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Abstract

This paper investigates the statistical properties of the Kalman filter for state
space models including integrated time series. In particular, we derive the full
asymptotics of maximum likelihood estimation for some prototypical class of
such models, i.e., the models with a single latent common stochastic trend.
Indeed, we establish the consistency and asymptotic mixed normality of the
maximum likelihood estimator and show that the conventional method of infer-
ence is valid for this class of models. The models considered explicitly in the
paper comprise a special, yet useful, class of models that we may use to extract
the common stochastic trend from multiple integrated time series. As we show
in the paper, the models can be very useful to obtain indices that represent
fluctuations of various markets or common latent factors that affect a set of
economic and financial variables simultaneously. Moreover, our derivation of
the asymptotics of this class makes it clear that the asymptotic Gaussianity and
the validity of the conventional inference for the maximum likelihood procedure
extends to a larger class of more general state space models involving integrated
time series. Finally, we demonstrate the utility of the state space model by ex-
tracting a common stochastic trend in three empirical analyses: interest rates,
return volatility and trading volume, and Dow Jones stock prices.
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1. Introduction

The Kalman filter is perhaps one of the most widely used modeling tools, not only in econo-
metrics and finance, but also in such diverse fields as artificial intelligence, aeronautical
engineering, and many others. Under linear, Gaussian, and stationary assumptions, the
asymptotic properties of the filter are well-known, and the technique works quite well. If
linearity is violated, then the extended Kalman filter is a standard alternative. If Gaussian-
ity is violated, then maximum likelihood is instead pseudo-maximum likelihood. As long as
the distribution of the state (or transition) equation has a finite second moment, then the
filter retains some of its optimal properties. See Caines (1988) and Hamilton (1994) for the
statistical properties of the filter and the maximum likelihood procedure. The filter seems
to generate reasonable parameter estimates even when the distributions have thick tails, as
illustrated in Miller and Park (2004).

In this paper, we focus mainly on a violation of stationarity. Many empirical analyses
in the literature use nonstationary data or assume a nonstationary unobservable variable
or vector. The reader is referred to Kim and Nelson (1999) for an excellent survey and
many concrete examples. The properties of the Kalman filter under such assumptions,
however, are not well-known. To the best of our knowledge, no formal theory has yet been
developed for the Kalman filter applied to models with nonstationary time series. Moving
from stationary to nonstationary processes in any model calls into question rates of con-
vergence of the parameter estimates, if not the parameter estimates themselves. Moreover,
the asymptotic theory of the maximum likelihood estimates may diverge from the standard
Gaussian framework. Consequently, a solid theoretical analysis of the Kalman filter with
nonstationary data is needed.

In this analysis, we focus on an important class of nonstationary models, i.e., models
that include integrated time series. More precisely, we consider the state space models
with a single latent common integrated stochastic trend, and analyze the properties of
the Kalman filter to estimate the parameters in these models. For this class of models, we
derive the full asymptotics of maximum likelihood estimation, and establish the consistency
and Gaussianity of the maximum likelihood estimator. The limit theories for our models
differ from the standard asymptotics for stationary models: The convergence rates are a
mixture of v/n and n, and the limit distributions are generally mixed normals. However, the
Gaussian limit distribution theory makes the conventional method of inference valid also
for our models with integrated time series. Though our theories are explicitly developed
for the simple prototypical models, it is clear that the main results in the paper extend to
more general state space models with integrated time series.

The state space models considered in the paper assume that the included time series
share one common stochastic trend. This, of course, implies that there are (m — 1)-number
of independent cointegrating relationships, if we set m to be the number of the time series
in the models. We show in the paper how our state space models are related to cointegrated
models, especially to their error correction representations. We also discuss decompositions
into the permanent and transitory components of a given time series. Our state space
models suggest a natural choice for such decompositions. However, we may also use the
decomposition based on the error correction representations of our models.



We consider three illustrative examples of uses of the Kalman filter to extract a common
stochastic trend. We first take on one of the most common applications in the macroeco-
nomics literature: extracting a common trend from short- and long-term interest rates.
Subsequently, we explore an application which seems popular in the finance literature. We
look at the relationship between stock return volatility and trading volume by extracting
a common stochastic trend from those two series. In the third application, we extract the
common trend from 30 series of prices of those stocks comprising the Dow Jones Industrial
Average.

The rest of the paper is organized as follows. In Section 2, we introduce the state space
model and outline the Kalman filtering technique used to estimate the model. We also
present some preliminary results that simplify the theoretical analysis and are useful in
estimation. We present the main theoretical findings of our analysis in Section 3. Here we
analyze the maximum likelihood procedures and obtain their asymptotics. In particular,
we show that the maximum likelihood estimators are consistent and asymptotically mixed
normal. Section 4 includes some important results on the relationship between our state
space models and the usual error correction representation of cointegrated models. We
also discuss the permanent and transitory decompositions based on our models here. In
Section 5, we present the three empirical applications, and we conclude with Section 6.
Mathematical proofs of our theoretical results are contained in an Appendix.

2. The Model and Preliminary Results

We consider the state space model given by

Y = Port + uy
Ty = Ty—1 + V¢, (1)

where we assume that:

a) Oy is an m~dimensional vector of unknown parameters,
b) (x) is a scalar latent variable,
¢) (y¢) is an m-dimensional observable time series,

) (u¢) and (v;) are m- and 1-dimensional iid errors that are normal with mean
zero and variances Ag and 1, respectively, and independent of each other, and
(e) xo is independent of (u) and (v;), and assumed to be given.

(
(
(
(d

The variance of (v;) is set to be unity for the identification of 3, which is identified under
this condition up to multiplication by —1. The other conditions are standard and routinely
imposed in the type of models we consider here.

Our model can be used to extract a common stochastic trend in the time series (y;). Note
that the latent variable (z;) is defined as a random walk, and may be regarded as a common
stochastic trend in (y;). Here we do not introduce any dynamics in the measurement
equation, and mainly consider the simplest prototypical state space model. This is purely
for the purpose of exposition. It will be made clear that our subsequent results are directly



applicable for a more general class of state space models, where we have an arbitrary number
of lagged differences of the observed time series in the measurement equation.

The model given in (1) may be estimated by the usual Kalman filter. Let F; be the
o-field generated by yi,...,y:, and for z; = z; or y;, we denote by z;, the conditional
expectation of z; given Fg, and by wys and X, the conditional variances of z¢ and y; given
Fs, respectively. The Kalman filter consists of the prediction and updating steps. For the
prediction step, we utilize the relationships

Ttjt—1 = Te—1]t—1>

Ytjt—1 = 51}\15717

and

Wit—1 = We—1e—1 + 1,
Sem1 = w188 + A

On the other hand, the updating step relies on the relationships
-1
Typ = Tyjg—1 + wt|t—1ﬁ,2t|t_1(yt - yt|t—1),
2 -1
Wit = Wjt—1 — wt|t_1ﬂ/2t|t_1ﬁ-

The reader is referred to, e.g., Hamilton (1994) or Kim and Nelson (1999) for more details.
For any given values of § and A, we may show that there exist the steady state values
of wy;—y and X;;_;, which we denote respectively by w and 3. We have

Lemma 2.1 The steady state values w and X exist and are given by

1+/1+4/(B7A15)

w = : (2)
2
5 L+ \/1+;1/(ﬁ/A1B) 85 + A 3)

for any m-dimensional vector § and m x m matrix A.

From now on, we set
u)0|0 =w-—1 (4)

so that wy;_; = w for all ¢ > 1 and becomes time invariant (and therefore, 3;,_; too).
This causes no loss of generality in our asymptotic analysis, since (wt|t,1) converges to its
asymptotic steady state value w as ¢ increases. The following lemma specifies (z;—;) more
explicitly as a function of the observed time series (y;) and the initial value xy. Here and
elsewhere in the paper, we assume (4). To simplify the presentation, we also make the
convention yg = 0.



