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For the panel generalized autoregressive conditional heteroskedasticity (GARCH) model, the
conditions for the stationarity and positive definiteness of conditional covariance processes
are examined. A new feasible specification is constructed for the class of panel GARCH
models, and a three-step estimation technique is developed based on a variance-targeting
(VT) approach. The consistency and asymptotic normality of the VT estimator are shown
when the time dimension tends to infinity and the cross-sectional dimension is fixed. The
stationarity and asymptotic properties are discussed for both time and cross-sectional di-
mensions tend to infinity. The results of Monte Carlo experiments indicate that the finite
sample property of the VT estimator is satisfactory, implying that increasing the cross-

Consistency sectional dimension does not affect the speed of convergence, but shrinks the asymptotic

Asymptotic normality covariance matrix. The empirical results of the analysis of the inflation rates of G7 coun-
tries and growth rates for the value of trade in four economic regions indicate that the
feasible specification provides a competitive alternative to the class of panel GARCH mod-
els. The empirical results indicate that the global financial crisis affects the growth rates
of trades, while the influence of the COVID-19 pandemic shows that its effect on inflation
rates is insignificant.

© 2022 EcoSta Econometrics and Statistics. Published by Elsevier B.V. All rights reserved.

1. Introduction

Interest in allowing heteroskedastic disturbance in panel data regression is ongoing. See Arellano (1987, 2003); Cermefio
and Grier (2006); Hansen (2007); Kiefer (1980); Pakel et al. (2011); Stock and Watson (2008), and Vogelsang (2012) among
others. Arellano (1987); Kiefer (1980), and Hansen (2007) consider heteroskedasticity-robust standard errors as extensions
of the work of White (1980), while Arellano (2003); Stock and Watson (2008), and Vogelsang (2012) use variants of the
covariance estimator of Newey and West (1987) to allow heteroskedasticity and autocorrelations. Instead of an unknown
form of the heteroskedasticity assumption, Cermefio and Grier (2006) develop a panel data model allowing the generalized
autoregressive conditional heteroskedasticity (GARCH) structure. The empirical results of Bouras et al. (2019); Cermefio and
Sanin (2015); Deniz et al. (2020); Lee (2010); Ribeiro et al. (2017), and Valera et al. (2017) demonstrate the usefulness of
this class of panel GARCH model.

For their panel GARCH model, Cermefio and Grier (2006) consider maximum likelihood estimation for large T with fixed
n, where T and n are the time and cross-sectional dimensions, respectively. However, there are several gaps in the theoret-
ical literature. First, no conditions for the stationarity and positive definiteness of the covariance process are yet available.
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Second, we need to verify the conditions for the consistency and asymptotic normality of the estimators. Third, it is impor-
tant to relax the assumption of Gaussian disturbance to accommodate quasi-maximum likelihood (QML) estimation. Fourth,
it is useful to apply the recent works on variance-targeting (VT) estimation developed by Francq et al. (2011); Kristensen
and Linton (2004), and Pedersen and Rahbek (2014) to the panel GARCH model.

The first purpose of this study is to derive the conditions for stationarity and positive definiteness. We show that the
specification of Cermefio and Grier (2006) is infeasible and/or impractical. The second purpose is to develop a new feasible
panel GARCH model that satisfies the conditions for stationarity and positive definiteness as well as show the asymptotic
and finite sample properties of the VT estimators. The third purpose is to report the results of an empirical analysis. Once the
stationarity condition is obtained, we can apply the works of Bollerslev and Wooldridge (1992) and Hafner and Preminger
(2009) to obtain the asymptotic results for the QML estimator. Hence, we concentrate on VT estimation.

The organization of the remainder of the paper is as follows. Section 2 derives the stationarity condition for the panel
GARCH model to develop a new feasible specification and discusses how stationarity under n tends to infinity. Section 3
shows the asymptotic properties of the VT estimator when T tends to infinity and n is fixed. Furthermore, this section in-
vestigates the finite sample properties of the VT estimator. Section 4 presents an empirical analysis of the inflation rates of
G7 countries and growth rates for the value of trade in four economic regions. Section 5 concludes the paper.

We use the following notation throughout the paper. For the product of two matrices, o and ® denote the Hadamard
and Kronecker products, respectively. The Frobenius norm of the matrix, or vector A, is defined as ||A|| = \/tr(A’A). For a
positive matrix A, we define the square root, A/2, by the spectral decomposition of A.

2. Feasible Panel GARCH Models
2.1. Panel GARCH Model

We explain the panel GARCH model suggested by Cermefio and Grier (2006). By checking the conditions for the positive
definiteness of the conditional covariance matrices, we show that their specification is infeasible and/or impractical.
Consider the following dynamic panel data model with fixed effects:

yitzai+¢yi,[—1+xitﬂ+uitv i=1v"’vnv t:],...,T, (1)

where x;; is a 1 x k vector of strictly exogenous variables, ¢; is an individual effect, ¢ is an AR parameter, and B is a k x 1
vector of parameters. Assume the disturbance term u; has zero mean and the following conditional moments:

hiie fori=jandt=s
hijy fori#jandt=s 2)
0 fori=jandt #s
0 fori#jand t #s,

E(uieujs|Se-1) =

where

hige = ki + yuiz,tfl + @hii_1,
hije = Kij + pUi1Uje_q1 + nhije_1. (3)

and S¢_1 =0 Y1-1s---> Ynt-1:Y1.t-2.--.) is the sigma field generated by the past information of (yy;,..., Yne). We assume
that ¥ #0 and p #0 to ensure a dynamic covariance structure. The specification on u; does not allow autocorrelation
and non-contemporaneous cross-sectional correlation. The former is redundant as the mean equation can be extended to
accommodate higher autocorrelation, while the latter is a standard assumption. In addition, the dynamic panel model above
allows for a time-varying covariance process. The specification is convenient in a panel data context because the number of
parameters is considerably reduced by imposing common dynamics on each of them.

