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o GARCH in an hour or less.
o Realized GARCH Model
o Multivariate Realized GARCH
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Heteroskedasticity

o You may know about “controlling” for Heteroskedasticity

o In regression model, Y: = X[/ + ¢, the least squares estimator

n -1 n
B - fB= ZXtXt/ thi‘?t,
t=1 t=1

o LLN

1 n

=X X! B EXeX],

i3
o and CLT

% Z Xeee & N(O, [E(X:X(£2)]).
t=1
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Heteroskedasticity

o By Slutsky

-1

V(B - ) = [% > xX;
t=1

1 & d
% thfft — N(O,ZB),
t=1

o with

Y5 = [EXX!] ! [E(XeX(2)] [EX:X]] .

o Classical assumption (Homoskedasticity)
E(X:X{et) = E(XeX{)E(e?),

@ so that

Y5 =02 [EX:X!] .
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Heteroskedasticity

o Computing standard errors based on
. 1 1 1 o
S5 = (; > thg> - > XeX(e? (; > th;> :

@ Is accounting for the possibility that

E(XeX{et) # E(XeX{)E(e?),

@ or equivalently, that
var(e¢| X;) = E(£2]X,),
might depend on X;.
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Conditional Expectation

o A conditional mean
E(Y]X),

implies
E(Y|X) = g(X),

for some function g.

@ So we could attempt to model the heteroskedasticy
E(e7]Xe) = g(Xe),

with a suitable specification for g (instead of “accounting” for it).
o ARCH/GARCH models seek to model this variation.
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Time Series

o Let {X:} be a time series, and let F; be a filtration, to which X; is
adapted, i.e. X; € F;, X; is Fi-measurable.

o Time series models typically specifies distributional features of

X¢| Fr-1.
e Eg. AR(p)
E(Xe|Feo1) = p+ @1 Xe1 + -+ 0pXep
o ARMA
E(X¢|Fi—1) = p+ 1 Xem1 + -+ 0pXe—p — O16¢-1 — - -+ — Oget—q,

with .Ft = O'(Xt,Xt_l, ey EtyEE—1, - - )
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GARCH Modeling

@ Three components

Mt = ]E(rt|]'—t—1),
ht = Var(rt|]:t_1)

for some distribution.
o Key is h;. Modeled with a GARCH equation

ht = g(Ft-1)

o Often iy = i (constant) and z; ~ iidN(0, 1).
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SPX returns 2002-2008

g CE EEEERE EEES
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Engle's Autoregressive Conditional Heteroskedasticity

o If
E(ef|re-1),

depends on r;_1... let try to build a model.

o Conditional variance of ¢;:

hy = ]E(sﬂrt_l),

o ARCH(1) Model
he = w4+ ar? ;.

o First applied to macroeconomic time series (UK inflation).
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Generalized ARCH

o Bollerslev (1986). GARCH(1,1)

ht =w+ CYrtz_]_ + ﬂht_l.

o GARCH(p,q)

hy = w + alrf,l 4+ 4 aqrtz,q + frhe—1 4+ -+ Bpht—p.

o How about estimation?
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Time-Series MLE

Likelihood for time series models.

Key objective is the (log-) density for the observed data, i.e.
f@(rl)' . '7rT)'
o Decompose into conditional densities:

fo(ri,...,rr) fo(r, ..., rr—1)
fo(re,...,rr) = < fy(r),
o(n 7) fo(ri,....rr—1) fo(r, ..., rr—2) o(n)
° fo( )
grl,...,rt
— = f(r|r, ... e = fp(re| Fe1).
ol ) o(reln t—1) 9(re|Fe—1)
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Towards Estimating GARCH

@ Return equation
re = p+ \/ heze,

where
z ~ iidN(0,1).

o GARCH Equation

hy = w—i—arf_l-l—ﬁht_l or
hy = w—i—oz(rt_l—,u)z—f—ﬁht_l

o Conditional distribution of returns given past, r¢|F;_1, is N(pu, ht).
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Maximum Likelihood Estimation of GARCH

o Conditional density is (recall r; = 11+ \/h:z:)

1 ex{ 1(rt—,u)} 1 ex{ 1 2}
. — —=Z .
b P2 he Sorh P2

o Likelihood function (density for all data)

f(rtl]:t—l) =

L( w. o ﬂ ﬁ 1 ex EM
My W, &, 1 /_27Tht p 2 ht

o Where hy = w + ozrtz_1 + Bhe_1.
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Log-Likelihood for Simple GARCH

@ So the log-likelihood

-
log fo(r1,...,r7) = Zlogﬁ;(rt|.7:t_1)
t=1

T )2
x -1 Z(Iog he + —,u)

t=1 he

o where h; = h;(0) depends on the unknown parameters (w, o, 3)’,
through the GARCH equation

ht =w+ CYrtz_]_ + ﬂht_l.
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Starting Values

o GARCH Equation
hy = w + ozrtz_l + Bhe_1.
o Need a starting value for h;.
o In practice it is convenient to treat h; as an unknown parameter,
@ i.e. maximize log-likelihood wrt.

0= (hl,,LL,w,Ot,,B)/.
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Likelihood Analysis of GARCH

@ Same basic principle... but with new twists.
o For simplicity, take h; to be fixed and known and 1 = 0.
o Log-likelihood is

T 2
_ 1 re _ /
6(0) - 2 ;1 (IOg ht(e) + ht(Q)) 0 (w7a>/8)
@ Score
00 Oedhe  yg~( 1 i ) Ohl0)
00 po ohy 09 2 po ht(0) h%(&) 0o
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Score of GARCH(1,1)

°
% _ _lz (ht(ﬁ) - rt2) Oh(0)
00 2 poe h2(0) o0
o Let's derive
dh:(0)
o0’

where 0 = (w, «, B)'.

o What is

Oh: HNw + arf_y + Bh_1) L,

ow Oow
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Score of GARCH(1,1)

°
ohe _ Ow + ar? | + Bhe_1) 14 ﬁaht_l.
Ow Ow Ow
o Similarly
aht 2 8ht71
da 1T e
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Score of GARCH(1,1)

o
ohy  O(w+ar? , + Bhi Ohy_
ohe _ (w+arf_;+ Bhe 1)=ht—1+5 =1
9 9B 9B
o So that
1
8ht o 2 aht,1
o (h ) T
t—1
o With
O
00
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Score of GARCH(1,1)

o Recursion. So

@ Scores are

Peter Reinhard Hansen (UNC)

1

(

t—1

_:Zy—l

J=1

he(0) — r,_h2
hz(0)

Realized GARCH

)

TNH

o~

he-;

1_51*71

Seipe
NG
i1 P he

Big Data, Aarhus 2016
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Score MGD?

