FMBF: Computer lab 3

This session covers ARCH and GARCH models. We will see how to estimate the various models

and perform appropriate diagnostic tests to assist in choosing a preferred model.

We will work with a dataset comprising exchange rate data for the period 2 January 1980 to 21 May
1987. The contents of this dataset are listed in following table.

Variable Description

BP USS - British Pound

CD USS$ - Canadian Dollar

DM USS$ - Deutsche Mark

Y USS - Japanese Yen

SF USS - Swiss Franc
ARCH/GARCH Modeling

We will initially test for ARCH effects. Subsequently, we will construct ARCH/GARCH models.

Finally, we will make forecasting based on the model we constructed.

Testing for ‘ARCH effects’

1. Download the data ‘garch.xls’ from duo and load into EViews.

2. To calculate exchange rate returns, dlog all of the exchange rate series. Name the newly created
variables as rbp, rcd, rdm, 1jy, and rsf.

3. Plot the daily change data (exchange rate returns) in EViews; what conclusions do you come to?

For example, the line graph of ‘rdm’ calculated as dlog(DM) is shown as follows.
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4. Identify an appropriate ARMA model for each of the exchange rate return series by following the
Box—Jenkins methodology (Please check Computer lab 1).
5. We use ‘rdm’ as an example to test ARCH effects. Estimate a AR(1) model for rdm. Then, in the

Equation window, select View > Residual Diagnostics > Heteroskedasticity Test

() Equation: UNTITLED Workfile: GARCH:Garch\ R
[VlewIon(IObjed]_[PnntINameIFleezeﬂEst-matelfou(astlstatslReslds]

Representations
Estimation Output
Actual Fitted Residual 4"Y4
ARMA Structure... Jstments
S
Gradients and Derivatives 4
Covariance Matrix Std. Error t-Statistic Prob.
Coefficient Diagnostics »| 0000169 -0.116494 09073
Residual Diagnostics » Correlogram - Q-statistics...
Stability Diagnostics 4 Correlogram Squared Residuals...
Label Histogram - Normality Test
TOUNTSQUATEUTESTYT T T2 YU Senal Correlation LM Test...
Log likelihood 6416.702 —
F-statistic 6.726345 lstieteroskedasticty Tests..,
Prob(F-statistic) 0.009574
Inverted AR Roots -.06

Select ARCH, and Input ‘6’ in the ‘Number of lags’ box. We just show an example of test with 6

lagged terms. Please check the note of first computer lab on how to choose optimum number of

lags.
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Note:
A test for the presence of ARCH in the residuals is calculated by regressing the squared residuals
on a constant and p lags, where p is set by the user. Therefore, to test the ARCH effects, we

should firstly estimate a linear model to get residuals.

The AR(1) model has been chosen entirely arbitrarily at this stage to show a example. However,
you should carefully choose the type and order of the model in practice, since the variance is
measured around the mean and therefore any mis-specification in the mean is likely to lead to a

mis-specified variance.

. Finally, we get the results. The null hypothesis of the test is that there is no ARCH effect. Both

F-test and Lagrange multiplier test (Chi-Square) show significant results, indicating that ARCH

effects exist in ‘rdm’ series.

View | Proc| Object | | Print | Name | Freeze | | Estimate | Forecast | Stats | Resids

Heteroskedasticity Test ARCH

F-statistic 13.76245 Prob. F(6,1852) 0.0000
Obs*R-squared 79.34891 Prob. Chi-Square(6) 0.0000
Test Equation:

Dependent Variable: RESID*2

Method: Least Squares

Date: 01/08/15 Time: 00:30

Sample (adjusted): 1/14/1980 5/21/1987
Included observations: 1859 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.

C 3.63E-05 4 01E-06 9043649 0.0000
RESID*2(-1) 0.072848 0.023044 3.161237 0.0016
RESID*2(-2) 0.051576 0.023058 2236758 0.0254
RESID*2(-3) 0.038979 0.023068 1.689751 0.0912
RESID*2(-4) 0.042468 0.023068 1.840974 0.0658
RESID*2(-5) 0.064232 0.023058 2785648 0.0054
RESID*2(-6) 0.128593 0.023043 5580464 0.0000
R-squared 0.042684 Mean dependentvar 6.03E-05
Adjusted R-squared 0.039582 S.D. dependentvar 0.000126
SE. ofregression 0.000123 Akaike info criterion -15.16421

Sum squared resid 280E-05 Schwarz criterion -15.14339 Vv




Estimating ARCH/GARCH models

In this section, we will use EViews to estimate ARCH model, the basic GARCH model, asymmetric

GARCH models (GJR and EGARCH), and GARCH-in-mean model.