Lemma 2.2 We have
t—1

(1 =1/ Ay | + (1 = 1/w) g
k=0

ﬁ/Afl
T|t—1 = m

for all ¢ > 2.

The result in Lemma 2.2 is given entirely by our prediction and updating steps of the
Kalman filter. In particular, it holds regardless of misspecification of our model in (1).
In addition to the initial value of wy;_; given by (4), we let

for the rest of the paper. It is clearly seen from Lemma 2.2 that relaxing this simplifying
assumption would not affect our subsequent asymptotic analyses. Note that w > 1, and
therefore, 0 < 1 — 1/w < 1. Subsequently, the magnitude of the term (1 — 1/w)lzq is
geometrically declining as t — oo, as long as xq is fixed and finite a.s.

Let wg be the value of w defined with the true values 8y and Ag of 8 and A. If we denote
by a:g‘ . the value of x,;_; under model (1), we may deduce from from Lemma 2.2 that

Proposition 2.3 We have

t—1 BI A_lutfk t—1
2y =2+ (Lwo) Y (1 - 1/w0)k_1ﬁ = (1= 1/wo) vy
k=1 0°70 =0

for all t > 2.

Proposition 2.3 implies in particular that we have

x?\t—l -z = (1/wo)pi—1 — Gt (6)
where .
= OAg g s
b = Z(l - 1/w0)kw and ¢ = Z(l - 1/W0)kvt—k
k=0 Boo  Bo k=0

asymptotically. If we let (u;) and (v;) be iid random sequences, then the time series (p;)
and (q;) introduced in (6) become the stationary first-order autoregressive processes given

by
BNy !

BoAg lﬂo
g = (1 —1/wo)qe—1 + v¢

= (1= 1/wo)pr—1 +

respectively. As we noted earlier, we have 0 < 1—1/wy < 1.
Now it is clear that (20 Tyl 1) is cointegrated with (z;) with unit cointegrating coefficient,

ie., (:L‘t|t71) and (z;) have a common stochastic trend. The stochastic trend of (z;) may



therefore be analyzed by that of (m?‘ +—1)- It should be emphasized that the result in Propo-
sition 2.3 only assumes our model specification in (1). In particular, it does not rely upon
the iid assumption on (u;) and (v¢). Our result shows that the Kalman filter extracts the
common stochastic trend of (y;) as long as (u;) and (v;) are general stationary processes,
i.e., as long as (y;) is a vector of integrated processes. Unlike (z;), however, (x%t_l) is not a
pure random walk, even if (u;) and (v;) are iid random sequences. The latter deviates from
the former up to the stationary error that is autoregressive of order one. Our results here
assume that the true parameters of the model are known. Of course, the true parameter
values are unknown and have to be estimated in most practical applications. Neverthe-
less, it is rather clear that our conclusions here continue to be valid as long as we use the
consistent parameter estimates.

The result in Proposition 2.3 is valid also for the state space model with the measurement
equation given by

p
Y = Boxt + Z Qp Ay + Uy (7)
k=1

instead of the one in (1). Under this specification, the Kalman filter has exactly the same
prediction and updating steps except for

P
Ytj—1 = Brye—1 + Z DAYk,
k=1

replacing yy;—1 = Bxy;—1. Consequently, Lemma 2.1 continues to hold without modification.
Moreover, we may easily obtain the result corresponding to Lemma 2.2 by substituting (y;)
by (y+ — > p—q PeAyi—), and as a result, Proposition 2.3 holds as it is. This can be seen
clearly from the proofs of Lemma 2.2 and Proposition 2.3.

3. Asymptotics for Maximum Likelihood Estimation

In this section, we consider the maximum likelihood estimation of our model. In particular,
we establish the consistency and asymptotic Gaussianity of the maximum likelihood estima-
tor of the parameter under normality. Note that our model includes an integrated process,
and therefore, the usual asymptotic theory for the maximum likelihood estimation for the
state space model given by, for instance, Caines (1988), does not apply. We develop our
asymptotic theory in a much more general setting than the one given by our model (1) that
is explicitly considered in the paper. As will be seen clearly in what follows, our general
theory established here would be very useful to obtain the asymptotics for the maximum
likelihood estimation in a variety of models including integrated time series, both latent and
observed. Below we first develop the general asymptotic theories of maximum likelihood
estimation which allow for the presence of nonstationary time series, and then apply them
to obtain the asymptotics of the maximum likelihood estimator in our model (1).
We let 0 be a k-dimensional parameter, and define

€t = Yt = Yt|t—1 (8)



to be the prediction error with conditional mean zero and covariance matrix ¥. Under
normality, the log-likelihood function of y1,...,y, is given by

n 1 i
0,(0) = -3 log det ¥ — 5‘51"2 ! ;a‘ts;, 9)
ignoring the unimportant constant term. Note that ¥ and (g;) are in general given as

functions of . If we denote by s, (0) and H,(#) the score vector and Hessian matrix, i.e.,

9La(6)
00

then it follows directly from (9) that

820,(0)

sn(0) = 9000

and H,(0) =

Lemma 3.1 For the log-likelihood function given in (9), we have

n O(vec X' _ 19(vec YD) O¢!
sn(H):—§%vec(E 1)+§(T ( 1Z€tat ) Z tEl

H,(0) = —g [I,.i ® (vec 271)/] [85@20’ ® (vec Z)]
1
T3

/
-1 -1
I, ® (UecE (tzlstfs;) by ) ] [3680’ ®(vecZ)]

G e D
_ Z 8€t 1% — g (I®€22_1) <808;6’ ®5t>
+ 78(02092) (= lex) i <% ® t) + Z (%‘3 ® e > (= len ) %.

t=1 t=1

In Lemma 3.1 and elsewhere in the paper, vec A denotes the column vector obtained by
stacking the rows of matrix A.

Denote by 0,, the maximum likelihood estimator of 0, the true value of which is denoted
by #p. As in the standard stationary model, the asymptotics of 6,, in our model can be
obtained from the first order Taylor expansion of the score vector, which is given by

$n(0) = 5n(00) + Hyu(6,) (én ~ eo) , (10)



where 6,, lies in the line segment connecting én and 6y. Of course, we have sn(én) =0if én
is an interior solution. Therefore, it is now clear from (10) that we may write

VT (0 — 00) = — [v; T H (6,) T ] ™" [y ' T 50 (60)] (11)

n

for appropriately defined x-dimensional square matrices v, and T, which are introduced
here respectively for the necessary normalization and rotation.
Upon appropriate choice of the normalization matrix sequence v,, and rotation matrix
T, we will show that
ML1: v, ' T"s,(00) —q N as n — oo,

ML2: —v YT H, (00) Ty, Y —g M >0 as. as n — 0o
for some M and N, and

ML3: There exists a sequence of invertible normalization matrices p,, such that
vyt — 0 as., and such that

sup
[ASISH

—p 0,

i T (Ho(60) — Ha(00) ) Ty

where ©, = {9 “‘MQT*1(0 — HO)H < 1} is a sequence of shrinking neighborhoods
Of 907

subsequently below.

As shown by Park and Phillips (2001) in their study of the nonlinear regression with
integrated time series, conditions ML1 — ML3 above are sufficient to derive the asymptotics
for #,,. In fact, under conditions ML1 — ML3, we may deduce from (11) and continuous
mapping theorem that

“1/A _ —11 -1 _
v T (0 —00) = — [v ' T Ho(00)Tv V] v T 50(00)] + 0p(1)

n

—g MTIN (12)

as n — oo. In particular, ML3 ensures that sn(én) = 0 with probability approaching to one
and
Vi T (Ho(6) = Ha(00)) Ty =, 0

as n — oo. This was shown earlier by Wooldridge (1994) for the asymptotic analyses of
extremum estimators in models including nonstationary time series.

