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1 MCMC algorithms

1.1 MCMC algorithm for the MASVM model

The parameter vector for this model is 8 = (,u, ks O, 0,2], v, h = {ht};f:l, )\). For convenience, we first

write down the likelihood function of the model:

T
f(yl0) = (2m) TP exp{=>  he/2} exp{—(y — plr — du) (H,' VS H Ny — plr — du)/2}
t=1

where y = (y1,y2,...,yr) is the data set, 17 = (1,1,...,1)" is a T' x 1 vector of ones,

Y — dmg(em’e@7 o ,ehT)7 u= (ehljehQ, .. ,ehT)/ and
1 0 0 - 0
v 1 0 ... 0

Hy=| 0 ¢ 1 - 0
00 -+ ¢ 1

From the volatility equation we also get
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T-1
F(RIG, s o) = (2m05)~T72/1 — §2 exp{— Z her — pn — S(he — pn))? — 20¢
=1

5 (h1 — 1)}
1

The full conditional distributions and related updating steps are as follows:
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where S = ((MO/V#,)\O/V)\)’—l—X’(Hl)/E1H1y) , D= (diag(l/Vu, 1/V)\)+X’(H1)’21H1X>
and X = (17, u).

So, we update these jointly by drawing from the above bivariate normal distribution.
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f(ol-) o v/1 —¢2€XP{ 0727 ; hty1—pn—p(he— Mh)) - 2072] (h1—pp) —ﬁ(ﬁb—%) Lc1<p<t)

This is therefore not of a known form, so we use a Metropolis-Hastings step with proposal density
N(mg, By)L(—1<p<n), with By = (1/Vy + X Xy /0p) ', my = By - (¢0/Vy + Xy Zs/07), where

X¢ = (hl — HUpy ey hT,1 — /~Lh)’ and Z¢ = (hg — Uh, ...,hT — Mh)/'

T-1 9
_ o 1— S
F(O02]-) o (02)T/2(2) 1exp{ 5 O (hepa—pn—(hy—pn))*~ 20_5) (hl_ﬂh)z_%h?}
t=1

O'

Therefore, the full conditional distribution for 0727 is

T-1
1G <Vh +T/2,80+ Y (huer = pn = $lhe = pn))? /2 + (1 = ¢°) (1 — Mh)/2>7

t=1

from which we can directly draw.
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Therefore, the full conditional distribution for uy, is N(Dy, - Sy, , Dy, ), where
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n
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and

n

- | Tl
Sup, = | o/ Vi, + 72 hi + = ;(htﬂ — ohy) .

f@]--+) oxexp {—(y—ulT—AU)/(HJI)/E_lHJI(y—ulT—AU)/2} exp {—2‘1/1/}(1#—1#0)2}1(—1@@)

where ¢ appears also in the matrix H,. This is not a standard distribution, so we update it

again using a Metropolis-Hastings step as in Chan (2013).

f(h]--+) o< f(y10)f (R, un, 07)

T
o exp { =D /2= (y = pdr = ) (ST H S (y — pdr - Au)/2}

71 L1 .
X exp 207 Z hivt = s = Glhe = pn))” = —5—5= (k1 = pn)” ¢
t=1

7
where h appears also in u.
The above expression is not of known form and quite complicated. To sample from it, we
approximate it by a Gaussian distribution, which is then used as a proposal density within
the Acceptance-Rejection Metropolis-Hastings (ARMH) algorithm (see, for example, Tierney
(1994) and Chib and Greenberg (1995)). Candidate draws from the Gaussian approximation
are obtained, using the precision sampler of Chan and Jeliazkov (2009), instead of Kalman

filter-based methods.

In particular, the density f(h|®, un, 072]) is Gaussian, that is, h|®, up, 03] ~ N(H(;lfb, (H(;f]_lﬂqg)_l),
where h = (yu, (1 — @) pns ., (1 — d)up), S = diag(o 2/(1 — ¢?), 02 o ...,0727) and Hy is a lower tri-

angular sparse matrix (with det(Hy) = 1 - hence, it is invertible):

1 o 0 - 0
—¢ 1 0 --- 0
Hy=l0 —¢ 1 -+ 0
o 0 - -9 1

The logarithm of f(h|p, up, a%) can be written as

1
logp(h|¢),,uh,072]) = constant — §(h'H('25 “'Hsh — 2h’H’ ~1h).



