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AR Modelling (Dataset: BA)
1. Can Graphics Function suggest a preferred model for the price of British

Airways?
FA Series: LOGBA Worlkfile: BA(T)(1):Untitled\, =N =R ==
lV\ewIPro(IDbject][Saue]Freeze] lV\ewIPro(IDbjectlProperties] annt[Name[Freeze] Default ~ | | Options [ Sample |G
Range: 184 — B4obs
Sample: 184 — B4 obs
§4 ba LOGBA
B c
A logba 6.8
A resid
A return
&4 series0 6.4+
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4.8+
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T =T
LU VPOrIE: BALLJLL) - (CuSe ) SEMIES RS TURN WOTKIIE. DALLLL DSy e
[View[ Proc] objet] [save [Free [view[prac| abject| properties| [ Print [Name | Freeze | | Defaut  ~[options| sample| Genr| sheet [ stats 1
Range: 184 — B4obs
Sample: 184 — 84 obs RETURN
k3 ba
8] c 44
K4 logba
A resid
kA return
B4 series01 24
04
24
-4
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Now we look at ACF/PACF plot.
£ Series: LOGBA Warkfile: BA(1)(1)=Untitled\ = o

[ViewIPmc[ObjectlPropar‘t\esl [PrmtINameIFreeze] [Samp\e[GaanSheEtIGraph]StatSII
Correlogram of LOGBA

[ViewIPm([Object] [Sa\raIFreaze
Range: 184 — B4 obs
SEREE [ = T Date: 0312117 Time: 17.27
ba Sample: 184

c Included observations: 84
logba
resid Autocorrelation Partial Correlation AC PAC  Q-Stat Prob
return
series01

RIRRIRER]

0.925 0925 74519 0.000
0.841 -0.108 13677 0.000
0.748 -0.096 186.70 0.000
0.688 0.182 229.45 (.000
0.632 -0.039 265.93 0.000
0.605 0158 299.88 0.000
0.586 0.044 33209 0.000
0.565 -0.056 362.41 0.000
0.547 0.095 391.24 0.000
0.528 -0.014 41843 0.000
0.508 0.070 44407 0.000
0.471 -0.098 46628 0.000
0412 -0.183 48357 0.000
0.326 -0.183 49456 0.000
0.254 0.035 501.29 0.000
0.224 0240 506.62 0.000
0.212 -0.042 511.45 0.000
0.193 -0.156 515.52 0.000
0179 0.065 51910 0.000
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MA(co), AR(1)=>»Non-stationary



2. Constructing the model for price of BA.

Using Box-Jenkins approach
The first step is Identification

Now we look at return

RA Series: RETURN  Worldile: BA(1)(1)-Untitled\ =R
[ViewIProc[Dbject] [Sa\relFreeze [Vie'wIProc[DbjectIPropertiesl [PrintINamelFreeze] [SampIeIGenrlSheet[GraphlStatsIl
Range: 184 — 84 obs Correlogram of RETURN
Sample:184 — 84 abs Date: 031217 Time: 17:30 ~
A ba Sample: 1 84
[B] ¢ Included observations: 83
kA logba
kA resid Autocarrelation Partial Correlation AC PAC Q-Stat Prob
kA return
bA series0i Eo ro 1 0.003 0.002 00010 0.974
g g 2 -0121 0121 1.2682 0.530
g g 3 -0133 0134 28379 0417
| | | | 4 -0.024 -0.041 283385 0577
I E 1 E | 5 -0.205 0247 67015 0244 I
L gt 0 =0 U = U L0 g U o585
[ | | 7 0.080 0005 73580 0.393
1 1 g 8 -0.019 -0.109 7.3918 0.495
g g 9 -0.053 -0.084 76577 0.569
1 1 g 10 -0.019 -0.094 76918 0.659
(sl [ 11 0118 0.060 9.0587 0.616
[l 3 12 0185 0191 12476 0408
1At (] 13 0102 0125 13522 0408
[ | | 14 -0.046 0.027 13738 0.469
0 1 g 15 -0.159 -0.085 16.373 0.358
g | | 16 -0.112 -0.041 17.684 0.342
(B [ =]l 17 0.062 0144 18100 0.383
1 1 | | 18 -0.024 -0.018 18161 0.445
[ g 19 -0.036 -0.077 18.304 0502
We guess the appropriate model is ARMA(5, 5).

The second step is Estimation.