We refer to Eqs. (1)-(3) as the “panel GARCH” model. We can generalize the mean and variance-covariance equa-
tions with Pth order autoregression and the (p, q)th order GARCH specification, respectively.

2.2. Feasible Specification

To analyze the time-varying covariance structure, it is convenient to present an alternative form of Eqs. (1)-(3) as

Yy =a+2720+u, (4)
u, =H'%e;, E(e)=0. E(ee))=I. E(e€))=0(t#5), (5)
Hy =K+ Cou_qt_, +DoH1, (6)
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where y; = Vir. - Yne)'s Ue = (Uae, - Une)'s €6 = (E1ps - Ent)s
Zye hie  hie oo g
Zy haie  haye -+ hoge

Zy = . , He= . . . . ,

Znt haie  hme -+ hane

with 2 = (Vi1 %), @ = (@1,....an), 0= (¢. B,
K11 Ki2 - Kin
K1 K2 -+ Kon

K=y . . . . | C=ph+¥-ph D=nh+@-nh, (7

Knt  Kn2 -+ Knn

and J, defined by an n x n matrix of ones. To guarantee positive definiteness for all H;, we make the following proposition.
Proposition 1. Suppose that Hy and K are positive definite matrices. If the parameters (y, ¢, p, n) satisfy the conditions:
yzp., y+pm-120 ¢=n ¢+nn-1)=0,
then H; (t =1,2,...) is positive definite.
For notational convenience, we define the following mean-subtracted sequence:
Vie =Yie —Vi» R =X —Xi, Ziy =2 -2,

where J; =TTy, % =T 'YL, &y, and z; = T-1 3.1, z;,. We denote

Ve Xy 2y

N Yar - X2t ~ 2y

Ve = . , t = , t = (8)
Ine X Zy

We use the quantities to construct and analyze a conventional estimator for the fixed effect regression models below.
Before we discuss stationarity, we make the following assumptions for (x;, &¢).

Assumption 1.

(a) (%1,..-, x;7) and (g1, ..., &;r) are independent and identically distributed (i.i.d.) overi=1,...,n.

(b) E(gir) =0 and E(gjei) =0 for ¢ #s. ) )

(c) plim X = My and plim Qyx = Qx, where My = E(X;), Qv =E(X/X;), X = T-1 ZL] X, and Qx =T ZL] X/X;. Furthermore,
Qx is non-singular.

Remark 2.1. We can relax Assumption 1 using the strict exogeneity condition, as in a standard assumption for regression

models. Since our concern is primarily to estimate the conditional covariance model, we use a simpler assumption for x;
and g;.

Assumption 2.

(a) x;; is stationary and ergodic and E[||x;||*] < oco.
(b) e¢isiidovert=1,..., T. The distribution of &; is absolutely continuous with respect to the Lebesgue measure on %™,
and zero is an interior point of the support of the distribution.

Remark 2.2. The fourth moment condition corresponds to the assumption of Theorem 1 of White (1980). Assumption 2(b)
is from Theorem 2.4 of Boussama et al. (2011). Although Boussama et al. (2011) derive the condition for BEKK multivariate
GARCH models, it is applicable in this context, as explained below.

Regarding the stationarity of u;, we start from the vec form of Eq. (6), given by
h = k + Cvec(u;_yu;_,) + Dh;_y, 9)

where h; = vec(H;), k = vec(K), C = diag(vec(C)), and D = diag(vec(D)). We can apply the argument of Theorem 2.4 of
Boussama et al. (2011) to the vech form, which is straightforwardly obtained by the vec form (9), to construct a Markov
chain for a vector (vech(H;)’,vech(H;_1)’.u{,u; ;). The stationarity condition is that the spectral radius of C+ D is less
than 1, and it can be simplified as

y+p<1, @+n<1. (10)

From the condition in Proposition 1, we can verify y + p > 0 since y + p > max(p, —p(n— 1)) + p > 0 if n > 2. In the same
manner, we obtain ¢ + 7 > 0. As we can derive the lower bounds of y + p and ¢ + n by Proposition 1, they are not stated
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in Eq. (10). The argument of Theorem 2.4 of Boussama et al. (2011) implies that there exists a unique stationary ergodic
solution to the models (5) and (6) and that E[||u¢||] < oc.

For the stationarity of y,, we make the usual assumption that |¢| < 1. By Assumption 2, x; is stationary process with
finite fourth moments. Since x;; and u; are stationary ergodic processes with finite second moments, y, in Eq. (4) is also a
stationary ergodic process with finite second moments, E[||y;||?] < oc.

Remark 2.3. Define ¥ = E(u;u;). Then, X is the solution of
Y=K+CoX+Do%, (11)

and we can show that ¥ is positive definite under the condition of Proposition 1 by applying Theorem 2.2 of Ding and
Engle (2001).
Now, we provide the condition for the positive definiteness of K, which is assumed in Proposition 1.

Proposition 2. For the stationary panel GARCH models (4)-(6), K is positive definite if y +¢@ —p —n <0.