The density f(y|@) can also be approximated by a normal density. By taking the second order
Taylor expansion of the logarithm of f(y|@) around h, which is the mode of the posterior

log f(h|---) (see below), we have
log f(y|6) ~ log (y|6, h) + (h — h)'f -

1 3
= constant — i(h'Gh — 2h/(f + Gh)),

where f = (f1,..., fr)" is the gradient vector with

0 11 _ _ ' _ 1 - -
log f(ye|p, As he, ¥) = —54‘56 ht(le(y—MlT))(t)(H¢l(y—ﬂlT))(t)—i)\z((le) Hw 1U)(t)7

ft:%

t =1,..,T, evaluated at h = h, and G = diag(G1, ...,Gr) is the diagonal negative Hessian of
the log f(y|@), with
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9 | — ’ -1 Lo 1y -1
Gtz—a—fﬁlogf(ytlmk,ht,w) = F5e 1 (Hy (y=plr)) o (Hy (y=plr)) i+ A ((H, ) Hy u)a),

t=1,...,T, evaluated at h = iL, and where v(;) denotes the i-th element of vector v.

The logarithm of the posterior distribution of the volatility vector therefore becomes
1
log f(h|---) =~ constant — i(h/Khh —2h'kp,) =:log q(h),

where Kp, = H(;EA]_IH¢ +G, kp=f+Gh+ H(’z)f]_liz and q(h) o< N(m, K1), with
m = Kp 'kp. In other words, the posterior distribution of the volatility vector can be approx-

imated by a normal density with mean 1 and precision matrix Kp.

For efficient sampling, the point I~1,, around which the second order Taylor expansion is taken,
is the mode of the posterior log f(h|---). The negative Hessian of this posterior distribution
evaluated at h = h is K}, and the gradient evaluated at h = h is -Khiz +kp. To find the mode,
we apply the Newton-Raphson method as follows: 1) Initialize h = () for some constant vector
h(M. 2) Set h = A" for I = 1,2, ..., and compute Kp, kp, and R0t = b0 4+ K; 1 (- K, h® +

kn) = K n kp. This process is repeated until convergence is achieved.

1.2 MCMC algorithm for the MASVL model

The parameter vector for this model is 8 = <u, hy G, 03], Y, h = {ht}tlel, p). An additional compli-

cation is that y = (y1,¥2,...,yr) and h are not independent (because of the leverage part), nor



are Y, ys, t # s (because of the MA part). It is therefore easier to work with the transformed
y = Hy(y — plr), where Hy, and 17 are defined as in the MCMC algorithm for the MASVM model.

The joint distribution of ¢ and h is

T T
1 — @2 _
(y7h"0 Hf yt7ht+1‘/’th7¢7ar2]7¢7p7 {hj}j<t+1) - (27T)T+1O_7¢(0'727(1_02)) T/Qexp{_zht/z}
t=1 n t=1
/ / /
y 0 y 0
X exp § —5-5h1 — o - * 571 x v — /2
hig1 pn + @(he — pn) by pn + ¢(he — pn)
el POy eht/2
where S =
pane’“/Q 0727

From this, it is straightforward to get the conditional distribution of g given h and @ which is,

T oht/2

f(g|h,0) x exp {—2(11_102) Ze_ht (Gt —p .

t=1 n

(htx1 — pn — o(hy — Mh)))Z} :

The full conditional distributions are now as follows:

#|"'NN(Du'SuaDu)a

where S, = (uo/Vy+ Vp(Hy, ' YE~ (Hy 'y — £ explhy/2H(h* —plr—o(h™ — L))/ (1—p2),
Dy = (1/Vi + 1 (H ST H /(1= p )1 = diagleh e . o),

ht = (hg,... ,hTJrl) and h™ = (hl,... ,hT).

