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ABsTRACT. We consider the one-step-ahead prediction error matrix under misspecification caused
by overfitting periodic components in the multivariate harmonic regression models. We show
that the prediction error matrix obtained from the multivariate harmonic regression model admits
a decomposition into the prediction error matrix of an autoregressive model and a periodic
component characterized by the spectral density matrix. This decomposition provides a theoretical
characterization of the effect of the model misspecification on prediction accuracy. In the data
analysis, we apply the proposed decomposition with estimated parameters to the temperature data,
leading to a basis for constructing an information criterion for selecting periodic components.

1 Introduction In time series analysis, periodicity is one of the fundamental characteristics of
time series. Many real-world time series exhibit periodic patterns, including temperature data,
electricity demand, and brainwave signals. Identifying and modeling such periodic behavior play an
important role in understanding the underlying mechanisms of the observed phenomena. Therefore,
estimating periodic components is an important problem in time series analysis.

Among time series models, the harmonic regression model is one of the most widely used
models for representing periodic structures in time series (e.g. Hannan (1973), Brillinger (2001)).
For example, the d-dimensional harmonic regression model is given by

T
(1.1) Y, =p+ Zak cos(10x) + B sin(16y) | + X,
k=1

where Y; € R is the observed vector and g is the mean vector, and X, is a zero-mean stationary
process with spectral density f, which is not observable. The vectors oy, Bx € R? are the coefficient
vectors of the periodic components, and 6 € (0, ) is the corresponding frequency. Under this
model, the periodic structure is expressed as a sum of several periodic components. To appropriately
capture the periodic structure, it is necessary to estimate the periodic components. However, the
number of periodic components is typically unknown, and therefore the estimation of the number of
periodic components becomes an important statistical problem. As a result, models are often fitted
with an incorrect number of periodic components. This problem is often formulated as a model
selection problem.

In model selection, it is important to evaluate the goodness-of-fit of competing models while
accounting for model complexity. Information criteria are widely used for this purpose because they
provide a trade-off between model fit and model complexity. Typical examples include the Akaike
information criterion (Akaike (1974)), the Bayesian information criterion (Schwarz (1978)), and the
Hannan-Quinn criterion (Hannan and Quinn (1979)). Various extensions of information criteria
have also been proposed, such as the corrected AIC (Hurvich and Tsai (1989)) and the Generalised
information criterion (Konishi and Kitagawa (1996)).
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However, in practical data analysis, the true model is typically unknown and the fitted model may
therefore be misspecified. The properties of estimation and prediction under model misspecification
have been extensively studied in the literature. White (1982) investigated the effects of model
misspecification on estimation and inference based on maximum likelihood methods. Yamamoto
(1976) derived a manageable expression for the asymptotic mean squared prediction error in multistep
forecasting for finite-order autoregressive model with the estimated coefficients. Bhansali (1981)
investigated the effects of order misspecification in autoregressive models fitted by least squares.
Choi and Taniguchi (2001) studied prediction under model misspecification using a parametric
spectral density. Yajima and Matsuda (2009) proposed a unified framework for hypothesis testing in
multivariate linear time series that is robust to model misspecification. In such situations, it becomes
important to understand how to evaluate model fit when the model is misspecified. In particular,
Hosoya and Taniguchi (1982) studied the misspecified prediction error matrix at a theoretical level
without regression components. In contrast, our study considers a harmonic regression framework
and the prediction error matrix estimated via the least squares estimator (LSE) is theoretically
characterized.

Furthermore, many studies have investigated periodicity estimation, most of them focus on
univariate time series (e.g. Walker (1971), Quinn and Thomson (1991)). In contrast, in multivariate
time series the presence of interactions among components makes the identification and estimation
of periodic structures more challenging.

Therefore, in this study, we investigate the prediction error matrix under model misspecification
in multivariate harmonic regression models. Specifically, we consider the prediction error Y; — Y7,
where Y; denotes the one-step-ahead linear predictor of Y; constructed based on the model in (1.1).
The covariance matrix of this prediction error is referred to as the prediction error matrix. In
practical data analysis, the periodic components are typically unknown, and models are often fitted
using periodic structures that differ from the true periodic components. Motivated by this issue, we
focus on the one-step-ahead prediction error matrix constructed under such misspecified model and
evaluate the properties of its prediction error matrix. In particular, we consider the case r¢ = 0,
which corresponds to the model without periodic components. In this case, when p = 0, it follows
that Y; = X, and thus the one-step-ahead linear prediction of Y; is obtained from X,. In this study,
we focus on the prediction error matrix under model misspecification.

The contribution of this paper is twofold. First, we derive a decomposition of the prediction
error matrix for misspecified multivariate harmonic models into the prediction error matrix of vector
autoregressive models and a component representing periodic structures. Second, the proposed
decomposition provides a principled way to quantify the discrepancy between observed data and
multivariate harmonic models. Furthermore, this framework provides a foundation for constructing
information criteria for selecting the number of periodic components in multivariate time series.