Remark 2.4. Under the parameter restrictions in Proposition 1, the condition, ¥ +¢ — p —n <0, holds if y = p and ¢ = 7.
Hence, Propositions 1 and 2 imply that Eq. (6) reduces to
H=(00-y-@)Z+yu_qu_; +¢H1, (12)

to guarantee the positive definiteness of H; (t > 1) and that the stationarity condition is y + ¢ < 1. Proposition 2 supports
the empirical results of Cermefio and Grier (2006), since their estimates of y and ¢ are similar to those of p and 7, respec-
tively.

Remark 2.5. We can derive the condition to ensure the positive definiteness of H; (t > 1) for the panel GARCH(p, q) model
with the conditional variance and covariance equations defined by

q p
2
hiie = ki + Y Vsl + Y @rhiie1,
s=1 r=1

q p
hije = Kij+ Y pslligqljeq + Y Mrhijes. (13)

s=1 r=1

Note that the panel GARCH(p, q) model is a special case of the diagonal GARCH model, as in Eq. (9). Scherrer and Ribarits
(2007) show that all covariance matrices of the diagonal GARCH model are positive definite if and only if the model has a
diagonal BEKK representation. For the panel GARCH(p, q) model, it is straightforward to show that the model has a diagonal
BEKK representation if and only if s = ps (s=1,...,q9) and ¢, =n, (r=1,..., p).

Our feasible specification for the panel GARCH model is given by Eqs. (1) and (2) with
hijp = (1 =y —@)oij + YUir_1Ujeq + @hije_q, (14)
foralliand j(i,j=1,...,n).

2.3. Stationarity with Large n

We investigate strict stationarity with n — oo, as defined by Zhu et al. (2017).

Definition 1. Zhu et al. (2017). Let {y; € %"} be an n-dimensional time series with n — oco. Define W = {w € R*® : Y |w;| <
oo}, where @ = (wj e %! 1 1 <i < o0) e R, For each winW, let w, = (wy, ..., wy) € K" be the truncated n-dimensional vec-
tor. {y,} is then said to be strictly stationary if it satisfies the following conditions: for any @ € W, (1) y& = limp_.oc @},¥;
exists in the almost sure sense and (2) y{ is strictly stationary.

For the panel GARCH models (1), (2), and (14), we can show that y{’ follows an AR(1)-X-GARCH process, as presented
below. We assume that x; is strictly stationary in the sense of Definition 1. Define ¥* = limp_, @) Xt, up = limp— 00 @)U,
and h® = limp_, @, H;@y. Then, we obtain

YO =a?+ @y, + B +up
u® = /h?e, E(e)=0, E(e?)=1,
h? = (1—y —)o® +yu,)? +¢gh?,, (15)

where a® =32 wie; and 0@ = 3% 352 wiwjo;;. We can show the existence of y{” with probability one by verify-
ing E|y?| < oo. Evidently, y? is strictly stationary if it exists. Hence, y, is said to be strictly stationary (in the sense of
Definition 1).

Remark 2.6. Nijman and Sentana (1996) discuss the contemporaneous aggregation of the diagonal GARCH model (e.g., Ding
and Engle, 2001). By virtue of the common parameters in specification (y, ¢), our panel GARCH model yields the strong
GARCH process defined by Drost and Nijman (1993) in which &; has an independent and identical distribution.
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In the next section, we consider the estimation of the feasible panel GARCH model and examine the asymptotic and
finite sample properties.

3. Three-Step VT Estimator
3.1. VT Estimator

Rather than the maximum likelihood estimation suggested by Cermefio and Grier (2006), we develop an estimation
method based on the feasible specifications in (1), (2), and (14).

Denote the parameter vectors with their parameter spaces for the fixed effect regression model (4) as Be Og C
®k+1 and o € Oy c %" Define the parameter vectors for the multivariate GARCH Eq. (12) based on the VT structure
(11)as o =vec(X) e Oy C A" and A = (y.@) € ©, c %2. Denote the set of parameter vectors as ¥ = (', &, 0/, 1)’ € By,
where G),p =0y x Oy x O x ©,. To emphasize the dependence of the parameters, we denote H; as H;(¥) and restate
Egs. (5) and (12) as

U = Htl/z('ﬁ)é‘ts (16)

HW) =0 -y - S +y [0 —a—Z10) ¥y — o —Z10)' ]+ ¢Hi_1 (). (17)

We assume that the initial values, yq, ¥_1, Xo, and Hp, are given in our estimation (Hafner and Preminger, 2009; Pedersen
and Rahbek, 2014).

We construct a three-step VT estimator as follows. In the first step, we estimate (@, &) using the fixed effect estimator.
The second step estimates o using the sample covariance matrix based on the residuals of the fixed effect regression. The
third step conducts the QML estimation by optimizing the log-likelihood function for A conditional on the other estimates.
The details of the procedure are as follows.

Step 1. Estimate (@, @) using the conventional technique for the fixed effect regression model. The fixed effect estimator
is given by

-1 -1

T T T n T n

0= ZZ;ZI Zzt/yr = Z Zil/’tii[ Z Zf,{ffin (18)
t=1 t=1 t=1 i=1 t=1 i=1

a=y-20. (19)

where J;, X;, and Z are stated in Eq. (8),y=T 'Y/ ;y,and Z=T"'YL, Z.
Step 2. Estimate ¢ using the sample covariance matrix, defined by

T
6 =vec(X) = vec(; Zﬂm;), (20)
=

where il; =y, — & — Z:6.
Step 3. Estimate A by maximizing the quasi-log-likelihood function conditional on (@, &, ). The VT estimator is given by

X = arg maxL; (0, & 6.,1), (21)
AeO®;

where

T
S -a-ZOHW) y —a-26).  (22)
t=1

N —

NT 1<
Lr(0,0,0,)) = -5 log(2m) — 5 > "logdet(H,(¥)) —
t=1

In the following, we examine the asymptotic and finite sample properties of the VT estimator.
3.2. Asymptotic Properties

We first investigate the asymptotic properties of the three-step VT estimator for the case with fixed n and large T. We
make the following classical assumptions to state the result for consistency.