/2

T
f(¢|---)o<exp{ 21_ Ze ht (9 — (ht+1—ﬂh—¢(ht—ﬂh)))2}x
t:l

T
1 1 — ¢? 1
V1 —¢?exp { 307 t§1 he1 — pn — G(he — pun))* — 5o (1 — ) — 3, (¢— ¢0)2}1(1<¢<1)

n

To update ¢ we use a Metropolis-Hastings algorithm with proposal density N (mg, By)1(—1<g<1);

where

~1
By (1/V¢+Z he = kn)? /oy + 5 (EXP{%}/(hf—Mth) )E, (eXp{f}( —Mth))> ;

t=1

-_ "(ht— -7 ’ - —
= By- <€  h—padr) (idn) b (exp{ B} (B — palr) )5, (G — £ (exp{ " }(RT - uhm)))

n

and X, = diag (" (1 — p?),e"2(1 - p?),...,e"7(1 = p?)).



2 1 T i
flogl--+) o< exp —er_t be—p— (hes1 — pin — ¢(he — pin)) X

t=1 n

T
(0,2)77’/2(0.2)7%71 exp{ — i Z ht+1 Ly — (ht _ Mh))Q _ 1 - ¢2 (hl . Nh)Q _ i
K K 202 — 202 202

As opposed to the MASVM model, this distributional form does not correspond to a known

distribution. Therefore, to update the value of 072] we again use Metropolis-Hastings with proposal

density IG (v 4(T+1)/2, Sp+(1—¢?)(h1—pun)?/2+e, en/2), where e, = T —¢h™ —(1—d)up1r.

ohe/2 2
fQpnl---) ocexp § — Ze " <yt (ht+1 — pn — d(he — Mh))) x

t:1

T
1-¢? 2 1 2
S (h — (h - hy — pn)? — .
eXP{ 202 2 11 — pn — d(he — pin))? 202 (h1 — n) ZVM(”’L Hho)

Therefore, the full conditional distribution for uy, is N(Dy, - Sy, , Dy, ), where

_4\2,2 — 7 -\
Dy, = (1/ Vi + T(L = §)* /02 + (1 = 67) /02 + % exp{—%} =, explly]) - and

S = (n0/ Vi + 581 + 52 S (e = 9he) — 25 exp{~ )5, 15 — £ exp{B-}(h+ — oh7)).

1 T he/2 2 . 2
JWl ) ocexpd —ga=—s 3 e (y — p—(htsr = un = d(he - uh») - %Vf” I-1<ps)

n

where 1) also appears in § = Hy(y — pl7). This is not a standard distribution, so we update it

using a Metropolis-Hastings step as in Chan (2013).

f(h]-+) o exp {—2(1 Ze_ht(gt - Pea (hut1 — pn — ¢(he — ,Uh)))Q} X

2

T T
1_
exp{ - hi/2- 2072 Z hiyr — pn — S(he — pn))* — 52 (M= Mh)Q}-
j=1 mt=1

To update the volatility vector we use the same method as the one used in the MASVM model.
We only need to modify the algorithm as follows: The gradient vector £ = (f1, ..., fr4+1)" and the

negative Hessian matrix



G11 Gig 0 s 0

Ga1 G2 Ga3 e 0
G= ,
0 - Grr-1 Grr Grr41
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are calculated as follows:

The logarithm of the conditional distribution p(g¢|he, hi+1, i, (b, Py, fh, ag) is given by

(ht+1 i — S(he — pp)))?

10gp(?]t|ht’ht+1aﬂ, ¢7 Pﬂ/)aﬂhaffg) 1 22) Zt 1€ ht(
— 2log (2m(1 — p?)) — %

Setting pr = p(Ge|he, het1, 1, G, py U, i, 0,2]) for notational convenience, we have

f1 = Hospe f:w
1 dhe > Jt dhy ;

_ _ d?logpy __ d*(logpi+logpi_1) _ d%logp:
Gll - = dhf ) Gtt - = dh? ) Gt 1,t 7dhtdht+17

for t = 2,...,T + 1, evaluated at h = h, where

Lo — L ol (— iy — 20%0(hest — Ohe — pn(1 = )02
+ exp(lgi72)on (ht+1 — ohy — Mh(l - (b) + 2¢)>7

2 O, t 13

d ;h%P =50 p2) <exp(ht) + 2p2¢2/0' — W (ht+1 — ¢ht — /Jh(l — §Z5) + 4¢)),
ddl];)tgfit = (- p2) ( P ht+1 ¢ht - /’Lh(l - (b))/o-% + eXp(ng/)Z)Un)’

d? logpt _ p>

th_l - (1- p2)0',,2]7

d*logpy _ 2 _ gp
dhihiy1 1 p2) ¢/U QUneXp(ht/Z) .

