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ABSTRACT

This paper investigates the linear relationships between two time-series in the frequency domain,
termed coherence analysis. It is widely used in various fields, including signal processing, engineer-
ing, and meteorology. However, conventional coherence analysis tends to be sensitive to outliers.
Laplace cross-periodogram and a corresponding robust coherence analysis based on the least-
absolute deviation (LAD) regression have recently been developed to improve this shortcoming. In
this paper, to extend the scope of Laplace cross-periodogram, we study a robust cross period-
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ogram for long-memory processes and derive its asymptotic distribution. Through numerical
studies, we demonstrate the usefulness of the proposed robust coherence analysis for long-

memory processes.

. Introduction

The primary purpose of the cross-spectral analysis is
to quantify how the variabilities of two time series are
interrelated in the frequency domain. In general, the
cross-spectral analysis is performed using a phase
spectrum and coherence (coherency spectrum). In
this paper, we focus on coherence, which is
a measure of the degree of similarity between two
signals in the frequency domain rather than the time
domain, so that it may be influenced by the informa-
tion of power and phase relations from the two sig-
nals. Coherence is widely used for analysing multiple
time series that are observed from various fields,
including meteorology, communications, and biology
(Carter 1987; Grinsted, Moore, and Jevrejeva 2004;
Sun, Miller, and D’Esposito 2004; Govindan et al.
2005; Maharaj and D’Urso 2010).

It is well known that the ordinary coherence ana-
lysis based on a cross-periodogram is efficient for
cases that satisfy the Gaussian assumption; however,
it suffers from considerable degradation in perfor-
mance when the series follows a heavy-tailed or asym-
metric distribution. To overcome such a problem, Li
(2010) proposed Laplace cross-periodogram and its
related concepts, which are more robust to outliers
that might follow a heavy-tailed process.

Long-memory is a common situation that we
encounter in analysing time series data. If the rate

of decay of the statistical dependence of two points
in the time series is slower than an exponential
decay, we call the phenomenon as long-memory.
In the literature, various studies have been con-
ducted related to the long-memory process (Beran
1994; Granger and Ding 1996). Since the long-
memory properties are commonly observed in
stock returns, a large number of studies have been
done in economics (Cheung and Lai 1995; Bollerslev
and Mikkelsen 1996; Al-Yahyaee, Mensi, and Yoon
2018). On the other hand, the behaviour of stock
market co-movement is a crucial issue in finance,
and correlation/coherence analysis for these data has
also been studied (Longin and Solnik 1995; Berben
and Jansen 2005; Aloui and Hkiri 2014). However,
only a few studies investigate coherency for long-
memory processes as far as we know.

In this study, along the line of Li (2010), we
investigate a robust coherence analysis for long-
memory processes that can significantly extend
the scope of robust coherence analysis, which is
the main contribution of this study. Furthermore,
we provide a theoretical background of Laplace
cross-periodogram for long-memory processes.

The rest of this paper is organized as follows. In
Section II, we briefly review the conventional coher-
ence analysis and the Laplace cross-periodogram.
Laplace cross-periodogram for long-memory
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processes and its theoretical property are discussed
in Section III. Section IV presents numerical experi-
ments, including real data analysis about money
supply growth. Concluding remarks are given in
Section V.

Il. Coherence analysis
Ordinary coherence analysis

Suppose that we have jointly stationary and mean
zero real-valued time series {Yj}, {Yi},
t=1,2,...,n. The cross-spectrum of the two ser-
ies is defined by the Fourier transform of the cross-
covariance function y; (h) := E(Yj 1Y),

1 & .
];k(w)::§ Z yjk(h)exp(—zwh), —n<w<m,

h=—00

under the assumption that the cross-covariance
function is absolutely summable. The cross-
spectrum is a complex function as

(@) = - 3 ) exp(—io)

h=—00

1 o0
=5 Z Yjx(h) cos (wh)
h=—00

1 .
_ 15}1;00 Yj(h) sin (wh)
= cjik(w) — igj(w),

where ¢j(w) and gjx(w) are called cospectrum and
quadrature spectrum, respectively. The cospectrum
measures the extent to which the series oscillate
with the same phase, and the quadrature spectrum
measures the extent to which they oscillate with
a phase difference of a quarter cycle in either
direction.