Assumption 3.

(a) The process {y;} is strictly stationary and ergodic.
(b) The true parameters ¥, € ©y and O, are compact.
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(c) For A € ©,, if A # A, then H (0o, g, 6, A) # Hi (0o, &, 09, o) almost surely, for all ¢ > 1.
(d) plim Q; = Q, where Q; =E(Z/Z;) and Q; = T~' Y.{_; Z/Z, and Q; is non-singular.
(e) Elllec][*] < oo.

We now state the following result regarding the consistency of the VT estimator.
Proposition 3. Under Assumptions 1-3, as T — oo,
¥ 55 P (23)
Remark 3.1. Assumption 3(e) is necessary for the consistency of 8, as in Theorem 1 of Nicholls and Pagan (1983).
We make the following assumption for the asymptotic normality of the VT estimator.
Assumption 4.

(a) E[|lu||®] < oo.
(b) 6 is in the interior of ®.
(c) The distribution of &; is symmetric.

We need to assume finite sixth-order moments to show that the second-order derivatives of the log-likelihood function
converge uniformly on the parameter space. In the univariate case, we only require finite fourth-order moments (see Francq
et al. (2011)).

Proposition 4. Under Assumptions 1-4, as T — oo,
VI(# - o) > NO. Q). (24)

where

(er o ~ e 0
QO‘( 0 RSP, ) PO_( _(8h)'8g (8} )

with the non-singular matrix Eé and the matrix 2 defined by (A.13) and the non-singular matrices Q' and QY stated in
Lemma 2.

Remark 3.2. The asymptotic covariance matrix is block diagonal under Assumption 4(c), which corresponds to the result
for the QML estimator for the ARMA-GARCH process, as discussed in Remark 3.7 of Francq and Zakoian (2004). Hence,
the asymptotic accuracy of the estimators of the GARCH parameters is not affected by the mean equation. By relaxing the
assumption, we obtain a non-diagonal asymptotic covariance matrix. Note that the specification of H; will affect the estimate
of Q™, as discussed later.

Remark 3.3. Instead of the VT estimator, we can consider QML estimation, which maximizes Ly (¥) directly, as in Cermefio
and Grier (2006). Under Assumptions 1-4, we can show the consistency and asymptotic normality of the QML estimator
by combining the works of Bollerslev and Wooldridge (1992) and Hafner and Preminger (2009). For asymptotic efficiency,
the QML estimator is preferred to the VT estimator, as implied by Corollary 2 of Francq et al. (2011). VT estimation is more
useful than QML estimation owing to its lower computational time. While the number of parameters in QML estimation is
k +3 +n(n+3)/2, the third-step estimator of the VT estimation method uses just two parameters in the optimization step.
Furthermore, Francq et al. (2011) discuss the advantages of the VT approach and show that when the model is misspecified,
the VT estimator can be superior to the QML estimator for making long-term predictions or calculating value-at-risk.

We can estimate ', €2, E()j, and EF using the sample outer-products and sample Hessian matrices as follows:

. 15 PO I
Q"= Y el Q= T > @le/
t=1 t=1
T T
ex_lzax aa_lzao (25)
o= T S, == T Sy

where

A Al P
m ( 0, 2, ) . vec(ilil,) — @
t — k)

“\n-zazpa ) T\ me| )
A _ 021 (Y) Ao _ 3% (Y)
CT o |, T 9Ador |

with Q; stated in Assumption 3(d). We can then use the model-based estimator for Q™ as
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Table 1
Finite Sample Properties of the VT Estimator for the Panel GARCH Model (n = 5)
Parameter True T =250 T =500
Mean Std. Dev. RMSE Mean Std. Dev. RMSE

] 0.6 0.5924 0.0287 0.0297 0.5959 0.0205 0.0209
B 1.0 0.9976 0.0974 0.0974 0.9992 0.0722 0.0722
o 0.2 0.2131 0.0971 0.0980 0.2063 0.0683 0.0685
o 0.4 0.4189 0.1016 0.1033 0.4117 0.0732 0.0741
o3 0.6 0.6233 0.1106 0.1130 0.6114 0.0796 0.0804
oy 0.8 0.8238 0.1254 0.1276 0.8144 0.0864 0.0875
os 1.0 1.0299 0.1351 0.1383 1.0169 0.0956 0.0970
oy 1.0 0.9847 0.2381 0.2385 1.0059 0.1888 0.1889
on -0.4 -0.3913 0.1798 0.1800 -0.4039 0.1404 0.1405
o3 0.16 0.1630 0.1761 0.1761 0.1608 0.1311 0.1311
on -0.064 -0.0626 0.1694 0.1694 -0.0594 0.1323 0.1323
o751 0.0256 0.0266 0.1702 0.1701 0.0253 0.1348 0.1348
0 1.0 0.9973 0.2468 0.2467 0.9988 0.1906 0.1906
o3 -0.4 -0.4016 0.1845 0.1844 -0.3973 0.1384 0.1384
op 0.16 0.1608 0.1729 0.1729 0.1555 0.1307 0.1307
) -0.064 -0.0692 0.1713 0.1714 -0.0642 0.1317 0.1316
033 1.0 1.0113 0.2566 0.2568 0.9945 0.1784 0.1785
043 -0.4 -0.4040 0.1875 0.1875 -0.3976 0.1378 0.1377
053 0.16 0.1695 0.1747 0.1749 0.1604 0.1309 0.1309
044 1.0 0.9948 0.2485 0.2485 1.0026 0.1884 0.1884
Os4 -0.4 -0.4045 0.1792 0.1793 -0.3983 0.1441 0.1441
O35 1.0 1.0069 0.2436 0.2436 1.0036 0.1878 0.1878
y 0.04 0.0357 0.0090 0.0099 0.0385 0.0057 0.0059
% 0.94 0.9042 0.0532 0.0641 0.9300 0.0112 0.0150
y+e 0.98 0.9398 0.0522 0.0659 0.9685 0.0088 0.0145

Note: The number of replications is 2000.

