA
IT were not restricted. In the following figure 8.5 the boundary filter (r = 0)
has been optimized with respect to a phase constraint (see (5.43) where the
Lagrangian parameter X is defined in (5.44)). The other asymmetric filters



218 8 Empirical Comparisons : Turning Point Detection

179+

11.78 1

M"M77r

176 1

M.75 1

11.74 1

1994 1995
— 94.06 e 84,07 - 94.08 e 94.08
-~ 94.10 B L E— YR J— 95.01

Fig. 8.5. Turning point detection : DFA II (phase constraint)

(r > 0) are not affected. Comparing fig.8.5 with fig.8.4 reveals that both
turning points are now detected one month earlier. As already shown in pre-
ceding chapters, a ‘price’ must be paid for the smaller time delay, namely a
poorer (less selective) amplitude function of the new boundary filter (r = 0).
The resulting larger ‘noise’ can easily be seen in fig.8.5. Since the phase func-
tions of subsequent filters of the composed filter I(-) are not restricted, the
difference between Yys_; (unrestricted) and Yy (restricted) is pronounced.
Restricting the phase functions of the asymmetric filters for r = 0, 1, ... results
in a ‘smoother’ overall shape as shown in the example below.

Amplitude and phase functions of the restricted and the unrestricted end

point filters (r = 0) of the DFA II are compared in figs.8.6 and 8.7. As
expected, the amplitude function of the conditional filter is uniformly poorer
(less selective) whereas its time delay function performs uniformly better in
the passband. Note also that the sample error variance (7.3) of the restricted
filter is 7.38-10~4. It is larger than that of the unconditional filter as expected,
but it is still smaller than that of the MBA (TRAMO) which is 7.64 - 1074,
see table 7.5.
The difference between the time shifts of the unrestricted and the restricted
DFA 1I filters (solid line) and the difference between the time shifts of the
MBA-(boundary)filter and the restricted DFA II filter are shown in figure 8.8.
It is readily seen that the time shift of the conditional filter is approximately
one time unit (month) smaller than that of the other competitors in the
‘passband’ [0, 7/6] (which corresponds to the turning points).
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8.1.2 Series Linearized by X-12-ARIMA

The composed filters of the MBA and DFA II are shown in figs.8.9 and 8.10
after a trough-turning point of the trend has occurred (in October 1991, see
fig.7.20). It is particularly difficult to assess the existence of the turning point
because the trend is almost ‘flat’ in the corresponding period. However, it is
seen that the MBA seems to give more evidence to a false ‘down-swing’ than
the DFA which is ‘hesitating’. In fact, the ‘up-swing’ is recognized one month
earlier by the DFA than by the MBA. Note also the relatively smaller revision
errors of the DFA.
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Fig. 8.8. Time shift differences: unrestr.-restr. DFA (solid); MBA-restr. DFA (dot-
ted)
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Fig. 8.9. Turning point detection : X-12

As for the series linearized by TRAMO, two turning-points occur between
94.01 and 95.01. Composed filters for the MBA and for DFA II (unrestricted
phase) are shown in figs.8.11 and 8.12. The first trough-turning point is
discovered two months earlier by DFA II than by the MBA. The second peak-
turning point is discovered simultaneously by both approaches. The output
of a composed filter whose phase functions are restricted for all asymmetric
filters is shown in figure 8.13. The second turning point is detected one month
earlier. Again, a ‘price’ must be paid as seen by the increased ‘noise level’
in (8.13) (when compared to fig. 8.12). Overall, the shape is smoother than
in fig.8.5 because the phase functions of all filters entering I'°(-) have been



8.1 Turning Point Detection for the ‘Ideal’ Trend 221

11621
11.61 +
11.60 +
11.59 1

11.58 1+ -

1.57 1

1992 1993
— 92,05 e 92,08 -—— 92.07 - 92,08
-~ 92.09 -— 92.10 e 9211 e 92,12

Fig. 8.10. Turning point detection : DFA II (unrestricted phase)
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Fig. 8.11. Turning point detection : X-12

restricted.

Amplitude and phase functions of restricted and unrestricted end point
filters (r = 0) are shown in figs.8.14 and 8.15. The amplitude function of
the restricted DFA II performs poorer (especially for the ‘stopband’) but the
conditional time delay function performs better (uniformly better in the pass-
band). '

In the following section empirical results based on the trend of the canon-
ical decomposition are presented.



222

8.2 Turning Point Detection for the Canonical Trend

For the MBA, TRAMO is used only. As in the preceding chapter, X-12-
ARIMA is ignored because the canonical trend is defined by the TRAMO-
model (7.17). For the DFA, the filter design DFA 11 is preferred by MC, see
(7.25). The outputs of the composed filters for the MBA and DFA II are
shown in figs.8.16 and 8.17. DFA II detects the turning point in 92.10 while
the MBA again leads to ambiguous evidences since the first increments have
negative slope until 92.12 (where the increment is nearly flat). Note also the

8 Empirical Comparisons : Turning Point Detection
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8.12. Turning point detection : DFA II (unrestricted phase)

Fig. 8.13. Turning point detection : cond. DFA II

smaller revision errors of the DFA.
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8.2 Turning Point Detection for the Canonical Trend
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These results conclude the empirical comparisons of the MBA and the
DFA. A brief summary of the ‘material’ worked out so far is proposed in the
following final chapter .
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Conclusion

In the preceding chapters, an efficient signal estimation method or, stated
more generally, an efficient approximation of (outputs of) symmetric filters
by (outputs of) asymmetric filters was proposed for finite samples. The main
difference of the DFA to the ‘established’ model-based approach is the direct
optimization of filter parameters with respect to (an efficient estimate of) the
squared filter approximation error. Therefore it is not necessary to infer an
explicit model for the DGP based on available data. Although the traditional
method based on the MBA is intuitively very appealing, its efficiency cannot
be asserted if the DGP is unknown. The main problem is the fact that the
corresponding optimization procedure - based on one-step ahead forecasting
performances only - does not ‘fit’ the estimation problem to be solved be-
cause signal extraction requires good one- and multi-step ahead forecasting
performances simultaneously. Since both objectives are generally conflicting in
the presence of model misspecification (see for example Clements and Hendry
[14]), a different approach is needed.

The differences between the DFA and the MBA may be illustrated on the
basis of the so called ‘unit-root’ problem. A unit-root is a particular property
of the DGP of X; which has important implications for the estimation of a
signal. In the context of the MBA, this property is ‘traditionally’ inferred from
short term one-step ahead forecasting performances of a particular model de-
spite the fact that unit roots specify particular long run dynamics of a time
series. In the DFA, unit-roots are transposed into constraints which result in
particular filter designs. In principle, these constraints allow for more general
non-stationarities than ‘integration’ only. In particular, it is not relevant if X,
is difference stationary (I(1)-process) or trend stationary - stationary about
a linear trend! - since the same first order constraint determines the filter
design towards frequency zero for the DFA. Therefore, such constraints can

!The same reasoning would also apply for more general deterministic trends with
bounded first derivative and diverging to infinity at a suitable rate.
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enhance the finite sample performances of the asymmetric filter whether or
not the input process is integrated. Explorative instruments (statistics based
on adjusted time series) as well as formal instruments (the test statistics 7 and
7’ or the MC-criterion) can be used to indicate which filter design ought to
perform better. The proposed instruments are derived directly from the sig-
nal estimation problem and implicitly account for one- and multi-step ahead
forecasting performances®. However, these statistics cannot replace traditional
unit-root tests in general because they emphasize aspects related to the long
run dynamics of a time series which are specific to the (boundary) signal esti-
mation problem. On the opposite, deducing filter constraints from traditional
unit-root identification often results in inefficient filter designs. If a unit-root
assumption enhances the one-step ahead forecasting performance of a partic-
ular model (for the DGP of X;) then it does not necessarily follow that the
corresponding constraint for the asymmetric filter improves the signal estima-
tion performance (and conversely). Therefore, both methods - MBA and DFA
- should rely on different statistical instruments specific to their own partic-
ular estimation problems. Both problems are related but different for finite
samples and the solution of one does not necessarily solve the other optimally.

It is suggested in various places (see for example section 5.8 or chapter C in
the appendix) that the signal estimation procedure of the DFA can be inter-
preted as a generalization of the ARIMA model-building process, for which
the ‘noise’ term is autocorrelated®. A useful ‘byproduct’ of this generaliza-
tion is the possibility of optimizing filters subject to a time delay restriction.
The proposed DFA is more flexible (general) than the MBA because the fil-
ter parameters are optimized directly, so that interesting constraints (such as
the time delay for example) can be ‘build into’ the resulting asymmetric filter.

Particular attention has been devoted to finite sample issues. First, a new
parsimonious filter class, so called ZPC-filters, was introduced for which the
parameters could be straightforwardly interpreted. Then, an attempt was
made to distinguish overparameterization and overfitting and new instru-
ments avoiding overparameterization (MC-criterion) or overfitting (a singular-
ity penalty and the variable frequency sampling) were proposed. Essentially,
overfitting was tackled by modifying the original optimization criterion with-
out affecting efficiency issues of the resulting estimates. Overfitting manifests
itself in an unnecessarily ‘elaborate’ transfer function of the asymmetric filter.
If ‘elaboration’ is measured by the rate of decay of the MA coefficients (of the
filter) then a new criterion ‘penalizing’ overfitting can be derived. A balance
between ‘fit’ and ‘regularity’ was proposed. It was suggested that the idea of

2 Although a model for the DGP is not explicitly required

3Note that the autocorrelated noise term is also an ‘innovation’ : it is orthogonal
to past observations (regressors) because it is a weighted sum of future €’s, see
formula (C.8).
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penalizing excessively singular designs by including a term measuring the rate
of decay of the estimated coefficients could be used for the MBA too which
would open a field for future research. An alternative new method for avoid-
ing more specifically instability of the asymmetric filter was proposed too by
allowing the fixed frequency ordinates to vary in a well defined restricted man-
ner, depending on the estimated filter parameters. Thus, potentially unstable
poles could be ‘tracked’.

Empirical evidences suggest that both methods - MBA and DFA - perform
equally well if the MBA is based on the true DGP. However, the DFA often
outperforms the MBA for real-world time series (for which model misspecifi-
cation is the rule). Results similar to that obtained for the UK car sales series
were obtained in Wildi/Schips[99] for a representative sample of 41 business
survey indicators. For the MBA, it seems that models are often too parsimo-
niously parameterized* and that unnecessarily severe restrictions are main-
tained for the asymmetric filter (resulting from the I(2)-hypothesis which is
often a misspecification for economic time series). In combination, these forms
of misspecification can lead to severe losses in efficiency as shown in Part
IT and in Wildi/Schips[99]. However, diagnostic statistics based on the one-
step ahead forecasting error (for example Ljung-Box or Box-Pierce statistics)
are often unable to detect the relevant departures from the ‘true’ DGP. For
the US-GNP series Cochrane [18], p.912, argues “Low-orders ARMA-models
systematically overestimate the random-walk component of (US) GNP, even
though they adequately represent the series by all the usual diagnostic tests”.

