Abstract

SHEN, JI. Three Essays on Realized Volatility Models for High-Frequency Data. (Under the direction
of Denis Pelletier.)

The dissertation centers on modeling volatility of stock returns with high frequency data. It contains
three chapters.

In Chapter 1, we propose a multivariate realized GARCH model where the conditional variance
of daily returns depends on lagged realized measures of volatility computed with high-frequency data.
In turn, a measurement equation contemporaneously links the realized measures and the conditional
variance. To greatly reduce the number of parameters in the measurement equation, we use adaptive
Lasso and the least-angle regression algorithm. For the GARCH dynamic of the conditional variance,
we favor a diagonal BEKK structure applied to rotated variables. Our empirical results suggest that the
use of variable selection with adaptive Lasso for the measurement equation instead of OLS leads to
improved out-of-sample forecasting performances.

In Chapter 2, we introduced a realized Markov regime-switching BEKK model which generalizes
the BEKK model by using two regimes featuring different variance dynamic specifications. Within each
regime, we use a BEKK model to govern the variance. The persistence of both regimes yields an extra
source of volatility persistence compared with standard, single-regime BEKK, thereby enhancing the
flexibility in describing the volatility persistence of shocks. To reduce the parameters in estimation, we
implement covariance targeting with rotated variables. The empirical evidence shows that the regime-
switching BEKK model has a significantly better performance in both in-sample fit and out-of-sample
forecasting.

In Chapter 3, we generalize the realized Markov regime-switching GARCH model in Chapter 2 by
allowing the regime transition probability to vary over time using pre-determined observable variables
which is the realized kernel in this case. This model has more flexibility regarding volatility persistence
compared with the one in Chapter 2. To avoid the computational difficulty due to an increasing number

of parameters, we utilize this model with one stock only. Our empirical research shows that the the use



of time-varying transition probabilities leads to better in-sample fit and improved forecasting ability in

the near future (about 10 days).
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Chapter 1

Realized Rotated BEKK Model

1.1 Introduction

With the advent of cheaper data storage and improved computational resources, high-frequency financial
data have seen increased availability. This growing availability has led researchers to focus on methods
for utilizing high-frequency data to study the statistical properties of financial assets. A number of re-
alized measures of volatility, including realized variance, bipower variation, the realized kernel, and
many related quantities have been introduced in the literature (Andersen and Bollerslev, 1998; Ander-
sen, Bollerslev, Diebold, and Ebens, 2001; Andersen, Bollerslev, Diebold, and Labys, 2003; Barndorff-
Nielsen, 2002; Barndorff-Nielsen and Shephard, 2004; Andersen and Benzoni, 2008; Barndorff-Nielsen,
Hansen, Lunde, and Shephard, 2008; Hansen and Horel, 2009). Any of the aforementioned measures
is far more informative about the current level of volatility than the squared return. As a result, real-
ized measures are more useful for modeling and forecasting future volatility. Engle (2002) estimated a
GARCH model that included a realized volatility measure in the GARCH equation. This model, which
specifically included lagged realized variance to drive the dynamics of conditional variance of returns,
has since come to be known as the GARCH-X (Forsberg and Bollerslev, 2002). Engle and Gallo (2006)
model a 3-variable system comprising the squared return, the high-minus-low price range and the re-

alized variance in an multiplicative error model (MEM) setup suggested by Engle (2002). They apply



the MEM to squared returns and realized volatility as separate models. The univariate and multivariate
HEAVY models introduced by Shephard and Sheppard (2010) and Noureldin, Shephard, and Sheppard
(2012) consider a system including a measurement equation for multi-step forecasting of the conditional
variance of daily returns. The mathematical structure of the HEAVY model is a generalization of the
MEM framework.

While the HEAVY model postulates GARCH-type dynamics for the realized measure by modelling
its conditional expectation, the univariate realized GARCH model introduced by Hansen, Huang, and
Shek (2012) relate the realized measure itself to conditional variance and a term that captures leverage
effects. The basic idea is that the connection between the realized measure and the conditional variance
can be used to update the realized measure process, thus providing a recursive prediction of the con-
ditional variance of the asset. Almost universally, the incorporation of realized measures into volatility
models has led to large economic and statistical gains (Christoffersen, Jacobs, and Mimouni, 2010; Do-
brev and Szerszen, 2010). Forecast gains tend to be more pronounced at short time horizons, typically
the first several days. All of the models mentioned above focus on a small number of assets. For exam-
ple, multivariate HEAVY models separate ten assets into five groups, and deal with two assets in each
group. In general, most of these models suffer from a curse-of-dimensionality problem that constrains
their practical application.

Automatic model-building methods are familiar in the linear model literature. They are used to
automatically produce better models in terms of prediction accuracy and parsimony. One promising
model-building method is the Lasso; its computationally simpler variation called Least Angle Regres-
sion (LARS) will be applied here.

In this paper, we generalize the realized GARCH to the multivariate case. The number of coefficients
in the measurement equation is reduced using the Lasso method, which makes this modeling approach

tractable for relatively large portfolios of assets.



1.2 Literature Review

1.2.1 Univariate Volatility Models

In financial econometrics, the autoregressive conditional heteroskedasticity (ARCH) model is a bench-
mark tool for analyzing the time-variation of conditional variance. The ARCH model is essentially an
ARMA model for the squared return and many tools of standard, linear time-series analysis can be di-
rectly applied. The family of ARCH models is easy to estimate; these parsimonious models are capable
of providing good descriptions of the dynamics of asset volatility. The complete ARCH(p) model relates
the current level of volatility to past p square shocks (Engle, 1982). Consider r;, which denotes the log
return of a single asset, and is characterized as a real-valued discrete-time stochastic process. We model
ry as

T = Mt T €&

where p; can be any general model for the conditional mean (e.g. autoregressive (AR) model, moving
average (MA) model, autoregressive integrated moving average (ARIMA) model, etc). In practice, the
model for the conditional mean should be flexible enough to capture the dynamics present in the data.
For many financial time series, particularly those measured over short intervals such as one day or one

week, assuming p; = 0 is appropriate. As for the error term,

’UCLT’(T‘t‘]:t_l) = E(6t2|ft_1) = ht,

1/2
€t = h‘t €,

where h% ?isa positive real value and F;_; is the set of all information up to time ¢ — 1. Also, assume

the random variable e; meets two moment conditions:

E(6t|ft_1) = 0,

var(e¢|Fi—1) = 1.



For an ARCH(1), the variance process is given by
hy = w + ae? ;.

They key feature of this model is that the conditional variance of the shock, €, is time varying and
depends on past values through its square. The variance h; is the time ¢ — 1 conditional variance and
is measurable in F;_1. The generalized ARCH (GARCH) process, introduced by Bollerslev (1986),
improves the original specification by adding lagged conditional variances. These lagged terms essen-
tially act as “smoothing” terms. GARCH models typically fit as well as higher ordered ARCH models
while remaining relatively parsimonious. The conditional variance in a GARCH(1,1) process evolves
according to

he = w4+ aer_| + Bhi_1.

In this specification, the conditional variance is an average of the lagged shock, €?_;, and the lagged
variance, h;_1, plus a constant. The effect of the lagged variance is to produce a model that is actually
an ARCH(oo). This result is readily obtained by continued backward substitution of the conditional
variance. To ensure the conditional variances are always positive, restrictions must be imposed on the
parameters of the GARCH model. In a GARCH(1,1), these restrictions are w > 0,a > 0, and S > 0.

The unconditional variance can be derived as

- w

h= Bl =1 —

The GARCH model with 1 —a — 8 > 0 is covariance stationary as long as the model for the conditional
mean corresponds to a stationary process.
1.2.2  The BEKK Model

The BEKK model (Baba, Engle, Kraft and Kroner) is a multivariate GARCH model designed to ensure

that the conditional covariance is positive definite (Engle and Kroner, 1995). The primary insight of



the BEKK is that quadratic forms are positive semi-definite, and the sum of a positive semi-definite
matrix and a positive definite matrix is positive definite. The model specification is an extension of the
univariate model. Specifically, consider a vector of returns r; of dimension k£ x 1. Similar to the setup
in the univariate case,

T = Wt + €, (1.1)

where yi; is a general time series model for the conditional mean vector. The conditional variance is
cov(eg|Fr—1) = Hy
where H, is a k x k positive definite matrix and
€& = Htl/ 26,5
where H tl /? can be obtained by the Cholesky factorization of H;. The moment conditions

E(et|Fi—1) =0

cov(eg| Fi—1) = I

must also hold, with Ij denoting the k£ dimensional identity matrix. The covariance in a BEKK(1,1)

model evolves according to

Ht == CC/ + B Ht—l B/ + AEt_1€;_1 A/

where C'is a k x k lower triangular matrix and A and B are k£ x k parameter matrices. The elements of

H,; depend on both squared returns and the cross-product of returns.

1.2.3 Realized Volatility

Over the past decade, extensive research has shown that the rich information in high-frequency data

can be effectively used to construct realized measures of volatility. For univariate processes, the corre-



sponding measure is the realized variance. Consider a log-price process, p;, driven by a standard Wiener

process with time-varying drift and stochastic volatility,
dpt:,utdt—i—atth. (12)

where p; is of finite variation and o, is strictly positive and square integrable. Realized variance is
constructed by frequently sampling p; throughout the trading day. Suppose that prices on day ¢ were
sampled on a regular grid of n + 1 points (0, 1, ...,n) and let p; ; denote the it" observation of the log

price on day ¢. The n-sample realized variance is defined as

n n

RV = (pix — pic10)” = Y _1is. (1.3)

i=1 =1

RV/™ is a consistent estimator of the integrated variance under the assumption of no market micro-

structure noise, which includes bid-ask bounce, discreteness of price changes, etc:
t+1
lim RV} = olds,
n—oo t

where the bounds ¢ and ¢ + 1 represent the (arbitrary) interval over which the realized covariance is
computed and n is typically somewhere between 13 (30-minute returns) and 390 (1-minute returns).
The realized variance measure suffers from a number of problems. The most pronounced is that
observed prices are contaminated by noise since they are only observed at the bid and ask. The observed
return is the sum of the true return and an MA(1) shock. As a result, returns are autocorrelated and com-
puting the RV using (1.3) will result in upwardly biased estimates. This bias increases with the number
of sampling points. Several solutions to this problem have been proposed. The simplest solution is to
avoid the issue by sampling prices infrequently, which usually means limiting samples to somewhere
between 1 to 30 minutes (Bandi and Russell, 2008). Another problem is the continuity of return process
in equation (1.2) may be interrupted by sudden discrete movements (jumps) when unexpected news hits

the market, which adds an upward bias to the realized variance. Barndorff-Nielsen, Hansen, Lunde, and



Shephard (2008) propose a realized kernel estimator which is consistent under the general conditions,
e.g., higher-order dependence or endogeneity in the noise process, and robust to jumps. The idea is to
capture (potentially noise induced) serial correlations in trade-to-trade returns by a kernel. The realized

kernel estimator (RK) is defined as:

Q

—1

REK =y + Y k (“’Q) (Vg +7—-q); (14)
q=1

with
n
Vq = Z TiTi—q> forq > 07
i=q+1

where k(-) is a kernel weighting function and k£(0) = 1, k(1) = 0; @ is a bandwidth parameter which is
chosen to minimize mean square error (MSE).

The multivariate case retains many of the features of the univariate case. For a multivariate process,
the measure of interest is the realized variance/covariance matrix. Assume that the k x 1 log-price vector,

P(t), is governed by the following multivariate diffusion process
dPt - Utdt+Qtth

where Uy is the k x 1 drift vector and 3; = .2} is instantaneous covariance. d WW; denotes k-variate

mutually independent Brownian motion. Realized covariance estimates the integrated covariance matrix

t+1
/ Ysds.
t

Realized covariance is computed using the outer-product of the high-frequency returns,
n n
RC; = Z TigTis = Z(pi,t —pi—1)(Pit — pi—1t)’

i=1 =1

In principle, prices should be sampled as frequently as possible to maximize the precision of the realized



covariance estimator. However, frequent sampling leads to practical difficulties since transaction prices
are contaminated by noise (e.g. bid-ask bounce) and not perfectly synchronized (Epps, 1979).
Barndorff-Nielsen, Hansen, Lunde, and Shephard (2011) proposed the multivariate realized kernel
which uses a “refresh time” sampling procedure to adapt the sampling scheme to the trading intensity
of the least active asset at any given time within a day. The kernel also includes a well-chosen weight
function for the lead and lag returns used in the computation of the covariance matrix. This ensures con-
sistency of the estimator, while also guaranteeing positive semi-definiteness of the estimated covariance

matrix. Formally, the multivariate realized kernel (RK) is defined as

Q
RK=To+Y K <q;21> (T +T7) (1.5)
q=1

with

n
Fq = Z ’Fifgfq7 forq 2 07
i=q+1

where 7 are refresh time returns, 7 is the number of refresh time prices, K (-) is a kernel weighting
function, and () is a bandwidth parameter which is chosen to minimize mean square error (MSE).
Refresh time returns are computed by sampling all prices and using last-price interpolation only when

all assets have been traded. The recommended kernel is the non-flat Parzens kernel:

1—622+62° 0>x>1/2,
K(z)=q201—2)® 1/2>z2>1,

0 =>1.

Jittering is another common technique applied in the calculation of the realized kernel. Jittering
averages m < 7 prices at the very beginning and end of the day to eliminate end-effects and ensure that
the realized kernel is consistent. Larger values of m imply smaller end-effects. However, increasing m

reduces the amount of available data for computing the realized kernel. The optimal amount of jittering



will minimize the MSE caused by end-effects and the increased asymptotic variance due to reduction of

the effective sample size. Setting m = 2 is a common rule of thumb.

1.3 Realized BEKK Model

1.3.1 Definitions and Notation

In this section we introduce a new model, the realized BEKK (RBEKK) model. Similarly to the BEKK
model in section 2.2, we start by assuming E(r¢|F;—1) = 0. This is a legitimate assumption based on
several empirical studies. Otherwise, this condition could be met by reinterpreting 7; as the return minus

its conditional mean. As a result,

re = H ey, (1.6)

€t Z}\Jd (07 Ik)7

where [ is the k X k identity matrix. The key quantity of interest in many financial applications is
the conditional variance/covariance, H; = cov(ry|F;—1). For the conditioned variance/covariance, we

assume it follows the following dynamic:
H;=CC'+BH; 1B +AX; 1 A (1.7)

In the standard GARCH(1, 1) model H; is a function of H;_; and r;_17,_;. In the present framework,
a realized measure of variance/covariance X;_; will replace rt,lrg_l. In practice, X;_; could be the
matrix of realized variance/covariance or a realized kernel. The k x k matrices A and B each have k? free
parameters, while C is a k x k lower triangular matrix with k* = k(k + 1)/2 free parameters. Under the
assumption that the starting value Hy is positive semidefinite, the parameterization in (1.7) guarantees
that H, is positive semidefinite for all t. Moreover, if C'is a full rank matrix, then H, is positive definite
for all t. The coefficient matrix B determines the “smoothness” of the RBEKK model.

We will refer to (1.6) as the return equation and (1.7) as the RBEKK equation. We define the mea-



surement equation in (1.8) to close the system:

u N0, 5,)

where z;, d, h;, and wu; are all k* x 1 vectors, d is the intercept vector, and u; is the innovation vec-
tor. Moreover, I' is a (k* x k*) constant coefficient matrix. This matrix characterizes the dependence
between the realized measure and all of the elements of the conditional covariance matrix. A major
feature of the RBEKK model is that the realized measure X; can be linked with the contemporane-
ous logarithmic H; embedded in the measurement equation. Define z; = vech(logm X;) and similarly
hy = vech(logm H;) where the vech operator stacks the lower triangular portion, including the main
diagonal, of a (k x k) symmetric matrix into a (k* x 1) vector. The logm operator gives the matrix
logarithm which is a generalization of the element-wise logarithm (Higham, 2008). In our case, since
the realized measure of variance/covariance is a real symmetric matrix, it can be decomposed into the
product of a diagonal matrix of eigenvalues and a matrix of eigenvectors. Specifically, assuming X is the
realized measure of variance/covariance, we can write X = VX V1, where V is the matrix of eigen-
vectors of X (each column of V is an eigenvector of X), and Xisa diagonal matrix whose diagonal
elements are eigenvalues of X. Replace each diagonal element of X by its natural logarithm to obtain
log X. Then we have logm X = V(log X )V L. Since the realized measure of variance/covariance is
positive definite, the eigenvalues of X are all positive. As a result, logm X is always a real, symmetric,
and unique matrix.

The BEKK-type parameterization in (1.7) has O(k?) parameters. If the elements of A and B are
unrestricted, which is a full parameterization, the evolution of every element in H; will be influenced
by its own lag as well as every cross-asset effect in the RBEKK model. A parsimonious specification
is diagonal BEKK where the coefficient matrix A and B are assumed be diagonal. In this case, the
equations for each element in the matrix H; characterize a group of univariate realized GARCH models

in which the conditional variances or covariances are driven by their own lags and the corresponding

10



realized measure.

For demonstration, consider the 2 by 2 case of (1.7), with diagonal coefficient matrices.

2 2 2
hiv €11 biphiie a1t
hige | = c11c21 | bubahiasy | T | aribazio:

2 2 2 2
haa Cy1 T € b3ahoot A39T22 ¢

Although equation (1.8) has O(k*) parameters, the vectorized form is easy to estimate since its
structure is amenable to seemingly unrelated regression (SUR). If a model has too many parameters,
it begins to model the random noise in the data; this is commonly known as overfitting. Overfitting
produces misleadingly high R-squared values and a reduced ability to make meaningful predictions. We
use variable selection methods in estimation to reduce the number of elements in the coefficient matrix
T.