Am 1 . m "‘/’ m/ m Q-_ZJZ;

Q"= & HWY)&, A ® :( L ) (26)
T ; t t t (In _ ZQZ ]Zt/)

with H; (fﬁ) = 3 being the initial value. Note that ™ is robust to model misspecification, while ™ is expected to be

efficient when the model is correctly specified. We compare these in our empirical analysis.

Remark 3.4. When n tends to infinity but T is fixed, it is known that 9 is inconsistent, leading to the inconsistency of the
remaining estimators.

Remark 3.5. When n tends to infinity, Y; is strictly stationary in the sense of Definition 1, as discussed in Section 2.3. For a
large n, the first-step estimator is biased but consistent as T tends to infinity, as in the standard panel data analysis. Hence,
we can apply the same argument for the proof of Propositions 3 and 4 to show the consistency and asymptotic normality
of the VT estimator when T increases faster than n. We need further examination when n/T — k < oo and n/T3 — 0 (see
Section 6.2 of Arellano (2003) for instance). Even if the first-step estimator is consistent, we need to assume sparsity on
¥ to obtain its estimate, which is invertible, as in Bickel and Levina (2008a,b) for instance. As their approaches assume
independent and identical distributions, they are inapplicable to our case directly. We await further theoretical research on
estimating large covariance matrices.

3.3. Monte Carlo Experiment

We examine the finite sample property of the three-step VT estimator for the feasible panel GARCH model defined by
Egs. (1), (2), and (14). To compare the properties for different dimensions and/or different sample sizes, we use two di-
mensions (n = 5, 20) and two sample sizes (T = 250, 500). We consider an exogenous variable that follows the independent
uniform distribution, that is, k = 1 and x;; ~ U(0, 1). We specify the parameters as

a;=i/m, 0=(06,1), T ={o;}, o;j= (=04 r=(0.04,094).

The parameters satisfy the stationarity condition and the unconditional covariance matrix of u;, ¥, is positive definite. The
number of replications is 2000.

Table 1 presents the sample mean, standard deviation, and root mean squared error (RMSE) of the VT estimates for the
dimension n = 5. The sample means are close to the true values and the standard deviations are similar to the RMSEs.
The biases are negligible even for T = 250. As the sample size increases, the RMSEs have lower values. Figure 1 shows the
histogram and QQ plots for the VT estimates of (y,¢) for (n,T) = (5,250). The distribution of y is close to the normal
distribution, whereas that of ¢ is skewed to the left. Figure 2 displays the histogram and QQ plots for (n,T) = (5, 500). The
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(b) QQ Plot for v

(a) Histogram for
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Fig. 1. Histograms and QQ Plots of the VT Estimates for (n, T) = (5, 250). Note: The red line in the histograms indicates the normal density with the same
mean and variance.

Table 2

Finite Sample Properties of the VT Estimator for the Panel GARCH Model (n = 20)
Parameter True T =250 T =500

Mean Std. Dev. RMSE Mean Std. Dev. RMSE

¢ 0.6 0.5937 0.0178 0.0189 0.5970 0.0133 0.0137
B 1.0 0.9994 0.0495 0.0495 0.9998 0.0358 0.0358
y 0.04 0.0294 0.0030 0.0110 0.0351 0.0018 0.0052
@ 0.94 0.9123 0.0078 0.0287 0.9335 0.0035 0.0073
Y+ 0.98 0.9417 0.0070 0.0389 0.9687 0.0028 0.0117

Note: The number of replications is 2000. We omitted the results for & and o to save space.

pattern of skewness is the same as that in Figure 1, but Figure 2 shows that the distributions are closer to normal than
those of Figure 1 are. Figure 2 supports the asymptotic normality of the VT estimator, shown by Proposition 4.

Table 2 presents the results for the VT estimates for n = 20 with T = 250 and 500. We compare the increasing dimension
n for T =250. The sample means in Table 2 for T =250 are close to those in Table 1. On the contrary, the RMSEs in
Table 2 for T = 250 are smaller than those in Table 1. Figure 3 presents the histogram and QQ plots for the VT estimates
for (n,T) = (20, 250), which imply that the distributions are close to normal. Hence, increasing the dimension shrinks the
asymptotic covariance matrix of X, while it does not quicken the speed of convergence, as discussed in Remarks 3.4 and 3.5.
The result for n = 20 with T = 500 in Table 2 and Figure 4 also supports Remark 3.5.

4. Empirical Examples

We provide illustrative empirical examples for the estimation of the feasible GARCH model using the inflation rates of
G7 countries and growth rates for the value of trade on goods for four economic regions.

We calculate the monthly inflation rates based on the consumer price indices (CPIs), while we obtain the growth rates for
the value of trade using the export and import of goods. The four economic regions are advanced economies, emerging and
developing Asia, sub-Saharan Africa, and the remaining emerging and developing countries. The data are from International
Financial Statistics. The sample period for inflation rates is from January 1978 to February 2021, and we set (n,T) = (7, 517).
Since our data include the period in which the COVID-19 pandemic hit, we define a COVID-19 dummy variable that takes
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Fig. 2. Histograms and QQ Plots of the VT Estimates for (n, T) = (5,500). Note: The red line in the histograms indicates the normal density with the same
mean and variance.

