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Abstract

This paper essentially extends the generalized spectral estimation of Berkowitz
(2001) to provide a consistent generalized spectral estimator (GSE), considering all the
information available, possibly with infinite dimensions, based upon Escanciano (2006).
Our estimator can entertain the strengths of the Berkowitz-GSE over the standard
GMM. In contrast, more importantly, the newly proposed estimator has consistency
which the Berkowitz-GSE is deficient in, overcoming Dominguez and Lobato’s (2004)
critique on the identifiability of the GMM approach. Furthermore, our estimator is
more general, based upon fairly relaxed assumptions for its asymptotic behaviors, than
the Berkowitz-GSE. Finally, as an empirical application, using the proposed estimation
strategy, we estimate the standard consumption-based asset pricing model in Hansen
and Singleton (1982) to investigate the possibility that the equity premium puzzle may
be due to underidentification of risk aversion parameters.
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1 Introduction

Since introduced by Hansen (1982), the generalized method of moments (GMM) has been
widely used to estimate conditional moment restrictions implied by economic theories. Among
a variety of the advantages, GMM has immediately gained popularity in econometrics mainly
because no distributional assumptions are needed. For instance, as micro-founded macro-
economics becomes standard in the decade, a great number of literature in finance and
macroeconomics has employed the GMM approach to estimate a specific type of conditional
moment restrictions called the Euler equations, which characterize the agents’ decision-
making resulting from the utility maximization; for illustration, see Hansen and Singleton
(1982), Harvey (1991), and Gali and Gertler (1999). Although most applications of GMM
are based upon the time domain approach, Berkowitz’s (2001) work is remarkable in the
sense that he proposes a frequency domain version of GMM, named generalized spectral
estimator (GSE).! In estimating parameters of interest, both approaches convert conditional
moment restrictions into unconditional moments, whereas subsequent procedures would be
entirely different across the two approaches. To clarify this point, suppose we derive arbitrary

conditional moment restrictions from the theory as follows:
E[h(Y;,00)|X¢] =0 a.s. for a unique value 0y € O, where © C R? (1)

Then, to apply the standard GMM or GSE appoach, econometricians take into account

unconditional moments as their moment conditions:
Elh(Y:,00)g(X:)] =0 a.s. for any given g(-) (2)

Given the population condition (2), the standard estimation strategy in the literature is
firmly based upon the assumption that 6, is globally identified, arbitrarily selecting a finite
number of unconditional moments out of infinite candidates of ¢g(X;), and then minimiz-
ing a sample analogue of the objective function to yield GMM-type estimators. However,
Dominguez and Lobato (2004) point out that the key assumption in the GMM literature may
be seriously flawed and thus give rises to nontrivial problems in terms of consistency because

the unconditional moments utilize fairly limited information on the data generating process,

'In his earlier working paper version, Berkowitz (1996) named the proposed methodology as Spectral
GMM. However, Chacko and Viceira (2003) also use the term to denote their estimation strategy for
continuous-time stochastic models based upon the characteristic function. In order to avoid confusion,
we do not use the term Spectral GMM in this paper.



showing that their minimum distance estimator (DL) outperforms the GMM estimator in
identifying parameters across different types of data generating process. Considering this
possibility of underidentification may have substantial implications on the empirical litera-
ture relying on the GMM-type estimation, providing some clues to solve several interesting
problems, including the equity premium puzzle.

This paper basically extends Berkowitz (2001) to propose a generalized spectral esti-
mator, possibly with a infinite dimension, based upon Escanciano (2006), which employs
a generalized spectral distribution to provide goodness-of-fit tests for the parametric con-
ditional mean. Our estimator can entertain the strengths of the Berkowitz’ GSE over the
traditional GMM (e.g., focusing on a subset of frequencies, no need to consider the weighting
matrix). In contrast, from the perspective of Dominguez and Lobato (2004), the proposed
estimator is consistent whereas the Berkowitz’s GSE may not be consistent as a result of lack
of identification. In this sense, our estimator can be considered as spectral-DL. As a simple
application, we estimate the classical consumption-based asset pricing model in Hansen and
Singleton (1982) to compare our estimation strategy with the two existing methods: the
Berkowitz’s GSE, and the standard GMM.