For demonstration, extend the previous example by writing out the 2 by 2 case of (1.8) in vech form:

11t dy Y11 Y12 V13 hi1 Uttt
zorg | = | do | T 21 22 23 hoiy | T woiys
T2y ds Y21 Y22 V33 hao U2t

It is clear that each element in the realized covariance is a function of every component of the conditional
covariance matrix. The RBEKK model fully specifies the dynamic system of daily returns and realized

measure.

1.3.2 Covariance Targeting Under Rotation

The RBEKK equation is a nonlinear model that is hard to estimate when the number of parameters is
high. Covariance targeting suggested by Mezrich and Engle (1996) allows a reparameterization of the
model and a first-step estimation of some parameters by empirical moments. The remaining parame-
ters are estimated by QML in a second step. This can substantially reduce the number of parameters to

be estimated through non-linear optimization. For multivariate models, we can apply the rotation tech-

11



nique to keep the flexibility of dynamics in the full specification model while using the restricted model
to reduce the parameters. The rotated GARCH models were introduced by Noureldin, Shephard, and
Sheppard (2014). They compared scalar and diagonal rotated BEKK, DCC, and OGARCH models in
the 10- and 30-dimensional cases. We apply this idea to the high-frequency volatility model. Assuming
the process is stationary, the unconditional covariance of the daily return and expected realized measure

are, respectively, Var([r]] = E[H;] = H and E[X;] = X, the covariance targeting for H; is

H;=(H—-BHB' — AXA')+ BH;_1 B+ AX;_1 A, (1.9)

assuming that (H — BHB'— AX A') is positive semidefinite. It is difficult to specify sufficient parameter
restrictions to ensure that (H — BHB' — AX A’) is positive semidefinite. This feature of the model
prevents the estimation of more flexible dynamics.

We fit the model with rotated variables to extend the idea of variance targeting to covariance tar-
geting in multivariate models of any dimension. With the rotated variables we can estimate a restricted
version of BEKK model which has fewer parameters to estimate while keep the flexibility of full speci-

fied model. Define the rotated return as

er = (HY?) ey = H M, (1.10)

we have

Var(et) = I.

The conditional covariance of the rotated returns is Var[e;| F;—1] = H,, noting that H, = H'/ 2H,H/2,
Similarly, for the realized measure of covariance, we have X; = X/2X,X'/2, where X, is the rotated
realized measure of covariance. This leads to ﬁt = Fl_l/QHtE’_l/z and Xt = X‘1/2XtX_1/2. The
basic idea is that the variables H; and X are normalized by their unconditional expectations so that the

expectation of rotated variables are equal to identity matrices. The covariance targeting RBEKK model
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is
ﬁt:(IkfBB,*AN/i/)JrBFItleJrANXt,lA (L.1D)

with

This model has 2k dynamic parameters since we assume B and A are diagonal. It is easy to impose
positive definiteness on ([ — BB — AA ) under this specification. For the conditional covariance

matrix of unrotated returns Hy, the BEKK model in (1.10) and (1.11) implies the original model in (1.7)
Hy=H'"PH,H'?=CC'+BH_B' + AX; 1 A (1.12)

where
B=H?BH Y2 A=HYAX"Y? cC' =HY*(I, - BB — AA")H'? (1.13)

The rotated BEKK leads to a BEKK with full specification for the original variables, although the
specification is constrained, since A and B depend on the Cholesky decomposition of A and X.

Bauwens, Laurent, and Rombouts (2006) discuss the invariance of multivariate models to linear
transformations of returns. A transformed model is invariant if it keeps the same dynamic specification
(in scalar, diagonal, and full parameterizations). They also note that BEKK models are invariant to
linear transformations except in the case of diagonal dynamics. Since Ais diagonal, directly derived
from (1.13), A is a full asymmetric matrix. This results in a fully parameterized BEKK model for the
unrotated variables. In this sense, fitting a diagonal rotated RBEKK model allows for richer dynamics
for the unrotated returns in practice because we avoid the curse-of-dimensionality.

In the diagonal specification, A and B are assumed to be diagonal with elements aili/ ? and ﬁili/ ? for
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1 =1, ..., k. This specification implies

hije = (1= kij)1jmy) + 55/25;]/251‘3',%1 + 04,1,‘/2a;]/~2$ij,t71 (1.14)
1/2 1/2 1/2 p1/2
rij = oy all? + 812617 (1.15)
for¢,7 = 1,..., k. It is assumed that ozili/ > > 0and ﬁili/ 2 > 0. The cross-equation parameter restric-

tions between the variance and covariance equations are a feature of BEKK-type parameterizations.
Covariance stationary is determined by the eigenvalues of the diagonal matrix A® A+ B® B. For
the rotated model given in (1.10) and (1.11), we ensure covariance stationarity and also the positive
definiteness of (I, — BB — AA ), where for any k& x k matrix A with eigenvalues k1, ..., Kk and all

k€ Z*, p(A) := max; |k;| .

Assumption 1 In the rotated RBEKK model given by (1.10) and (1.11), p(/I QA+B® B) <1,

al/? > 0, analﬁili/2 > 0.

0

In practice, a;; + 5;; < 1is a necessary and sufficient condition for this assumption to hold and is easily

imposed in estimation (see Engle and Kroner, 1995).

1.3.3 Common Persistence Specification

1/2 1/2

In the rotated model, (fl QA+B® B) is a diagonal matrix with diagonal elements r;; = a;; "o +

ﬁili/ 2 6]1]/ 7 We adopt the Noureldin, Shephard, and Sheppard’s (2014) common persistence (CP) speci-

fication for the diagonal structures. The CP specification imposes
Ry = R, izl,...,k
implying common persistence for the diagonal elements of H;. This results in the dynamic equation

H=(1-k)I,+BH_1B+AX;, A (1.16)
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where B is a diagonal matrix with elements ,Bili/ >0, Aisa diagonal matrix with elements (x — 3;;)'/2,

and 0 < k < 1 is a scalar parameter satisfying x > max ;. This implies

hije = (1= &)1y + 51‘11‘/25]1']/2hzj,t—1 + (k= i) 2 (5 — Bjj) Prijer dj=1,....k (117)

The CP specification has k + 1 dynamic parameters compared to 2k dynamic parameters in the diagonal
model. It imposes common persistence on the diagonal elements of H, through a common persistence
parameter, x, for the conditional variances. The condition for covariance stationarity is simply £ < 1
and (; > 0, which also guarantees that (1 — )I} is positive definite. This specification allows the
elements of H; to load freely on the lagged variances/covariances. Corresponding shocks will have
different levels of “’smoothness”, but the variances are restricted to have common persistence through

K.

Assumption 2 In the rotated RBEKK model given by (1.16), 0 < k < 1 and k > max (3, and B;; > 0.

1.4 Adaptive Lasso method

1.4.1 Definition and Notation

Since the measurement equation (1.8) is a fully parameterized linear model with k* = k(k + 1)/2
parameters in the coefficient matrix I" that must be estimated. Equation (1.8) can be seen as a group
of seemingly unrelated equations, each with one dependent variable corresponding to an element of
the matrix logarithm of the realized matrix X;. There are thus £* univariate linear equations. Each
equation has k* parameters to link to the matrix logarithm of the realized covariance with all of the
conditional covariances across different assets. From the literature on univariate realized GARCH mod-
els, the coefficient of the measurement equation is usually less than one if the measurement equation is
specified in level as z; = By + B1ht + uy, and around one if is is specified in natural logarithm form
log x+ = By + 51 log ht + u; (Hansen, Huang, and Shek, 2012). Ideally, the coefficient matrix I" should

be a sparse matrix with elements on the diagonal between 0 and 1 and elements off the diagonal close to
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zero. We achieve model parsimony by using a variable shrinkage technique to select the most significant
variables and reduce all others to zero.

The Lasso method is a regularization technique for simultaneous estimation and variable selection
in linear regression (Tibshirani, 1996). Parameters are estimated by least squares subject to an £; norm
slackness parameter penalty. Zou (2006) showed that the Lasso estimator is possibly inconsistent, so we
adopt the Adaptive Lasso (ALasso) method. The ALasso method avoids inconsistency by utilizing an

adaptively weighted ¢; penalty. Define the ALasso estimator BAL“SSO as
BALasso :argmin5||y_XBH2+>\w|ﬁ|’ (1.18)

where (n x 1) vector y is the observed response variable, (n X ¢) matrix X is the matrix of prediction
variables, (¢x 1) vector f3 is the set of model coefficients determining the load on each predictor variable,
and w =1/ |BO Ls| is a vector of weights. The unpenalized OLS estimator is given by BO rs- The first
term of (1.18) is the ¢5 Euclidean vector norm and the second term is the so-called “¢; penalty” where
A is a nonnegative regularization parameter. Equation (1.18) constitutes a convex optimization problem
that does not suffer from the possibility of multiple local minima. The global minimizer can be found
by applying the Least Angle Regression (LARS) algorithm of Efron, Hastie, Johnstone, and Tibshirani
(2004).

1.4.2 Least Angle Regression

There are several algorithms that may be used to compute the solution of the shrinkage linear regres-
sion problem. These include the quadratic programming approach in Tibshirani (1996), the LARS in
Efron, Hastie, Johnstone, and Tibshirani (2004), and so on. Different algorithms should produce similar
results, and with minor modifications, they will produce identical solutions. Zou (2006) used the LARS
algorithm to compute the solution for the ALasso estimator. Denote by A the active set including all
non-zero variables selected by the LARS algorithm. The algorithm starts with the empty set of active

variables, which is a constant model, and moves towards the full OLS regression. The correlation be-
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tween each variable x and the response y is measured, and the variable with the highest correlation
becomes the first variable to be included in the active set. The first direction of the move is towards the
least squares solution using this single active variable. The angles between the variables and the residual
vector shrink along this direction until another variable obtains the same correlation with the residual
vector as the active variable. Then the new variable moves to the active set. The resulting direction is
towards the least squares solution of the two active variables. After ¢ steps, the full OLS solution is
reached. The LARS algorithm is efficient since there is a closed form solution for the step length at
each stage. Denoting the model estimate of y at iteration k by §*),1 < k < ¢, and the least squares

solution including the newly added active variable by ;&g ; 51 ), the walk from §*) towards gjg ; Sl ) can be

formulated as (1 — 'y(k))gj(k) + V(k)g)gg;;) where 0 < 'y(k) < 1. Estimating Qgirsl), the position where
the next active variable is to be added, then amounts to estimating ¢y, 4rs. We seek the smallest positive
~ where correlations become equal, that is

(k+1)

Tiez(y — (1=)9% = 7i5s") = Wjealy — (1 =15 = 3675))

~—TYoLs

where Z and A represent the respective inactive and active sets. Solving this expression for -,

A0 = (i — x;) (y — §V) _ (@i~ ;) e
(@i — 2, (D — gy (@i — x5)'d

where %) is the residual, d = g)g?;) — 9 is the direction of the step, and j € A. As d is the

orthogonal projection of ¢®) onto the plane spanned by the variables in .A, we obtain :c;-e(k) = x;-d =c,
representing the angle at the current breakpoint ¢(*). Furthermore, the sign of the correlation between

variables is irrelevant. Therefore,

re(k) — re(k)
(k) _ T;€ c x;e+c <) <1
ol mm(z%dc’ ddtc ) 0<~+y"<
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where the two terms are for correlations of equal and opposite signs. The coefficients at the next step
are given by

BEHD = (1 — 4 #)gk) 4 (k) gt D)

The full LARS algorithm is described in Algorithm 1.

1 Assuming the explanatory variables are standardized to have zero means and unit variance and
that our response variable also has zero mean

2 Initialize the coefficient vector 5(°) = 0 and the fitted vector §(*) = 0

3 Initialize the active set A = () and the inactive set Z = 1...q, where ¢ is the number of predicted
variables

fork=0t0q—2do

Update the residual e*) = y — (¥

Find the maximal correlation ¢ = maz;cz|xie®|

Move the predictor X ¥) corresponding to ¢ from Z to A

8 Calculate the least squares solution Bok L+ Sl = (X)) X A)(*l)X "1y, where X 4 si the predictors

in the active set
9 Calculate the current directiond = X Aﬁgc L+ Sl — k)

10 | Calculate the step length v = min !, <%, x,ﬁ:i) 0<~<1
(k+1)

11 Update regression coefficients B (k+1) =(1-7) ﬂ + 8018
12 | Update the fitted vector §*t1) = (¥) 4 4d

13 Let 5(9) be the full least squares solution 30 = (X’X)=D X"y

14 Output the full set of estimated coefficient vectors [ (0)...5(‘7)] with different vectors

corresponding to models with different sets of regressors
Algorithm 1: LARS algorithm

1.4.3 Model selection

Each step of Algorithm 1 adds a covariate to the model until the full least squares solution is reached. It
is natural to parameterize this process by the size of the coefficient vector at each step of the algorithm.
Define K as the number of non-zero elements of the parameter vector 5. The model with larger K will
achieve a better fit. The question of how to choose a suitable model involves the trade-off between bias

and variance, along with a desire for parsimony.
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We choose the optimal model in terms of K by minimizing an information criterion. Two of the
most popular criteria are the Akaike Information Criterion (AIC) and Bayesian Information Criterion

(BIC) for the ALasso method proposed by Zou (2006)

ATCH) — Hy _ XB(K)H2 + 202K
(1.19)
BICH) = Hy — Xﬁ(K)H2 +log(n)o?K

The measure o2 represents the residual variance of the OLS model, 02 = —-||Y — X'By,]|%. AIC
and BIC have different asymptotic properties. AIC tends to select the model with optimal predictive
performance, while BIC identifies the true sparse model if the true model is in the candidate list (Zou,
Hastie, Tibshirani, et al., 2007). Our intention in using the measurement equation (1.8) is to update the
realized volatility measure beyond one step and make multiple-period predictions. Accuracy of these
predictions is our main concern. From a forecasting perspective, AIC is the better information criterion
for model selection. With the entire ALasso solution path computed by the LARS algorithm, we select
the optimal model by identify the smallest value of AIC and the corresponding K.

As a selection criterion, AIC is a better choice than the Residual Sum of Squares (RSS). The RSS
carries no penalty for additional parameters, and if used to select the optimal model, it will select the
model that gives the smallest residuals. This invariably corresponds to the model with the most parame-
ters. Fully parameterized OLS minimizes the sum of squared residuals so the RSS of a linear regression
fit by OLS is minimal. Such models have a tendency to overfit the data and are unlikely to reliably
predict future observations.

For comparison of “shrunk” models with fully-specified models, we define ¢ as the relative param-

eter size

q q
0(8) =D _1Bil/ D 1Bjuslr e € [0,1] (1.20)
j=1 j=1

Picking a suitable model for a particular analysis corresponding to selecting a suitable value of (. The
quantity ¢ is used in the empirical analysis to show the relative size of the coefficient vector.

Given the ALasso problem defined in (1.18) for 3 , computational details and model selection pro-
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cedures are shown in Algorithm 2. Applying the LARS to the estimation of the measurement equation

*

1 Define new covariates ,x ;

xj/w;,j =1,2,...,q. where 0 is the adaptive weight !

2 Solve the ALasso problem defined in (1.18) with the LARS algorithm (1) ,

pALasse = argming|ly — X*B)|* + AlB|

which generates a sequence of solutions [ O, .3 (q)]

3 Substitute the ALasso estimators from step 2 into the information criterion equation (1.19). This

provides us a selection criteria value for each step.
Pick the 8 which minimizes AIC (BIC)

[ BN

Output Bj = Bj Jwj,j =1,2,...,q to reverse to original measure. This is the ALasso estimate.
Algorithm 2: The ALasso method with the LARS Algorithm

(1.8) requires each prediction variable in H to be normalized by subtracting the mean and scaling so

that Z?:l |A3;.¢|l = 1. The measurement equation can then be estimated in the normalized form

$T1,1 Tl,l hT2,1 Ts,l .
11,2 h11,2 h12,2 13,2 .
- ) ) . V12
*

| T11,17 | i hll,T hlZ,T 13,7 |

U11,1

U11,2

U11,T

(1.21)

where x7, , is centered and hJ, , is centered and normalized such that each variable has zero mean and

unit Euclidean length. v; = e X 71;, such that hj; ; X 2z = hy;4, where z = ZiTzl |1 ¢||- The intercept

can then be estimated as d; = (1/T) Zthl(aci,t — f‘iht) where T; is the estimate of the ist row of " in

measurement equation (1.8).

ISince in ALasso coefficients are weighted penalized, we need to rescale the predictors to acheive the ALasso method. As
the sample size grows, the weights for zero-coefficient predictors get inflated (to infinity), whereas the weights for nonzero

coefficient predictors converge to a finite constant. It is numerically stable.
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1.5 Estimation and Inference

1.5.1 Estimation for RBEKK Equation

The asymptotic properties of the quasi-maximum likelihood estimator within the RBEKK model given
by (1.6) and (1.7) are important for making reliable inference. We estimate the parameters in a rotated
model (1.16) and then reverse the linear transformation to recover the unrotated parameters. The BEKK
equation (1.7) and rotated model (1.16) are parameterized with a finite-dimensional (6 x 1) parameter
vector § € © C R%. Decompose 6 = (0., 6",)’ , where 05 = (h, T) denotes the model’s static parame-
ters that can be estimated by unconditional moments. Let §; denote the vector of dynamic parameters
indexing A and B in the rotated model. The covariance targeting RBEKK (1.11) can be estimated by
QMLE.

