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Abstract

This paper introduces a new autoregressive stochastic volatility model
with a new piecewise linear structure such that the regime-switching mech-
anism has a buffer zone where regime-switching is delayed. The proposed
model allows us to model the hysteretic phenomenon of the regime-switching
existing on both the mean equation and the volatility equation. A full de-
scription of the proposed MCMC method is given. In the empirical study, we
consider the daily closing prices of NIKKEI stock average, the exchange rate
for US Dollar to Japanese Yen and Hang Seng Index. Deviance Information
Criterion (DIC) measure shows that our proposed model outperforms the
classical threshold stochastic volatility models.
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1 Introduction

Volatility modelling is a prevailing and ubiquitous topic in both academic
research and financial industry. In the literature, there are numerous mod-
els for forecasting the volatility. Shephard [1] categorized volatility models
into two groups. One is the observation-driven model including the ARCH
model, GARCH model and so forth. The other is the parameter-driven model
including the stochastic volatility (SV) model. With theoretical and prac-
tical development, many generalization of ARCH type and SV type models
are introduced. Tsay [2] gave a comprehensive explanation of the stochastic
volatility (SV) model which was proposed by Taylor [3]. In this paper, we
consider a new SV model which can capture the non-linear and asymmetric
properties of volatility. The mean and variance equation of the fundamental
SV model are defined by

mean equation: y; = exp (hy/2)uy,

variance equation: h; = ¢g + d1hi_1 + ny,

where y; is the observation. The random noises u; and 7, are assumed to be
independent of one another. Usually, u; follows a normal distribution with
mean zero and variance one. 7, follows a normal distribution with mean
pr, and variance o;. Instead of directly formulating the variance process, in
the SV model, the log-volatility is specified by a first-order autoregressive
process. This setting makes sure the positiveness of the variance. If |¢;| < 1,
the log-volatility, h;, is a stationary process. Under this mild condition, the
unconditional mean E[h,], which equals ¢q/(1 — ¢1), and the unconditional
variance Var(h;), which equals o7 /(1 — ¢?), are directly obtained by using
the definition of the autoregressive model.

The non-linear behavior in financial time series has attracted a lot of
attention. The major characteristics of non-linear time series are the jump
phenomena and asymmetric behaviour which cannot be described by a linear
model. Tong [4] asserted that a piecewise linear structure partitioned by a
threshold variable was able to mimic these non-linear characteristics. The
change between different linear structures is called regime switching. Fol-
lowing Tong’s seminal work, Nelson [5] proposed the exponential GARCH
model in which a regime switching framework was first brought into the
time-varying volatility model. So et. al.[6] introduced the threshold autore-
gressive stochastic volatility model allowing the existence of regime switching



in the SV model. So and Choi [7] generalized the threshold autoregressive
stochastic volatility model to a multi-dimensional case. Chen et. al. [§]
gave a review on the development of the threshold time-varying volatility
model. While threshold heteroscedastic time series models have achieved a
great success, it is noticed that threshold models usually have weak perfor-
mance when the value of the threshold variable is close to the boundaries
between different regimes. In order to improve the performance of the clas-
sical threshold model, Li et. al. [9] and Zhu et. al. [10] introduced hysteresis
to the regime-switching structure which enjoys the piecewise linear structure
of a threshold model but has a more flexible regime switching mechanism.
Note that the standard threshold model is a special case of the buffered model
when the buffered zone degenerates to a single value. Lo et. al.[11] and Zhu
et. al. [12] suggested the buffered threshold GARCH model to investigate
the financial time series based on the idea in [9]. Chen and Truong [13]
proposed a Bayesian method to estimate the buffered threshold GARCH
model. Truong and Chen [14] and Chen et. al. [15] introduced the hysteretic
integer-valued GARCH model which applied the hysteretic regime-switching
structure to the integer-valued time series. Chen et. al. [16] extended the
buffered threshold GARCH model to the multi-dimensional time series with
the consideration of the dynamic conditional correlation structure. Chen et.
al.[17] improved the multivariate buffered threshold GARCH model via the
investigation of the leverage effect in financial assets. To our best knowledge,
this paper is the first to investigate the hysteretic regime-switching property
in the autoregressive stochastic volatility model.

For both classical and buffered threshold, the regime switching can be
characterized by the step functions which are shown as follows:

1, if z; > ry,
17 if 2t Z Tthres, .
s = _ s =< Se—1, ifrp <z <y, (1)
07 if 2t < Tthres,

0 ifz <r
Classical threshold ’ t U

Buffered threshold

where s; is the regime indicator, z; is the threshold variable, 7. is the
threshold value in the classical threshold model, while r;, and ry are the
lower bound and upper bound of a buffer zone for the threshold. If r; = ry,
the buffered threshold degenerates into the classical threshold due to the
disappearance of the buffer zone. Therefore, the buffered threshold model



is a generalization of the classical threshold model. If r;, < ry, the buffer
zone exists. The regime-switching is triggered when the the time series value
impales both the lower bound and upper bound of the buffered zone. To
be specific, the regime indicator s; equals 1 when the threshold variable
2y > ry; the regime indicator is equal to 0 if z; < ry and s; is unchanged
as long as z; falls in [rp,ry). Since the regime-switching might not be im-
mediately triggered when one threshold value is impaled, the buffer zone is
able to describe the hysteretic phenomenon for the regime-switching. In this
case, regime-switching can be considered as an analogy of the transformation
from the quantitative change to qualitative change wherein the width of the
buffer zone can be recognized as the minimum requirement of the accumu-
lated quantitative change. The larger the width of the buffer zone, the more
accumulated quantitative change is required. Besides that, hysteretic regime-
switching can mitigate the side-effect of the intrinsic error of the estimate of
the threshold values.

In this paper, we propose a new model called buffered threshold stochas-
tic volatility (BARSV) model which does not only mitigate the side-effect
of the estimation error of the threshold variable but also captures the hys-
teretic regime switching on both mean and volatility equations. The latent
structure of the stochastic volatility model and the discontinuity of the like-
lihood caused by the buffer zone lead to great difficulty in the frequentist
approach, thus we employ the Bayesian method for parameter estimation.
More specifically, Kalman filter is adopted to estimate the log-volatility h,
which is an unobserved variable. Random Walk Metropolis-Hastings (RM-
MH) algorithm is used to estimate the lower and upper bound of the buffer
zone simultaneously. Since the choice of a proposal distribution is crucial for
the convergence of the Markov chain associated with the RM-MH algorithm,
an adaptive proposal distribution is utilized in the burn-in stage. Due to the
unknown dependent relationship between r; and ry, a stochastic sampling
scheme is deployed on the RW-MH algorithm. Gibbs sampling is applied
to estimate the rest of the parameters. The empirical study of the BARSV
model employed the daily closing prices of NIKKEI stock average, the ex-
change rate for US Dollar to Japanese Yen and Hang Seng Index from 15t
January 2006 to 3150 December 2014. The deviance information criterion is
adopted to compare the BARSV model and other threshold time series mod-
els. The results show that the BARSV model outperforms others threshold
models with a more flexible threshold structure.

The rest of this paper is organized as follows. The model specification
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and estimation process are given in Section 2. The simulation studies are
demonstrated in Section 3. The empirical study is implemented in Section
4. Conclusion is presented in Section 5.