Much effort has been and is still spent in deriving and/or modifying proce-
dures for selecting the ‘best’ model for the DGP and for improving parameter
estimates in the MBA. However, the criterion with respect to which the qual-
ity of empirical models is measured is (in general) the minimization of the
squared one-step ahead forecasting error which is only partly in accordance
with the signal estimation problem. To conclude, it is felt that the statistical
‘apparatus’ presented here solves the finite sample signal estimation problem
more efficiently than the MBA because, unlike the latter, the optimization
criterion for the DFA is derived directly from the estimation problem which
has to be solved really.

“Low frequency as well as seasonal components of practical time series are gen-
erally characterized by more or less complex dynamics which cannot be suitably
mapped into a two-parameter model such as for example the airline-model. Unfor-
tunately, richer parameterized models are often unable to catch the ‘salient’ fea-
tures of a time series and the discrepancy between the one-step ahead forecasting
performance and the performance of the resulting asymmetric filter becomes more
pronounced (overfitting).
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Decompositions of Stochastic Processes

A general stochastic process can be decomposed into a weighted sum (discrete
or uncountable) of orthogonal increments. Two classical decompositions are
briefly presented here. Particular proofs for the DFA refer to these results.
The first kind of results address (weakly) stationary processes.

A.1 Weakly Stationary Processes of Finite Variance

A weakly or wide sense stationary real stochastic process X; of finite variance
(called a stationary process in the following) is characterized by the following
moment conditions :

E[Xy] = 1, Cov(X, Xeai) = R(3) (A1)

Two important decompositions of stationary processes follow.

A.1.1 Spectral Decomposition and Convolution Theorem

Theorem A.1 (Spectral Decomposition of X;). A stationary process X;
with mean p can be uniquely decomposed (in the mean square sense) into a
weighted continuous sum (stochastic integral)

X, =p+ / " exp(itw)dZ(w) (A2)

-

where the continuous parameter process Z(w), w € [—m, 7| satisfies : E[Z(w)] =
0 and Cov(Z(wy) — Z{ws), Z(w}) — Z{wh)) = 0 whenever [wy, wa]N{w],wh] = @
(orthogonal increment process).

For a proof see for example Doob [25], p.480. For real processes Z(w) is real
too and the integration above may be restricted to [0, 7]. More precisely, one
obtains
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Xi=p+ /07r cos(tw)du(w) + /07r sin{tw)dv(w)

where u(-),v(:) are two mutually uncorrelated real zero mean continuous pa-
rameter processes with orthogonal increments, see Doob [25], p. 482. Equation
(A.2) corresponds to a spectral decomposition of the process X; from which a
spectral decomposition of the second order moments may be derived. Specif-
ically, define the integrated spectrum H{(w) of X; by

Hw) = [ Eldz@)P) (4.3)

-

One can show that H(w) behaves like a distribution function (see for example
Doob [25], p.488) so that it may be uniquely decomposed into :

H(w) = Hy(w) + Hy(w) + Hs(w) (A4)

(Lebesgue decomposition) where H;(-) is the absolutely continuous, Ha(-) the
discrete (a step function with countably many steps) and Hs(-) the singular
component. For univariate processes Hs(-) can often be neglected except for
‘pathological’ processes which are not considered here, see for example Whittle
[95], p.25 or Priestley [75], p.226 fI. The processes corresponding to H; () and
Hy(-) are analyzed in section A.1.2. The next theorem relates the spectral
distribution H(-) to the second order moments of X; :

Theorem A.2 (Spectral Decomposition of R(.)). The autocovariance
function R(-) of a weakly stationary process can be decomposed according to

M@:/em%@ﬂ@) (A5)
A proof can be found in Doob [25], chap. X and Priestley [75], chap.4. If H(w)
is absolutely continuous (H(w) = H;(w)), its ‘derivative’ h(w) = dH (w)/dw
is called the (non-normalized) spectral density of X;. In virtue of (A.5), h(w)
is then the Fourier transform of the (discrete) autocovariance function R(-) :

oo

= % R(k) exp(—ikw) (A.6)

k=-o00

h(w)

It is easily verified that for a white noise process, X; := ¢, the spectral density

is a constant )

h(w) = 57'?

The terminology ‘white’ noise process is derived from physics by analogy to
‘white’ light for which the power distribution is constant too over the visible
spectrum. The normalized integrated spectrum F(-) is defined by

(A7)
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H(w)

F(w) := )

(A.8)

It inherits all properties of H(-) : distribution function (more precisely, F(-) is
a probability distribution), Lebesgue decomposition (A.4), spectral decompo-
sition of the normalized autocovariance or the autocorrelation function (sim-
ply replace dH(-) by dF(-) and R(-) by R(-)/R(0) in (A.5)), see for example
Priestley [75].

Assume the spectral density of X, exists and the processes Y;, X; are
related by the time invariant difference equation

o0
Yi= Y biXek (A.9)

k=—c0
The following important theorem relates the spectral densities of Y; and Xj:

Theorem A.3 (Convolution Theorem). Suppose X; is a stationary pro-
cess with spectral density h(w) and Y; is defined by (A.9) with (real) coef-
ficients by, being absolutely summable > r. __ |bx| < oo. Then the spectral
density of Yy exists and satisfies :

hy (w) = |B(w)hx (w) (A.10)

where B(-) ==Y g _ ., b exp(—ik-).

A proof of the theorem can be found in Priestley (1983) chap. 4, sec. 12. The
function A(-) is called the transfer function of the linear time invariant trans-
form (filter) : X; — Y; in (A.9). Spectral densities of AR-, MA- and ARMA
processes are obtained from (A.7) and the above theorem by setting X; := ¢;
in (A.9).

-0

The so called Parseval relation
(o) 1 T
2 __ 2
D=0 | 1) dw (A.11)

j==00 -

follows from theorem A.2 (setting k& := 0) and theorem A.3. In the follow-
ing section a decomposition of a stationary process in the time domain is
presented.

A.1.2 The Wold Decomposition

2

Denote the variance of the one-step ahead forecasting error of X; by (1)
Var(X:(1)), where X;(1) is the best linear one-step ahead forecast of Xiq;
given Xy, X;_1,.... A process X; is called linear deterministic or singular if
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o(1)2 = 0. It is called regular if 0(1)2 > 0. Note that the linearity assump-
tion is important in this context. An example for a regular but nevertheless
deterministic process is given for example in Priestley [75] p.760 (the ‘perfect’
forecast is based on a non-linear function). Wold [100] proved the following
important theorem:

Theorem A.4 (Wold Decomposition). Every stationary process X; (of
finite variance) can be uniquely decomposed into the sum of two stationary

processes Xi¢, Xot
X = Xy + Xog (A.12)

where X14 and Xo; are characterized by the following properties:

o Xy is a stationary one-sided MA (oo )-process X1t = Z,;“;O brei—r and
o Xy, is a linear deterministic process orthogonal to Xy4.

If X; is singular, then X;; = 0. If X, is regular then Xo: does not necessarily
vanish. In the latter case one can show that

e Xy, is a harmonic process

Xot = Z Ay exp(igt + By) (A.13)
k=1

where A, and Ay, are constants, the Ay being square summable Y72 | A2 <
oo and @ are independent rectangularly distributed random variables in
the real interval [—, 7] (see for example Whittle [95], p.25 and Priestley
[75], p.758) and

e the spectral distributions of X;; correspond to H;(-) in (A.4), see Doob
[25], p.572 ff.

Note that if X; is singular (X, = Xy;) then its spectral distribution H(-) is
not necessarily discontinuous and thus in general H(-) # H(-) in the latter
case (see for example Brockwell and Davis [10], example 5.6.1, p. 185). To
analyze these differences it is useful to introduce the class of so called general
MA processes. X; is called a general MA process if it can be decomposed
according to

oo
Xt= Z bkft—k (A14)

k=—00

where ¢; is a white noise (not necessarily independent) sequence and the co-
efficients by are square summable. If ¢; are independent, then X is called a
general linear process. The following two propositions relate singularity (reg-
ularity) of a process to a result in the frequency domain.

Proposition A.5. A stationary process X; has an absolutely continuous spec-
tral distribution function, i.e. a well defined spectral density h(w), if and only
if it is a general MA process.
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A proof can be found in Doob [25], chap.10, sec. 8.

Proposition A.6 (Kolmogorov or Szego formula). The variance of the
one-step ahead forecasting error o(1)? (linear forecasting function) of a general
MA process X; is related to the spectral density h(-) by

v
o(1)? = 2mexp (i / ln(h(w))dw) (A.15)
2 f_ .
For a proof, see Doob [25], chap. XII and Caines [12], theorem 3.4. The fol-
lowing results are direct consequences from the above propositions and the
Wold decomposition :

e A general MA process whose spectral density vanishes on a set with posi-
tive Lebesgue measure must be singular (linear deterministic) because for
such a process (A.15) implies o(1)? = 0.

e From theorem A.4 and propositions A.5 and (A.6) it follows that the two
sided representation X; = Y oo bxes—x of a general MA process may
be transformed into a one-sided representation E,:‘;o CrpVy—p, Where vy is
a white noise process if and only if In(h(w)) is Lebesgue integrable on
[—m, 7).

From the above it follows that a general singular (linear deterministic)
process may be represented as the sum of a singular general MA process and
a harmonic process. The spectral distribution function of the former is abso-
lutely continuous and the spectral distribution of the latter is a step function.
Note also that whereas a weighted countable sum of harmonic processes is lin-
early deterministic, an uncountable weighted sum (as given by the stochastic
integral (A.2)) may be singular or regular, depending on o(1)? being greater
than zero or not.

A.2 Non-Stationary Processes

For non-stationary processes (A.1) is no more true in general. A generalization
of the Wold-decomposition to a non-stationary process X; has been proposed
in Cramer [20] :

Xe=Dy+Y;

where D, is a deterministic process and
o0
Y= br(t)er; (A.16)
k=0

is a regular process orthogonal to D; and satisfying Y peq bk(t)? < oo for all
t.
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Stochastic Properties of the Periodogram

This chapter completes the results obtained in chapter 4. In the first sec-
tion stochastic properties of the periodogram are analyzed which are needed
in proofs for the DFA. In the second section, a generalization of the peri-
odogram to stationary processes of infinite variance is analyzed. Although
this has not been considered in the main text, it is felt that an extension of
the DFA based on these results may be an interesting issue for future research.

B.1 Periodogram for Finite Variance Stationary
Processes

Assume

o0
Xe= Y brex (B.1)
k=-o00
where €; is a white noise process and the coefficients by, are square summable.
If X; is regular then it must admit a one-sided MA-representation, see section
A.1.2. The following proposition relates smoothness properties of the spectral
density of X, to the rate of decay of the coefficients by.