[ %

[=] Equation: UNTITLED Workfile: BA(1)(1):Untitled',

(=] 8 )

[ViewlProclObject] [Sa\relFre

Range: 184 — 84 obs
Sample: 184 — 84 obs

ba
c

logha
resid
return
series0

BRRRIERI

[ViewlProcIObjectIProperties] [PrintINameIFree

[ViewIProcIObject] [PrintINameIFreeze] [EstimatelForecastlStatisesids]

Correlogram of H

Date: 031217 Time: 17:30
Sample: 184
Included observations: 83

Dependent Variable: RETURMN

Method: ARMA Conditional Least Squares (Margquardt - EViews legacy)
Date: 031217 Time: 17:45

Sample (adjusted). 7 84

Included observations: 78 after adjustments

Autocorrelation Partial Correlation
1 1 1 1 9
g g 2
g g 3
1 1 1 1 4
= = 5
1 1 (i B
[N 1 1 7
1 1 g ]
[ g g
1 1 g 10
I m N 1
] B 12
[l I m 13
1 1 1 1 14
= [z It 4F

Convergence achi
MA Backcast 2 6

eved after 82 iterations

Wariable Coefficient Std. Error t-Statistic Prob.

c -0.018626 0.005635  -3.305541 0.0015
AR(1) 0.036600 0.147676 0.247841 0.8050
AR(2) -0.162137 0.140685  -1.152487 0.2532
AR(3) -0.169561 0.144327  -1.174835 0.2442
AR(4 -0.197546 0.136259  -1.449787 0.1518

/ 0.321558 0.138067 2328998 0.0229
gl u

MA(2) 0.089975  0.077043  0.908251  0.3670

MA(3) 0.069602  0.081202 -0.857147  0.3944

LIA(4) 0102033 0077312 1319754 01914
[_tas) -0.896903 _ 0.067112 _-13.36436 _ 0.0000 |




3. Process the diagnostic steps to test the fitness of the model built up in question
2
Using Wald test

(=) Equation: UNTITLED Workfile: BA(T)(1):-Untitled), [=
[ViewlPrnc[DbjEd:] [SEVEIFF [ViewIPmcIDbject] [PrintINamEIFreezE] [EstimateIForecastIStatsIRl
Range: 184 — 84 obs Wald Test:
Sample:184 — 84 obs Equation: Untitled
% Ea Test Statistic Yalue df Probability
logba
% regid F-statistic 1.616887 (8, 67) 01266
&4 return Chi-square 12.93510 8 0.1141
A series0l
Mull Hypothesis: C(2)=C(3)=C(4)=C(5)=C(7)=C(8)=C(9)=C(
10)=0
Mull Hypothesis Summary:;
Maormalized Restriction (= 0} Yalue Std. Err.
Ci2) 0.036600 0147676
Ci3) -0.162137 0.140685
Ci4) -0.169561 0144327
Ci5) -0.197546 0.136259
Ci[T) -0.108733 0.08a012
c(8) 0.069975 0.077043
)] -0.069602 0.081202
Cr1o) 0102033 0077312
Restrictions are linear in coefficients.
(=] Equation: UNTITLED Worldile: BA(T)(1)-Untitled), [ [ [eS]
[ViewIProcIObject] [SaveIF [View]ProcIDbjectl [PrintINameIFreeze] [Estimate]ForecastIStatsIResidsl
Range: 184 — 840bS | pependent Variable: RETURN -
Sample: 184 — B4 obs Method: ARMA Conditional Least Squares (Marquardt - EViews legacy)
4 ba Date: 031217 Time: 18:07
B c Sample (adjusted): 7 84
& logba Included observations: 78 after adjustments
£ resid Convergence achieved after 17 iterations
A return A Backcast 2 6
£ series0
Variable Coefficient Std. Error t-Statistic Prob.
C -0.020196 0.007778  -2.59B6672 0.0113
AR(5) 0.497996 0146083 3.408980 0.0011
MA(S) -0.878905 0.079681  -11.03031 0.0000
R-squared 0165244 Mean dependentvar -0.015147
Adjusted R-squared 0142984 S.D. dependentvar 0.150255
S.E. ofregression 0.139098 Akaike info criterion -1.069567
Sum squared resid 1.451129 Schwarz criterion -0.975924
Log likelihood 44 71310 Hannan-Quinn criter. -1.033281
F-statistic 7423332 Durbin-Watson stat 2.082547
Prob(F-statistic) 0.001144
Inverted AR Roots 87 27-.83i 27+831 -70+51
-70-51
Inverted MA Roots 97 .30-.93i 30+.930 - 79+567i
-789-57i

Now we are sure return is ARMA(5,5). Actually, without first difference, it is ARIMA(5,
1,5). Why?



The third step is Diagnostic checking.