ARCH

1. Estimate an appropriate ARCH model based on your results from the previous step. To do this in

EViews, go to ‘Quick > Estimate Equation’. Then, select ‘ARCH — Autoregressive Conditional

Heteroskedasticity’.

2. In ‘Equation Estimation’ window, input your identified ARMA model in the ‘Mean equation’
box. Here, we use AR(1) model as an example. In practice, please carefully identify an
appropriate. ARMA model. In the ‘Variance and distribution specification’ box, input the

appropriate specification. For example, if you want to estimate a ARCH(6) model, you should

input ‘6’ for ARCH order, and ‘0’ for GARCH order.

Equation Estimation

Spedfication | Options

Mean equation

Dependent followed by regressors & ARMA terms OR exphot equation:

rdm ¢ AR(1)

Variance and distribution spedfication

Model: GARCH/TARCH
Order:
ARCH: 6 Threshold order:

GARCH:| 0

Restrictions: None

Estimation settings

v

0

Method: ARCH - Autoregressive Conditional Heteroskedasticity

Sample: | 1/02/1980 5/21/1987

ARCH-M:
None v
Variance regress
Error distribution:
Normal (Gaussian) v
v
oK Cancel




3. Analyze the results from your model. In particular, you will want to check if any of the
parameters are insignificant, and if so consider a more parsimonious specification. It may be that
you want to perform a Wald test if you have more than one insignificant parameter. This can be

done by View > Coefficient Diagnostics > Wald — Coefficient Restrictions. For more information

on Wald test, please check computer lab 1.

[ViewlPloc]ObjedﬂPrimlNalnelFtemnﬁsﬁmtelforeastlsutslkesldsl
Dependent Variable: RDM A
Method: ML - ARCH (Marquardt) - Normal distribution
Date: 01/09/15 Time: 19:22
Sample (adjusted): 1/04/1980 5/21/1987
Included observations: 1865 after adjustments
Convergence achieved after 11 iterations
Presample variance: backcast (parameter = 0.7)

GARCH = C(3) + C(4)"RESID(-1)*2 + C(5)"RESID(-2)*2 + C(6)"RESID(-3)y*2
+ C(7)'RESID(-4)*2 + C(8)"'RESID(-5)*2 + C(9)"RESID(-6y*2
Variable Coefficient Std. Error z-Statistic Prob.
C -0.000109 0.000140 -0.783516 0.4333
AR(1) -0.065058 0024079 -2.701881 0.0069
Vanance Equation
C 2 24E-05 1.86E-06 12.01492 0.0000
RESID(-1y'2 0.095966 0.021928 4376424 0.0000
RESID(-2y*2 0.080338 0.021396 3.754789 0.0002
RESID(-3y*2 0.124318 0.026144 4755130 0.0000
RESID(-4y*2 0.136790 0.0282370 4821698 0.0000
RESID(-5y'2 0.124778 0.029011 4301115 0.0000
RESID(-6)y*2 0.102632 0.022601 4540943 0.0000
R-squared 0.003421 Mean dependentvar -1.96E-05
Adjusted R-squared 0.002886 S.D. dependentvar 0.007770 Vv

(=] Equation: UNTITLED Workfile: GARCH:=Garch\

[Viewl?roclObkaﬂPmtlmmelﬂeue“ﬁsﬁnatelForeastlsu(slkcsids]
Representations A
Estimation Output hal distribution
Actual Fitted,Residual * g7
Garch Graph » jstments

Ins
Gradients and Derivatives * leter=0.7)
Covariance Matrix F(5)'RES|0(-2)"2 +C(6)"RESID(-3y"2
(-512 + C(9)"'RESID(-61*2 I
Coefficient Diagnostics » Confidence Intervals
Residual Diagnostics » Confidence Ellipse...
Label | Wald - Coefficient Restrictions...
Omitted Variables - Likelihood Ratio...
Vanance Redundant Variables - Likelihood Ratio...
C 2.24E-05 1.86E-06 1201492  0.0000
RESID(-1y*2 0095966 0021928 4376424  0.0000
RESID(-2y*2 0080338 0021396 3754789  0.0002
RESID(-3y*2 0124318 0026144 4755130  0.0000
RESID(-4*2 0136790 0028370 4821698  0.0000
RESID(-5y*2 0124778  0.029011 4301115 0.0000
RESID(-6)*2 0.102632  0.022601 4540943  0.0000
R-squared 0.003421 Mean dependent var -1.96E-05
Adjusted R-squared 0.002886 S.D. dependent var 0.007770 v




GARCH

1. We will now see if it is advantageous to formulate a more parsimonious GARCH(1,1) model.
Using the same AR specification identified above (we still use AR(1) model as an example) as
the mean equation, go to the ‘Equation Estimation’ window, but this time specify both ARCH
and GARCH order as ‘1°, so we have a GARCH(1,1) model.