Specifically, the static parameters are estimated by the following moment estimator

A

b = vech(logm(H)), &' = vech(logm(X))

where

X T X T

H=T"'Y"nr, X=T'> X
t=1 t=1

These estimates are then decomposed into H'/? and X/2 and used to construct the time series of
rotated returns and the realized kernel ¢, = H~1/2r, and )?t — X 12X, X2 fort =1,2,...,T. In
the second step, 6, is estimated by Gaussian QMLE. The joint density is the product of all conditional
densities, so the log-likelihood function of the joint distribution is the sum of the logarithms of the

multivariate-normal distribution in this case. Letting L;(64; 05) be the likelihood function at time ¢, and
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1(04; 05) be the log of the joint likelihood function,

T
1643 65) =Y _ log Ly(8a; 6) (1.22)
t=1
1 ~ ~
logLi(04;05) = constant — §(log |Hy| + 7, H; ) (1.23)

where 0 is estimated in the previous step. We take the unconditional variance of the return of assets as
the initial value of H; in the first period. Then the joint likelihood can be calculate in a recursive way.
The QML estimator éd is

~ A~

04 = argmazg,ce 1(04; bs)

Asymptotic theory for QML estimation of the BEKK model is discussed in several literature, for exam-
ple, Comte and Lieberman (2003) and Hafner and Preminger (2009). For the closely related covariance-
targeting BEKK model, Pedersen and Rahbek (2014) prove consistency and asymptotic normality. The
rotated BEKK model applies the same parameterizations but to rotated returns.

Using two-step maximum likelihood estimation, if the usual assumptions for the validity of QMLE

are satisfied, the estimates are consistent and their asymptotic distribution is

05 0
VT - — N(0,V)
04 0q
with
v G, -Gy 'Gy,M™! g ool G, -Gy 'Gy,M™!
0 M1 06 9’ 0 M1
where

o [090090] . [000s00] . [0m(ba)
Gon = [ 0u— [G v —2 [25
_ 8l(987 ed) . _ al(esv ed)

The proof can be found in Newey and McFadden (1994).
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1.5.2 Estimation of the Measurement Equation

Since the measurement equation is over-parameterized, the ALasso method is used to simultaneously
estimate and shrink its parameters. As mentioned, the measurement equation is actually a system of
equations that can be estimated using SUR methods. Using the LARS algorithm, we can estimate the
measurement equation efficiently. Although the formula for the variance of estimator of the ALasso

method is given in Zou (2006),

var(Ba) = o*(XUXa+ A (Ba) " XUXA(XUX A+ 2D (Ba) ™!

where the subscript A denoting the sub-matrices consisting of the columns (variables) of X correspond-

ing to the indices in the active set selected by the ALasso method. and > (34) = diag(‘ﬁ’—ll‘, s %)
o2 is the variance of the error term in the model, including all the regressor residuals, which is esti-
mated with the sample variance of the OLS residuals. Difficulties arise in extracting A from the LARS
algorithm. Instead of that, we typically avoid this issue by resorting to the bootstrap. var(ﬁ 4) can be
calculated using the bootstrapping method proposed by Efron (1979). Bootstrapping is a nonparametric
method which allows statistics to be computed or distributions to be estimated by drawing randomly

with replacement from a given dataset. The Bootstrap Algorithm is described as following:

1 Draw N pairs of independent bootstrap samples(y3, 3), (v5, ©3), ..., (y5, z} ) with replacement
from the original data 3
2 Estimate the ALasso parameters (3 for these bootstrap samples

3 Repeat step 1,2 for M times, so we get M of estimates: Bi, B2, ..., Bu
4 Estimate the variance var (3 using empirical moments var () = [%1 E%Zl (Bm — B)?

where 8 = ﬁ Zi\le B
Algorithm 3: The Bootstrap Algorithm
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1.6 Empirical Illustration

To examine the empirical effects of model parsimony, we estimate the RBEKK model with and without
a sparse coefficient matrix in the measurement equation. Results are then compared in terms of their

forecast abilities.

1.6.1 Data Description

The model is applied to high-frequency prices for ten liquid stocks from the S&P 100 2. The sample
period is Jan 03, 2006 to April 30, 2012 and the source of data is the TAQ database. We focus on the
noise-robust realized kernel of Barndorff-Nielsen, Hansen, Lunde, and Shephard (2011) as our choice
for X;. To control for overnight effects, the opening and closing 15 minutes of trading are excluded from
the analysis. Returns are calculated as the first difference of the log-price and open-to-close returns are
used at the daily frequency.

Plots of the daily return and annualized realized volatility of the ten stocks can be found in the ap-
pendix. The sharp increase in realized volatility from 2008 to 2009 is associated with major upheavals
in financial markets during the subprime mortgage crisis. The increase in volatility is especially pro-
nounced after the collapse of Lehman Brothers in the middle of September 2008. Visual inspection of
the plots of annualized volatility suggests that the financial crisis lasted approximately from August

2008 to April 2009.

1.6.2 Estimation Results for RBEKK model

The following results were obtained when the model is applied to rotated data. Estimates of A and
B along with their standard errors are shown in Tables 1.1 and 1.2. The estimates of the unrotated
parameters A and B are recovered according to (1.13). From the literature on GARCH models using
realized measures, the variance/covariance process in this model is more responsive to innovations. As

a result, the elements (in the diagonal positions) in Ain (1.11) will be larger than those in traditional

2The ticker symbols are AXP(American Express), BAC(Bank of America), DD(DuPont), GE(General Electric), IBM,
INTC(Intel), JPM(JPMorgan Chase), KO(Coca-Cola), MSFT(Microsoft), and XOM(Exxon Mobil).
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GARCH models. The means of the diagonal elements in the coefficient matrices are 0.722 for B and
0.209 for A, which is in line with estimates found in other studies. The estimate for B implies that the
dynamic of H; will be smooth, though less smooth than the traditional GARCH model, which typically
has a smoothing parameter around 0.9. The estimate of A indicates that the realized measure plays an

important role in updating Hj.
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Table 1.1: Parameter Estimates of the matrix A in the rotated RBEKK model

AXP BAC DD GE IBM INTC JPM KO MSFT XOM

0.5139

AXP (0.0257)

0.8070

BAC (0.0614)

0.6297

bb (0.0652)

0.5578

GE (0.034)

0.3817

1BM (0.0097)

0.2727

INTC (0.0008)

0.5759

JPM (0.0272)

0.4016

KO (0.0143)

0.3961

MSFT (0.0155)

0.3938
XOM (0.0072)

Table 1.2: Parameter Estimates of the matrix B in the rotated RBEKK model

AXP BAC DD GE IBM INTC JPM KO MSFT XOM

0.8466

AXP (0.0414)

0.5741

BAC (0.0434)

0.7644

DD (0.0791)

0.8183

GE (0.0492)

0.9138

BM (0.0225)

0.9521

INTC (0.0036)

0.8057

IPM (0.0375)

0.9053

Ko (0.0317)

0.9077

MSFT (0.035)

0.9087
XoM (0.0157)
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For the BEKK paramerization, using (1.13), the estimates of A and B are

A=H'VPAXT? =

0.4620 0.1319 0.0567 0.0060 —0.0349 0.0286 —0.0222 —0.0029 —0.0068 0.0243
—0.0129 0.8201 0.0298 0.0048 —0.0646 0.0699 —0.0289  0.0261 0.0041  0.0030
0.0091  0.0535 0.5698 0.0103 —0.0369 0.0181 0.0039 0.0111 0.0154  0.0155
0.0008  0.0919 0.0480 0.4424 —0.0264 0.0679 —0.0168 0.0892 0.0484  0.0427
0.0107  0.0172 0.0358 0.0143 0.2984 0.0817 —0.0383  0.0583 0.0391  0.0439
0.0297  0.0417 0.0484 0.0223 0.0137 0.1994 —-0.0643 0.0076 0.0351  0.0523
—0.0060 0.1748 0.0438 0.0159 —0.0207 0.0485 0.4628 0.0301 0.0128  0.0057
0.0126  0.0041 0.0188 0.0073 —0.0158 0.0800 —0.0471 0.3495 0.0641  0.0553
0.0118  0.0289 0.0336 0.0004 —0.0061 0.0917 —0.0453 0.0464 0.3390  0.0465

0.0173  0.0347 0.0403 0.0133 —-0.0179 0.1451 —0.0586 0.0596 0.0810  0.3228
B _ ﬁl/ZBﬁ—l/Q _

0.8693  —0.0003 0.0132 0.0082 0.0020 —0.0210 0.0052 —0.0010 —0.0026 —0.0003
0.0008 0.4887  0.0231 0.0258 0.0065 —0.0543 0.0255 —0.0103 —0.0100  0.0070
—0.0074 —0.0085 0.7479 0.0087 —0.0033 —0.0208 0.0034 —0.0051 —0.0112 —0.0020
—0.0005 —0.0041 0.0190 0.8257 0.0076 —0.0672 0.0191 —0.0306 —0.0278  0.0006
0.0025 0.0034 0.0270 0.0378 0.9185 —0.0710 0.0173 —0.0136 —0.0235 0.0056
0.0216 0.0386  0.0167 0.0641  0.0489 0.9680 0.0438 0.0101 0.0143 0.0859
—0.0020 —-0.0133 0.0147 0.0151 0.0032 —0.0449 0.8449 —0.0135 —0.0117 0.0035
0.0003 0.0069 0.0210 0.0722 0.0237 —0.0799 0.0288 0.9065 —0.0245 0.0148
0.0024 0.0070  0.0238 0.0497 0.0248 —0.0710 0.0194 —-0.0019 0.9109 0.0276

0.0085 0.0089 0.0256 0.0546 0.0266 —0.1012 0.0226 —0.0061 —0.0243 0.9163

Asymmetry in A and B is typical with rotated models. The standard error of the estimates of A and B

can be obtained from the estimation of the rotated model using the delta method.

1.6.3 The ALasso method Under Different Selection Criteria

The performance of the three different estimators can be ascertained by comparing the Residual Sum-of-
Squares (RSS) and MSE, as shown in Table 1.3. This comparison is made for the measurement equation

in (1.8). The OLS estimator has the smallest RSS and the BIC-based shrinkage estimator has the largest.
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Since the OLS estimator is fully specified, this ranking should come as no surprise. OLS will generally
obtain the best in-sample fit, while BIC-based shrinkage selects the most parsimonious model. The AIC-
based shrinkage estimator has the smallest MSE since it balances the competing concerns of model fit

and parsimony.

Table 1.3: Fit for Measurement Equation Estimators

(1.8)

Minimizing based on | OLS AIC BIC
RRS 3489 35191  372.06
MSE 0227 0225  0.236

Note the MSE = RSS/(N — K), where N is the number
of observations and K is the number of variables.

The two information criteria, AIC and BIC, can be compared in terms of the relationship between
relative model size (/) defined in (1.20) and the model fit MSE. Figure 1.1 shows the relationship
between the ALasso estimates and the ¢(/3). The ALasso method continuously shrinks the coefficients
toward zero as ¢(3) decreases; some coefficients shrink exactly to zero if the penalty is sufficiently large.
In Figure 1.2, we can see the number of non-zero estimates decreasing as the relative bound decreases
(penalty constraint increases). Both figures show the differences in the models that result from variable
selection according to different criteria. The broken line gives the AIC break point while the solid line
gives the BIC break point. The selected model under AIC has AIC=365.54 and @= 0.4377, while the
selected model under BIC has BIC=390.48 and ¢= 0.1196. These values of ¢ validate the sparsity of
the true model. Roughly, this corresponds to keeping just 40% of the predictors when using AIC as
the criterion for selection. In Figure 1.3, the mean square error of the ALasso estimate decreases as
the relative bound ¢ increases (penalty constraints decreases). The curve has a pronounced kink, which
indicates that a portion of the parameters contribute only minimally to reducing the MSE. As a result,
optimal selection of ¢ will occur near the kink. It seems AIC and BIC has similar effect in reducing

MSE in Figure 1.3.
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1.5

Coefficients of the first mesurement equation

1 L
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Relative model size ¢

Figure 1.1: ALasso shrinkage of the coefficients of the first measurement equation in (1.8).
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Figure 1.2: Shrinkage of Degrees of Freedom. DF refers to the number of non-zero parameters.
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Figure 1.3: Mean Squared Error ALasso as a function of relative model size

1.6.4 Estimation Results for the Measurement Equation

For the measurement equations, each realized variance (covariance) is a function of the corresponding
conditional variance (covariance) and the conditional covariances of the pairs of all other assets (after
taking the matrix logarithm). Assuming that there are three assets — A, B, and C — the realized vari-
ance of asset A is updated by the conditional variance of A, and conditional covariance of A and B,
the conditional covariance of A and C, and the conditional covariance of B and C. Each conditional
variance/covariance is the main driver in updating its counterpart in the realized measure. As a result,
the coefficient matrix should have larger elements in the diagonal positions. Most elements shrunk by
the ALasso method are in the off-diagonal positions. Some diagonal elements will also shrink due to the
nonlinear transformation by matrix logarithm reallocate the linkage between the corresponding elements
in conditional variance/covariance matrix and realized kernel.

In the case of ten assets, the size of the coefficient matrix I' is 55*55. On the diagonal, the elements
in rows 1, 11, 20, 28, 35, 41, 46, 50, 53, and 55 belong to the matrix logarithm of the realized variance

of each asset. These are much larger than the elements corresponding to covariances. In Table 1.4,
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estimates of the matrix corresponding to the variance of each asset are compared under OLS and the
ALasso method (AIC and BIC) estimation methods. In the last two rows, the percentage of non-zero
coefficients in the matrix I, and the MSE, are given. As the OLS estimator does not shrink any variables,
the percentage of non-zero coefficients is 100%. The number of non-zero coefficients under the AIC-
based shrinkage estimator is 40.63%, much larger than the BIC-based shrinkage estimator’s 12.79%.
Again, we find that BIC emphasizes the parsimony of the model. However, AIC is more accurate in
terms of MSE. In the second to last row of the table, we show the number of non-zero elements on
the diagonal of the coefficient matrix. The AIC-based shrinkage estimator results in 74.55% of the
elements being non-zero, while the BIC-based estimator results in 67.27% of the elements being non-
zero. The coefficient matrix estimated by the ALasso method is essentially a diagonal matrix with a high
percentage of shrinkage occuring in off-diagonal positions. The fourth to last row of the table reports
the mean of the coefficient for each variance. The value for BIC is 0.889, the largest of all the models,
since this estimation method implies the most shrinkage.

To check the fit of the measurement equation, we focus on the test of autocorrelation of the residuals.
If there are autocorrelation of residuals, we may need to add lags of dependent variables. The Lagrange
multiplier (LM) test for autocorrelation developed by Breusch (1978) and Godfrey (1978) has become
a standard tool in applied econometrics. It is often applied to the residuals of a multivariate regression
such VAR or SUR of time series model. A vectorized version of LM test is proposed Doornik (1996)
by testing the significance of lagged residuals 4,_j, (obtained under the null hypothesis) in the auxiliary

regression:

Ut = d—+ th + bl’at_l + ...+ bh'LALt,h + vt (124)

v N0, 2,)

We wish to test the significance of lagged residuals, so the null hypothesis is

HO:by=...=b,=0. (1.25)
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Table 1.4: Estimates of coefficient matrix I'

Index oft OLS AIC BIC
diagonal position

1 1.04(0.05) 1.07(0.03) 1.01(0.03)
11 0.72(0.05) 0.75(0.03) 0.85(0.02)
20 0.73(0.07) 0.75(0.05) 0.80(0.03)
28 0.78(0.09) 0.77(0.05) 0.81(0.06)
35 1.00(0.07) 1.04(0.03) 1.12(0.03)
41 0.80(0.04) 0.78(0.02) 0.87(0.03)
46 0.72(0.07) 0.76(0.05) 0.89(0.06)
50 0.62(0.08) 0.67(0.04) 0.95(0.03)
53 0.50(0.06) 0.51(0.04) 0.56(0.02)
55 0.86(0.09) 0.88(0.03) 0.93(0.03)
Mean 0.78 0.80 0.88
Nonzero Pct. 100% 74.55% 62.27%
Overall Nonzero Pct. 100% 40.63% 12.79%
MSE of the measurement equation 0.201 0.199 0.203

Estimates of the coefficient matrix I' of the measurement equation under OLS and ALasso
using AIC and BIC criteria. The numbers in parentheses are standard errors. The Nonzero
Pct means the percentage of nonzero estimates in the diagonal position of coefficient matrix
I'. The Overall Nonzero Pct means the percentage of nonzero estimates of all position in

coefficient matrix I'.
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which implies no autocorrelation of residuals for lag one through lag h. The test statistic is constructed

as:
LM = TnR?, (1.26)

with an asymptotic Xfmg under null . n is the dimension of the system, A is the number added lagged
regressors in the each auxiliary regression and T is the sample size. R?, is a R?-type measures of
goodness of fit:

R2 =1 — (1/n)tr(ot")(ad) (1.27)

m

where v and u are p* by 7" matrix of residuals from the auxiliary regressions and measurement equations.
Since the dimension is large relative to the sample size, we only test the lag for 2. LM value for the
measurement equation with OLS and LASSO are 5717 and 2421, and the p-value are 0.999 and 1,

which can’t reject the null hypothesis.

1.7 Model predictive Ability Evaluation

We compare the out-of-sample performance of the ALasso method and OLS, when estimating the mea-

surement equation. Let the loss function Lm(H?JrS, H

f sl ,) denote the loss at time ¢ resulting from

the s-step ahead forecast using model i. Under this notation, HY, ; denotes the true (latent) covariance

matrix and H’

st is the s-step ahead forecast of model ¢ conditional on the information set at time

t. Since the latent covariance HtoJrs is unobservable, we use the realized kernel as a proxy such that

ﬁ?ﬂ = Xi4s. We use the quasi-likelihood (QLIK) loss function:

Lt,s(ﬁ?+s> ti+s|t) = log ’Hti+s|t‘ + tr((H§+S|t)_1ﬁf+5). (1.28)

The loss function in (1.28) is the negative of the log-likelihood of a Wishart density function, excluding

the constant terms. The QLIK loss function can be used to consistently rank volatility models since it
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is robust to noise in the proxy realized measure X; ¢ (Patton and Sheppard, 2009; Laurent, Rombouts,
and Violante, 2013).