2 Model and Estimation

Table 1 shows the variables in the definition of the BARSV model. The
BARSV model is defined as

O + Ori1 +yp, if sy =1,

ry = . (2&)
O3 4 O4re1 +yi, if 5, =0,

Yy = €XpP (ht/2)ut> Uy ~ N(07 1)a (2b>

B1+ Bahi—1 + 1, it sy =1,
B3 + Bahi—1 +mn,  if 5, =0,

N(O,U%), if Stzl,

N 2d
T N, 02), if s =0, (2d)

17 if 2 2 Ty,
sp =< Se-1, i <z <y, (2e)
0, if 2z <rp,

where 7; is observable; the log-volatility, h;, can be recognized as the hid-
den state at time t; the threshold variable, z;, can be derived by a previous
observation, i.e., z; = r;_1, or a weighted summation of previous observa-
tions. The white-noise processes, {u;} and {r;}, are independent of one
another. ©; = (61,6,) and ©, = (#5,6,) are the vectors of parameters in
the mean equation (2a) for Regime 1 and 2, respectively. B; = (31, 3) and
By = (B3,4) are the vectors of parameters in the variance equation (2c)
for Regime 1 and 2, respectively. of and o3 are the variances of the inno-
vation process for Regime 1 and 2. The buffer zone is denoted by [rz,ry).
It is noted that the proposed model can be extended to a general s-regime

model, i.e., s; = 7 where 5 = 1,2,...,s, and —o0 =1y, < 71, < 1y, <



rL, < Tyycr < rp, < ry, < rp,, = o00. The total s — 1 buffer zones are
7L, 70,) with & = 1,2,...,s. Assume the regime indicator s; is equal to
Jand ry,_, < 21 < rg,, the times series will stay in the same regime at
time ¢ + 1 if the threshold variable z; increases to the buffer zone [rr;,ry,)
or decreases to the buffer zone [rp,_,ry,_,).

Following a suggestion in Kim et. al. [18], Equation (2b) can be trans-
formed to a linear equation as logy? = h; + logu?, where logu? follows the
log x?# distribution. To put this model into a Gaussian state space form, Har-
vey et. al. [19] proposed a normal distribution with mean -1.27 and variance
72 /2 to approximate the log x? distribution. To improve the fit of the log x?
distribution, Kim et. al. [18] proposed the 7-component mixture normal dis-
tribution to replace the one in Harvey et. al. [19]. In this paper, we adopt a
10-component mixture normal distribution, which was introduced by Omori
et. al. [20], to tightly approximate the density of the log x? distribution.
Equation (2b) is formulated as

log yf = h; + €,

et‘pt ~ N(ﬂpthpzt)a

Pr(p, = i|log y7, he) o< i f (log v i, 77°),
i €Ty

o= {L2,...,10}

where ¢;, j1; and 77 are given by Omori et. al. [20]. p; is the indicator variable
denoting which Gaussian distribution ¢, belongs to. The prior distribution of
p¢ 1s a multinomial distribution specified by ¢;. Given the observation value,
Yy, and h; which is drawn from the last MCMC iteration, p; can be drawn
directly from its posterior distribution.

2.1 Bayesian analysis

Let RT = (7"17’)“2, ...7TT)/, HT = (hl,hg, ...,hT)/ and ST = (81782, ...,ST)
be the vector of the time series {r;}, {h:} and {s;} for ¢ > 1, respec-
tively. Let v = (01,04, 03,04, B1, B2, B3, B1, 07, 02)" be the vector of the regular
parameters which can be segmented into ©),0,, By, By,0? and ¢3. w =
(H’T7 v 7o, 7L, rU)' is the variable of our interest. w; denotes one of the ele-
ment in w. w_; denotes the full conditional set of w without w;. By the Bayes
theorem, the full conditional distribution of w; is (See So et. al. [6] as well
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as So and Choi [7])

flwilw_s, Ry) = {emilfir) _ _J(Rr)

flw—i,RT)  — flw—i,Rr)
X f(w7 RT) = f(r()v RT7 HTa’ya rp, TU)
= f(TT,hT,’f’(],...,TT_l,hl,...,hT_l,’y,T’L,TU)

frr—1,hr_1,m0,.rr—2,h1,. s hr_2v,rL,TU)
f(ro,...,rr—2,h1,....hr_2,7,7L,7U)

f(TTyhT7T07"'7TT71 7h17"'7hT717777‘L 77.U)
froserr—1,h1,hr 1y, )

X

f(rs,h3,ro,r1,m2,h1,h2,7,7L,TU) f(ra,h2,ro,m1,h1,7,7L,mU)

X oo X
f(ra,h2,m0,m1,h1,7,7L,m0) f(ro,r,hayy,rn,r)

x f(ro,r1, by, L, m0)
- HZ;Q f(rta ht|T07 Rt—17 HT—I; Y,TL, TU)
x f(rilro, ba, v, ro,ro) f(Ralro, v, ro,ro) f(ro, vsre, o)
= Hfzg f(rta |ht7 To, Rtfly HTflv v, TL, TU)f(ht‘r(% Rtfh HT*l; v, "L, TU)
X f<T1|T0a h17 Y, TL, 7“U)f(h1|r()7 v, 7L, TU)anO)f(IY)f(TL’ 7/‘U)
= Hf:Q f(rta ‘hh Tt—1,7%,TL, TU)f(ht’htfla Y, TL, TU)
X f<T1|T07 h17 Y7L, TU)f(h1|T07 v, TL, TU)f<T0)f<7)f(TL’ TU)
= szl f(rta |h't7 Tt—1,7,TL, TU) HZ;Q f(ht‘ht—la Y,TL, TU)
Xf<h1|T07 7 TL, TU)f(TO)f(7>f<TL7 TU)J
(3)
where f(rp,ry) and f() denote the p.d.f. of the prior distribution of the
buffer zone and regular parameters, respectively. Rather than assuming the
threshold as an unknown scalar in So et. al. [6] as well as So and Choi [7],
we consider the threshold as a hysteretic structure which is determine by
variables 77, and ry. The prior distribution of the buffer zone is assumed

to be a bivariate uniform distribution, which has been investigated by Chen
and Truong [13], is

{re.ru s (rparv) € [Qas Q] X [Qp, Q4] and 7 <1y}

Qa, Qp, Q. and Q4 denote respectively the 100a-th, 100b-th, 100c-th and
100d-th percentile of Ry, where a < b < ¢ < d.
Given the buffer zone [rp,ry), the regime indicator s; of the buffered



threshold in Equations (1) can be defined by

Isg=1)=1(z >ry)+ I(rp <z <ry)l(si-1 = 1),
I(s;=0)=1(zs <rp)+ I(rp <z <ry)l(si-1 =0),

where I(-) denotes the indicator function. Given hy_1,7;_1,7 and s;, the one-
step-ahead prediction distribution of h; is

N (pine o1,

where

pn, = (Br + Bshe—1)I(sy = 1) + (B2 + Bahy—1)1(s: = 0),
oy, = oil(s; = 1) + o3l(s, = 0).