Table 3

First-Step Estimates of the Inflation Rates of G7 Countries
Parameter Estimate Robust S.E. FP S.E. CCP S.E.
¢ (AR(1)) 0.4086 (0.0299) (0.0287) (0.0277)
B (COVID-19) -0.0859 (0.0527) (0.0577) (0.0598)
oy (Canada) 0.1595 (0.0183) (0.0196) (0.0196)
o, (France) 0.1546 (0.0153) (0.0153) (0.0154)
a3 (Germany) 0.1048 (0.0164) (0.0162) (0.0163)
ay (Italy) 0.2297 (0.0164) (0.0202) (0.0201)
as (Japan) 0.0535 (0.0192) (0.0147) (0.0148)
ag (UK) 0.1870 (0.0186) (0.0160) (0.0160)
a7 (US) 0.1673 (0.0151) (0.0181) (0.0181)

Note: Standard errors are in parentheses. “Robust S.E.” denotes robust standard errors based on €™ stated in Eq. (25), while “FP S.E.” and “CCP S.E.” denote
standard errors based on ™ defined by Eq. (26) with the covariance matrix of the feasible panel GARCH and CCP GARCH models, respectively.

one from February 2020 and zero otherwise. For the growth rates on trade, the sample period is from January 1978 to July
2019, giving (n, T) = (4, 498). We examine the effect of the global financial crisis (GFC) by using a GFC dummy variable that
takes one from September to December 2008 and zero otherwise.

We estimate the feasible panel GARCH model in (1), (2), and (14) with the dummy as an exogenous variable in the
mean equation. As a benchmark, we consider the constant correlation panel (CCP) GARCH model, as in Cermefio and Sanin
(2015) and Ribeiro et al. (2017). The elements conditional covariance matrix of the CCP GARCH model is given by

hig = (1 =y = @)oii + YUy + Qhic1.  hije =i/ highje. (27)
where |rjj| <1 foralli#j (i,j=1,...,n). Eq. (27) corresponds to (14) in the feasible panel GARCH model. We can obtain
the VT estimator for the CCP model, as the estimates of o;; and r;; are calculated using 3 in the second step. The number
of parameters in the CCP model is the same as that in the feasible GARCH model.

Table 3 shows the first-step estimates for ¢, 8, and ¢; (i=1,...,7) and their standard errors. The robust standard errors
based on Q™ are close to the standard errors based on €™ with the covariance matrix of the feasible panel GARCH and
CCP GARCH models. The autoregressive parameter is 0.41, which is positive and significant at the five percent level. The
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Fig. 3. Histograms and QQ Plots of the VT Estimates for (n, T) = (20, 250). Note: The red line in the histograms indicates the normal density with the same
mean and variance.

Table 4

Third-Step Estimates of the Inflation Rates of G7 Countries
Parameter Feasible Panel GARCH CCP GARCH
y 0.0340 (0.0047) 0.0580 (0.0069)
® 0.9431 (0.0097) 0.9243 (0.0144)
QLike - 921.10 - 891.05

Note: Standard errors are in parentheses. “QLike” denotes the quasi-log-likelihood stated in (22).

coefficient for the COVID-19 dummy is negative and insignificant, implying that the effect on inflation rates is negligible. All
the estimates of the individual effects are significant. The individual effect for Japan is relatively low, implying low inflation
rates over 40 years. Table 4 reports the third-step estimates for the feasible panel GARCH and CCP GARCH models. All the
parameters are positive and significant and they satisfy the stationarity condition. The estimates of the feasible panel GARCH
model are close to the corresponding values for the CCP GARCH model. The CCP GARCH model has the higher value for the
quasi-log-likelihood, implying that the data prefer the CCP GARCH model. It is unnecessary to check information criteria
such as the Akaike and Bayesian information criteria, since the number of parameters in the two models is the same. Using
the VT estimates as the initial values, we obtain the QML estimates, which are listed in Table 5. There are no major changes
in the results as compared to Tables 3 and 4.

Regarding the growth rates for the value of trade in the four regions, we obtain the QML estimates using the VT esti-
mates as the initial values. Table 6 reports the QML estimates. The autoregressive parameter is negative and significant. The
coefficient for the GFC dummy is negative and significant, which shows the negative impact of the GFC on the growth rates
of trade. All individual effects reject the null hypothesis that the parameter is zero. For the feasible panel GARCH specifica-
tion, the estimates of y and ¢ are positive and significant, and y + ¢ is less than 0.35. The estimate of y is significant for
the CCP GARCH model, whereas ¢ is insignificant. The values of the quasi-log-likelihood function indicate that the feasible
panel GARCH specification is preferable to the CCP GARCH model.
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Fig. 4. Histograms and QQ Plots of the VT Estimates for (n, T) = (20, 500). Note: The red line in the histograms indicates the normal density with the
same mean and variance.