The paper proceeds as follows. Section 2 overviews identification issues in the GMM-
type estimation, illustrating with an example in Dominguez and Lobato (2004). Section
3 proposes an alternative generalized spectral estimator to Berkowitz’s (2001) GSE and
provides the asymptotic theory. Section 4 presents the estimation and testing results for a

consumption-based asset pricing model. Section 5 concludes.

2 Identification issues in GMM

With the rational expectation prevailing in several fields of economic theory, conditional mo-
ment restrictions are widely being used to describe model equilibrium, in which researchers
are eventually interested. In the literature, the most popular estimation strategy for condi-
tional moment restrictions has been generalized method of moments (GMM) proposed by
Hansen (1982). However, despite several advantages, to implement GMM in practice, find-
ing appropriate instruments with relevance and validity is fairly challenging. In this regard,
there is a growing number of literature raising a variety of questions about the identifiability
of GMM. For instance, a line of literature actively examines on namely ‘weak identification
problem’; caused by faint relevances between instruments and endogenous variables. See
Stock and Wright (2000), Stock et al. (2002), Andrews and Stock (2005).



Furthermore, more recent work suspects that the GMM approach may even fail to identify
parameters especially when a model is defined by conditional moment conditions. Dominguez
and Lobato (2004) show that the GMM’s key assumption of global identification may be
seriously flawed, providing a consistent estimator. In addition, Hsu and Kuan (2008) use
Fourier-coefficient based to propose a consistent estimator, which is favorably compared with
Dominguez and Lobato’s.

In this section we use Dominguez and Lobato’s (2004) simple illustration to explore
potential identification failures of the GMM-type estimation. Consider a univariate random
variable Y with the conditional mean of E(Y|X) = 05X + 0, X% Assume the true value
of 0y equals 5/4 and V(Y |X) is constant. Furthermore, suppose that an econometrician
correctly specifies the model and chooses the optimal instrument W = 20X + X?2. Then, he

can construct the unconditional moment condition:

E[(Y —60°X —0X)W] = E[(Y —6*°X —0X?)(20X + X?)] (3)
= E[(E[Y|X]-60°X — 0X?)(20X + X?)]
= E[(0o — 0){X™* + (60 + 30)X° +20(6, + ) X?}]
= 0

Then, when the conditioning variable X follows an N(0, 1), the last equality in the
condition (3) holds only if # = 6y = +5/4, which implies identification. In contrast, when
X follows an N(1,1), either § = —3 or —5/4 as well as the true value of +5/4 makes the
unconditional moment equal to zero, showing no identification or underidentification. This
simple example manifests the case that the global identification assumption in GMM may
not hold:

Eh(Y:,0)g(X:)] =0 a.s. for some g(X) = 60=6 (4)

Intuitively, we can interpret the case (4) against the identification assumption in GMM
as follows. For any given conditional moment restriction (1), one can generate an infinite
number of unconditional moment restrictions (or instruments g(X)) in (2). However, in prac-
tice, selecting only a few instruments may lead to inconsistent estimation because replacing
conditional moments by unconditional moments may require losing crucial information from
the original restrictions. To overcome the risk of potential underidentification, Dominguez
and Lobato also propose an alternative estimator using the whole information about 6, in

the conditional moment restriction (1). Using Theorem 16.10 (iii) in Billingsley (1995), one



can obtain the following equivalence:
E[h(Y;,00)|X,] =0 a.s. < H(fy,z) =0 for almost all x € R? (5)

where H(0,z) = E[h(Y;,0)1(X; < z)] and I(-) indicator function. Then, the population

parameter fy can be recovered by minimizing the measure of the distance of H(6,z) from 0,

6y = arg Ieléiél/H(e, x)?dPx, () (6)

where Py, is the probability density function of the random vector X;.
Therefore, corresponding to (6), Dominguez and Lobato propose a minimum distance
estimator (DL),

n

R 1 ~ 2
Opr = arg min — lzl: (tz:;h(Y}, 0)I(X; < Xz)) ; (7)

which is consistent and asymptotically normal. Furthermore, using a simulation study (Table
I, p. 1608), they show that in terms of bias, standard error and mean square error, the DL
estimator outperforms the GMM estimator for either X ~ N(0,1) or X ~ N(1,1), which we
analytically considered above. With this background, the following section discusses spectral

estimators in the frequency domain framework, corresponding to the standard GMM.