S\ 1 h(0) - 2 Oh
St(e) - ( Sat ) - _§ (W) W

Sﬁt
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MLE of GARCH(1,1) with Excel

o Maximize

I\Jll—l

ZT:[Iog%r ) + log hy 4 () “)],

with respect to 6, subject to

o GARCH equation
hy = w + ar,_?_l + Bhe_1.

o Excel Solver can do it
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Linppoara T ront T Allgnment T MNUmDpE
F3 - 5 | =-1/2*(LN{2*PI())+LN({D3}+E32)
A B C D E F G H 1

1 |DATE ClosingPrice Returns sigma”2_t zt logll
2 | 20011231 115.2592046 sig0 1.0000
3 20020102 115.5295455 0.2343 0.2172] -0.94253?! mu 0.0170
4 | 20020103 116.7083182 1.0152 0.1397 2.6703 -3.500066 ome 0.0500
5 | 20020104 117.4090196 0.5986 0.1615 1.4471 -1.054424 alp 0.1000
6 | 20020107 116.7663866 -0.5488 0.0975  -1.8118 -1.396535 bet 0.0850
7 | 20020108 116.1734286 -0.5091 0.0903  -1.7507 -1.249252 logLl= -5974.8147
8 | 20020109 115.766295 -0.3511 0.0854  -1.2599 -0.482167
9 | 20020110 115.8233766 0.0493 0.0708 0.1213 0.397622
10 | 20020111 114.9055372 -0.7956 0.0561  -3.4302 -5.362098
11 | 20020114 114.2135714 -0.6040 0.1208  -1.7868 -1.458521
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fe | =sUM(F3:F1498)

17 il

A B | c | D | E F le] w | 1
1 |DATE ClosingPrice Returns sigma”2_t zt loglL1
2 | 20011231 115.2592046 sigd 1.0000
3 20020102 115.5295455 0.2343] 10000 02172 -0942537 mu 0.0170
4 | | ome 0.0500
5 | | alp 0.1000
6 | 20020/| set Target Cell: | Solve | bet 0.0850
7 /20020 EqualTo: @ Max O Mn () Vaeof |0 | logli= -5974.8147
8 20020 By Changing Cells: |
3200200 |erez:q1ss Guess |
10 | 200:
—] Subject to the Constraints: : I
1 o]
i gp==0 " Add [
L bet>=0 e |
13 | 200: ome ==10 Change
=2 d — ik
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JOURNAL OF APPLIED ECONOMETRICS
J. Appl. Econ. 20: 873-889 (2005)
Published online 30 March 2005 in Wiley InterScience (www.interscience.wiley.com). DOI: 10.1002/jae.800

A FORECAST COMPARISON OF VOLATILITY MODELS:
DOES ANYTHING BEAT A GARCH(1,1)?

PETER R. HANSEN** AND ASGER LUNDE"

* Department of Economics, Brown University, Providence, USA
b Deparitment of Information Science, Aarhus School of Business, Denmark

SUMMARY

We compare 330 ARCH-type models in terms of their ability to describe the conditional variance. The models
are compared out-of-sample using DM-$ exchange rate data and IBM return data, where the latter is based
on a new data set of realized variance. We find no evidence that a GARCH(1.1) is outperformed by more
sophisticated models in our analysis of exchange rates, whereas the GARCH(1,1) is clearly inferior to models
that can accommodate a leverage effect in our analysis of IBM returns. The models are compared with the
test for superior predictive ability (SPA) and the reality check for data snooping (RC). Our empirical results
show that the RC lacks power to an extent that makes it unable to distinguish ‘good” and ‘bad’ models in
our analysis. Copyright © 2005 John Wiley & Sons, Ltd.
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GARCH ZOO |

ARCH:
GARCH:

IGARCH

Taylor/Schwert:

A-GARCH:
NA-GARCH:
V-GARCH:

Thr.-GARCH:

GJR model:

NGARCH:
log-GARCH:

o-t —w E =1 a'lu% 3
o7 =w+ P aui  + PO B;o?
p q
2 2
of=wtu i+ _22 ay(uf j—uf )+ ‘21 B (Gt*j_ugfl)
1= 1=
o= wt X5 ogluy |+ ngl Biot—j
G’t—erZl 1 [azut i viu— Z] +E] 1’8.70-1‘ 7
C"t—WJFEZ 1az(ut it vio— 1) JFZ 1Bj0't7j
t: w+ Ei:]_ a; (er—; +7i) +Zj:1 ﬁja%fj
p + _ q
ot— W 'Zl a; [(1 —vi)u,_; — (1 + 'Yi)“tfi] + .21 Bjot—j
1= J=
. . 2 q 2
o= wi > [az + %I{%{PO}] up 3 5:“1:7;'

of= w0 ailuy |+ ¥ Biot
log (0,) = wt TF_q auley i+ X7y Bjlog (o)
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GARCH ZOO Il

D q
EGARCH:  log(0) = w + ¥ oier— +7i (lee—il = Eleril)] + % jlog(o? )
1= j=

AP-GARCH: 0= w+ Y ai[lus—i| — vjus—i)’ + 1 B0l ;
H-GARCH: o= w+ S0 ) aidol ;[les — k| — 7 (er — w)]" + X9_; B0
2 P P 2 P 9 5
GQ-ARCH: of= w+ X azup i+ X azuy i+ X ayiug jup j+ 3 ﬁja'tfj
=1 =1 1<J 1=1
2 [ 6—3+1Y° if 540

Aug ot~ { exp(d—1)  if 6=0

-GARCH:
b= wt _Zl [oni Jug—; — 6] + agymax(0, k — ur—;)"] ¢;_;
=

P O —up )/ —1
+ El {a?:if(lutfi —&l,v)+ 044@'%] bi—j
+ 518597
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Modern Volatility Models use Realized Measures

o Conventional GARCH models take information from returns to adjust

the value of the conditional variance o?.

o High-Frequency data. Today we have high-frequency data
(thousands of observation per day per stock)

o HF data yields far more accurate measures of volatility than, say,
squared return.
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GARCH Is Updating Slowly: A Thought Experiment

@ Suppose a sudden change in the true latent volatility

209 t<T
Vvar(re|Fe—1) = { & -

40% t>T.