The coherence (or the squared coherency spec-
trum) at frequency w of the series { Y}, } and { Yy} is
defined by

2
K(w) = @

Jii(@)fir(@)
The coherence ICJ.Zk(w) denotes square of the corre-
lation coefficient between w-components of {Y}}
and { Yy }. By Cauchy-Schwarz inequality, it can be
easily shown that 0 < |ICJ2k(w)| <1, and a value of

ICJ.zk(w) close to 1 implies that the w-components of

the two series are strongly linearly related.

In general, for jointly stationary and mean
zero real-valued time series {Yj,t=1,...,n}
(j=1,...,p), the matrix of periodograms is
defined as

1(0) = L@y, = () 2"(w),

where  z(w) := [Z1(w),. .. ,Zp(w)]T, Ti(w) :=
2(w)7}!(w), and

Zj(w) = %i Yj; exp(—itw)

is the Fourier transform of {Y}}. Note that the
superscript H denotes the complex conjugate
transpose. The coherence of (1) can then be esti-
mated by the following squared ratio of cross-
periodogram and periodograms,

[ Zjx(w)|?
Ijj(w)Ikk(w) '

In order to reduce the variability of periodograms,
various smoothed periodograms have been used.
The general form of a smoothed periodogram is

L(we) = Y WyZ(w, ,), (2)

{=—m

where Z(w) denotes a raw periodogram and Wy
denotes nonnegative weights that sum up to one. In
this study, we employ the modified Daniell-kernel
with the span of filter m (Bloomfield 2000). Hence,
the coherence is estimated by

: ()
ka(w): —

- (3)
I]j(w)zkk(w)

Robust coherence analysis

It is well known that ordinary coherence analysis
performs well under a Gaussian assumption; hence,
it is sensitive to outliers. To alleviate this problem,
Li (2010) proposed Laplace cross-periodogram for
robust coherence analysis. The Laplace cross-
periodogram is defined as



L(w) = [Li(@)]}ie, = u(w) u(0), (4

where u(w) := [Uj(w), ..., Up(w)]T, Li(w) =
Uj(w)Uf!(w), and Uj(w) denotes the Laplace-
Fourier transform of {Y}} which is defined by

Uj(@) = 5 Vil (@) — iB(@)}.

Here, . denotes a solution of the following least-
absolute-deviations (LAD)

/'))j(w) = [ﬂjl (w), ﬁjz (w)] !

(5)

where y,(w) := [cos (wt), sin (wt)]". On replacing
the LAD criteria in (5) by the least square, L(w)
becomes identical to the ordinary
periodogram I (w).

For robust coherence analysis of two time series
{Y;:} and {Yy}, we further consider a smoothed

Cross-

Laplace cross periodogram ijk(wg) as in (2) and
the corresponding estimator of the robust coher-
ence I'(w) can be defined as

L2 (w)
Jk(w) £5(0) L)

lll. Laplace coherence analysis of long-memory
processes

For any fixed j, we consider a stationary process
with  mean zero and unit variance
{Yj,t =1,...,n}. Then, the process {Y};} is said
to be long-memory, if there exists d; € (0,1/2)
such that the spectral density at the origin can be
represented as

fi(w)~Cjw*asw — 07, (7)

where C;>0 and d; is called the long-memory para-
meter. It can be also defined by the correlation
function as

pi(h):= Corr (Y p4n, Yie)~ci()h*4™" as h— o0,
(8)
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where c;j(h) is positive for large h and varies slowly
at infinity. A common example of long-memory
processes is the fractionally integrated white noise
and fractionally integrated ARMA (FARIMA)
models. In these models, the parameter d; corre-
sponds to the integration order. A long-memory
process can be defined as a short-memory process
for d; = 0, and generally, the process is stationary if
dj<1/2 and invertible if d;> — 1/2. A stationary
process with d; € (0,1/2) is characterized as
a long-memory process.

We now derive the asymptotic distribution of the
Laplace cross-periodogram for a long-memory pro-
cess. We assume that the process is modelled as
Yi= ylfo+e(t=1,...,n), where
Gj(Zj), Gj is a measurable function from R to R,
and {Zj } is a stationary mean zero and unit variance
Gaussian process that satisfies the long-memory
property of (7). We further consider the following
assumptions for the asymptotic results of a Laplace
cross-periodogram under multiple long-memory
processes {Yj,,t =1,...,n} (j=1,...,p).

Ejt =

(C1) (WTW) " exists for all n > p, where ¥
denotes an »n X p matrix whose t-th row
is yT.