The conditional p.d.f. of h; is

1 (ht - /’Lht)Q}. (4)

f(ht|rt—l7ht—la77rLarU) = eXp{ - 9202
\/ 270}, The

Given hy, ;1,7 and s;, the one-step-ahead prediction distribution of 7, is

N(um eXp(ht)),

where
fhr, = (01 + 051 I(s; = 1) + (B 4 O4r_1)I(s¢ = 1).

The conditional p.d.f. of r; is
1

relhe, re 1,7, T, Ty ) = ———
f(rdhe, rer, v, rL,mw) o oxp ()

Thus, the log-likelihood function corresponding to the BARSV model can be
expressed as

P { 2 expu;:t)) } (5)

U(Rr, Hr, 9,70, Tthres) = Zthz (s = 1)[log f(re, |he, 7e-1,7) + log f(helpe, hi—1,7)]
+1(s1 = 1)[log f (71, |h1,70,7) + log f(hi]ro,7)]
+ 23—2 I(s; = 0)[log f(re, |he, re—1,7) + log f(he|pe, e—1,7)]
+1(s¢ = 0)[log f(r1, |h1,70,7) + log f(halro, 7)]
+log f(ro) +log f(v) + log f(rr.rv)- (6)
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Define

Gl,l - log f(rl|h1a T‘o,’}/) + log f(h1|7a07,}/)7
Gl,t - 10g f(Tt|ht77”t—177) + log f(ht|/0t7 ht—laf}/)a fOI' t = 27 37 s 7T‘

An alternative expression of Equation (6) is

T T
Z(RT7 HT)’}/?TO: rrL, TU) - ZI(St = ]‘)Gl,t + ZI(St = O)Glyt

t=1 t=1

+1log f(ro) +log f(v) +log f(rr,mv).

The partial derivatives of {(Ry, Hr,v, 70,71, 7y) in the direction r;, and ry
are

al(RT>HT777r07TL,TU) not deﬁned, if rL =", T1,...,TT-1,
ory 0, otherwise;

OURy, Hr, vy, 70,71, 70) not defined, if rpy =rg,7r1,..., 771,
Iry 0, otherwise.

It is noted that the underlying model has T step discontinuities in the log-
likelihood function along the direction of either r; or ry. From a realistic
point of view, changes in either r; or ry could cause at least one pair of r;
and h; to switch from one regime to another. For the same observation set,
regime-switching leads to a discontinuous change in the probability density
such that the log-likelihood function of the BARSV model has a discrete
shift. In this case, it is difficult to implement the gradient-based estimation
method, such as MLE, to search for the optimal value for the buffer zone.
Therefore, the Bayesian method is adopted to estimate the threshold value
in the BARSV model.

Since {h;} is unobserved and the size of {h;} is increasing over time,
it is natural to compute the likelihood function of the BARSV model by
integrating out Hr, i.e.

L(T’l,...,TT,’}/)
T

T
= /h . Hf(rt’hm Te—1,7) H f(ht‘Pu hi—1,7) % f(hilro,v) f(ro) f(7) dhy ...

hr 31 t=2

dhrp.



However, it is impossible to directly evaluate the T dimensional integral
because of its complicated and intractable from. Therefore, it is necessary
to do a careful, tractable and discernable study in handling the unobserved
variable, h;.

2.2 Implementation of the MCMC technique

Due to the latent structure of the SV family models ( See So [21]) and the
change-point problem in the proposed model (See Chen and Lee [22]), we
prefer the MCMC method which is relatively easy to implement compared
to others (See Broto and Ruiz [23]). The main attraction of the MCMC
method is that it splits a high dimensional problem into low dimensional
tasks. In the framework of the MCMC method, Markov chains are created
on the block of the unknown parameters and samples are drawn from the
associated posterior distributions. The MCMC algorithm for the BARSV
model is sketched out in Table 2, followed by a detailed description of each
step.
Step 1-4: Tmplement Gibbs sampler sampling Oy, ©y, By, Bs, 0}, 05 and
ro. In Gibbs sampler, samples are drawn from the full conditional distribu-
tions which is directly derived from Equation (3) after specifying the prior
distributions. All related posterior distributions are shown in the Appendix.
Step 5: Draw p; from a multinomial distribution. The detailed sampling
scheme is shown below.
At iteration n:

e Calculate yy, t =1,2,...,T, by
Yy = rt—9§”)*s§" 2 Gé )*(1 st ) (9 *st )—1—94(1”)*(1—3%”71)))*”_1

where 9@, Hén), 0:(,)”) and 051") are drawn from the current iteration; s§"‘1)

is the regime indicator for r; drawn from the previous iteration.

e Calculate logu? = logy? — hﬁ"‘”, where hl(fn_l) denotes the sample of
hy drawn from the previous iteration.

o Calculate Py,—; = g; * 75— exp{ log“t Y e {1,2,..., 10}
* _ Poi=i
e Normalize P,,—; by P; _, = ﬁ.
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e Draw a random sample u, from the uniform distribution, U(0,1). If
ue (Y- (l)P/;"t o3, P _;] where Py _, =0, let p, = i. As a result,
logu? is approximated by N (u;, 77).

Step 6-7: Implement both the Random-walk Metropolis-Hastings (RW-MH)
algorithm and Kalman filter sampling r7, ry and h;. In the RW-MH algo-
rithm, it is not necessary to have a clear picture on the marginal distribution
or the full conditional distribution of the parameter of interest because it
solely works with the joint distribution (Equation (3)). If it is not easy
to generate samples from the joint distribution, an alternative distribution,
which is easy to sample from, is deployed to generate random samples. In
order to compensate for the difference between the target distribution and
the sampling distribution, an acceptance ratio is introduced to fulfill the
detailed balance equation of the Metropolis-Hastings algorithm. Under the
acceptance-rejection scheme, large moves would be rejected and they slow
down the chain, but small accepted moves do not help much for exploring the
parameter space. Therefore, it is important to get a reasonable acceptance
rate such that more proper moves can be found. The optimal acceptance rate
should be between 0.234 and 0.44 suggested by Roberts et. al. [24] as well as
Roberts and Rosenthal [25]. With the increase of the dimension of proposal
distribution, the optimal acceptance rate is decreased. A simple way to get
the optimal acceptance rate is to tune the variance of the proposal distribu-
tion. In the burn-in stage, we implement an adaptive proposal distribution
whose variance is changed based on the historical acceptance rate. Let Ny
denote the iteration number in the burn-in stage. Let oyy; and oyge de-
note the step sizes associated with r; and ry, respectively, in the RW-MH
algorithm. The burn-in stage is splitted into & batches such that each batch
contains Ny /b iterations. The details of implementing the adaptive proposal
distribution are shown as follows.

e Initialize 01(\2%{1 and 01(\2%{2.

e Count ¢, the number of accepted candidate samples, in the n{" batch

where n, = 1,2,... k.
e Calculate the acceptance rate, 7, in terms of the nit batch.
o/b
o If 5= Ny /b > (.44, update aﬁfﬁf{l) = (nb)l x 1.1 and h’fﬁ;l 0'1(\/71%)2 x1.1 on

the (np + 1)™ batch.
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o If &5 < 0.234, update o) = g 0.9 and o{lttY = o) % 0.9

on the (n, + 1) batch.