o GARCH(1,1)

hy = w+Ph_1+ ozrtz_l
= w+p(w+ Bhi_z+ artz_z) + ocrtg_l

t—1
_ 4t H
e %W—FﬁthO‘I—Q E ﬁjrf_j_l.
j=0

Peter Reinhard Hansen (UNC) Realized GARCH Big Data, Aarhus 2016 31 /103



GARCH Is Updating Slowly: A Thought Experiment

o Typical GARCH estimates o + = 1 (e.g. @« = 0.05 and § = 0.95)
and w = 0. Implies

o0
j 2
ht = QZBth—_j—l'
Jj=0

@ So in our thought experiment

e h—1 00
E(hrin) =) BE(rr) =a) #(04) +a) #(0.27°
j=0 Jj=0 j=h

o How long does it take for h; to reach the true variance?
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GARCH is Slow

30%

===New Volatility

25% ===GARCH

a=0ld Volatility

20%

10 8 -6 -4 -2 0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58

Days
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GARCH Model with Realized Measure

hy = w + ar,_?_l + Bhi—1 + yxe—1,

@ where x; is a realized measure of volatility.

Realized Variance
Realized Kernel
MC estimator

. etc.
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Realized GARCH: A Complete Model of Returns and Realized
Measures of Volatility®

Peter Reinhard Hansent Zluo (Albert) Huang Howard Howan Shek

March 11, 2010
Abstract

GARCH models have been successful in modeling financial returns, Still, moch is to be gained by
incorporating a realized measure of volatility in these models. In this paper we introduce a new framework
for the joint modeling of returns and realized measures of volatility. The Realized GARCIH framework
nests most GARCH models as special cases and is. in many ways, a natural extension ol standard GARCH
models. We pay special attention to linear and log-linear Realized GARCH specifications. This class of
models has several attractive features. It retains the simplicity and tractability of the classical GARCIL
framework; it wnplies an ARMA structure for the conditional variance and realized measures of volatility;
and models in this class are parsimonions and simple to estimate. A key leature of the Realized GARCIH
[ramework is a measurement equation that relates the observed realized measure to latent volatility. This
equation facilitates a simple modeling of the dependence between returns and future volatility that is
commonly referred to as the leverage effect. An empirical application with DJIA stocks and an exchange

traded index Tund shows that a simple Realized GARCH structure leads to substantial iimprovements in
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GARCH-X Model

o Engle (2002), and many others
ht = w + artz_l + Bht—l + YXt—1-

X is a realized measure of volatility (e.g. RV)
o Huge improvement in the empirical fit.
o Typically

4 ~0.5.
& ~ 0. (ARCH parameter becomes insignificant)
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GARCH with Realized Measure is Fast

45%
40% r
35% /
30%
«==New Volatility
=—Realized GARCH
25%
===GARCH
===Q|d Volatility
20%
15% T T T T T T T T T T T T T |

-10-8-6-4-20 2 4 & 8 1012 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58

Days since jump in volatility

Peter Reinhard Hansen (UNC) Realized GARCH Big Data, Aarhus 2016 37 / 103



Week of Oct 16, 2006 1 =m ~VIX 10.63

5338

]

© 7008 Vaheo! Inc. 10
2005 Apr Jul Oct 2006  Apr Jul Oct 2007 Apr Jul Oct 2008  Apr Jul Oct 2009 Apr Jul Oct

o Volatility prediction implied by options prices.
o Lots of time variation, sometimes rapid changes.
o Figure displays the implied volatility-prediction for the next month.

o We should expect even greater variation in daily volatility.
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Completing the GARCH-X
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GARCH-X is Incomplete

o Data (r¢, x¢), but model only specifies r¢|re—1 x¢—1,...

o Simple case

re = \/h—tzt-

ht = w++ art2_1 + ﬁht_l + YXt—1.

o Need a Model for x;:.
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Realized GARCH

Peter Reinhard Hansen
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Realized GARCH: Simple Case

o GARCH-X structure

re = \/h_tzt

hy =w+ ozr,_?_1 + Bhe—1 + yxe—1

o Measurement Equation completes the model

x¢ = & 4+ why + Errory.

o Xx; is noisy measurement of QV;
o QV;is h; + volatility shock.
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Measurement Equation

o Measurement Equation
xt = &+ phe + 7(2¢) + ut,
where the leverage function is

7(z) = 11z 4+ (2% — 1)

o Captures the joint dependence between

o return shocks, z
o volatility shocks, 7(z;) + uy.

o 7(z) is called a Leverage Function
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Logarithmic Specification

o Logarithmic specification is preferred

log hy w+ Bloghe_1 + v log x;—1.

log x; &+ @log hy + 7(z¢) + ut.

e Drawback of conventional LogGARCH (zero returns) is not relevant
here, because x; is positive.

@ Can be rewritten in a form that is similar to EGARCH

Peter Reinhard Hansen (UNC)

Realized GARCH
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Key Features of Realized GARCH

o Empirical Features

o Easy to estimate.

o Captures return-volatility dependence (leverage effect).

o Properties of multiperiod returns (skewness and kurtosis)
o Outperforms conventional GARCH

o Theoretical Features (elegant mathematical structure)

o Parsimonious
o Tractable analysis (quasi maximum likelihood).
o Induced simple ARMA structure for both x and h

o Natural extension of conventional GARCH
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Squared Return is a Noisy Signal of Volatility

Realized Kernel

\

]l‘ "»‘rl; h “l, i)
'“n'm | )‘ 'L]”(U'

<3 Squared Return
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Estimation and Inference
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QMLE

o Gaussian specification adopted:

ze ~1idN(0,1)  up ~ iidN(0,02).

@ The quasi-log likelihood function is

or,x;0) = ——Z[Iog(ht) + r2/h; + log(c2) + u?/0?].

o Partial log-likelihood

n

((ri0) = 3> llog(h) + 2/hd].
t=1

@ Can be compared to Conventional GARCH.