1 T eht/2 ?
f(pl--+) oxexp =) Zefht <Z)t —r (hit1 — pn — @(he — Mh)))

n

1
X (1= p?) T exp{—=—(p — p0)*H(_1<pct)-
2V,

This is not a distribution we can directly draw from. However, since p is defined in the unit

interval, we can use the Griddy-Gibbs method.

1.3 MCMC algorithm for the SVML model

The SV in mean model with leverage (SVML) is given by

:u+)\eht—|—eht/26t, t=1,...,T



hiyr = pn + d(he — pn) +me, 0] <1

where the joint distribution of the errors ¢; and 7, is bivariate normal; namely,

h hi/2
€t 0 e pope’t
] ~ No ’
Nt 0 paneht/Q 072,

This model was proposed by Abanto-Valle et al. (2011). The MCMC algorithm for the SVML model
is straightforward. The step that requires some modifications is the update of the volatility vector,
in which the derivatives that appear in the gradient vector and the Hessian matrix take the following
form:
o — L by (- R oh(y — = Aexp(he)) = 202011 — dhe — (1 — 8)) /0
et (hiyy — Ohy — (1 = 6) +26) + 2222 (B — hy — (1 - 6) — 26)),
e —— sy (U 4 oAy — 1 — Aexp(h) + 2% exp(hy) + 2067
— ot (b1 — Ohy — (1 — §) +46) + 2SI (Gl — g (1 - 6) — 49)),

) —p—Aexp(h
Cillhi_plt = (1jp2) (_P (ht+1 - ¢ht - :uh(]- - ¢))/O-72] + (yt e)/:p(ht/;;(a'nt))p)a

2

d? logpe _ __p

anZ., — T (1—p%e2’

d*logpy 1 2602 — (ye—p)p  Apexp(hi/2)
dhihiy — (1=p2) \P n " 2o, exp(hi/2) on :

2 Simulated data

In this section we conduct two simulation experiments to evaluate the accuracy of the estimation
methods for the two proposed models. In each experiment we created data from the relevant proposed
model and then applied the MCMC algorithm of the corresponding model. For each simulation
exercise, we also applied the same data to the nested versions of the corresponding proposed model,
in order to assess the contribution of the model components.

In our MCMC simulations we used 50000 iterations, after discarding the initial 30000 runs (burn-in
period). For comparison purposes, we calculated the marginal likelihood and the observed-data DIC
for the models of interest. For the marginal likelihood the observed-data likelihood is evaluated, using
My = 1000 and Ms = 50 draws from the importance densities. To compute the observed-data DIC

value we run three parallel chains and then we took the average of these DIC estimates.

2.1 Numerical illustration for the MASVM model

We generated T=800 observations from model (1)-(3) of the main paper with the following parameter

values: 1= 0.2,A = 0.7,¢ = 0.4, up, = 0.2, ¢ = 0.98 and o7 = 0.01.



We applied these data to three different models: the proposed MASVM model and its special cases,
the MASV (i.e. for A = 0) and SVM (i.e. for ¢ = 0) models. We used the same, quite uninformative

priors for most of the common parameters in these models. Specifically, we took
p ~ N(0,10), u, ~ N(0,10),¢ ~ N(0.97,0.01)1(_1<p<1), 07 ~ IG(5,0.16).
For the other parameters, we used
A ~ N(0,100), % ~ N(0,100)1(_1yc1)-

Table 1 presents the posterior means and standard deviations of the parameters for the three models.

Table 1: Simulation results for the MASVM model and its nested versions. Standard deviations in
parentheses.