Besides that, we use a stochastic sampling scheme for r;, and ry due to the
intrinsic dependence between those two parameters. In the context of MCMC
method, estimation and inference methods of unobserved variable, h;, can be
classified into two algorithms. The first one is the single-move sampler pro-
posed by Jacquier et. al. [26]. Another algorithm is the multi-move sampler
proposed by Shephard and Pitt [27], followed by So et. al. [6] and Tsang [28],
and further developed by Watanabe and Omori [29]. Since the single-move
sampler generates high level correlation from the drawn samples of h;, we
apply the multi-move sampler to draw h; based on the standard Kalman
filter proposed by Kalman [30]. The detailed sampling scheme is illustrated
below and equations of Kalman filtering are summarized in Equations (8).

e Using a diffuse prior for the initial state hg, set a; = logyi — u,, and
b1 = 7_021'

e Using the prediction function of Kalman filter (Equation (8a) and (8b)),
calculate a;;—1 and py;—;.

e Using the filtering function of Kalman filter (Equation (8c) and (8d)),
calculate ay; and py.

e Calculate the quasi-likelihood of BARSV model based on the results of
prediction function of Kalman filter. i.e.

T
_ V2
f(ro,rulRe, ) o H |:Ft 12 exp{ - 2_]% flro,ru), (7)

where both V; = logy? — Hp, — ag—1 and Fy = py_1 + ait are derived
by Kalman filter directly and f(rz,ry) is the p.d.f. of the joint prior
distribution of r; and 7.

e Draw a random sample, b, from the binomial distribution B(1,0.5).
— If b = 1, generate r} using r; = rg_l) + oMua1U: In which

(t—
Qa_TL

1
follows a truncated normal distribution N (0, I(=—L— < u; <

12



t—1
Qc_ré )

OMH1

). After that, we generate rj; using r;, = rg_l) + oME2V; 1IN

max (7} ,Qb)frg_l)

which v; follows a truncated normal distribution N (0, 1)I( e

<

; Qd T(t 1))
t < OMH2 ’

— If b = 0, generate r{; using r;; = Tg_l)—i-chHgvt in which v, follows a

(t-1) D)
truncated normal distribution N (0, 1)I(M << QU

OMH OMH2

After that, we generate 7} using r} = rg b + ommi U in which uy,

(t—1)

Qa— TL

follows a truncated normal distribution N (0, 1)I( p—

min(r[*],Qc)—rgim )
OMH1 ’

< u <

Both rg_l) and r[(;_l) are the samples derived from previous iterations.

Generate s;, t = 1,2,...,T, by substituting 7} and r}; into Equation

(2e).

Calculate Ayj—15 Pre—1- O and Pl by substituting s; into the prediction
and filtering function of Kalman filter.

Using Equation (7), Calculate a new quasi-likelihood of BARSV model
in terms of r; and 7.

Calculate the acceptance ratio a, by

R
a, = min |1, ETL)’TU” r,7)
L

FoE ™) R, ) )

Draw a random sample, u, from the uniform distribution, U (0, 1).

) _ ) _ _ _ _
—lfu<a,letry) =r;, ry =710, 8¢ = S, Q-1 = a,ff't_l, Dejt—1 =
* % ok
pt|t—1’ At = Ay tlt and Pt = pt|t‘

— Otherwise, let rg) = T(L Y and rg) = 7“((] b,

Using the smoothing function of Kalman filter (Equation (8f) and (8g)),
calculate ay41 and pyjeyq.

Sample hr from N(apr,prir) and sample hy,t = T —1,...,1, from
N(at|t+1>pt|t+1) :
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Agje—1 = Q1 + P24 1)1, (8a)
Dtjt—1 = ng,tpt—l\t—l + Ufzw (8b)
gt = Qyfg—1 + KG,(log ?/1:2 — Hp, — at|t71)a (8¢)
P = (1 — KGt)2pt\t—1 + KG?Tiy (8d)
Ptjt—1
KG =——— 8e
' Dijt—1 + szt (8e)
G2441P
At)t+1 = Q¢ + H—t‘t(htﬂ — Qyy1)e), (8f)
Pe+aje
¢%,t+1p?t
Ptjt+1 = Pe|t — —|7 (8g)
Pt41jt

fort=1,2,..., T —1.

where ¢1, = Bisi+03(1—s¢), oy = Bosi+Pa(1—s,) and 07, = o7si+05(1—s,).
K G, stands for the Kalman gain at time ¢ which makes a trade-off between
the mean equation and the variance equation.

2.3 Forecast of future returns

Given the estimated parameters, BARSV model can predict the return di-
rectly. The one-step-ahead prediction at time ¢ is demonstrated below.

e Based on the filtering function of Kalman filter (Equation (8c) and
(8d)), draw volatility samples hl, i = M +1,M +2,..., M + N, from
N (ay, pye) where M is the iteration number of the burning stage and
N is the iteration number of the sampling stage.

e For each A}, draw the prediction h, , from f(hei1|re, he,y,rp,70) in
Equation (4).

e Calculate the smoothing log-volatilities (or hidden state) by + Zf\iﬁil i

e Draw the one-step-ahead predicted return, r;_q, from f(ryi1|he1, 7,7, 70, T0)
in Equation (5).

3 Simulation studies

In this section, we demonstrate the performance of our proposed Bayesian
method with a simulation study. Data are generated by 6 different parameter

14



sets which are shown in Table 3. Without loss of generality, the threshold
variable z; is assumed to be a lag variable of the observed time series, r;_1.
Note that, in our simulation experiment, we try with many different param-
eters in the mean equation, the variance equation, and the threshold. We
also try with different sample sizes and number of replications.

To glean some idea of the sampling behaviour of the MCMC estimator for
this model, the replication number is chosen as 100, 300 and 500 in Trial 1.
Unless otherwise stated, each trail contains 500 replications and the sample
size in each replication is set to 4000. For the experiment of each replication,
the total number of iterations is 1.5 x 10° and the number of the burn-in
iteration is 5 x 10*. The thinning parameter is 10. Finally, we got 1 x 10%
drawn samples to estimate the posterior distribution for each parameter in
terms of one replication and got 500 posterior estimates for each parameter
in total.

The flat priors for parameters are specified as follows:

o] (3.3 )< o[ (2 )]
B ()

5 ¢x (bh—2) 5 ¢x (bh—2)
2N1G(— —) 2N1G<_ —>
01 2 ) 2 ) 02 2 ) 2 )
o ~ N(po, Xo),
where 1o and A\ are the sample mean and variance of one replication, respec-

tively. c is a hyperparameter in the inverse gamma distribution. The prior
distribution of r;, and ry is a bivariate uniform distribution where the joint

p.d.f. is defined by

1
fT’L:TU (TL’ TU) - (Qc - Qa)(@d - Qb)

on the support {(r,7y) : Qu <71 < Qe, Qp < 1y < Qg7 < 1y }. Usually,
Q. Qp, Q. and Qg are the 20th, BOth, 70th and soth percentile of one
replication, respectively. This setting of the prior distribution of r; and ry
makes sure that each regime contains at least twenty percent observations.
To study the sampling behaviour of the BARSV model, the diagnostic
work based on an arbitrary replication is shown. Figure 1(a) demonstrates
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the time series plots for the unknown parameters. As we can see from the
time series plots, the drawn samples for each parameters fluctuate in the
fixed interval and behave like uncorrelated sequences which provides indirect
evidence that all the Markov chains are mixed well and attain the station-
ary (equilibrium) state. Figure 1(b) displays the autocorrelation function
(ACF) plots for the unknown parameters. It is observed that the ACF val-
ues of 61,605,053 and 6, are close to zero and the ACF values of the rest of
parameters drop quickly to zero. ACF plots indicate that the sampling algo-
rithm generates approximate random samples for the unknown parameters
and makes sure that the fast convergence of the Markov chains is attained
(See [6]). The same diagnostic techniques are also conducted in the empirical
study.

