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Primary Sources:

 Volatility analysis with G@RCH models (Main
source: Estimating and Forecasting ARCH
models using G@RCH by Sebastien Laurent)

« Laurent, Sebastien (2007). Estimating and
Forecast ARCH Models using G@RCH,
Timberlake Consultancy, Ltd. London, UK.

« G@RCH software by Laurent, S. et. Al.
OxMetrics Software, Timberlake
Consultancy, Ltd. London, UK. Is used
owing to its outstanding variety of advanced
models and options available at this time.



Acknowledgments

| would like to thank Sebastien Laurent for his
Inspiring teaching and enlightening writing on
this subject.

A considerable amount of inspiration also came
from the work of Rob Engle, Jurgen Doornik,
and David Hendry as well.

Also | need to thank Jose Fiuza and Ana
Timberlake for their support.

Finally, Sjur Westgard made this symposium
possible and thanks must be given to him.



Outline I

— First generation univariate G@RCH
« ARCH, GARCH

Estimation (QML with bounds and simulated
annealing)

Diagnostic tests

Model comparison

Forecasting (Simulated confidence intervals)
Forecast Evaluation

Simulation of confidence intervals

« Subset models

 Outlier modeling

 Value-at-Risk



Outline Il

— Second generation univariate G@RCH
* Nonstationary GARCH
—Riskmetrics
—IGARCH
* GARCH-In-mean
- EGARCH
 GJR GARCH
« APGARCH
» Leverage effects and volatility smiles



Outline IV

« Continuous time Models
— Brownian Motion
— Integrated and Realized Volatility
—  With Jumps
— Microstructure noise

« Long-Memory GARCH
— APARCH
— FIGARCH
 FIGARCH- BBM

* FIGARCH-Chung

 FIEGARCH
— FIAPARCH

« FIAPARCH-BBM

* FIAPARCH-Chung
— Davidson’s HYGARCH
— VaR



Outline IV

— Multivariate G@RCH

« BEKK models
— Diagonal
— Scalar
 Factor garch:

— OGARCH
— GOGARCH

« Dynamic correlations:
— Constant Conditional Correlation
— Dynamic Conditional Correlation



Risk Analysis with G@RCH 5

We analyze volatility of indicators and assets
with G@RCH.

« What is new about G@RCH 5?

* It contains most of the multivariate Garch models
* One can obtain the Ox Code for the menu model just run

* One can model outliers and predictors in the mean and
variance models

 Estimation models has been improved. Simulated annealing
option included.

« Simulation of models is nhow possible

* Functions to detect high frequency jumps have been
Included.



More G@RCH 5 new features

Simulation capabillity

Multivariate GARCH

— BEKK models
e Scalar

« Diagonal
— Factor GARCH

« OGARCH

« GOGARCH
Conditional Correlations
— CCC

— DCC
Programmable stochastic volatility models



Load and Examine Nasdag
Returns
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Notice the 1987 crash. We construct a dummy variable for Oct 19, 1987 10



We want record of all variable constructions so |
do this with the algebra code
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i Algebra - nasdag.in? E]

-
[:k o Documerts A S# Enter Algebra code here, for example:
| Data 19870324 1w = logiy); DLy = diffily, 1l);
il - *nasdaq.in? 1987-03-2
(] Graphics 1987-09-2
2] Data Piot 1987-09-2§ |1 crashs? = Date == 1987-10-19 ? 1: 0O; = |
o | O Code 1357-10-0} 2
- L__] Text 3
— [Z] Resulkts 1987-10-0 1
4
2 | #l Modules A e CClaal] 5 I
=% Modsl 1987-10-0 .
& - % G@mRoH 1987-10-01 _
B - 4 PoGive 1237-10-0 a
o- % STAMP L1sg7-10-04 :
hd 1987-10-1 3
. 10
r bl 1587-10-14 ;4 3
Hr
- CxPack 1ag7-10-14 |4 s
H L
19a7-10-1 s
iéf bl gXRLlII'It i T [ Fun ] [ Done Load... ] [ Save As.., ] [ Recall -
é ur % = Inferactive
i # Wl2arima LET7=A0=0 Funckions Database
A 1987-10-2 3
1587-10-2 log{vaRY; M Date
t) Masdag
LEE=10=2 crasha? I
4 1987-10-2
1987-10-2 [ sub-sample evaluation
1987-10-2 -
Write Algebra Code
1987-10-2
1987-10-2
1987-10-3
1937-11-02 | l987-11-02 1.52471 0
1987-11-0% | 1987-11-03 -2_34217 0
1987-11-04 | 1987-11-04 -_1B7z68 0
Help & || 1987-11-05 | l387-11-05 1.88772 0

e ha—A-l P = M= =S Na B Tr | [al



This constructs our dummy variable

[l Data
*nasdaq.in7
[| Graphics
Data Plot
-l Code
[l Text
[Z] Results
[# Madules
=& Model
% GERCH
4 Praive
W STAMP

OxPack

CRun

e - inkerackive
#1lZarima

L

Dacuments ¥

1987-10-02
1927-10-0%
1987-10-06&
1927-10-07
1987-10-08
1%387-10-09
1927-10-12
1%387-10-13
1927-10-14
1%387-10-15
1927-10-1¢
1%387-10-19
1927-10-20
1%87-10-21
1927-10-22
1987-10-23
1927-10-z2¢
1987-10-27
l927-10-z28
1987-10-29
1927-10-20
1987-11-02
1l927-11-02

[ File Edit WYiew Model Rum ‘Window Help

NESGCHB S i

&

Date
1287-10-0E
1387-10-08
1287-10-0&
1387-10-07
1287-10-08
1287-10-09
1387-10-1Z
1987-10-13
1387-10-14
1287-10-1&
1387-10-1a
1287-10-19
1387-10-20
1287-10-21
1387-10-2Z
1987-10-23
1387-10-z26
1287-10-7
1387-10-28
1287-10-9
1387-10-30
1287-11-0E
1387-11-03
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B *OxMetrics - C:\Program Files\OxMetrics5\datalnasdaq.in7 - [*nasdaq.in7 - C:\Progr,
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Correlograms reveal an AR(1) and
possibly some seasonality

N B *OxMetrics - Data Plot - [Data Plot] CEE

File Edit Model Run ‘Window Help - g x
f } ] B b ) I a - B
JIDEGCHE S5 k3 4 #“EAL DY 9O
V Documents r
l_:l Data 1I:“E///////////////////////////////////////////////////////////////////////////////////////ﬁ
*nasdag.in? T .
] Graphics F | ACF-Masdag PACF-Nasdag ‘
T T |~ ACF-crash87 ——— PACF-crashi7 ’
Data Plot i 4
] Code 075+ :
O o : We take note of ’
[Z] Results | :
L;e:l Modules EI:_— the AR(l) y
=3 Model 0.50r ; 4
-
# GaRcH ; process in the /
4 PoGive L 7
W STAMP (4 -
. 024 mean /
B -
¥ L -
s
## ':l - - I >
4% CxPack D-D'}_ i .
# OxRun 3 ﬁ
#F O - interactive 3 :
. T <
4 nlZarima 025 :
B -
- <
L :
- -
050 7
- s
- -
L ’
- s
075 ’
- s
L ”
i ’
i . . . . L , , , , ] , . . . L . . . 1 H
a 3 10 15 20
Help &
i Mode! px 14981 p¥ 965
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Basic Pre-Model Analysis

IE G@RCH - Other models

Y=

All GE@mRCH Poaive STAMP

Module G@RCH

ateqgory Cther models w

1 Model class | Descripkive Statiskics using G@RCH w

- Estimake. .. -
Farmulate, .. Test,..

Progress...

A
1
i
A
f
i




- Select the variable

Formulate - Descriptive Statistics - nasdaq.in?

Selection Lags Database
T Nasdag Mone w Dake
hasdag
crash87

Clear=x=

Use default status w

Recall a previous model w

(0] 4 ] [ Cancel

Predictor variables may be selected for mean or variance
model.



Define the sample

Estimate - Descriptive Statistics

Choose the estimation sample:

L Selection sample 1984-10-12 - 2000-12-21
[ Estimation starts at  1984-10-12

Estimation ends at  2000-12-21

Choose the estimation method:

Estimation method:  REES

[a]4 ] [ Cancel




Specify the preliminary tests

Model Settings - Descriptive Statistics

Choose some tesks:

Basic Skats

Marmality Test

LM Arch Tesk
with lags :

Box-Pierce on Raw Series

Box-Pierce on Squared Raw Series
with lags :

Unit Roak Tests

Lang Mermaty Tesks
Bandwidth {1,...,T/2)

o
—_
=

e

K E 2 X [EE

o; 10; 20; 50
Choose
Choose

2046

Ik

l [ Cancel

&3]
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Choose the Stationarity tests

Model Settings - Descriptive Statistics 3]

Choose some tesks:

Basic Skats

Marmality Test

LM Arch Tesk
with lags :

Box-Pierce on Raw Series

Biox-Pierce on Squared Raw Series
with lags :

Unit Roak Tests

Lang Mermaty Tesks
Bandwidth {1,...,T/2)

K& & & E[E
o
—
=

5 10; 20; 50

Choose W

ADF Test

kP55 Test
SCHMIDT and PHILLIPS kest

[0]'4 ] [ Cancel

select
ADF
test

18



Choose the Long-Memory Test

Model Settings - Descriptive Statistics

Choose some tests:

Easic Stats
Mormality Tesk
LM arch Test We Se Iect
with lags : 25; 10 .
Eox-Pierce on Raw Series IS G ewe ke
Box-Pierce on Squared Raw Series Por er-
with lags 5; 10; 20; 50
Init Root Tests Zhoose Hu U ak teSt
Long Mermory Tests Choose hd

Bandwidth (1,..., T2}

Geweke and Porter-Hudak {1983)
Robinson and Henry (1993)

[ Ok, l [ Cancel

19



Misspecification test results

5 . . el i
File Edit Search Wiew Model Run ‘window Help = |8 X
= !
7 € £ 25 (g EL’JA‘F@ ?ﬂﬂj@
xbeta =20 + &1 * Lrate - | 3% j} ﬁ E ay Iﬁ é@
Dacuments y @ e
] Data --—- Database information —---
3 nasdag.in? Samp le: 1984-10-12 - Z000-12-21 (4093 obserwvations)
lempmﬁ Freguency: 1
] Code Variables: 4
[l Text
[Z] Results Varishle fobs  #miss type min meESn max std.dewv
[¥ Modules Date 4093 ] date 1984-10-12 2000-12-21
=% Madel Nasdag 4093 0 doukle -1z .043 0.055166 9,963 6 1.2617
## GERCH Constant 4093 0 double 1 1 1 o
 PeGive Trend 4093 0 double 1 2047 4093 1161.5
W STAMP
: Series #1/1: Nasdag
& occass (B
# OxPack Normality Test
4 OxRun
# Ox - interactive Statistic t-Test P-Value
& %12arima Skewness -0.74128 19.368 1.4336e-083
Excess Kurtosis 11.255 147.07 0.oooo00
Jarcgque-EBera 21979, Mall 0.o00o0o00
LRCH 1-Z test: Fiz,4088) = 4z0.80 [0.0000]%*
LRCH 1-5 test: F{5,4082) = 2285.90 [0.0000]%%
ARCH 1-10 test: F(10,4072)=  118.16 [0.0000] %+

o-Statistics on Raw data

of 5) = 41.897  [0.0000001]
©{ 10) = 50.9695  [0.0000002]
©f 20y = B&3.6251  [0.0000000]
Of 50 = 167.368  [0.0000000]

HO : Mo seriasl correlation ==& Accept HO when prok. is High [Q < Chisgilag)]
Q-Statistics on Sqgquared data

Qf 5] = 1985.77 [0.0000000]

Qf 10) = 2874.40 [0.0000000]

o 20) = 3745.75 [0.0000000]




Nonstationarity and Long-Memory

Results

File Edit Search Wiew Model Run Window Help

Ehl ] 2 v B @,
P e » (5 3 #=EA PP oo
xbeta = 80 + 81 * Lrate - | gl .y a{ = ?n? - [ iy 4=
Documents 4 Q20 10) = &874.40 [O.0000000]
| Data Qi 20) = 3748.75 [O.0000000]
%] rasdag.in7 Q( 50y = 5491.2z7  [0.0000000]
[ araphics HO : No serial correlation ==> Accept HO when prob. is High [Q < Chisgilag)]
[ Code | mmmmmm e
[ Text
=| Results

ADF Test with 2 lags

[®l Modules Mo intercept and no time trend
=3 Madel HO: Nasdag is I(1)
# GERCH
% PeGive ADF Statistics: -35.6643
## STAMP
- Lsymptotic critical walues, Davidson, E. and NacKEinnon, J. (1993)
i
#
OxPack 1% 5% 10%
i
% Owhun -2.56572 -1.94093 -1.61663
# Ox - inkeractive
# ¥12arima QL3 Results
Coefficient t-value
v 1 -0.9053058 -35.664
dy 1 0.00z2191 0.10327
dy 2 0.007564 0.453103
B33 6464.976541
QB3 4020.000000

Information Criteria (to bhe minimized)
Lkaike 3.297199 Shibats
Schwarz 3.3015832 Hannan-Quinn

3.297198
3.298839

———— Log Periodogram Regression —--—-—
d parameter 0.0621465 (0.015793) [0.0000]
INo of ohservations: 4093; no of periodogram points: 2046

Ay, = (IB -1) Yia &
Nonstationary

/

Long memory
parameter is
" weak—should
be .between O
and .5 for
persistence.
Above 5,d s
not stationary.