Model MASV SVM MASVM
True value | Mean (stand. dev.) | Mean (stand. dev.) | Mean (stand. dev.)
L=02]| 1.058 (0.057) 20.244 (0.542) 0.274 (0.163)
pn =02 0.323 (0.200) 0.267 (0.122) 0.274 (0.181)
A=0.7 1.043 (0.596) 0.651 (0.135)
p=04| 0.383(0.033) 0.357 (0.035)
¢» =10.98 0.962 (0.017) 0.901 (0.051) 0.960 (0.017)

02 =001 | 0.023 (0.007) 0.018 (0.004) 0.021 (0.006)
Log ML -1289.0 -1320.8 -1280.3
DICops 2563.5 2619.4 2559.8

For the proposed MASVM model, based on which the data were generated, we get fairly good
estimates for all parameters. However, this is not the case for the rest of the models. In particular,
the MASV model fails to satisfactorily estimate the parameters p and py, while the posterior means
of u and A are quite far away from their true values in the SVM model.

As expected, the MASVM model has the best fit to the simulated data as it produces the largest
log marginal likelihood value and the smallest observed-data DIC value. As far as the MASV and
SVM models are concerned, the MASV model has better fit to the data than the SVM model, under
both criteria.

As a robustness exercise, we also employed the MASVM model with a beta B(20, 1.5) prior for ¢,
(as in Nakajima and Omori (2012)), as well as the more vague N(0,1)1(_j<4<1) prior for the same
parameter. In both cases the simulation results were essentially the same with the ones above. These
results are presented in Table 2

As we mention in the main paper (see section 2.3), higher ¢ could lead to higher A. To capture



this dependence we use the following joint prior on (¢, \):

P6N) = POWON) = N6 Vo)l -1coeny N (108 (15 ) 12) - ()

In other words, ¢ is given the same prior as before, whereas the prior of X is a normal distribution,
centered at the value log(“_'—‘z’) (which is an increasing function of ¢). Alternatively, one could use
tanh(¢) instead of log( g)

In the MCMC code, the only changes will be the full conditionals of A and ¢. For the full conditional
of A\, we just need to replace Ao with log(1+¢) (or tanh(¢p)), so we can draw (u, A) jointly, as we do in

the MASVM algorithm, with this substitution.
For ¢, the posterior expression becomes
F(@l ) ocexp {—; ST (et === pan) P =55 (=)= 5 (6= 0)P— 5 (A = 1og(g))2}
X /1= ¢ 1 _1cpen)-
The only difference from above is the last part inside the exponent. This is therefore not of a
known form, so we use a Metropolis-Hastings step.The simulation results with this joint prior are
presented in the last column of Table 2

Table 2: Simulation results for the MASVM model with alternative priors. Standard deviations in
parentheses.

Model MASVM MASVM MASVM
Prior for ¢ B(20,1.5) N0, D1 _1cp<n) p(A, @)

True value | Mean (stand. dev.) | Mean (stand. dev.) | Mean (stand. dev.)

L=02] 0283 (0.148) 0.260 (0.156) 0.299 (0.209)

un=02|  0.146 (0.200) 0.145 (0.163) 0.267 (0.156)

A=0.7] 0.624 (0.134) 0.645 (0.144) 0.617 (0.158)

=04  0.363 (0.036) 0.387(0.036) 0.355 (0.035)

¢ =098 | 0.968 (0.012) 0.954 (0.020) 0.956 (0.017)

02 =001 |  0.019 (0.005) 0.0203 (0.005) 0.021 (0.008)

2.2 Numerical illustration for the MASVL model

We constructed T=800 data points from model (4)-(6) of the main paper, using the following parameter
values: u=0.2,p = —0.5,v = 0.6, up, = —2,¢ = 0.94 and J% = 0.01.

We applied these data to three different models: the proposed MASVL model and its special cases,
the MASV (i.e. for p =0) and SVL (i.e. for 1 = 0) models. We used the same, quite uninformative

priors for most of the common parameters in these models. Specifically, we took

p~ N(0,10), u, ~ N(0,10),¢ ~ N(0.97,0.01)1(_1<p<1), 05 ~ IG(5,0.16).