M

Mean equation
Dependent folowed by regressors & ARMA terms OR explat equation:
rdm ¢ AR(1)

ARCH-M:
None v

Variance and distribution spedfication

r Variance regressors:
Model: | GARCH/TARCH [

Order: )

ARCH: |1 Threshold order: | 0

GARGH: 1 Error distribution:

Restrictions: | None v |Normal (Gaussian) v

Estimation settings
Method: | ARCH - Autoregressive Conditional Heteroskedasticity v
Sample: | 1/02/1980 5/21/1987

[ ox || come

2. Interpret the results. Consider if you can improve the model with a change in the ARMA

structure.

[View]ﬁoc]Objed”Print]Name]FreezeﬂtmmatelForeustlsmslkesidsI

Dependent Variable: RDM

Method: ML - ARCH (Marquardt) - Normal distribution
Date: 01/09/15 Time: 19:32

Sample (adjusted): 1/04/1980 5/21/1987

Included observations: 1865 after adjustments
Convergence achieved after 10 iterations

Presample variance: backcast (parameter = 0.7)
GARCH = C(3) + C(4)"RESID(-1Y*2 + C(5)"GARCH(-1)

Variable Coefficient Std. Error z-Statistic Prob.
C -0.000222 0.000135 -1.644172 0.1001
AR(1) -0.078108 0.025072 -3.115312 0.0018

Variance Equation

C 1.31E-06 341E-07 3.857059 0.0001
RESID(-1y*2 0.101188 0.010809 9.361857 0.0000
GARCH(-1) 0.881806 0.013051 67.56476 0.0000
R-squared 0.002478 Mean dependentvar -1.96E-05
Adjusted R-squared 0.001943 S.D. dependentvar 0.007770
SE. ofregression 0.007763 AKkaike info criterion -6.998451
Sum squared resid 0.112262 Schwarz criterion -6.983622
Log likelihood 6531.055 Hannan-Quinn criter. -6.992987
Durbin-Watson stat 1.957207




GJR-GARCH
1. Estimate a GJR-GARCH(1,1) model using the ARMA specification you identified above as the
mean equation (we still use AR(1) model as an example). To do this, open ‘Equation Estimation’

window, and change the ‘Threshold order’ number from O to 1.

Spedfication | Options
~Mean equation
Dependent followed by regressors & ARMA terms OR explicit equation:
rdm c AR(1) ) ARCH-M: )
| None v
~Variance and distribution spedfication
[ Variance regressors:
Model: | GARCH/TARCH v
Order: o
ARCH: [ 1 Threshold order: | 1
GARGH] 1 Error distribution:
Restrictions:  None v Normal (Gaussian) v
Estimation settings
Method: ARCH - Autoregressive Condiional Heteroskedasticity v
Sample: i 1/02/1980 5/21/1987
oK || caxel |

2. Interpret the results.

=) Equation: UNTITLED

= e

Dependent Variable: RDM

Method: ML - ARCH (Marquardt) - Normal distribution

Date: 01/09/15 Time: 19:44

Sample (adjusted): 1/04/1980 5/21/1987

Included observations: 1865 after adjustments

Convergence achieved after 10 iterations

Presample variance: backcast (parameter = 0.7)

GARCH = C(3) + C(4)"RESID(-1y*2 + C(5)"RESID(-1y*2*(RESID(-1)<0) +
C(6)"GARCH(-1)

Objmﬂmm]um] feeﬂnu;n{e] Fore]smsl Resids ~

Variable Coefficient Std Error  z-Statistic Prot

C -0.000290 0.000148 -1.963970  0.04!