3 (Generalized spectral estimation

3.1 Generalized spectral estimators (GSE)

Given that the time domain framework is dominant in econometric analysis, why should we
still need to pay attention to the frequency domain approach as considered in this paper? It is
because some difficult problems under one framework may be easily resolved using the other.
Furthermore, in general, using the frequency domain allows us to assess the contributions
of individual frequencies to overall identification, as well as to reduce computational burden
relative to the time domain approach.

Motivated by Durlauf (1991), Berkowitz (2001) proposes a generalized spectral estimator
in the frequency domain, corresponding to standard GMM estimators in the time domain

approach. Under his framework, selecting lags of the Euler residual, h(Y;_;, ) as instruments



replaces the conditional moment restriction (1) with
Eh(Y;,00)h(Yi—;,00)] =0 a.s. for j>1, (8)

implying that the autocovariance function v(j) = 0 for j > 1 and thus making the associated

spectral density

1 « ~ iiu Ye,(0) _ o®
— ju 0 e 9
fht(@o) (u) o j:z_:oo 7(])6 o 71_7 ( )

where u denotes frequency and hy(0) = h(Y;,0). From (9), we can observe that at 6 = 6, the
spectral density of h(Y;, 0p) is flat, i.e., fy,(,)(u) = 0/2m over its entire support, otherwise
deviating from the constant value. Using this fact, one can formulate the distance of a

spectral density from the constant as follows:

SO\ = /Om(f’“—(“) - l)du, Ae (0,1) (10)

o2 T
Then, using the usual Cramér-von Mises (CvM) norm to measure the distance, Berkowitz

proposes a generalized spectral density estimator (BGSE).

) e 2 q A ]/C;z (w) 1
Opcse = arg min / S(\)2d)\ where S()\) = / (A—2 - —>du (11)

From the viewpoint of identification, however, BGSE cannot avoid the Dominguez and
Lobato’s critique because the condition (8) still assumes that the autocovariance function
yields zero if and only if § = 6y. In what follows, we will show that this identification
assumption is not always valid, thus highlighting the potential absence of identification in
the context of Berkowitz (2001).

Let us consider a simple linear process.
}/;j = GOXt + Et Wlth E[€t|$’t—1] = O7 (12)

where §;_ is the o-field generated by the conditioning set I; 1 = (X,_1, Y, 1, X; 9, Y, o, ...)"
Then, assuming the model is correctly specified, we obtain E[Y;|§:-1] = 00X}, and ,(0) =
Y; — 00 X;. Given the condition, let us check if the Berkowitz’s identification assumption (8)
is valid, i.e.

Ele(0)ei—;j(0)) =0 a.s. for j>1<«=0=0 (13)



Hence, we can rewrite the autocovariance function as follows:

Elei(0)ei—;(0)] = E[(Y: —0X:)(Yi—j — 0Xi—;)]
= E[(EYiFi-1) — 0X) (Yo — 0X; ;)]
= (00— 0)’E[X: X, j] + (00 — 0) E[Xse, ] (14)

Then, identification may fail because the equality in (14) holds when for all j > 1,

0 = QO or 0= 00 + M if E[XtXt_j] 7é 0 (15)

Specifically, for an AR(1) process (i.e.,X; = Y;_1), we can easily show that the autocovariance
function (14) equals to zero when 6 = 1/, as well as the true .2 Therefore, we can rewrite
(13) as

Elei(0)ei—j(0)) =0 as.for j>1<«=0=0;, or 1/6

which implies that identification may fail.

In order to verify the possibility of underidentification, we simulate AR(1) process y; =
0.8y;_1+¢e¢, & ~ N(0,1). To minimize the dependence upon the selection of initial values yq,
we generate N; observations and then wash out the initial Ny. Figure 1 presents the objective
function of squared sample autocovariance function E,[.(0)e;—;(6)] along the grid of possible
values for 6 € [0.5,1.5], setting with N; = 2000, Ny = 1000, j = 5. As the figure shows,
we can verify that the objective function is minimized at zero when 6 = 1.25 (= 1/0.8),
as well as the true value of 0.8. Accordingly, to exclude the possibility that parameters of
interest may not be identified, we extend Berkowitz (2001) to propose a consistent estimator

considering all the information available, possibly with infinite dimensions, based upon the

2The two terms associated with the second solution in (15) can be obtained as follows:

EXier—j] = E[Yi_160j] 290& h—1)Et—j]
= 0} '0?  for |00|<1 (16)
oo
EX:X—j] = E[Yi1Yi_j] Zeost n1)O06er k1))
o h pk 9] 2
- ZZeoeocov(gt,h,l,gt,k,j,l):(1 092) (17)
h=0 k=0 o
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Figure 1: Underidentification in AR(1) with 6y = 0.8

testing methodology by Escanciano (2006).