10



For the other parameters, we used

¥~ N(0,100)L(—1<p<1),p ~ N0, 1)1(_1cpcr)-

Table 3 presents the posterior means and standard deviations of the parameters for the three models.

Table 3: Simulation results for the MASVL model and its nested versions.

Standard deviations in

parentheses.
Model MASV SVL MASVL
True value | Mean (stand. dev.) | Mean (stand. dev.) | Mean (stand. dev.)

=02 0163 (0.022) 0.162 (0.015) 0.172 (0.022)
un=—2|  -1.925 (0.099) _1.670 (0.112) ~1.973 (0.100)
Y =0.6 0.639 (0.028) 0.620 (0.028)
¢ =0.94 0.912 (0.036) 0.929 (0.027) 0.933 (0.031)
p=—0.5 -0.329 (0.139) -0.522 (0.167)
02 =001 | 0.030 (0.011) 0.032 (0.013) 0.019 (0.009)

Log ML -379.9 -504.7 -376.9

DIC s 742.4 994.6 734.2

The posterior means for all parameters in the proposed MASVL model are closer to the actual
values of the parameters than those of the nested models MASV and SVL. For example, the SVL
model does not estimate p well. Also, both the MASV and SVL models substantially overestimate
the error variance 072,.

In terms of the log marginal likelihood and the DIC\;,, the MASVL model is performing best, as
expected. Regarding the other two models, both criteria significantly favour the MASV model.

As for the case of the MASVM model, we used the beta prior B(20,1.5) and the vague prior
N(0,1)1(_1<¢<1y for parameter ¢ of the MASVL model. The results are presented in Table 4, and

correspond to no substantial change from the previous priors.

Table 4: Simulation results for the MASVL model with alternative priors. Standard deviations in
parentheses.

Model MASVL MASVL
Prior for ¢ B(20,1.5) N0, D1 1<)
True value | Mean (stand. dev.) | Mean (stand. dev.)

L=02] 0.208 (0.022) 0.207 (0.021)
pn=—2| -1.987 (0.071) ~1.979 (0.067)

Y =0.6 0.604 (0.030) 0.603 (0.030)
=094  0.951 (0.070) 0.950 (0.083)
p=-0.5 -0.482 (0.186) -0.530 (0.276)

02 =001 |  0.026 (0.009) 0.029 (0.012)

In comparing the simulation results for the two proposed models, three conclusions can be drawn.

The first one is that omitting any of the components of the proposed SV models leads to biased

11



estimation results. The second conclusion is that, based on the DICs and the ML values, the SV
model with only the moving average part yields a better model fit than the SV with only in-mean
effect (in the first case) or only leverage effect (in the second case). The third conclusion is that data
of the second type used, i.e. data from a MASVL construction, are better fitted (closer posterior
means to the true values) by the corresponding models, compared to MASVM-type data. This means

that the inclusion of the in-mean effect creates bigger estimation challenges than the leverage effect.

2.3 Comparison of our method for updating the volatilities with those of Shephard
and Pitt (1997) and Omori and Watanabe (2008)

In this simulation study we examine the efficiency of our proposed MCMC methods, based on the
Chan (2017) algorithm for the update of volatilities, to those based on the Shephard and Pitt (1997)
and Omori and Watanabe (2008) algorithms. To this end, we repeat the simulation exercises that we
considered in sections 2.1 and 2.2 of this Online Appendix. Efficiency is measured both in terms of
correlations of the posterior draws and computational time. The algorithms are implemented using
MATLAB R2017a on a desktop with Intel Core i5-3470 @ 3.20 GHz 3.20 GHz processes with 8 GB
RAM.

Regarding the MASVM model, in order to update the latent volatilities, we use the method of
hephard and Pitt (1997). In particular, we adopt a straightforward modification of the Abanto-Valle
et al. (2012) approach, who used the block sampler of Shephard and Pitt (1997) in the context of a

SV in mean model with heavy tails. The results are presented in Table 5.

Table 5: Simulation results for the MASVM model. Standard deviations in parentheses.