AR(1) -0.078218  0.024887 -3.142882  0.00

Variance Equation

C 1.05€-06 3.12E-07 3371450  0.001

RESID(-1y*2 0078403 0011342 6912471 0.001

RESID(-1*2*(RESID(-1)<0) 0.034773  0.014465 2404015 0.01

GARCH(-1) 0892826 0012568  71.03789  0.001

R-squared 0.001854 Mean dependent var -1.96E-

Adjusted R-squared 0.001318 S.D. dependentvar 0.0077

S.E. of regression 0.007765 Akaike info criterion -6.9995
Sum souared resid ) 0.112332 Schwarz criterion -6.9817 v
< | >




Note:
Due to Glosten, Jaganathan and Runkle
OF = O + a2 +B0, 24 Yu, I,
where I;.; =1 ifu;; <0

= 0 otherwise
For a leverage effect, we would see y> 0

We require a; + y= 0 and a; = 0 for non-negativity.

EGARCH
1. Estimate an EGARCH(1,1) model using the ARMA specification you identified above as the
mean equation (we still use AR(1) model as an example). To do this, open ‘Equation Estimation’

window, and select ‘EGARCH?’ in the ‘Variance and distribution specification’ box.

3

Equation Estimation X

Spedfication | Options

Mean equation
Dependent folowed by regressors & ARMA terms OR exphat equation:

rdm c AR(1) ARCH-M:
None v
Variance and distribution spedfication
Variance reqressors

Model: | EGARCH v
Order:

ARCH: | 1 Asymmetric order: 1

GARCH:| 1 Error distribution:

None Normal (Gaussian) A4
Estimabon settngs
Method: ARCH - Autoregressive Conditional Heteroskedasticity v
Sample: | 1/02/1980 5/21/1987
OK Cancel




2. Interpret results.

View | Proc| Object | | Print| Name | Freeze | | Estimate | Forecast | Stats | Resids
Dependent Variable: RDM Lo
Method: ML - ARCH (Marquardt) - Normal distribution
Date: 01/09/15 Time: 19:51
Sample (adjusted). 1/04/1980 5/21/1987
Included observations: 1865 after adjustments
Convergence achieved after 11 iterations
Presample vaniance: backcast (parameter = 0.7)

LOG(GARCH) = C(3) + C(4)"ABS(RESID(-1Y@SQRT(GARCH(-1))) + C(5)
*RESID(-1Y@SQRT(GARCH(-1)) + C(6)"LOG(GARCH(-1))
Varniable Coefficient Std. Error z-Statistic Prob.
C -0.000314 0.000145 -2.169099 0.0301
AR(1) -0.082236 0024145 -3.405867 0.0007
Variance Equation
C(3) -0.418916 0075316 -5562085 0.0000
C(4) 0.196645 0.019921 9871341 0.0000
C(5) -0.019000 0.009381 -2025374 0.0428
C(6) 0972646 0.006865 1416762 0.0000
R-squared 0.001425 Mean dependentvar -1.96E-05

Adjusted R-squared 0.000889 S.D. dependentvar 0.007770
S.E ofregression 0.007767 Akaike info criterion -7.002333
Sum squared resid 0.112381 Schwarz criterion -6.984539
Log likelihood 6535676 Hannan-Quinn criter. -6.995776 Vv

Note:

Suggested by Nelson (1991). The variance equation is given by

U, |ul-1 | 2

log(o,”) = w+ Blog(o, ") +y
\/ at—12

+a
2 J
atl

Advantages of the model:
Since we model the log(o;%), then even if the parameters are negative, o;> will be positive.
We can account for the leverage effect: if the relationship between volatility and returns is

negative, y will be negative.



GARCH-in-mean

1. Estimate a GARCH(1,1)-in-Mean using the ARMA specification you identified above as the
mean equation (we still use AR(1) model as an example). To do this, open ‘Equation Estimation
window’, and select appropriate option in the ‘“ARCH-M’ box to add the conditional standard

deviation, the conditional variance, or the log of the conditional variance to the mean equation.

Spedification | Options
~Mean equation
Dependent folowed by regressors & ARMA terms OR explict equation:
rdm c AR(1) ARCH-M:
None v
None
~Variance and distribution spedfication- - - —{Variance
Variance regressors:
Model: | GARCH/TARCH v = Log(Van)
Order: )
ARCH: |1 Threshold order: | 0
GARGH: 1 Error distribution:
Restrictions: | None v| [Normd (Gaussian) v
Estimation settings
Method: ARCH - Autoregressive Conditional Heteroskedasticity v|
Sample: | 1/02/1980 5/21/1987
[ ok || cance |

2. Interpret the results.

I\flew] Pr I Object n Pn'nt] Namel Freeze n En@e IIFolestl Sutsl Residsl

Dependent Variable: RDM

Method: ML - ARCH (Marquardt) - Normal distribution
Date: 01/09/15 Time: 20:13

Sample (adjusted): 1/04/1980 5/21/1987

Included observations: 1865 after adjustments
Convergence achieved after 12 iterations

Presample variance: backcast (parameter = 0.7)
GARCH = C(4) + C(5)"RESID(-1y*2 + C(6)*"GARCH(-1)

Variable Coefficient Std. Error z-Statistic Prob.