Proposition B.1. If X; € C} then d?h(w)/dw? are continuous functions for
all integers j satisfying 0 < 7 < [u], where [u] is the greatest integer smaller
or equal to u and d°h(w)/dw® := h(w).

Proof. A proof immediately follows from (4.18) and (A.6). O

In the following theorem, moments and the distribution of the periodogram
are analyzed subject to various assumptions about ¢;. The first three assertions
are ‘classical’ results whereas the last assertion is new and requires a complete
proof. It is used in deriving the consistency of the estimate for the asymptotic
variance-covariance matrix of the filter parameter estimates in theorem 5.10.
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Theorem B.2. 1. If X; is a gaussian white noise process and w; € {2y,
then the corresponding periodogram ordinates Inx (w;) are pairwise inde-
pendent and

20%x3 w; = 0,7

o2x%  else

Inx(wj) ~ {

where x3,x% are chi-square random variables with one respectively two
degrees of freedom.

2. Assume X; € CY, € is an iid sequence and h{w) > 0 for all w. Then
the periodogram Inx(wg) converges in distribution to an exponentially
distributed random variable with mean h(wy) for all wy € 2y satisfying
0 < wy < 7. If w; # wj then the corresponding periodogram ordinates
are asymptotically independent. If = € 2 then Inx(m) ~ h(m)x?, where
X? is a chi-square distributed random variable with one degree of freedom.
Also Inx(0) ~ h(0)x3.

3. IfX; € C;/ 2 and ¢, is an iid sequence satisfying Elel] = no* < oo, then

COV (INX(Wj)»INX(wk))
2h(w;)2 +O(1/VN)wj=wp =0 orm
h(w;)? +0(1/VN) 0<wj=wp <7 (B.2)
O(N_l) wj # wg

forwj,wy, € 2. The terms O(1/v/N) and O(N~1) are bounded uniformly
inj and k.
4. If X; € C’}/2 and €; is an iid sequence satisfying E[e}] < oo, then

Cov (INx(w]')z, INx(wk)2) = O(N_l) Wy # Wi (B3)
for wj,wi € 2y. The term O(N~1) is bounded uniformly in j and k.

Proof. For proofs of the first three assertions see Priestley [75] theorem 6.1.1
and Brockwell and Davis [10] theorem 10.3.2 (for the second and the third
assertion: note that equation 10.3.4 in the cited literature implies that the first
extension (4.15) of the periodogram is used). A proof of the last assertion is
now given. Let

Eleter—i€t—j€t—k€s—1€4—m€t—n€t—p]

(Mg i=j=..=p=0
M6M2 ’i=0,]=k= =p
MsMzi=j=0k=l=m=n=p
M} i=j=k=0,l=m=n=p
:<M4M22 i=0,j=kl=m=n=p (B4)
M2M, i=0,j=k=Ilm=n=p
M 1=0,7=kil=mn=p
L 0 else
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where My, := E[ef] (so for example My = 02). The less restrictive condition
for a non-vanishing expectation is the last one (i = 0,5 = k,l = m,n = p)
since it involves four constraints only (whereas all others imply five or more
constraints). Since

Cov (Inx(w;)?, Inx (wk)?) = (3\724 ()

the first six moment restrictions above all induce O(1/N)-terms for the covari-
ance (because the remaining degrees of freedom are of order O(N3)). There-
fore, the last restriction is the only one which results in an O(1)-term in the
expression E[Iyx(wk)2Inx(w;)?) for the covariance. Now consider

E[Inx(w;)*Inx(w)’] = E

i1=1 ’i2=1 1,8=1 k=1

exp(—iwj (il — 19 + 13 — 24)) exp(—iwk (i5 —tg + 17 — Zg))]

_M2 N Z]:: é i [Z II ( > bibipg- 1)_“,(2,")“)}

3 P m=1 \l=-o0

exp(—iw; (i1 — 12 + i3 — 14)) exp(—iwk (is — i + 17 — ig))
+0(1/N) (B.6)

where the terms which do not correspond to My in (B.4) are collected in the

O(1/N)-term and Z H < Z bibip i 1)—1P(2m)+l> is the sum over all ad-

P m=1 \l=—oc0

missible permutations P of the integer set {1,2,...,8}. The set of admissible
permutations is defined by all pairwise combinations of €;’s appearing in M4
n (B.4): there are 7 x 5 x 3 = 105 such permutations.

It is shown in Brockwell and Davis [10], p.349, that the permutations cor-
responding to ‘cross-products’ (for which there exists an m such that 1 <
P(2m —1) < 4 and 5 < P(2m) < 8 or for which 5 < P(2m — 1) < 8 and
1 < P(2m) < 4) lead to terms of order O(1/N) if w; # wg. The proof is
reproduced here. Assume for simplicity that P(2m — 1) = 1 and P(2m) =5
(analogous proofs apply to all other ‘cross products’). Then

N N
Z Xi1 exp(—iile) Z Xis exp(—ii5wk)

i1=1 is=1

N oo
Z Z bm i5— 11+mexp( (leJ +25wk))

||
Mz

.

i1

Mz

i

s=1lu

R(u — s) exp(—i(sw; + uwg))

Il
—
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N N-u
= Z R(s) exp(—tisw;) exp(—iu(w; + wg))

N-1 N-s
= R(s) exp(—iswj) Z exp(—iu(w; + wk))

s=0 u=1
-1 N

+ Z R(s) exp(—isw;) Z exp(—tu(w; + wg)) (B.7)
s=—N+1 u=l-—s

where R(s) is the autocovariance function of X;. For w; # wy, the orthogonality
relations (4.3) imply

N—
Z exp(—iu(w; + wg))
u=1
N N
= Zexp(—iu(wj +w)) — Z exp(—tu(w; + wg))
u=1 u=N-s+1
N
=10 — Z exp(—tu(w; + wg))
u=N—-s+1
<s
for0<s< N -—1and
N
> exp(—iu(w; +wk))| < sl
u=l-—s

for —N + 1 < s € —1. Therefore, (B.7) is bounded by
Y [R@)Isl < NY2 Y R(s)] Is[*?

[s|<N Is|<N

— O(N1/2)

which implies that

N N
Z X, exp(—itiwy) Z Xy exp(—iig,wk)} = Q(NY/?)

i1=1 is5=1

Note that this result is independent of the signs of w; and wy. Therefore,

[Z Xi,, exp(—iimw;) Z X;,, exp( iinwk)} = O(N'/?)
im=1 in=1

for all ’cross products’ 1 < 4, < 4 and 5 < i, < 8 (or 5 < 4y, < 8 and
1 € i, < 4). Note also that ‘cross products’ must appear pairwise for the
admissible permutations. Thus
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LS9 385 ) | o Tm——

11—1 1,2 1 ls—l l=—0c0

exp(—iwj(zl — iy + 13 — 14)) exp{—iwy (i5 — i + 17 — i3))
= 13 E oo v o)
= O(1/N)

for each permutation P enabling ‘cross products’ (where the two O(N/2)-
terms correspond to at least one pair of ‘cross product’ terms). As a result,
(B.6) becomes

E[Inx (w;)*Inx (wi)?]

et & 4 oo
2 N4 Z 2:1 Z [Z H (Z blbiP'(zm—l)—"P'um)H)]

is=1 LP’em m=1 \I=—co
exp(—iw;(i1 — 2 + i3 — 14)) exp(—iwg (i5 — @6 + i — is)) + O(1/N)

where the permutations P’ belong to II, the set of admissible permutations
which do not involve ‘cross-product’ terms. However, the resulting O(1)-
expression exactly cancels with the corresponding O(1)-expression for

E[Inx(w;)*|ElIn x (wk)?] (B.8)

since for the latter the set of admissible permutations is identical with IT
(i.e. all admissible permutations without ‘cross product’ terms). The other
non-vanishing term in (B.8) involves El[ef] and is of order O(1/N) because of
the constraint ¢ = j = k = 0 in E[e;€,45€14 €145 (implying only one remain-
ing degree of freedom). The latter statement is also proved in Brockwell and
Davis [10], equation 10.3.17 (note that the right hand side of 10.3.17 should
be O(N~!) instead of O(N~2) because one degree of freedom is left in the
sum 10.3.14). This completes the proof of the theorem. D

The following corollary presents a useful result needed in deriving approx-
imations in particular proofs for the DFA.

Corollary B.3. Let the assumptions of the preceding theorem, second or third
claim, be satisfied and assume g(w) is a bounded function. Then

o [N/2] I [(NV/2]
= Y. g Inx(w) = N > glwr)h(wr)+rn  (BY)
=—[N/2] k=—[N/2]

where Ty = o(1) (second claim) or ry = O(1/v/N) (third claim).
Proof.
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(N/2) [N/2]

S glnvx(r) =2 S glwr) (Bllnx(wn)] +m)

k=—[N/2] k=—[N/2]

2m

Consider now

o (N/2] An? [NV/2]
Var | = > glwr)vk =Nz > g(wr)*Var(v)
k=—[N/2] k=—[N/2]
A (N/2] [N/2]
+W Z Z g(wi)g{w;)Cov(vy, vj)
k=—[N/2] j=-[N/2}.i#k

i 12 v
< gl Y Var)+ Y Y. [Cov(uk,uy)
k=—IN/2] k== N/2] 5= [N/2].d%h

o o(1) second claim
=N =1 O(1/N) third claim

where ||g||oo := sup(|g(w)]|) and the last equality follows from (B.2). Therefore

o [(NV/2] o (v/2]
~ D> glwn)Inx(wi) = ~ > 9w ElInx(wp)] + Ty
k=—[N/2] k=—[N/2)
o (N/2]
=5 2 @) (hws) +7R) +ry
k=—[N/2]
[N/2]
Z g(wr)h(wk) + 7N

k=—[N/2]

27

where 7% = o(1) (second claim), see (B.17) below or r% = O(1/VN)
(third claim), see (B.18) below. In the last equality rxy = O(1/v/N) (third
claim) follows from the boundedness of g(-) and the uniform approximation
of E[Inx(wk)] by h(wg). This completes the proof of the corollary. O

The next theorem proposes results for Zx x(wx) which are usefull for de-
riving proofs in the case of integrated processes. Some of the assertions could
not be found in the literature so that extensive proofs are provided.

Theorem B.4. 1. Assume X; € CY, ¢ is an iid sequence and h(w) > 0.
Then real and imaginary parts of the discrete Fourier transform Sy x (wg)
(see (4.1)) converge in distribution to two independent gaussian random
variables with mean 0 and common variance h(wg)/2 for all w, € 2y. If
w; # w; then the corresponding ordinates are asymptotically independent.
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2. If X; € C'}/ ? and € is a white noise sequence (not necessarily iid) and
wj,wi € f2n, then

, “1/2) . —
Cov (Enx(w;), Enx(wk)) = {(i;((uj)\,[)_—li-/zC))(N 7 :j £ :*:’:dk (B.10)

where the terms O(N~1/2) are bounded uniformly in j and k.