To derive the asymptotics for s, (), let €9, (0/060')eY and (9/960")vec Xo be defined
respectively as g, (0/96")e; and (0/06")vec X evaluated at the true parameter value 6 of
0. We have

19(vec Xo) _ - " 0eY
sn(0o) = 5(3700) (Z' @ gt vee [Z (D — EO)] — Z 8—520 1ed,

t=1

for which we note that



Remarks We have ¢ = y; — y?‘t_l = ozt — x%t_l) + u;. Then for s, (6y) we have

(a) (£9,F) is an mds by construction and due to (6) with conditional variance X, and
becomes iid N(0, Xy) under the assumption of normality. In particular, we have

Z (ePey’ — X0) —a N< (I + K) (2o ® E0)> (13)

as n — oo, where K is the commutation matrix, and
(b) (0/86")eY is F;_1-measurable, and consequently, (9 /90)%;'e?) is an mds and

n

Z (6?6?’ %o) and Z Ot —L ¥ ted

t=1

become independent asymptotically.
For the asymptotic result in (13), see, e.g., Muirhead (1982, pp.90-91).
It is now clear that the asymptotics of s,(fy) can be readily deduced from our remarks

above, if our model were stationary. Indeed, if the mds ((9e{'/060)%;'€?) admits the stan-
dard central limit theory (CLT), then we have as n — oo

1 o 07
=3 TLw el -y N0, 9) (14)

1 n (V] 0
Q= plim — Y Oc) 511950 (15)
t=1

as is well known. The reader is referred to, e.g., Hall and Heyde (1980) for the details. Due
to the nonstationarity of our model, however, the usual CLT for the mds is not applicable
for our model, and therefore, the standard asymptotics given by (14) and (15) do not hold.
Our subsequent asymptotic theories focus on the case where (99 /96') is nonstationary, and
given by a mixture of integrated and stationary processes.

We now look at more specifically our model introduced in (1). The parameter 6 in the
model is given by

0= (5, 0(A)), (16)

with the true value 0y = (3, v(Ag)’)’. Here and elsewhere in the paper we use the notation
v(A) to denote the subvector of vec A with all subdiagonal elements of A eliminated. It is
well known that v(A) and vec A are related by Dv(A) = vec A, where D is the matrix called
the duplication matrix. See, e.g., Magnus and Neudecker (1988, pp.48-49). The dimension
of 0 is given by k = m+m(m+ 1)/2, since in particular there are only m(m+ 1)/2 number
of nonredundant elements in A.

For our model (1), we may easily deduce from Lemma 2.2 and Proposition 2.3 that



Lemma 3.2 For our model (1), we have

OeY ( Ayt BoBh
8ﬁ ﬂ(/)Ao ﬁo

where a;(u,v) and b (u,v) are stationary linear processes driven by (u¢) and (v).

oY
dvecA be(u, v),

> xy + ar(u,v) and

It is now clear from Lemma 3.2 that

0= (0e) o)
00— \ 9" dv(A)

is a matrix time series consisting of a mixture of integrated and stationary processes.

To further analyze the nonstationarity in (9e}/00), let &; = (e4)™; and consider
(0% /00) individually for each i = 1,...,m. It is easy to see for any i = 1,...,m that
(86% /0p) is an m-dimensional integrated process with a single common trend. Naturally,
there are (m — 1)-cointegrating relationships in (9¢Y,/83) for each i = 1,...,m. There is,
however, one and only one cointegrating relationship in (85% /Op) that is common for all
i=1,...,m, which is given by (3. Notice that

Ay BBy
ByAg B

is a (m — 1)-dimensional (non-orthogonal) projection on the space orthogonal to 3¢ along
Ay 13y. Consequently, §y annihilates the common stochastic trend in (0%, /0p) for all
i=1,...,m, and (3}(0¢%/93)) becomes stationary for all i = 1,...,m. Unlike (9e%/9p),
the process (9, /OvecA) is purely stationary for all s = 1,...,m.

To effectively deal with the singularity of the matrix P in (17), we need to rotate the
score vector s,(0p). To introduce the required rotation, we let I'g be an m x (m — 1) matrix
satisfying the conditions

(17)

0Ag'B0=0 and TyA;'To=I1. (18)
It is easy to deduce that
Afl /
- %ﬁﬁo = Ay 'Toly, (19)
Bog Bo

since P is a projection such that SyP = PAg 13y = 0. Now we define the k-dimensional
rotation matrix
T =(In,Ts), (20)

where T and Tg are matrices of dimensions k X k1 and kK X k9 with k1 = m — 1 and
ke = 1+ m(m + 1)/2, which are given by

Bo

_ 0
TN = < I(;O ) and TS = (ﬁéAalﬂo)l/Q
0

Im(m+1)/2
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respectively. We have from Lemma 3.2 and (18) and (19)

07
665 = Thz +c(u,v) and TS a;é = ¢ (u,v) (21)

for some stationary linear processes ¢ (u,v) and ¢} (u,v) driven by (u;) and (v;). Also, we
may easily deduce that

Ty

r{)Agi 0
7o | b (22)
(BoAg " o)/
0 Im(m+1)/2

from our definition of T' given above in (20).

Lemma 3.3 Under our model (1), the invariance principle holds for the partial sums
defined by

[n7] [nr] [nr]

60/ 1 60/
(Un0). Vi), W) ) = \FZEO ZATNaé,\/_ZTS Lol

for r € [0, 1], and we have

(Un, Vi, Wn> .y <U, v, W),

where U, V and W are (possibly degenerate) Brownian motions such that V' and W are
independent of U, and such that fol V(r)Sg V() dr is of full rank a.s.

The result in Lemma 3.3 enables us to obtain the joint asymptotics of

1, =0V 1 1
RT3 ma el | vinae) (23)
and
Ly s W, (24)

Vi o0

where we denote W (1) simply by W. This convention will be made for the rest of the paper.
Note that the independence of V' and U makes the limit distribution in (23) mixed Gaussian.
On the other hand, the independence of W and U renders the two limit distributions in
(23) and (24) to be independent. Clearly, we have W =4 N(0, var(W)), where

65 _,0eY
var(W) = plim T§ ( 50 DI 18—;,) Ts. (25)

Moreover, we may in fact represent the limit distribution in (23) as

</01 Bsy(r)dB; (7“)) I,
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as shown in the proof of Lemma 3.3, where B; and By are two independent univariate
standard Brownian motions.
We also have

Lemma 3.4 If we let

1, 0(vecy 1 <
Zyp = =T (vec o) (Z5t @) vee | —= ) (efe) —%0) |,

00 n

then we have
Zn —d Zv

where Z =4 N(0, var(Z)) with

1 d(vec Xo)' _1y O(vec Xp)

var(Z) = §Té — 0 (35 '® %, 1) o0 Ts, (26)

and is independent of U, V and W introduced in Lemma 3.3.

Now we are ready to derive the limit distribution for the ML estimator 6,, of # defined in
(16). It is given by (12) with the rotation matrix 7" in (20) and the sequence of normalization
matrix

v, = diag (nI,.ﬂ, \/ELQ) , (27)

as we state below as a theorem.

Theorem 3.5 All the conditions in ML1 — ML3 are satisfied for our model (1). In
particular, ML1 and ML2 hold, respectively, with

1
No | - /0 V(r)dU(r)
Z-w

and

1
M- /O V(r)Sy v (r)dr 0
0 var(W) + var(Z)
in notations introduced in Lemmas 3.3, 3.4, (25) and (26).

Q=— (/01 V(r)201V(r)’dr>

< i ) — _[var(W) + var(Z)]"N(W — 2),

Let
-1

1
/ V(r)dU(r)
0

and

S
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where R and S are 1- and m(m + 1)/2-dimensional, respectively. Note that ¢ has a mixed
normal distribution, whereas R and S are jointly normal and independent of (). Now we
may readily deduce from Theorem 3.5

and
roAs" [ = Bo)| —a @ (28)
N R - R
sty [V = B0)] —a R (29)
In particular, it follows immediately from (28) and (29) that
Vi~ o)~ (30)

which has degenerate normal distribution. The ML estimators Bn and A, converge at the
standard rate y/n, and have limit normal distributions. However, the limit distribution
of Bn is degenerate. In the direction I'jAy 1 it has a faster rate of convergence n and a
mixed normal limit distribution. As will be seen in the next section, Ay 1F0 is matrix of
cointegrating vectors for (y;). The normal and mixed normal distribution theories of the
ML estimators ensure the standard inference to be valid for hypothesis testing in the state
space models with an integrated latent common trend. Hence, the usual t-ratios and the
asymptotic tests such as Likelihood Ratio, Lagrange Multiplier and Wald tests based on
the ML estimates are all valid and can be used in the nonstationary state space models.