Throughout this paper, due to the inherent complexity of the notation, we adopt the notation
used in Liitkepohl (2005) to ensure clarity and consistency. Additionally, |-|| denote the Frobenius
norm, and for any matrix A, AT denote the transpose of A.

This paper is organized as follows. In Section 2, we derive one-step-ahead prediction error
matrices for autoregressive models and misspecified multivariate harmonic regression models with
a single periodic component. In Section 3, we propose the prediction error matrix decomposition for
misspecified multivariate harmonic regression models with a single periodic component. In Section
4, we apply our decomposition with the estimated parameters to the temperature data. All proofs
are provided in Appendix.

2 Preliminary In this section, we consider two one-step-ahead prediction error matrices: one
obtained from the correctly specified model and the other obtained from a misspecified model. We
first introduce their theoretical definitions and then focus on their estimators obtained via least squares
estimator (LSE), which are the primary focus of this paper. To clarify the setting, we consider the case



where the observed data contain no periodic components. In this case, the observed series satisfies
Y, = X, under . = 0 in (1.1). For this series, we consider two one-step-ahead linear prediction
structures. The first corresponds to the correctly specified model, where X, is predicted using a
vector autoregressive (VAR) model. The second corresponds to the one-step-ahead linear prediction
obtained from a misspecified harmonic regression model that includes periodic components.

Let {X,;t € Z} be the residual dependent process as in (1.1). First, we focus on d-dimensional
vector autoregressive model such as

P
2.1 X, = A; X, ;+U,
J=1
where X; = (Xs1,...,X:a)", {A;} is a sequence of d x d matrices, U; = (Uy1,...,Upq)" is a
sequence of i.i.d. zero-mean random vectors with covariance matrix =.
The one-step-ahead linear predictor of X; based on X;_y, ..., X;_, is defined as

P
Xi(p) =D A X, ;.
j=1

The corresponding prediction error is
e (p) = X, - Xi(p)
and the theoretical prediction error matrix is defined by
Zx(p) = E[e (p)e (p)"].

We now consider the estimator of prediction error matrix X x (p) via the least squares estimator,
denoted by Xx (p) . Let N be the number of observations of X;. The matrix form of (2.1) is

2.2) X=AX(p)+U,
where X = (X,..., Xy) e RPN A = (Ay,...,A,) e R X (p) = (X1(p),..., Xn(p)) €
RPN X, (p) = (XtT_l,...,XtT_p T e RPX1 U = (Uy,...,Uy) € RN Here, we impose

the following assumption.

Assumption 2.1 (Liitkepohl (2005), p.16). Let A(z) be

p
A(z)zdet{ZAij}, z € C,
=0

where Ay = I; and I is the d X d identity matrix. Then, we assume A(z) = O has no roots in
D={zeC:|z] <1}

This assumption ensures the VAR(p) model (2.2) is stationary. Let £x (p) denote the prediction
error matrix by autoregressive model (2.2). The following proposition holds for £x (p).

Proposition 2.2. Under Assumption 2.1,

A

1 1 .
Zx(p) = NXXT - WXX(P)TFXI(I?)X(P)XT,

where X
L, 1 B
Xl(p) = (NX(P)X(P)T) ,

assuming I'x () is nonsingular.



The proof is provided in Appendix A.

Now, we move to the main discussion of one-step-ahead prediction error matrix of misspecifying
multivariate harmonic regression model. For simplicity, let us recall d-dimensional harmonic
regression model (1.1) with a single periodic component at frequency 6 € (0, 7):

2.3) Y; = acos(10) + Bsin(10) + X, tezZ,

where { X, : 1 € Z} is a zero-mean stationary process with the spectral density matrix f. In practice,
the periodic components are usually unknown and must be estimated from the data. As a result,
models may include periodic components that are not present in the true data generating process,
leading to model misspecification. This situation corresponds to fitting a harmonic regression
model with unnecessary periodic components, that is, overfitting the periodic structure. In this case,
prediction is carried out using a model that includes periodic components even though the true data
generating process contains none.

Here, we consider a misspecified multivariate harmonic regression model in which the stationary
process X, is modeled using the observed process Y; that contains periodic components:

2.4) X, =) BY, ;+V,

r
J=1
where X; = (X;1,....Xa)", Y; = (Ys1,....Y:a) T, {B;} is a sequence of d x d matrices, V; =
(Vi1, - .., Viq) is a sequence of i.i.d. zero-mean random vectors with covariance matrix =.

The one-step-ahead linear predictor of X; based on the misspecified harmonic regression model
is

p
Y
X, (p)= ZBjY;—j'

j=1
The corresponding prediction error is defined as

el (p) =X, - XY (p)
The theoretical prediction error matrix is defined as

Sy (p) =Ele} (p)ef (p)"].