Denote the total sample size by is 7', dividing it into 7j, of in-sample and T,,; of out-of-sample
portions. Then Ty,; — s + 1 is the number of s-step ahead predictions, the out-of-sample observations
span T;, + s through T3, + T5,¢. The estimation window (in-sample) portion runs from January 4, 2006
to April 29, 2011 with a sample size of 1340. The out-of-sample portion runs from May 2, 2011 to April

30, 2012 with a sample size of 252. Given the loss function, the loss difference is

_ 70 ‘v Lasso 70 'TOLS
DLS - Lt,S(Ht+s|t7 t+s|t ) - Lt,S(Ht+s\t7 t+s|t)7

t =T, Tin+1,....,T — s.

The average loss is then
T—s+1

> Di. (1.29)

t=Tn

_ 1
D= — -
s (Tout—5+1)

Average loss was used in tests of predictive ability by Diebold and Mariano (1995) and West (1996).

The null and alternative hypotheses are

HO: E[D, ] =0,
H1: E[Dy,] >0,

or H2:E[D;4 <0.

The test statistic is constructed as

(1.30)

34



where

j=-—s
T—s+1
() =7(=J) = (Tow — s+ 1)_1 Z (Di—j.s = Ds)(Dr,s — Ds),
t=Tin
j = 17 27 78

Significantly negative values of the test statistic indicate that the measurement equation estimated with
the ALasso method has superior forecast performance compared to the OLS estimate. The test of fore-
cast ability is conducted on the rotated model using two different estimators for the measurement equa-
tions. We estimate the model with an expanding window (recursively), starting from observation number
1342, and then use the parameter estimates to obtain forecasts of H; at horizons s = 1,2, 3, ..., 22 days.
The parameters are updated every 5 days, so the expanding window grows by 5. The estimation and
prediction are repeated 50 and 250 times respectively.

Results for the test are given in Table 1.5. The results for 10 assets show that the difference in
loss function is statistically significant and positive at the 10% level at horizons s = 8,9,10. The
difference is statistically significant and negative at the 10% level at horizon s = 20 and at the 5%
level at horizons s = 21, 22. The results with 15 stocks® show significantly negative values at the 10%
significance level at horizons s = 3,4 and at the 5% significance level at horizons s = 5, 6, ..., 22. With
20 stocks,* significantly negative values occur at the 10% significance level at horizons s = 4, 20, 21 and
at the 5% significance level at horizons s = 5,6, ..., 19. Broadly, the measurement equation estimated
with the ALasso method outperforms the measurement equation estimated with OLS. The difference in
performance between the two estimators increases as the number of assets under consideration increases.
The statistics D, show improvement in the 15 and 20 stock cases, except at the far end of the forecast
horizon. The advantageous predictive power of the ALasso method in the 20 stock case is diminished

at long forecasting horizons. Overall, the model using the ALasso method performs significantly better

3The ticker symbols are the original 10 plus C, CSCO, DELL, F, and WFC
“The ticker symbols are original 15 plus FCX,GS,MS,0ORCL, and PFE.
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than OLS methods, and this effect is more pronounced when additional assets are considered.

Table 1.5: Statistical Test of Predictive Ability

Prediction Step Number of Stocks

10 15 20

2 0.116 -1.285 0.980

3 0.263 -1.645% -0.248

4 0.503 -1.679* -1.539%
5 0.864 -1.686%* -1.984**
6 1.184 -1.681%* -2.077**
7 1.271 -1.692%* -2.117%*
8 1.389* -1.761%* -2.143%%*
9 1.392% -1.763%* -2.08%%*
10 1.370* -1.754%%* -2.066**
11 1.255 -1.847%* -2.053%*
12 1.078 -1.787%* -2.04%*
13 1.005 -1.924%%* -2.026%*
14 0.73 -2.003%* -2.032%%*
15 0.486 -2.054%%* -2.015%*
16 0.187 -2.095%%* -2.018%*
17 -0.149 -2.216%* -1.996*%*
18 -0.543 -2.263%* -1.92%%
19 -1.009 -2.273%* -1.78%*
20 -1.462* -2.246%* -1.59*
21 -1.894%%* -2.213%* -1.32%
22 -2.216%* -2.248%* -1.015

Test of predictive ability: Loss(ALasso)-Loss(OLS). A negative test value indi-

cates model using the ALasso method has better predictive ability. The critical
values are: 2.4 (1%), 1.68 (5%), 1.3 (10%). * denotes significance at the 10%
level, ** significance at the 5% level, and *** significance at the 1% level

There are several different loss functions other than the likelihood value (see Patton, 2011). We
choose the loss function constructed by mean squared error (MSE) to check how much gain using
AlLasso to forecast the covariance matrices compared with the model using OLS. The sign of the differ-

ence of predictive covariance matrices is negative if the Alasso is better. The loss function is constructed
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as:

N
Loo(AY o Hy ) = 1N ST (h(mn)i,, — h(mn)), ). (131)
m,n=1

i

where h(mn)t+s|t

is the element in mth row and nth column in HZ similar definition goes with

+s|t?
h;,mg - Comparing (1.28) with (1.31), the former loss function represents which method are more
possibly predict the true covariance the later indicate which method is closer to the true covariance with
respect of the estimated value. The result of portfolio with 10, 15 and 20 assets for each forecast step
are reported in Table 1.6. From the table, we can see that the mode with Alasso performs better for the
portfolio with more number of assets and for the further steps in forecasting. Further, we can check the

economical difference by inserting these predictive covariances into asset pricing formula or calculating

the Value at risk.

1.8 Conclusion

In this chapter we present the realized rotated BEKK model to model vectors of daily returns and their
corresponding realized measures. This allows for a more accurate depiction of the dynamics of the con-
ditional covariance matrix of daily asset returns. To deal with the curse-of-dimensionality, the ALasso
method is applied to estimate a sparse coefficient matrix in the measurement equation, and a parsimo-
nious parameterized common persistence specification is used in conjunction with diagonal structures
in the BEKK equation. With a rotation technique we can keep a richer dynamic while fitting a diagonal
BEKK on rotated returns. In an empirical application, we find that the ALasso method, imposing a sparse
coefficient matrix in the measurement equation, leads to superior predictive performance, especially for
relatively large portfolios. Estimating the model for portfolios of 10, 15, and 20 stocks, our model leads
to statistically significant gains in the loss function evaluation. AIC-based shrinkage method strikes a
balance between in-sample fit and model parsimony, which leads to gains in out-of-sample performance
at short and moderate horizons. Shrinkage methods hold promise as larger and more complete models

of asset dynamics continue to be developed.
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Table 1.6: Gain of predictive covariance using ALasso

Prediction Step Number of Stocks

10 15 20
2 -1.037 0.004 -1.835%*
3 -0.334 -0.145 -0.917
4 0.628 0.763 0.048
5 1.392% 1.116 0.025
6 1.223 0.883 -0.049
7 1.036 0.678 -0.264
8 0.658 0.259 -0.791
9 0.590 -0.199 -1.132
10 0.073 -0.699 -1.396%
11 0.041 -1.248 -1.658%*
12 -0.218 -1.935%* -1.978**
13 -0.716 -2.444%%= -2.282%:%
14 -0.766 -2.876%%* -2.440Q%**
15 -1.045 -3.38 ]k -2.475%%*
16 -0.884 -3.668%** -2.54 8%
17 -1.354% -4.Q75%%* -2.672%%%
18 -1.525% -4.369%** -2.790%**
19 -2.008%** -4.686%** -3.037***
20 -1.713* -4 752 -3.228%%*
21 -1.371%* -4.765%%* -3.430%**
22 -1.191 -4.995%%* -3.605%**

Test of predictive ability: Loss(ALasso)-Loss(OLS). A negative test value indi-
cates model using the ALasso method has better predictive ability. The critical
values are: 2.4 (1%), 1.68 (5%), 1.3 (10%). * denotes significance at the 10%
level, ** significance at the 5% level, and *** significance at the 1% level
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Chapter 2

Realized Markov Regime-Switching
BEKK Model

2.1 Introduction

In the last few decades, GARCH (Generalized Autoregressive Conditional Heteroscedasticity) models,
which were introduced by Engle (1982) and Bollerslev (1986) have been the most popular and successful
models in characterizing financial volatility. However, GARCH models often give good in-sample fit, but
poor out-of-sample forecasting performance. According to Andersen and Bollerslev (1998), one reason
for this is we typically compare the model forecasts with a weak measure of ex-post volatility, such
as squared returns. The solution is to use the “realized volatility” calculated with intra-daily data. The
other common problem of GARCH models in forecasting is that the volatility forecasts are usually too
smooth and too high across periods due to structure breaks. Hamilton and Susmel (1994), for example,
found that, for their stock return data, a shock on a given week would produce non-negligible effects on
the variance more than one year later. Lamoureux and Lastrapes (1990), among others, show that this
persistence may originate from structural changes in the variance process.

Empirical work has often shown that a single standard GARCH model is not valid over an extended

period. Ignoring these breaks by assuming constant parameters in econometric models typically leads
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to forecasts that are far from realizations (see Stock and Watson, 1996). The accumulated evidence
from empirical research suggests that the volatility of financial markets displays a type of persistence
that cannot be appropriately explained by classical GARCH models. In particular, these models usually
show high persistence in the conditional volatility which is not compatible with the poor out-of-sample
forecasting results of these models. These findings indicate a potential source of misspecification in that
the structural form of the conditional mean and variance is relatively inflexible and fixed throughout the
entire sampling period. Therefore, models in which the parameters are allowed to change over time may
be more appropriate for modeling volatility.

Since the seminal paper by Hamilton (1989), which characterized the U.S. business cycle by pe-
riodic shifts from recessions to expansions and vice versa, the use of Markov-switching models has
become increasingly popular in dynamic econometrics. The dynamics of the observed process is driven
by a standard GARCH model as long as the persistence mechanism remains in the same regime and
is powered by a different standard GARCH model whenever the working mechanism switches to an-
other regime. Introducing change in the regime increases the model flexibility substantially and allows
for interesting economic interpretations. See Kaufmann and Scheicher (1996) for a survey on Markov-
switching models.

In the present work, we incorporate a GARCH model into a Markov regime-switching framework
to allow for different volatility regimes. Within each regime, we use a GARCH model to govern the
variance. The persistence of both regimes yields an extra source of volatility persistence compared with
standard, single-regime GARCH, thereby enhancing the flexibility in describing the volatility persis-
tence of shocks.

When the GARCH process is subject to regime switching, however, the basic form of the model is
intractable due to a path-dependency problem (see Cai, 1994; Hamilton and Susmel, 1994; Gray, 1996).
Path-dependency occurs when the conditional variance at time ¢ depends on the entire information
set and path of the regime switching process up to time ¢ due to the recursive nature of the GARCH
process and state-dependent GARCH coefficients. Gray (1996) solves the path-dependency problem by

collapsing the conditional variances in each regime into a single variance at each point in time. Klaassen
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(2002) also integrates out the unobserved regimes, using all available information up to time ¢, whereas
Gray (1996) only integrates conditional on information up to ¢ — 1. By doing so, the model becomes
path-independent and the likelihood is tractable even with a large sample size.

Our realized Markov regime-switching GARCH model is as an extension of Klaassen’s (2002)
univariate generalized Markov regime-switching model to the bivariate case (except the forecasting
mechanism) and potentially multiple-variate case. To improve not only the out-of-sample forecasting
performance but also the accuracy of forecast evaluation, we use the realized measure as the ex-post
volatility. In our model, a latent state variable governing the regime shifts follows a first-order, two-state
Markov process, the parameters of which are estimated via quasi-maximum likelihood along with other

unknown parameters, including transition probability and prediction probability of regimes.

2.2 The Markov Regime-Switching GARCH Model

The basic set up of the univariate Markov Regime-Switching GARCH Model is shown in this section.
Let p; be the price of a financial asset at the end of day ¢, then define r, = log(p:) — log(pi—1) as
the daily return. Let s; be the unobserved variance regime at time ¢, which represents different state
of volatility dynamics. Note that the time subscript ¢ of the expectation operator E; and probability
pr means the arguments are conditional on some information sets, e.g. p;(z) = p(x|F:), in which
JF; represents the observable information set till period ¢, and we use the notation p;_1(s¢|5;—1) =
p(st|Fi—1, S+—1) to denote the ex-ante probability of some series going to regime s; at a specific time ¢
conditional on the information set of the data-generating process, which consists of two parts. The first
part, F;_1, denotes the information that can be observed, which is (r,_1,7r4—2,- -+ ,r1) in our case. The
second part, 5;_1, is the regime path (s;_1, s;—2,- - , s1), which can not be observed. The dynamic of
the conditional variance of return, hs, ; = vary_1(r¢|3;), is our research interest, where the subscription
t, s¢ of h means the conditional variance predicted for time ¢ based on the information set including the

regime path until ¢ — 1. Without loss of generality, we assume that s; follows a two-regime first-order
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Markov process with constant transition probabilities independent with time stamp ¢ defined as:
pij = p(st = jlsi—1 = i) 2.1

with p; ;1 + prio = 1 for 4,5 = 1,2. Equation (2.1) indicates the probability of switching from state ¢
at time ¢ — 1 to state j at £. The transition probability matrix is a 2 by 2 matrix composed with these

probabilities

P11 P12 P11 1—pn
P: 11 1 _ 1 1 (2‘2)

P21 P22 1—pa  po

The unconditional probability of staying in state s, = 1 is equal to m; = (1 — p11)/(2 — p11 — p22). We
choose to model the mean of the daily return as zero since the focus of this paper is the volatility rather
than the mean. If the mean of daily return is not zero, it would also typically be modeled as a Markov
regime-switching quantity, but not bring much change to our structure. Therefore, under the full regime

path-dependent specification, the return equation is modeled as

re=hy% 2.3)

Zt Zfz\-‘d (0, 1)

where hy s, = wvary(r¢|I;—1,5;:) denotes the time-varying state-dependent variance given the whole

regime path. The Markov regime-switching conditional covariance hs, ; follows a GARCH(1,1) process:

2
hgt,t = Wy, + bst ht*Lgt—l + a5, Ti_q-

2.3 The Model Development

We generalize the previous univariate specification to the multivariate case in this section. By applying

the realized BEKK model in Chapter 1 for such a Markov regime-switching context, we would obtain a
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model similar to the one described above except all the variables would become bivariate. Specifically,
let the K x 1 vector p; be the price of two assets at the end of day ¢, then define 7, = log(pt) —log(pPi—1)
as the daily return. The time-varying state-dependent covariance matrix H; 5, with subscript § implying
it depends on the whole regime path. Therefore, H; 5, = covi—1(r¢|r1,72, ..., Tt—1, 51, S2, ..., S¢). Since
H, is positive semidefinite, we define Htl/ ? as the symmetric square root of H; using the Cholesky de-

composition. The Markov regime-switching conditional covariance H; 5, follows a BEKK(1,1) process:
H5, = CC'+ By, Hi15,_, Bl, + As, Xy—1 AL, (2.4)

where X;_; denotes the realized measure of volatility (see Chapter 1). As discussed in the introduction,
the Markov regime-switching BEKK model (MRS-BEKK) with a state-dependent past conditional vari-
ance is practically intractable. The conditional covariance matrix H; 3 would in fact depend not only on
the observable realized measure X;_; and the current regime s;, but also on all past states ;1. For a
sample of length 7", the evaluation of the likelihood function of the model with N regimes would require
the integration over all the N7 possible paths, which renders the model impossible to estimate unless
T is uselessly small. The intercept is set to be regime independent since we use the covariance target in
the estimation.

Cai (1994) and Hamilton and Susmel (1994) were the first to solve this difficulty by dropping the
lagged variance that causes the path dependence using only ARCH terms in (2.4) and several lags. Since
H; 5 in such a dynamic system construction only depends on the current regime s;, there is no path-
dependence problem anymore. Another way to avoid the path-dependence problem in the BEKK model
is proposed by Gray (1996), who suggests keeping the lagged variance and integrating out the regime
path 5,1 in the BEKK term in (2.4) by using a weighted sum of the past variances over the probability

of possible regimes period by period. As a result, the lagged conditional covariance H;_1 5, , in (2.6)

43



depends only on regime s;_; instead of the path s5;_;. Following his method, we redefine the daily return

r= HY?2, 2.5)

t,st

i.4.d
zt (OalK)

with subscript s; to indicate the variable is solely conditional on current regime. The conditional covari-

ance matrix H; s, follows

Ht,st = CC, + Bst Et—Q(Ht—1,8t71) B;t + Ast Xt—l A;ta (26)
2
Ei o(Hi15, ,)= Z pr—2(st-1) - (Hi—1,5,_,)
st—1=1
where
2
Pr—2(st—1) = Z Pe—2(St—2) - Pr—2(St—1]5t—2) 2.7
St72:1

is the ex-ante probability of the regime in period ¢ — 1 based on information in period ¢ — 2 and
pr—2(s¢—2) is the so-called “filtered probability” of volatility, which represents the probability of the
volatility process being in the different regime conditional on information set at the same period. The
filtered probability is a key term, from which we could derive all other probabilities in this paper. The

filtered probability is computed as follows:

Pe(st) = pe—1(5¢]7e) (2.8)
)

_ ft—l(Tt’é‘t 'pt—l(st)
B fe(re)
ft—l(Tt\St) 'Pt—l(st)
thzl fe(rtlst) - pr—1(st)

Note the ex-ante probability is the product of filtered probabilities p;_2(s;—2) and the constant transition

probability p;;. The term f;(r¢|s;) is the density function of the return in regime s in period ¢, which will
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be defined below. Dueker (1997) uses a collapsing procedure in the spirit of Kim’s (1994) algorithm to
overcome the path-dependence problem, which is essentially as the same with Gray (1996).