21



Pre-Model Analysis

The Jarque-Bera tests suggests
nonnormality--- we should probably try a t
distribution

The ARCH tests suggest ARCH effects

The Portmanteau tests suggest
autocorrelation

The Nasdag returns are nonstationary and
there Is long memory

22



iks ¥
I

rasdaqg.in?
hics

2

oadxls3 o
1asic_matrices ., ox
Jraphics3.ox
oad_mat, ox
oad_Mile_dat.ox

1esults

3JR 1 1skkdistZ . out
2JR11skk out
“hung_FIGARCH.¢
“hung_FIGARCHZ
aJR11skkdist 3. out
3asic_tatrices, ool
dles

Aodel

# G@RCH

i PcGive

#E STAMP

TxPack

JxRun

D - inkeractive
<1Zarima

Variable Selection

2 gy | <o R = E A PP 29

Formulate - GARCH Models - nasdag.in¥

Selection Lags Database

Nasdag Mone A Drake
Masdaq
crasha?
LEcm
techbuble
quifwarl
EMCC
FREratelncl
AsianCC

Clear==

Lse defaulk status -
Recall a previous model LV
O ] l Cancel
ISS;—II—Z; 19584-11-23 . 94Z051 u} u} 1) 1] o
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Baseline model parameter

selection

Model Settings - GARCH Models (]

=] AR(FI)MA Orders {m,d,I}
AR order {m)
Ma arder (1)
ARFIMA
[=] GARCH Orders
arch order {p)
Arch order {g)
Model
Fractionally Integrated Models
ARCH-in-Mean

- = |:||:..-

Gauss

Skudent

GED

Skewed Student
Constants

COoCO®

[ Ok ] [ Cancel ]

AR(1) GARCH(1,1) normal distribution is our baseliine model

24



Normal GARCH(1,1)

g P
2 Z 2 Z 2
i— j=1

Impact of previous shock

Persistence of
conditional error
variance

25



Normal GARCH(1,1) model output

ol ol el el el

*% GERCH( 1) SPECIFICATIONS <**

o ol il
Dependent wariable : Nasdag
Mean Eguation @ ABMA (1, 0) model,.
o regressor in the conditional wean
Variance Equation @ GARCH (1, 1) model.
HNo regressor in the conditional wariance
HNormwal distribution.

3trong convergence using numerical derivatives
Log-likelihood = -5395.14
Please wait @ Computing the 3td Errors

Fobust 2tandard Errors (Sandwich formula)
Coefficient 2td.Error t-wvalue t-prob

Cst(H) 0.054113 0.0156168 5.386 0.0000
AR (1) 0.193052 o.o1visw 11.23 0.0000
Cst (V) 0.025299 0.0071185 3.554 0.0004
ARCH{Alphal) 0.167673 0.025686 S.648 0.0000
GARCH(Eetal) 0.5205858 0.0zZBz236 Z9.07 0.0000

No. Chszervations : 4093 HNo. Parameters : 5 You may need more

Mean (Y] H 0.05517 WVariance (Y] H 1.59189 ;
Skewness (T) :  -0.741z8% Eurtosis (Y) : 14.25531 Constra|nts or a
Log Likelihood  : -5395.144 Alpha[1]+Beta[1]:  0.955853

different distribution

The sawple mean of sguared residuals was used to start recursion.

The positivity constraint for the GARCH (1,1) iz chserwved.

This constraint is alpha[L]l/[1 - betailL)] == 0.

The unconditional variance is 2.2058

The conditions are alphal[0] > 0, alpha[Ll] + kbeta[l] < 1 and alphal[i] + bhetal[i] »>= 0.
=»> Zee Doornik & Oows (2001) for wmore details.

The condition for existence of the fourth mowent of the GARCH is not observed.

The constraint equals 1.03342 and should ke < 1.
=»> Zee Ling &£ Mcoclhleer (2001) for details.

26



electing Post-Estimation tests

Tests - GARCH Models

Available Tests:

Information Criteria
1 Marmality Test
Box/Pierce on Standardized Residuals
] Box/Pierce on Sguared Standardized Residuals
with lags 5; 10; 20; 50
Sign Bias Test
Arch Test
with lags :

Myblom Stabilicy Tesk

Adjusted Pearson Chi-sguare Goodness-of-fit

K& » EE
o
=)

| with Cells number : 40; 50; 60
1 Residual-Based Diagnostic For Conditional Heteroskedasticity
1 with lags : 2:5; 10
1 ¥aR in-sample Tests :
3 WaR levels (=0.5) 0.,95; 0,975; 0,99; 0,995; 0,9975
Kupiec LRT {and ESF measures)
Dynamic Quantile Test (DT of Engle and Manganelli (20023
I Mumber of lags in DQT (Hit wariable): 7
Further Outputs :
Prink Yariance-Covariance Matrix |:|
|
[ [a]4 ] [ Cancel ]

27



Test Results |

FEEFEEELELY

** TEST: #*+*
TEER AT AR TR

Jarque Bera test

Information Criteria [(to be minimized)
LAkaike 2.638722 Shibata

e e onibca Box-Pierce Q tests on
_______________ standardized residuals
MNormality Test Conflrm proper mOdeIIng

tatistic t-Test P-Value
Skewness -0.63210 15.083 4.3269e-073
Excess Kurtosis Z.8275 36.947 0.00000
Jargque—-Eera 1690.2 Nal 0.00000

Q-2tatistics on Standardized Residuals

——2> P-walues adjusted by 1 degree(s) of freedom

Q5 = 4.93617 [0.2939093]
2l 20) - b.izss  0.3570A%e) Engle’s ARCH LM test
Q@ 50) = 6&3.5812 [0.0787143]

HO : Mo serial correlation ==> Accept HO when prob. is High < Chisgilag)]

Q-3tatistics on Sgquared 3tandardized Residuals
——2> P-walues adjusted by 2 degree(z) of freedom

Q( 5) = 3.20892  [0.38605224]
Q( 10) = &.58843  [0.5835280]
Q( 20) = 14,7703  [0.6776758]
Q( 50) = 44,0824  [0.6340817]

HO : No serial correlation ==> Accept HO when prob. is High [Q < Chisagilag)]

28



Test Results ||

Diagnostic test based on the news impact curve (EGLRCH ws. GARCH)

Test  FP-valus Sign Bias test
Sign Bias t-Test Z.45129 0.01309 /
Negative Size Bias t-Test 1.20393 0.22862 for Leverage
FPozitiwve Zize Biazs t-Test 1.42296 0.15475
Joint Test for the Three Effects 25.46329 0.00001

ARCH 1-2 test: Fi{2,4086) = 1.2301 [0.2924]
LRCH 1-5 test: F(5,4080) = 0.62725 [0.6790]
ARCH 1-10 test: F{10,4070)= 0.63995 [0.7805]

Nyblom Hansen stability
tests: Critical values
are .75 for 1% and .47

Joint Statistic of the Nyblom test of stability:

Individual Nyblom Statistics:

Cst (M) 0.09948 for 5% levels. Nullis
AR1) 3.47893 .ye

Cst (V) 0.638865 parameter stability
ARCH({Alphal) 1.z25070

GARCH (Betal) 1.585594 ‘e

Fem: Asymptotic 1% critical walue for individual statistics = 0.75. Integrateci eﬁ:eCt

Azvmptotic 5% critical walue for indiwvidual statistics o.47.

Ldjusted Pearson Chi-square Goodness-of-fit test

# Cells(g) Statistic F-Value (g-1) P-Value [g-k-1) Theoretlcal Vv actual
/

40 176.3672 0.000000 0.000000 ] ) i
50 210. 1884 0.000000 0.000000 iInnovation Fit needs
60 219.8317 0.000000 0.000000 .

Fem.: k = § = # estimated parameters ImprOvement

——————————————— 29



Fesidual-Ease

RED(| 2] = -
RED( 5} = O
RED (10) =

Test Results Il

d Diaghnostic
6.40705 [1.
LA55674 [O.
4,53051 [O.

for Conditional Heteroskedasticity of Tse ([(2002)

ooooooa]
9928385]
Q202583]

P-—walue=s in b

In-sample Value-at-Risk Backtesting

Eupiec LR tes

Cuantile

. 95000
97500
.99000
. 99500
. 99750

o o oo g

Ouantile

0.o50000
0.025000
0.010000
0.0050000
0.00z5000

rackets

L <«

Properly modeled
ARCH effects

Basel Il Kupiec Tests

- Short potifiﬁﬁg’:”//////’

Failure rate Kupiec LET P—wvalue
0.96625 25.679 4.03ZZe-007
0.98534 21.040 4.4975=-006
0.99365 £.3191 0.011945
0.996582 3.1457 0.076125
0.99730 0.15517 0.69364

- Long positions -

Failure rate Kupiec LET P—wralue

0.058881 6.44558 0.011121
0.035915 17.662 Z2.6386e-005
0.019301 28.117 1.141%=-007
0.01392¢6 44,033 3.228%=-011
0.0092841 44,368 Z.721l6e-011

Kupiec test for frequency of tail losses

P S I I T

A
E3F1 E3Fz
L4334 1.2525
L7129 1.z2327
L3298 1.2057
L7132 1.2380
L2753 1.2153

ESF1 ESF24/EXpeCted
‘\shortfall
L3226 1.4410

.5715 1.3855 amounts
.9948 1.3767
.2095 1.3543
L6826 1.3830
30



Kupiec Test

» Tests whether there Is a significant difference
between the failure rate and the nominal rate
of failure.

H,: fallure rate f = o

Confidence level for f = f £1.96 f (1— f)/T
T = total number of obs

31



Expected shortfall

« ES=conditional value at risk (CVAR)

 CVAR=expected (average) loss at or
beyond the alpha-quantile or 1-alpha
guantile.

32



Dynamic Quantile Regression

* Models the effect of the regressor on the
alpha-th quantile of the regressand.

* The slope parameter is a function of the
guantile.

* The slope parameter shows the effect of

the predictor variable on the alpha-th

guantile.

33



Engle, R. and Manganelli,S. (1999) CaViaR
Conditional Autoregressive Value at Risk

Dynamic Quantile test
Hit, (cr) = 1 (y, <VaR (@) -«
Hit 1-a)=1(y, >VaR (1-a))—«
Hit, = X6 +u, U = {—a prob(1-cr)
(1- ) prob(a)
such that E(u,) =0,
where
Hit (y,, x,,0) =Hit_ . =(y, <-VaR) -«
where
X = Txk matrix whose first column iscol of ones

and next are Hit_,,..., Hit_

34



The Dynamic Quantile Test Statistic

Because &, = (X 'X)™ X "Hit : N(0,a(l—a)(X'X)™),

Dynamic Quantile test Statistic =

golsx I>(5\ols
a(l-a)

7y (p+n+2)

Remember X may =t=1,...,T

Assumption: Hits are uncorrelated and
unbiased 35



Dynamic Quantile
Hypothesis Tests

A joint test that

Al: E(Hit(a))=0 for trading long positions
E(Hit (1-a)) =0 for trading short positions

A2 :Hit (a) or Hit,(I1- o) is uncorrelated with variables
In the information set

36



Applications of the DQ test
Engle and Mangenelli, CaViaR, p.28

“A model diagnostic or preliminary screening
device to distinguish between good and bad
models.

An evaluation of the performance of different
VaR methodologies.

If test Is significant, then data provide evidence
against the model produced under those
estimates.

If DQ test falls into rejection reject for an out-of-
sample test, this Is evidence against the model
and its stability over time.”

37



Test Results IV

Dynamic Quantile Test of Engle and Manganelli (2002)

Quantile Regression VAR

— 23hort positions -
3tat.

Cuantile

25000
97500
.S9000
98500
99750

oo o oo

Cuantile

0.a50000
0.0z5000
0.010000
O.0050000
0.00z5000

25,
20.

551
g63

g.89216
2.92680
0.2731a

P—value

0.001z2532
0.0075214
0.3575%
0.9359:2
0.559339

Long positions -
3tat.