Now, let us consider the estimator of the prediction error matrix Xy (p) via the least squares
estimator, denoted by Xy (p).
The matrix form of (2.4) is

(2.5) X =BY(p)+V,

where X = (X1,...,Xn) € RN B=(By,...,B,) € R X (p)=(X1(p),....Xn(p)) €
dexN’ Y(p) = Mi(p),...,Yn(p)) € dexN, Y:(p) = (},til""’lfttp T e dexl’ and
V =(Vi,...,Vy) e RN,

Let £y (p) be the prediction error matrix by misspecifying the true model (2.2) with multivariate
harmonic regression model (2.5). The following proposition holds for 2y (p).

Proposition 2.3. Under Assumption 2.1,

- 1 1 A
Zy(p) = NXXT - WXY(P)TFYI(,,)Y(P)XT,

where 1
L, 1 -
Yo = (NY@)Y(p)T) .

The proof is provided in Appendix B.



3 Prediction error matrix decomposition In this section, we demonstrate the relationship be-
tween one-step-ahead prediction error matrix by autoregressive model and that by misspecifying
the true model (2.2) with the multivariate harmonic regression model (2.5) with a single periodic
component.

We introduce the following assumptions to establish probability 1 bounds for a range of relevant
statistics.

Assumption 3.1 (Brillinger (2001), Assumption 2.6.3). Let Cx be

where ¢4, a. (V1,...,Vi-1) is the kth order cumulants of X,. Assume that
Z Ckzk/k! < 00,
k

for z in a neighborhood of 0.

For 1 <i < d, let a; and B; be the ith element of o and 3 in (2.3), respectively. We define
pi = (a? + 1) and w; satisfies

cos(w;) = ﬁ, sin(w;) = '[ﬁ, i=1,...,d.
i i

Let us recall that
A 1 T R 1 .
Ux(p) = NX(P)X(P) , Iy = NY(p)Y(p) .

Before stating the main decomposition result, we introduce the following technical lemma concerning
-1 -1
Px(py and Ty ().

Lemma 3.2. Under Assumption 3.1,

-1 -1 -1 wh—1 —1 -1
FY<p>‘{FX(p> U (2 + Ty )7 wa}

log N\1/2
=0, (7" (557 )
P (p N
where I is the 2 X 2 identity matrix and for w = (wq,...,wq) ",

T = (£0) ® p(). £(-6) ® p(-w)) € P2,
£(0) = (eig, R eigP)T e cPxL p(w) = (%e—iwl’ L pjde—iwd)T e Cdx1

The proof of Lemma 3.2 is provided in Appendix C. To ensure the decomposition of one-step-
ahead prediction error matrix under misspecification in multivariate harmonic regression models,
we impose the following assumption.

Assumption 3.3. Let p := px be the order of vector autoregressive model (2.1) or the misspecifying
multivariate harmonic regression model (2.4). We assume that p — oo and p*/N — 0, as N — oo,

Based on Lemmas 2.2, 2.3, and 3.2, we arrive at the following theorem.



Theorem 3.4. Suppose that Assumptions 3.1 and 3.3 hold. We obtain

log N
:0,,(1)2 g ),

@3.1) >

Sy (p) - {£x(p) + CFxC*}

where C is the d x 2 matrix such as

((z/sfew)pw(ZAfe-ﬂfW)’
j=1 j=1

and Al, ol A p is the estimated coefficient matrix of (2.1), and ¥ x is 2 X 2 diagonal matrix such as
. -1
(pp* (W) f(O)p(w)) 0 ]
0 (pp*(~w) f(0)p(-w))~

where f(8) is the spectral density matrix of { X} at frequency 6 corresponding to the periodic component.

The proof of Theorem 3.4 is provided in Appendix D. When p is larger than N, Theorem 3.4
does not hold. Thus, there is a trade-off between p and N. In particular, if p becomes too large
relative to the sample size N, the estimation error of the autoregressive coefficients increases and
the approximation in Theorem 3.4 may no longer hold. On the other hand, if p is chosen too small,
the autoregressive model may fail to adequately capture the dependence structure of the stationary
process X, resulting in a large approximation error. This type of trade-off between approximation
accuracy and estimation variability is well known in autoregressive modeling (see e.g. Liitkepohl
(2005)). In practical applications, the order p is typically selected using standard model selection
criteria for autoregressive models such as AIC or BIC.

In summary, when p is smaller than N, the one-step-ahead prediction error matrix for multivariate
harmonic model 3y (p) can be decomposed into the estimated prediction error matrix for the
stationary process 3 x (p) and the periodic component CF x C*.