It is easy to see that our asymptotic results for the maximum likelihood estimation
hold also, at least qualitatively, for the more general state space model introduced in (7).
In particular, the convergence rates, degeneracy of the limit distribution and asymptotic
Gaussianity that we establish for model (1) are also applicable for model (7). Note that ¥
is still a function of only  and A for more general measurement equation in (7). This is
because Lemma 2.1 is valid for model (7) as well as model (1), as we mentioned earlier in the
previous section. The additional parameters ®1,...,®, appearing in the lagged differenced
terms of (y;) therefore affect the log-likelihood function in (9) only through (e;). Moreover,
we may observe that the first-order partial derivative of (g;) with respect to (®j) yields
(Ayi—r), with all their repeated derivatives vanishing. Consequently, it can be deduced
that the score function in Lemma 3.1 with

0 = (8, vec(®y),...,vec(®,), v(A))

has now only additional stationary terms involving the products of (Ay;_x) and (g¢). In
particular, the presence of the additional parameters ®1,...,®, does not affect the nonsta-
tionary component of the score function.
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4. Cointegration and Error Correction Representation

Our model (1) implies that (y;) is cointegrated with the matrix of cointegrating vectors
given by an m x (m — 1) matrix Ay 'Tp. Recall that T'g is the m x (m — 1) matrix satisfying
the condition FgAalﬁo = 0, as defined in (18). We have F{)Aalyt = I’{)Aalut, which is
stationary, and therefore Ay 7, defines the matrix of cointegrating vectors of (y¢). Having
(m — 1)-number of linearly independent cointegrating relationships, (y;) has one common
stochastic trend. Moreover, it follows from Lemma 2.2 that

Proposition 4.1 We have

t—1
Ayt = —FoA/yt,1 — Z CkAyt_k + 5?, (31)
k=1
where S a1
A
A=A;'Ty and Cj = Ll)ﬁo_lo (1 —1/wp)k
50A0 BO

and we follow our previous convention and use wg and (£9) to denote w and (g;) evaluated
at the true parameter value.

The result in Proposition 4.1 makes clear the relationship between our model (1) and the
usual error correction representation of a cointegrated model. Our model (1) given in state
space form differs from the conventional error correction model (ECM) in two aspects.
First, our ECM model derived from our SS model is not representable as a finite-order
vector autoregression (VAR). Here (y;) is given as VAR(¢), where the order increases with
time, and therefore it is represented as an infinite-order VAR. Second, our representation
implies that we have rank deficiencies in the short-run coefficients (C}), as well as in the
error correction term I'gA’. Note that (Cy) are of rank one and A’Cy, =0 forall k = 1,2,.. ..
In the conventional ECM, on the other hand, there is no such rank restriction imposed on
the short-run coefficient matrices.

Our results in the paper for the model (1) can also be used to decompose a cointegrated
time series (y;) into the permanent and transitory components, say (y{) and (y{), such
that

ye=yi +ui
where (y') is I(1) and (y}) is I(0). Of course, the permanent-transitory (PT) decomposition

is not unique, and can be done in various ways. The most obvious PT decomposition based
on our model is the one given by

oF = fonly and yF =y — Foal, s, (32)

defining (a:g| +_1) as the common stochastic trend. The PT decomposition introduced in (32)

has the property that (y/’) is predictable, while (y/) is a martingale difference sequence.
The decomposition introduced in (32) will be referred to as KF-SSM, since we use the
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Kalman filter to extract a common trend from a state space model. Obviously, we may
estimate the common stochastic trend by (Z4;—1), i.e., the values of (zy;_;) evaluated at
the maximum likelihood estimates of the parameters. The transitory component can also
be estimated accordingly.

The PT decomposition proposed by Park (1990) and Gonzalo and Granger (1995) is
particularly appealing in our context. The decomposition is based on the error correction
representation of a cointegrated system, and is given by

/Afl ,Aflu
yf = ﬂtl)ﬁoi_loyt = Boxs + % (33)
50A0 ﬁO ﬁvo BO
and
y? = TolpAg  yr = TolpAg . (34)

Clearly, (yf) and (y}) defined in (33) and (34) are I(1) and 1(0), respectively. They decom-
pose (y;) into two directions, i.e., fy and I'y. Note that ﬁoﬂ()/\al/ﬁél\alﬁo is the projection
on (g along I'g, and that FOF{)Aal is the projection on I'g along (y. In particular, we have

BoBpAg !

-1
Gyt T OTA =

and y, =y +yf"

The directions that are orthogonal to the matrix of cointegrating vectors characterize
the long-run equilibrium path of (y¢). In fact [y defines the direction orthogonal to the
matrix of cointegrating vectors A 1, since LAy 13, = 0, and therefore, the shocks in the
direction of fy lie in the equilibrium path of (y¢). This in turn implies that such shocks
do not disturb the long-run equilibrium relationships in (y;). On the other hand, T’y is
the matrix of error correction coefficients as shown in Proposition 4.1, and as a result,
the shocks in the direction of 'y only have a transient effect. The shocks in every other
direction than the direction given by I'y have a permanent effect that may interfere with
the long-run equilibrium path of (y;), thereby distorting the long-run relationships between
the components of ;. The only permanent shocks that do not disturb the equilibrium
relationships at the outset are those in the direction of Sy, as discussed above. The reader
is referred to Park (1990) for more details. Moreover, the decomposition given in (33)
and (34) has an important desirable property that is not present in the usual ECM: The
permanent and transitory components are independent of each other. This is because

cov(ﬁ(’)Aalut, F'OAalut) =0,

as one may easily check.

In our subsequent empirical applications, we also obtain the decomposition introduced
in (33) and (34). The common stochastic trend and stationary component in the decompo-
sition are given by

BoAgty: and THA; 'y

respectively. These can be readily estimated using the maximum likelihood estimates of
the parameters in our model. However, to be more consistent with the methodology in
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Park (1990) and Gonzalo and Granger (1995), we rely on the method by Johansen (1988)
and compute them using the maximum likelihood estimates of the parameters based on a
finite-order ECM. Note that the estimates of the parameters A 15, and Ay 1y are easily
obtained from the estimates I' and A respectively of [y and A in ECM (31): Ay'f is a
vector orthogonal to I'g and Ay Ty is given by A. In what follows, the decomposition will
be referred to as ML-ECM, in contrast to KF-SSM.

For the more general state space model with measurement equation in (7), the error
correction representation (31) in Proposition 4.1 is not valid. However, we may readily
obtain a valid representation from the result in Proposition 4.1 simply by replacing (y:) by
(ye —>_h_1 ®xAys—k). This is obvious from the proof of Proposition 4.1 and the discussions
in Section 2. Consequently, for ¢t sufficiently large, we have the error correction representa-
tion of (y;) generated by (7) that is identical to (31) with newly defined coefficients (Cl).
The coefficient A would not change. In sum, the general model (7) would have the same er-
ror correction representation as in (31) with no rank restriction in (C}). The decomposition
in (32) and that in (33) and (34) can be defined accordingly.