13.
Ja.
43.
T
20.

Femark: In the Dvynamic

102
a0
500
972
Baz

Cuantile Regression,

P—value

0.10314
1.382%=-005
T.9279e-008
1.2501e-013
3.3307e-016

p="7.
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Unconditional Variance

e Of a GARCH model

2 )
g P

1Ya-3s

i=1 j=1

O

unconditional variance of ¢, is constant

If o>1& Zq:aiJer:,Bj <1
i=1 j=1
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AR(1) GARCH(1,1) sk(t)

Yi :lu—|—¢yt_1—|—gt
2 - 2 & 2
O = a)+Zaigt_i +Zbi0t_j
i—1 j=1

Distribution is a skewed t distribution
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AR(1) GARCH(1,1) sk(t)

Model Settings - GARCH Models 3]

e

GARCH

EGARCH

GJR

APARCH

IeARCH

FIGARCH-BEM

FIGARCH-CHUMG

FIEGARCH

FIaPARCH-BEM

FIAPARCH-CHUNG

HYGARCH

RISKMETRICS
with lambda :

O00Q0O0O0OO00O00®

=
[u}
iy

Fractionally Integrated Models
AR.CH-in-Mean

0 & =

Distribution
3auss
Student

GED

®@000

Student
Constants

ol ] I Cancel
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AR(1)-GARCH(1,1) sk(t) output

e i i i i i e e i i

*% GERCH|{ Z) SPECIFICATIONT *%
ol ol o ool o o o o o o o ol o o o o o o o
Dependent variahle : Nasdag
Mean Equation @ ARMA (1, 0) model.
No regressor in the conditional mean
Variance Equation : GARCH (1, 1) model.
MNo regressor in the conditional wariance
Skewed Student distribution, with 6.36561 degrees of freedom.
and asymmetry coefficient (log xi) -0.176807.

3trong convergence using numerical derivatives
Log-likelihood = -5223.77

Pleaze wait : Computing the 3td Errors

Robust 3tandard Errors (Sandwvich formula)

Coefficient Std.Error t-valuese t-prob
Cst (M) 0.074547 0.013749 5.422 0.0000
AR1) 0.17z0z9 0.0159z8 10.80 0O.0000
Cst (W) 0.013518 0.0041361 3.265 0.0011
ARCH(Llphal) 0.135317 0.022145 6.111 0.0000
GALRCH (Betal) 0.8362093 0.0z21504 39.54 0.0000
LAaymmetry -0.176807 0.0z229E59 -7.701 0O.0000
Tail 6.3656086 0.62455 10.19 0.0000
No. Chservations : 4093 No. Parameters 7
Mean (Y] H 0.05517 Wariance ([¥) H 1.59189
S3kewness (Y] : -0.74128 FKurtosis (¥} H 14. 25531
Log Likelihood 1 -5228.772 Alpha[l] +Betal[l]: 0.99741

The sample mean of squared residuals was used to start recursion.

The positivity constraint for the GARCH (1,1) is obhserved.

Thiszs constraint is alpha[L]/[1 - heta(l)] »>= 0.

The unconditional variance is 5.218541

The conditions are alpha[0] > 0, alpha[L] + heta[l] < 1 and alphal[i] + beta[i] =>= 0.
=> See Doornik & QOoms (2001) for more details.
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Graphical Analysis

Test Menu

Tesks ...

araphic Analysis ...

Forecast ...
Exclusion Restrickions, ..

Linear Restrickions. ..

OO0O00OFO

Skore ...

4 ] [ Zancel




Graph selection

Graphics - GARCH Models

Series

Raw Series ()
Residuals
squared Residuals
Standardized Residuals
onditional Yariance
Histogram

Standardized Residuals vs. Fitked Densiky

|E| In-Sample ¥aR Forecasks
Mone ':E}
Ermpirical Quantiles &
Theaoretical Quantiles ]
with the Following quantiles : 0.025; 0,975

l Ok ] [ Cancel




Graphical Output

=m s e 5] AL &P BV b

1985 1990 1935 2000 1985 1930 1935 2000
4l . Density
| [—— Conditicral Viriance — Starvdardized residiale (hemel)
I [——SKST{0,1.0.176807.6 36561) ]

= )
i 04k
L L
0} A '
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F1y ]
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Model Comparison

Progress - GARCH Models (%]

bdl GREECH( =1 =]
GERCH{ 1) E x 40932 —-E335.14 EBFGE
GARCH{ O) 7 x 4053 -E357.12 EFGE
[ < ] [ Del ] [ b ] [MarkSpeciFic ko General] [MarkGeneraI ko Specific
[ (04 l [ Cancel ]




Subset Models

Constraining parameters to be zero.
We perform an ARCH(12)-t on NQ.
We find that the a, ;=0

We wish to eliminate that from the model,
SO we constrain It to be zero.

a7



We set up an AR(1) ARCH(12) t
model

Model Settings - GARCH Models 3

[=] AR{FI)MA Orders {m,d,I} ¢
AR arder {m) 1
1A order 1) a
ARFIMA Fl
=] GARCH Orders
Garch order {p) ]
Arch order (q)
[=] Model
GARCH
EGARCH
GIR
APARCH
IizARCH
FIGARCH-BEM
FIGARCH-CHUMG
FIEGARCH
FLAPARCH-BEM
FIAPARCH-CHUMG
HYGARCH
RISKMETRICS
with lambda
Fractionally Integrated Models
ARCH-in-Mean
[=] Distribution
Gauss O "

—
[pul

p
- - -

200000000000

o
pry

l_ Ok ] [ Caniel




We opt for Matrix form starting
values— this lets us fix values

Starting Values - GARCH Models

Starting ¥alues

Choose the way the starting values are fixed :
Default {chosen by the program) () el ect
Select {Individual Form) O
Select {Matrix Form) ®

Mote: Choose "select {Matrix Form)' to fix some parameters at their starting values.

[ 04 ] [ Cancel
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We set ARCH(8)=0

Starting values - GARCH Models 3]

Edit, load or save parameter values, Use FIX ta fix parameters at their skarting value.,

FIX Talue
C=t (M) .0l
ALR(1) .0l
C=t (W) .05

ARCH {Alphal)
ARCH{AlphaZ)
ARCH{Alphad)
ARCH {Alphad)
ARCH (Alphal)
ARCH{Alphag)
ARCH {Alpha7)
ARCH(Alphas)
ARCH{Alpha9)
ARCH {AlphalO)
ARCH{Alphall)
ARCH{AlphalZ)
Student (DF)

DDDDDDDDDDDDDDDD

(0] l [ Cancel Load... l [Save.ﬁ.s... ] [ Reset




The Subset Model
does not contain ARCH(8)

Dependent wariahle : NQ
Mean Equation : ARMA (1, 0O} model.
No regressor in the conditional mean
Variance Equation : GARCH (0, 12) model.
No regressor in the conditional wariance
Student distribution, with 6.92557 degrees of freedom.
Jtrong convergence using numerical derivatives
Log—-likelihood = -£204.49
Please wait : Computing the 3td Errors
Robust Standard Errors (Sandwich formula)

Coefficient Std.Error t-walue t-prob
Cst (M) 0.o0ss077 0.016223 6.045 O.0000
AR (1) 0.0973995 0.o015528 6.311 0.0000
Cat (V) 0.226495 0.0z28271 g.012 0.0000
LRCH (Alphal) 0.067620 0.020706 3.269 0.0011
ARCH (Alphal) 0.181228 0.026585 £.517 0.0000
ARCH (Alphad) 0.086573 0.023254 3.723  0.0002
ARCH (Alphad) 0.121771 o.o0z23721 5.133 0.0000
LRCH (Alphat) 0.147807 0.0275887 E.358 O0.0000
ARCH (Alphag) 0.096119 0.023526 4,086 0.0000
ARCH (Alpha?) 0.058725 0.022167 2.649 0.0051
ARCH (Alpha9) 0.045479 0.0z20760 2.191 0.0285
ARCH (Alphald) 0.046155 0.026043 1.772 0.0764
ARCH (Alphall) 0.049121 0.0202960 2.343 0.0192
ARCH (AlphalZ) 0.066955 0.023148 2.892 0.0038
SJtudent (DF) 6.925587 0.73046 g.761 0.0000
ARCH (Alphad) 0.oooooo
Mo. Chservations : 3901 MNo. Parameters : 15
Mean () H 0.03552 VWVariance (Y] H Z.358613
Skewness (¥T) : -0.01241 Eurtosis (T H 8.75357
Log Likelihood : —f204.486 Alpha[l]+Betal[l]: 0.96762 -
4 *



Second generation GARCH

Nonstationary GARCH

Garch-in-mean

Asymmetric GARCH

— Leverage effects captured in EGARCH
— GJR GARCH
APARCH,APGARCH
Skewed t distribution captures leverage
effects better
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Nonstationary GARCH

Riskmetrics

Riskmetrics: 67 =w+(1-A)g, + 1o),

where A =.94 for daily data and .97 for monthly data.

IGARCH

q p
2 2 2
o, =w+ Zaigt_l + Zbiat_l
i=1 j=1

where

] ; Usually set at .97
2 2
Yael, +Ybol, ~1
i=1 j=1
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Garch-in-Mean

* One can add the conditional variance or the
conditional standard deviation to the mean

equation\

2
y.=a+ bXx +do; +e¢
where

: p
2 2 2
o =W+ aZ & + bZ Of_p

i—1 =1
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Select conditional variance

Model Settings - GARCH Models X

=] Model ~

GARCH

EGARCH

GIR

APARCH

IGARCH

FIGARCH-BEM

FIGARCH-CHUMG

FIEGARCH

FIAPARCH-BEM

FIAPARCH-CHUMG

HYGARCH

RISKMETRICS

with lambda :

Fractionally Integrated Models
=] ARCH-in-Mean

Mo ARCH-n-Mean

Add the conditional std.
Distribution
Constants

COC0O00O®OCOO0O00O0

=
[t}
B

C®O0

QK ] [ Cancel




Testing leverage effects

« EGARCH Exponential GARCH (Nelson)

* GJR Threshold GARCH (Glosten,
Jagannathan, Runkle)

« APARCH Asymmetric Power GARCH
(Ding, Engle, and Granger)
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Volatility Smile

.
| + + CondV = Res 1]

+
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Engle and Ng
Asymmeftry tests

: : Y. -
Sign bias test: & =a, +4a,S,_; +U,
- - . AD - A
—3ign bias test: &7 =b, +b,S_,&,_, +U,
+Sign bias test: &’ =c, +¢,S; & _, +U,

Joint Sign bias test: & =d, +d,S_,+d,S_,&_, + S/ ,&_, +U,

58



Asymmetry tests

Diagnostic test based on the news impact curve [(EGARCH ws. GARCH)
Test P-wvalue

Zign Bias t-Test 3.04599 0.00230
Negative Size Bias t-Test 0.0e642 0.94704
FPositive ZSi=ze EBias t-Test 0.02179  0.22657
Joint Test for the Three Effects 15.39502 0.00151



Exponential GARCH (David
Nelson, 1991)

n(h) =0+ @9(z.)+ Y A,

where

2
g(zti)zelzt_l'gz[l Ztl_l\/:q

T
and

Magnitude effect

Sign effect 60



Glosten, Jagannathan, and Runkle
(1993) (GJR) GARCH

; p
o' =w+ Z (aigtz—l + 7. Siéi) + Z'BJO-tZ—J
i=1 J=1

/

Leverage effect
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GJR Asymmetric GARCH(1,1)

*% GERCH{ 3] SPECIFICATICNZ ++* g
FE R FFTFT AR AT A AT AT ASFASAAS TSNS HS

Dependent wvariahle : Nasdag

Mean Equation : ARMA (1, 0) model.

MNo regressor in the conditcional mean

Variance Eguation : &JE (1, 1) model.

HNo regressor in the conditional variance

Skewed Student distribution, with ©6.54157 degrees of freedom.

and asymoetry coefficient (log =xi) -0.17954.

Strong convergenoe using nuwnerical derivatives
Log-likelihood = -5154.52
Please wait : Cowputing the 3td Errors

Robust 3tandard Errors (Sandwich formula)
Coefficient 3td.Error t-wvalue t-prob

Cat (M) 0.062393 0.014383 4.347 0.,0000
AR 0.1585370 0.016883 11.02 0O.0000
Cat (V) 0.017264 0,0052401 3.2095 0.0010
ARCH(Alph=sl) 0.096650 0.01517a6 6.369 0,.0000
GARCH (Betal) 0.550005 0.023975 35.45 0,0000
GJR. | Garmal) 0.09:z2444 0.030408 3.040 0,00z24
Asvrnetry -0.179540 0.023111 =7.768 0,0000
Tail 6.541571 0.66287 9.86% 0,0000
No. Chservations : 4081 HNo. Parssneters H =]
Mean (¥) H 0.06050 WVariance (Y) H 1.55316
Skewness [T) : -0.72562 HKurtosis [¥) H 14.45309
Log Likelihood : -5154.518

The sample mean of sgquared residuals was used to sStart recursion.

The condition for existence of the second moment of the GJR is not observed.

This condition is alphail) + beta(l] + k gammai(l) < 1 (with k = 0.588818 with this distributio:
In this estimation, this swn egquals 1.00109.

The condition for existence of the fourth moment of the GJR is not observed.

The constraint equals 1.12247 (should ke < 1). => Zee Ling & Mclleer (2001) for details. g
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Asymmetric Power GARCH
Ding, Granger, and Engle,1993

Gf =o+a, (& | _7/15t—1)(S + ﬁlaté;l

where

o = power capturgs long —memory effects when
o~1

Leverage effect
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Model Comparison

Progress tao date

Model T b log-likelihood a0 Hio LTC
GERCH[ 0O} 4093 7  BFGE -5367.1337 2.6368 2.6298 2.6260
GERCH[ 1) 4093 5  BFGS -5395, 1442 2.60464 2.56415 2.6387
GHRCH[ 2) 4093 7  BFGE -L228.7723 2.5692 2.5622 2.5584
GARCH[ 3] q0a1 2 EBFGS -5184.5175 2.5571< 2.5491< 2.54947

Testzs of model reduction (please ensure models are nested for test walidity)
GARCH{ 0) —--> GEHRCH{ 1): Chi*z | 21 = S6.021 [O.0000] *%

By clicking on the progress button on the GARCH
GUI, one can obtain the information criteria for
preceding models to compare them for fit.