Escanciano (2006) introduces the use of a generalized spectral distribution for testing
martingale difference hypothesis (1). Among several advantages, using the spectral distrib-
ution allows us to skip the choice of any kernel and bandwidth for testing. Moreover, unlike
Berkowitz (2001), we can escape the potential identification problem if converting the test
statistics proposed by Escanciano (2006) into minimization criteria.

To obtain a consistent estimator, we follow the notations and procedure to derive the
integrated generalized spectral tests in Escanciano (2006). Let {(Y;, X}_;) }iez be a strictly
stationary and ergodic time series process defined on the probability space (2, F, P), where
Y; € R dependent variable and Z; ;1 = (Y;1,X] ;) € R™, m € N, is the explanatory
random vector including the lags of Y; and X,. Furthermore, we denote the conditioning set

at time t — 1l as I,y = (Z,_,,Z, ,,...). Then, let us consider a parameterized conditional



moment restriction implied from an economic theory:
E[R(Y;,00)|Li—1] =0 a.s. for a unique 6y € © C RP, (18)
which 1s equivalent to
Eh(Y;,00)|Z,—;] =0 a.s. Vj>1, for a unique , € © C R”. (19)

Then, by selecting an appropriate function from the family of functions F = {w(Z,x) : x €
T C R*} satisfying Lemma 1 in Escanciano (2006), we can rewrite the restriction (19) using

a generalized measure of dependence v, () as
Yiw(X,00) = E[W(Yy, 00)w(Z;—j,x)] =0 a.e.in T CR*, s €N, j> 1. (20)

While among popular examples of w(Z,x) are the exponential functions or indicator func-
tions, we maintain the general notation in this derivation. For a list of the literature using
different weighting functions, see Escanciano and Velasco (2006).

Then, applying the Fourier transform to the functions {v,,,(x,0) };iioo, we obtain a

spectral density

1 = —iju
fw(u7X7 0) = % Z ’Vj,w(xae)e ! ) Vu € [_77'771-]7 xeT

j=—o00

where ¢ = v/—1, and u denotes frequency.

Following Escanciano (2006), we construct a generalized spectral distribution function as

AT
Ho\x,0) = 2 fulwx,0)du, Ae(0,1) (21)
0
> sin jw\
= 70,w(x79)A+227j,w(X76) j‘ZT

J=1

As with (9), a careful investigation reveals that evaluated at § = 6y, the spectral distribution

function yields a constant value over the entire support:
Hw()‘v X, 90) = Yo,w (Xv 90))‘ (22)
Then, let us consider a sample {Y;_1,T,_1}", where I,_; = (Z]_,,Z!_,, ..., Z;)', and denote

8



the sample conditional moment restriction as h;(0) = /f;t(Y;, ). Then the sample analogue
of (21) becomes

1/28I0 JTA

Hy (%, 0) = Fo.u (60X +2 37, (0x,0)(ny /m)! "=

j=1

(23)

where 7, ,,(x,60) = %Z?:j hi()w(Z;_j,x) for j > 1, nj = n —j + 1, and (n;/n)"/? a
finite-sample correction factor.

In the spirit of Berkowitz (2001), we can formulate the deviation of the sample spec-
tral distribution H, (), x, 0)/70.,(x,0) from the constant A = H, (A, X, 00)/7p.,(%,00) , or
equivalently the distance between H, (), x, ) and ﬁO,w<)\7 X, 0) = 7., (%, 0)A:

1/2 ¢ ~ ~
Sl %,0) = (g) {Huhx,0) = Houl(Xx,0)} (24)
\/_51nj7r)\
Zn] ’VJw g

= % Z ht(H)qt,w()\, X, 9)7

where q;,(\,x,0) = Z;Zl(n/njﬂm%w(zt_j,x). Therefore, using the Cramér-von

Mises (CvM) norm, we can measure the distance S, .,(-) as
D}, (0) = / |Snw(X, %, 0) ] W (dx)dA (25)
I

where IT = [0, 1] x T and W (-) is an integrating function associated with the weight family
F defined above. Given the last expression for S, (A, x,6) in (24), the CvM norm can be
considered as application of the Integrated Conditional Moment (ICM) statistic proposed
by Bierens (1982). Accordingly, it follows from the minimization of the norm (25) that we

obtain a generalized spectral estimator (CGSE) as

Ocase = arg min D; (9 (26)