Peter Reinhard Hansen (UNC) Realized GARCH Big Data, Aarhus 2016 48 / 103



Empirical Analysis
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o Dow Jones Industrial Average stocks and SPY (ETF).

o 2002-01-01 to 2007-12-31 as in-sample data and
o 2008-01-01 to 2008-08-31 as out-of-sample.

o For x, we use the realized kernel (RK) by BHLS (2008)

o x; ~ h; with open-to-close returns
o x;<h; (on average) with close-to-close returns
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Linear Model (SPY

o GARCH Equation

hs = 0.09 + 0.29h; 1+063xt 1
(0.05)  (0.16) (0.18)

o Measurement Equation

Xt =—0.05 + 1.01h; + —0.02z + 0.06(z% — 1) + uy
(0.09)  (0.19) (0.02) (0.01)

-~

7(2)

o Standard deviation of u;: 6, = 0.51.
(0.05)
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Linear Model (SPY

o GARCH Equation

hs = 0.07 + 0.29h; 1+087xt 1
(0.04)  (0.15) (0.25)

o Measurement Equation

= +0.00 + 0.74h; 4 — 007zt+003(zt—1)+ut
(0.08)  (0.14) (0.02) (0.01)

-~

7(2)

o Standard deviation of u;: 6, = 0.51.
(0.06)
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Log-Linear Model (SPY

o GARCH Equation

log hy = 0.04 + 0.70 log h 0.45 | —0.18 1
0g Ny (002)‘1'(0 )ogt1+( )ngtl (00 )OgXt2

o Measurement Equation

| —0.18 + 1.04 log h 0.07 0.07 -1
08X = (0.05) - (0.07) 08 it + = o)t - (0. 01)(zt )+ u

~(2)

o Standard deviation of u;: 6, = 0.38.
(0.08)

o Persistence Parameter

= B+ (%1 +42)p = 0.986
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Log-Linear Model (SPY

o GARCH Equation

log hy = 0.11 0.72 log hy_ 0.48 | 1 —0.211 _
o8 it (0.02)+(0,05) 08 it 1Jr(o.os) O8Xe-1 ™ oy 82

o Measurement Equation

log x¢ = —0.42 + 1.00 log hy + —0.11z + 0.04(z7 — 1
e (0.06)+(o.10) 08 e (0.01)Zt+(0.01)(2t ) + u

-~

7(2)

o Standard deviation of u;: 6, = 0.38.
(0.08)

o Persistence Parameter

=B+ (51 +52)¢ = 0.987
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Return and Volatility
Shocks

(Leverage Effect)
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Estimated News Impact Curve

News Impact Curve

--1BM
—SPY
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Log Linear Model (SPY Open-to-Close)

Panel B: Auxiliary Statistics

Model G(1,1) RG(1,1) RG(1,2) RG(21) RG(2.2)

T .99 .98 .99 .98 1

-0.18 -0.18 -0.16 -0.19
2 -0.33 -0.32 -0.32 -0.35
pT 0.12 0.12 0.13 0.13

L(r) -1752.7 -1712.0 -1710.3 -1711.4 -1712.3

o Significant “Leverage Effect”

p- = corr{r(zt) + us, zt|z < 0},
corr{7(z¢) + ut, z¢|ze > 0}.
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Log Linear Model (SPY Open-to-Close)

Panel B: Aucxiliary Statistics

Model G(1,1) RG(1,1) RG(1,2) RG(21) RG(2.2)

i .99 .98 .99 .98 1

-0.18 -0.18 -0.16 -0.19
P -0.33 -0.32 -0.32 -0.35
pt 0.12 0.12 0.13 0.13

£(r) -1752.7 -1712.0 -1710.3 -1711.4 -1712.3

o Realized GARCH dominates GARCH in terms of partial log-likelihood.
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Log Linear Realized GARCH(1,2) for DJIA Stocks

w8 M & o ou m m m p  p p

AA 0.03 0.77 0.33 -0.14 -0.07 1.15 0.40 -0.04 0.09 0.98 -0.08 -0.32 0.24
AlG 0.02 0.74 0.45 -0.21 -0.06 1.02 0.45 -0.02 0.04 0.98 -0.06 -0.17 0.08
AXP 0.05 0.70 0.38 -0.12 -0.16 1.08 0.43 -0.02 0.10 0.99 -0.05 -0.30 0.25
BA 0.02 0.82 031 -0.17 -0.13 1.22 0.39 -0.03 0.09 0.99 -0.09 -0.36 0.26
BAC 0.00 0.78 0.51 -0.29 0.00 0.99 0.42 -0.04 0.08 0.99 -0.09 -0.31 0.21
C -0.02 0.74 0.45 -0.19 0.09 0.99 0.39 -0.03 0.09 0.99 -0.07 -0.31 0.24
CAT 0.03 0.82 0.37 -0.22 -0.14 1.07 0.38 -0.03 0.09 0.99 -0.08 -0.32 0.27
CvX 0.03 0.71 0.33 -0.14 -0.09 1.32 0.39 -0.08 0.08 0.97 -0.19 -0.35 0.14
DD -0.01 0.77 0.37 -0.17 0.08 1.08 0.40 -0.05 0.08 0.98 -0.13 -0.35 0.20
GE 0.00 0.81 0.38 -0.19 0.01 0.98 0.41 -0.01 0.08 0.99 -0.02 -0.26 0.25
GM 0.06 0.84 0.39 -0.24 -0.32 1.02 0.47 -0.01 0.12 0.99 -0.01 -0.33 0.31
HD 0.01 0.79 0.39 -0.20 0.00 1.01 0.41 -0.05 0.09 0.99 -0.13 -0.37 0.20
IBM  0.00 0.74 0.41 -0.15 0.01 0.94 0.39 -0.04 0.08 0.98 -0.09 -0.32 0.24
INTC 0.02 0.87 0.46 -0.33 -0.11 1.03 0.36 -0.02 0.07 1.00 -0.05 -0.24 0.22
MSFT -0.01 0.79 0.44 -0.22 0.08 0.92 0.38 -0.03 0.08 0.99 -0.08 -0.31 0.24
WMT -0.02 0.80 0.37 -0.19 0.12 1.04 0.39 -0.01 0.09 0.99 -0.02 -0.29 0.30
XOM 0.03 0.71 0.34 -0.12 -0.10 1.26 0.38 -0.08 0.08 0.98 -0.20 -0.37 0.15
SPY 0.04 070 0.45 -0.18 -0.18 1.04 0.38 -0.07 0.07 0.99 -0.17 -0.32 0.13
Average 0.01 0.79 0.41 -0.21 -0.02 1.04 0.41 -0.03 0.09 0.99 -0.08 -0.30 0.22
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Log Linear Realized GARCH(1,2) for DJIA Stocks
w B m 2 £ ¢ o4 m T T p p  p
AA 0.03 0.77 0.33 -0.14 -0.07 1.15 0.40 -0.04 0.09 0.98 -0.08 -0.32 0.24
AlG 0.02 0.74 0.45 -0.21 -0.06 1.02 0.45 -0.02 0.04 0.98 -0.06 -0.17 0.08
AXP  0.05 0.70 0.38 -0.12 -0.16 1.08 0.43 -0.02 0.10 0.99 -0.05 -0.30 0.25
BA 0.02 0.82 0.31 -0.17 -0.13 1.22 0.39 -0.03 0.09 0.99 -0.09 -0.36 0.26
BAC 0.00 0.78 0.51 -0.29 0.00 0.99 0.42 -0.04 0.08 0.99 -0.09 -0.31 0.21
C -0.02 0.74 0.45 -0.19 0.09 0.99 0.39 -0.03 0.09 0.99 -0.07 -0.31 0.24
CAT 0.03 0.82 0.37 -0.22 -0.14 1.07 0.38 -0.03 0.09 0.99 -0.08 -0.32 0.27
CvX 0.03 0.71 0.33 -0.14 -0.09 1.32 0.39 -0.08 0.08 0.97 -0.19 -0.35 0.14
DD  -0.01 0.77 0.37 -0.17 0.08 1.08 0.40 -0.05 0.08 0.98 -0.13 -0.35 0.20
GE 0.00 0.81 0.38 -0.19 0.01 0.98 0.41 -0.01 0.08 0.99 -0.02 -0.26 0.25
GM 0.06 0.84 0.39 -0.24 -0.32 1.02 0.47 -0.01 0.12 0.99 -0.01 -0.33 0.31
HD 0.01 0.79 0.39 -0.20 0.00 1.01 0.41 -0.05 0.09 0.99 -0.13 -0.37 0.20
IBM  0.00 0.74 0.41 -0.15 0.01 0.94 0.39 -0.04 0.08 0.98 -0.09 -0.32 0.24
INTC 0.02 0.87 0.46 -0.33 -0.11 1.03 0.36 -0.02 0.07 1.00 -0.05 -0.24 0.22
MSFT -0.01 0.79 0.44 -0.22 0.08 0.92 0.38 -0.03 0.08 0.99 -0.08 -0.31 0.24
WMT -0.02 0.80 0.37 -0.19 0.12 1.04 0.39 -0.01 0.09 0.99 -0.02 -0.29 0.30
XOM 0.03 0.71 0.34 -0.12 -0.10 1.26 0.38 -0.08 0.08 0.98 -0.20 -0.37 0.15
SPY 0.04 0.70 0.45 -0.18 -0.18 1.04 0.38 -0.07 0.07 0.99 -0.17 -0.32 0.13
Average 0.01 0.79 0.41 -0.21 -0.02 1.04 0.41 -0.03 0.09 0.99 -0.08 -0.30 0.22
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Log Linear Realized GARCH(1,2) for DJIA Stocks