Method Chan (2017) Shephard and Pitt (1997)
True value Mean (stand. dev.) IF Mean (stand. dev.) IF
uw=0.2 0.274 (0.163) 1.1872 0.271 (0.161) 1.375
= 0.2 0.274 (0.181) 2.7196 0.279 (0.180) 4.892
A=0.7 0.651 (0.135) 15.018 0.649 (0.141) 35.311
=04 0.357 (0.035) 1.3249 0.323 (0.038) 1.8603
¢ =0.98 0.960 (0.017) 30.517 0.959 (0.019) 49.857
072] =0.01 0.021 (0.006) 72.322 0.021 (0.014) 105.332
computational time 1928.18 seconds 3581.48 seconds

The second column replicates the simulation results in Table 1, using the method of Chan (2017),
whereas the fourth column displays the corresponding results when the method of Shephard and Pitt
(1997) is used. To monitor the mixing of each algorithmic scheme, we report the Inefficienty Factor
(IF') values (lower values correspond to better mixing).

Comparing the two IF columns, it is evident that the mixing of our proposed algorithm yields lower

autocorrelations of the posterior draws than that based on Shephard and Pitt (1997). Furthermore,
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our algorithm, which exploits sparse matrices, speeds up the computations relative to the Shephard
and Pitt (1997) method, which is based on Kalman filter techniques. The above conclusions continue
to hold for the nested versions of the MASVM model.

For the case of the MASVL model, we compare our proposed algorithm with that based on Omori

and Watanabe (2008) for the update of the volatilities. The results are presented in Table 6.

Table 6: Simulation results for the MASVL model. Standard deviations in parentheses.

Method Chan (2017) Omori and Watanabe (2008)
True value Mean (stand. dev.) IF Mean (stand. dev.) IF
w=0.2 0.172 (0.022)  2.656 0.179 (0.035) 3.598
py = —2 -1.973 (0.100)  1.120 -1.971 (0.134) 1.730
¥ =0.6 0.620 (0.028)  2.410 0.619 (0.030) 2.472
¢ =094 0.933 (0.031) 117.831 0.945 (0.056) 134.234
p=-—0.5 -0.522 (0.167)  47.623 -0.549 (0.165) 54.293
o2 = 0.01 0.019 (0.009) 136.442 0.021 (0.042) 143.193
computational time 333.92 seconds 499.84 seconds

Again, our MCMC algorithm for the MASVL model is faster and produces lowers autocorrelations
in the posterior draws of the parameters. Similar results hold also for the nested versions of the

MASVL model.

3 Additional empirical results

In this subsection we applied the MASVM model, with the joint prior (7) on (¢, A), on all empirical
applications. The results are presented in Table 7. As mentioned in the same paper, the usage of tis

prior did not create significant changes in the posterior results.

Table 7: Empirical results for the MASVM model based on the joint prior on (¢, A).

Dataset Equity Hedge S&P500 PHP/USD Energy returns
Mean IF CD Mean IF CD Mean IF CD Mean IF CD
I 0.089%  7.461 -0.453 0.067* 1.811 1.722 -0.009 2.336 -0.664 0.314 3.100 0.035
(0.013) (0.029) (0.017) (0.291)
A -0.472*  6.569 1.100 -0.072 1.489 -0.895 0.009 1.866 1.356 -0.008  2.197 -0.112
(0.109) (0.053) (0.146) (0.013)

¢ 0.175% 2449 -1.947  0279% 2183 2022  0.142% 1713 0.168  0.214%* 1.614 -0.205
(0.023) (0.020) (0.026) (0.034)
o -2153% 1223 0296 -0.641%  1.062 -0.044  -2.216% 1.256 -0.321  3.012% 1.239 1219

(0.178) (0.205) (0.264) (0.213)
¢ 0.971% 147.65 1952  0.986* 34579 -1.338  0.978% 40.743 2905  0.959% 60.102 0.326
(0.008) (0.004) (0.008) (0.014)

o2 0.039% 361.85 -1.941 0.014* 132.98  1.009 0.023* 108.96 -2.664 0.046* 132.14 -0.328
(0.008) (0.002) (0.005) (0.013)
*Significant based on the 95% highest posterior density interval. Standard deviation in parentheses (for the estimated
parameters). IF stands for Inefficiency Factor and CD stands for Convergence Diagnostics.
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