(C2) max; n'/? |[yf D7!||= O(1), where D =
(wiw)'/2,

(C3) The cumulative distribution of {Y}}, Fj; has
a uniformly continuous density function fj;
on Q:={x € R:0<F;(x)<1} such that
fit>0 almost everywhere on (2, is positive
and continuous at 0, and F;(0) = 1/2.

(C4) For any given j and k, {Y};} and {Y}} are
jointly stationary in the zero crossings in
the sense that P{Y; Yk <0} = (¢t —5s)
for all t and s.

(C5) The function G is strictly monotonic and
has a finite Fisher information.

Theorem 3.1. Under the assumptions (C1)-(C5), the
time series {Yy,t=1,...,n} (j=1,...,p) are
observed from the model Y = y! P, + €, where
€t := Gj(Z), Gj is a measurable function, and {Z; }
is a stationary mean zero and unit variance Gaussian
process that satisfies the long-memory property of (7).

Let & := (8;,,0. ), where 8, =[5, 6_1]T,

inv 1ny ¥ pn
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Ojn = n(l_df)/2|cj1/2(n)|, d; is a long-memory para-
meter, and cj(n) is a slowly varying function of {Z; }
defined in (8). From L(w) = u(w)u(w), we define
(@) = (67 Ui(@),..., 8, Up(a)]”

n— oo,

Then, as

8721 () ~N(0, [Yir(@) ),

where Y := [Apsi(w)] with /l.jk = 1/(4£;(0)fx(0))
and si(w) :== > 50 {1 — 2% (h)} exp(—ihw).

(9) Proof. From the results of Corollary 2 in Koul
and Mukherjee (1993), we have

5 DB — By) = {£(0)}~
Z wt{

where ¢ denotes the coefficients of the LAD in
(5). Since vy, is the harmonic regressor, we obtain

Yy = Zt 1 V(0)y, (@ ( )= (n/2)I+0(1),
which implies D — /n/2I. In addition, since
B, = 0, it follows that the result (9) becomes

]n\/i{ lad lad )}

={fi(0)}~ \/72;1 (jr)e” ’t‘"+op 1)

\/Lﬁ > n(eir)e ™, we further

l(aj,nD)_l

@<m}+%m,w>

84 V2Uj(w

By letting &;(w) :=
derive

8.4 V2Uj(w) = 8, V2{£;(0)} &) + 0p(1).

Then for &(w) := [£;(w)
that

.,‘fp(w)]T, it follows

= (@)

lim E{£(@)(0)"} =

where six(w) == >3 {1 — 2 (h)} exp(—ihw).
By the central limit theorem, we obtain &(w) —

N(0, 1/4[sjx(w )]ikzl), and for # (w) = [5;,11 Uy (w),
28, Up(@)],

82 () ~N(0, Y(@))f,_,).

IV. Numerical experiments

Simulation study

Example 1 We consider two long-memory pro-
cesses that follow the models, namely

Xt = 2a; + €1t

Y: = asey,

where {4,} is a nonnegative periodic sequence of the
form 1.0 + 0.9 cos(wyt) with wy = 27 X 0.1, and €y,
and €,; are independent FARIMA(0, 0.3, 0) processes
with three different error distributions: Gaussian dis-
tribution, ¢-distribution with 2.1 degrees of freedom,
and Cauchy distribution with a scale parameter of
0.25. For each combination of {X;} and {Y,}, the
noise type, and n = 600, 1000 datasets are generated.
For each generated dataset, the ordinary and Laplace
coherence are performed. Note that the ordinary
coherence is computed by (3) and the Laplace coher-
ence is computed by (6). Figure 1 shows the averages
of ordinary and Laplace coherences according to the
noise type. Overall, the Laplace coherence efficiently
detects the common frequency of wy. Especially, for
the heavy-tailed noise distributions, the Laplace
coherence outperforms the ordinary coherence in
terms of identifying the frequency information w,
while retaining its robustness.