w B m 2 £ ¢ os T T T p p p

AA 0.03 0.77 0.33 -0.14 -0.07 1.15 0.40 -0.04 0.09 0.98 -0.08 -0.32 0.24
AlG 0.02 0.74 0.45 -0.21 -0.06 1.02 0.45 -0.02 0.04 0.98 -0.06 -0.17 0.08
AXP 0.05 0.70 0.38 -0.12 -0.16 1.08 0.43 -0.02 0.10 0.99 -0.05 -0.30 0.25
BA 0.02 0.82 0.31 -0.17 -0.13 1.22 0.39 -0.03 0.09 0.99 -0.09 -0.36 0.26
BAC 0.00 0.78 0.51 -0.29 0.00 0.99 0.42 -0.04 0.08 0.99 -0.09 -0.31 0.21
C -0.02 0.74 0.45 -0.19 0.09 0.99 0.39 -0.03 0.09 0.99 -0.07 -0.31 0.24
CAT 0.03 0.82 0.37 -0.22 -0.14 1.07 0.38 -0.03 0.09 0.99 -0.08 -0.32 0.27
CvX 0.03 0.71 0.33 -0.14 -0.09 1.32 0.39 -0.08 0.08 0.97 -0.19 -0.35 0.14
DD  -0.01 0.77 0.37 -0.17 0.08 1.08 0.40 -0.05 0.08 0.98 -0.13 -0.35 0.20
GE 0.00 0.81 0.38 -0.19 0.01 0.98 0.41 -0.01 0.08 0.99 -0.02 -0.26 0.25
GM 0.06 0.84 0.39 -0.24 -0.32 1.02 0.47 -0.01 0.12 0.99 -0.01 -0.33 0.31
HD 0.01 0.79 0.39 -0.20 0.00 1.01 0.41 -0.05 0.09 0.99 -0.13 -0.37 0.20
IBM  0.00 0.74 0.41 -0.15 0.01 0.94 0.39 -0.04 0.08 0.98 -0.09 -0.32 0.24
INTC 0.02 0.87 0.46 -0.33 -0.11 1.03 0.36 -0.02 0.07 1.00 -0.05 -0.24 0.22
MSFT -0.01 0.79 0.44 -0.22 0.08 0.92 0.38 -0.03 0.08 0.99 -0.08 -0.31 0.24
WMT -0.02 0.80 0.37 -0.19 0.12 1.04 0.39 -0.01 0.09 0.99 -0.02 -0.29 0.30
XOM 0.03 0.71 0.34 -0.12 -0.10 1.26 0.38 -0.08 0.08 0.98 -0.20 -0.37 0.15
SPY 0.04 0.70 0.45 -0.18 -0.18 1.04 0.38 -0.07 0.07 0.99 -0.17 -0.32 0.13
Average 0.01 0.79 0.41 -0.21 -0.02 1.04 0.41 -0.03 0.09 0.99 -0.08 -0.30 0.22
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Out-of-Sample Analysis

@ n~1,500 and m ~ 187.
o Out-of-sample likelihood ratio statistic is asymptotically distributed as

1/ {E r,x) rx)}—>ZlZz, as m,n— oo with E—>07

n
where Z; and Z, are independent Z; ~ N, (0, /).
o Two-sided critical values can be inferred from the distribution of
|Z{ 2|
k =1:2.25 and 3.67, are the 5% and 1% critical values.
k = 2: 3.05 and 4.83.
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Out-of-Sample Analysis