4 Data Analysis In this section, we apply the proposed prediction error matrix decomposition to
real data. Time series analysis of temperature data has been studied in the literature; for instance Akdi
and Unlii (2021). Specifically, we utilize the Japanese daily average temperature of four Japanese
cities; Tokyo, Osaka, Nagoya, and Sendai. The dataset spans two years, from January 1, 2019, to
December 30, 2020. In other words, the number of observations N is 730.

Let us consider the multivariate harmonic regression model with multiple periodic components;

-

@.1) Y, = ) {ou cos(t6y) + Besin(10p)} + X, 1 €Z,
k=1

where 0 € (0,7) (k =1,...,r) and X, is a zero-mean stationary process.

In Section 3, the one-step-ahead linear prediction error matrices £x (p) and £y (p) are defined
based on the stationary component X,. However, since the stationary component X, is unobservable
in practice, it must be estimated from the observation. For a fixed number of periodicities r, we first
estimate the periodic parameters o, Bk, 0% from the observed data using the estimation procedure
proposed in Sagawa et al. (2026). Let us denote the estimated periodic parameter by &y, B, Or,
respectively. The estimated X;, denoted by X +, 1s represented as

X (r) = Yi = ) {6 cos(t6y) + B sin(10,)}.
k=1



Using the estimated stationary component X, (), we compute the one-step-ahead linear prediction
error matrices. Let us define ¥ ¢ (p) and Wy (p) as

.
P J4

Wi (r.p) =B|[Xi(r) - > A X0 || X () = DA, X (0] |,
j=1 j=1

T

p p
Wy (r,p) =E || X:(r) - Y. BYi ;|| Xi(r) = D BiYa ] |,
j=1 j=1
respectively. Let ¥ < (r,p) and Wy (r, p) be the corresponding estimated prediction error matrices.
Yy (r,p)= lX(r)X(r)T - iX(r)X(r )1 X p)X ()T
X ) p N N2 ) p X(r’p) ’ p )

Py (rp) = XX - S XOY ()T, Y () X0,

where X (r) = (X(r),..., Xn(r)) € RN, X(r,p) = (Xl(r,p), . ,XN(r,p)) € RIPXN
. . . R . . 21
X(r.p) = (X, (), X p(IDT €RPLES = (NI X)X ()T )
Additionally, in Theorem 3.4, the periodic component C(r)F x (r)C*(r) includes the true
parameters, f, Ok, p(wi), (k=1,...,7r). Ay,...,Ap. Thus, we replace them with their estimator.
The quantities p(wy) and wy are obtained from the relations py cos(wy) = ay and py sin(wy) = Br.

These parameters are determined from the estimated periodic coefficient parameters &y and 3.
The estimators ¢k, B and 0y are the same as those used in construction of the estimated stationary

component X, (r). The VAR coefficient matrices ,21, ey A p are estimated by fitting a VAR(p)
model to X (r) such as

A=XXe.p) (X pXr.p)") 7"

where A = (A1,..., A ») € R4*dP_The spectral density matrix f is estimated by
| N-l N-h i i _
Fr.0)=5— 2, X (r) = X)X (r) = X ()T,
h=—N+1 1=1

where X (r) = N~! Zt’\il X, (r). In this data analysis, we set 1 < p <5and 0 < r < 9.
With the estimated parameters, the difference between the prediction error matrix in general
setting replaced by the estimated parameters is

(4.2) A(r,p) = ¥y (p) —{¥x (p) + C(NF 5 (NC* (N},
where C(r) is d X 2r matrix with main column vectors
P 2 oA P 2 oA
(Z A]'elgkj)p\k(a’k)’ (Z Aje_lgkj)ﬁk(_wk)’ k= L...,r,
j=1 j=1

and ¥ % () is also redefined as 2r x 2r diagonal matrix with main elements

(ppL @) FO0p (@), (ppL(-onfOp(-o0))™", k=1,...,r



In this data analysis, let us consider the value of the difference A(r, p). For 1 < p < 5, Figure 1
illustrates the plot of (4.2) using the daily average temperature data from four Japanese cities with
0 < r £ 9. To further assess the impact of the number of periodicities, we additionally reported the
values of the difference A(r, p) for0 <r <9and1 < p <5.

20

Figure 1: The plot of the difference A(r, p) in (4.2) when using temperature data of Japanese four
citiesand 1 < p <5with0 <r <9.

) P 2 3 4 5
0 492 379 310 268 235
1 645 708 693 645 626
2 309 456 477 448 440
3 0367 250 303 290 286
4 278 0960 167 170  1.69
5 490 0483 0808 0940 0971
6 766 1.64 0221 0194 0268
7905 244 0688 0220 0.0764
8§ 103 320 1.18 0587 0.354
9 124 445 189 1.06 0.655

Table 1: The value of difference A(r, p) for 0 < r < 9and 1 < p < 5. The bold numbers indicate
the value of difference A(r, p) takes the smallest value for fixed p and 0 < r < 9.