Specifically, if we choose the exponential function for w(Z,_;,x) in the dependence measure
(20), (i.e., w(Z_j,x) = exp(ix'Z;_;), x € R™) with a selection of the cumulative distribution

function of a standard normal random variable for the integrating function in W(-), then



(26) can be rewritten as

Oogse = arg min D2 .(0)

= argmm/ 1Sn.c(A, %, 0)|° d®(x)dA (27)

= argmm Zzht eXp{——( —j — Zs—j)%}

ee@ Ao omi ()2 n;
1 Toc PR —

Note that given the exponential weighting function, we can easily obtain moment conditions
associated with BGSE by differentiating characteristic functions. In this sense, we find
that CGSE can be considered as a generalized version of BGSE. Furthermore, the proposed
estimator attains useful asymptotic behaviors such as consistency and asymptotic normality

as provided in the next subsection.

3.2 Asymptotic theory
3.2.1 Consistency

Assumption 1 The parametric space © is compact in RP. The true parameter 6y belongs
to the interior of ©.

Assumption 2 {Y},Z, 1}z is a strictly stationary and ergodic process.

Assumption 3 h(Y;,0) is continuous at each 0 € © with probability one and satisfies
Elsupyee [(Yy, 0)]] < oo.

Assumption 4 E[h(Y;,0)|X:] =0 a.s. if and only if 60 = 6.

Theorem 1 Let Assumptions 1-4 hold. Then

Occse —as. o

Proof. Due to (22), the population objective function D%(6) is uniquely minimized at
0o € ©. Furthermore, it follows from Assumptions 1-4 and stanardard M-estimator theory
that the sample analogue DZ’C(H) converges uniformly in probability to DZ(#). Then, by
Amemiya (1985, Theorem 4.1.1), it completes the proof. [ ]

10



3.2.2 Asymptotic normality

Denote n = (\,x')’ € II and consider the process S, ( \F Z ) where ¢;(n) =
¢t.c(A,x,0). Then under standard regularity condltlons 81m1larly to Blerens (1990),

0

Vil —6,) = —D(6)~ \/_th (00) =71

=771 (00) + 0p(1)

and
D(O) = Bl (0)) g 6))), 000, 0) = ~Blhu(B)a(n)]

Hence, by Lemma 3 in Bierens (1990), we can rewrite S,(n) as

Suln) = % S he®)ain) = % S hu(80)64 (1) + 0,(1),

where ¢,(1) = q,(n) + b(00,7)" D(00) " 557 e (6o)-

Assumption 5 h(Y;, 0) is once continuously differentiable in a neighborhood of 0y, satisfying
Elsupgez, |h(Y;,0)|] < oo where Zy is a neighborhood of 8y and h(Y;,0) = Zh(Yy,0).

Assumption 6 h(Y;,00) is a martingale difference sequence with respect to {Z,s < t}.

Assumption 7 E[R4(Y,,00) | X.|"™] < oo and the density of the conditioning variables

given the history is continuous and bounded.

Theorem 2 Let Assumptions 1-7 hold. Then

\/E(ECGSE —0p) —aq N(0,%)

where

_ ( / H;m)l / / H (1) ()T (1. 1) (1, ) d (1) ( / HH’d‘I’>1

with H(n) = E[ﬁt(ﬁo)qt(n)] and covariance matriz T'(ny,ny) = plim, % S hEd,(n1) by (1)

Proof.
Let us denote S,(0) = S,,.c(A, x,6). Then the minimization of the objective function in (27)

11



yields the following first order conditions:
/ $,(6)S,,(0)d®(x)d\ = 0 (28)
I

Then, by the mean value theorem, we obtain

A~ -

/ 5 (0)S(00)dD (x)dN + / S0 (0)8,,(0)dD (x)d) x (0 — 0p) = 0

where 6 = pfy + (1 — p)b\ for some random p € [0,1]. Therefore, we can rewrite the first

order conditions as

-~ . A~ .