@SQRT(GARCH) 0.244695 0.087546 2795034 0.0052

C -0.001847 0.000595 -3.101392 0.0019

AR(1) -0.085665 0.025174  -3.402917 0.0007

Variance Equation

C 1.23E-06 3.19E-07 3.865632 0.0001

RESID(-1*2 0.098935 0.010504 9418936 0.0000

GARCH(-1) 0.885149 0.012378 7150928 0.0000

R-squared 0.008327 Mean dependentvar -1.96E-05

Adjusted R-squared 0.007262 S.D. dependentvar 0.007770

SE. ofregression 0.007742 Akaike info criterion -7.002372

Sum squared resid 0.111604 Schwarz criterion -6.984578

Log likelihood 6535712 Hannan-Quinn criter. -6.995816
Durbin-Watson stat 1.958257 N

10



In above results, the conditional standard deviation (@ SQRT(GARCH)) is added in the mean

equation.

IVIewIPtoclommllml NmIFteeu E]Estuelformstlsutslkesws I:
Dependent Variable: RDM O
Method: ML - ARCH (Marquardt) - Normal distribution
Date: 01/09/15 Time: 20:15
Sample (adjusted): 1/04/1980 5/21/1987
Included observations: 1865 after adjustments
Convergence achieved after 13 iterations
Presample variance: backcast (parameter = 0.7)

GARCH = C(4) + C(5)"RESID(-1*2 + C(6)"GARCH(-1)
Variable Coefficient Std. Error z-Statistic Prob.
GARCH 15.71648 5.904249 2661892 0.0078
Cc -0.000969 0.000304 -3.186633 0.0014
AR(1) -0.086602 0025170  -3.440729 0.0006
Variance Equation
C 1.24E-06 3.21E-07 3870716 0.0001
RESID(-1y*2 0.098954 0.010479 9442854 0.0000
GARCH(-1) 0.884995 0.012385 71.45897 0.0000
R-squared 0.007702 Mean dependentvar -1.96E-05
Adjusted R-squared 0.006636 S.D.dependentvar 0.007770
SE. of regression 0.007744 Akaike info criterion -7.002194
Sum squared resid 0.111674 Schwarz criterion -6.984400
Log likelihood 6535546 Hannan-Quinn criter. -6.995638
Durbin-Watson stat 1.958761 v

In above results, the conditional variance (GARCH) is added in the mean equation.

Dependent Variable: RDM )
Method: ML - ARCH (Marquardt) - Normal distribution

Date: 01/09/15 Time: 20:15

Sample (adjusted). 1/04/1980 5/21/1987

Included observations: 1865 after adjustments

Convergence achieved after 10 iterations

Presample vanance: backcast (parameter=0.7)

GARCH = C(4) + C(5)"RESID(-1y*2 + C(6)"GARCH(-1)

Variable Coefficient Std. Error z-Statistic Prob.

LOG(GARCH) 0.000821 0.000299 2744274 0.0061

C 0.008070 0.002019 2673102 0.0075

AR(1) -0.085285 0025114  -3.395921 0.0007

Variance Equation

C 1.24E-06 321E-07 3870447 0.0001

RESID(-1)*2 0.098684 0.010520 9.380760 0.0000

GARCH(-1) 0.885182 0.012436 71.17952 0.0000

R-squared 0.008179 Mean dependentvar -1.96€-05

Adjusted R-squared 0.007114 S.D. dependentvar 0.007770

SE. ofregression 0.007743 Akaike info criterion -7.002208

Sum squared resid 0.111620 Schwarz criterion -6.984414

Log likelihood 6535559 Hannan-Quinn criter. -6.995652
Durbin-Watson stat 1.956490 V.

In above results, the log of the conditional variance (LOG(GARCH)) is added in the mean

equation.