Klaassen (2002) suggest an improved RS-GARCH model by calculating the expectation of lagged
conditional variance with a broader information set. Klaassen (2002) has two differences compared with
Gray (1996): first, the lagged term in (2.6) is calculated as conditional on F;_; instead of JF;_o, which
allows us to use more observable information about previous regimes; second, Klaassen includes s; in
calculating the expected conditional covariance in period ¢ — 1. As a result, we replace E;_o(Hi—1.5, ;)
with Ey_1(H¢—1,5, ,|s¢) in (2.6); this modification will include a lot of information, particularly if the
regimes are highly persistent. For our MRS-BEKK(1,1) model, the specification using broader informa-
tion would be:

Ht,st = CC, —+ Bst Etfl(Htfl,stfl |8t) Bgt + Ast Xt,1 A;t’ (29)

where the expectation of conditional covariance in period ¢ — 1 is integrated across the regime s;_1

conditional on F;_; and the current regime sy:
2
Bea(Hi1 1) = > proa(sials)(Hio1,s,_,), (2.10)
St_lzl

where the probabilities are calculated in a Bayesian fashion:

. . DijDt—1(St—1 =7
Peo1(si-1 = jlsg = i) = 24 (s : ‘7>. @.11)
pt—l(St:Z)

Therefore, there is no problem of path dependence in the model.

2.3.1 Measurement Equation and Prediction of Conditional Covariance

The difference between our model and Klaassen (2002) is that we use the realized measure X;_; in
the model and forecasting. In the realized BEKK framework, we can easily make one-period-ahead
predictions with the observed realized measure X;. However, when we want to predict the conditional

covariance beyond one period, such as H; 2, we need to forecast the realized measure of covariance
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X¢+1, which we cannot observe. In our model, the realized measure X, would be updated by the con-
temporaneous conditional covariance Hy,1. However, we only have Hy 1 s, , with different regimes.
Therefore, we need to collapse H; 1 s,,, in period ¢ + 1 to obtain the expected conditional covariance
Hy 4, which will be used to update X;; in a logarithm manner with a linear function. Similarly with

Chapter 1, we define the measurement equation in a vectorized form as following,

T =d+T hy +u (2.12)

u EEN(0,5)
where

xy = vech(logm Xy)

hy = vech(logm Hy). (2.13)

The vech operator stacks the lower triangular part including the main diagonal of a K x K symmetric
matrix into a K (K + 1)/2 x 1 vector. Hence, x, d, hy and u; are all K (K + 1)/2 x 1 vectors, with d
being the intercept and u; the innovation vector. Moreover, I'isa K (K + 1)/2 x K(K + 1)/2 constant
coefficient matrix. This matrix characterizes the contemporaneous link between the realized measure
and all the elements of the conditional covariance matrix. This vectorized form is easy to estimate since

its structure is similar to the seemingly unrelated regression. The H; in (2.13) is taken as

2
Hy = Etfl(Ht,st) = Z ptfl(st) 'Ht,st- (2.14)

St=1

The logm is defined in Chapter 1 as the matrix logarithm. The p;_;(s;) is the predicted probability of
regime s;, which is calculated in (2.7). We refer to (2.9) as the realized BEKK equation. Since the real-
ized measure X; could be interpreted as a measurement of conditional covariance Hy, equation (2.12)
is referred to as the measurement equation, tying the realized measure X; to the expected conditional

covariance H;. Thus, the realized BEKK model fully specifies the dynamic system of daily returns and
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the realized measure.

2.3.2 Covariance Targeting Under Rotation

The covariance targeting parameterization was introduced by Mezrich and Engle (1996) for the univari-
ate GARCH model. Covariance targeting in large models is useful as it allows for two-step estimation,
where in the first step, we estimate parameters representing unconditional moments with empirical mo-
ments. It substantially reduces the number of parameters to be estimated through nonlinear optimization.
Rotated ARCH models were introduced by Noureldin, Shephard, and Sheppard (2014). They compared
scalar and diagonal rotated BEKK and DCC models for 10 and 30 dimension cases. We cannot di-
rectly use this method in equation (2.9) due to the complexity of Markov regime-switching model in
computing the unconditional expectation. However, we can still build a model imitating the idea of scal-
ing to reduce the parameters. Let us denote the unconditional variance and covariance of daily returns
as var[ry] = E[H;s,] = H and E(E(Hy-15, ,|st)) = H, the conditional covariance H; s, can be

expressed by covariance-targeting as following,

Ht,st - (-H - BSt-HBSt - AStXASt) + BSt Et—l(Ht—l,St_l |St) Bst + Ast Xt—l Asw (215)

where the unconditional mean of the realized measure is denoted as F[X;] = X. We assume that
(H — B;,HB,, — Ag, X Ag,) is positive semidefinite.

From (2.15), it is difficult to specify sufficient parameter restrictions to ensure that (ﬁ — Bstﬁ B, —
Ag, X Ay,) is positive semidefinite. This feature has restrained us from estimating more flexible dynam-
ics of this model rather than just assuming that A and B are scalars. However, we can fit the model to
rotated variables to extend the idea of covariance targeting in multivariate models of any dimension.

Using the unconditional variance of daily returns, var(r;) = H, we define the rotated return e; as

e, = H /2y, (2.16)

The conditional variance of the rotated returns is Var[e;|I;_1, s¢] = Hys,, noting that H; ,, = H'/?H, ., H'/?
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and E(Hi—1,6, ,|5t,11—1) = FII/QE(fIt_Lst_l|st,It_1)lEI1/2. Similarly, for the realized measure of
covariance, we have X; = X 1/ ZXtX 172 where X't is the rotated realized measure of variance of the
returns. Therefore, we obtain E(H; 14, |5t Ii—1) = H Y2E(Hy_ 14, |56, 1) H 2, X; 1 =
XV 2X, 1 X —1/2 Basically, we rotate the variables with their unconditional variance to make their
unconditional expectation equal to an identity matrix. A variance-targeting realized MRS-BEKK model

is:
Ht,st = (IK - Bst-éfgt - AStA,lst) + Bst Et—l(ﬁt—l,st_1 |St) Bst + Ast t—1 Ast (217)

E[Hys) = E|Ei1(Hi-1,6,_,|81)] = BE[X}] = Ix

This model has 2K dynamic parameters when B s, and A s; are diagonal. It is easy to impose the positive
semidefinite of (I — B, B, — flstfl’é,t) for this specification.
For unrotated returns, the diagonal BEKK model defined in equation (2.17) for rotated returns im-

plies a non-diagonal BEKK model:
Hys, = HYV?H, , HY? = CC' + By, Byo1(Hy—15,_,|5¢) Bl, + Ag, Xyo1 AL,
where

B, = V2B, H V2, A, = HV2A, X2, CC' = BV2(I, — By, B, — Ay, A1, HY?,
(2.18)
It is clear the rotated BEKK implies a BEKK specification for the original variables in a constrained
version since flst and Bst depend on the spectral decomposition of H and X.

Bauwens, Laurent, and Rombouts (2006) discuss the invariance of multivariate models to the linear
transformation of returns. In their definition, invariance means the transformed model is in the same
model class and maintain the same dynamic specification (e.g. scalar, diagonal, or full parameteriza-
tion). In the case of diagonal specification, our model is clearly not invariant to linear transformation.

Supposing flst is diagonal, A, derived from (2.18) is a full asymmetric matrix, which means we obtain
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a full parameterized BEKK model for the unrotated variables. For the rotated model given in (2.16)
and (2.17), similar to Chapter 1, we could impose the Assumption 3 to ensure the long-run covariance
stationarity and the positive definiteness of (Ix — B, Bl,, — A, A’,). For any K x K matrix M with

eigenvalues A1, Ao... A\ , define p(M) := max(|A1], [ 2|, ..., [AK]) -

Assumption 3 In the realized rotated MRS-BEKK model given by (2.16) and (2.17), p([lst ® flst +
B,, ® B,,) < L.

This assumption is easy to impose in the estimation.

2.4 Estimation and Inference

2.4.1 Estimation for the BEKK Equation

In this section we discuss the asymptotic properties of the quasi-maximum likelihood estimator within
the MRS-BEKK model. We could estimate the parameters in the rotated model, and then reverse the
linear transformation to retract the unrotated measure.

The realized BEKK equation (2.9) and (2.17) can be parameterized with a finite-dimensional (§ x 1)
parameter vector § € © C R°. Decompose 6 = (h',#',6,)’, where h and = denote the model’s static
parameters, the unconditional moment, we can estimate by sample counterparts. Let 6 denote the vector
of the dynamic parameters indexing Aand Bin (2.17) and the transition probabilities p, ¢ in (2.2), which
can be estimated by maximum likelihood method conditional on estimate z and h. We denote the true

parameter vector with 6. Specifically, the static parameters are to be estimated by a moment estimator:

= vech(fl), 7' = vech(X),

where

T
H=T"'Y rrj, X=T"') X,
t=1 t=1
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These estimates are then decomposed into H/2 and X 1/2. Subsequently, we construct the time series
of rotated returns and realized measure ¢; = ﬁ[‘l/Qrt, )it = )?_1/2Xt)£(_1/2t =1,2,...,T. Then 6,
will be estimated by QML estimation in the second step,conditional on z and 3

Let L;(04;0s|s;) be the contribution of observation 7, to the likelihood function Lz (64;65). For

T £ N(0, H, g,), the log-likelihood function constructed from observation r; is defined as:

T T

1

Ir(04;0s|s¢) = Zlog Li(04;0s]s:) = Z(constant - 5(1og |Hy s, | + 7 Hy sl,Tt)) (2.19)
t=1 t=1

According to (2.5), the multivariate distribution of r; is not assumed normal. (2.19) is the quasi-likelihood
function and the estimation is performed by QML, which provides consistent estimates regardless of the
underlying distribution of observation r; (see Bollerslev and Wooldridge, 1992). We assume that the
initial value of ﬁt,st in the first period is known and positive semidefinite. For our path-independent
model, we maximize the sum of log-likelihood function with expectation in each period with respect to

the distribution of the regimes. Let

T
I7(04;05) =Y _log By_1(Ly(04; 0s|s1)) ZlogZLt (04; 0s]5¢) * pe—1(5¢) (2.20)

t=1 st=1
where the ex-ante probability p;—1(s¢) is given in equation (2.7)). The QML estimator is 64, where
0 = argmazg,colr(04; és) The asymptotic theory for QML estimation of the GARCH model is
discussed by Comte and Lieberman (2003) and Hafner and Preminger (2009). For the closely related
covariance-targeting GARCH model, Pedersen and Rahbek (2014) prove its consistency and asymptotic
normality. We note that the Rotated BEKK model applies the same parameterizations but to rotated
returns.
Since we used two-step maximum likelihood estimation, if the usual assumptions for the validity of

QMLE are satisfied, the estimator is consistent and the asymptotic distribution:
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2.4.2 Estimation of the Measurement Equation
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Since the measurement equation in our model is just a linear model, we will use linear regression to

estimate the parameters in the measurement equation. As mentioned before, the measurement equation

is actually a system of equations estimated in a similar manner as using SUR method. To be concrete,

we express (2.12) as the system of equations. For example, fo the first element of x; we have:

11,1

11,2

T11,T

d11
d11

di1

hi1,1

hi12

hiir

hi21  hiza

hi22  hi32

hia  higr

711

Y12

713

U11,1

U11,2

U11,T

(2.21)

which is just the stacked first rows of (2.12) along the time dimension. We can estimate the first row

of coefficient matrix H in (2.12) with linear regression of the equation (2.21). Other rows of H can be

estimated in similar way.

2.4.3 Smoothed Regime Inference

Although the regimes are not observed, one can estimate the probability that the process is in a particular

regime in each period. This is useful if one wants to check how much time the series spends in each state.
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Following Kim’s (1994) smoothing algorithm, we compare the smoothed regime probabilities pr(s;) =
p(s¢|IT), which are the probabilities of a series being in one specific regime conditional on the complete
observations up till time 7". Hence, it gives the most informative answer to the question of which regime
the process was in at time t. The smoothed probabilities can be calculated recursively. According to the
assumption of Markov properties, the hidden regime s; depends on past observation ;1 only through
the value of s;_1. Similarly, when we estimate the past regimes from present observations, the s; depends

on observations 741 only through the value of s;1 :

pr(stlse+1) = pe(selsi+1) (2.22)

Note that

pe(se =1, 8041 = J)

pe(s¢ = i]sg41 = J) = . (2.23)
| ) pe(st+1=J)
_ pe(se =1) xpe(sey1 = jlse =)
pi(st41 = J)
_ DPij * pi(sp = 1)
pe(st+1 = J)
i,j =2
where p;; is just the constant transition probability in (2.1). It is therefore the case that
pr(se =i, 5041 = j) = pr(ser1 = J) * pr(se = ilsey1 = j) (2.24)

= pr(se+1 = J) * pe(s¢ = i]st41 = J)
Dij * pe(se = 1)

= pr(sgr1 =j) * .
pe(se41 = J)

1, =2
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The second equality follows from (2.22) and the third equation follows from (2.23). The smoothed

inference for date t is the sum of (2.24) over the value of s;1:

2

pr(se=1) =Y pr(si=i,si41 = j) (2.25)
i=1
- Pij * (st = i)
= " pr(se =) * L
j pe(se41 = J)

2 .
. Pij * pr\Si+1 = J
:pt(st :Z)Z %) ( i+ )

o pi(se41 = J)

— pu(sn = i) % [pin. ] pr(se+1 = 1)/pe(st41 = 1)
pr(st+1 = 2)/pe(st+1 = 2)
= pe(st = i) * Py * (Pr(set1 = 3)(+) Pe(st41 = ),

ij=2

where 1-by-2 vector P; denotes the ith row of the transition matrix P and the sign (<) indicates the
element-by-element division. Collecting the equations (2.25) for 7+ = 1,2 in a 2-by-1 vector, we can

express the smoothed probability in as

Pr(st) = Pi(st) © { P = (Pr(se1) (<) Pe(s141)) (2.26)

ij=2

We can iterate the equation (2.26) backward from ¢t = T — 1 to t¢ = 1. This iteration is started with
Pr(st), which is just the filtered probability obtained from (2.8). For more details of Kim’s algorithm,
please refer to Kim (1993) and Hamilton and Susmel (1994).

2.5 Empirical illustration

So far, we have generalized the single-regime BEKK to MRS-BEKK to obtain more flexibility in mod-

eling the volatility persistence. In this section we estimate both models and examine whether this gen-
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eralization pays off empirically in terms of improved volatility forecasts, the central issue of the paper.

2.5.1 Data Description

The model is applied to high-frequency prices for two liquid stocks from the technology sector, IBM
and INTC. The sampling period is from January 3, 2006, to April 30, 2012, and the source of data is
the TAQ database. We focus on the noise-robust realized kernel of Barndorff-Nielsen, Hansen, Lunde,
and Shephard (2011) as our choice for X;. We compute daily returns and the realized kernel from EST
9:30-16:00, which are the weekday hours of the stock market. To eliminate the overnight effect, the

prices recorded during the 15 minutes at the beginning and end of opening hours are excluded.

IBM Open-to-Close Daily Return IBM Open-to-Close Daily Return Histogram
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Figure 2.1: The open-to-close log daily return of IBM and INTC.

The summary statistics for the daily log open-to-close returns are presented in the left part of Table

2.1. As expected, the average daily returns are around 0%. These two stocks from the technology sector
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Figure 2.2: The close-to-close log daily return of IBM and INTC.
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appears less volatile than some we have seen from the financial sector. The ranges of both returns are
within 20%. Additionally, the summary statistics for the daily log close-to-close returns are presented
in the second part of Table 2.1. Due to the overnight effect, the close-to-close log daily return is more
volatile than the open-to-close log daily return. For example, one of the biggest drops of daily return
of INTC in April 2006 is not showing in the open-to-close return graph. The ranges of both return also
increases from under 20% to the interval between 20% and 25%. All the histograms of open-to-close

(Figure 2.1) and close-to-close (Figure 2.2) daily returns appear slightly right-skewed.
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Figure 2.3: The annualized realized volatility and co-volatility of IBM and INTC.
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We plot the annualized realized volatility and co-volatility of these two stocks in Figure 2.3. The
sharp increase in realized volatility from 2008 to 2009 is associated with the major upheavals in the
financial markets during the subprime mortgage crisis. The increase in volatility is much more pro-
nounced especially after the collapse of Lehman Brothers in mid-September 2008. According to the
visual inspection of the plot of annualized volatility, the financial crisis period approximately spanned
from August 2008 to April 2009. We also record the summary statistics of annualized volatility in Table

2.2.

Table 2.1: Summary Statistics of Daily Return

Statistics Open-to-Close Log Returns Close-to-Close Log Returns
IBM INTC IBM INTC

Mean 0.098 0.034 0.056 0.006

St.dev 1.116 1.454 1.498 2.088

Max 7.708 9.000 11.051 11.393

Min -6.119 -6.857 -6.274 -13.366

The log return are in percentage point.