Forecasts

e Conditional mean, with confidence
Intervals

 Conditional variance
— Intervals can be simulated

 VaR intervals serve as confidence
Intervals
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GARCH Forecasting

In-sample: This Is estimation.

— These can be evaluated by forecast error measures.

Out-of-sample: This sets aside a hold-out-
sample, over which forecasts are generated.

— These can be evaluated by forecast error measures.

Ex Ante: This generates forecasts beyond the
end of the sample.

— These cannot be evaluated until the real or
comparative data are collected against which they

can be measured.

66



Types of GARCH forecasts

ne conditional mean
ne conditional error variance
ne Value-at-Risk
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Forecasting the conditional mean

Suppose we have an AR(1) mean process:

Yi = /u+¢(yt_1 —,U) T &
An optimal hstep —ahead forecastis

Yien = L+ DYy — H)

=+ (Yeonar —4)
For an ARMA(1,1) mean process:
Yion = M+ ¢(§/t+h—1|t —u)+ 0.,

Laurent, S. G@RCH manual,
pp. 49-50 o



Forecasting the
Conditional Error Variance

e Suppose we had an ARCH(q) process.

:
A D oA A9 D
Oip =W Zai T
i—1
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Click on the test icon

OO00FOO

(04 ] [ Cancel




Forecast selection

Forecast - GARCH Models (%)

Forecasting
Mumber of forecasts 1z
E| Options

Prink Forecasts Errors Measures

Prink Forecasts
Plot Forecasts

Add sample average of conditional variance

2 AEEE

Mumber of pre-observations
[=] confidence Interval

Mane

Error Bands

Errar Bars

Errar Fans

"@000

Critical Walue
E| ¥YaR Forecaskts
Prink Wak. Forecasts
Plot vaR. Forecasts
WaR levels: 0.05; 0,95

(0] 4 ] [ Cancel




Forecasts graphed from GJR
mode|

- [B][3
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Forecasts

| FEFTFAFTFAFTFAAFT AT ANST Y

*% VaR FORECA3ITI +*
FREEREE AR EAEFAE A

MNumber of Forecasts: 12

Horizon 0.05 0.95
1 -5.716 2.482
2 -7.222 G6.959
3 -7.505 6.717
4 -7.567 6.671
5 -7.554 6. 665
& -7.594 6.673
7 -7.601 6,679
a8 -7.609 6. 635
= -7.616 5.632

10 -7.624 6. 695
11 -7.631 6.705
1z -7.639 6.711

printed
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Forecast Evaluation

Forecast Evaluation Measures

Mean Squared Error (M3E)

Median 3quared Error (Med3E)

Mean Error (ME)

Mean Abhsolute Error (MAE)

Foot Mean Squared Error (EM3E)

Mean Abhsolute Percentage Error (MAPE)

Adju=sted Mean bLhsolute Percentage Error (AMAPE)
Percentage Correct 3ign(PC3)

Theil Inequality Coefficient (TIC)

Logarithmic Loszz Function(LL)

Hean Variance
15.41 673
10.85 33.91

-0.5271 4.921
J.664d 13.71
4.291 25.96

al 2.144

Hal] 0.3743

0.25 Hal

0.9714 0.5777

al] 1.559
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Mean Square Error (MSE)

1, .
MSE (h) = EZ(GHh _GT+t(h))2
t=1

where
h = forecast horizonlength
T = largest number of in —sample obs
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Root mean squared error (RMSE)

1S, .
MSE (h) = \/HZ(GHh — GT+t(h))2
t=1

where
h = forecast horizon length
T = largest number of in—sample obs
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Mean Error (ME)

77



Mean Absolute Error

1, .
MAE == ) |6, -0,
TS

/8



Mean Absolute Percentage Error
(MAPE)

MAPE = —
T = O,

100i\&t—0t

MAPE tends to exaggerate when the
counts are small to begin with.
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Adjusted (symmetric) MAPE

Corrects for asymmetry between actual and
forecast values

« Can be interpreted as a percentage error

I — f
AMAPE = — > Tten Tt
T _Tl t=T, | Rt T 1:t,n

T = total obs available
T —T, = holdout sample used for forecasting

Brooks, C.(1997). Linear and Non-linear Non-Forecastability of High80
Frequency Exchange Rates, Journal of Forecasting, 16, 125-147.



Symmetric MAPE caveats

« Symmetric MAPE, according to Goodwin
and Lawton (2000) IJF (15), 405-408 is
not symmetric Iin that it treats positive and
negative errors differently, particularly
where they have large absolute values.
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Theil's U

T

1 Z(&t _Gt)2
Theil -U ===

Yoy

BM=Dbaseline model may be a random walk
model. This uses another model as a
baseline. Scores less than 1.00 are good and
those more than 1.00 not so good.
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Logarithmic Loss Function

:Tii[m(eT_t)—ln(hT_t)]

Lopez, J. (1999) Evaluating the Predictive Accuracy of
Volatility Models, FRB of San Francisco, p.6.
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Forecasting VaR follows shortly
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Simulation of CEV confidence
Intervals
"he model just run can be simulated from
the Ox Code.

The simulations generates multiple
replications.

Means and standard errors can be
computed.

These CEV means and standard errors
can be graphed.
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Simulation of GARCH models

B G@RCH - Monte Carlo %]
o ™
% =
all G@RCH STAMP

Module G@mRCH

Cakegory Monke Carlo W

Model class | Simulation of Univariake GARCH Models W
- -

Farmulate. ..

< -- -
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Simulation menu

Simulation - Simulation 3

Select a GARCH model
GARCH ®
EGARCH @]
GIR [ &)
APBRCH O
ARMA Orders
AR arder (m) a
Ma order ()
GARCH Drders
Garch arder (p) 1
Arch order {q) 1

[=] Distribution
Gauss (:)
®
GED O
Skewed Student
Dptions
Mumber of simulations 5
Mumnber of observations 30
Seed (-1 reseks ko the initial seed) i}
Plok the simulated data
Stare the simulated data
Defaulk name For the simulated series vkt
Defaulk name For the simulated conditional variance  $isigma_t~2%

Ok ] I Cancel ]




Simulations file created

IE *OxMetrics - C:\Program Files\OxMetrics5\simulationsMsimulationd.in? imulation4.in7 - C:\Program Files\0OxMetrics5simulations
File Edit WYew Model Run ‘Window Help - &>
J g cf';, H‘ ™ pae] ﬁ Isimulation< in? v 41% L'_] A‘E IE ?ﬂ @ @
Docurnents 4 7l VZ 73 T ¥5 sigmalt”? sigmaft~Z sigmadt~Z| sigmadt~z| s
| Data -~ 1 . 169019 1.1z612 812508 -1.04443 196627 & .5 .5 .5
' 23] *nasdag.in? z 1.18054  -.Z8BLE3 -.37608% -. 50354 LE7EEZ 452529 LE74572 . El4402 .EE1182
imulationd.i 3 -. 141352 . 334158 -1.4911z  -1.13621 - 383E5E . 549038 .E1BE47 476428 . E2E3L1E
[ Graphics 4 - 633318 . 893473 _9E3E0E  -.190201 1.15436 491521 475346 L EEE475 601635
G@RCH Foreca: 5 - 453311 - z4vEE .317386 - 4EEBTES - 0ZEBETE . 484603 . 508329 664203 535316
1 dgarCh—s'ms [ -.zzzals . 73EL1E .113883  -.302017 -.£93954 459708 463313 530811 500227
L e :raphics&ox 7 (1EEZ5E  -1.33448 .180274 -.00EE7622 -2.08851 . 423191 47323 523728 459517
load mat.ox 8 | -.0783748 - 069647 . 2E6527 .116811 - 326772 390664 609346 .471882 417358
3 -. 100535 -.14898% -.994155 0391714 -.227777 . 363312 .E3B111 . 433598 . 3BEE07
10 . 407801 292544 -.0737646 302532 -.z5192 341872 483016 497711 358491
adv_matrices.o: 11 L0EZ7ELE .lozzle -.509087  -_457E543 1.12196 . 339322 . 444396 . 44887 . 34535
testl.ox 1z - 462648 428915 -.354187  -_1Z6076 435833 .321736 406367 436041 34814
wectorization2.g 13 477128 -.0945392  -.314593 200346 . 528593 329728 392643 412097 330364
seq‘;'ence—gene 14 LEE7314 299077 -.z00268 . 209837 -1.02E13 335603 365207 390214 317514
roi:utog;l‘og:nera 15 . 19909z 282967 -.z0l4z2 LEEEZ1Z -.B81394 360384 . 3E0E2Z . 3EEEIE 308327
P — 16 - 282536 0770651 -.307738 L E9BE3E 119503 341883 337869 347747 339723
r OxBakch_sor.ox 17 -.9z7427 0315634 -. 786861 163535 597634 . 332Z064 320745 . 338293 L3692
Estlines. ox 1z 403487 .671414  -.0707442  -1.227z21 -.0E83207 . 403528 306642 384133 347718
- dbdates.ax 19 -.898186  -.8401l61 130833 -.614895 720988 . 388306 339061 357953 . 481244
F oadmat. ox z0 -1.15054 . 243537 L3291z -.0Z85347 .Z35865 . 443125 393526 .337827 . 474045
MGARCH_DCCY 21 1.4925E5 -.0976025 -.0lZ801E - . 56485 . 303794 548829 370278 359064 429384
L1z garch._sims.x 22 .497524  -.529842 -.880838  -.352779 -.10001% 708698 34738 . 337303 (426553
" IT-:XtResults 23 - 556837 230518 .BE5525  -.Z63086 -_0072l031 . 640726 357047 339202 404403
| natgas_regress 24 467578 . OEE3ZE7 -.3zz024 534162 -. 383009 594635 343506 . 440852 . 381311
= GIR11skidist2.c 25 -.42E79  -.46E82Z  _00l36728 L17613E -.B35E28 546694 325011 413706 382524
=) GIR11skt.out 26 1.0542 -.0534958 1.33686  -.153095 165063 506347 332649 . 380972 358779
=] Chung_FIGARC z7 | -.0051938% -.0311965 _700879 -.0414241 -1.36945 _EE411Z .3le5zz .530834 339683
=] chung_FIGARC 23 531862 -.395052 435184 - 465564 1.72308 501313 303388 522371 _azzoll
= GJR_IISktdi_StS" 29 1.02317  -.l33282 .0907544  -1.02679 1.28669 .478284 309117 . 485375 . 230228
= P?'c—:atlnces" 30 -.187045  -.311387 223466  -.0EB8EST -.121525 537315 299347 . 439432 (421674
; Ear?lil_stizs.out 31 864221 -.31EE7L .0E99841  -.382183 512331 . 483735 299806 408103 387813
[*l Modules >
Help &y »

rnrel w1l 331



Alt-O Invokes the Ox Code of the

model just run

#include <oxstd.h>

#import <packages/GarchS/garchs>
#include <oxdraw.h>

#import <database:

#import <simmlations/>

main()

{

Ff——— 0x code for GERCH( O)
decl model = new Garchi):

decl z,eps,sigma,y,¥_all=<>,sigmad_all=<:;
decl new nawe_sSimul y=new array[5]:
decl new_name_simul sigmai=new array[5];
for (decl i=0;i<5:++1)
i
z=rann(3il,11:
model.3imulate GARCH{O.05,<0.1»,<0.8%, z, 0, &eps, &sigmwai);
y=ep=z+0.01;
y_all~=y:
sigmaZ_=all~=sigmai;
new nswe Simul yv[i]=sprint ("y",.i+1):
new_name_simul_sigmaZ[i]=sprint("sigma",i+l,"t*2"J;
i
decl plot=0;
for (decl i=0;i<5;4+1)
{
DrawTMatrix (plot++, v _all[][0]', new name simul y[i]):
DrawTHatrix (plot++, SigmwaZ all[][0]', new namwe sSimul sigmai [1]):
i
ShowDhrawWindow ()
decl dbase = new Database():
dbase.Create(l,1,1,rows (yv),1);
dbase. Append(y_all,newv name simul v
dbase. bppendisigwag all,new nawe siml sSigwai) ;
dbase.3ave ("!'simulationd.in7™)

S delete dbaser =

4

Mnrlel 1101 iin
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Remainder of Ox code for

P €

Diacuments ¥
,.] Daka K
88l nasdaq.in?