3 If X, € CY? and €: s o white noise sequence (not necessartly iid) and
|w—A| >0, then

us

Gov (Ex (), Sxx W) < VAR g —y7 + OV ™) (B.11)

where the extension (4.16) is used (for Snx(w)).
4.0 IfX; € C’? then
J\}im Var(Znx(w)) = h(w)

o IfX.eCy” then

Var(Enx(@)) = h(w) + O (\—/—lﬁ)

uniformly in w.
o If X; € C} then

Var(Enx (@) = hw) + O <—1°gJS[N ))

Proof. For X; an iid sequence, the first assertion follows from equation 10.3.8
in Brockwell and Davis [10] (note that equation 10.3.4 in the cited literature
shows that extension (4.15) is used for the discrete Fourier transform Enx(+)).
For MA-processes, this result together with (4.19) proves the first assertion
for the general case.

In order to prove the second assertion assume first X; = ¢; is a white noise
process. Then

Cov(Enx(w),Enx(\) = E[Enx(w)Enx (V)]

N N
1 , ,
= 277_NE Lg; €t exp(—itw) ; €: exp(itA)
2 I
= 57}7-\[— Z_:exp(—zt(w - )\)) (B12)

2 B.13
o o (B.13)

{ 0 fw=wj#w=2X
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where the last equality follows from the orthogonality relations (4.3). For MA-
processes this result together with (4.19) proves the second assertion.

In order to prove the third assertion, assume X; = ¢; is a white noise process.
Then

—exp(—iN({w — A))

(=it = A) N (1 —exp(—i(w — A)))
2
= NTL = exp(—i@ = V)
m
< m (B.14)
Inserting this result into (B.12) :
L
= = <Z_T _
|Cov (Enx (W), Enx (W) < 5= Nio =N (B.15)

For X; = > po _ o bre—k € C}/2 define B(w) := > po . brexp(—itw). It
follows that

[Cov (Enx (@), Evx W)| = | E [B@)Zn @) BOEN V) | + O(N-172)
= |BW)BO)| |Cov Ene(w), Ene(V)| + O(N /)
MW =57 | +O(N 1/2y (B.16)

where the first equality follows from (4.19) and the inequality follows from
(B.15) and (A.10). The proof readily extends to the case E[X:] = u # 0 with
obvious modifications.

In order to prove the last assertion, note that X; € C’? implies that the
spectral density h{-) is continuous, see proposition B.1. It is then shown in
Priestley [75], p. 416-418, that limy—_co Var(Snx (W) = h(w). If X, € C3/2,
then (4.19), (A.10) and (B.13) (the case w = X) imply that Var(ZEnx (w)) =
h{w)+ O ( L ) uniformly in w (because the bound for the convolution error

in (4.19) does not depend on w). If X; € C} and ¢, is an iid sequence, then
Var(Enx(w)) = h(w) + O (log{N)/N), see Priestley [75], equation 6.2.12.
Since Var(Enx(w)) only depends on the first two moments of ¢, this result
straightforwardly extends to white noise sequences (not necessarily iid ran-
dom variables) which completes the proof of the theorem. 0O

The bias of the periodogram is analyzed in the following corollary:
Corollary B.5. ¢ If X, € C}) then
A}im E[Inx(w)] = h(w) (B.17)
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o IfX,€Cf” then

Ellyx(@)] = hw) + 0 (\/LN_> (B.18)

uniformly in w.

o IfX;€C} then
ElInx(w)] =h(w)+O (l?.g]@) (B.19)

Proof. A proof immediately follows from the last assertion of theorem B.4 by
noting that E[Enx(w)] =0, i.e. Var(Enx(w)) = E[lInx(w)]. O

B.2 Periodogram for Infinite Variance Stationary
Processes

Assume the process X, satisfies

M, <0, u<a

o u>a (B.20)

Bl = {
For @ < 2, X; is a process of infinite variance. Often, a distribution F,(-)
of the random variable X; (satisfying (B.20)) is considered such that it is
invariant (up to proper scaling and translation) under arbitrary summations
of the random variables X;. That means that

C+d Z tht i Fa(')

t=—00

where £ means equivalence in distribution and ¢ and d depend on b;. Such
processes are called a-stable processes and « is called the characteristic expo-
nent of the distribution F,(-), see for example Embrechts et al. [28], chapter 2.
If F,, () is symmetric, the corresponding process is called symmetric a-stable
or simply sas. One can show that F(-) is the gaussian distribution (and hence
it is symmetric), see Embrechts [28], theorem 2.2.3. The results proposed be-
low can be extended to non-symmetric and non-stable distributions but this
would require more technical assumptions and more complicated notations.
In the following two sections, MA-processes and suitably defined second or-
der moments, spectral densities and periodogram estimates are proposed and
analyzed.

B.2.1 Moving Average Processes of Infinite Variance

A straightforward generalization of MA-processes of finite to infinite variance
is given by the following definition.
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Definition B.6. The class of so called MA,-processes is defined by

o0
X = Z brZi—i (B.21)

k=-o00
where Z; is an #id sequence of sas random variables.

A necessary and sufficient condition for the existence (stationarity) of X; is

given by
oo}
Z |bk|a < oo

k=—00
see for example Embrechts et al. [28], p.378. Obviously, for @ = 2 the tradi-
tional stationarity assumption results. In particular, X; is distributed accord-
ing t0 Z; (3 pe _ oo bx[%) Ye (because of the stability of the distribution of Z;,
X is itself an sas random variable).

For such a process the main theorems A.1 and A.4 are no more valid.
Although a formal extension of (A.2) to the class of so called harmonizable
processes is possible (see for example Rosinski [79] : Z(w) in (A.2) then be-
comes a so called sas-random measure) this generalization suffers from the
fact that the class of harmonizable processes does not even contain the MA,-
processes of definition B.6, see Rosinski [79]. However, decompositions are still
possible for suitably normalized moments. The latter are introduced in the
following section.

B.2.2 Autocorrelation Function, Normalized Spectral Density and
(Self) Normalized Periodogram

It is assumed that the coeflicients of X; in (B.21) satisfy

Z |bx|°k < 00, where

k=—o00
f=1ifl<a<?2 (B.22)
f<aifa<l

Define the sample autocorrelation 7#(-) by

R(k) _ E?:lk XiXisk

=50~ """

and the theoretical autocorrelation by

D je—oo bibitk

r(k) = E;i_oo b?

(B.23)
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Theorem B.7 (Estimation of the Autocorrelation Function). Assume
that X; is a MA, process satisfying (B.22) and assume also that the distribu-
tion of Z; is sas. Then for each m

N 1/ R ) J
(W) (T(l) - T(l)’ ) T(m) - T(m)) - (1/1, oy Yon) (B.24)
where Yy, := Z;;{T(k +i)+rlk—3) - 2r(j)r(k)}% and where Uj, j >0

are independent stable random variables.

A proof of this theorem can be found in Brockwell and Davis [10], theorem
13.3.1. As an immediate consequence

-1/
(k) = (k) + Op ({ﬁ}—)} ) (B.25)

for m = 1, where the symbol Op (1) means boundedness in probability, see for
example Brockwell/Davis [10] chap.6.

Remark

e Although second order moments do not exist if @ < 2, (B.23) is well
defined and evidently corresponds to the (linear) dependency structure
of the process X; in the form of its (properly defined) autocorrelation
function.

Definition B.8. The normalized spectral density of a MAg-process X; is de-
fined by

oo . 2
1 = . 1 IZk:—oo by eXp(_lkw)l

)= — r{k) exp(—ikw) = — = B.26
e 3 rihep(iky) = 5 R (8.26)

The normalized periodogram is defined by

2

Inx(w) = 7 /az Z(Xt X) exp(—itw) (B.27)
The self normalized periodogram is defined by
2
: 1 [EiL (X - X) exp(-itw)|
INX (w) = (B.28)

27T Zt:l (Xt X)2

The last definition may be motivated by
o the fact that « is generally unknown in (B.27) and
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o that N-2/a™N x2 4 %% 120, where Gy is a positive a/2 sta-
ble random variable. Hence the normalization in (B.28) ”stabilizes” the
estimate, see for example Embrechts et al [28], p.390.

Theorem B.9 (Convergence of the (Self) Normalized Periodogram).
Assume that Xy is a MA, process satisfying (B.22) and assume also that Z,
is sas-distributed. Suppose f(w) > 0, Yw. Then

e for arbitrary frequencies 0 < wy < ... < wpy, < 7,

Inx 1), ooy Inx (Wm)) > (FW1)VA, oo, Fwm)V2) (B.29)

where V; are dependent sas-random variables.
o for an arbitrary frequency w

Ivx (@) % fw)(1+T(w)) (B.30)

where P[1 4+ T(w) > z] < exp(—cz), > 0 where ¢ is independent of the
(sas) distribution of Z;, E[T(w)] = 0 and Cov(T'(w),T(w')) =0, 0 <w #
w' <.
A proof of these results can be found in Kluppelberg and Mikosch [58] and
[59]. The close relationship to the finite variance case is revealed by the sec-

ond claim. Note however, that different periodogram ordinates are no more
independent, see for example theorem 7.4.3 in Embrechts et al. [28].

The above results allow a formal extension of the direct filter approach to
input processes of infinite variance. In the following section, properties of the
periodogram for non-stationary integrated processes are analyzed.

B.3 The Periodogram for Integrated Processes

Theorem 4.10 has been presented in chapter 4. A complete proof is provided
here.

Theorem B.10. Let X; and X, be defined by (4.30) i.e. X, € C?, E[X,] =0,
Z = exp(iX),h(}) > 0 and let
N1 = {wk |wk = k27 /(N +1), |k| =0,...,[(N +1)/2]}

For w ¢ Q2n41 define the periodogram Iny1x(w) by (4.16) and use a similar
extension for the discrete Fourier transform En41x(w).

o Ifwg# A then

- 2
_ l:’N—f—l)'((wk) - V|
|1 — Z exp(—iwg)|?