RG(1,1) RG(1,2) RG(2,1) RG(2,2) RG(2,2)T RG(2,2)*

AA 6.9 4.5 6.4 0 21.9 0.1
AIG 15.7 -0.2 6.0 0 25.5 12.5
AXP 1.2 2.7 1.5 0 13.3 0.2
BA -14 0.4 -2.6 0 24.5 0.0
BAC 8.0 -0.7 -0.3 0 56.5 -2.8
C 1.3 -2.7 -2.5 0 -0.1 -7.2
CAT 1.7 -1.0 -4.2 0 9.0 2.2
CvX 5.3 0.0 2.2 0 20.8 -0.1
DD 4.6 4.1 3.0 0 -7.1 6.9
DIS 4.8 4.8 3.7 0 24.3 0.0
GE 14.1 0.6 5.9 0 9.3 0.6
GM 17.0 -0.2 6.8 0 7.2 14.6
HD 2.2 -1.0 -1.0 0 28.9 0.5
IBM 3.3 -0.1 1.0 0 25.0 -0.2
INTC 0.9 0.1 -3.4 0 36.8 19.1
MSFT 8.3 4.2 7.1 0 17.0 4.1
WMT -7.2 -3.8 -7.9 0 28.7 9.4
XOM 5.7 -0.1 1.0 0 27.9 0.6
SPY 6.3 -1.2 1.9 0 24.4 1.4
Average 4.4 0.1 1.1 0 23.0 2.1
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Out-of-Sample: Partial Likelihood

o Qut-of-sample partial likelihood ratio

2{miax€,-(r|x) — i(r|x)}.

o “Best” will have a zero.
o Enables comparison with conventional GARCH.

@ GARCH maximizes the in-sample partial log-likelihood.
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Out-of-Sample Analysis (Partial)

GII RG(1,1) RG(12) RG(21) RG(22) RG(2,2)T RG(2.2)*

AA 4.6 3.3 1.4 2.6 0.0 0.6 0.7
AlG 56.1 9.3 5.9 7.4 6.0 0.0 7.2
AXP 24.0 0.0 0.3 0.1 1.3 1.7 1.4
BA 1.1 0.6 1.8 1.7 0.0 0.3 0.0
BAC 147.9 4.1 0.6 0.0 1.5 19.7 0.9
C 26.9 0.3 0.9 0.5 1.1 0.0 0.4
CAT 47.3 0.1 0.8 0.0 1.0 1.6 1.5
CvX 30.1 0.6 0.3 0.2 0.3 0.0 0.3
DD 19.2 1.2 1.5 1.5 1.2 1.4 0.0
DIS 35.4 0.0 2.0 1.4 0.8 1.1 0.8
GE 41.6 0.9 0.0 0.6 0.0 0.3 0.7
GM 57.5 1.4 0.0 0.2 0.0 0.3 0.9
HD 45.5 0.9 0.0 0.1 0.2 2.1 0.4
IBM 12.0 0.4 0.5 0.7 0.1 0.3 0.0
INTC 133.1 1.7 0.5 2.0 0.0 0.1 1.8
MSFT 37.1 0.1 0.5 0.4 0.0 0.2 0.1
WMT 30.5 0.0 0.6 0.0 1.3 1.4 2.6
XOM 21.6 0.0 0.5 0.3 0.5 0.5 0.5
SPY 40.8 0.8 0.6 0.7 0.0 2.5 1.3
Average 33.5 1.2 1.0 1.0 0.8 1.6 1.0
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Misspecification

Analysis
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Lin-No-Leverage: Bivariate Gaussian?

Linear specification without leverage function
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Lin-Leverage: Bivariate Gaussian?

Linear specification with quadratic leverage function

*
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Log-No-Leverage: Bivariate Gaussian?

Log-linear specification without leverage function

Peter Reinhard Hansen
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Log-Leverage: Bivariate Gaussian?

Log-linear specification with quadratic leverage function
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Misspecification

Standard Errors for the Real GARCH(1,2) Model

Linear Model Log-linear Model
Ifl jfl Ifljzfl Ifl jfl Iflj_fzfl
w 0.007 0.004 0.019 0.015 0.015 0.016
£ 0.034 0.017 0.125 0.040 0.031 0.053
v1 0.053  0.040 0.133 0.030 0.025 0.040
v 0.054 0.032 0.177 0.046  0.036 0.062
& 0.038 0.037 0.096 0.044  0.042 0.051
@ 0.080 0.064 0.212 0.044 0.033 0.069
oy, 0.009  0.002 0.054 0.005  0.005 0.006
71 0.013 0.014 0.016 0.010 0.011 0.011
m 0.008 0.013 0.011 0.006  0.008 0.006
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Alternative: MEM/HEAVY (“Parallel GARCH")

o The return equation implies

2 2
ry = htzt

o MEM (Engle & Gallo, 2006) and HEAVY (Shephard & Sheppard, 2010)

_ 2
Xt = hx,tzx,m

@ where h, ; is an additional latent variable z, ; ~ (0, 1).
o Parallel GARCH structure:

hx,t = wx + axrtz_l + /Bxhx,t—l + YxXt—1-
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MEM and HEAVY Model

Latent Variable Observables
hy = w+art271 +ﬂh,,1+6rr,1+apRt271 > >
r = hez;
MEM hr: = wg+ arRE 3+ BrhRt—1 + ORM_1 LY o,
Rf = hR,t2R +
hrv,t = wrv + agyRVi_1+ Brvhry t—1 ) RVe = ho g2
Horvre—1 + OrvRVial(, ;<o) + @RVT-2 ! RV, E5RV ¢
HEAVY ht = w+ Bhy_1 + yx¢—1 e = \/h;Zt
Mt = wRr + arxe—1 + BrHt—1 Xt = PtZRk e
Realized re Vhtzt

GARCH Nt =w+Bhi1+yx_1

Xt &+ phe + 7(z¢) + ue
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MEM/HEAVY Structure

o Estimate latent volatility for: Return, Range, and Realized Kernel,

separately.
rtr =/ htZt ht =w+ Ozrtz_l + Bht—l
2 2 2
Rf = hrezi hgt = wr + arRR +—1 + BRAR t-1
2
RK: = hrk,tZrK ¢ hrk.t = wrk + ark Rk t—1 + BrkhRK 11

o Do we need 3 volatility factors?
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Single versus Multiple Latent Volatility Variable

Scatter plot: h(return) against h(range) Scatter plot of h(RK) against h(range)
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Moments, Forecasting, and More
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Skewness and Kurtosis of Cumulative Returns

o No skewness for r;, unless z; is skewed.
o “Leverage effect” induces skewness for multiperiod returns.
o Simulation using log-linear Realized GARCH(1,2) parameters for SPY.
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Skewness of Cumulative Returns

Skewness
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Kurtosis of Cumulative Returns

Kurtosis
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3.00 T T T T T T T T T J
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Multi-Period Forecast

o Multi-period ahead predictions with the Realized GARCH model is
straightforward.