Table 2.2: Summary Statistics of Realized Volatility

Stocks Open-to-Close Realized Volatility and correlation

Mean St.dev Max Min
IBM 17.192 11.572 127.455 5.035
INTC 23.182 12.150 146.214 4.822
IBM-INTC 0.455 0.161 0.888 -0.208

The annualized realized volatility is the square root of 252 times the realized kernel,
the last row is the realized correlation of IBM and INTC.
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2.5.2 Estimation Results

This subsection presents the estimation results for the MRS-BEKK model. For comparison, we also
estimate the single-regime BEKK model. Table 2.3 presents the QML estimation results. The smooth
effect and the innovation effect correspond to B and A in equation (2.9). As expected, the MRS-BEKK
model provides a better fit than the single-regime BEKK model. The gain in the log-likelihood value
of the MRS-BEKK model over the regular BEKK model is 14. The standard LR test is not valid for
nested model, we will test the significance of the second regime in a later section with a bootstrap
method. In the single regime BEKK model and regime 1 of MRS-BEKK model, the smooth coefficients
B have larger values than the innovation coefficients A. This implies that the conditional variance is
smoother in regime 1. Interestingly, the result for regime 2 is characterized by more sensitivity to recent
shocks and less persistence than in regime 1. The effect of individual shocks die out quickly during
the periods of regime 2, but has a longer lasting effect during regime 1. As a result, regime 1 features
a smooth regime while regime 2 characterize a responsive regime. An unexpected shock in the stock
market induces an observable jump of volatility which is not persistent unless the volatility process stay
in regime 1 in the following days. This result is consistent with the stylized fact called pressure relieving
in the stock market; that is, some shocks are not persistent at all, but are followed by a tranquil period.
Another finding is that the persistence of single-regime BEKK is larger than that of the second-regime
of MRS-BEKK, which indicates the shock will be less persistent in a responsive regime.

The estimate of the constant Markov transition probability matrix is presented in Table 2.4. The
result shows the value of staying probabilities p1; and p22 (values in the diagonal position) is larger than
the switching probabilities p12 and po; (values in the off-diagonal), which means that the regimes are
persistent. Another finding is that p;; > p2o. Since the unconditional probability of being in regime,
1 pi(s1) is (1 — p22)/(2 — p11 — p22) = 0.619, we can conclude that regime 1 is more likely than
regime 2. We define two sources of volatility persistence in regime-switching model. One source is the
within-regime persistence which is indicated by the parameters in BEKK equation. The other source is
the persistence of regimes. The estimates of the BEKK coefficient reported in Table 2.4 indicate that the

variance is persistent in each regime.
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Table 2.3: Estimation of coefficient
Coefficients . .
in different model Regime 1 Regime 2
MRS-BEKK

all 0.294(.066) 0.815(.002)
a2 -0.028(0.013) 0.031(0.005)
as1 0.07(0.021) 0.082(0.006)
a99 0.139(0.093) 0.772(.056)
b11 0.908(.043) 0.109(.007)
bio 0.018(0.006) 0.08(0.022)
bo1 -0.024(0.012)  -0.108(0.039)
bao 0.974(.028) 0.407(.232)
m 0.911 0.676
72 0.9968 0.761
Loglike -4027

BEKK
a1 0.488(.031) -
a2 -0.018(0.005) -
as1 0.088(0.009) -
ao9 0.33(.022) -
b1 0.802(.03) -
bio 0.034(0.005) -
bo1 -0.046(0.009) -
bao 0.929(.022) -
m 0.882 -
2 0.971 -
Loglike -4041

Standard errors in parentheses. “logLik” denotes the log-
likelihood value. 11,712 denotes the “persistence” of the
model. The estimated models belong to the model de-
scribed by equations (2.9), @.upn,bmy are element in mth
row and nth column in A and B.

Table 2.4: Markov Transition Probability

Regime ‘ St41 =1 St41 =2
s =1 0.95(0.024)  0.05
S¢ =2 0.081 0.919(0.031)
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2.6 Likelihood Ratio (LR) Test

In this section, we focus on the likelihood ratio test of the null of a single-regime model against a
Markov regime-switching model. There are two problems that make testing the stability of coefficients
particularly challenging. The first is known as the problem of nuisance parameters (the transition prob-
abilities p;;) that are unidentified under the null hypothesis, so that the asymptotic distribution of the
likelihood ratio is not the usual x2-distribution (see Hansen et al., 1996). The second problem is that the
information matrix is singular under the null hypothesis. This is due to the fact that underlying regimes
are not observable.

A few papers propose tests for the Markov regime-switching models. Garcia (1998) studied the
asymptotic distribution of a sup-type likelihood ratio test. Hansen(1992) treated the likelihood as an
empirical process indexed by all the parameters (those identified and those unidentified under the null).
His test relied on taking the supremum of LR over the nuisance parameters. Carrasco, Hu, and Ploberger
(2014) proposed a likelihood test using parametric bootstrap which derives the null distribution of the
test and a bootstrap method to compute its p-values. We use a similar strategy to derive the null distri-
bution of LR test to approximate the « critical values c, and the p-value of the estimated LR value. The
procedure is described in algorithm (4).

Suppose our model has log-likelihood i7(6,v) = Zthl 14(0,~y) with parameter vectors 6 and ~y

where 6 is fully identified, but ~ is not identified under Hy. The hypothesis takes the form

Hy: The true model of the volatility process is the single-regime BEKK model

vs. Hi: The true model of the volatility process is the two-regime BEKK model

Define the log-likelihood ratio (LR) function:

LRT(G) = 2% (lT(Gl) — ZT(00)> (2-27)

where 6 is the value of  under Hy while 6, is the value of # under H;. Letting the number of simu-

lated samples S — oo will force the empirical critical values to converge to the critical values for the
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1 Using the observed data, estimate 6 by 0o and 01, the maximum likelihood estimator under Hy
and H;. Compute the test statistic L.
2 Given 0, generate S independent samples y7, ..., y7._; 5 g under Hy.

3 Using each simulated sample y7, ..., y7, estimate ¢ by ég and éf the MLE under both hypothesis
and compute LR®, s =1,2,..., 5.

4 Define c, ¢ as the empirical critical values using LR®, s = 1,2, ..., S, which is the (1 — «)
quantile of LR®. Moreover, the bootstrap p-value is given by % Zle 1(LR* > LR), which

1(-) is the indicator function.
Algorithm 4: The Parametric Bootstrap procedure for the LR test

distribution of the test statistic under Hy. By performing the algorithm (4) with S = 100, we obtained
LR = 28.967 and the pvalue = 0.02, which means the null hypothesis is rejected at significance level

above 2%.

2.6.1 Result of Regime Inference

Figure 2.4 shows the estimates of the probability of the variance process being in regime 2. We can see
that the smooth regime (regime 1) dominates the process, which implies the volatility of the asset price is
smooth most of the time. The second finding is that the process does not stay too long in the responsive
regime but quickly switches back to the smooth regime. The regimes appear to switch frequently and
randomly. By comparing this figure with the graph of realized volatility and daily return, we could
determine that the volatility process is likely to stay in the responsive regime in early 2008 before the
financial crisis hits the market, which means the stock market was very sensitive in that period. Then, a
few major shocks hit the market, and the regime appears to switch back to a smooth regime for a short
time. The persistently high level of volatility at that time may be the reason for this. However, the smooth
regime does not last for long before switching back to the responsive regime, which indicates that the
market was still not stable due to the aftershock. We also check the mean of the covariance matrix of
each regime and find that the elements of the covariance matrix are larger in the responsive regime. This
fact implies that the stock market is more volatile in the responsive regime, or the market experiences
great shocks when in a responsive regime and then switches back to a smooth regime after the shock.

Therefore, the scenario is that the market starts in a responsive regime and a shock hits the market,
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inducing a volatile period; the market switches to the smooth regime, keeping a weakened volatility for

a period before it switches back to the responsive regime again until the next shock.
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Figure 2.4: Probability of staying in responsive regime (regime 2)
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2.6.2 Estimation Result of Measurement Equation

Following the structure of the measurement equations, each realized variance (covariance) is the func-
tion of the corresponding conditional variance (covariance) and the conditional covariance of the pairs
of all the other assets. We wish to emphasize one empirical observation that concerns the difference
between open-to-close returns and close-to-close returns. With open-to-close returns our estimates of

the coefficient matrix of I" in (2.12) for the MRS-BEKK models are reported in (2.28)

1.054(0.04)  —0.103(0.103)  0.096(0.05)

=
Il

—0.0081(0.014)  1.082(0.033)  0.048(0.017) (2.28)
0.1(0.04)  —0.053(0.102) 1.057(0.05)

where the numbers in parentheses are standard errors. Note that the empirical estimates of elements in
the diagonal position are consistent with the belief that the realized kernel is roughly an unbiased mea-
surement of (open-to-close) H;. With close-to-close returns, we obtain the estimates of the coefficient

matrix of I' (2.12) for the MRS-BEKK(1,1) models in (2.29):

0.975(0.035) 0.0737(0.087) 0.206(0.04)
I'=| 0.007(0.012) 0.837(0.03) 0.05(0.014) (2.29)
0.237(0.034)  0.138(0.084)  0.84(0.039)

It is not surprising that the estimate of elements in the diagonal position is less than one in this case since
realized measure only covers partial period (open-to-close) of the close-to-close daily return. The point
estimate suggests that the volatility during the open period amounts to about 84% of the daily volatility
for Microsoft. However, this effect is not as obvious for IBM; one possible reason is that the overnight
effect is not significant for IBM.

Similar to Chapter 1, to check the fit of the measurement equation we focus on the test of auto-
correlation of the residuals. If there are autocorrelated residuals, we may need to add lags of dependent
variables. The Lagrange multiplier (LM) test for autocorrelation developed by Breusch (1978) and God-

frey (1978) has become a standard tool in applied econometrics. It is often applied to the residuals of a
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multivariate regression such VAR or SUR of time series model. A vectorized version of the LM test is
proposed Doornik (1996) by testing the significance of lagged residuals ;_j (obtained under the null

hypothesis) in the auxiliary regression:

up=d+T hy +brtas_1 + ... + bptiy—_p, + v¢ (2.30)

v N0, 2,)

We wish to test the significance of lagged residuals, so the null hypothesis is
Hy:by=..=b,=0. (2.31)

which implies no autocorrelation of residuals for lag one through lag h. The test statistic is constructed

as:

LM = TnR2, (2.32)

with an asymptotic X}QmQ under null. n is the dimension of the system, A is the number added lagged
regressors in the each auxiliary regression and 7T is the sample size. R2, is a R?-type measures of
goodness of fit:

R2, =1 — (1/n)tr(o0")(ad) (2.33)

m

where v and u are K (K +1)/2-by-T matrix of residuals from the auxiliary regressions and measurement
equations. We only test the lag up to 10, which is enough for the stock data. The LM value for the
measurement equation with 1 regime and 2 regime switching models are 0.754 and 0.993, and the p-

value are 0.999 and 0.521, from which we can’t reject the null hypothesis.
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2.7 Volatility Impulse Response Functions

We use Volatility Impulse Response Functions (VIRF) to check the persistence of different regimes
of the MRS-BEKK model. Since they were introduced by Sims (1980), Impulse Response Functions
have been used in VAR models to analyze the response of a variable to a shock. Every BEKK model
possesses a unique equivalent vec specification (see Engle and Kroner, 1995); we investigate the VIRF

for our MRS-BEKK model by transforming it to vec form. Still considering the BEKK(1,1) case,
vech(H;) = ¢+ B*vech(Hi—1) + A*vech(Htl_/iet_le'tflﬂtlﬁ) (2.34)
with B* and A* as function of A and B. Denote the unconditional covariance matrix H, and
vech(H) = (I — A* — B*)"le (2.35)

At time t=0 some independent news is reflected by €g. Assuming the independence of the compo-
nents of €;, one may assume a shock in one component and set all the other components to zero. The
volatility state at time ¢ = 0 is assumed to be the steady state Hy = H. The conditional covariance
matrix H; is a function of the innovations €1, ..., €;_1, the initial shock €y, and Hy. VIRF is defined as

the expectation of volatility conditional on an initial shock and volatility, i.e.
Vi(eo) = vech(H|eg, Hy = H). (2.36)

In (2.36),V; (o) is a K (K + 2)/2 dimensional vector, where K is the number of assets. For our case,
K = 2, then the first and third elements of V;(ep) represent the VIRF of the conditional variances of
the first and second assets, respectively, and the second element of V;(¢p) is the VIRF of the conditional

covariance. Starting at ¢ = 1, it can be seen that

Vi(eo) = ¢+ B*vech(Hyp) + A*vech(Hé/zet_legHé/z), (2.37)
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and fort > 2,

Vi(eo) = ¢+ (A* + B*)Vi_1(eo). (2.38)

This recursive formula can be efficiently used in algorithms. Assuming a shock in ¢y and reducing the

volatility profile relative to a baseline where ¢ is set to its expectation zero.

V/(e0) = Elvech(Hy)leo = (81,02)] — E[vech(Hy)|eo = (0,0)] (2.39)

We will choose one of element in (d1,d2) to be zero and the other to be positive and see how the
component of H; is affected by them. Note that lim;_,~ V;(€p) = 0, and we can use a graph to detect

how persistent our model is within different regimes.
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Figure 2.5: The impact of one standard deviation innovation of IBM.

In Figure 2.5, we generate one standard deviation innovation of IBM and see how it affects the IBM,
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the INTC, and their covariance. The upper row shows the VIRF in the smooth regime, and the lower
row shows the VIRF in the responsive regime. It is obvious that, in the smooth regime, the volatilities
are persistent to the shock, which lasts for nearly one month for IBM itself and hardly affects INTC.
However, in the responsive regime, the volatilities have a much larger response to the shock, but lower
persistence. These results are consistent with the analysis of the dynamic parameters of the MRS-BEKK

model.

2.8 Model Predictive Ability Evaluation

McCracken (2007) shows that the pseudo-out-of-sample procedure produces costly power reduction
relative to the full-sample statistic while simultaneously producing no offsetting benefits. Nevertheless,
We find the prediction has importance in the financial world. The goal of this section is to evaluate the
out-of-sample performance of MRS-BEKK compared with the single-regime BEKK. We consider the t
statistic or equal predictive ability developed by Diebold and Mariano (1995) and the F statistic proposed

by McCracken (2007). Let the loss function Ly s(H} L H, i

Is| ;) denote the loss at time ¢ resulting from

the s-step forecast using model i, where H}, , denotes the true (latent) covariance matrix and Hz?+s| '
is the model i’s s-step forecast conditional on the information set at time ¢. Since the latent covariance

H} | 1s unobservable, we will use the realized kernel as the proxy such that ﬁﬂr s = Xt1s. We use the

Mean Squared error (MSE) loss function in our analysis:

N
Lt,S(HE+sv HZ-s-s\t) =1/N? Z (h(m,n)g+s - h(mn)f&+s|t)2 (2.40)

mn=1

%

trst is the element in mth row and nth column in prediction covariance matrix H’

where h(mn) t+s|t’

similar definition goes with /(m, n)? - The index 7 € (1, 2) represents the models in the comparison.
The MSE-type loss function consistently ranks the volatility models as it is robust to noise in the proxy
covariance X;1 (see Patton and Sheppard, 2009; Laurent, Rombouts, and Violante, 2013). The total
sample size T = Tjy, + 15, 1s divided into in-sample and out-of-sample portion. The in-sample obser-

vations span from 1 to 73,. The out-of-sample observations span from T3, 4+ 1 through 7' — s, so the
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out-of-sample size is Ty, — s. In our case, the estimation window (in-sample) part runs from January

4th, 2006, to April 29th, 2011, with T3, = 1340, and the out-of-sample spans from May 2, 2011, to

April 7, 2012 with T,,; = 230. Given the loss function, we calculate the loss difference as:

70 BEKK 70 MRS—BEKK
Dt,s = Lt,S(Ht—i-s? Ht ) - Lt,S(Ht—i—s? H

+slt t+slt

tZTime"‘lw--aT—S

We construct the following test hypothesis:

Hy: E(Dy) =0

vs Hy:E(Ds) >0

Diebold and Mariano (1995) suggest a test of the form using t-statistic:

D
Tloss = (Tout — s+ 1)1/2 Al/SQa
S
d
with mean loss differential
1 T—s+1
Dym— D
S (Tout — s+ 1) Z t,s

t=Tin

(2.41)

(2.42)

(2.43)

(2.44)

where S, has been defined in Chapter 1, denotes a consistent estimate of the asymptotic variance of

the mean loss differential Dy. In the nested context, the null hypothesis means the extra regime does

not have predictive power, which shows that the single-regime BEKK model is the true model. The

significant positive value of D, means the MRS-BEKK model has better predictive ability. As a result,

we consider the one sided alternative. Note that Diebold and Mariano’s (1995) statistics are probably not

valid in the nested model framework. While West (1996) proves directly that the t statistic in the test we

just described can be asymptotically standard normal when applied to nonnested forecasts, this is not the

case when the models are nested. In particular, the results of West (1996) require that under the null, the

population-level long-run variance of D; , is positive. This requirement is violated with nested models.
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Intuitively, with nested models, the null hypothesis that the restrictions imposed in the benchmark model
are true implies that the population errors of the competing forecasting models are exactly the same. As
aresult, in population, the loss difference is D; ¢ = 0 for all ¢, which makes the corresponding variance
also equal to 0. Because D; ; and its variance converge to zero at the same rate, the test statistics have
nondegenerate null distributions, but asymptotic normal distribution does not hold. Motivated by (i) the
degeneracy of the long-run variance of D, and (ii) the functional form of the standard in-sample F-test,

McCracken (2007) developed an out-of-sample F-type test of equal predictive power, expressed by

Lppxkk — LMRS-BEKK (

D
Tout — 8 + 1) —————— (2.45)
Ly rRS—BEKK

Eoss = (Tout -5+ 1) LMRS BEKK

where
T—s+1
Lpgpkk = Z Lio(HY, , HBEEE)
P
(Tout —s+1) 4= e st
T—s+1
7 MRS—BEKK
LyRrs-BEKK = Tom =551 Z Ly s Ht+saHt+s|t )
out =T}

Clark and McCracken (2001) and McCracken (2007) show that, for one-step-ahead forecasts from well-
specified nested models, the F-statistics converge in the distribution to functions of stochastic integrals
of quadratics of Brownian motion with limiting distributions that depend on the sample split parameter
7 = Tout /Ty and the number of exclusion restrictions &, but not on any unknown nuisance parameters.
The critical values of t-test for 7 = 0.2,k = 6 are 1.639 for 1% significance level, 0.998 for 5%
significance level and 0.642 for 10% significance level; The critical values of F-test for 7 = 0.2,k = 6
are 3.846 for 1% significance level, 2.124 for 5% significance level and 1.313 for 10% significance level.