Inyix(wi) (B.31)



B.3 The Periodogram for Integrated Processes 247

where the random variable v = ZNT1Ey 5 (X) is independent of wy.
More precisely, suppose |wx — M| > /(N +1). Then

IN+1X(wk) = |1 — exp(—%}fwk — ’\))|2 (B32)

where the random variable ¢, satisfies

Jm_ BlGu]) = ) + he)

If €; is an tid sequence and w # W', both different from X, then

_—
Jim Covl Gl = { i A0 (B.33)

IfX, e C}/ 2, then the approzimation for the first moment becomes :

ElCu]
R(N) + h(wy) + O(1/VN) if X € 2n41
=9 . (B.34)
() + b)) (1+0 (7myy) ) +ONT2)  else

IfX; e C’? and A € 2541, then

Ing1x(N) = (N +1)%Cy where lim E[(3] = R(A\)/3  (B.35)

Proof. Consider:

Inpix(w) =
1 i ’
m ; Xt exp(—ztw)
2
1 N [+
= —— VAD. OO —it
2(N + 1) g (Z:O t a) exp(—itw)
2
1 N [N-t
=X 79 exp (—i(j + 1
sy o (S i)
2
1 N N-t
=—— X —it YA —ij B.36
2 1) | 2 P (ite) (}; exp( Uw)) (B.36)
_ 1 ix (=it )1 — ZN=tHlexp(—i(N — t + 1)w) ’
~2n(N +1) — teXpLTaw 1 — Zexp(—iw)
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1 1
" 1= Zexp(—iw)|? 2n(N +1)

N

> Xeexp(—itw) — ZM* exp(—i(N + Lw thz—
t=0
|E 15 W) — ZN* exp(—i(N + Dw)Ey 1 2 )\)}

= |1 — Z exp(—iw)|? (B-37)

If w € 2n41, then exp(—i(N + 1)w) = 1 which proves the first assertion. The
first moment of the periodogram satisfies

- = N+lz 2
11— Zexp(—iwk)PE D:N+1X(w’“) ~ 2N Ey 1z ()] ]
1
= E Iy
|1 — Z exp(—iwg)|? ( [Ty 1% (@r)]

ElInyix(wk)] =

—2Re (E [5N+1X(wk)m]> +E [IN+1X' ()‘)] )

1
- |1 — Z exp(—iwg)|?

(E(A) + h(wg) + Ry + 2RN)

where
o limy_o Ry = 0or Ry = O(1/VN) or Ry = O(In(N)/N) according to
(B.17) or (B.18) or (B.19), depending on whether X; € C3 or X € C’;/z

or X; € C}.
e From (B.10) respectively (B.11) one deduces
O(N_l/z) AE N
Ry| < VY -
|Rn| VAV ) gy +OV%) else

In order to verify the assertion for the second order moments, let w # w' be
two arbitrary but fixed frequencies different from A. Then

Jim |1 Z exp(—iw)[*|1 = Z exp(—ie)*CovlIn+1x (W) In+1x (w')]
—00

= A}im Cov [{INH;((w)

—00

~2Re (S 15 VTSRV + D) Ey 12 00) + Isax )}

{IN+1}'((°‘/) —2Re <5N+1X (W’)ZNH exp(—i(N + 1)“")5N+15{()‘))

12 (A) H (B.38)
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= I}Enm Var(Iy,,%(A)

_ [2rO)2 A =0,
T A(N)? else

where in the first equality (B.37) is used and the second equality follows from
the asymptotic independence of £y, 3 (w) and Ey ; 3 (w’), see theorem B.4.
In order to prove the third assertion set wy :== A which, inserted into (B.36),
leads to

2

N
Inpix(\) = m SR (N 41— 1) exp(—itA)
t=0
N 2
:(N+1)22 (1\;+1) > X, (1~ Ni_1>exp(—it)\) (B.39)
t=0
N N
9 ~ = t
(N +1)*3 (N+1);§ tXu(l —+—1>( - )cos((t—u))\)

see for example Priestley [75], p.399 for the last two equalities above. Using
the approximations

N, MM+l M

> 5 and

t

o
[=}

§t2= MM+1)(M+2) MM+1) M

3 2 3

one obtains

1 N—|s|

t t+|s|
N+1 ; (1 N+1> (1 N+1)

L1 (N —1s])?  Isl(V —1s])
" N+1 <(N_ISD_ 2N+1)  N+1
(N —1s)? (N =1s])® | [sl(V —s])?
I OEDRECE A TCEDE )

_1 sl
_3+O<N+1)
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Thus

Bllunx O] = (V#1723 R (3+0(507)) coston

s=—N
N
~ (N + 1)2%% Z R(s) cos(s))
s=—N
~ (N + 1)2@ (B.40)

The first equality follows from E[X;] = 0 (recall the discussion concerning
(4.30)). The assumption X; € C} implies 332, |R(k)| < o0, see (4.18). There-
fore, the first approximation follows from Lebesgue’s dominated convergence
theorem and limy 00 O(]s|/N) = 0 for all s. The second approximation again
follows from the absolute summability of the autocovariance function, which
completes the proof of the theorem. 0O

Remarks

As was seen in (B.31), the bias of the periodogram (see (B.34)) depends
on the discrete Fourier transform of the differenced signal at the unit-root
frequency A. As well, (B.31) implies that different periodogram ordinates
are correlated (through the common random variable v), see for example
(B.33). Note that a dependence structure of periodogram ordinates was
already observed for stationary processes of infinite variance, see theorem
B.9.

Theorem 4.8 does not apply here, since the filter coefficients of 1/|1 —
Z exp(—iwg)|? never decay (or, equivalently, the MA-coefficients of X
never decay). It is thus the ‘long memory’ of the integration operator
which makes periodogram ordinates biased and correlated.

The interpretation of the random variable v is fairly easy : for finite samples
its purpose is to replace the singularity of the theoretical pseudo spectral
density h(w) at A by

lim IN+1x(wk) o~ N2M
Wr—A 3

This reflects the finite sample information about the true integration order
1 as given by the periodogram.

Equation (B.39) reveals that the periodogram at X is obtained by ‘taper-
ing’ the series X; (see for example Priestley [75], section 7.4.1 or Cooley
and Tukey [19]), i.e. by replacing the original data X, by X.h, where the
sequence of constants h; :=1—¢/(IN + 1) is called a ‘taper’. The effect of
a taper essentially consists in reducing bias and increasing variance of the
spectral estimate for A()\).
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The following corollary proposes a result needed for ‘unit-root’ tests, more
precisely, for testing conditions of the type (5.22) (whose importance is as-
sessed empirically in section 7.2). For that, assume A = 0 in theorem B.10 so
that X, = X; — X,_ is stationary. The random variable ¢, defined in (B.35)
(where A = 0) can be represented as (y = 72 where

1 X
o :=m;){t(1—t/1\/) (B.41)

see (B.39). The dependency of 7o and = 5 (wk) is analyzed in the following
corollary.

Corollary B.11. Let the assumptions of the preceding theorem B.10 be sat-
isfied and assume that the unit-root of the process X; is located at frequency
zero so that X; — X1 =X, € C’}J i.e. A=0. Then

o) +0(1) wg =

Cov [no, En 3 (wi)] = (B.42)

1
- (A + 0(1)) we = o(1) # 0
where 1o 1s defined in (B.41), ¢ is the tmaginary number and k = [N/2)wy /.

Proof. By assumption wy = o(1). Assume first, wi # 0. A proof then follows
from

N N
1 . 1 .
E 1-t/N X exp(—iwgt
T 2 X~ t/N) e D K expl—in )]
1 N N
_ P, _ ! _ 3 !
=5 ;zl t’E 1R(t t')(1 — t/N) exp(—iwyt’)

N-1 N+min(0,s)

:ﬁ ) S R(s)(1 —/N) exp(—iw(t — 5))

s=—(N-1) t=max(0,s)+1

1 N-1
= 5N Z R(s) exp(iwgs)
s=—(N-1)
N+min(0,s) 1 N+min(0,s)
exp(—iwgt) — N Z texp(—iwgt) (B.43)
t=max(0,s)+1 t=max(0,s)+1
1 N-1
=5 R(s) exp(iwgs)
s=—(N-1)
1 N+min(0,s)
X Z texp(—iwgt) + o(1) (B.44)

t=max(0,s)+1
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where the last equality follows from

e the bound
1 N+min(0,s) 1 |
m— Z exp(—iwkt) = mZexp(—iwkt)
t=max(0,s)+1 t=1
_ s
— 27N

see the orthogonality relations (4.3) :
e the absolute summability of the autocovariance sequence R(s)
¢ and Lebesgue’s dominated convergence theorem.

If s > 0 then

(B.45)

1 —iNwyg) — exp( iswy)
N 6w (1 — exp(iwy)) .
1 [ —iNexp(—iNwy) + is exp(—iswy)
N (1 — exp(iwk))
(exp(—iNwg) — exp(—iswk))iexp(iwk))
(1 — exp(iwg))?
1 (—iN + is exp(—iswy)
(1 — exp(iwg))
(1 — exp(—iswy))i exp(iwy)
T A e (iwn)? )
_ 1l —iN + isexp(—iswg) + O(s)
N (1 — exp(iwg))
_ 14+0(s/N)
" (1 — exp(iwg))

(B.46)

If s < 0 then

N-|s|

1
Z texp(—iwgt) = i

|

(B.47)

z|
S

()

N-|s|
Z exp(—iwgt)
t=1 wew

0 exp(—i(N — |swr) — 1

w (1 - exp(iw))

2|~

=1

W=wy
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_ —i(N — |s]) exp(—i(N — |s|)wi)
N (1 — exp(iwk))
 (XP(=(V — Isl)ur) ~ i exp(iw)
(1 — exp(iwg))?

- 1 —i(N —|s])

= exp(’&lslwlc)zjv— (mm

(1- exp(—ilslwk))ie’(p(iwk)>
(1 — exp(iwg))?

— exp(ils|we)is —iN +1is + O(s)
= GxpUlsiwR)t N (1 — exp(iwg))
B ] 1+ 0O(s/N)
= exp(i|s|wi) = exp(ion)) (B.48)
Inserting (B.46) and (B.48) into (B.44) leads to
N .
—— Y X(1-t/N)—=—= Y Xy exp(—iwxt’
N; (1t )\/W; v exp(—iwg )}
1 N-1 ~ 1 N+min(0,s)
=N Z R(s) exp(iswk)-ﬁ Z texp(—iwgt) + o(1)
s=—(N-1) t=max(0,s)+1
1 & 1+ 0(s/N)
=——_S"R s ) e O/ LY)
2N ; () exp(iswi) (1 — exp(twk))
-1
1 ~ 1+ 0(s/N)
s R(s) 75 +0(1)
2rN =1 (1 — exp(iwg))
1 1

"~ (1 —exp(iwy)) 2N

N-1 -1
X (Z R(s) exp(iswy) (1 4 O(s/N)) + Z R(s)(1 + O(s/N)))

=0 s=—(N~1)
+o(1)

o) -1
= 1 (Z s) exp(iswg) + Z R(s (1))

(1 — exp(iwg)) 2N po o

o0

1 1 .
— (1 — exp(iwk)) 2r N (s_z: R(S) + 0(1)>

=-00
1

= N ot (B(o) + 0(1))

= (k) +o())
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where the fourth and fifth equalities follow from the absolute summability of
the autocovariance function and Lebesgue’s dominated convergence theorem
(using wy, = o(1) so that imy_,o exp(iswg) = 1 for all s in the fifth equality).
If wy = 0 then the left hand-sides of (B.45) and (B.47) can both be approxi-

mated by % + O(s). Note that now

1 N+min(0,s)
— Z exp(—iwgt)| = N — |s]

2N t=max(0,s)+1

in (B.43) so that the corresponding expression becomes

1 X 1 X
EFl—)) X.(1- Xy
N = « )\/27rNt,Z=:1 t}
1 N-1 . N+min(0,s) 1 N+min(0,s)
“mr 2 RO > 1-f > ¢
s=—(N-1) t=max(0,s)+1 t=max(0,s)+1
N-1
1 - N-1
= DR CICEIEEy
s=—(N-1)
1 X -
:5; Z R(s)/2+0(1)
1) ) +0(1) (B.49)
5 )

This completes the proof of the corollary. O

Remark

e The approximation

Cov o, Zpz (r)] =~ ((0) +0(1))

for wg # 0in (B.42) implies that 7 is correlated with the imaginary part of
Sy # (wx) only since the expression on the right hand-side is purely imag-
inary. Therefore, 1y and the real part of the discrete Fourier transforms
are not correlated (asymptotically and for wy = o(1)).