Table 4 shows the summary statistics, in terms of Trial 1, including the
initial values, the posterior means and variances and the 90% credible inter-
vals. As we can see, all the posterior means are close to the corresponding
true values and all the posterior variances are small. Although a minor depar-
ture can be observed from the estimate of o7, the true value of o7 fall into the
corresponding 90% credible intervals. When the replication number is varied
among 100, 300 and 500, all the estimates are close to the corresponding true
values. It could be recognized that each replication bears a certain informa-
tion of the BARSV model and 100 replications are sufficient to estimate the
underlying model quite accurately. Figure 1(c) displays kernel density plots
of all the unknown parameters, based on 500 posterior estimates. Most of
the kernel density plots are represented by bell-sharped curve lines.

Figure 2 displays the time series plot of the true h; and corresponding
estimates ﬁt associated with one replication of Trial 1. It is noted that the red
line, denoting the estimates hy, overlaps the black line, which represents the
true value of h;, meaning that our estimation method is able to reproduce the
unobserved variable h;. Figure 3 represents the time series of the observation
7, in contrast to the negative estimated volatility —exp (h;/2). As we can
see, the negative estimated volatility could be considered as an approximate
lower bound of the observation series.

In order to study the sensitivity and robustness of our proposed MCMC
method further, another four trials are deployed. Table 5 presents the esti-
mation results by employing four different sets of parameters. In each trial, it
can be observed that the estimated parameters are close to the corresponding
true values. It is evident that our proposed MCMC method is robust to the
change of parameter values. Particularly, it is the only difference between
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Trial 4 and 5 that the buffer zone is changed from [—0.3,0.1) to [0,0.1). It
can be recognized that our estimated method performs well when the true
buffer zone is varied.

4 Empirical study

In the empirical study, we consider the daily closing prices of NIKKEI stock
average (NIKKEI225), the exchange rate for US Dollar to Japanese Yen
(USD/JPY) and Hang Seng Index (HSI). These three time series are from
15t J anuary 2006 to 315% December 2014. We focus on the series of log returns
in percentage which are calculated by r;, = 100 x log Pfj - and P, represents
the daily adjusted closing prices at time ¢. For easy illustration, time series
{rxixkenes b {Tusp/aey } and {rug } are indicated by 7 on the following context.
Figure 4 shows the time series plots of r; wherein the volatility persistence
phenomenon is observed. Figure 5 shows the ACF plots of {r;}, {r?} and
{log(r?)}. Tt is noted that a significant positive autocorrelation exists in the
series {r?} and {log(r?)}. Thus, the specification of the series {r;} merely
using the autoregressive model is inadequate. An autoregressive modelling
for the series {r?} or {log(r?)} should be taken into consideration. Table 6
presents the summary statistics for all of the empirical times series. Since
time series of log returns have kurtosis greater than three, the distribution
with respect to each series has thick tails. These series skewnesses are far
from zero. It indicates the existence of the asymmetric feature in these time
series. Therefore, it is reasonable to consider implementing the threshold
volatility model into the series {r;} and {r?}.

In the estimation work of the empirical study, 150000 samples are gener-
ated from our MCMC method for each parameter. The first 50000 samples
are discarded, i.e. the first 50000 iterations are treated as the burn-in stage.
To reduce the sample autocorrelation, the thinning parameter is also put to
10. The prior distributions, here, are initialized as the same as the counter-
parts in the simulation study.

We first consider the BARSV model defined by Equations (2). To be
compared, two threshold autoregressive stochastic volatility (TARSV) mod-
els are studied in this paper. In the TARSV model, Equation (2e) is redefined
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as the classical threshold which is denoted by

17 if Zt 2 Tthres,

St = i
0, if z; < Tipres-

Apart form that, we also study the TARSV model in So et. al. [6]. It is
denoted by the TARSV-SO model in which 74, is fixed at zero and o? is
the same as o3.

Table 7 reports the summary statistics of BARSV, TARSV and TARSV-
SO models when the series {ryxxemss } 1S considered. We can observe that the
posterior estimates for 5 and 6, are close to zero , which coincide with the
conclusion drawn from the ACF plots for the series {ryixkpmes} in Figure 5.
In all the three models, it is noted that all the posterior estimates of 5, and
4 are close to one and the posterior estimates for o7 and o3 are small. It can
be concluded that the series {rymxpmss } €xhibits the phenomenon of volatility
persistence. The buffer zone of the BARSV model is [0.7712,0.9790) and the
threshold of the TARSV model is 0.8159. Due to the page limitation, we
omit the summary statistics table and only report the estimates of threshold
variables when the series {rysp,spy} and {rug} are employed. For the series
{ruspsipy }, the estimate of buffer zone in BARSV model is [-1.1282,1.1880)
and the estimate of the classical threshold in TARSV model is 0.0935. For the
series {rug }, the estimate of buffer zone in BARSV model is [0.3594, 0.7252)
and the estimate of the classical threshold in TARSV model is 0.5971. For
these three empirical time series, the buffer zone in BARSV model includes
the classical threshold in the TARSV model.Figure 7 shows an example of
regime switching in the TARSV and BARSV model where the blue dash line
denotes the TARSV model and the solid red line denote the BARSV model.
The lower sub-figure shows the log-return, classical threshold and buffer zone.
The upper sub-figure shows the regime indicators. First, we can observe the
delay switching in the BARSV model. Moreover, we argue that the TARSV
model is too sensitive to frequently switch the regimes when the observation
slightly fluctuate around the threshold.

Table 8 reports the DIC measure including the mean deviance (D), the
effective dimension(pD) and the deviance information criterion (DIC) value.
The BARSV model attains the smallest DIC value among three models. This
leads us to the conclusion that the BARSV model performs better than the
TARSV models. It indicates that the BARSV model is more reasonable to
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fit the empirical series {r;} , comparing with the TARSV and TARSV-SO
model. To be more precise, the BARSV model is the best model after taking
care of the model complexity. Figure 8 shows the time series of the obser-
vation rymkemes i contrast to the 99™ percentile of the negative estimated
volatility — exp (f,/2). It is visible that only a few violation can be detected.
The BARSV model provides us a way to do the risk management.