5. Empirical Applications

Selection of x| in applications is not as obvious as the selection of wg|y discussed in Section
2. The initial value is asymptotically negligible by Lemma 2.2, but it may still have a
substantial impact on the likelihood for values of t close to zero and finite n. To this end,
Kim and Nelson (1999) and others suggest dropping some of the initial observations when
evaluating the likelihood function. We follow a two-step methodology that avoids dropping
observations in the final step. We drop some initial observations in the first step, so that
we get reasonable parameter estimates regardless of zgp. Once we do this, we re-run the
estimation with all observations and with a value of | that is “close” to where the series
(mt‘t) appears to begin.® In our applications, zgjg # 0. By dropping initial observations,
we are dropping terms in the summation of conditional likelihoods in which ¢ is small. The
effect of the initial condition on the remaining terms is slight. In order to avoid identification
problems, we restrict 02 = 1 as mentioned in Section 2. To ensure positive semi-definiteness
of A, we estimate the Cholesky decomposition IT = (m;;) of A with the restrictions m;; > 0
on its diagonal elements.

In order to illustrate the uses of the KF in extracting a common stochastic trend, we
examine three well-known applications from the literature. The first two feature bivariate
(y¢), and the third features thirty-dimensional (y;). We use a series that is smoothed accord-
ing to the usual Kalman smoothing technique, rather than the unsmoothed series analyzed
above. The smoothed series utilizes information through the end of the sample. Although
this presents an advantage in empirical analysis, it necessarily complicates theoretical anal-
ysis, as ($t|n) is defined in terms of both past and future information. Nevertheless, these

®We do not have any rigorous methodology for ascertaining “closeness”. However, comparing the mag-
nitudes of (yt — yt‘t,l) for t close to zero with those of (yt — yt‘t,l)Q for ¢ close to the end of the sample
provides a rough notion. If the magnitudes are similar at the end of the sample and at the beginning of the
sample, then x| is close enough to xo so that differences may be attributed to measurement error.



16

T
—
L

m.--__
=SEEZ
e
‘

e —— —

T
-, Seove

0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16 0.18 0.20

L| === Log of one plus the Federal Funds Rate
|| oo Log of one plus the 30—Year Mortgage Rate et |

0.00

! ! ! ! ! ! . .
0 200 400 600 800 1000 1200 1400 1600 1800

Figure 5.1: Log of one plus the federal funds rate and the 30-year mortgage rate (April 9, 1971 —
September 10, 2004).

series should not have noticeably different empirical characteristics. We present the PT
decompositions based on both KF-SSM and ML-ECM.

5.1 Short- and Long-Term Interest Rates

There are a number of analyses in the literature aimed at the linkage between short- and
long-term interest rates. If economic agents have rational expectations, they buy or sell
assets based on expected future interest rates. This means that the rate of return on an
asset with a longer term (long rate) is correlated with the rate of return on that of a shorter
term (short rate), since investors may choose to purchase a long-term asset or a sequence
of short-term assets. We therefore expect a stochastic trend common to rates on assets of
different terms. A more thorough discussion may be found in Modigliani and Shiller (1973)
or Sargent (1979), for example. Early theoretical analyses of cointegration and estimation
using an error correction model, such as Engle and Granger (1987), Campbell and Shiller
(1987), and Stock and Watson (1988), use this application to test the relationship between
short and long rates. More recent applied work, such as Bauwens et al. (1997) and Hafer
et al. (1997), analyze common trends among interest rates in more general international
contexts.

We extract the common stochastic trend from the federal funds rate (short rate) and
the 30-year conventional fixed mortgage rate (long rate), obtained from the Federal Re-
serve Bank of St. Louis (http://research.stlouisfed.org/fred2/). These series are sampled at
weekly intervals over the period April 9, 1971 through September 10, 2004,5 and we trans-

5The federal funds rate is measured on Wednesday of each week, whereas the mortgage rate is measured
on Friday of each week.
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Figure 5.2: (a) Common stochastic trend extracted using KF-SSM; (b) Stationary components
extracted using KF-SSM; (c) Common stochastic trend extracted using ML-ECM; (d) Stationary
component extracted using ML-ECM.

form them by taking the natural logarithm of one plus the interest rate. The transformed
series are illustrated in Figure 5.1. The following table shows parameter estimates using
our technique.

Table 5.1: Parameter Estimates from KF-SSM

‘ Parameter FEstimate ‘ Std. Error ‘
B 0.0008 1.1x107°
Bo 0.0011 1.2 x107°
T 0.0191 0.0003
12 —0.0003 0.0002
92 6.0 x 10~ 11 3.0 x 107°

All parameter estimates are significant except the last one. This possibly degenerate vari-
ance implies that the common trend is very similar to the long rate. This implication is
clearly visible from the trend extracted using our technique, which is represented in Figure
5.2(a), top left panel. Also, note that the more dominant of the two transitory components
[Figure 5.2(b), top right panel] more closely resembles the short rate — although it naturally
appears more stationary.

In contrast to KF-SSM, the trend extracted using ML-ECM [Figure 5.2(c), bottom left
panel| seems to more closely follow the short rate, as does the transitory component [Figure
5.2(d), bottom right panel] — at least up to a negative scale transformation. This transitory
component does not appear to be stationary.
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Figure 5.3: (a) p-tests and (b) t-tests on the log of return volatility and log of trading volume with

increasing p.

5.2 Stock Return Volatility and Trading Volume

There is a large literature on the relationship between stock price volatility and trading
volume. Some notable papers among those from the 1980’s and early 1990’s include Tauchen
and Pitts (1983), Karpoff (1987), and Foster and Viswanathan (1995). These analyses
generally feature structural models intended to model some of the market microstructure
issues involved. More recent analyses, such as Fleming et al. (2004) focus on reduced form
models with one or more unobserved common factors. In light of our theoretical results in
this paper, these approaches are justified when the common factor is nonstationary. One
could conjecture that the approach is also valid with more than one common factor, but
the theoretical justification is beyond the scope of the present analysis.

In order to abstract from market microstructure issues, we look at a stock market index.
To the extent that nonlinearity enters into the model, this approach may introduce aggre-
gation bias. Specifically, squared returns of the index may understate the actual volatility
of the individual stocks, due essentially to Schwartz’s inequality. We obtain qualitatively
similar results using KF-SSM on individual stock data, but we do not report these results.

In contrast to the interest rates considered in the previous application and to the stock
prices considered in the final application, it is not clear that stock return volatility and
transaction volume are nonstationary. As these are very noisy time series, we require
very many observations to detect nonstationarity. In this application, we examine these
measurements with respect to the Dow Jones Industrial Average (DJIA) over the period
October 2, 1928 through October 29, 2004. With weekends and holidays omitted, this daily
series obtained from Yahoo! Finance (http://finance.yahoo.com/) has 19,017 observations.
In order to detect the nonstationarity that is visibly apparent from the data, many lags must
be included in an ADF test. The short-term volatility of each series clouds the long-term
trend when the order of the ADF test is small. Figures 5.3(a) and (b) illustrate the values
of the two ADF tests, p-test (test based on normalized unit root coefficient) and t-test (test
based on usual ¢-ratio on unit root coefficient), for these two time series as the number of
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Figure 5.4: Log of the DJIA return volatility and trading volume (November 13, 1996 — October
29, 2004).

lags increases. Nonstationarity is more apparent at higher lags.

Figure 5.4 illustrates the last 2,000 observations of the time series (November 13, 1996
through October 29, 2004). In order to extract a common stochastic trend, we obtain the
following parameter estimates using KF-SSM.

Table 5.2: Parameter Estimates from KF-SSM

‘ Parameter ‘ FEstimate ‘ Std. Error ‘
01 0.1011 0.0013
B 0.0231 0.0003
T 0.1655 0.0014
T12 1.1579 0.0356
T99 2.9606 0.0184

Our trend [Figure 5.5(a), top left panel] seems to be more closely correlated with trading
volume. Since the variance parameter 717 and coefficient §; associated with trading volume
are relatively small and large, respectively, the stronger correlation with this series is natural.
The transitory components are illustrated in Figure 5.5(b), top right panel.