Table 5
QML Estimates of the Inflation Rates of G7 Countries
Parameter Feasible Panel GARCH CCP GARCH
¢ (AR(1)) 0.1373 (0.0213) 0.1355 (0.0191)
B (COVID-19) -0.0807 (0.0452) -0.0762 (0.0593)
o (Canada) 0.1585 (0.0190) 0.1686 (0.0196)
a (France) 0.1268 (0.0140) 0.1344 (0.0139)
a3 (Germany) 0.1125 (0.0164) 0.1196 (0.0166)
oy (Italy) 0.1802 (0.0128) 0.1914 (0.0132)
s (Japan) 0.0203 (0.0217) 0.0277 (0.0208)
ag (UK) 0.1502 (0.0185) 0.1618 (0.0202)
a7 (US) 0.1858 (0.0149) 0.1907 (0.0132)
1% 0.0528 (0.0039) 0.0638 (0.0047)
® 0.9424 (0.0043) 0.9147 (0.0065)
QLike - 774.98 - 761.61

Note: Standard errors are shown in parentheses. We omit the estimates for ¥ to save space. “QLike” denotes the quasi-log-likelihood stated in (22).

Table 6

QML Estimates of the Growth Rates for the Value of Trade of Four Regions
Parameter Feasible Panel GARCH CCP GARCH
¢ (AR(1)) -0.3473 (0.0285) -0.3497 (0.0210)
B (GFC) -0.1651 (0.0255) -0.1751 (0.0235)
o1 (Advanced Economy) 0.0068 (0.0029) 0.0072 (0.0030)
o, (Emerging and developing Asia) 0.0156 (0.0042) 0.0159 (0.0041)
a3 (Sub-Saharan Africa) 0.0111 (0.0028) 0.0106 (0.0029)
o4 (Others) 0.0080 (0.0030) 0.0089 (0.0032)
1% 0.1279 (0.0239) 0.1512 (0.0204)
% 0.2140 (0.0990) 0.1052 (0.0704)
QLike 285.69 284.41

Note: Standard errors are shown in parentheses. We omit the estimates for ¥ to save space. “QLike” denotes the quasi-log-likelihood stated in (22).
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5. Conclusion

For the panel GARCH model developed by Cermefio and Grier (2006), we derived the conditions for the stationarity and
positive definiteness of the covariance matrix. Based on the result, we suggested a feasible panel GARCH model and exam-
ined stationarity when n tends to infinity. We considered the three-step VT estimator and demonstrated its consistency and
asymptotic normality when T goes to infinity. We investigated the finite sample property of the VT estimator using Monte
Carlo experiments. The Monte Carlo results indicate that the finite sample properties of the VT estimator are satisfactory.
Furthermore, the results show that the size of n does not affect the speed of convergence, while it does affect the asymp-
totic covariance matrix. The empirical results for the inflation rates of the G7 countries and growth rates for the value of
trade on goods for four economic regions indicate that the feasible panel GARCH specification is a competitive alternative
to the CCP GARCH model of Cermefio and Sanin (2015) and Ribeiro et al. (2017). The empirical results indicate that the GFC
significantly decreases the growth rates on trades, while the impact of COVID-19 on inflation rates is insignificant for G7.

As in recent empirical work, it is useful to derive the asymptotic theory for the panel GARCH-in-mean and GARCH-
X specifications. We may apply the theoretical work of Conrad and Mammen (2016) for the GARCH-in-mean model and
extend the work of Han and Kristensen (2014) for GARCH-X models. Furthermore, we may consider time-varying GARCH
parameters as in Cho and Korkas (2021) and Silvennoinen and Terdsvirta (2021). The derivation of the asymptotic theory for
such extensions is an important direction for future research.
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Appendix A

Al. Derivatives of the Quasi-Log-Likelihood Function

We can restate the quasi-log-likelihood function given by (22) as

T
Lr(0.a.0.1) =) I. (A1)

=1
where [; is the tth contribution defined by
12

I =—-= log(Zn) - = loght (A.2)
t
The gradient and Hessian of the quasi-log-likelihood function are given by
8LT B o VL L9
T Z ANIN T Z LA
Applying the chain rule and product rule, we obtain
O 9RO L _ @R al ok ok 97 )
OA  OA 9h, 9AOA"  9AOA dh,  OA 9L 9h2’ )
with
72 2 2
O _ 1 (8 _q) ¥k _ 1, 20 (A4)
ohe  2he \ h; ohz  2n? he
and
‘”‘f u,—6)+ "h”, heq—6)+ 3"”,
3211( ( 32hz 1 ) azft 3hr1 ‘/’ a(hrtll 3221[ (pz 3hz 1 32h 4 (AS)
ayz — 1 Byz > dyde T +(p6y8<p Apz +¢ dp? -

To compute f’):f, and a/\ ax , we set zeros for the pre-sample values as in Fiorentini et al. (1996).
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A2. Proofs of the Propositions

Proof of Proposition 1. As discussed in Ding and Engle (2001), specification (6) produces positive definite matrix H; for
all t as long as initial covariance matrix Hy is positive definite when the matrices of parameters K, C, and D are positive
(semi-)definite. Hence, we need to check the latter conditions. For any n x 1 vector X, we obtain

2
n n
XCx=(y—-p)Y X +p (fo)
i=1 i=1

=(y-p) Y X—%>+(+pn-1)nx >0,

i=1

under the condition in Proposition 1, where ¥ = n~1 " ; x;. Hence, C is positive (semi-)definite. Similarly, we can show that
D is positive (semi-)definite. Therefore, Proposition 1 holds. O

Proof of Proposition 2. By Eq. (11), we obtain K = ¥ o (J — C — D), where J; is the n x n matrix of ones. For any vector x
and Assumption 1, we obtain