193] 1simulationd.in7
| Graphics

] Code

load_xls.ox
eadmat, ox
adv_matrices.ox
estl.ox
wectorization2. ox
eqUEnCe_genera
-andom_generate
okt 3 ox
oxtut3e.ox
CBatch_xx.ox
stlines, o
dbdates.ox
oadmat, oix
MGARCH_DiCCtes
garch_sim5.0x
imbest.ox

_.] Texk

[Z] Results

FELI natgas_regressior
[Z1 GIR11skdistz,oul
[2] GR11skt.out

[ Chung_FIGARCH.
[ chung_FI1GARCH:
[Z1 GIR11skkdist3.oul
[Z] basic_matrices.ou
[Z] indes.hkml

4 GERCH

% PcGive

# STAMP -
4 L3
Help &

xbeta = &0+ &1 * Lrate -

£

17

simulation

My File Edit Search Wiew Model Run Window Help -8

¥ R _ N Isimulation4.in? VE I:_J A‘e IE ?@ %D
2, & @ 0. 4.

decl plot=0;

for (decl i=0;i<5;+4+1)

i
DrawTHatrix (plot++, v_al1[][0]', new name simul v[i]):
DrawTHatrix (plot++, sigwaz_all[][0]', new nawme_simul siowaz[il): I

i

ShowbrawWindow() ;

decl dbase = new Database():

dhase.Create(1,1,1,rows(y),1);

dbase.Append(y_all,new name_ simul_ v):

dbase. Append (sigwaZ_all,nev_name simul sigmai) ;

dbase.3ave (" !simulationd. in7") ;

delete dbases

decl x = loadwat ("'simulationd.in?™);

decl yy = x[][0:4]:

decl forecast=meanr (yy) !

decl varyy= wvarr (y¥y) !

decl sSeyy = sSgrt [varyy);

decl upper = forecast + 1.96%s3evyy;

decl lower = forecast - l.96%seyy;

print("columns 1-57, vy ;

print ("means of v1l-y¥5:7, meanr (yy)):

print ("Ztamdsrd errors of yl-y5", sewyy):

print | "forecast, upper, lower",forecast,upper, lower):;
IrawTMatrix (0, forecast', {upper,lower}, 1, 1, 1):
DrawZ (sqrt (varyy'), "", ZMODE BAND, 2.0, 4):
DrawTitle (0, "Forecast Profile of Conditional Error Variance™):
ShowDrawWindow() ;

decl dbaseZ = new Databasei).:
/¢ dbase.Load{"!simulations4.in7")

dhase.Infol();

A
i
4

delete dbaser

LzaC7a ir
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Graphed simulated confidence intervals
around the Conditional Error Variance

all:

E I adv_matrices.o;
[ testl.ox

[z weckorizationz.c
F % SequUence_gens
I tandom_genera
[Tz oxtub3f.ox

[Z Oxbubde.ox

iy CrBatch_xoox

Pl MEARCH DO
E [ garch_simS.oo
| Text
[Z] Resulks
[Z] natgas_regress
21 GIR11skedist2.c
[Z] GIR11skt.out
[£] chung_F1GARC
[Z] chung_FlzaRC
[Z] GIR11sktdista.c
[Z] basic_matrices.

Documents ¥
] Data
*nasdaq.in?
"] Graphics
[ G@RCH Foreca:
@ garch_sim5

[Z] indes. bkl

[Z] garch_sim5.out
(% Modules
—-#¢ Model
4 ¥
Help &

*OxMetrics - parch_sim5 - [garch_sim5]
[#] File Edit Model Run ‘Window Help

B[S

-ax

9 | e =2 =EHA D O D

Forecast Profile of Conditional Error Variance

\/ W

Model pi 10851 P -1426
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Outlier Modeling

Mean model outliers
Variance model outliers

Outliers In both mean and variance model
may be designated.

These can be important in model fitting.
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Value-at-Risk

* Normal APARCH (1,1)

Gt5 =@ T a1(‘ Ei1 ‘ _7/18t—1)§ T b10t5—1

 APARCH has long memory capabilities and threshold
capabilities built in. Leverage effects are captured.

 |s usually used with a skewed t distribution. In this
case | use an APARCH(1,1) with a t distribution to

generate the Value at Risk. It does handle the fat-tails
but in this case there is no appreciable asymmetry.

93



Value-at-Risk

In-sample

— Models are tested at a and (1- a) levels for
both long and short positions at various VaR
guantiles .

— Graphical output is available here.

— The failure rate iIs indicated by number of
times absolute value > forecasted VaR.

— Kuplec test is available
— Dynamic regression quantile is available.
— Expected shortfall for long and short positions
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Out-of-sample VaR

» Backtesting on the estimation sample
* Qut-of-sample length defined by user

Estimate - GARCH Models

Setting the validation
segment length
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Opt for Forecasts

Test Menu

Tesks ...

Graphic Analysis ..,
Forecast ...

Exclusion Restrictions. ..

Linear Restrictions. ..

OO00& OO

Skare ...

Ok I l Cancel




Set the VaR
out-of-sample horizon

| Forecast - GARCH Models

Forecasting

Mumnber of forecasts 20
(=] Options

Prink Forecasts Errors Measures

Prinkt Forecasts

Flot Forecasts

Add sample average of conditional variance

Mumbet of pre-observations 20
Confidence Interval

Bl ¥aR Forecasts

Prink VaR. Forecasts
Plat % &R Forecasts
WaR levels: 0.05; 0,95

(0] 4 ] ’ Cancel
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Printout of VaR Forecasts

L e i e e i e e e e e i

% VaR FORECAITS ++%
FEEE R TR TR TR AL

MNurbher of Forecasts: 20

Horizon 0.01 0.05 .35 a.39
1 -1.723 —-1.06 1.1%76 1.339
Z -1.70Z -1.039 1.19% 1.86
3 -1.722 -1.055 1.1%7% 1.84
4 -1.722 -1.055 1.1%7% 1.84
5 -1.722 -1.055 1.1%7% 1.84
& -1.7z2z2 -1.055 1.17% 1.54
7 -1.72E -1.05%9 1.1%77%7 1.54
g -1.72& -1.05%9 1.1%7% 1.54
= -1.72& -1.0559 1.1%7% 1.54

10 -1.72& -1.05%5 1.1%7% 1.54
11 -1.722 -1.055 1.1%7% 1.84
1z -1.722 -1.055 1.1%7% 1.84
13 -1.722 -1.055 1.1%7% 1.84
14 -1.7z2z2 -1.055 1.17% 1.54
15 -1.72E -1.05%9 1.1%77%7 1.54
1a -1.72& -1.05%9 1.1%7% 1.54
17 -1.72& -1.0559 1.1%7% 1.54
13 -1.72& -1.05%5 1.1%7% 1.54
19 -1.722 -1.055 1.1%7% 1.84
z0 -1.722 -1.055 1.1%7% 1.84



Reqguesting More
VaR levels

| Forecast - GARCH Models

Forecasting
Mumber of forecasts 20
|E| Options
Print Forecasts Errors Measures
Print Forecasts
Flot Forecasts
Add sample average of conditional variance
Mumber of pre-observations 20
=] Confidence Interval
Mone O
Error Bands O
Error Bars £
Error Fans @
Crikical Value i
|E| YaR Forecaskts
Print WaR Forecasts
Flok WaR Forecasts
YaR, levels: 0.01;0.05; 0,95;0,99
Ok ] [ Cancel




Graphical Forecast of
out-of-sample VaR

0000000
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Graphical Forecast
of out-of-sample VaR
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Long Memory Models

APARCH (Ding, Engle, and Granger,1993)

FIGARCH-Balillie, Bollerslev, and
Mikkelsen(BBM)

~IGARCH-Chung

APARCH (Tse, 1998)

APARCH-Chung

EGARCH (Bollerslev and Mikkelsen, 1996)

Davidson’s Hyperbolic GARCH
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Long-Memory Processes

Fractional differencing for long memory processes
(1-1) = Z I'(d+1) LK
'(k+)I'(d-k+1)

k=0

where
I'(n) = gamma function (n—-21)!

We substitute this function for (1-L) in
FIGARCH, etc.
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Long-Memory Models

* We run the basic descriptives test on it
— And find that it has long memory with a GPH
— d =.2885 with p = 0.0000.
— Therefore we try a long-memory model.
— A FIGARCH - Chung model
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Asymmetric and Long Memory

models

[=] AR{FI)MA Orders {m,d,1) &
AR order (m) 1
14 arder () 0
0
4 =] GARCH Orders
Garch order (p)
arch arder ()
[=] Model
GARCH
EGARCH

1 GIR

‘I APARCH

IGARCH

FIGARCH-BEM

FIGARCH-CHUMNG

FIEGARICH
FIAPAR.CH-EBM

‘< FIAPARCH-CHUMNG

HYGARCH

RISKMETRICS
with lambda

\ | [2] Cumrtimmalls Tnknauabad kadal- At

—_

O_'“'_"CDBB‘<(D$D

OO0000@®OO00O00O0

o
w0
iy

QK l [ Cancel

105

< S 03Jm®m3Q S O



Ar(1) -Chung’'s Method
with normal distribution

ol ol o o o o o o o o o o

% GERCH| 5] SPECIFICATICNE +#
o e
Dependent wvarisbhle @ Nasdag
Mean Ecquation @ ARMAL (1, 0) model.
Mo regressor in the conditional wean
Variance Ecquation : FIGARCH (1, d, 1) model estimated with Chung's method.
Mo regressor in the conditional wariance
Mormal distribution.

Strong convergence using humerical derivatives
Log-1likelihood = -5385.77

Please wait : Computing the Std Errors

Fobust Standard Errors (Sandwich formula)

Coefficient 3td.Error t-wvalue t-prob
Cst (M) 0.088338 0.016143 5.472 0.0000
AR (1) 0.137900 0.015280 i0.83 0O.0000
Cat (V) 0.821e16 0.27665 Z.970 0.0030
d-Figarech 0.3558937 0.045296 7.432  0.0000
ARCH(Fhil) 0.045350 0.18150 0.2505 0.7791
GARCH (BEertal) 0.z240055 0.15513 1.2587 0.1947
Mo. Obhservations : 4093 MNo. Parasmeters H &
HMean (Y] H 0.05517 WVariance ([¥) H 1.59189
Skewness (Y] H -0.74128 EKurtosis (Y] H 14.25531
Log Likelihood : —5385.77E

The sample mean of sguared residuals was used to start recursion.
The positivity constraint for the FIGARCH (1,d,1) is
ohserved.

=% Zee Chung (1999), Appendix A, for more details.
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AR(1) Chung Model sk(t)

= File Edit Search Wew Model Run Window Help -8 x
i i = E = o E .
PROEGHE S5 2 ZE AL DY BOD
xbeta = &0+ &1 * Lrate - \ry‘ i} a{ = 4 D".-} ﬁ
Documents ¥y = =
ta o o o o o o o o o o o o o o o
| *nasdaq.in? #% GARCH|[ 3) SPECIFICATIONS *#
iphiCS FEEE TR T T FTRF LA A AFT LT LAL L LAEESEEES
GERCH Farecasting Dependent wariakhle @ Nasdag
Data Plot Mean Equation : ARMA (1, 0) model.
de No regressor in the conditional mean
xt Variance Eguation : FIGARCH (1, d, 1) model estimated with Chung's method.
Results Mo regresscor in the conditional wvariance
GJRUSEd'Stz'U”t Skewed Student distribution, with 7.28811 degrees of freedom.
GJR11skE, oot R .
and asymmetry coefficient (log =xi) -0.17zZ2z2zZ.
Chung_FIGARCH. out ¥ tlog !
Chung_FIGARCH2 out Strong convergence using numerical deriwvatives
GIR1Lskrdist3. o0t 8 eonverd g
basi ) Log-likelihood = -5191.14
asic_matrices, ook
dules Please wait : Computing the 3td Errors ...
Model
% G@RCH Fobust 3tandard Errors (Sandwich formula)
% Priive Coefficient &td.Error t-wvalue t-prob
i STAMP Cst (M) 0.082381  0.013617 6.050 0.0000
AR(1) 0.174820 0.016583 i0.54 0.0000
C=L (V) 0.585073 0.15343 3.081 0.00z21
d-Figarch 0.410651 0.042157 9.735 0.0000
OePack, ARCH(Phil) 0.110z19 0.086095 1.250 0.z2006
eRun GARCH (Betal) 0.396601 0.10643 3.726 0.0002
% - inkeractive ASvrmetry -0.172222 0.022033 -7.817 0.0000
#lzarima Tail 7.288110 0. 68609 10.62 0.0000
No. Chservations 4083 No. Parameters =]
Mean (Y H 0.059258 WVariance (Y] H 1.55579
Skewness (Y) : —-0.72576 Eurtosis (Y) H 14.44751 I
Log Likelihood : -5151.143
The sample mean of squared residuals was used to start recursion.
The positivity constraint for the FIGARCH (1,d,1) is
ohserved.
4 ¥ =» See Chung (1999), Aippendix A, for more details.
-
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Hyperbolic Garch (James
Davidson)

* The generalized hyperbolic distribution
was discovered by Barndorft-
Nellson(1977) researching wind-blown
sand.

 This distribution can be skewed and
captures asymmetric effects that normal
distributions cannot.