We obtain a similar stochastic trend using ML-ECM [Figure 5.5(c), bottom left panel],
although the ML-ECM trend appears more volatile. The transitory component extracted
using ML-ECM [Figure 5.5(d), bottom right panel] seems to resemble return volatility,
which we argue is not stationary.
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Figure 5.5: (a) Common stochastic trend extracted using KF-SSM; (b) Stationary components
extracted using KF-SSM; (c) Common stochastic trend extracted using ML-ECM; (d) Stationary
component extracted using ML-ECM.

5.3 Stock Market Index

In the final application, we consider a stock market index. We wish to extract the common
stochastic trend embedded in 30 series of prices of the stocks that comprise the DJTA. We
may thus compare the common trend with the index itself. This methodology could easily
be used to extract the common stochastic trend from the prices of any set of stocks. The
novelty of this approach is that it may easily be generalized to incorporate any group of
assets. KF-SSM provides an easy way to extract a common stochastic trend or a customized
index, with weights that are optimally chosen by the algorithm. This avoids the need to
weight stocks by market capitalization or by trading volume, as some indices do.

We expect ML-ECM to fail in this application, because the parameters are estimated
using Johansen’s method. Essentially, ML-ECM is designed to extract the best trends,
with the number of trends unrestricted. KF-SSM extracts the best single trend. In two-
dimensional applications, such as the previous two, both approaches must extract only one
trend. In higher-dimensional applications, only one trend may be desired. In this case,
KF-SSM provides a better approach.

Gonzalo and Granger (1995) recommend dividing such a high-dimensional cointegrated
system into cohorts when analyzing with ML-ECM.” Essentially, those authors propose a
two-step methodology to extract a single common trend. A common trend is extracted

"To put their recommendation in proper context, it should be noted that Gonzalo and Granger (1995)
propose the cohort approach more to justify extracting common trends from cohorts of cointegrated systems
than to actually estimate the parameters of a high-dimensional cointegrated system. They do not propose
the cohort approach as an alternative to one-step estimation.
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Figure 5.6: Log of the DJIA (December 2, 1999 — April 7, 2004).

from the common trends that are first extracted from each of these cohorts. This reduces
the dimensionality involved in each step. Natural cohorts may be difficult to identify. For
example, in this application, it would be reasonable to group American Express, Citigroup,
and JP Morgan Chase as financial companies. But other companies such as Exxon Mobil
cannot easily be grouped with others. Moreover, with current computing power, this is
unnecessary. Calculations with a 30 x 30 matrix can be accomplished with GAUSS on a
desktop computer in a reasonable amount of time.

In this application, we use prices from Yahoo! Finance (http://finance.yahoo.com/).
These daily closing prices are adjusted to take into account stock splits and dividends
using the methodology developed by the Center for Research in Security Prices. Figure 5.6
illustrates the DJIA observed from December 2, 1999 through April 7, 2004, which is the
longest recent stretch during which the companies comprising the DJIA did not change (we
have 1,092 observations, excluding weekends and holidays). Figure 5.7 shows the 30 series.
We include this figure to illustrate the behavioral diversity of these 30 stocks comprising
the index. It is not obvious from casual observation of these 30 series how the common
stochastic trend should look.

The implementation of KF-SSM is not as straightforward as that of ML-ECM, since
numerical optimization is required. In order to reduce the complexity and necessary com-
puting time created by the large number of parameters, we restrict A to be diagonal in this
application (m;; = 0 for ¢ # j). This reduces the number of parameters to be estimated
using MLE from 495 to 60. Parameter estimates and standard errors for § using KF-SSM
are given in the following table.
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Figure 5.7: Log of the 30 stocks comprising the DJTA (December 2, 1999 — April 7, 2004).

Table 5.3: Parameter Estimates from KF-SSM
‘ Parameter | Estimate ‘ Std. Error ‘ Parameter ‘ FEstimate ‘ Std. Error

B 0.0093 | 5.7 x 1077 | Bis 0.0087 | 5.1 x 10°
B 0.0080 | 4.6 x 107" | fi7 0.0082 | 4.8 x 10~
B3 0.0084 | 5.4x 107" | Bis 0.0080 | 5.2 x 107"
B4 0.0088 | 5.1 x 107" | Big 0.0107 | 6.1 x 10~
Bs 0.0094 | 7.5 x 107" | By 0.0084 | 4.9 x 1077
Bs 0.0087 | 5.1 x 107 | fBay 0.0084 | 5.0 x 107°
Bq 0.0090 | 5.5 x 107° | Boo 0.0091 | 5.4 x 107°
s 0.0087 | 5.0 x 1077 | fo3 0.0076 | 4.5 x 10~°
B 0.0091 | 5.2x107° | Bos 0.0094 | 5.4 x 107°
Bio 0.0087 | 5.0 x 1075 | Ba5 0.0080 | 4.7 x 1075
Bi1 0.0083 | 4.9 x 1077 | B 0.0084 | 5.1 x 107"
B2 0.0085 | 4.8 x 1077 | o7 0.0080 | 4.8 x 10~
B3 0.0084 | 4.9 x 107 | (g 0.0098 | 5.7 x 105
Bra 0.0090 | 5.2 x 1077 | B9 0.0093 | 5.4 x 107"
Bis 0.0074 | 4.8 x 1077 | 5o 0.0075 | 4.5 x 10°°

In the interest of brevity, we do not report parameter estimates or standard errors for the
variance parameters.

We cannot reproduce the DJIA exactly, because we restrict o2 = 1 for the identification
of 3.8 1In light of this restriction, we expect to extract a common trend resembling the

8 Alternatively, we could set o2 equal to the variance of the differenced DJIA, which might reasonably
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Figure 5.8: (a) Common stochastic trend extracted using KF-SSM; (b) Common stochastic trend
extracted using ML-ECM.

DJIA only up to an affine transformation. Figure 5.8(a) shows the common trend extracted
using KF-SSM, and may be directly compared with the actual DJIA shown in Figure 5.6.
The similarity suggests that KF-SSM works quite well. (We do not illustrate the transitory
components in this application, since the thirty-dimensional series generated by KF-SSM
does not contribute anything substantial to our exposition.)

Figure 5.8(b) shows the trend extracted using ML-ECM. The failure of ML-ECM to
replicate anything resembling the actual Dow Jones Industrial Average supports our intu-
ition about the dangers of restricting the number of trends to be estimated when using that
technique. Essentially, it restricts the number of common trends after multiple trends are
extracted. Whereas, KF-SSM imposes the restriction before the trend is extracted. If the
restriction is desired — as it is in this application — KF-SSM is clearly a more appealing
approach.