2
x’1<x:(1—p—n)(2x,-> ~(y+re—p-m) x

i=1 i=1
=n(l-y-@)+n-1)(1-p-n]K

n
~(YH+e-p-m) . (X%—%?>=>0,
i=1

ify+p—-p-n<0 0O

Proof of Proposition 3. For the fixed effect estimator of 6, we obtain

. 1 _11 T 1T
z Z/Z z Z/" § :Z*/Z*
o0 T t=1 ~ T t=1 . T t=1 o

where Z; and uj are defined by the orthogonal transformation of Z: and u; (e.g., Arellano, 2003):

1 ] T
T2 4, (A6)
t=1

. T—t 1
Ujp = T_t+1[uit_T_t(ui,t+1+"'+uiT)j|v
. T—t 1
2 = T—t+][z"_ T_t(zi.t+1+"'+ziT>:|s

respectively. Since Z; and u; are strictly stationary and ergodic, we can apply the uniform law of large numbers for stationary
ergodic processes (see Lemma A.2.2 of White (1994)) for each element of Z/Z; and Z/u; under the existence of second

moments. Using the technique of the proof of Theorem 1 in Nicholls and Pagan (1983), we obtain [ 0.
An alternative form of & is given by

@—ag==)Y Su, (A7)

The same technique for ] yields & <55 op.
For the estimator X, we obtain

5 - ;i[u @ ao) 2000 |[m - @) - 20— 00)]

T,
=7 > wap +o0p(1), (A.8)

t=1
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using N 0y and & =5 oy. Assumption 3(a) and E||u;||2] < oo indicate that according to the ergodic theorem, as T — oo,
o E) gp.

For the third-step estimator, we can apply the technique from the proof of Theorem 2.1 in Newey and McFadden (1994),
as in the proof of Theorem 4.1 of Pedersen and Rahbek (2014), to show PN Ao. O

Lemma 1. Under Assumptions 1-4, as T — oo,

00,
- 1 Ymg,) O &
o — 0 _ t 0
VT 6 —09 VT ; ( 0 Y7 (Yo) vec(ecee —I) ) " o (D). (A9)
Ly (Y) /0 B
where (o) _ 3L () and
an T |y,

. Q' (Z — MY HY?
Y (Yo) = < (1,1 - M,Q; ' (Z — Mzo)t/)Hg)t/z )

(1= 30— 90)~' (1 = o) (Hy* ® Hy/?) )
! _ _ ]
n-—2 [Zsoio (péNt*]*S] (L/HOtl/2 ® L/HOtl/z)

with Ny = (i2 — &,y —6) and 1= (1,..., 1)

T (o) = (

Proof of Lemma 1. Assumption 3(d) implies Z — M, = 0p(1), and 0,-Q, = 0p(1). From (A.6), we obtain
p 1 & 1 <
VTO-00)=Q"—=Y Z'ur = Q' — Y (Z — My) ur +0,(1).
( o>QZﬁ§HQZﬁ§<t )t + 0p(1)

Similarly, from (A.7), we obtain

-1 4
T T
ﬁ(&—ao) = %Z I — ~t<71-2~1(2t) Z | u

where M; = [pt, My]. Since 62 6y and & 45 o from Proposition 4 and (A.8), following the same argument used in the
proof of Lemma B.8 of Pedersen and Rahbek (2014), we obtain

- L
ﬁ( s (o)) ): ﬁgm‘”f”"“(“f—’n>+op<1>.

These results establish (A.9). O

Lemma 2. Under Assumptions 1-4, as T — oo,

1 i "Wy O &
T = 0 T (¥y) vec(erer — Ip)
S((3}[7 &)

Qp =E[T{"(Yo)ece, 1" (¥y)']
Qf = E[ Y} (o) vec(erer — I)vec(ecer — In) Y (¥,)'].

where

Proof of Lemma 2. From the structure, (Y/"(¥y), Y2 (¥). &, vec(erer — In) is an ergodic martingale difference sequence.
As in the Appendix of Nicholls and Pagan (1983) and Lemma B.9 of Pedersen and Rahbek (2014), we can demonstrate that
the sequence is square-integrable. The regularity conditions of Brown (1971) are satisfied by the ergodic theorem, thereby
establishing Lemma 2. O
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Proof of Proposition 4. Under Assumption 3(b) and the definition of X in (21), we apply the mean value theorem to
mgigfl’) _ to obtain

0= M%;;\/,O) + E?('/f*)(é—oo) + B (Y (@ — ap)

+EZ (Y (6 —00) + EF (WA~ o). (A11)
where

— * 82L (1/1) — * 32LT(1/I)
EI(P) = o LB = A
T 9290" |, _,. T o |, .

— * 82LT(¢) —~A * 82LT(¢)
ETY) = -5 . BT = = ,
9rdo’ |, . 929N,

with ¥ located between ¥, and 1} From the technique in the proof of Theorem 4.2 of Pedersen and Rahbek (2014), we
obtain

VT =) =B} (¥")! [Er(llf*)ﬁ(é —00) + Ef (YIVT(@ - o)

+ES (P )IVT(6 - 09) +ﬁm+)'@}

and
Er @) B (EDT, BrHTELW) B (E)T1ED,
Er(PH BN B (EHTEL. B TET(W) B (EH)TES. (A12)
where
oo _g| L) co _p| Pl
L_Jo— T A L_Jo— A e 3
9rd0" |, _ rda’ |,
~ 3L () i 2L (V)
85 =E| 5" By =E| —ny (A13)
do’ |, _ aran- |,

Since it is straightforward to show that the information matrix for the quasi-log-likelihood function is block diagonal
under the assumption of a symmetric distribution, as discussed in Remark 3.7 of Francq and Zakoian (2004), we obtain
Eg =0 and E§ = 0. The result with Lemma 1 and 2 and the Slutzky theorem produces the asymptotic normality of the
estimator. O
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