From Figure 1 and Table 1, it is observed that the value of the difference A(r, p) tends to decrease
as both r and p increase. Furthermore, Table 1 shows that the values highlighted in bold indicate the
minimum values of A(r, p) over 0 < r < 9 for each value of p. We observe that the minimum value
of A(r, p) tends to decrease as p and the number of periodicities increase. This suggests that larger
values of r and p tend to produce smaller values of A(r, p). However, this does not necessarily
indicate better model performance, since overly complex models may lead to overfitting. Therefore,
the selection of r and p should balance goodness-of-fit and model parsimony.

The numbers of periodicities corresponding to the bold values are r = 3 for p = 1, r = 5 for
p=2,r=6forp=3and p =4,and r =7 for p = 5. For each value of r, the corresponding
estimated periodicities are summarized in Table 2.



Detected periodicities [months]

12, 6.0, 3.5 (107 days)

12, 6.0, 3.5 (107 days), 4.0, 8.0

12, 6.0, 3.5 (107 days), 4.0, 8.0, 2.4 (73 days)

12, 6.0, 3.5 (107 days), 4.0, 8.0, 2.4 (73 days), 1.1 (33 days)

~N O\ L W=

Table 2: Estimated periodicities (in months) for » = 3,5, 6,7 (1 month ~ 30.44 days).

Table 2 shows that the periodic components that can be detected under each fixed number
of periodicities r. This illustrates how model selection proceeds when the number of periodic
components is fixed. For r = 3, the estimated periodicities consist of an annual cycle (12 months), a
semiannual cycle (6 months), and a cycle of approximately 3.5 months. When r = 5, the estimated
periodicities include the annual and semiannual cycle, together with cycles of approximately 3.5, 4,
and 8 months. For r = 6, an additional periodicity of approximately 2.4 months is detected, and for
r =7, a further cycle of approximately 1.1 months is identified.

It is worth noting that the periodicities detected for smaller values of r are nested within those
obtained for larger values of r. In particular, the periodicities detected when r = 3 are all included
in the sets obtained for r = 5, 6, 7; similarly, the periodicities detected for r = 5 are contained in
those for r = 6, 7, and the periodicities for » = 6 are contained in those for r = 7.

Moreover, for each value of p, the minimum value of A(r, p) decreases as p increases and as
the number of periodicities becomes larger. This indicates that deeper model fitting, in terms of p,
enables the detection of smaller-scale periodic components. In this data analysis, allowing larger
values of r, such as r = 6, 7, leads to the identification of short-period components that contribute
to a further reduction in prediction error.

At the same time, detecting all minor periodicities may increase the risk of overfitting. Therefore,
these results suggest that period detection should be terminated before excessively small periodic
components are included. From a broader perspective, our proposal may serve as a useful building
block for developing an information criterion to estimate the number of periodic components in
multivariate time series.

Remark 4.1. In Sagawa et al. (2026), the number of periodicities in the daily average temperature
data of Kyoto, Japan, was estimated to be 3 by using the proposed information criterion for functional
time series. This is consistent with the present analysis, where the minimum of A(r, p) is obtained
for r = 3 when p = 1, indicating three dominant periodic components.

5 Conclusion We investigated the prediction error matrix of multivariate harmonic models under
the misspecified situation. Additionally, we derived an approximate formula that decomposes the
prediction error matrix into the sum of the prediction error matrix of vector autoregressive models
and a matrix consisting of periodic components. In data analysis, we demonstrated the practicality
of our proposal, applying it to temperature data. Moreover, the proposed framework may serve
as a useful building block for developing information criteria to estimate the number of periodic
components. Future work includes constructing such criteria and investigating their theoretical and
empirical properties. The proofs regarding the prediction error matrix replaced by the estimated
parameters and in general setting are available upon request to the author.
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Appendix A. Proof of Proposition 2.2

Proof of Proposition 2.2. First, we estimate the coefficient matrix A of (2.2). By utilizing vec
operator, (2.2) is written as
z=(X(p)" ®I)a+u,

where = vec(X), a = vec(A), u = vec(U), and I is d X d identity matrix. By least squares
method, the estimated coefficient vector a, denoted by a, is

a=((X(pP)X(pP)" ' X(p) & L)z
=vec(X X ()" (X (p)X(p)T) ™)

The estimation of A, denoted by A, is

A -1
(A1) A=XX(p)" (X(pX(p)') ",
(e.g. Liitkepohl, 2005, p.72). Therefore, we obtain

£x(p) = (X - AX () (X - AX(p))"

= S X (I = X ()T (X)X () ) X () X7

1

1 .
=—XX"-—XX(p) 'Y X(p)XT,
I N (p) (p)

X(p)
which completes the proof of Proposition 2.2. O

Appendix B. Proof of Proposition 2.3

Proof of Proposition 2.3. Let us consider the estimation of the coefficient matrix B of (2.5). By
utilizing vec operator, (2.5) is written as

z=(Y(p)' ®Lyb+v,

where & = vec(X), b = vec(B), v = vec(V), and I, is d X d identity matrix. By least squares
method, the estimated coefficient vector b, denoted by b, is

b=(Y(p)Y(p))'Y(p) o L))
=vec(XY (p) (Y (p)Y (p)T) 7).