11



Note:
Engle, Lilien and Robins (1987) suggested the ARCH-M specification. A GARCH-M model
would be:
yi=H+ dat—l"' U, U NN(OaUtz)

OF = + %u’, +h0, 2
If & is positive and statistically significant, then increased risk, given by an increase in the
conditional variance, leads to a rise in the mean return. Thus 6 can be interpreted as a risk
premium.
In our case, the estimated parameter on the mean equation has a positive sign and is statistically
significant. We would thus conclude that for the series ‘rdm’, there is a positive feedback from
the conditional variance to the conditional mean. In other words, higher risk lead to higher

returns.

Forecasting from GARCH models
We will use preferred ARMA(p,q)-GARCH(1,1) model (we use AR(1)-GARCH(1,1) as an example)

to make forecasting.

We use only a sub-sample of available data for model estimation. Suppose, for example, we
stopped the estimation of the GARCH(1,1) model for the series ‘rdm’ at 21% May 1986 so as to

keep the last one year of data for forecasting.

Equation Estimation X
Spedfication | Options
Mean equation
Dependent followed by regressors & ARMA terms OR explat equation:
dm CAR(D) ARCH-M:
r C AR(1)
None v
ance and d ubon spedficat
) Varance reqressors:
Model:  GARCH/TARCH v
Order:
RCH: |1 Threshold order: | 0
GARCH:| 1 Error distribution:
Restrictions: None v Normal (Gaussian) v
Estimabon settings
Method: ARCH - Autoregressive Conditional Heteroskedasticity v
Sample: | 1/02/1980 5/21/1986
OK Cancel

12



2. In the ‘Equation’ window, click on the ‘Forecast’. In the ‘Forecast’ window, adjust the ‘Forecast
sample’ as °5/22/1986 5/21/1987°. We can choose to produce static (a series of rolling

single-step-ahead) or dynamic (multiple-step-ahead) forecasts.

~

" & Equation: UNTITLED Workfile: GARCH:Garch - B x
lVlewI Procl Objedn Print l Namel Freezen Estimatel Foreastl Statsl R:sidsl

Forecast of

Equation: UNTITLED Series: RDM

Series names Method

Forecast name: | rdmf (®) Dynamic forecast

SE (pbona): | (O static forecast

. [structural (ignore ARMA)
GARCH(optional): Coef uncertainty in S.E. calc
Forecast sample Output
5/22/1986 5/21/1987 Forecast graph
Forecast evaluation
Insert actuals for out-of-sample observations
[ o | | Concel |
éum squ;red resid 0.096411 Schwarz criterion -7.003511
Log likelihood 5666.796 Hannan-Quinn criter. -7.014010
Durbin-Watson stat 1.947088
v

3. Finally, we get following results. Examine the forecasts from your model.

8

Forecast ROMF
L L S, At ROM
Forecast sample: /221586 S21/1587
o nciuced cbee nations: 252
Roct Mean Squared Error  Q.007S36
o0 Mean Adsole Erroc 0.008581
Mean Abs. Peroent Error 1017210
o Thell nequalty Coeficlent 0962507
Bls Proportion 0027548
S SeS———— Vartance Proportion 0962560
Covartance Proportion 0019512
03 Ly T T T T T ™ T T
NS M5 MT M M5 M0 MTTANMD NTOMD MO M S
1906 197
cocon
00034 -
N
20009 .
pa
L0008E \“‘"w_
e ———
MS MG AT M A M0 MTTANZ M1 MS AD A6 WS
1906 1987

Dynamic forecasts of the conditional variance
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() Equation: UNTITLED Workfile: GARCH:Garch\ -mx
[VlewlProcIObjedHPnntINamelFleeze] lEshmateIFotecastlStatsIResuds]

. 3 Forecast: ROMF
024 A Y Y A@t RDM

M b Forecast sample: S/22) 1986 §/21/1987
noluced cosenations: 252

Q0 o i st et its Ui 0 D v MY S0t b b ) Roct Mean Squared Error Q007972
Mean Absoke Erroe 0008547

01 o A R Mean ADS. Peroent Error 1M248%
T, il ot Yt P U Tret mecquallty Coemclert 0915492
L W L ke, B8 Proporgon pttor
-3 4 ’ 't Vartnce Proportion oRHT

Coartnce Proportion 0141543

vvvvv

1985 1987
— ROMF ----2 3 8E

T—r—r—TT S
NS A M7 OME M MO MTTAMZ MY MDD M s
1988 "

Foreca d Varance

Static forecasts of the conditional variance
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