Example 2 Let {X;} be a FARIMA(2, 0.3, 0) process
with parameters ¢, = 1.2 cos(27 x 0.25) and ¢, =

—(0.6)* (McLeod, Yu, and Krougly 2007). We con-
sider the following two time series

Yiir=qa (Xt + €t1)

Yo = ca(aXi—s + €n),

where €, and €5, are mutually independent i.i.d. white
noise N (0, 3.162), and the scale parameters ¢; and ¢,
are chosen such that Var(X;) = Var(Y;) = 1. By
following the approach of Li (2010), we try to detect
the common component in the two series {Yy;} and
{Y2} by coherence analysis. For this purpose, we
perform the following hypothesis testing Hy : « = 0
vs. H, : a#0 with the rejection rule: reject Hy if the
maximum absolute coherency is higher than
a threshold.
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Figure 1. Averages of ordinary coherences and Laplace coherences in Example 1: (top) Gaussian distributed error model, (middle) t
distributed error model, and (bottom) Cauchy distributed error model.

For evaluation, we consider the receiver operat-
ing characteristic (ROC) curve of a binary classifier
system. The ROC curve depicts the relative trade-
off between benefits and costs. Therefore, a point in
a ROC curve is more suitable than another if it is
located in the upper-left area.

We generate 1000 data sets. Among them, the
first 500 data sets are generated with « = 0, and the
next 500 data sets are generated with a#0. Further,
we consider four noise types: (G) Gaussian, (LG)
log gamma with shape parameter 1 and scale para-
meter 2 (Hogg and Klugman 2009), and (C)
Cauchy distribution with scale parameter 0.25.

Figure 2 shows the ROC curves for the ordinary
and Laplace coherence analyses under the four
noise scenarios. It can be seen that the Laplace
coherence outperforms the ordinary one for non-
Gaussian distributed noise cases.

Real data example: money supply growth

We analyse the monthly measures of the monetary
aggregates from January 1959 to May 2018 obtained
from https://www.federalreserve.gov/releases/h6/
about.htm. M1 consists of easily accessible money,
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Figure 2. ROC curves of the maximum absolute coherency test by the ordinary coherency (black) and the Laplace coherency (red)
under different noise distributions: Gaussian, log gamma, and Cauchy distribution. The results are based on 1,000 simulated data sets.

such as currency and demand deposits, whereas M2
consists of money that requires more time for access,
such as savings deposits and money market accounts.
Since M1 is included in M2, we consider the non-M1
components of M2, which are primarily household
holdings of savings deposits, small time deposits, and
retail money market mutual funds (Sela and Hurvich
2012). The non-M1 components of M2 are denoted as
MI1(M2). Figure 3 shows the log differences of two
time-series. Further, from the periodograms in Sela
and Hurvich (2012), it is seen that the two series are
long-memory processes. Figure 4 shows the ordinary
and Laplace coherency plots. For the result of the
ordinary coherence, the main peak occurs around
a frequency of 0.05, which corresponds to a period
of nearly 20 months, and some minor peaks appear
over other frequencies. On the other hand, Laplace
coherence provides two main peaks; one is around
0.05, and the other appears near the frequency of 0.35,
which corresponds to a period of just under 3 months.

For the evaluation of this peak, we obtain the
Laplace periodograms of Li (2008) for the two
time series M1 and M1(M2), which are dis-
played in Figure 5. We note that the Laplace
periodogram is a robust version of the ordinary
periodogram and can be obtained from the
Laplace coherence with j=k=1 in (4). It can
be seen that there is a common peak near 0.35
as well. We finally remark that this frequency
can also be identified by the ordinary coherence,
but it is not distinct, compared to other fre-
quencies, whereas the peak can be easily
detected by the Laplace coherence.

V. Concluding remarks

In this paper, we have considered a robust
coherence analysis for long-memory processes
based on Laplace cross-periodogram. We have
investigated the asymptotic distribution of
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Figure 3. Log differences of M1 and M2(M1).
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Figure 4. Ordinary coherency and Laplace coherency of M1 and M2(M1).
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Figure 5. Laplace periodograms of M1 and M2(M1).
Laplace cross-periodogram to justify the utility

of Laplace cross-periodogram-based coherence
analysis. We believe that this is the main

contribution of this paper. In addition, we
have conducted simulated examples, showing
that the proposed robust coherence analysis is
capable of understanding the linear relation-
ships between two long-memory processes in
the frequency domain. Furthermore, we have
performed real data analysis for money supply
growth and successfully detected two main
peaks between two long-memory monetary-
related processes. For possible future research,
the Laplace cross-periodogram is worth extend-
ing to a quantile cross-periodogram for long-
memory processes. Quantile cross-periodogram
may reveal hidden relationships between two
long-memory processes, which can provide
a richer interpretation of the time-series data
compared to the Laplace cross-periodogram.
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