12

The estimation of B in (2.5), denoted by B, is
N -1
B=XY(p)"(Y())Y(»T) .
(e.g. Liitkepohl, 2005, p.72). Thus,

Sy () = (X - BY (p)(X ~ BY (p))"

= SX(In =Y () Y (Y () )Y () X

1

1 A1
= NXXT — mXY(p)Try(p)Y(p)XT,

which completes the proof of Proposition 2.3. O

Appendix C. Proof of Lemma 3.2 Before providing the proof of Lemma 3.2, we introduce the
following lemmas.

Lemma C.1 (Brillinger (2001), Theorem 4.5.1). Under Assumption 3.1, it holds that

-0, ((lolng)l/Z).

Lemma C.2. Under Assupmtion 3.1, for any £ (0 < £ < p — 1), the d X d matrix N~ Zf\il .Y,
is formulated by

sup
Pl

N

1

v Z X, exp(itd)
=1

N N
1 T _ 1 T log N 1/2
N;Ytyt_[_N;tht_ﬁp(fno((T) ,

where

N
TZCOS({’9+(wi—wJ-))) ,
i,j=1,d

t=1

.....

pi = (a/[.2 +ﬁ%)l/2 and w; satisfies

cos(w;) = ﬁ, sin(w;) = &
pi P

i i

Proof of Lemma C.2. Forany £ (0<{<p—1),N! Zi\i] YY", is expressed as

{(cccos(16) + Bsin(10)) + X, } {(acos((r = €)6) + Bsin((z - £)6)) + Xt_[}T

X: X", + @)+ (b)+(c),



where
1 N
(@) = & Z X, {acos((t = £)8) + Bsin((t - 0)8)} 7,
(b) = Z {acos(t6) + Bsin(10)} X, ,,

(c) := % Z {occos(18) + Bsin(20)} {acos((z — €)0) + Bsin((t — £)6)} T
t=1

Now, we evaluate the terms (a)—(c) as N — oo.

(I) The evaluation of (a)
(a) is d X d matrix and , for 1 < i, j < d, its arbitrary (i, j)element is

N
% Z X;; {a; cos((t - £)8) + B; sin((t — £)6)}

- Bji Li-006 aj+pBji o oit-0)6
{an +Zx e .

By Lemma C.1,

1 S, Fner

a; +ﬁ2
i(t-¢)0 -i(z-0)6
|NZX ¢ ’ ‘NZX ’

_o, ((IO]%N)UZ)-

Therefore,

C.1) @=0, ((lo]gVN)l/z).
(II) The evaluation of (b)

Similarly to (a), (b) is evaluated by

C2) ® =0, ((101%,]\/)1/2).

(ITI) The evaluation of (¢)
For1 <i,j <d, (i, j)- element of (c) is expressed as

1 N

N {; cos(10) + B sin(10)} {a; cos((t — €)6) + B; sin((t — €)6) } .
P
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Let us recall
and w; satisfies
@ )
cos(w;) = -, sin(w;) = ﬁ—j,
pPj Pj

and w; = w; fori = j; w; # w;j fori # j. By utilizing the above notations, (i, j)- element of

(c)is
1 N
¥ Z {pi cos(t6 +w)} {p; cos((1 — )6 +w))}
t=1
1 N
= p,-pjﬁ Z cos(t60 + w;) cos((t — )8 + w;).
t=1

Here, we focus on

N

% Z cos(10 + wj) cos((t — )0 + wj) = (A) + (B) + (C) + (D),
=1
where
1 N
(4) =~ Z cos(16) cos(w;) cos((t — £)8) cos(w),

t=1

N
(B) := —% D cos(t6) cos(w;) sin((t - £)6) sin(w;),
t=1

N

(C) = —% t:Zl sin(#6) sin(w;) cos((t — £)0) cos(w;),
| X

(D)= D sin(t6) sin(wy) sin((r - 0)6) sin(w)).

t=1

To evaluate each term (A)—(D), we introduce the following three formulas:

N
1 1
(C.3) 1\}1120 v ; cos(t0) cos((t — £)0) = 5 cos(£0), 0<0O<m,
1 N
(C.4) dim ; cos(10)sin(t6) =0, 0<6 <,
1 Y 1
(C.5) Jim Z sin(16) sin(16) = 7. 0<0<m.

t=1



(i) The evaluation of (A)
By (C.3),as N — oo,

hm (A) lcos(ou ;) cos(w;) cos(£6), 0<0<m.