 This distribution describes long-memory
processes.
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Continuous time Diffusion Models

Brownian motion simulation
Diffusion models

Diffusion models with jumps
Microstructure noise with jumps
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Ox Programs for Realized an
Integrated Volatility diffusion
models

-~ v - ¥ oma e o
#include <oxstd.h>

#iinclude <oxdraw. h>

#import <packages/garch5/garch>

maini)

1
decl obs_per day=2880; /2850
decl nunber days=510; |
decl rewmove first days=10;
decl wm=obs_per day*number days:
decl Delta=1f0bs_per_day;
decl select every obs=10; /10
decl theta=0.035;
decl omega=0.635;
decl lawbda=0.296;
decl pO=1;
decl s20=0.1;
decl P,Spot_wol:

decl garchobj = new Garchi);
garchobj.Siwul Continucus GARCH(pO,s20,w, Delta,theta,owegs, lawbda, &P, s5pot_vol) ; A SIMULA
S Remove the Ffirst 'remove first days' chservations
if (remove first_ days:>0)
{
P=P[remove_first_days*obs_per_day:]:
Spot_vwol=3pot_wvol[remove first days*obs per day:]:
nuwber days-=remove first days?
m=obs_per day*number days;

A7 Compute the Integrated vwolatility
decl IV=sumwr (reshape (5pot_wvol,nwber days,obs_per day).*Delta):

S Compute the S-min prices and daily prices
decl sel = reshapeizeros(select_every ochs-1,1)|1,m, 1)}
decl F_Swin=selectifr (F,sel);

R Y P —— [T T B S I T S I
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OXx can simulate continuous time
Brownian Motion processes

[ win broces|
1_

Ll

MM /‘4 5
RS ;
0 i

0 W
A \\\Mh/ ;
I TR TN TN AT NN TN SN I SO TR SO [ SO N | TR R | L
1] 1 2 3 4 5 1] 1 2
1
) Z T
i ALY
2_— L
; "
1\ i
M !
L | l\ I
I TR T, S S S |
a 1 2 3 4 5 0 1 2
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GARCH type output

FERAFFAFAFTSIA TSNS ATSNS

*% ZPECIFICATIONS +*
FTERAETRTRATEIRNATENTRNTENY
Dependent varisble : Daily returns
Mean Ecquation @ ARMA (O, 0) mwodel.
HNo regressor in the conditional wean
Variance Ecquation @ GARCH (1, 1) model.
Mo regresscr in the conditional wariance
Mormal distribution.

Jtrong convergence using numerical derivatives
Log-likelihood = -689,.927
Please wait @ Cowputing the S3td Errors

RBobust 3tandard Errors (Sandwich formula)
Coefficient 3td.Error t-walue t-prob

Cat (M) 0.030386 0.040286 0.7543 0.4510
Cst (V) 0.056647 0.045545 1.745 0.081¢
ARCH(Llph=al) 0.054538 0.033322 2.537 0.0115
GALRCH (Betal) 0.826288 0.067350 l12.26 0.0000
No. Chservations : 500 MNo. Parameters 4
Mean (V) H 0.02944 Variance [¥) H 0.97345
S3kewness (V) H 0.04457 HKurtosis ([¥) H 4.30813
Log Likelihood 1 —-689,927 Alphal[l]+Beta[l]: 0.91083

The sawple mean of sgquared residuals was used CLo SCArt recursion.

The positivity constraint for the GARCH (1,1) is ochserwved.

This constraint is alphal[L]/[1 - betail)] »>= 0.

The unconditional wvariance is 0.971656

The conditions are alpha[0] > 0, alpha[L] + keta[l] < 1 and alphal[i] + beta[i]
=2 See Doornik & Com= (2001) for more details.

The condition for existence of the fourth moment of the GARCH is ochserwved.

The constraint eguals 0.543596 and should he < 1.
=> Seeg Lihg & Mocldleer (2001) for details.

=

a.
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Mean Spot and Integrated Volatility
Mean GARCH volatility

Eztimated Parameters VWector @
0.0305386; 0.0536647; 0.0534535; 0.826288

Elapsed Time : 0.1Z5 seconds (or O0.00Z08333 minutes) .
Mean Spot wol: 0.82768
Mean IV: 0.82768

Mean GARCH wol: 0.975741
Mean sguared dailly returns: 0.2974312
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Graphical Output

0 100 200 300 400 00 1] 100 200 300 400 00

25

200 300 400 00
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Other Ox Diffusion Models

Other diffusion models include diffusion models
for estimation of realized volatility with jumps.

Lee-Mykland'’s statistical test for detecting jumps
at ultra-high-frequency.

Estimation of integrated volatility with jumps.
estimation of microstructure noise.

Estimation of intraday seasonality with flexible
Fourier functional form filter.
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Multivariate GARCH

Engle and Kroner (1995) Vec Model

Baba,Engle, Kraft, Kroner (BEKK) models
— Scalar

— Diagonal
RiskMetrics MGARCH

Factor GARCH
— Carol Alexander’s Orthogonal GARCH

— GOGARCH Generalized Orthogonal GARCH
(ML, NLS)
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Vec Model
(Engle and Kroner, 1995)

Vec(H,) =vec(Q) + Avec(r,_,r._, ')+ Bvec(H,_,)
where A and B are n°xn°matrices with structure
following from symmetry of H,

vec = column stacking operator

with variance targeting, vec(QQ) = (1 — A—B)vec(S)

where S =T£Z(|rt|rt )
t

117



Multivariate GARCH menu

Settings - MGARCH Models (%]

Model

Scalar-BEKK
Diag-BEKK,
RiskMetrics

CiZC

DCC (ENGLE)

DCE (TSE and TSUD)
QEARCH

GOGARCH ML
GQOGEARCH MLS

C000®O0OO0O0

QK ] [ Cancel
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BEKK(p,q) Model
Baba, Engle, Kraft, and Kroner
(1995)

H, CC+Z:A,<~9t L& A +ZG H,_G,

C,A, and G are nxn, but C is upper triangular
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Problem-number of parameters

« ARCH and GARCH BEKK(1,1) models
have N(5*N+1)/2 parameters. This is a lot.

* To reduce the number of parameters,
constraints have to be imposed.

* The curse of dimensionality can slow
down or cause the model to fail converge.
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Assumptions

Kronecker product

Thismodel is covariance stationary if

g P
dan+>.9° <1
i=1 j=1 o
When It exists, the unconditional variance’ matrix 2'= E(H, )
of the BEKK model =

vec(z) = INZ—_i(A@A)'—i(G,@G,-)}
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Kronecker Product

Let A be an mxn matrix and B be a pxg matrix,
then the Kronecker product A® B Is an mpxng matrix

a,B..a,B
and if Az(A11 Az ] then
A,

1

a.,B..a B

A,B A,B J

AXB = (
AynB  A,B
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Variance Targeting (Engle and
Mezrich, 1996)

An estimate of the unconditional covariance
matrix was obtained by variance targeting.

This reduces the number of parameters that
needs to be estimated.

In the BEKK model, we replace C'C by

g

unvec[l , = > (A® A) '—Zp: (GR®G)E

t=1
where

unvec isthe column unstacking operator

Vo

2 =unconditional vcv of ¢,
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Diagonal BEKK

* Matrices C and G are diagonal to restrict
the number of parameters.
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Scalar BEKK

* Another way to reduce the number of
parameters is to run a Scalar BEKK.

 Matrices A and G are matrices of ones
multiplied by a scalar.
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RiskMetrics MGARCH
(J.P. Morgan, 1996)

Ht — (1_2*)‘5}—15;—1 +/1Ht—l
or

1-14) < ,i '
Ht = (1—ﬁ)t_l leﬂ‘ 1gt—1gt—1

t=

where the decay factor
0<A<l
A =.94 for dailydata
A =.97 for monthly data
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“Orthogonal GARCH”
by Carol Alexander(2001), Orthogonal GARCH In
Alexander, Carol. (ed). Mastering Risk Vol. 2:
Applications, Financial Times, pp.24-38

Suppose you have: T obs, K asset or risk factors
IS summarized by TxK matrix Y.

You can generate factor GARCH where the
components are univariate GARCH models. We
begin with Principal Components Analysis.

PCA will yield up to k components.

Procedure
— 1 standardize the series in TxK matrix X.
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Orthogonal GARCH
procedure-cont’'d

« Xrepresents the same variables in Y.

« Standardize the columns in X so that they
have mean=0 and std dev=1, so If ith

« Risk factor or asset return in system is y, then
the normalized variables are

X =(Yi—u)l o
where 1 = mean
o = std dev of I.
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Orthogonal GARCH
procedure-cont’'d

Construct the Sum of squares and cross-
products matrix, R=XX.

Solve Canonical equation of (R- Al)W=0
for eigenvalue-eigenvector decomposition.

Solve for W = eigenvectors of X'X

Solve for A=diagonal matrix of
eigenvalues, ordered by decreasing
magnitude.
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Orthogonal GARCH

procedure-cont’'d
The principal components of Y are given
by the TxK matrix P = XW.
X XW=WA.
P P=WX'XW=W'W A but because
W=orthogonal matrix, W'W=I| so

P'P= A,the diagonal matrix of eigenvalues,
Variance of the ith component equals the
ith eigenvalue of X’X.

The standardized residuals 8t=Ht_1 (Yt—ue)
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Orthogonal GARCH
procedure cont'd

H, =Var_, (&) :Vllzvtv -
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OGARCH(1,1,m)
Alexander and Chibumba(1997)

Y, =U, +&
g =V,

u=2_*

g =V"Z f

where

V =diagonal(v,,V,,...v.) with v, = population variancesof &,

Z, =matrix of P.L =P, diag(l’22?,...,1¥2)

In which |. = largest m eigenvalues of correlation matrix of &, &P,

L_=matrix of eigenvalues
P.= Nxm matrix of orthogonal eigenvectors

Laurent, S. (2007) Estimating and Forecasting ARCH models 132

using G@RCH, Timberlake Consultants, Ltd.,p. 177.



Orthogonal GARCH-cont'd

f.=(f,, f,,..., f ) IS arandom process vector such that
E,(f)=0 & Var_(f) =%, = (03,03 - Om,)

Gf =(1-a,-B;,)+ v(x, X)‘l—OLI |t1+[3|0|t1

H, =Var_,(g,) =V AV ¥

where

V. =Var_(u)=2_ > Z_

Ibid, 178. 133



OGARCH-cont'd

Alexander warns that high dimensional
factor estimation can grind to a halt.

She suggests low order dimensional
component extraction. She extracts 2
components from 12 series.

QMLE Is used.

ARFIMA can be specified in the mean
model.
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Select OGARCH

Settings - MGARCH Models x)

Model

Scalar-BEKE
Diag-BEKK
RiskMetrics

o

DiZC (EMGLE)

D (TSE and TSULY

CGARCH
GOEARCH ML
GOGARCH MLS

CO®OO0O0C0OO0

[0].4 ] [ Cancel
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OGARCH

Formulate - MGARCH Models - DJNGQ. xIs

Selection Lags Databasze

T DI Lag0 to - Marne

T HNQ DAy

Z FRIDAY 0 MOMNDAY
TUESDAY
WEDMESDAY
THURSDAY
FRIDAY
D2 JOMES
MAasDAD

(] ©

N

4

Clear==

Z (Mariance) w Set

0K I [ Cancel
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elect AR(1)-GJR-GARCH(1,1)
with scree plot and standard
ARCH output for 2 components

Model Settings - MGARCH Models x|

[=] AR{FI)MA Drders {m,d,I}

AR order (m) 1
18 arder (1) 0
ARFIMA |

-] GARCH Drders
Garch arder {p}
arch aorder (q)

=] Model

GARCH

EGARCH

APARCH

IGARCH
FIGARCH-BEM
FIGARCH-CHUMNG
FIEGARICH
FIAPARCH-BEM
FIAPARCH-CHUMNG
HYG@ARCH
Fractionally Integrated Models

— | -

WAL R LN LN,

BADDDDDDEDD

Distribution

0 [ [+

Principal Components Options

Univariate GARCH outputs Standard
Mumber of PC {0=print the PC Analysis results first) 2

Scree Plok

[ [s]'4 l [ Cancel 137




Select 2 components

Model Settings - MGARCH Models
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Scree plot suggests 1 component

Eigerrralues
075 1.00
——
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Mean model estimates

FTHEFFFFFIAILTFTFIIAISISENSTSS

**% SZPECIFICATICNS *%*

ol o i e e e e el e
Dependent wariable : DJ
Mean Ecquation : ARMAL (1, 0) model.
No regressor in the conditional mean
Variance Equation : GALARCH (0, 0) model.
No regressor in the conditional wvariance
MNormal distribution.

Strony convergence using nuwrerical derivatives
Log-likelihood = -5596.64
Please wait : Computing the 3td Errors

Robust Standard Errors (Sandwich formula)
Coefficient 3td.Error t-wvalue t-prob

Cst (M) 0.033459 0.016156 2.073 0.0383
AR (1) -0.0010%76 0.023241 -0.04630 0.9631
Cst (V) 1.022913 0.0436458 23.44 0.0000
MNo. Chservations : 3913 HNo. Parameters 3
Mean (T : 0.03369 WVariance (Y] : 1.02307
Skewness ([Y) : -0.30325 EKurtosis ([T) : S.12068
Log Likelihood : —5596.639

Eztimated Parameters Vector
0.033489;-0.001076; 1.022913
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Mean model estimates-cont’d

Eo o o ol ol o ol o o o o ol

#% SZPECIFICATIONG *+*
FEFEFTETETELTFTAEFTEFTEEES
Lependent wariakble : NQ
Mean Equation : ARMA (1, 0O) model.
MNo regressor in the conditional mean
Variance Eguation : GARCH (0, 01 model.
MNo regressor in the conditional wariance
MNormal distrilbution.