@ When p = g = 1. we obtain VARMA(1,1) structure
R R P |y R et Y
% B oy | | K £+ pw T(ze) +ue |’

so we can write, Y: = AY;_1 4+ 1+ €.
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Realized Exponential GARCH
An Improved Variant
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Realized Exponential GARCH

re =+ htZt
log hy = w + Blog hy—1 + 7(z¢) + 7 ur—1
IOng,t =&k + ok |Og hy + 5(;()(21») + Ukt k=1,...,K.

o Leverage functions (a particular choice)

7(z:) = 7' a; 2zt
ar=a(z)=| 2z —1

5(k)(zt) = (5231_-,

(hermite polynomials).
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Estimates for SPY with RK

o Open-to-Close

logh = —0.017+0. 970 log ht—1 — 0. 10221_» 1+ 0 051(Zt 1= 1)+ 0 272ut 1
(0.004) (0.005 (0.009) 24)
logx: = —0.1643+ 1. 099 log hy — 0.072zt + 0.073(zt — 1)+ w,
(0.042) (0.046 (0.009) (0.009)

with 62 = 0.132.
o Close-to-close

loghy = -—0. 008+0970|0ght 1 —0 133zt 1+ 003 (zt 1—1) +0 273ut 1
(0.004) (0.005

|Og Xt = —O 410 4 1. 054 IOg ht — 0 Olth =4 O 038( — 1) + ut,
(0.042) (0.046

with 62 = 0.133.
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Multiple Measures (Partial Log-Likelihood)

In-sample Out-of-sample
EGARCH -6.84 -19.75
RK -1.31 -0.27
RG -2.16 -3.22
RV15s -7.64 -4.49
RV2m -2.82 -0.70
RV5m -1.49 -0.68
RV15m -2.23 -1.15
RV20m -2.27 -1.51

RK&RG -0.76 0

RK&RV15s -9.28 -5.21
RK&RV5m -0.89 -0.13
RV15s&RV5m -8.44 -4.71
RV5Hm&RV20m -1.21 -0.47
RG&RV5m -0.67 -0.34
RG&RV20m -1.06 -1.25
RK&RG&RV15s -8.13 -4.91
RK&RG&RVS5m -0.30 -0.01
RK&RV2m&RV5m&RV20m -2.31 -0.54
RK&RG&RVHmM&RV20m 0 -0.01
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Top-3: Partial Out-of-Sample Log-Likelihood

In-sample Out-of-sample
EGARCH -6.84 -19.75
RK -1.31 -0.27
RG -2.16 -3.22
RV15s -7.64 -4.49
RV2m -2.82 -0.70
RV5m -1.49 -0.68
RV15m -2.23 -1.15
RV20m -2.27 -1.51

RK&RG -0.76 0

RK&RV15s -9.28 -5.21
RK&RV5m -0.89 -0.13
RV15s&RV5m -8.44 -4.71
RV5Hm&RV20m -1.21 -0.47
RG&RV5m -0.67 -0.34
RG&RV20m -1.06 -1.25
RK&RG&RV15s -8.13 -4.91
RK&RG&RV5m -0.30 -0.01
RK&RV2m&RV5m&RV20m -2.31 -0.54
RK&RG&RVHm&RV20m 0 -0.01

Peter Reinhard Hansen (UNC)

Realized GARCH

Big Data, Aarhus 2016
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Realized EGARCH vs Realized GARCH (Full)

Realized GARCH vs Realized EGARCH
Impact on Joint Log-Likelihood
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Realized EGARCH vs Realized GARCH (Partial)

Realized GARCH vs Realized EGARCH

60 Impact on Partial Log-Likelihood
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Realized GARCH Volatility
during the

Global Financial Crisis
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Realized EGARCH: Global Financial Crisis

Volatility by Realized EGARCH Model

120
Freddie Mac: Big subprime related writedowns Majordrop in AIG $62bn
Purchase of by Citigroup, Merrill Lynch, stock prices losses
the most risky Morgan Stanley, etc. worldwide unveiled
100 subprime 1
mortgages to roup |
be suspended
80 —— | |
Liquidity Crunch. Sharpincrease in Lehman Bank‘of
Hedge funds unemployment AIG America
suffer big losses Signs of recession
60
2 Bear Stearns Bear IndyMac Dubai
hedge funds Stearns | | o ojanse Crisis
liquidated collapse
40 "
20
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RPE2832:888888828833788258588888332§88¢88
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Realized Beta GARCH

@ Multivariate GARCH model that utilizes realized measures of volatility
and covolatility

@ In essence: Bivariate GARCH model (+model for realized measures)

o With a particular structure: Market return + individual return
o Easy to extend to large number of “individual returns”
o One-factor structure... can extract “betas’.
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Setting the Stage
Data and Object of Interest

We assume a simple one-factor structure: Where assets are taged on one-by-one

4/28



Multivariate Realized GARCH

o Bivariate return:

ror Market return (SPX returns used as proxy)
r¢ “Individual asset” return

Xo: Realized measure of market volatility

x1: Realized volatility measure for ry;.

y1¢ realized correlation measure

where xg1; is a realized covariance measure..
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Notation and Key Variables

o Filtration:
‘Ft = U(r057 rlSaXOSaxls;yls|S < t)

o Conditional Correlation

_ COV(rOt, rlt’]:t—l)
\/var(r()t|.7-"t_1)var(r1t|.7-"t_1) ’

Pt

o Dynamic Beta
o cov(rot, rie| Fe—1)

Be = var(ro¢| Fe—1)
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Decomposing the Problem

o Seek model for
f(rOta X0t rltaxltaylt|ft—l)-

o Decompose into:

f(rOtaX0t|-Ft—1)f(r1t7X1t7y1t|r0t7X0t7Ft—l)-
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Realized EGARCH For Market Returns

rot = o + \/ hot Zot, zor ~ 1idN(0, 1),
log hot = ao + bo log hot—1 + co log xo¢—1 + 7(0)(20t—1)
log xot = &0 + o log hot + 5(0)(201») + Uot, uoe ~ 1idN(0, 0'5)

o With zp; 1L ugs. This specifies

f(rOtvxt’ft—l)-
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Now the Conditional Model

f(rie, x1e, yie|foe, Xoe, Fr—1)-

o (another) decomposition into...