(ii) The evaluation of (B)
(B) is expressed as

- = cos(wl) sin(w;) Z cos(t0) sin((t — £)0)
=1

N
= —cos(w;) sin(w;)— ! Z cos(76) (sin(16) cos(€6) — cos(16) sin(€6)).

t=1

By (C.3) and (C.4), as N — oo, we obtain
1
hm (B) = cos(a) ) sin(w ) sin(£6), 0<0<m.

(iii) The evaluation of (C)
(C) is expressed as

- = sm(a),) cos(w;j) Z sin(t0) cos((t — £)0)

t=1

N
= —sin(w;) cos(w;) — ] Z sin(20) (cos(20) cos(£0) + sin(6) sin(£0)).

t=1

By (C.4) and (C.5), as N — oo, we obtain
. I . .
1\}1m (€)= ) sin(w;) cos(w;) sin(£6), 0<0<m.

(iv) The evaluation of (D)
(D) is expressed by

N
% sin(w;) sin(w;) ; sin(#6) sin(( — £)0)

N
= sin(w;) sin(wj)% Z sin(tG)(sin(tH) cos(£6) — cos(16) sin(€6)).
=1

By (C.4) and (C.5), as N — oo, we obtain
1
A%im (D) = 3 sin(w;) sin(w ) cos(£6), 0<6<m.
Accordingly, as N — oo, we obtain

(A)+ (D) = 1 005(59) cos(w; — wj),
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(B)+(C) = —% sin(£0) sin(w; — w;),

N

1

v Z cos(t0 + w;j) cos((t =)0+ w;)
=1

= % {005(59) cos(w; — w;) — sin(£0) sin(w; — w;)})

= pizpj cos(€6 + (w; — wj)).

Therefore,

(C.6) (c) = (piéoj cos (€6 + (w; — u)‘,-))) L D(0),

i,j=1,...,
where w; = w; fori = j; w; # wj fori # j.

In summary, from (C.1), (C.2) and (C.6), we obtain

1Y o, 1Y . log N \1/2
N;Y;}’;_[:NI_ZIX;XI_€+D(€)+OP(( s ) )

which completes the proof of Lemma C.2. O

Now, we provide the proof of Lemma 3.2. We state the outline of the proof. The proof is divided

into 2 steps. First, we evaluate [" v (p) by utilizing r X (p)- Secondly, we consider r ;,l(p).

Proof of Lemma 3.2. First, let us consider the evaluation of ['y(,) with I'x(,). Ty (p) is p X p
block matrix such as

R 1 &
Py =5 2 YY)

t=1

| N Y;‘lftT Y;‘}f,tl KY;—EP_H
=y : 3 :
=1 }/,71“_1}’;-'— thfp+l}/t—£1 e lftfp+1},,-l_—p+1

Let us recall that
J = (£(6) ® p(w), &(-0) ® p(~w)) € CIP*2,

£6) = (... ") T eCPXl,  p(w) = (%e_i“", . ..,%”’e-iwd)T e cdxl,
By using J and Lemma C.2, we obtain
. . . log N\1/2
.7 Py = Px(p +JJ* +0, (p( = ) )

Remark C.3. JJ" is dp X dp matrix such as

D(0) D) -+ D(p-1
D(-1) D©) - D(p-2)

JJ = € ¢drxdp,

D(—p+1) D(-p+2) -  D(0)



Now, we condider F;, ) From (C.7), we obtain

-1 1_ 1
vip ~ Cxpy + JI) 7 =19 Ty (p) = Cxp) + JTNEx () + T T
Accordingly,

165, = i + TT) < IEG IRy () = Cx iy + TIMN Ex ) + T
(logN)l/Z
P\™n
log N\1/2
=Op (pS( N ) )

N . _ log N\1/2
1 #y—1 3
15 = Cxgpy +JT7) +0p(p( = )

r

=|f

Fmlllo Iy +TT) 7|

Thus, we obtain

By Matrix Inverse Lemma, we obtain

log N\1/2

_ — * 1 - 3

By ) =X ) = Pxp T (L + T Tx ) DT TX )+ 0p (1’ ( N ) )

which completes the proof of Lemma 3.2. O

Appendix D. Proof of Theorem 3.4 Before providing the proof of Theorem 3.4, we introduce the
following lemma.

Lemma D.1. Under Assuption 3.1, we obtain

~ ~ loge N
() = 2x () + T + 0, (7).
where |
T(p) = N—XX(p)TF X (o )J(IZ+J* X( V)~ L F;((p)X(p)XT.