Visual MCMC diagnostics are applied to check whether our proposed
MCMC method gives estimates convergent to the target distribution. Figure
6(a) is the MCMC plot in which drawn samples in terms of each parameter do
not exhibit upward or downward tendency and fluctuate in intervals. Figure
6(b) is the autocorrelation function (ACF) plots in which the ACF values for
01, 605, 05, 04 and [y are close to zero and the ACF values for other parameters
drop to zero rapidly. Figure 6(b) gives evidence that the autocorrelations
in the drawn samples fade out quickly. Figure 6(c) is the ergodic average
plot in which the value of cumulative average for each parameter remains
steady as a horizontal line approximately. According to the above analysis,
our proposed MCMC method generates approximately random samples for
each parameter and all the Markov chains have converged to the stationary
distribution when the BARSV model is fitted to the series {7k - Figure
6(d) displays the empirical kernel density plots for each parameter which
provides more information about the posterior estimates. As we can see,
empirical kernel densities exhibit a bell-sharped curve fashion. An obviously
asymmetric pattern is observed from the empirical kernel density plots of 3,
and [, since both estimates are drawn from a truncated normal distribution
whose support is (—1,1). Similar conclusions of convergence diagnostics can
be derived when both the TARSV and TARSV-SO model are fitted to the

series {TNIKKED%}-

5 Conclusion

This paper proposes a new type of threshold stochastic volatility model
in which hysteretic switching is allowed between different regimes. This
(BARSV) model is a generalization of the threshold autoregressive stochastic
volatility model proposed by So et. al. [6] and allows us to model the asym-
metric volatility structure in a more flexible way. A full description of the
MCMC estimation method is given and several simulation studies are con-
ducted to verify the validation of our method. Three empirical time series are
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implemented to illustrate the advantages of the BARSV model. Based on the
results of DIC measure, the BARSV model outperforms the TARSV models
in the empirical studies of the daily closing prices of NIKKEI stock average
(NIKKEI225), the exchange rate for US Dollar to Japanese Yen (USD/JPY)
and Hang Seng Index (HSI).

Appendix

A) Define notations:

T the 7th observation belonging to the regime j in chronological or-
der,
i, the 7th latent variable belonging to the regime j in chronological
order,
T the associated time index in the time series {r;},
Z; the design matrix in the measurement equation for regime j,
X; the design matrix in the state equation for regime j,
J the regime indicator where j =1 or j = 2,
T} the size of observations belonging to regime 7 where T} + T, =T
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B) Denote the BARSV model in matrix form:
For Regime 1 (j = 1),

r1,m eXP(_%hl,m)

*

T1|. = T1,me exp(_%hl,m)

741,71'T1 eXp(_ %hl,ﬂ'T1 )

exp(—%hlm) Tr-1 eXp(_%hl,m) Y1,m eXp(—%hl,m)
: : th :
= eXp(_%hLm) Tlme—1 exp(—%hlm) + Y1, eXp(_%hlﬂTt)
: : 0 :
eXp(—%hl,le ) 7’177|-T1 -1 eXp<_%hlyﬂ'T1 ) yl,7rT1 eXP(—%thTl )
= 7,0 + fo\n
where
exp(—hin) O 0 0
0 0
Yy ~ N(Op,, 5y, ) with Yy, = : exp(—hix,)
0 0
0 0 o 0 exp(—hizg,)
Ty leglatriX
hl,m 1 hl,mfl m,m
: : : Io :
h‘l‘ = hlyﬂ't — 1 h177rt71 + 771,71‘15 = X1B1+n(1)7
: : : Bo :
hl,le 1 hlﬂTTl—l .mr,
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where

0 o 0 0 O
: 0o . 0
7 ~ N(0g,, %) with 07, = 0 and%;=|: o2 L | -0
: 0 <0
0 o 0 --- 0 a%
N/ A vV
Ty x1 vector Ty xTy matrix

Similarly, it is easily obtained the matrix form of the BARSV model for
Regime 2.

C1) Posterior distributions of By and Bs:

According to the Bayes theorem, the p.d.f. of the posterior distribution
of By is proportional to the product of the likelihood function and the p.d.f.
of the prior distribution of B, which is denoted as

Jpos(Bal) oc L(Bi-) X f(Bi|po, Ao)
X GXp{ - %(hl - X1Bl)/2f1(h1‘. - XlBl)} exp{ - %(Bl — ,U,())/AEI(BI — ,UO)}

Then,
108(fpos(B1l)) = constant — 3(hy. — X1B1) 57" (). — X1B1) — 5(B1 — o) Ay (By — o),
and the mean of Bj is

pp, = E[B1] = arg max1og( fpos(Bil-))-
1
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By the standard matrix operations, it can be derived that

0 IOg(fpos (Bl
0B,

) = —(hy). — XiB1) ST (=X1) — (By— o) A

= hy X7 X1 - BIXONT' X = BIAG A+ gt
= (hy 57" X0+ sl ) — By (X, 57 X + A
= (hy 57X+ pohg ") = Bi(X, 57 X + A
=0.

= (X271 X0 + A (XET g+ Ay )

= (X107 21Xy + Mg (X 072 Thy, + A )

= (072X, X1 + Ag ) (07 Xy + Ay ).

= 1B, = E[Bl]

Since the support of By does not depend on itself, the Fisher information of
B1 is
— alog(f 08(B1|'>> 2 o lOg(f os(Bl|'))
I(B) =02 = E ( p ) _E|— p
(B) = o5, { 0B, 0B?
= (X;57 X0+ A
= X, 271X + AL
= op =I(B) 7 = (X377 X + A
= (X,0720X, + AJYH
= (072X, X1 4+ AgH) 7L

Therefore, the posterior distribution of Bj is given by

No (072X X0+ Mg ) (072X by + Mg i), (072X X0 + AgH) ™) I(18:] < 1).
(A1)

Similarly, the posterior distribution of By is

Ny ((052X5Xs + Mg ) (052 Xoho + Mg i), (052X, X0 + AgH) ™) I(184] < 1).
(A.2)

C2) Posterior distributions of 02 and ¢3:
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The posterior distribution of o% is

Joos(t]) o< L(ai-) x f(oi|v/2,0\/2)

1 1 )
- (27T)T1/2 det |2|1/2 eXp{ - §<h‘1| - XIBI) by (hl‘ — XIBI)}
(U)‘/2)U/2 2\—v/2—1 VA
* Tojg) el 55)

1 /
x ((71_2)T1/2 exp{ — §af2(h1|. - X1By) (h1|4 — XlBl)} X (0%)_“/2_1 exp(—=—)

1 /
= (U%>*(T1+v)/2*1 exp { — ?Kh” — XlBl) (hl‘. - XlBl)/2 + U)\/Q]}
1

Since the posterior p.d.f. of ¢% is proportional to the kernel function of the
inverse gamma distribution, it is straightforward to obtain that

(A.3)

U%NIG<(T1+U> Tls%%—v/\),

2 2

1 /
s} = —(h1.—X1By) (hy.—X1By) is the mean of squared error of h; in Regime 1.