Another fact is that the F-test provide more significant values than t-test, which is in line with Clark
and McCracken’s (2005) claim that the F-type test is often more powerful than the t-type counterparts
test in such a nested scenario. He also suggests using the F-test instead of the t-test because the latter is
often conservative. We decide to conduct both t-test and F-test for an equal predictive ability test. The

asymptotic null distributions of these statistics are non-standard. We use the critical values provided by

71



McCracken (2007) with the Monte Carlo method. Note that these critical values are not robust to the
nuisance parameter problem, so we decide to leave them for reference, since, to our knowledge, there
is no published research that solves this problem in out-of-sample. We estimate the model using an
expanding window starting from 1342 observations and then use the parameter estimates to obtain fore-
casts of H; at horizons s = 1,2, 3, ..., 22 days. Since the estimation of MRS-BEKK takes quite a long
time, the parameters are updated recursively every 5 days instead of every day, so the expanding window
will grow by 5. The size of the out-of-sample is 230, in each day we predict the conditional covariance
matrix for the step of 1 to 22. We report test statistics to test the equality of predictive ability in Table
2.5. The results of the F-statistic show that the difference of the value of loss function are statistically
significantly positive at the 10% significance level at horizons ¢ = 12, 21, statistically significantly pos-
itive at the 5% significance level at horizons s = 4,22 and positive at 1% significance level at horizons
s = b,...,11. The t-statistics show that the difference of the value of loss function are statistically sig-
nificantly positive at the 10% significance level at horizons s = 4, 21, statistically significantly positive
at the 5% significance level at horizons s = 5,6,7,8,11,22 and statistically significantly positive at
the 1% significance level at horizons s = 9, 10. Therefore, we conclude that the MRS-BEKK model
outperforms the single-regime BEKK model with just one regime. The effect of the performance keeps
from horizons 4 to 11 but goes weaker as the prediction horizon grows. This result means the Markov
regime-switching mechanism plays a very important role in improving forecasting volatility. The reason
for the good forecasting performance of MRS-BEKK compared with the single-regime BEKK is that
the regular realized BEKK, which only assumes one regime drifts in a certain direction when there is a
random change in a real-world situation as time passes. This also explains why the MRS-BEKK model
needs several days to outperform the model with one regime; the later model needs several days to drift
away from the true state. In other words, the regime switching grasps the essence of randomness of
reality by simulating a parallel world with different volatility dynamics and forms an expectation from

them in constructing the predicted conditional covariance.
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Table 2.5: Statistical Test of Predictive Ability

Prediction steps F statistics T statistics
1 1.248 0.582
2 1.12 0.38
3 0.505 0.177
4 2.940%* 0.894%*
5 4.573%%* 1.223%*
6 6.051%** 1.417%%*
7 6.841%** 1.52%*
8 5.254%%* 1.446%%*
9 5.341%%* 1.9071%#%%*
10 4.670%** 1.707%**
11 4.149%*%* 1.43%%*
12 2.022%* 0.65%*
13 1.209 0.427
14 -0.331 -0.114
15 -0.25 -0.084
16 -0.41 0.142
17 -0.129 -0.046
18 -0.49 -0.174
19 -0.322 -0.118
20 0.112 0.043
21 2.048* 0.860%*
22 3.121%* 1.464%*

A positive value means the model using regmie switching
has better predictive ability. ** means significant at 95%, ***
means significant at 99%.
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2.9 Conclusion

This chapter introduced the realized MRS-BEKK model for vectors of daily returns and correspond-
ing realized measures. This model has more flexibility regarding volatility persistence; that is, not all
shocks have to be highly persistent. The model generalizes the BEKK model by using two regimes with
different dynamic specifications to describe the variance within the regimes. Its specification combines
the attractive feature of Hansen, Huang, and Shek’s (2012) realized GARCH and Klaassen’s (2002)
Markov regime-switching GARCH, such as the recursiveness of the likelihood function, resolved path
dependence problem, and the more accurate realized measure of volatility. We also apply Noureldin,
Shephard, and Sheppard’s (2014) rotated techniques to ease the burden of estimation in multivariate
models due to the large number of parameters. Kim’s (1994) smoothed algorithm is used for the in-
ference of the probability of regimes. Our model is easy to use for estimation and multi-period-ahead
volatility forecasting for multivariate cases.

In the empirical part of the paper we estimate the model using approximately seven years of daily
data on two U.S. stock returns (IBM and INTC). A comparison of our regime switching model with the
single-regime BEKK model shows that our model has a better performance in and out-of-sample. The
interchange of the probability of regimes seems in line with the pattern of volatility disturbance.

One drawback of our model is we cannot model the different levels of unconditional volatility in
different regimes due to the rotation trick used in the model. We leave the solution of this problem for
future research. Another possible extension in future work includes building Markov regime-switching
models with time-varying Markov transition probabilities. Identification of the number of regimes in the

Markov chain is also a promising research direction.
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Chapter 3

Realized Markov Regime-Switching
GARCH with time-varying transition

probability

3.1 Introduction

Markov regime-switching models have been widely used in economics and finance. Good examples are
changes in fiscal or monetary policies and exchange rate regime. In terms of econometrics, analyzing
regime switching is difficult because econometricians rarely (directly) observe such a process, but must
infer them from data. Since the seminal paper by Hamilton (1989), Markov regime-switching models
have been adopted in numerous applications and extensions, see Hamilton (2010) for a survey. The
key attractive feature of Markov regime-switching models is that the conditional distribution of a time
series depends on an underlying latent regime, which can take only a finite number of values. The usual
assumption is that the regime evolves over time as a discrete Markov chain, in which a regime at time ¢
only depends on the regime at time ¢ — 1. We can summarize the statistical properties with a transition
probability matrix.

Although Hamilton’s (1989) fixed transition probability Markov regime-switching model (we call
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it FTP model for brevity) has yielded great success, an extension of the FTP model has led to many
interesting studies because of its intuitive appeal. The extension allows transition probabilities to vary
over time as a function of exogenous or pre-determined variables (e.g., economic indicators). We call
it the time-varying transition probability Markov regime-switching model (TVTP model). Examples
of this extension appear in many fields. Researchers have used TVTP model to study business cycle
fluctuations (Filardo, 1994), interest rate dynamics (Gray, 1996), bubbles and asset pricing (Schaller and
Norden, 1997) and exchange rates (Diebold, Lee, and Weinbach, 1994; Engel and Hakkio, 1994). The

Hamilton filter can easily be generalized to handle such cases of the time-varying transition probability.

3.2 The Framework

In this chapter, we generalize the model in Chapter 2 to allow the transition probability to vary over
time using observable variables. Compared to the FTP model there are more parameters involved in the
TVTP model. Therefore we limit our focus to the univariate case.

Following the realized Markov regime-switching GARCH model in Chapter 2, let p; be the price of
a financial asset at the end of day ¢, then define r; = log(p¢) —log(p¢—1) as the daily return. We are using
the univariate realized kernel x; as the measure of volatility, which was proposed by Barndorff-Nielsen,
Hansen, Lunde, and Shephard (2008). This realized measure has the form introduced in (1.4). Let
st € Z be the unobserved regime at time t, which represents different regime of volatility dynamics. As
in the last chapter, the time subscription ¢ of expectation operators E; and probability p; means the argu-
ments are conditional on some information sets, e.g., Ey(z) = E(z|F;), pi(x) = p(x|F;), where F; rep-
resents the observable information set till period ¢. Therefore, we use p;—1(s¢|Si—1) = p(s¢|Fi—1, St—1)
to denote the ex-ante probability of a series going to regime s; at a specific time ¢ conditional on the
information set of the data-generating process, which consists of two parts. The first part, F;_1, denotes
the information that can be observed, which is (r¢_1,74_2,---) in our case. The second part, §;_1, is
the regime path (s;_1, $¢—2,--- ), which is not observed. The dynamic of the conditional variance of
the return, hg, ; = varq_1(r¢|S;), is our research interest, where the subscript ¢ of » means the condi-

tional variance predicted for time ¢ based on the information set at ¢ — 1 and the regime path. Without
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loss of generality, we assume that s; follows a two-regime first-order Markov process with transition

probabilities defined as:

Pij = pe(st = jlse—1 = 1) (3.1)
Pti1 + Priz = 1

for ¢,7=1,2.

Equation (3.1) represents the probability of switching from regime ¢ at time ¢ — 1 to regime j at t. The

model can be easily generated to more than two regimes.

3.2.1 Markov Transition Probability

Table 3.1: Markov Transition Probability

Regime ‘ st =1 St =2
sp-1 =1 Dt,11 I—pena
Sp—1 =2 I —peo2 Dt,22

We illustrate the transition matrix with these probabilities in Table 3.1 with N = 2 different regimes,
it is a 2 by 2 matrix. Compared with the setting in Chapter 2, we drop the constant restriction upon the
transition probabilities to let them be time-varying. To guarantee the probability p, € [0, 1], we model
it with the logistic function of 2z;_1/(;,© = 1, 2, where the conditioning vector z;_1 contains economic
variables that affect the regime transition probabilities and (; is a vector of parameters. Intuitively,
the volatility of the stock return is the main reason that drives the market to switch between different
regimes. Hence, we choose the realized kernel x; as the variable to affect the transition probabilities. In
this way, the dynamics of the regime can be determined endogenously. We also notice that the negative
returns have a larger impact on the conditional volatility than positive returns (see Engle and Ng, 1993;

Ding, Granger, and Engle, 1993). The GJR GARCH model (Glosten, Jagannathan, and Runkle, 1993)
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introduces a dummy variable to carry the asymmetric effect of return in the dynamic process of volatil-
ity. They allow the parameter before the innovation of return in GARCH model to change to a different
level whenever the daily return is negative. In our Markov regime-switching setting, we introduce the
asymmetric effect of return into the transition probabilities by adding a dummy variable into the lo-
gistic regression. As a result, the leverage effect play a role in the Markov regime-switching process.

Specifically, the transition probabilities are functions of the realized volatility of stock return as follows:

exp(wi + B1xi—1 + a1xi—1Dy—1)

Di11 = (3.2)
! 1+ exp(wi + frxi—1 + a124—1Dy—1))
P exp(wz + foxi—1 + o1 D7)
¢ o9 =
’ 1 + exp(wa + foxi—1 + asxi—1Di—1)
1ifr, <1
D; =

0, otherwise

It is worth noting that when the a; and a9 are set to zero, then the model is TVTP model. If 3y,
a1 and B9, o are set to zero, the transition probability functions are time-invariant so the TVTP model
degenerates into the FTP model with p; 11 and p; 22 simply constants. If no restrictions are applied to the
parameters, we call it time-varying transition probability Markov regime-switching model with negative

return effect (TVTP-N model). We will estimate the three nested models in the empirical section later.

3.2.2 Realized Markov Regime-switching GARCH Model

In this section, we introduce our Realized Markov regime-switching GARCH model (MRS-GARCH
model). As discussed in the introduction of Chapter 2, the MRS-GARCH model is intractable due to
the regime-dependent structure and unobserved discrete regimes unless the sample size 1" is uselessly
small. Several approaches have been applied to tackle this problem. The one we are using is Gray’s
(1996) collapsing method. Under the full regime path-dependent specification, the conditional variance

of return r; is defined as h 5, = vary_;(r¢|5;) which follows a GARCH(1,1) process (the following
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specification can be generalized to GARCH(P,Q) straightforwardly),
ht,gt =c+ bst_1 htfl,gt_1 + ast_l Tt—1, (33)

where c is the intercept independent of regime, b,, 1 is the smoothing parameter, which represents how
smooth the variance process is, and as,—1 is the innovation parameter which represents the responsive-
ness of volatility dynamic to shocks. The subscript s; means the variable is conditional on all the regime
along the historical path. Since hz,_1+—1 depends on the whole regime path, this model becomes in-
tractable due to the number of paths grows at an exponential rate. Therefore, we specify a different
dynamic for the conditional variance that does not have this path dependence. As a result, we switch
subscript sy to s; to indicate the variable is solely conditional on current regime. Therefore, the return r;
is assumed to follow

1/2
t,s¢

re = hy's 2, (3.4)

2 ~(0,1),
where h; 5, follows a MRS-GARCH(1,1) process:
his, = ¢+ bs,_y Ey_1[hi—1,5,_1|5t) + s,y To—1. (3.5)

The expected value is calculated as:
2
Brallias alsd = ) pea(sials)he s, (3.6)

si—1=1

where the probability is calculated as

_1(s¢—1, s
pt—l(st—1|5t) — w (3.7)
pi-1(st)
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The term in the nominator is a product of the transition probabilities and filtered probabilities, and the
denominator is the ex-ante probability. We have calculated the filtered probability and ex-ante probabil-
ity recursively in Chapter 2, and the transition probability can be calculated by the logistic function in

our model, i.e. equation (3.2).

3.3 Estimation and Inference

3.3.1 Estimation for GARCH Equation

In this section we discuss the asymptotic properties of the quasi-maximum likelihood estimator within
the MRS-GARCH(1,1) model given by (3.4) and (3.5). The estimation is similar to that in Chapter 2
for the Markov regime-switching model with constant transition probabilities. In addition, we include
the parameters w;, a;, and 5; (¢ = 1,2) in modeling the time-varying transition probabilities beside
the regime-dependent GARCH parameters. We follow the recursive estimation process introduced in
Chapter 2. The Realized MRS-GARCH model defined by (3.5) and (3.2) is parameterized with a finite-
dimensional (§ x 1) parameter vector § € © C R?. Therefore, we write parameters as 6 = (¢/}, 6")’ with
dynamic parameters 6; = [c, b1, ba, a1, a2, w1, B1, a1, ws, P2, as] denote the coefficients in GARCH
model and logistic regression for transition probabilities. The static parameters 6 = (h, Z)" denote the
unconditional expectation of the variance and the realized kernel, which can be estimated by sample

averages. Specifically, the static parameters are estimated by a moment estimator:

T
h=T">"r},  2=T"') z. (3.8)
t=1

These moment estimators are used in the variance targeting introduced later in section 3.3.3. Letting

L4(0) be the likelihood of observation t and l7(#) be the joint log-likelihood function, gives

T 2

T
. . 1
ls, 7(04;05) = E log Li(04; 0s|s¢) = E [constant — i(log h?ysi + h:t ) (3.9)
t=1 t=1 St
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According to (3.4), the distribution of r; is not assumed normal. Equation (3.9) is the quasi-likelihood
function and the estimation is performed by QML, which provides consistent estimates regardless of
the true distribution of z; (see Bollerslev and Wooldridge, 1992). We assume the initial value of h; 4,
in first period is known and nonnegative. For our path-independent model, we maximize the sum of
log-likelihood function with expectation in each period with respect to the distribution of the regime.

Let

l (Hd, ZlogE L; 9,1,9 Ist)) Zlog Z L; Qd,H |st)pe—1(st) (3.10)
t=1 se=1

where the ex-ante probability p;_1(s;) is defined as

pr-1(st) = Z Pr—1(5t-1) - Pt—1(8t[St-1) (3.11)
sp_a=1

where the latter term is the transition probability defined in (3.2). The QML estimator is éd, where
0y = argmaxg geolr(84; és). The asymptotic theory for QML estimation of the GARCH model is
discussed by Comte and Lieberman (2003) and Hafner and Preminger (2009). For the closely related
variance-targeting GARCH model, Pedersen and Rahbek (2014) prove its consistency and asymptotic

normality.
Since we use two-step QML estimation, if the usual assumptions for the validity of QML estimator

are satisfied, the estimates are consistent and their asymptotic distribution is:
S
VT |- — N(0,V)

with
Gyl —Gy'Go, M~ ] L [Olr Ol ] [ Gyt Gy G, M
0 M1 00 90 0 M1
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where

. 89(95,0d) . o 69(987961) X o 8m(9d)
Go. = | 550 s = | or, M T

9(0s,04) = [W} sm(0a) = [W]

The proof is in Newey and McFadden (1994).

3.3.2 Measurement Equation in Forecasting

As in the previous chapters, we use a logarithm form for the measurement equation to update the realized

kernel x; when doing multi-step ahead forecasting. The univariate measurement equation is defined as:

logzy = d + 7 log(h) + e (3.12)

w FN(0, 00)
where
N
hy = Et—l(ht,st) = Z pt—l(st)ht,st (3.13)
st=1

where h; s, are computed in the MRS-GARCH equation and the forecasting step runs in a recursive

manner.

3.3.3 Variance Targeting

We use variance targeting to estimate the static coefficients in the MRS-GARCH equation as described
in the previous chapters. Variance targeting allows for two-step estimation with a first step consisting in
estimating parameters representing unconditional moments with empirical moments and a second step
of QML estimation which requires less computing resources. Two-step estimation is useful as it reduces

the number of parameters needed to estimate in the second step. Following the notations in (3.8) the
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variance targeting is demonstrated in the following equation:

hts, = (h — bs,h — a5, @) + bs, Er—1(ht—1, ,|5t) + as, Tt—1 (3.14)

assuming (h — bs,h — as,T) is nonnegative.