f(rlt’rOt,XOtaJT"t—l)f(Xlta}/lt'rlta ot, X0t ft—l)-
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Conditional Model for Individual Return

rne = p1+/ hiezae,
log h1e = a1 + b1 log h1e—1 + c1log xoe—1 + di log hoe—1 + 7(1)(21,6-1)

o With zi¢|ros, Xor, Ft—1 = z1t| 20t ~ N(przoe, 1 — p%) i.e.
(ZOt)NN<1 Pt>'
Z1t pt 1

f(f1t|f0t,X0t,-7:t—1)

o This specifies
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Conditional Model for Individual RM

o Finally f(xut, yat|re, ror, Xot, Fr—1) defined by

logxie = &+ p1loghie + 0(1)(z1t) + vne,
F(yit) = &o+ eioF (p1e) + vie,

o where ) -
F(p) =5 log TZ’ (Fisher transform)
e and , , ,
tot UUO Uuo,Ll1 ug,v1
Uit ~ lldN(O, [ ) 01211 51,V1
Vit ° ° 031
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Estimation
Log-likelihood Components

m We formulate a quasi likelihood function of the joint model, by adopting a
Gaussian specification.

m So (zp ¢, z1,+) are independent of (up ;, Uy ¢, v4,1) which implies that the
log-likelihood of the model is given by

1/,
f(l‘o,Xo, I'1,X1,y1) = *é ((ZO +(Uo +€Z1\Zo +€u1,v1\u0>

m The likelihood contributions given a normal distribution are straightforward to
derive (and available in the paper)

15/28



Results and Discussion
The Data Set

m In estimating our proposed model, we use high-frequency prices of 594 assets.

m SPY is an exchange-traded fund that holds all of the S&P 500 Index stocks and
has enormous liquidity. We use this as a proxy for the market.

m The data source is the collection of trades and quotes recorded on the NYSE,
taken from the TAQ database through the Wharton Research Data Services
(WRDS) system.

m The sample period runs from January 3, 2002 to the end of 2009, delivering (for
most of the stocks) 2008 distinct trading days.

m We match TAQ data to CRSP data and eventually use CRSP’s permnos to identify
stocks and to adjust for splits and dividends.
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Results and Discussion
The Data Set

m We start with a ticker list of all S&P 500 constituents as of 31.12.2009. We match
these to CRSP permnos.

m The ticker history of each permno is collected and HF data for tickers that were
detected in the second step and were not in the initial ticker symbol list is
extracted.

m Finally, the daily data from the CRSP is matched to the high-frequency based
realized measures using the PERMNOs as a company identifier resulting in a total
of 743 assets.

m Tickers as company identifiers are risky:

m Over the sample period we consider, around 10% of the companies had 2 or more
ticker symbols

m A particular ticker symbol can be used over time for more than one company: e.g. "T”
(AT&T) has two permnos (i.e. CRSP identifies two distinct companies for this ticker)
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Estimated Market Model

o Return eq.

ror = 0.01 4+ / hot 2o+, (h01 = 1.33).

o GARCH eq.

log ho: = 0.175 + 0.601 log ho; 1 + 0.377x0:—1 — 0.092z; 1 + 0.020(z5;_1 — 1),

o Measurement eq.

log xo: = —0.469 + log ho; — 0.104 x zo; + 0.018 x (23, — 1) + uos.
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Estimated Model (Individual Assets)

loghi = a;+ biloghir—1 + cixit—1 + dihor + Tinzie—1 + Tia(z5_1 — 1),
logxic = & + wiloghie + 6inzie + (22 — 1) + uit,

Volatility parameters
hi1 i ai b; Gi d; Ti1 Ti2 &
Mean 8.157 0.023 0.212 0.584 0.326 0.055 -0.037 0.011 -0.332
Med. 3.461 0.019 0.197 0.588 0.329 0.042 -0.038 0.010 -0.339

Min 0.025  -0.132 -0.023 0.291 0.152  -0.021 -0.086 -0.022  -0.895
1% 0.252  -0.070 0.022 0.422 0.213  -0.007 -0.072 -0.009  -0.737
5% 0.738  -0.044 0.064 0.461 0.251 0.002 -0.059  -0.004  -0.558
95% 27.54 0.102 0.419 0.701 0.396 0.144 -0.012 0.028 -0.080
99% 58.54 0.148 0.521 0.752 0.425 0.183 -0.000 0.036 -0.005
Max 323.9 0.230 0.679 0.805 0.473 0.345 0.014 0.048 0.086
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Estimated Model (Correlation Parameters)

F(pit)
F(Yit)

ajo + bioF (pit—1) + cioF (yie—1)
o + wioF (pit) + Vi,

Mean
Median

Min
1%
5%
95%
99%
Max

Correlation Parameters

pil
0.355
0.353

-0.196
0.012
0.078
0.653
0.752
0.857

a0
0.036
0.035

-0.112
-0.084
-0.030
0.107
0.136
0.204

bio
0.709
0.704

0.533
0.563
0.602
0.834
0.890
0.964

Gio
0.285
0.277

0.029
0.072
0.121
0.477
0.601
0.670

§io bio
-0.098 0.974
-0.064 0.912
-1.697  0.469
-0.740 0.515
-0.426 0.599
0.145 1.481
0.225 2.460
0.255 3.620

Peter Reinhard Hansen (UNC)

Realized GARCH

Big Data, Aarhus 2016

100 / 103



Volatities: CVX & SPY
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Correlation & Beta (CVX,SPY)
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Results and Discussion

Estimation Results: Correlations

Conditional realized GARCH Correlations
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Results and Discussion

Estimation Results: Betas
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Results and Discussion

Estimation Results: Betas
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Results and Discussion

Estimation Results: Betas
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Results and Discussion
Estimation Results: Betas
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Results and Discussion
Estimation Results: Betas

Conditional realized GARCH Betas
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o Realized GARCH
o GARCH that make use of Realized Measures.

o Realized Beta GARCH
o Multivariate GARCH Model with Realized Measures
o Simplified one-factor structure that is easy to scale

o Key Features

Parsimonious

Tractable (quasi maximum likelihood).
Easy to estimate.

Correlations modeled by Fisher-Transform

o Empirical Results

o Great deal variation in betas
o Cross-sectionally and across time.
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