3trohg convergehce using numerical derivatives
Log-likelihood = -7245.07
Flease wait :@: Cowputing the 3td Errors

Fobust 3tandard Errors (Sandwich formula)
Coefficient 3td.Error t-value t-prob

Cat (M) 0.035089 0.025376 1.383 0.1665
AR 1) 0.027975 O.02g912 1.040 0.2986
Cat (V) 2.379124 0.10661 22.32 0.0000
MNo. Ohservations : 3913 MNo. Parameters 3
Mean ([7T) H 0.03527 Wariance ([7T) H 2.38111
Skewness ([¥) : -0.01238 Eurtosis (¥ H S.764342
Log Likelihood r =7245.073

Eztimated Parameters VWectaor
0.035059; 0.0=7975; 2.3791:24

Elapsed Time : 0.25 seconds (or 0.00416667 minutes).
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PCA

Principal Components Analy=sis on the Correlation matrix

Component Eig
1.0000
2.0000
Eigenvectors
PC_1
T -0.70711
I -0.70711
Correlation between
PC_1
T -0.92004
Le -0.92004

3TEP 1: PC Analysis

envalue
1.6929
0.30706

a.
-0.

the PC

Froportion Cumulative
0.54547 0.84547
0.15353 1.0000

PC_2
0711
0711

and the variables

PC_2

39153
. 39183

Principal Components Analy=sis on the Correlation matrix

Component Eig
1.0000
2.0000

envalue
1.6929
0.307v06

Froportion Curmulative
0.54647 0.54647
0.15353 1.0000
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PCAII

Bi Results

Eigenwvectors

PC_1 PC_2
DJ -0.70711 0.70711
NG -0.70711 -0.70711

Correlation between the PC and the wvariables

PC_1 PC_2Z
DJ -0.92004 0.39183
NQ -0.52004 -0.35183

O-GARCH rotation matrix

Rotation matrix (Z m = P m L m*1/2Z with m=Z)
-0.92004 0.39183
-0.92004 -0.39133

STEP 2: HL Estimation of the GARCH-tvype models on the unobserved factors

143



Univariate GARCH model for PC(1)

5 Results
ol o e o o ol

*% SPECIFICATICNG *%
FEEEER ARG E AN TR OGS

Dependent wvariable : PC(1

Mean Equation : ARMA (O, 0] model.

o regressor in the conditional mean

Variance Eguation : &JR (1, 1) model.
Variance Targeting

1 regressor (s) in the conditional variance.

Normal distribution.

Strong convergence using nuwmerical derivatives
Log-likelihood = -4916.33
Please wait : Computing the 5td Errors

Fobust 2tandard Errors (Sandwich formula)
Coefficient 3Std.Error t-wvalue t-prob

FRIDAY (V) 0.155899 0.064006 2.436 0.0149
ARCH [klphal) 0.112544 0.0262A1 4,286 0.0000
GARCH (Betal) 0.923963 0.017442 52.97 0.0000
GJIR [ Garrosl) —-0.093986 0.0z26911 -3.492 0.0005
Sigmatz -0.0z0710

No. Chservations : 3913 No. Parameters : 4
Mean (T) : =0.00000 WYariance (T) H 1.00000
Skewness (T) H 0.15700 Kurtosis (T) H 7.661592
Log Likelihood : —-4916.333

The sample mean of sguared residuals was used to start recursion.
Positivity & stationarity constraints are not computed because there are
explanatory wvariasbles in the conditional wvariance equation.

Eztimated Parameters Vector
0.155899; 0.112544; 0.923963;-0.093986
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Univariate GARCH model for PC(2)

** SPECIFICATIONS **

ool o o o o ol ol
Dependent wvariasble : PC(2)
Mean Equation : ARMAL (0, 0) mwodel.
No regressor in the conditional mean
Variance Eguation : GJE (1, 1) model.

Variance Targeting

1 regressoris) in the conditional wvariance.
Normal distribution.

Strong convergence using numerical derivatives
Log-likelihood = -4504.16

Flease walit : Computing the 3td Errors

Robust Standard Errors (Sandwich formuala)

Coefficient 3td.Error t-wvalue t-prob
FRIDALY (V) 0.061350 0.053082 1.156 0.2479
ARCH{Alph=al) 0.037768 0.010111 3.735 0.0002
GARCH [Betal) 0.952159 0.0095491 96.67 0.0000
GJR [ Garnal) 0.013421 0.010270 1.307 0.1914
sigma™2 -0.008914
No. Chserwvations : 3913 No. Parsastreters @ 4
Mean (¥) :  —0.00000 Variance (Y] H 1.00000
3keuness (Y) H 0.36774 FKurtosis (Y] H 10.02964
Log Likelihood : —-4504.160

The sample mean of sgquared residuals was used Lo start recursion.
Positivity & stationarity constraints are not computed bhecause there are
explanatory variabhles in the conditional wvariance edquation.

Eztimated Parameters Vector
0.0681350; 0.037765; 0.952159; 0.013421
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Graphs of the Raw Series

=] MGERCH Raw Series

1990 1992 1994 1996 1992 2000 2002 2004

15
—— HNQ

1

-0

1990 1992 1994 1996 1998 2000 2002 2004
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Graphs of Standardized Residuals

F=l MGERCH Standardized Residuals =[]

0r

i

il

1990 1992 1954 1594 1998 2000 2002 2004

- T - R
No. 3eries H 2 Log Likelihood :-10162Z.324
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Conditional Variances

& MG@RCH Conditional Variances

1990 1992 1994 1996 1993 2000 2002 2004

20+
[ [——HQ
15
10k
j_
1990 1992 1994 1996 1998 2000 2002 2004
e ey T Sppp— —
No. Series H 2 Log Likelihood :-10162.3243
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Graph of the Conditional
Correlations

MNo. Series H 2 Log Likelihood :-1018Z.324
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Forecasts

Prints conditional mean forecasts
Prints conditional variance forecasts
Prints v-c forecasts

Prints conditional correlation forecasts
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Printed forecasts

Conditional Mean Forecast.

Horizon
1
2
3
4
5
&
i
g
=
10

step 1:

DJ

0.05442

oo oo oo o000

DJ

46575
53764

DJ

L6125
53138

DJ

45679
52515

DJ

. 59878
LT1lE220

DJ

L0544
L0544
L0344
L0344
L0344
L0344
L0344
L0344
L0344

el
0.05863
0.03652
0.0359
03588
03588
03588
03588
03588
03588
03588

L T T o o o |

Conditional V-C Forecast.

jops
0.53764
1.0837

jops
0.53136
1.0732

jops
0.5Z515
1.06Z8

jops
0.712Z2Z0
1.3932

jops
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Printed forecasts-cont’d.

86518

oI
70956
855268

DJ
1.0000
LT56E7E

oI
1.0000
75523

oa
1.0000
.75368

DJ
1.0000
Brar=irs-t

oJ
1.0000
LIB335

DJ
1.0000
LTTEES

oI
1.0000

u]
step 10:
a
a
step: 1
u]
step: 2
a
step: 3
u]
step: 4
a
step: 5
a
Step: 6
u]
step: 7
Fl

1.6673

NQ
0.85526
1.6510

Conditional Correlation Forecast.

NQ
0.75676
1.0000

NQ
0.75523
1.0000

NQ
0.75362
1.0000

NGO
0.77975
1.0000

NQ
0.77335
1.0000

NQ
0.77653
1.0000

NQ
0.77551
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Multivariate tests

Bi Results

TEEERTRTTTANY

** TESTI *+
EEEREEE R TGS

Information Criteria

Akaike
Schware

Vector Normality test:

Hosking's Multiwvariate Portmanteau Statistics on Standardized Residuals
[O.
[O.
[O.
[O.
Warning: P-walues have been corrected by 1 degree of freedom

Hosking| &)
Hosking( 10)
Hosking({ 20)
Hosking( 50)

Hosking's Multiwvariate Portmanteau Statisties on Sgquared Standardized Residuals
[O.
[O.
[O.
[O.
Warning: P-wvalues have been corrected by Z degrees of freedom

Hosking({ 5)
Hosking( 10)
Hosking( 20)
Hosking | 50)

Li and Mcleod's Multivariate Portmanteau 3tatistics on Standardized Residuals

Li-HcLeod| 5
Li-McLeod( 10
Li-McLeod( 20
Li-McLeod( 50

Warning: P-walues have been corrected by 1 degree of freedom

|
|
|
|

5.
5.

[to be minimized)

213592 3Zhibata 5.2153573
232868 Hannan-Cuinn S5.220433

25.9177
4Z.0959
107.230
Z243.977

Z87.508
509.086
§10.765
1779.90

Z25.9187
42 .1044
107.152
Z43.785

chi*z (4) =  1071.9 [0.0000]+*

1324999]
3384236]
0150009]
0163043]

goooooo]
goooooo]
ooooooo]
ooooooo]

[0.1324717]
[0.3350514]
[0.0192378]
[0.0166497]
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Generalized OGARCH
(van der Weide, 2002)

One can test whether the correlations between the
components are really zero.

This model outperforms the OGARCH sometimes,
generating a log-likelihood may be lower.

The orthogonality assumption between OGARCH
components is relaxed. Rather the Z matrix in

u, = Zf,

IS assumed to be square and invertible only.
(Laurent, 2007, class notes).
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GOGARCH - (Laurent notes,
con’'td)

where P and L are defined as the eigenvectors
and eigenvalues,

m=N, Z_ =Z=PL"U

and
U is the product of N(N-1)/2 rotation matrices:
U=]]G,(6;) —-n<6; <z, i,j=12,.,n

<]
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Generalized Orthogonal GARCH

Rt :‘J t-lvt ‘] t-l
where
R =1mplied correlation matrix

J=(Vel ) and V,=23Z"

e =

ladamard (element by element) product
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Specification tests (Laurent notes
cont’d).

The specification tests (univariate and
multivariate) are used to assess the fit and
specification of the model.

Univariate tests are applied to each u

Univariate tests are applied to each z ;.
Univariate tests are applied to each uyu ; to
assess the covariance specification.

Multivariate tests are applied to the vector
Z, as a whole.
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Rotation matrices

For the trivariate case, the rotation matrices are

(coss, sing, 0) (coss,, sing, 0
G, =| -sind, c0so,0|, G,=| O 1 O
. 0 0 1) \—SINd;5 €SSy, 0

There are N(N-1)/2 rotation angles are the parameters to be
Estimated.

158



Conditional Correlation Models

Bollerslev(1990) introduced constant conditional
correlation estimator.

The Dynamic conditional Correlation between
the conditional variances is made time-varying
by Engle.

Forecasts are possible
Graphs of conditional correlations are possible

Application: Better for computing time-varying
hedge ratios than a linear regression model.

Takes Into acc_ount_condltlonal
heteroskedasticity in the spot market.
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Conditional Correlation Models

 Bollerslev's (1990) Constant Conditional
Correlation

* Tse and Tsui(2002) Dynamic Conditional
Correlation

* Engle(2002) Dynamic Conditional
Correlation
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Constant Conditional correlation
(Bollerslev, 1990)

Two or more univariate GARCH models are estimated.

Nonlinear combinations of conditional variances from different GARCH
models

H, =DRD, = (pij \/W)

where

D, =diag (M, oo, )

h.. = any univariate GARCH model

R = p; (a symmetric positive definite matrix with p; =1, Vi
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Constant conditional correlation-
cont'd

Originally, the CCC model had a GARCH(1,1) specification for each

Conditional variance in D;.

- 2
Ny = @ +a,& t P hii,t—l

The CCC model has N(N+5)/2 parameters. H; is positive

definite if and only if all N conditional variances are positive
and R is positive definite. The unconditional variances are
easy to obtain but unconditional covariances are difficult to

calculate because of nonlinearity (Laurent,S. G@RCH manual
192). 162



Dynamic Conditional Correlations:
A new class of MGARCH

“Rob Engle (1999) in “Dynamic Conditional Correlation—
A Simple Class of Multivariate GARCH Modles, has
written that, “Time-varying correlations are often
estimated with MGARCH that are linear in their squares
and cross-products.”

“They have flexibility of univariate GARCH models...."

“They do not have the complexity of MGARCCH.”

“They have parsimonious parametric models for the
correlations.”

They perform well in a variety of situations and provide
sensible empirical results.”
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DCC models

* Advantages:

— The number of parameters to be estimated is
Independent of the number of series to be
correlated.

— Potentially very large correlation matrices can
be estimated.