6. Conclusions

The chief aim of this paper from a theoretical point of view is to justify the use of the Kalman
filter when the underlying state space model contains integrated time series. Specifically,
this class of models is useful when a single stochastic trend is common to a vector of observ-
able cointegrated time series. Our technique is certainly not novel. The literature contains
many applications that employ the Kalman filter when the assumption of stationarity can-
not be maintained. The filter seems to work reasonably well in such applications, but there
is no well-known theory to support its use in the nonstationary case. Therein lies the raison
d’étre of our theoretical analysis. Our empirical applications demonstrate how our models
and theories are useful in practice.

yield a common trend more closely resembling the DJIA. However, in more general applications, no obvious
choice for o2 exists.
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Our research suggests many avenues for future efforts along these lines. We limit our
focus to extracting a single stochastic trend, but certainly the Kalman filter could be applied
with an unobservable vector of trends. More formal testing procedures could perhaps be
developed to test for the number of trends, as has been done for error correction models.
An advantage of the approach based on the state space models is that it does not require
nonstationarity. It is easily conceivable that a common trend with a near-unit root or an
unobservable vector with a combination of stationary and nonstationary components, for
example, could be extracted using such an approach. Although we find evidence of a unit
root in the common trend extracted from stock return volatility and trading volume, we do
not present a formal test. We leave this and other challenges for future research.
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Mathematical Proofs

Proof of Lemma 2.1 We have
wipe =1 +wye1 — Wf\tqﬁ/zatl,lﬁ, (35)

which follows directly from the prediction and updating steps of the Kalman filter. More-
over, we may easily deduce that

_ _ Welt—1
y-1 AL it
1+ w1 AL

tt—1 = AT BEIATY (36)

and therefore,

Wt\t—l(ﬁ/Aflﬂ)Q _ FAp
Lhwye 1 AT T +wy SN

5’25151,15 _ ﬁ/Afl/B o

Therefore, it follows from (35) and (37) that

Wt|t—1
14wy B/ ALE

wepre =1+

which defines a first order difference equation for wy;_.
Now we may readily see that the first order difference equation in (38) has the unique
asymptotic steady state solution given in Lemma 1. For this, consider the function

T
1+ 712

fla)=1+
for x > 1, with any 7 > 0. The function has an intersection with the identity function at

14+ 1+4/7
g=
2

over its domain x > 1. Moreover, the function is monotone increasing with

, 1
f(w):m<1

for all z > 1. This completes the proof for the existence of the stable value of wy;_;. The
proof of ¥;;_; follows immediately from that of wy;_;. O

Proof of Lemma 2.2 From the prediction and updating steps of the Kalman filter, we
have

/y—1
Typ1)e = Tyjp—1 +wip—10 Eﬂt,l(yt — Yejt—1)

= Tyjt—1 + wt|tflﬁlzat1,1(yt — Bryp—1)- (39)
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(40)

(41)

(42)

yloa-l_ Y A-lgpgp-l
1+wp A3 pp ’
where X is the asymptotic steady state value of ¥,_; given in (3). Therefore, we have from
(36)
y-lg — A-1g_ w A-1g5 AL
8= N8 T AT AT
1
=~ Al
1+wp A3 b
- ﬁ,A_lﬂ A_lﬂ
14+ wpALIB FALB
and
Iy—=1g — gIA-13 — w "A-L135 AL
AR = AT — e AT AT
B B/A—lﬁ
1+ wpBALE
Moreover, we may deduce that
/A—lﬁ 1
/2—1 — w /6 —
wp b 1+wf A1 w
due to (35).
Now we have from (39), (41), (42) and (43) that

1 g/AT 1
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and consequently,
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:yt_z<1_;> Ayt—k_<1_;> Y1

k=0

(45)

The stated result now follows from (44) and (45) in a straightforward manner. Note that

T1)0 = oo = Zo and yo = 0. The proof is therefore complete.

0
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Proof of Proposition 2.3 It follows from Lemma 2.2 that

/3 A—l t—1 k
x?ﬁ,l = ﬁoo A= (Boxt + ut) kzo <1 - —> (Bove—p + (ug—p — utkl))]
R e
- ﬁéA 1ﬁ0 [ kzo 1 w Ut—f — Ut—k— 1) kzo 1 w0 ’Ut_k(46)

However, we may easily deduce that

The stated result now follows readily from (46) and (47). O

Proof of Lemma 3.1 The proof just requires the standard rules of differentiation, and
the details are therefore omitted. (|

Proof of Lemma 3.2 In the proof, we use the generic notation w; to signify any sta-
tionary linear process driven by (u;) and (v;). In particular, the definition of w, is different
from line to line. Due to Lemma 2.2, we may write

/A—l
Le|t—1 = m

for all values of 8 and A. Moreover, we may readily deduce that

Yt + wy. (48)

0T+ AL BﬁIAfl

35 = s (12 e et )
Oy A1 A BEATL
Soech = FA13 ( - ﬁ/Alﬁ) Ye e (50)

for all values of B and A. As a consequence, if we use the superscript “0” to denote the
derivative Ox;_1/00 evaluated at the true parameter values consistently with our earlier
notations, then we have

DY AL 0x?
[t—1 o Po tlt—1
= — d = Wy. 51
op BhAs ! Bo etoean duech (51)
We now note that
56?’ 0T mg\tflﬂ/ oey amt\t 1
op t—1 ap Ovech  OvecA

from which the stated result follows immediately. O
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Proof of Lemma 3.3 It follows follow immediately from (21) that

[nr]

V(1) I‘6 Z v + 0p(1

Moreover, due to (21), T5(9eY/00) is a stationary linear process. Moreover, it is Fy_i-
measurable. Consequently, W, is a partial sum process of the martingale difference sequence
TL(0€Y /00)%y e, The stated results can therefore be readily deduced from the invariance
principle for the martingale difference sequence. O

Proof of Lemma 3.4 To deduce the stated result, we simply note that

9(vec Xo)’ 1< 0_0r —1
g Ve X Z €;€f —

31)(20)’ _
= 50 D’ (EO e Xy vec Z 6?6?’

ov(Xp)
o “((%0) D (55t @35 ) N(0,(1 + K)(So @ 20))
ov(Xp)
—y ”(800) N (0,2D' (25! @ %3') D)
d(vec Xp)’ _ _
=1 ——5 N (0,2 (' esph).
Here we use the fact
KD =D,
as shown in, e.g., Magnus and Neudecker (1988, p.49). O

Proof of Theorem 3.5 The proof will be done in three steps, for each of ML1 — ML3. In
the proof, we use the following notational convention:

(a) (w¢) denotes a linear process driven by (us)i_; and (vs)’_; that has geomet-
rically decaying coefficients, and
(b) (wy) is such a process that is Fi-measurable.

The notations w; and w; are generic and signify any processes satisfying the conditions

specified above. In general, wy and w; appearing in different lines represent different pro-
cesses.
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First Step We have

1., 1 , O(vec ) 1 " 0._0r
nTNSn(HO) - QﬁTN 80 (E ®E etet -

:
i
I

ZTNagt E 1 0
_ __ZTNGQ 2—1 0+O (n 1/2)

1
=~ [ V) )+ oy1)
0
1
—q —/ V(r)dU(r) (52)
0
as n — 0o. On the other hand, we may deduce that

1 1 ., O(vecXy)
%Tésn(go) — gTéM

g Z-W (53)

as n — oo. Consequently, it follows from (52) and (53) that ML1 holds with N given in the
theorem.

Second Step Next we establish ML2. First, we note that

1 1 el Oe _
ETJ/VHn(HO)TN = _ET],V < 6; 2018015’> Ty +Op(nh)

= — /1 Vn(r)Zo_lvn(r)'dr +0,(1)
0

1
—g — /0 V(r)Sy v (r)dr (54)

as n — oo, and that
1

—7 T Hn(00)Ts = Op(n —1/2) (55)



for large n, which are in particular due to

n B 62
Z (I®e)sgt) <8980’ ® g$> = O,(n)

t=1

O(vecXy) ,_ e [ 0eY
% (Zo' @) <a—9t/ ® 5?) = Op(n)
t=1

0 vec
(00 oy ) g

for large n.
Secondly, we show that

1
= T{H,(00)Ts —p var(W) + var(Z),
n
which establishes ML2, together with (54) and (55). To derive (56), we first write

1
- Ts¢H,(00)Ts = A+ By, + Cy,, + (D,, + D)),

where
1 d(vec Xo)" ,_ _1\ O(vec Xy)
A4=3 S[T R A
1 Oey laet
Bn = “Z <ae >0 gy ) 15
1 . 0ry—1 82 0
Cp = —— Ty |[(I®el'S5") ga09 ©ct || Ts
t=1
vec Xg)' Oe
D, = [ 50 (Zte syt = Z((%f, ®a°> Ts.
t=
As shown earlier, we have
A=war(Z) and B, =var(W)+ opy(1).
Moreover, since
eV
Téa—é = wt—17
we have
d(vec Xo)’ 1~ [0
D, = Tg %(251@)2 EZ(@?/TS@ ) :Op(nil/Q)
t=1

for large n.
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(56)