—_

Similarly, the posterior distribution of o3 is

T Tys3 A
02 ~ IG(( 2;”)), 232;“ ) (A.4)
where
1 /
53 = 7T(hg|.—X2B2) (hoj.—X2B,) is the mean of squared error of h; in Regime 2.
2

C3) Posterior distributions of ©; and Os:

The posterior distribution of ©; is

Jpos(©1]+) o< L(©1]-) x f(O1]p0, Ao)
X exp{ - %(7’{ - 21@1>/I_1(TT|_ — Zl®1)} exp{ - %(@1 - ,ul)lAl_l(@l - Ml)}
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Then,

1 / 1 /
log(fpos(©1])) = COWSta”t—g(TH.—Zl@l) (TT|.—Zl@1)—§(@1—/~L1) ATH(O1— ),
and the mean of ©; is

pe, = E[©:] = arg Hg}xlog(fpos@ﬂ'))

0 0S C'_‘)1 : ! A1
B0 — 1, - 210 (- 2) — (01— ) Ay

= (1) 21 — 0,2, 21 — OJA7" + iy AT
= (1)) Z1 + mATY) = ©4(Z, 2, + A

(
0

= po, = E[01] = (£,20 + A7) N (Ziri + AT )
Since the support of ©1 does not depend on itself, the Fisher information of
O, is
1(01) = 05’ = E{(@log(ggf@lj-))y} —E [ & log(gzg%(@l"))
= (212, + A
= 7,7, + A}
= 0p, =Z(01)" = (Z,Z1+ A7)

Therefore, the posterior distribution of ©; is given by

No((Z, 20+ AT N2 + AT ), (Z 20+ AT T (1] < 1), (A5)

Similarly, the posterior distribution of O, is

/

No((ZyZo + A7) N (Zorsy + AT 1), (Z9Zo + A7) T I(164) < 1), (AL6)

C4) Posterior distribution of rg:
Since 1 = Y11 + Y2170 + Y1, To = (r1 — Y11 — Y1) /¢21. The distribution
of ry derived from the measurement equation is denoted as

e — Y1 eXP(h1))
N .
( Yor 3,
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Combined with the prior distribution of ry, the posterior mean of ry is
ri—t1,1 eXp(hl)
T Ao+ Ho

exp(h1) )\
g, 10

_ Aoexp(hy )t (r1 — 91) + o
1+ Agexp(hy )1/’2 1 '

Hrg =

The posterior variance of rq is

9 Ao exp(hy)hy 7 Ao
UTO = -2 — -1 2
Ao +exp(hi)yy 1T+ Xoexp(hy )3,

Therefore, the posterior distribution of r( is given by

N Ao exp(hy )1/12 1(r1 —¥11) + o Ao A
5 , 5 | (A.7)
1+ Agexp(hy! Y54 L+ Xoexp(hy )3,
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Variable Definition

Ty time series of the observations
Yy time series of the innovations
hy time series of the log-volatilities (or hidden states)
S¢ time series of regime indicators
Uy, Ny white-noise processes

01,60,,05,0, | parameters in observation equation
b1, Pa, B3, B4 | parameters in state equation

01,09 variances of the white-noise processes
2 threshold variable
rL the lower bound of the buffer zone
ry the upper bound of the buffer zone

Table 1: The list of variables in the BARSV model
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Step 0

Initialize the Gibbs sampler by specifying ©”, 0 B B0 52 52 .0 1q

(0)
rth’res :

At iteration n:

Step 1 | Draw ©{" and ©{".
Step 2 | Draw B\™ and B{".
Step 3 | Draw J%W and ag(n).
Step 4 | Draw 7“(()").
Step 5 | Draw pgn),tzl,...,T.
Step 6 | Draw ?"(Ln) and r(Un).
Step 7 | Draw A\, t =T, ..., 1.
Step 8 | Repeat step 1 to step 7 and keep samples after convergence is achieved.
Table 2: MCMC algorithm for the BARSV model

0 0> 05 04 B B2 B3 B4 U% 05 L Ty
Trial 1 | 0.05 -0.05 -0.05 0.05 -0.35 0.7 035 09 03 01 -0.1 0.1
Trial 2 | 0.15 -0.15 0 0.05 -0.15 075 03 095 05 0.1 -0.15 0.15
Trial 3 | 0.2 02 -01 01 -03 07 03 09 02 005 -01 0.2 °
Trial 4 | O 0.25 -0.2 035 -0.25 0.75 025 095 0.2 0.05 -03 0.1
Trial 5| 0 0.25 -0.2 035 -0.25 075 0.25 095 0.2 0.05 0 0.1

Table 3: BARSV (Simulation): parameter values of each trial.
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Parameter

A

Do

Bs

fa

rL

v

True

Value

0.05

-0.05

-0.05

0.05

-0.35

0.7

0.35

0.9

0.3

0.1

-0.1

0.1

Initial
Value

0

0.5

0.5

0.5

0.5

0.5

-0.5

N =100

0.0494 [ 0.0005417]
(10.0106621, 0.0896005)

-0.0496 [ 0.0006226]
(-0.0976819,-0.0070380)

-0.0480 [ 0.0011101]
(-0.0994707, 0.0108876)

0.0538 [ 0.0012714]
(-0.0040833, 0.1076159)

-0.3596 [ 0.0006487]
(-0.4105130,-0.3248975)

0.6911 [ 0.0007030]
( 0.6435550, 0.7329862)

0.3542 [ 0.0004055]
(10.3243129, 0.3893340)

0.8978 [ 0.0005342]
(1 0.8593499, 0.9375143)

0.3126 [ 0.0021296]
(10.2470537, 0.3834312)

0.1050 [ 0.0006892]
(1 0.0658894, 0.1547968)

-0.0962 [ 0.0003811]
(-0.1210256,-0.0652547)

0.1013 [ 0.0002103]
(10.0780835, 0.1222115)

Replication Number
N =300

0.0478 [ 0.0005690]
( 0.0098041, 0.0875631)

-0.0491 [ 0.0006286]
(-0.0880208,-0.0047143)

-0.0465 [ 0.0013067]
(-0.1047969, 0.0151787)

0.0518 [ 0.0016289)]
(-0.0194214, 0.1204969)

-0.3558 [ 0.0007373]
(-0.4067506,-0.3150478)

0.6936 [ 0.0009110]
(10.6414956, 0.7404433)

0.3553 [ 0.0005008]
(10.3199368, 0.3938148)

0.8961 [ 0.0005534]
( 0.8570659, 0.9343741)

0.3110 [ 0.0021619]
(10.2305248, 0.3828782)

0.1023 [ 0.0007595]
(10.0628706, 0.1547058)

-0.0978 [ 0.0004803]
(-0.1286806,-0.0610273)

0.0992 [ 0.0002749]
( 0.0762078, 0.1224401)

N =500

0.0474 [ 0.00(
( 0.0077009, 0.0:

-0.0485 [ 0.00(
(-0.0914900,-0.0

-0.0486 [ 0.00:
(-0.1083979, 0.0

0.0509 [ 0.001
(-0.0194214, 0.1

-0.3557 [ 0.00(
(-0.4002444,-0.3

0.6940 [ 0.00(
( 0.6433786, 0.7

0.3555 [ 0.00(
(1 0.3204410, 0.3

0.8959 [ 0.00(
(1 0.8564474, 0.9

0.3101 [ 0.002
(10.2331755, 0.3

0.1030 [ 0.00(
(10.0621859, 0.1.