— The rolling correlation estimator can be
computed.
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Dynamic Conditional Correlation
(Tse and Tsui, 2002)

H, =DRD,

where

D, = diag (s, Ny, . M)

h.. = any univariate GARCH model

so that

R=01-6-6,)R + 8y, +6,R_,

where R = asymmetric positive definite parameter matrix
with p. =1, and

Z ‘9i,t—m‘9j,t—m

m=1

T Ba)Ee




Tse and Tsui's Dynamic Conditional
Correlation
make R time dependent

=(1-6 _92)F_Q + Gy, +O,R
where R = asymmetric positive definite parameter matrix
with p. =1, and

M

Zgi,t—mgj,t—m
Yia= - = t_llLt lL[—l t 1
\/(Zglzt mj[zgjt mj

and B, , = NxN diagonal matrixwith i —th diagonal

e
where ¢, =—

i

& =(&rEpreenr Ey)'
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Tse and Tsui's DCC
_ 1 & |
R:?;Qgt

Only if R has M <N order will v, , beassured of
positivity.
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Dynamic Conditional Correlation
(Engle, 2002)

Tse and Tsul

M

Zglt m jt m

P =1=6,-6,)py, + ‘92p12,t—1 +6 =

M M
S )Fa)
Covariance m=1 m=1

_ (1_ o — ,B) C_|12 TAE 1€y T ﬂqlz,t—l
Prat = — > = -
\/((1_ oi= ,3) Oy T &4+ qull,t—l ) ((1_ a— IB) Uop Q&5 1 T :quz,t—l)

Std devs//

Engle
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Engle’s DCC

-1/2

R =diag(0,,"  Ouw:)Qdiag(tn:’  dws);
where Q, = (¢;,,°

matrix given by

) 1S an NxN symmetric positive definite

QtZﬁ(l—Ol—,B)-l-Ol( )"l'ngt—l

Equation borrowed from Rob Engle’s presentation
on DCC, ISF2007.
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Parsimony prevails

* If the Individual processes are
GARCH(1,1), the DCC has only
(N+1)(N+4)/2 parameters.
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Two-step Quasi-Maximum
Likelihood Estimation

* Engle and Sheppard (2001) show that in the DCC case,
the log-likelihood can be written as the sum of the mean

and volatility part.

« Step land 2: QML function corresponds to the sum of
the LL functions of N univariate models.

QLL(6)) = _%ZZPOQ(%) + U ;‘_“it) }

1t

Given &, a consistentthough inefficient estimator of 8, comes from

max imizing :
.

QLL(65) =- X (log | R [ +44R 1)

t=1

where Hy = Dt_l(yit _:uit)
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Engle DCC output

FEREERTERATERTERNTELNY
*% ZPECIFICATICNS **
FEEHEEAFTERFTAIRFTSATSSNS
Dependent wvarisble @ DIJ
Mean Ecquation @ ARMA (1, 0O) model.
MNo regressor in the conditional mean
Variance Egquation : GJR (1, 1) model.
MNo regressor in the conditional wvariance
Mormal distribution.

Weak convergence (no improvement in line search] using numerical deriwvatives
Log-likelihood = -5150.9
FPlease wailt @ Computing the 3td Erraors

Fobust Standard Errors (Sandwich formula)
Coefficient 3td.Error t-wvalue t-prob

Cst (M) 0.029764 0.013551 2.190 0.0286
LE (1) 0.021967 0.017049 1.288 0.1977
Cst (V) 0.011930 0.0047754 Z2.498 O0.0125
LECH(klphal) 0.008823 0.0068322 1.291 0.1966
GARCH (Eetal) 0.936954 0.016569 E6.55 0.0000
GJIR | Garanal) 0.08173%9 0.024z269 3.368 0.0005
MNo. Chservations : 3913 No. Parameters &
Mean (Y) H 0.03369 Variance (T) H 1.02307
Skewness (T) : —-0.30325 HKurtosis (T) H S5.1z2068
Log Likelihood : =5150.903

The sample mean of sguared residuals was used to start recursion.
The condition for existence of the second mwoment of the GJR is ochserved.

This condition is alpha(l) + beta(l) + k garmw=a(l) < 1 (with k = 0.5 with this distribution.)

In this estimation, this sum eguals 0.956647.
The condition for existence of the fourth moment of the GJIR is observed.

e RPN TR NN NIV E S R T S ST Y T T A T

=

[ NURE S
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Engle’s DCC

- L= o= e

FEE TR RLTRFTRLEES

#% ZPECIFICATIONS **

ol o o o o o o
Dependent wvariable @ NQ
Mean Equation : ARMA (1, 0O) model.
No regressor in the conditional wean
Wariance Eguation : GJR (1, 1) model.
No regressor in the conditional wvariance
Normal distribution.

Jtrong convergence using numerical derivatives
Log-likelihood = -6245.8
Flease wait : Computing the 3td Errors

Robhust 3tandard Errors (Sandwich formula)
Coefficient 3Std.Error t-value t-prok

Cst (M) 0.044543 0.017815 2.500 0.0125
AR(1) 0.110349 0.017z202 &.415 0.0000
Cst (V) 0.015383 0.0059041 2.605 0.00922
ARCH(Alphal) 0.033653 0.010837 3.639 0.0003
GLRCH (Betal) 0.912374 0.015410 49,56 0O.0000
GJIR [ Garamsl) 0.073668 0.024063 3.311 0.0009
No. Chservations : 3913 MNo. Parameters o
Mean (¥ H 0.03527 WVariance [T) : Z2.38111
Skewness (Y H -0.012358 EKurtosis (T : 5.76442
Log Likelihood T —-6245.795

The sample mean of squared residuals was used Lo start recursion.

The condition for existence of the second moment of the GJR is observed.

This condition is alphai(l) + keta(l) + k garmoa(l) < 1 (with kK = 0.5 with this distribution.)
In this estimation, this suw edquals 0.599186.

L2 U SV N TP U= ST WU T T S SN R |
= =
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Engle’'s Dynamic Conditional
Correlation

FTHEHAEEFFFTIAASES

%% SERIES *%

E e o e i

thj
=]

(X

o o o e el e O O O e i il

*% MGERCH({ Z) 3PECIFICATICONS **

e e e e e e e e e e i e

onditional Variance @ Dyvhamic Correlation Model (Engle)
Tultivariate 3tudent distribution, with 5.2Z25629 degrees of freedom.

iCrong convergence using huwmerical derivatiwves
wog—-likelihood = -9659, 62
*leaze wait @ Computing the 3td Errors

Fobust Standard Errors (Sandwich formuala)

Coefficient 3Std.Error t-walus t-prok
EBEBtEi ilpha 0.044075 O0.0062293 7.075 0.0000
et 0.945047 0.0057833 107.&6 0O.0000

—————_______———15 g.2562594 0.70303 11.86 0.0000

Tnconditional Correlation [(CCC)

cho 21 0.692362

Io. Chservations : 3913 No. Parameters : 18
Io. Zeries : 2 Log Likelihood @ -9659.6:24
Jlapsed Time : 0.172 seconds (or 0.00Z286667 minutes) .

df
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Forecasts

Conditional Mean Forecast.

Horizon

Wom -] oo WMo

10

oo oo oooooog

Ho
07605
03124
04307
04438
04453
04454
04454
04454
04454
04454

I
]

Lo o o o o Y e e Y Y

Conditional V-C Forecast.

step 1:

o.
o.

step 2:

step 3:

step 4:

step S5:

DT
6le86
64156

T

LB2055
LB3441

DT

LB2420
L B4723

T

LB2TT9
LBE002

DT

.B3134

Pttt

0.

NQ
64156

1.1277

a.

HNQ
64441

1.1339

0.

NQ
64723

1.1401

o.

HNQ
65002

1.1462

o.

"

NQ
65277

4 mmn
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Forecasts of conditional correlation

Conditional Correlation Forecast.

step: 1
DJ o]
1.0000 0.76320
a.76320 1.0000

step: 2
nJ NQ
1.0000 0.7658z0
0.765820 1.0000

step: 3
DJ o]
1.0000 O.76723
O.76723 1.0000

step: 4
nJ NQ
1.0000 0.76628
0.76628 1.0000

step: 5
DJ o]
1.0000 0.76534
0.76534 1.0000

step: O
nJ NQ
1.0000 0.76443
0.76443 1.0000

step: 7
DJ o]
1.0000 0.76354
0.76354 1.0000

step: 8
nJ NQ
1.0000 0.76266
O.76266 1.0000

step: 9
DJ o]
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Graphical Conditional Correlation

|

MMMMM
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Diagnostic Tests for Conditional
Correlations

» Testing for misspecification of the conditional
mean or variance eqguation:

* Hosking's (1980) Multivariate Box-Ljung Q
statistics:

Hosking (1980) (m) =T Zi (T -J)"tr{C,*(0)C, (J)C, (0)C, (i)}

where

y, = vector of observed returns

C, (J) =sample autocovariance matrix of order |
H, :no serial correlation
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Testing Misspecification
IN mean model

* Qing Li and Dennis MclLeod’s(1981)
Multivariate Portmanteau test of residuals and

Squared residuals (Li, W.K.(2004) Diagnostic Checks in
Time Series, p.10)

k’m(m +1)
2m

Q =Q, + ~ y* with df =k*(m—s)

where

Q, =n)_f’ = Box— Pierce statistic,
k=1

m = lag order,
k=N
s= p+q from ARMA(p,q) orders

This test is applied to z* to test misspecification in variance model.
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We opt for the tests
In the Test Menu

Test Menu

Graphic Analysis ...
Faorecast ...

Exclusion Reskrictions. ..

OO0000E

Linear Reskrickions. ..

Skore ..

Ik

] [ Cancel
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Select both univariate and

multivariate tests

Available Tests:

Information Criteria
|E| Univariate Tesks
Mormality Tesk
Box/Pierce on Standardized Residuals
Box/Pierce on Sguared Standardized Residuals
with lags: 5; 10; 20; 50
(=] Multivariate Tests
Mormality Tesk
Hosking's Partmanteau Test on standardized residuals
Hosking's Portmanteau Test on squared standardized residuals
Li and McLeod Test on standardized residuals
Li and McLead Test on squared standardized residuals
with lags: 5 10; 20; 50
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Univariate test output

Individual MNortalit

Series: DJ

Skewness
Excess Kurtosis
Jarcgque-Eera

Z3erie=s: HNoQ

Zkewness

Excess Kurtosis
Jarcque—-EBera

v Tests

Ftatistic
-0.20445
Z.0549
711.71

Itatistic
-0.25676
a.77813
151.49

t-Test
5.z2084
Z6.182

)

t-Test
7.53055
9.9141

LHall

Q-Statistics on Standardized Residuals

Zerie=s: DJ

Qf 5] = 2.36824
Qo 10) = 4.02344
Qf 20 = 14.1554
Q( S0y = 48.0501

Series: NQ

O 5] = 4.52248
0 10) = 6.28587
Qf 20 = 29.9389
Q( 50) = 57.8160

[0.7961946]
[0.9462835]
[0.8225299]
[0.5503445]

[0.4768815]
[0.7907014]
[0.0708505]
[D.2089322]
HO : Mo serial correlation ==» Accept HO when prob.

P-Value

L9044e-007
4,3002e-151
.8505e-155

P-Value

LT631e-013
L6133e-023
1.26938e-033

iz High [Q < Chisdgiladg)]
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Multivariate test output

470.70 [0.0000] %%

Vector Normality test: Chi~z (4)

Hosking'=s Multivariate Portmantean Ztatistics on 3tandardized Residuals
Hoskingi( &) = 19.2460 [0.3768221]
Hoskingi( 10) 32.8050 [O.7051455]
Hoskingi( 20) 96.0638 [0.0507449]
Hoskingi( 50) Z241.289 [0.0193504]
Warning: P-wvaluses have been corrected by 2 degrees of freedom

Hosking's Multivariate Portmanteau 2tatistics on Squared Standardized Besiduals
Hosking({ &) = Z9.9085 [0.0383354]
Hoskingi( 10) 45,7847 [0.1129106]
Hoskingi( 20) 91.0632 [O.1479374]
Hoskingi( 50) zZ0z2.751 [0.3934625]
Marning: P-wvalues have heen corrected by 2 degreezs of freedomw

Li and Mcleod's Multivariate Portmahteasn 3tatistics on 3tandardized Residual=s
Li-McLeod| 5) = 19.2488 [O.3766544]
Li-McLeod( 10) 32.8200 [O.7074994]
Li-McLeod( 2Z0) 95.9923 [0.05145585]
Li-McLeod( 50) 241.016 [0.0199243]
Warning: P-wvaluses have been corrected by 2 degrees of freedom

Li and MclLeod's Multivariate Portmanteau 2tatistics on Sguared Standardized Besiduals
Li-McLeod| 5) = Z9.9049 [0.0383510]
Li-McLeod( 10) 45,7543 [0.1129181]
Li-McLeod( 20) 91.06819 [O.14795583]
Li-McLeod( 50) 202 .504 [0.3924522]
Marning: P-walues have heen corrected by & degreezs of freedomw
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Recapitulation of New Features

 Autometrics

Automatic variable and model selection
Outlier and level shift detection and modeling
For univariate and multivariate models

+ G@RCH

Wide variety of vanilla GARCH

VaR backtesting
» Kupiec tests
» Dynamic Quantile regression
» Expected shortfall

Wide variety of Long-Memory GARCH

Ox Code is generated from ALT-O

Diffusion modeling for continuous time analysis
Simulated confidence intervals are CEV forecasts
Multivariate GARCH

Conditional Correlations
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