C

A ‘Least-Squares’ Estimate

C.1 Asymptotic Distribution of the Parameters

Assume that the output Y,, of the filter minimizing
E[(Y - Vir)?] (C1)

is known for t =1 —@,..., N — 1 but that the filter parameters are unknown
and are estimated by ‘least-squares’. For that purpose, consider an estimate
based on an ordinary least-squares regression of Y; on f/}_l,r, e Yt_Q,T and
Kiry ooy Xt—g
Q _ q
Y, = Z arYig,r + Z b Xir + AY; (C.2)
k=1 k=—r

Note that the filter corresponding to Y;r is based on ‘future’ Xty ooy Xpgr: it
is thus optimal for estimating Yy _, where N is the end point of the sample
(for 7 = 0 the filter is completely asymmetric). In the following, the subscript
r of Y, is omitted for notational convenience. It is assumed that the signal
Y;, t =1,...N is known too in (C.2) and that the best (unknown) asymmetric
filler minimizing (C.1) is an ARMA(Q', ¢’ + r)-filter say. If Xni1,..., Xn4r
are known too, then N equations are available for estimating the filter pa-
rameters in (C.2).

Remark:

e If Y, is known, then the filter parameters could be determined exactly
since the true error terms AY; would be observable. However, this is not
the point here: what really imports are the properties of the resulting least-
squares parameter estimates or, more precisely, their asymptotic distribu-
tion since it can be shown that the latter coincides with the asymptotic
distribution of the DFA parameter estimates. The above ‘setup’ is artifi-
cial: it is needed for showing that filter parameter estimates of the DFA
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are as good (asymptotically) as the least-squares estimates which assume
knowledge of Y; and Y;.

Assume @ > Q' and g > ¢ in (C.2) and assume cancelling zeroes and poles
of ARMA filters are not allowed. Let b denote the least squares estimate of
the unknown parameter vector b := (a1,...,aQ,b_r,...,by)" in (C.2), where
agi+1 = ... = aQ = byy1 = ... = by = 0 (because the best filter is an
ARMA(Q',q' + 7) and zeroes cannot cancel poles). Denote by Z the N * p-
matrix whose p = @ + g +r + 1 columns correspond to the time series of the
regressors involved on the right of (C.2). Therefore, the least squares estimate
is

b=(z2)"'2'Y (C.3)
where Y’ = (Y7, ..., Yn). Consider the so called ‘projection matrix’
M:=1-2(2'2)"'2

It can be shown that M = M’ and that it is idempotent with rank N — p, see
Theil [88], p.40. Moreover _
AY = MAY

where AY is the vector of least squares ‘residuals’ and AY is the vector of
‘true’ error terms. Note that if @ > @' and ¢ > ¢’ (as assumed), then AY;
does not depend on @ nor on gq.

Assume AY; is stationary (which may be achieved by suitable constraints
(5.22) for example). Assume also for convenience that X;, V; are stationary
too (the latter two assumptions may be relaxed) and define

Wi 1=
2 ke—oo Rap(K)Ry (i — j + k) 1<4,j<Q
ke oo Rap(R)Rx(i—j + k) Q<4i<Q+q+r+Ycy
Y im0 Ry (K)E [?oXk—|j—i|+r+Q+1] else

where R, (), Ry () and Rx(-) denote the autocovariance functions of AY;,
Y; and X; respectively. It is not difficult to show that the (Q + ¢ + 7 + 1) *
(@ + ¢+ r+ 1)-matrix W := (w;;) is symmetric (a formal proof is provided
in the following theorem).

The ‘least-squares’ estimate (C.3) is analyzed in the following theorem.

Theorem C.1. Assume

o I'() € CY and X, € CY is a zero mean stationary MA-process. The white
noise sequence ¢, (of X) is iid and satisfies E[ef] < oo.
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e The best asymmetric filter I'(-) for estimating Yy _, is a stable ARMA(Q',
q' +r) filter. It is assumed that the AR- and MA-orders Q) and q +r used
for the least squares estimate satisfy @ > Q" and ¢+ r > ¢’ +r and that
cancelling zeroes and poles of ARMA filters are not allowed.

Y; and Y, are known fort =1,..,N andt=1-Q,...,N — 1 respectively.
Q := limy—oo(FZ'Z) is strictly positive definite (its existence as a limes
in probability is shown in the proof below).

Then

o The asymptotic distribution of the (suitably normalized) estimated filter
parameters is

VN(b—b) ~ AN(0,Q"*WQ?) (C.5)

where b is the true parameter vector and the elements w;; of the (sym-
metric) matriz W are given by (C.4) and AN means asymptotically mul-
tivariate normally distributed.

Proof. The least squares estimate satisfies
b=b+(Z'2)'ZAY (C.6)

Therefore

.- 'Z\ "t 2 AY
VN(b-b) ( & ) o (©7)
A proof that the matrix Q := limy 7{,—2’ Z exists in probability is for ex-
ample given in Hamilton [45], p.192 and 193 (use ¥; € C} and X; € C9).
Since the inversion is a continuous operator (for the strictly positive definite
matrix Q), Q7! := limy_o(+Z'Z) ! also exists in probability (see for ex-
ample Hamilton [45], proposition 7.3).
Next, the consistency of the least-squares estimate is assessed and second order
moments of the vector Z'AY/ VN are derived. Let zg =Y, for1<i<Q
and z;; := XpyrpQ41—i for i > @ be the (i,¢)-element of the matrix Z’. For
Q@>Q andg>¢

Zb =Y
(this is not true if @ < @' or ¢ < ¢’ since then the best asymmetric filter I'(:) is
no more an admissible solution of the corresponding least squares estimation
problem). Thus the ‘true’ error term satisfies AY; = Y; — ¥;. Using (2.23) and
(2.24) (note that Y; in (2.23) corresponds to Y; here and that Y; in (2.24)
corresponds to Y; here), one deduces

AV, =Y, - Y,
00 o0

o0 o0
= Z Zbﬂk—j €—k — Z Zbﬂk—j €t—k
=0

k=—00 k=—r \j=0
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—r—1 oo
= 2 | by ) @n
k=—o0 \j=0
o0
= ng€t+r+k (C.8)
Moreover
Yioi =3t chXetr—ink = 2o di€tar—i—k for 1 <i < Q
Zit =

Xitr+Qti-i = 2o Ok€tar+Qimi—k fori>@Q

Therefore AY; is orthogonal to the space spanned by the regressors so that
the ‘least-squares’ estimate is consistent. Moreover, it follows that for ¢/ < ¢

ZitZjt Z k€t+rtk E gkft’+r+k:|

E [ZitA?thyAYtr] =F

k=1
t—t'
=E |zuzv Z Grtirih D k€t trik
k=1 k=1
o0 o0
+E |Zizjv Y Gk€itrih Y, Gk€ttrtk
k=1 k=t—t/+1
[ee) [e0)
=FE |zuzjv Y Gk€tersk D, Gk€ttrik
k=1 k=t —t'+1
= Eeuzv] E ng€t+r+k Z gkft'+r+k:|
k=t—t'+1

=F [zitzjt/] RAf/(t —1 )

where R, (t —t) is the autocovariance function of AY;. The third and the
fourth equalities follow from the independence assumption of ¢. Similarly, for
t =t' one deduces :

E [ZitAYthtAYt] = E [zitzjt] Ry (0)

and for t < t:

F [ZitAsztl Aﬁl] =F [Z,'tZ]tl

ngft'+r+k Z kCitr+k

k=t'—t+1

= E [zit2j0] RA;,(t —t')

where use is made of the stationarity of AY; (so that its autocovariance func-
tion is an odd function i.e. R,y (t —t') = R,y (' —t)). Now
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E[zyzjv] =
E [fft_if@,_j] =Ry(t—t +(j — 1)) 1<4,j<Q
E Y iXtyriQrimj 1<i<@,j>Q
E | Xprroe1-iYo-; i>Q,1<j<@Q

EXiyri@r1-iXetrrqui—) = Rx(t -t +(G—1)) i>Q,j>Q

For 1 < 4,7 < @, one obtains

ZAY 7, AY ( N )
= -~ zztAYt Z tAYt
[ VN ¥ E >
N
= N — [k)R Ay (k)Ry (j i + k)
k_ N+1

Z Ry (k)Ry(j — i + k) +o(1) (C9)
k=—o0

where k := t — t’. The last equality follows from Lebesgue’s dominated con-
vergence theorem. In fact, ¥; € C? and AY; € C} imply that R,y (k) and
Ry (k) are absolutely summable (recall (4.18)) so that R,y (k)Ry(j — ¢ + k)
is absolutely summable too as a function of k. Lebesgue’s dominated conver-
gence theorem then implies (C.9). Similar expressions are obtained for i > @
or j > @ by replacing Ry (j — ¢ + k) in (C.9) by the corresponding moments
of E [zitz;i] given above. One obtains

Yoo Bay(K)Ry (5 —i+k) 1<4,7<Q

Y ohe—oo Bap(F)Rx(j — i + k) Q<i,j<Q+q+r+1
(C.10)

Wiy = < oo . . .
SR o Ray(WE [Ty rqaXo] 15i<Qj>Q

L Ez?;-oo Rm'f(k)E [Xk+r+Q+1+(j—i)?0] i>Q,1<;<Q

where k = t—¢' and the matrix W with elements w;; is (up to a negligible error
term) the variance covariance matrix of Z'AY. Note that the expressions for
1<i<@Q,j > Q can be transformed according to

Z RA?(k)E [?k+(j—i)—r—Q-1X0j| =

k=—o00

o0
Z RAp(—k)E [Yk+(j—i)—r—Q—1X0]

k=—oc
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Z R 1'/ [~ ~k—(i— z)+r+Q+1]
k=—00

Y Rayp(WE [%Xk—(j—i)+r+cz+1]
k=—o00

which shows that the last two expressions in (C.10) are identical to

o0
> Rap(W)E [Y()Xk—lj~i|+r+Q+l]

k=—00
Also
o0 o0
S Rap(MRy(G—i+k) = Y Bap(-K)By(i—j~k)
k=-—o0 k=—00
= > Rap(MRy(i—j+k)
k=—00
and