(59)
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Now it suffices to show that

Cn(B,8) Cn(B,A) -
Cn = ( Ca(A,B) CulA,A) > = On(n) (00

since (56) follows immediately from (57) — (60). For the subsequent proof, it will be very

useful to note that
8xt|t 1

op
for all 8 and A. Therefore, we have upon differentiating with respect to 8 and A

/
Typ—1 + B = W¢—1

8xt|t71 ,329515\1571 e
8xt|t—1 , a23Um—1 o
O(vec A)! +h 0p0(vec A) Wit (62)
which hold for all 5 and A.
For (60), we first prove
C _ l . / T O/E_l 82 0 =0 —-1/2 63
n(8.8) = 1 3B [T =5") (5555 @41 )| B0 = O(n /%), (63)
t=1

This can be easily derived, since we have

82 o ) (W
(g =) = (g )

8m? %9 9z

lt—1 tjt—1 t)t—1

— | —(vec I . - I

[ e =a5 ~ apoy ©0 T ®1|
8xt 9?9 020

_ [t—1 Leje—1 / tlt=1

) [( 05" °>” A

+mt71,

8xt 0

[t—1 tt—1
:—vec[( PY; ﬂ0>I— 30 ﬁ()
and it follows that

Bé |:(I®6?,201) <aﬁaﬁ/ ®6t>:| 60

/ Oy tlt 1 ax?\t—l /| y=1.0 | — 0_ — 0

from which we may deduce (63), upon noticing

Y Wie} = 0p(n'/?)
t=1
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for large n.
Similarly, we have for any vector A of conformable dimension
0? 0 0 oY
— A= A
<6ﬁ8(vec A)Y © €t> (8(@60 A)’Uec op )
— | (vecD) 8x?|t71 _ 321.?\1571
d(vec A)!  0B0(vec A)

oz 9?29

lt—1 tt—1 ,
S St U 5 I R L S
vee [(3(1}60 A)’)\> 0p0(vec A)' &

®Bo| A

)

and it follows that
ﬁ/ (I® O/E_l) 82 ® 0 )\
0 20 )\ 9Ba(vec Ay
929 0?29
/ tt—1 tlt—1 ,
= — — A+ ——=)
Fo [(3(1}60 A)Y ) * 0p0(vec A)' &

as was to be shown. The proof for C),(A, A) is straightforward, since

-1.0 _ - 0
Yo & = W18y,

ozl %)
[ tt—1 _

= _ == —1- 64
duech o and OJvec AO(vec A)' Wit (64)

This can be easily deduced after some tedious but straightforward algebra. The proof for
ML2 with given M is therefore complete.

Third Step To establish ML3, we let

Hn =V, 711_6
for some § > 0 small, and let § € ©,, be arbitrarily chosen. Since

oA (B — o) = O(n~ 1)

56/\0_1 —1/2+6
W(ﬁ —bo) = O(n );
we may set
B = fo+n" 208y + 01T, (65)
A = Ag+n"V2H] (66)

without loss of generality.
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‘We will show that

1 B N S o laat
200 LN t; (% ~ o0 ) *0 ger | TN w0 (67)
1 ;= [0eh OV Og;  O€Y
a5 LN 2 (ﬁ o0 5 20 20 )| TV (68)
1 " [0} $-1 (%t
nl—o »é — <_ - 0 96’ Ts —p 0 (69)
1 - / / o7 -1 82
nl—é ZTS (I ® (gt —& ) E ) 8089/ ® gt TS —p 0 (70)
t=1
1y TL (I @eVst & N T 0 71
nl-9o ; S ( @&y 24 ) 9000’ ® (et - 6t) S —p ( )
O(vecXy) ,_ Oe Y
T4 ( 2 0) (e xgh) 152<<8—9§—6—9ﬁ>®5§> Ts —,0  (72)
O(vecXy) ,_ Oe
T} %(201@;2 162((%;, gt—gt)> Ts —, 0 (73)
and
L S Oe Ol
/ t i -1 t i
—— =t _ LT 1
ni=a°5 2(39 ae)zo (aef aef> sl (74)
1 - / 82 0
nl— n1=06 ZTS I ® ) E ) 3989' ( B at) Ts —p 0 (75)
O(vec X _ Oe el
T (66 o) (Zote syl 152(((9—6’;—6—6;)@(@—5?)) Ts —, 0 (76)

for all § and A satisfying (65) and (66).

Here we only prove that the nonstationary components in (67) — (76) satisfy the re-
quired conditions. It is rather obvious that the required conditions hold for the stationary
components. In what follows, we use the generic notation A(n”z;) to denote the terms
which include n* (or of a lower order) times (z;). Clearly, we have

85’ 350/ 82 —1/246
st_gg’a_et_ 8é’m®(5t—€?)zﬁ(” I202) + wy, (77)

since both 8 = By +O(n~/249) and A = Ag+O(n~'/?*%). The results in (67) — (73) follow
immediately from (77).
The proofs for (74) — (76) are more involved. For (75) and (76), we need to show

T = T+ wy (78)

Tyjp—1 — m?‘t_l = —n V20 A(n T 0,) + w,. (79)



The result in (78) follows directly from (48). To establish (79), note that

0

0
Tlt—1 8xt|t71

Tijp—1 — $?\t_1 = BYE (B = Bo) + m(@@c A — vec Agy) + A(n_1+25xt) + wy

= —n V200 AP0, 4wy
due to (51). Now it follows immediately from (78) and (79) that
gt — z’:‘t = (,6 50)xt\t 1 ﬁ (wt‘t_l — x?\t—l) = A(n‘l—i—%xt) + wy,

from which, together with (77), we may easily deduce (75) and (76).
Finally, we prove (74). To do so, we first show that

oxY

Bo 5‘; - = —Tt + Wy
0%y ({91'
L
The result in (81) follows immediately from (51). To derive (82), we note that
Oxyypy 8xt|t 1 82x?|t_1 ‘a z(t]\t 1
— = — Y A — vec A
8ﬁ 6/6 8ﬁ8,6” (ﬁ ﬁO)—i_ 8ﬁ8( ) (UCC vec 0)
+ A(n 1 Pg,) + wy,
and that
2 0 8$0 2 0
Lilt—1 , 9T4)t—1 / Lilt—1
g —2 — _— =
i 0505 Po—g (0= o) - and - Boggr Ry = v

which follow from (51), (61) and (62). Consequently, we have

e, <Y 0},
0 (5 = 55 ) = = (anes o) B = g5 - oy

op 0B BJ]
B Oxy—1 _g 8x?|t71 P
B 0 op
= n_1+26xt + wy,
due to (79), (81) and (82).
Moreover, we have

8xt|t71 axﬂt 1
Ovec A Ovec A

32 0 32 0

Trfe—1 Lye—1 1426
= o AP A — vec A A
dvec Ao’ (8= Fo) + dvec Ad(vec A),(Uec vec Ag) + A(n Ty) + wy

= A(n " 2%,) + wy,
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(80)

(85)
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due to (64) and (83). Consequently, it follows directly from (85) that

de} B oeY B Oxy—1 _ a‘r%t—l ;o ax%t—l(ﬁ )
dvec A OvecA Ovec A Ovec A dvec A 0
= A(n " 22) + w,. (86)
Now (84) and (86) yield (74), and the proof is complete. O

Proof of Proposition 4.1 The stated result follows immediately from Lemma 2.2 and
the result in (19). Note that we have from Lemma 2.2

BoBhAy "
5095?|t71: / 0710
ﬁvo ﬁo

t—1
Yt — Z(l - 1/w0)kﬂytk]
k=0

under the convention (5), and the stated result may now be easily derived using (19) and
ﬁoxg‘tfl =Yt — 5g,

which is due to the definition of (¢?). O
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