3.4 Empirical Illustration

So far, we have generalized FTP model to TVTP and TVTP-N models to obtain more flexibility in
modeling volatility dynamics. In this section we estimate all the models and examine whether this

generalization pays off empirically in terms of improving model fitting and volatility forecasts.

3.4.1 Data Description

The model is applied to the high-frequency price records for stock with sticker name IBM, one of the
most liquid stocks from the technology sector. The sampling period is from January 3rd, 2006, to April
30th, 2012, and the source of data is the TAQ database. We compute daily returns and the noise-robust
realized kernel z; from EST 9:30-16:00, which are the weekday hours of the stock market. To eliminate
the overnight effect, the prices recorded during the 15 minutes at the beginning and end of opening hours

are excluded.

3.4.2 Estimation Result

This subsection presents the estimation results for three models: the FTP model, the TVTP model and
the TVTP-N model. Table 3.2 presents the QML estimation results. As expected, the TVTP model
provides a better fit than the FTP model. The gain in the log-likelihood value is 6.

From the estimates of FTP, it is obvious that the process is split into two distinct regimes. In the
first regime, b; is much larger than ap; in the other regime, by is smaller than as. The parameters a;
and by show are not statistically significant at the usual significance levels. We call regime 1 the smooth

regime, while regime 2 is the responsive regime. The transition probability estimates (0.843, 0.874) in
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the FTP model are fairly large which shows that the regime does not switch frequently.
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Figure 3.1: The filtered probabilities of FTP (upper panel) and TVTP (lower panel) in the responsive regime (regime 2).
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In the TVTP model, we obtain a similar classification of regime with respect to the estimate of
dynamic parameters b and a. However, the parameters in the responsive regime (b2 and ay) are not as
extreme as the counterpart in the FTP model, and they are both significant at the 1% significance level.
We compare the filtered probability of staying in the responsive regime (regime 2) in Figure 3.1. From
the graph, we can tell that the occurring of transition of regime in FTP model is more evenly distributed
than the one in the TVTP model. For the TVTP model, during the financial crisis in 08-09, the transition
between regimes of volatility process is much more frequent than other periods due to the time varying
transition probabilities affected by the surging volatility.

The estimates of the parameters in the logistic regression (wj, 5;, ;) for the TVTP and TVTP-N
model reveal how the volatility affects Markov transition probabilities. Both slopes 1 and (3 are neg-
ative, which indicates that the larger volatility leads to larger probability regime switching regardless
of the regime as illustrated in Figure 3.1. Furthermore, a;; and «g in the TVTP-N model are both neg-
ative, which indicates that negative returns make the regimes even less persistent. The difference of
log-likelihood between FTP and TVTP is 5.7. The value for the LR test is defined as twice the differ-
ence LRy = 2x(Lpyrp— L) = 11.4, and the p-value is 0.002 based on a chi-square distribution with
2 degree of freedom. Therefore, the null hypothesis is rejected at the 1% significance level. However,
there is no significant difference (p = 0.511) of log-likelihood between TVTP and TVTP-N model to
conclude that negative return effect play any important rule in modeling transition probabilities. Since
the TVTP-N model has no improvement in likelihood compared with the TVTP model and the estimates
of o is not significant, we decide to keep the analysis of TVTP-N as only an illustration and will not
consider it in the forecast evaluation below.

The measurement equation (3.12) is a static time series model. To see how the model fits, we want
to check if there is any autocorrelation of the residuals of the OLS estimation. The Lagrange multiplier
(LM) test for autocorrelation developed by Breusch (1978) and Godfrey (1978) is a standard tool in

applied econometrics due to its simplicity and flexibility. The test is performed through an auxiliary
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Table 3.2: Estimation of GARCH Coefficient

Parameters in

GARCH model FTP TVTP TVTP-N
by 0.990%(0.345) 0.943%(0.08) 0.952%(0.028)
ar 0.010(0.017) 0.010(0.057) 0.010(0.04)
by 0.010(0.041) 0.376%(0.112) 0.378%(0.114)
as 0.980%(0.189) 0.621%(0.109) 0.619%(0.111)
Wy 0.841%(0.071) 8.101%(1.97) 9.887%(6.876)
B 0.73%(0.069) 2.787%(0.721) -3.208%*(1.896)
o - - -0.828(1.813)
ws - 7.373%(2.224) 8.151%(4.75)
By _ “1.647%(0.785) _1.663%(1.158)
as - - -0.444(0.586)
Log-likelihood 2933.1 2928.4 2927.7

Parameter estimates of three different GARCH models: FTP (fixed transition proba-
bilities); TVTP (time varying probabilities driven by realized kernel); TVTP-N (time
varying probabilities driven by realized kernel with a leverage effect). Values in paren-
theses are the standard errors.
x-estimates are statistically significant at the 5% level.

regression of the residuals #; on their [ lags ¢;_; and original regressors:

U = p+ polog(hy) + priy—1 + ... + priie—; + ey, (3.15)

where p is the intercept and the error term e; is a zero mean normal process. Then the significance
of all regressors is tested. We can drop the original independent variable log(h;) if we have orthog-
onal assumption in (3.12), which is valid according to the our empirical result. The test statistic is
computed as TR?, where T is the sample size, and R? is the usual r-square of auxiliary regression
(3.15). This statistic has an asymptotic X12 distribution under the null of no serial correlation when [
lagged residuals are used. This is usually called the Breusch-Godfrey test for AR(1) serial correlation.
There is strong evidence of AR(2) in the error u; for the FTP model. The significant estimates, stan-
dard errors, between parameters, in (3.15) are p; = 0.052(0.025), p2 = 0.078(0.025) with sample

size T — 2 = 1590 and R? = 0.01. As a result the LM statistic for testing (3.15) is 14.6 which re-
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ject the null at 1% significance level. For the TVTP model, there is only one significant estimate in
(3.15), p1 = 0.186(0.025) with sample size 1591 and R? = 0.03. The LM statistic for testing is 52.9
which reject the null at 1% significance level. We use the Cochrane-Orcutt (CO) estimation developed
by Cochrane and Orcutt (1949) to correct the autocorrelation with the quasi-differenced data. For the
FTP model the modeled data are differenced as log z; = logx; — 0.052log x;—1 — 0.078log x¢_2 and
log hf = loghs — 0.0521log hy—1 — 0.0781og ht—2 ; for the TVTP model, the data are differenced as
log x} = logx; — 0.186log z;—1 and logh} = logh; — 0.186logh;_;. After the correction, we re-run
the LM test using log ; and log A} only find that there is no significant evidence to reject the null of
no autocorrelation in u; up to lag 10. Table 3.3 presents the estimates of the measurement equation cor-
rected for serial correlations. The estimates of «y in (3.12) for both FTP and TVTP model are significant
and close to 1 (not rejecting equality of 1 with t test at 1% significance level) indicating that the realized

kernel is a good measure of the conditional variance.

Table 3.3: Estimation of coefficient measurement
equation

Parameters in

GARCH model FTP TVTP
d -0.104(0.017) -0.06(0.019)
% 0.987(0.012) 0.971(0.013)
o2 0.215 0.226

u

Estimates of the coefficients in the measurement equation
for the FTP and TVTP models. The values in parentheses
are the standard error. All the parameters are statistically
significant at the 1% level.

In multi-step ahead forecasting, the measurement equation is used to project the realized kernel. We
utilize the detected serial correlation of error u; in (3.12) in computing the forecasts. Specifically, for

the FTP model when predict the conditional variance h;,9, we want to compute

Ei(logzi11) = d+ v Ei(log(hit1)) + Er(uis1) (3.16)
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where
Ei(ui1) = d+ prig + paii—1. (3.17)

We can recursively update the error term Fy(uss) for s+ 1-step ahead forecasting. To predict E(x¢45),

we use the property of log-normal distribution.
Ey(21+s) = exp(Ey(logxi4s) + 67, /2)

For the TVTP model, we follow the same procedure except adapting the (3.17) to a AR(1) structure.
The coefficients for (3.17) are re-estimated at the same time with other parameters in the whole model

when forecasting.

3.5 Model Predictive Ability Evaluation

In this section, our goal is to evaluate the out-of-sample performance of the two competing models.
Similarly to Chapter 2, we consider the t statistic developed by Diebold and Mariano (1995) and the
F statistic proposed by McCracken (2007) for the equal predictive ability test. Let the loss function

Lis(hY, g, R

| ;) denote the loss at time ¢ resulting from the s-step forecast using model 7, where hY s

i

denotes the true (latent) variance and h frslt

is model ¢’s s-step forecast conditional on the information
set at time ¢. Since the latent variance h) s 1S unobservable, we will use the realized kernel as the proxy

such that ﬁ? s = Tt4s. The mean squared error (MSE) type loss function is used in our analysis:
Lt»s(thrs’ i+s|t) = (thrs - (hiJrs))Z (3.18)

The total sample size T' = T}, + Ty is divided into in-sample and out-of-sample portion. The in-sample
observations span from 1 to 7},. The out-of-sample observations span from 7;,, + 1 through T'— s, so the
out-of-sample size is T,,; — s. In our case, the estimation window (in-sample) part runs from January

4th, 2006, to April 29th, 2011, with T}, = 1340, and the out-of-sample spans from May 2, 2011, to
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April 7, 2012 with Tp,,; = 230.
Given the loss function, we could calculate the loss difference as:
Dis = Ly s(h g, h{) = Lus (B g YT (3.19)

t= 7_117177—:LTI, + 17"'7T_ S
We construct the following test hypothesis:

Hy : E[Dyy) =0
(3.20)
vs Hy:E[Dys] >0

The null implies the informative variables included in the transition probabilities are not providing
more forecasting ability. The alternative, positive value of E[D; ], means the TVTP model has better

predictive ability. As a result, the test is one-sided to the right. The out-of-sample t-type test:

Tioss = (Tout - s+ 1)1/2921/2[)5 (3.21)
with mean loss differential
1 T—s+1
Dy = oo D 3.22
3 (Tout — S+ 1) t:zT: bs ( )

where S, has been defined in Chapter 1, denotes a consistent estimate of the asymptotic variance of the

mean loss differential D,. The out-of-sample F-type statistic of equal predictive power is as follows:

L —L D,
Floss = (Towt — 5+ 1) FTETVT:VTP = (Tout — 5+ 1) Trorn (3.23)
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where

T—s+1

_ 1 .
Lirp = s > Lis(hi o i
FIP = T —s 4 1) 2 Dtoles P

T—s+1
70 TVTP
E Lt,S(hHsvhHs\t)

= 1
Lrvrp = (
t:Tin

Tout_5+1)

Clark and McCracken (2001) and McCracken (2007) show that, for one-step-ahead forecasts from well-
specified nested models, both the t-statistic and the F-statistics converge in the distribution to the func-
tions of stochastic integrals of quadratics of Brownian motion, with limiting distributions that depend
on the sample split parameter m = Ty /T;, and the number of exclusion restrictions k, but not on
any unknown nuisance parameters. Clark and McCracken (2005) claims that F-type test is often more
powerful than the t-type counterparts test in such nested scenario. They also suggest using the F-test
instead of the t-test since the latter is often conservative. The asymptotic null distributions of the F-test
are nonstandard. Each can be written as functions of the stochastic integrals of Brownian motion. We
use the critical value simulated by McCracken (2007) with the Monte Carlo method. In our test, The
critical values of t-test for 7 = 0.2, k = 4 are 1.731 for 1% significance level, 1.101 for 5% significance
level and 0.742 for 10% significance level; The critical values of F-test for 7 = 0.2, k = 4 are 3.44 for
1% significance level, 1.964 for 5% significance level and 1.225 for 10% significance level.

We estimate the model using an expanding window starting from 1342 observations and then use
the parameter estimates to obtain forecasts of h; at horizons s = 1, 2, 3, ..., 22 days. To save the compu-
tation time, the parameters are updated recursively every 5 days instead of every day, so the expanding
window grows by 5. The size of the out-of-sample is 230, in each day we predict the conditional vari-
ance for the step for 1 to 22 step ahead. We report both F-statistic and t-statistic to test the equality
of predictive ability in Table 3.4. The result of the F-test shows that the difference of the value of loss
function is statistically significantly positive at the 5% significance level at horizons s = 3,7,11 and

statistically significantly positive at the 1% significance level at horizon s = 1,2, 8,9, 10; statistically
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significantly negative at the 10% at horizon s = 13, statistically significantly negative at the 5% signif-
icance level at horizons s = 14, ...,19, 21 and statistically significantly negative at the 1% significance
level at horizons s = 20, 22. The result of the t-test shows that the difference of the value of loss function
is statistically significantly positive at the 10% significance level at horizons s = 2,7 and statistically
significantly positive at the 5% significance level at horizons s = 1,8, 9, 10; statistically significantly
negative at the 10% at other horizons s = 7, 14, 15, 16, statistically significantly negative at the 5% hori-
zons s = 18,19, 21 and statistically significantly negative at the 1% horizons s = 20, 22. In summary,
the result of both test show that these two models can’t beat the other uniformly. In near future the TVTP
model statistically significantly outperforms the FTP model in terms of volatility forecasting. The FTP
model becomes better in forecasting performance as the prediction horizon grows. The possible reason
is that the predicted realized kernel included in the logistic function for the transition probabilities has a

predictive error. Such error brought into the transition matrix grows along with the forecast horizons.

3.6 Conclusion

The final chapter introduces the univariate realized Markov regime-switching model featuring time-
varying transition probabilities. This model has more flexibility regarding volatility persistence than
does the Markov regime-switching model in Chapter 2; that is, the Markov transition probability reflects
market information through a logistic regression model. The realized measure of volatility is added as an
independent variable in the logistic model. Its specification combines the attractive features of Hansen,
Huang, and Shek’s (2012) realized GARCH, Klaassen’s (2002) Markov regime-switching GARCH and
Diebold, Lee, and Weinbach’s (1994) Markov regime-switching model, such as recursiveness of the
likelihood function, resolution of the path dependence problem, and a more accurate realized measure
of volatility. Our model is easy to use for estimation and multi-period-ahead forecasting for financial
market volatility.

In the empirical part of the paper we examine the model using about seven years of daily data on
one of the most liquid U.S. stock (IBM). A comparison of two Markov regime-switching models with

constant and time-varying transition probabilities shows that the TVTP model has better in-sample per-
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Table 3.4: Statistical Test of Predictive Ability

Prediction steps F statistics t statistics
1 9.5530%** 1.7249%*
2 6.0054*** 1.0130*
3 2.1648%* 0.4587
4 0.3178 0.0817
5 -0.5712 -0.1586
6 0.1134 0.0341
7 2.3535%* 0.7517*
8 4.8890%** 1.4623**
9 4.8438%*%* 1.4328%*
10 4.8826%** 1.2505%*
11 1.7261%* 0.5287
12 -0.0144 -0.0049
13 -1.3843* -0.4867
14 -2.3857%* -0.8998*
15 -2.2866** -0.9386*
16 -2.2708** -0.8839*
17 -1.4457*%* -0.5281
18 -2.6572%* -1.0931%*
19 -2.9010%* -1.4237%%*
20 -3.6368%** -1.7587#%%*
21 -3.1044%* -1.3073%%*
22 -3.7268%** -1.5665%%*

Test of predictive ability: Loss(FTP)-Loss(TVTP). A positive
value means the model using TVTP has better predictive abil-
ity.* means statistically significant at 10%, ** means statistically
significant at 5%, *** means significant at 1%.
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formance and better out-of-sample performance in the near future than the FTP model. The realized
measure of volatility seems to provide useful information for updating the Markov transition probabili-
ties.

One drawback of our empirical application is that we cannot obtain stronger evidence that the time-
varying transition probability offer a better forecasting result uniformly across forecasting horizons.
However, this might due to the incomplete list of informative variables in the logistic regression. A
possible future work is identifying and including more economic indicators in modeling the Markov

transition probability to enable the regime transition process to reflect the ongoing economic regime.
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Figure A.1: The open-to-close log daily return of AXP,BAC,DD,GE,IBM.
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Figure A.4: The annualized realized volatility of INTC,JPM,KO,MSFT,XOM.

105



	List of Tables
	List of Figures
	Realized Rotated BEKK Model
	Introduction
	Literature Review
	Univariate Volatility Models
	The BEKK Model
	Realized Volatility

	Realized BEKK Model
	Definitions and Notation
	Covariance Targeting Under Rotation
	Common Persistence Specification

	Adaptive Lasso method
	Definition and Notation
	Least Angle Regression
	Model selection

	Estimation and Inference
	Estimation for RBEKK Equation
	Estimation of the Measurement Equation

	Empirical Illustration
	Data Description
	Estimation Results for RBEKK model
	The ALasso method Under Different Selection Criteria
	Estimation Results for the Measurement Equation

	Model predictive Ability Evaluation
	Conclusion

	Realized Markov Regime-Switching BEKK Model
	Introduction
	The Markov Regime-Switching GARCH Model
	The Model Development
	Measurement Equation and Prediction of Conditional Covariance
	Covariance Targeting Under Rotation

	Estimation and Inference
	Estimation for the BEKK Equation
	Estimation of the Measurement Equation
	Smoothed Regime Inference

	Empirical illustration
	Data Description
	Estimation Results

	Likelihood Ratio (LR) Test
	Result of Regime Inference
	Estimation Result of Measurement Equation

	Volatility Impulse Response Functions
	Model Predictive Ability Evaluation
	Conclusion

	Realized Markov Regime-Switching GARCH with time-varying transition probability
	Introduction
	The Framework
	Markov Transition Probability
	Realized Markov Regime-switching GARCH Model

	Estimation and Inference
	Estimation for GARCH Equation
	Measurement Equation in Forecasting
	Variance Targeting

	Empirical Illustration
	Data Description
	Estimation Result

	Model Predictive Ability Evaluation
	Conclusion

	Bibliography
	APPENDIX
	Graphs of Realized Measure of Stocks