Proof of Lemma D.1. First, we formulate 3y (p) in Proposition 2.3 with £x (p). Let us recall that
the periodic component in (2.3) is expressed as

acos(10) + Bsin(16) = Q;(0)1),
where I; is d X d identity matrix, and
¥ =(a,B)7 e R,
Q:1(0) = (q:(0)" ® Iz) € R,
q:(0) = (cos(16), sin(16)) T € R**1.
Thus, Y (p) is expressed as

Y, Y, - Yv
Yo Y., - Yno
Yp)=| . . .

}/2;[) },37[7 YN;p+l
X X5 e XN Qi)Y Q)Y - Qn(0)y
Xo X - Xna Qo(0) Qi)Y - Qn-1(0)Y

= . . . . + . . . .
X2.—p X3.—p te XN.—p-%—l Q2—p.(0)'¢’ Q3—p.(g)'¢’ e QN—p-;—l (0)'9[’

=X(p)+Q(p)-
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Accordingly,

“ 1

Sy (p) = XX~ %X(X(p) LQUNTTY (X () + Q)X

Ixxt_ _Xx(p)Tr X (p)XT+ (D + () + (),

=N Y(p)
where
() = - XX ()T, Q) X,
() = - XQ) T, X (X,
(M) = — XQ(p) T3, QX

By Lemma C.1, we obtain

2 (log N)!/2 2 (log N)!/2 2logN
(I):Op(st (H)=0pPT, (I =0, (P N |
Therefore,
Sy (p) = XXT——XX( VS X (p)XT 40, [ p2 el
Y p y(p) p N |
From Lemma 3.2, £y (p) is
- - log N
Zy(p) =2x(p)+T(p)+ Oy (P2%) ,
where
1 - x
T(p) = —XX(p)TFX( V(L + J° FX( V)~ Ly X( X (p)XT,
which completes the proof of Lemma D.1.
Now, let us provide the proof of Theorem 3.4.
Proof of Theorem 3.4. Let us divide T(p) into 3 terms such as
1 A I 1 -
NXX(p)TFX(p)J, (L+dJ X(p)J) JFX(p)X(p)XT.

Now, we evaluate 3 terms, respectively.

(i) The evaluation of N"' X X (p)™I"
By (A.1), we obtain

X(p)J

1 A
XXX, = XX (p) (X (P)X(p)")"!

= A e RIP,



(ii)

Accordingly,
1 . A
N XX (D%, = AT
= A(£(6) ® p(w). £(-6) ® p(-w))
P ~ cn P ~ PR
= (X A5e)p@). (Y Aje7 ) p(-w)

j=1 Jj=1
=C.

The evaluation of (I, + J"‘IAﬁ;(I(p)J)‘l

We consider I, + J*f}‘(l(p) J. Let W(8) be

W) = (e I, ..., e PO e cérxd,
where I is d X d identity matrix. Any dp X 1 block elements of J is
£(0) ® p(w) =W(0)p(w).
From Theorem 1.2 in Hannan and Wahlberg (1989), we obtain

%(W(e)p(w»*f;(,,)(Ww)p(w)) = p(@)" 7 (O)p(w) +o(1),

(W(O)p(@) TX ) (W(O)p(w)) = p(p(w)* F~(B)p(w)) +o(p),

where f is the spectral density matrix of X, at the frequency 6. I, + J *fg(l(p)J is2x2
diagonal matrix such as

(1 +p(p(w) fF71(0)p(w)) 0 )
0 1+ p(p(-w)* fF 1 (-0)p(-w)) |

Thus, (I + J*f“;(‘(p)J)‘l is

((1 +p(p(w) 1 (O)p(w)) 0 1) .
0 (L+p(p(-w) f (-0)p(-w)))

The (1,1)-element of (I, + J*T5! | J) ! is

(14 p(ptw) 1 @)

oo ol
{(”(”(“” 17 @) (1 @ F 1 @)p(@)

Y SR R
(pot@ s @p@)) (14 s

= (o)’ £ @)p(w)) " +o(p™).

Therefore, we obtain

(L+JTY D)™ =Fx+o(p™),

where ¥ x is 2 X 2 diagonal matrix such as

((p(p(wf-l<9>p<w)>)1 0 1) |
0 (p(p(=w)* £~ (B) p(~w))) ™
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(iii) The evaluation of N—lJ*f;g(p)X( pXT
Similarly to (i),

P p ) T

(B Ase oo (4, o (W)) |

j=1 J=1

=C".

1 =1
ST T X ()X =

In summary, we obtain

- - log N
£4() = £x(p) + OTxC" 40, (1?52,

which completes the proof of Theorem 3.4.

Communicated by Masanobu Taniguchi

Rinka Sagawa

Department of Applied Mathematics,Waseda University
3-4-1, Okubo, Sshinjuku-ku, 169-8555, Tokyo, Japan
cherry.kyubin3@akane.waseda.jp