Z R,y (K)Rx(j—i+k) = Z R,y (—k)Rx (i —j — k)

k=—oc0 k=—c0
x>
= Y Rup(k)Rx(i—j+k)
k=—00

’

so that the matrix W is symmetric. It is now shown that is asymp-

totically normally distributed. For that, consider one particular element (say
R

the i-th) of the vector and assume ¢ < Q. Then

A
VN

t=1

_ ig Zt 1 et+'r+k:2 =0 5t+r i—j
VN

Since ¢; is an iid sequence, the process €44k E;io dj€syr—i—; defines a mar-
tingale difference sequence. Therefore

N N o] o]
ﬁ Z Zz‘tAf/t = ﬁ Z (Z IkCtiyr+k Z djft+r—i—j)
t=1 j=

N 00
D=1 Etrtk Ej:o dj€tir—i—j

vN
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is asymptotically normally distributed N(O,anar(f’f_i)), see for example
Hamilton [45], example 7.15, p.194 (note that E[Y?2 ;] = E[Y}?] by stationar-
ity). Since AY; € €9, its coefficients must be absolutely summable. Therefore
the random variable

N [o%9) N 00
- 1 €t gr P Y- P
1 ZzitAYt _ ng D=1 Ettrbk D jo0 i€t J
v t=1 k v

=1

is well defined and must be asymptotically normally distributed too

N oo
\/i]_v S 24 AY; ~ AN (o, ¥ RAf,(k)Rf,(k)>
t=1

k=-—o0

see (C.9) and recall that ¢ < @) is assumed. An identical proof applies if i > Q
with the distribution

N 00
\/—1—1_\7 3" 2 AT, ~ AN (0, 3 Rm;(k)Rx(k)>
t=1

k=—o00

where R (k) and Rx (k) are the autocovariance functions of AY, and X,
respectively. It can be verified that

Z' AY
l——— ~ AN O,I'Wl
VN (0, 1'Wl)

where 1 is an arbitrary @ + ¢ + r + 1-vector and W is given by (C.10). The
Cramer-Wold device can then be used to infer

Z'AY
VN

~ AN (0, W)

As a consequence

~ AN (0,Q*WQ™1) (C.11)

see example 7.5 in Hamilton [45], p.185. Note that E[e}] < oo is required
because otherwise the variance in (C.11) may be infinite. This completes the
proof of the theorem. O

The following corollary is the equivalent of corollary 5.12 for the DFA. It
provides an expression of the decrease of the variance estimate of the ‘least-
squares’ residuals + Ziv:l AY}? due to ‘overparameterization’ (see below).
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Corollary C.2. If the assumptions of theorem C.1 are satisfied, then

N N -1
1 oy 1 2| _ tr(WQ™1) +0(1)
E|% ;:1: AV - & ;:1: AY?| = ~ (C.12)

where tr(') is the trace operator (i.e. the sum of the diagonal elements of a
quadratic matriz) and W and Q are defined in theorem C.1.

Note that W and Q depend on the number of parameters being estimated
since they are (Q + ¢+ 7+ 1) * (Q + g + r + 1) matrices. As in the previ-
ous section the subscript Qg has been dropped for notational convenience.
Moreover, % Zivzl Af’? does not depend on @ nor on ¢ because theorem C.1
assumes ‘overparameterization’ i.e. Q > Q' and ¢ > ¢’ (where @ and ¢’ are
the filter orders of the best ARMA filter I'(-)). Therefore, the right hand side
of (C.12) accounts for the mean decrease of the variance estimate of the resid-

1 N 2 ¢ . oy s
uals « D, AYY? as ‘overparameterization’ arises.

Proof of corollary C.2. A Taylor series development of 1—%,— Zi\;l Af’f ‘cen-
tered’ at the least squares estimate b provides

1 f:m”fz 1 f:Ayut ((B 6y 2% B)) +o(1)
N t=1 N t=1 N

N
_ _le > av? + i (b~ B)QH - 5)) +o(1)
t=1

AY? +tr (Q(B —b)(b B)') +o(1)

I
2| -
M=

o
1]
-

where the first o(1)-term follows from the consistency and the second one
additionally accounts for the convergence of LNZ to Q, see theorem C.1. The
third equality follows from a property of the trace operator, see for example
Theil [88], problem 1.5, p.16. Therefore, neglecting the o(1)-term:

N N
E %mef - %ZM ~tr (QE [(B - B)(B — BY])
t=1 t=1
_w(QQT'wWQTY)
a N
_tr (WQ1)
S )

where the first equality follows from theorem C.1. This completes the proof
of the corollary. 0O




C.1 Asymptotic Distribution of the Parameters 263

The above least-squares estimate requires knowledge of Y; and Y;. Since the
DFA solves the estimation problem without these (unrealistic) assumptions,
it would be interesting to compare the asymptotic distributions of the filter
parameters for the ‘least-squares’ and for the DFA estimates. It is shown in
the following corollary that both asymptotic distributions are identical. For
that purpose assume the parameter set is defined by the ‘traditional’ AR-
and MA-parameters for both approaches (so that derivatives are taken with
respect to the same variables).

Corollary C.3. If the assumptions of theorem 5.10 and of theorem C.1 are
satisfied, then

Q'wqQt=u"tvu! (C.13)

More precisely:

1 1
Q—-Z-UandW—ZV

Proof. In the proof for the last assertion of theorem 4.8 it was shown that

N op /2
Z AYt = —ﬁ Z wg|MNwyg) — (wk)lzINX(wk) +ry (C.14)
=1 k=-[N/2]

where ry = o(1/v/N). The proof is based on the assumptions that the filter

coefficients (here of I'(-) — I'(-)) are in C’ch/ 2 and that X, € C?. Therefore, the
same proof can be used to show that

o TN = 0(1/\/_)

ob; (C.15)
o(1/VN)

ab0b;

provided the corresponding first and second order derivatives of the filter co-
efficients (of I'() — I'(-) in (C.14)) are in C}/ 2, where derivatives are taken
with respect to the parameters of the optimal ARMA filter f(-) (the corre-

sponding modifications of the proof of the last assertion of theorem 4.8 are
not difficult so they are not reproduced here). The latter requirement, namely

that the differentiated filter is still in Cl/ 2 can be verified as follows: since
F( ) is a stable ARMA filter (by a.ssumptlon see theorem C.1) it follows that

0 92 o2
()= TO) = g0 and (1) = F() = gz () are stable

ARMA filters too. Therefore, the derivatives of the correspondlng filter coef-
ficients are in Cf° C C'}/ % as required.

Using (C.15), an equivalence between Q and W can be derived. Specifically,
consider
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qij = lim

1
= N, 255, 96 N 2
(v/2)
10 0 (2 )
= lim >——— | = r
N3 5, b; ( kz%ﬂ}' (W) = I'(wr)| INX(wk)+7‘N)
[v/2)
. 19 8 (|2n . 9
- Jm S (w 3 =) INX<wk>>
v o
12rm o -
=S N Bb;0b; ('F (we) = I (“”“)‘2) Pwr)
=)
L/ Y
2 /_W Foan,; (1) = PP hw)d
1
= 5“”

where the fifth equality follows from corollary B.3 (in the appendix) and
proposition 5.11 is used in deriving the sixth equality. As a result

Q=3U
Next, an equivalence between W and V is derived. Recall (5.58):
P(b) = U(b — b) + O((b — b)?)
where b is the DFA estimate and where

_ o [N/2] o
P(b) = N Z ablp(wk) Iwr)PInx (wi)
k=—[N/2]

0 1n, oy O
=N AN gy

81N, oy
=5ENH(AY;) +0(1/VN)

N
1 N
=2— t§:1: AV,Z, +0(1/VN)

where Z; is the @ + g + r + 1-vector defined by

7. :{ Y 1<i<Q
lt XerQir+1-i @ <1< Q+q+r+1
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Comparing (5.60) and (C.10) implies that
W = iV
It follows that
Q'WQ ™ = 2U‘1iV2U‘1
=Uu-'vu™!
which completes the proof of the corollary. O

Remarks

® Asaspecial case of theorem C.1 consider the ‘classical’ regression assump-
tion, i.e. AY; is an iid sequence. Then (C.4) becomes

RAy(0)Ry (5 — 1) 1<i,j<Q
wij 1= R,y (0)Rx(j —9) R<4,j<Q+q+r+1
R,y (0)F [Y0XT+Q+1—|j—i|)] else

Therefore W = R ,;(0)Q. Setting a2m~, := R 44(0) one obtains
VN(b -b) ~ AN (0,6%,Q7")
and
- N = ‘N T 2 —_
Jim B [N(b ~b)Q(b - b)] = tr (62,QQ™")
= pa2A}~, (C.16)

which are the well known ‘classical’ regression results. If the regressors
where deterministic, then these results would be true for finite sample
sizes too.

e Theorem C.1 requires X; € C} and I" € C} whereas theorem 5.10 assumes

the stronger restrictions X; € C’}/ 2 and I € CY/*. This is because Y; is not
assumed to be known in theorem 5.10. Therefore, stronger assumptions are
needed too ensure that the convolution |I'(-) — I'()|2In x (-) is ‘sufficiently
close’ to (the unknown) Iyay(-).

e The assumption E[ef] < oo is necessary for deriving a finite expression for
the variance of the least-squares estimate b in the proof of theorem C.1.
For the more ‘traditional’ case of independent Al?t, which is extensively
treated in the literature, it is often assumed that Efef] < 0o, see for exam-
ple Hamilton [45], case 4, p.215. However, this is insufficient for deriving
expressions for the variance-covariance matrix of the resulting estimates,
because the former involves 8-th order moments.
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C.2 A Generalized Information Criterion

Consider first estimation of the parameters in (3.4) (in the time domain ) by an
ordinary least-squares regression of Y; on Y;_4,...,Y;_g and Xyyr, Xpro1, ..
as given in (C.2) i.e.

Q q
=Y aYik+ Y Xk + AY; (C.17)
k=1 k=—r

where Y, t = 1, ..., N and the output (of the best unknown asymmetric filter)
YV;,t=1-0Q,..., N — 1 are assumed to be known, see section C.1. It is again
assumed that the best asymmetric filter I'(-) is an ARMA(Q’, ¢’ + r)-filter,
where @' and ¢’ are unknown.

If the ‘true’ error terms AY; would define a gaussian white noise process (which
they do not for the signal estimation problem), then ‘traditional’ information
criteria could be used for estimating @ and g. A widely used information
criterion is AIC (Akaike’s Information Criterion):

AIC(Q, q) = log(L) + Z(Q‘L%l—) ~ 10g(62) + %V’Z (C.18)

where L is the likelihood functlon and p = Q@ + ¢+ 7 + 1. Also, the sign ~
means ‘proportional to’ and 6 a =1/N Zt _; AY? is the sample mean square
error (for a filter with p parameters) Estimates of @, q are those values which
minimize AIC(Q,q). The success of AIC is due to its simplicity as well as its
interpretation as a ‘maximum likelihood estimation of models’ (which is more
general than maximum likelihood estimation of parameters of a fixed model),
see for example Tong [89], section 5.4.2.