-0.0981 [ 0.00(
(-0.1296079,-0.01

0.0985 [ 0.00(
( 0.0706633, 0.1

Table 4: BARSV (Simulation): posterior means , posterior variance (in
square brackets) and 90% credible interval (in parentheses) associated with

Trial 1.
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Parameter 0, 0, 0 0, b1 Ba Bs Ba o? c
Trial 2

True 0.15 -0.15 0 0.05 -0.15 0.75 0.3 0.95 0.5 0

Est. 0.1424 -0.1456 0.0092 0.0556 -0.1537 0.7465 0.3068 0.9453 0.5059 0.1
Variance  0.0008 0.0006 0.0019 0.0016 0.0008 0.0006 0.0007 0.0003 0.0039 0.0
Trial 3

True 0.2 0.2 -0.1 0.1 -0.3 0.7 0.3 0.9 0.2 0.

Est. 0.1961 0.2020 -0.0890 0.1090 -0.3088 0.6916 0.3043 0.8903 0.2081 0.0
Variance  0.0006 0.0006 0.0016 0.0021 0.0005 0.0008 0.0003 0.0006 0.0011 0.0
Trial 4

True 0 0.25 -0.2 0.35 -0.25 0.75 0.25 0.95 0.2 0.

Est. -0.0041 0.2521 -0.1934 0.3541 -0.2573 0.7430 0.2553 0.9441 0.2087 0.0
Variance  0.0006 0.0007 0.0017 0.0013 0.0004 0.0005 0.0002 0.0003 0.0010 0.0
Trial 5

True 0 0.25 -0.2 0.35 -0.25 0.75 0.25 0.95 0.2 0.

Est. -0.0078 0.2545 -0.1971 0.3520 -0.2554 0.7436 0.2564 0.9435 0.2085 0.0
Variance  0.0011 0.0009 0.0013 0.0010 0.0005 0.0007 0.0003 0.0003 0.0011 0.0

Table 5: BARSV (Simulation):

Estimation results in terms of Trial 2, 3, 4

and 5.

# of Obs.  Mean Variance Skewness Kurtosis
TNIKKEI225 2208 0.0036 2.6855 -0.5347 10.6958
T2 kB 2208 2.6843 69.8590 11.4401 178.3183
log (72 k) | 2208 -0.7796 5.6487 -0.9014 3.8855
Tuspapy 2348 0.00073 0.4494 0.1209 7.6500
[ 2348 0.4492 1.3427 10.8614 213.8575
log(rsnpy) | 2467 -2.5187 5.3522 -0.7137 3.2246
Tust 2467 0.0202 2.7311 0.0456 11.8906
TI2{SI 2467 2.7303 81.2175 11.7472 191.5400
log(r2,) 2467 -1.0695 7.1169 -0.9631 4.0118

Table 6: Summary statistics for the log daily return (%) of NIKKEI225,
USD/JPY and HSI
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Parameter

01

A

Do

Bs

fa

rL

Ty

Tthres

BARSV

-0.0357 [ 0.0209544]
(-0.2764898, 0.2007253)

0.0317 [ 0.0067379]
(-0.1035775, 0.1664631)

0.0169 [ 0.0008984]
(-0.0322285, 0.0663064)

-0.0817 [ 0.0010522]
(-0.1352179,-0.0284628)

-0.2323 [ 0.0015606]
(-0.2978694,-0.1675909)

0.9782 [ 0.0002972]
(10.9447314, 0.9983791)

0.0819 [ 0.0001340]
( 0.0635793, 0.1015549)

0.9904 [ 0.0000551]
(10.9760163, 0.9991605)

0.0977 [ 0.0006281]
( 0.0621638, 0.1436012)

0.0292 [ 0.0000600]
(10.0184105, 0.0430850)

0.7712 [ 0.0016408]
( 0.7130471, 0.8451786)

0.9790 [ 0.0022706]
( 0.8950070, 1.0511998)

TARSV

-0.0297 [ 0.0171934]
(-0.2459309, 0.1832046)

0.0306 [ 0.0059503]
(-0.0961136, 0.1580550)

0.0131 [ 0.0009921]
(-0.0393157, 0.0652673)

-0.0839 [ 0.0011796]
(-0.1396947,-0.0264909)

-0.2237 [ 0.0015561]
(-0.2885019,-0.1590855)

0.9821 [ 0.0002286]
(1 0.9520063, 0.9988807)

0.0922 [ 0.0001956]
(10.0703340, 0.1156657)

0.9844 [ 0.0001009)]
(10.9662259, 0.9930935)

0.0786 [ 0.0005766]
(10.0459669, 0.1230970)

0.0376 [ 0.0000822]
(1 0.0250591, 0.0541950)

0.8159 [ 0.0019609]
( 0.7417181, 0.8800605)

TARSV-SO

-0.0381 [ 0.0026210]
(-0.1234659, 0.0466065)

0.0227 [ 0.0020591]
(-0.0515929, 0.0966541)

0.0335 [ 0.0031238]
(-0.0575817, 0.1252002)

-0.0641 [ 0.0022819)]
(-0.1429155, 0.0150084)

-0.0787 [ 0.0005360]
(-0.1171084,-0.0406688)

0.9538 [ 0.0004326]
(1 0.9193658, 0.9883975)

0.1318 [ 0.0008226]
( 0.0858596, 0.1798716)

0.9622 [ 0.0005102]
(10.9209933, 0.9945673)

0.0442 [ 0.0000663]
(10.0321936, 0.0586047)

0.0442 [ 0.0000663]
(10.0321936, 0.0586047)

0[]

Table 7: Summary statistics (NIKKEI225): posterior means , posterior vari-
ance (in square brackets) and 90% credible interval (in parentheses)
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Model D pD DIC
NIKKEI

BARSV ~ 7388.729 158.0590 7546.788
TARSV ~ 7392.399 162.9333 7555.332
TARSV-SO 7464.614 153.2396 7617.853
USD/JPY

BARSV ~ 3863.661 228.2101 4096.871
TARSV ~ 3901.433 208.8672 4110.301
TARSV-SO  3926.655 193.7104 4120.365
HSI

BARSV ~ 7967.365 162.8512 8130.216
TARSV ~ 7981.356 166.7117 8148.068
TARSV-SO  8040.516 150.4509 8190.967

Table 8: Model Comparison (NIKKEI225, USD/JPY and HSI)
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(c) Kernel density plots of parameters

Figure 1: BARSV (Simulation): One replication of Trial 1
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Figure 2: BARSV (Simulation): time series plot of true h; and its estimated

value h; in one replication of Trial 1
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Figure 3: BARSV (Simulation): time series plot of the observation r; and
the negative estimated volatility — exp(h;/2) in one replication of Trial 1
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Figure 4: Time series plots for the log-daily-return (%) of NIKKEI225,
USD/JPY and HSI
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(c) Ergodic average plots

(d) Kernel density plots

Figure 6: BARSV (NIKKEI225): Convergence diagnostic

38



| RN LY T T ]
LR

Figure 7: Regime switching of TARSV and BARSV models among the 5015
- 700" observations in series ryg

15 T T

r

Q99( - CIP(ilt/Q)) 1

10 -

5 u

e e

o

S5

-10 - n

.15 | | | | | | | | | |
200 400 600 800 1000 1200 1400 1600 1800 2000 2200

Figure 8: BARSV (NIKKEI225): the 99" percentile of the negative esti-
mated volatility — exp(h;/2)
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