Vnd —0y) = — {/H Sn(H)Sn(é)dCI)(x)d)\} : vn {/H Sn(b\)Sn(@O)d@(x)d)\}
= - [/H {% Z ht@)(]t(n)} {% Z fit(é)qt(n)} d(IJ(X)d)\] X
X [/H {% Z ht@)%(n)} {% Z ht(90)qt(77)} dCIJ(X)d)\] :

Using the continuous mapping theorem, combined with Assumption 5, Lemma 1 and 2 below

completes the proof. [ |

Lemma 1 Let 0*be a consistent estimator of 0y, and Assumptions 1-7 hold. Then

S Hl07)an) —as 10) = Elle(Go)an)] wniformly in .

n

Proof. Let us denote H,(f) = + Z h(0)q:(n) and H(#) = E[hs(#)q:(n)]. Then consider

1,07~ f(00)| < |Ha(0%) ~ H0")

+|HE) - H(6)

< 31618 H,(0) — H(@)} + ‘H(Q*) — H(eo)‘ —a.s. 0,

which is implied by the uniform law of large numbers, the consistency of #* and the continuous

mapping theorem under Assumptions 1-7. [ |

12



Lemma 2 Let Assumptions 1-7 hold. Then

Sn(0o) = % Z hi(0o)qi(n) = S

where = denotes weak convergence in C[II] and S is a Gaussian process on I, with zero

mean and covariance function I'(ny,n,).

Proof. Let us denote S,(f) as S,. Then, by the Prohorov’s Theorem, it suffices to
show that the finite-dimensional distributions (fidis) of the random function S, converges
to normal distribution and that .S,, is asymptotically tight. The first part of the proof can
be easily obtained by applying a version of martingale difference central limit theorem. See
Bierens (1994, Theorem 6.1.7). To prove the tightness of S,,, we define v, (1) as tight random
functions on II such that P[S, = v,] > 1 — ¢ for an arbitrary € and need to show that v, is
tight. For the tightness of v,,, according to by the Kolmogorov-Cencov criterion, we need to

show that there exists a constant C such that
s
E ‘Un(no)w <C and Elv,(n) — 7)71(772)|W <Clny — 772Hk+

for Vng,ny,my € I, 3y,6 > 0,and k is the dimension of II. Following Bierens and Ploberger
(1997), define the stopping time 7(M) = sup{t < n|Ai(n,) < nM, B; < nM} for an
arbitrary 7, € TT and M > 0, with A,(n) = >'_, h? ()%, By = St h2K;?. Then, using

J=1""J J=1""
Burkholder’s inequality to v,, proves the first condition of the criterion when v = 2k + 2:

E [un(no) " < Copra(1/n* ) BTG Bi6,(00))F < Copya M.

For the proof of the second part, by applying Burkholder’s inequality, the Lipschitz condition

Blontm) = vl = (/e (S0 natm) o] )
< Cl1/n B (S W om) — 6,m)?)

k+1
Ce(1/n* B (ST RERE) g = ol
Ci Iy — |2 M,

and the definition of the stopping time 7(M), we can obtain

IN

N
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which implies that v,, is tight, and therefore S, converges weakly to a Gaussian process S.
For details, see Bierens and Ploberger (1997) |

4 Application: consumption-based CAPM (In progress)

It is widely recognized that taking data to standard consumption-based asset pricing models
using GMM generates too high risk aversion (‘Equity premium puzzle’). Among a huge num-
ber of alternative models, models with habit persistence (Campbell and Cochrane (1999))
or long-run risk factor (Bansal and Yaron (2004)) have drawn much attentions from re-
searchers. However, Berkowitz (2001) proposes such a high level of risk aversion may be due
to the noise in the high frequency data, using the generalized spectral estimation technique.
We employ the proposed consistent generalized spectral estimator to estimate a standard
consumption-based CAPM, fixing the potential lack of identification in Berkowitz (2001).

[Estimation results will be included.]

5 Concluding remarks

This paper proposes a consistent generalized spectral estimator for models defined by con-
ditional moment restrictions. By employing the frequency domain approach, our estimator
is close to a generalized spectral estimator proposed by Berkowitz (2001), but resolves the
lack of identification problem, caused by the global identification assumption in the GMM
literature. Although Dominguez and Lobato (2004) point out this issue and provide a con-
sistent estimator in the time domain framework, their estimator has a serious drawback:
incompatible with high dimensional data. In contrast, our estimator can be applied to the
applications with high dimension data. However, our estimator has limitations of using pair-
wise dependence measures whereas it provides more precise estimation rather than using the

whole information set. This is left for future research.
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