Unfortunately, the ‘true’ error terms AY; are generally correlated for the
signal estimation problem. Therefore &g is not (proportional to) the likelihood
function even if the input process X; is gaussian. Another more general ap-
proach relying on corollary C.2 is proposed here.

Let the assumptions of corollary C.2 be satisfied and consider
t (W 1
I: E AY2 _+ z AY2 I‘ Q ) ( )

N
A comparison with (C.16) shows that (C.19) is a generalization of the well
known regression result

(C.19)

E [AY'AY] - E[AY'AY] = po’y, (C.20)

if AY; are iid and independent of the regressors (which is not true for the
signal estimation problem).
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The right hand side of (C.19) describes the mean ‘loss’ (decrease) of the least
squares estimate AY'AY as Q and/or g increase (because E [A?’ AX?] does

not depend on @ nor on ¢ if @ > @' and ¢ > ¢’ as assumed). Estimation of
Q' and ¢’ may now be based on this result. In fact, adding a suitable penalty
term (growing faster than the mean ‘loss’ (C.19)) to the least squares variance
estimate leads to the general criterion

min (AY'AY + f (i (Q7*W)))

where it is assumed that f(z) > z. Equivalently, estimation of ¢ and ¢ may
be achieved by defining

. AY'AY tr (Q_IW)

where f(z) > z again. This can be seen by the following approximation

AY'AY\ . AY'AY/N - Ru3(0)
1“( N ) # RO+ 310
AY'AY
oy gL LE c.22
NR,y(0) ( )

where the approximation follows from a first order Taylor series development
‘centered’ in R,3(0) = E [AY." A?]. Note that K is constant (it does not

depend on @ or on ¢) so that a minimization of (C.21) provides estimates for
@ and ¢ if f(z) > =z (i.e. if the penalty term increases faster than the ‘loss’
of the least squares estimate). In the situation leading to (C.20) (AY; are iid
and independent of the regressors) (C.21) reduces to

) AY'AY P
min (ln <_N_) +f (N)> (C.23)
For f(x) = 2z this is the AIC-criterion (C.18). However, this particular choice
of f() is in some sense arbitrary. Penalty functions corresponding to AICC

or BIC or SIC can be considered as well (see for example Brockwell and
Davis [10], chap.9).

The results in this section emphasize that the determination of ¢ and ¢
for the ‘least squares’ estimate may be interpreted (by the way it is carried
out) as a generalization of a particular identification approach of the DGP of
X based on information criteria, see (C.23). The generalization is due to the
fact that AY; is not restricted to be a white noise process. Since the expres-
sions (6.2) and (C.19) are identical (see corollary C.3) the MC-criterion (6.5)
may be interpreted as a generalized information criterion too (whose penalty
function corresponds to AICC).
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Note that the expression (C.21) is not of practical interest because the ‘least-
squares’ estimate is based on unrealistic assumptions. The ‘least-squares’ esti-
mate is interesting for theoretical purposes only, since an analysis of its prop-
erties produces more insights into the signal estimation problem as solved by
the DFA.
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Miscellaneous

D.1 Initialization of ARMA-Filters

Suppose X3, ..., X are observed and let

p q
Y;g = Zaklft—k + ijXt_j (Dl)
k=1 j=0
=Y aXex (D.2)

k=—r

At tp := max(p + 1,q + 1) the determination of the filter output Y;, depends
on past filter outputs Yi,—1,Y;,—2, ..., Yz,—p which are generally unknown in
(D.1). Equivalently, Y;, depends on Xy, X_1, X_g, ... which are also unknown
in (D.2). If the poles of the filter are not too close to the unit-circle, then
the MA-coefficients in (D.2) decay sufficiently fast in order to provide good
approximations simply by truncating the representation at the origin ¢ = 1
of the sample. Since one is often interested in estimating the signal towards
the upper boundary t = N (see section 1.5), this simple procedure can often
be applied. An alternative method is to replace Xg, X_1, X_2, ... by backcasts
computed from a model (for example ARIMA) of the DGP of X;. A third way,
based on a suitable initialization of Y3, 1, Yz, -2, ..., Y2y —p, is briefly described
in this section.

Define

.o | X 1<t<N
P ) Xon—t N <t < 2N
Thus the extension X] is obtained by appending the time reversed sample to
the original sample at t = N. The unknown filter outputs ¥3,_1, Yz5—2, ..., Yio—p
are then estimated (initialized) by the outputs Yon_; 11, Yon_so121 - YoaN—tg4p
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obtained by applying the filter to X|. Note that longer samples may be de-
fined in an analogous way by appending the original sample (either reversed
or not, depending on the last orientation of time) to the preceding extension.
In order to start the procedure one may set Y;,_; := X3, 1 = 1,...,p. By
extending the sample this set of initial conditions is ‘forgotten’.

If at least one pole is (very) close to the unit circle then the following procedure
can be used to enhance the above initialization procedure:

Set YViy—i:=Xip—iy i =1,...,0
Replace the almost unstable pole P at time ¢ > ¢ by

Pl::t = Pk(l -+ Dct_to) (D3)

where 0 < ¢ < 1 and D > 0 (eventually adjust the normalization of the
filter at unit-root frequencies)
e compute Y/ from its ARMA representation, replacing Py by F,.

Since |P[;| > P, the initial conditions Yy, —; 1= X¢,—i, i = 1, ..., p are ‘forgot-
ten’ more rapidly.

Initialization procedures relying on the above sample extensions depend on
time reversibility issues: interested readers are for example refereed to section
4.4 in Tong [89] or to Lawrance [61].
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Non-Linear Processes

A stationary linear MA-process admits a representation

Xe=p+ Z brer—k

k=—0

where € are iid. For a non-linear process, ¢; are uncorrelated but not neces-
sarily iid. The first two assertions of the convolution theorem 4.8 show that
the independence of ¢; is not a necessary condition for the asymptotic rate of
decay of T3 (as defined in the proof of theorem 5.3). Therefore, if the process
(AY;)? is ergodic i.e. if

N
Z AY;)? = E[(AY:)?] + N

where rn converges appropriately to zero, then the assertions of theorem 5.3
remain true. The next theorem establishes a formal result.

Theorem E.1. Assume X; € C?, 'eCf,az 1/2 and the first four mo-
ments of ¢ are finite and correspond to moments of an iid sequence. Then

E[|Ry||=0O (\/Lﬁ) where Ry is defined in theorem 5.8.
Proof. 1t is sufficient to show that E[|Ry|] = E[Jrn1+rn2+7ns]] = O(1/VN),
where ry;, 7 = 1,2,3 are defined in the proof of theorem 5.3. It is shown in
the last assertion of theorem 4.8 that E[|rys|] = o(1/v/N). It remains to show
that E[|ry1 + ra2|] = O(1/v/N). Since

1 N

2 2 _
E[(AY:)] - + ;(AY» =TN1+TN2
it is sufficient to prove that the process (AY;)? is an ergodic process with a
suitable rate of convergence of its arithmetic mean (stationarity of the process
is established in proposition E.2 below). Consider
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t=1
L V=2 i
=N 2 1- —) Riay)2(4)
7=0
~ O(/N)

where R ay)2(j) is the autocovariance function of (AY;)?. The last equality
follows from the inequality (E.1) below. An application of Jensen’s inequality
completes the proof of the theorem. 0O

Evidently, corollary 5.4 can be generalized to non-linear stationary input
signals, because its proof bases on theorem 5.3 which has been generalized
already. Therefore, the DFA (5.19) straightforwardly extends to non-linear
processes. Note however that non-linear methods may perform better than
linear filters.

Proposition E.2. Let X;,I'() € C¢, @ > 0 and let ¢, be a sequence of
random variables whose first four moments are identical with the moments
of an iid sequence. Assume also that the requirements of theorem E.1 are
satisfied. Then Y2 (where Yy is the output of I'(:)) is a stationary process
whose autocovariance function satisfies

> [Ry2(R)| k]* < 00 (E.1)

k=—o0

Proof.

oo 2
Yt2 = (MYZ + Z %Q-k)

k=—00

o0 oo
= pis + ol Z e+ 2uy2 Z Cr€r—k

k=—00 k=—00

o0
+ Z CL ck(ef_k —02) + 2€1_% chet_j

k=—o00 i>k
where c;, are the MA-coefficients of Y;. Define
Vg 1= 2Uy2€—k + Ck (ff—k - 02) + 2€i—k Z Cj€t—j
ik
Viej = 4p3207 + 2py2(ck + ¢y ;) Eled] (E.2)

+cxcrsi (Eleg) — 0*) + 40t Z CICI4j
I>k
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The above assumptions imply : E[v ] = 0, E[V},] = Vio, E[ve st ki) = 0
for all ¢,k and all ¢ # 0. More generally, proposition E.3 below shows that

0 i#3
Eviyiktive k] = {ij eiej (E.3)

(note that these results do not depend on t). Therefore

ox
Y2=E[Y?]+ Z ChVek (E.4)

k=—o00

From the moment properties (E.3) it follows that

[o ] oG
Ry2(j)=E Z CkVitik Z CkVs k

k=—00 k=—o00
o
= Z Ch+5Ck Vij (E.5)
k=—00

where Ry2(j) is the autocovariance function of Y;2. Since this result does not
depend on ¢, the process Y;? is stationary. Proposition 4.7 and the assumptions
of theorem E.1 imply ¥; € Cf, so that Y22 |ex|lk|* < oo and Vi is
bounded (as a function of k, j). The boundedness of Vi;, (E.5) and proposition
4.7 then imply

o0
Y 1Bya(R)|[K|* < o0

k=—00

which completes the proof of the proposition. O

Proposition E.3. Let the assumptions of the preceding proposition be satis-
fied. Then

0 i#j

Elveyiprivir] = {ij else

where vy, and Vi; were defined in (E.2).
Proof

It is first assumed that ¢ # j, More precisely, E[vyt; k+;v1,k] # 0 leads to
a contradiction if i # j:

E[Vt+i,k+j1/t,k] =F [{2NY2€t+i—(k+j) + Cktj (6§+i—(kz+j) - 0'2)

+2€1 15— (k+j) Z cl€t+i—l}
I>k+j
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{2,UY2Et-—k +cx (€8 p, — 0°) + 26k Z szt—z}]

>k
=4E | | €tri-(k+) Z CL€t it (ft—kzclft—l) E.6)
I>k+i I>k

All fourth order moments including an isolated e vanish by the assumptions
of the proposition. The following conditions must then be satisfied in order to
obtain squared terms E[e% 2] in (E.6) (which is necessary for Elvyqi py;vk] #
0) :

kE+j—i>k andk+5—i<k

which contradicts the initial assumption if ¢ # 7. If ¢ = j then

Elvsyiprivin) = E <2NY2€t—k + ki (5 — 07) + 2601 Y Cl+i5t—l>

>k

<2MY2€t—k + ¢k (Ef_k - 02) + 26—k Z szt—z>]

>k

= Vi

where Vj,; was defined in (E.2). O
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