(=) Equation: UNTITLED Workfile: BA(1)(1)=Untitled), =N =R

[View]Prnc[Dbject] [saveIF [ViewlProc[Dbject] [PrintINamelFreezel [EstimateIForecastIStatsIResids]

Range: 184 — 84 abs Correlogram of Residuals

Sample: 184 — 840bs | 1ot 0312117 Time: 18:08 ~

kA ba Sample: 184

(B c Included observations: 78

b4 logba Ci-statistic probabilities adjusted for 2 ARMA terms

kA resid

hA return Autocorrelation  Partial Correlation AC  PAC  0Q-Stat  Prob

kA series0q
i rgo 1 -0.052 -0.052 0.2212
g g 2 -0.105 -0.108 1.1192
o 1 O 3 -0179 -0.193 37848 0.052
g g 4 -0.084 -0127 43764 0112
(I I gt 5 -0.019 -0.085 44067 0.221
g = o 6 -0.088 -0.173 5.0832 0.279
Il I 7 04104 0.022 60418 0.302
g g 1 g -0.072 -0.141 65103 0.369
g g 9 -0.080 -0.169 7.0947 0.419
L N 40 0.048 -0.022 7.3057 0.504
(] rgot 41 0.029 -0.060 7.3816 0.597
(| CE 12 0218 0157 11.857 0.295
L g 93 0.060 0112 412198 0.349
i N 14 -0.060 -0.012 12551 0.403
ig rgot 15 -0.141 -0.046 14512 0.339
= o g ! 16 -0.173 -0.132 17518 0.230
Il o 47 0106 0058 4B.658 0.230
1 1 | 1 18 -NN24d -NnnNndd 1R FAR N 9R4

Residual diagnostics refers to checking whether the residuals are free from

autocorrelation. The model is adequate, if autocorrelations of residuals are zero.



Unit root test (Dataset: FTSE)

Manual unit root test on the variable FTSE100 and explain the result.

KA Series: LOGFTSEL00 Workfile: FTSE-Fise', ==l =

[View]ProcIDbjectIProperties] [PrintINamelFreezel lDe‘fauh vI [Options[Sample]G

LOGFTSE100
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R Series: RETURN  Worlfile: FTSE:Ftsel ===

[View]Proc]ObjectlProperties] [PrintINamelFreeze] IDefault vJ [Options[Sample]G
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5. Automated unit root testing on FTSE100 and explain the resulit.

Let’s look to LOGFTSE100

bA Series: LOGFTSE100 Workfile: FTSE=Fise!,

(=& ==

[ViewIProcIObject] [SaveIFree

[View]ProclDbjecthroperties] [Print]NameIFreezel [SampleIGeanSheethraphIStats]

Range: 1192 (indexed) —

Augmented Dickey-Fuller Unit Root Test on LOGFTSE100

Sample: 1192 - 192 obs

Bl c

fA ftse100
A ftseall

&4 looftse100
A resid
series0

Mull Hypothesis: LOGFTSE100 has a unit root
Exogenous: Constant
Lag Length: 0 (Automatic - based on SIC, maxlag=14)

t-Statistic Prob.*
Augmented Dickey-Fuller test statistic -0.9938965 0.7535
Test critical values: 1% level -3.464643
5% level -2 876515
10% level -2.574831
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D{LOGFTSE100)
Method: Least Squares
Date: 031217 Time: 19:38
Sample (adjusted). 2 192
Included observations: 191 after adjustments
Variable Coefficient Std. Error t-Statistic Praob.
LOGFTSE100(-1) -0.007624 0.007642  -0.998965 0319
C 0.069306 0.061042 1.135380 02577
R-squared 0.005252 WMean dependentvar 0.008434
Adjusted R-squared -0.000011 5.0 dependent var 0.050021

3.E. of regression 0.050021 Akaike info criterion 14

Sum squared resid 0472896 Schwarz criterion -3.108278
Log likelihood 302.0928 Hannan-Quinn criter. -3.128540
F-statistic 0997931 Durbin-Watson stat 4

Prob(F-statistic) 0.319029

Unit Root Test

Test type
Augmented Dickey-Fuller

Test for unit root in Lag length
Level
g JE:Z'f-Fe (®) Automatic selection:
g I rence
() 2nd difference Schwarz Info Criterion

Indude in test equation
@ Intercept

(") Trend and intercept
() None

Maximum lags: | 14

(O User spedfied: | 4

Cancel

Include in test equation=» choose your exogenous regressor.

After we taking difference, there is still a trend in graph, then we need to do

de-trend(option 2)




Let’s look at D(LOGFTSE100)

R Series: LOGFTSE100 Workfile: FTSE=Ftse', o[- (S
[View[ProcIDbject] [Sa\reIFree [ViewIProcIDbjecthroperties] [PrinthamelFreeze] [SamplelGeanSheethraphIStatsII
Range: 1192 (indexed) — 1 Augmented Dickey-Fuller Unit Root Test on D{LOGFTSE100)
Sample: 1192 = 192008 | i Hypothesis: DILOGFTSE100) has 3 unit root ~
(B] c Exogenous: Constant
A fise100 Lag Length: 0 {Automatic - based on SIC, maxlag=14)
kA fiseall
i logitse100 tStatistic  Prob.*
kA resid
series01 Augmented Dickey-Fuller test statistic -13.75894  0.0000
Test critical values: 1% level -3.464827
5% level -2 876585
10% level -2.574874

*Mackinnon (1996) one-sided p-values.

Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOGFTSE100,2)
Method: Least Squares

Date: 031217 Time: 19:39

Sample (adjusted). 3 192

Included observations: 190 after adjustments

Yariable Coefficient Std. Error t-Statistic Prob.

DILOGFTSE100(-1))  -1.005952 0073113 -13.75894 0.0000
c 0.008361 0.003701 22680973 0.0250

R-zquared 0501734 Mean dependentvar -0.000409
Adjusted R-squared 0499084 S.D. dependentvar 0.071006
S.E. of regression 0.050255 Akaike info criterion -3.132944
Sum squared resid 0474806 Schwarz criterion -3.098765
Log likelinood 2896297 Hannan-Quinn criter. -3.119099
F-statistic 189.3085 Durbin-Watson stat .89

< ,\l Ftse ;‘{W Prob{F-statistic) 0.000000




Using KPSS here

[ViewlProcIDbjectl [Sa\reIFreezeIDetails—I-l [ShowIFetchIS

Range: 1192 (indexed) — 192 obs
Sample: 1192 — 192 obs

Bl c

A diogftse100
A ftse100

A fiseall

A logftse100
A resid
seres01

1.68>0.73(1%)>0.46(5%), so reject

non-stationary.

[ViewlProclObject] [Sa\reIFreezeIDetails—I-] [ShowlFetchlS

Range: 1192 (indexed) — 192 obs
Sample: 1192 — 192 obs

c
dlogftse100
ftse100
fzeall
logftse100
resid
series01

kA
kA
[ %l
%
kA

RA Series: LOGFTSE100 Workfile: FTSE:Fise), =N =R <

[View]ProcIObjectIProperties] [PrintINameIFreeze] [SampleIGeanSheetIGraphIStatsll
KPSS Unit Root Test on LOGFTSE100

Mull Hypothesis: LOGFTSEA00 is stationary ~
Exogenous: Constant
Bandwidth: 11 (Newey-West automatic) using Bartlett kernel
LM-Stat.
Kwiatkowski-Phillips-Schmidt-Shin test statistic 1.648041
Asymptotic critical values*: 1% level 0.7359000
5% level 0.463000
10% level 0.347000
*Kwiatkowski-Phillips-Schmidt-Shin (1992, Table 1)
Residual variance (no correction) 0.226071
HAC corrected variance (Bartlett kernel) 2495184
KP3SS Test Equation
Dependent Variable: LOGFTSE100
Method: Least Squares
Date: 031217 Time: 20:32
Sample: 1192
Included observations: 192
Null Hypothesis. This means LOGFTSE100 is
kA Series: LOGFTSE100 Worldfile: FTSE:Ftse', P | S ™

[ViewlProcIObjectIProperties] [PrintINameIFreeze] [SampleIGeanSheetIGraphlStatsII
KPS Unit Root Test on D(LOGFT SE100)

Mull Hypothesis: DILOGFTSE100) is stationary
Exogenous: Constant
Bandwidth: 7 (Mewey-West automatic) using Bartlett kernel

LM-5tat.
Kwiatkowski-Phillips-Schmidt-Shin test statistic 0.040578
Asymptotic critical values*: 1% level 0.739000
5% level 0.463000
10% level 0.347000

*Kwiatkows ki-Phillips-Schmidi-Shin (1992, Table 1)
Residual variance (no correction) 0.002489
HAC corrected variance (Bartlett kernel) 0.001666

KPSS Test Equation

Dependent Variable: D{LOGFTSE100)
Method: Least Squares

Date: 031217 Time: 20:44

Sample (adjusted). 2 192

Included observations: 191 after adjustments

0.73(1%)>0.46(5%)>0.040578, so do not reject Null Hypothesis. This means
DLOGFTSE100 is stationary. If you have conflicting results between ADF and KPSS,

refer to literature.




6. If appropriate, test

for the presence of 1(2) for FTSE100 series.

ADF and KPSS give us the same information, so we just focus on ADF.
Let’s look at D(LOGFTSE100,2)

B Series: LOGFTSE100 Warkfile: FTSE-Ftse), [ ]
[ViewIProchbject] [SaveIFree [\-’iew]ProcIObject[Properties] [Print]NameIFreeze] [Sample]Genr[SheethraphIStatsll
Range: 1192 (indexed) — Augmented Dickey-Fuller Unit Root Test on D{(LOGFTSE100,2)
Sample:1192 = 192008 |\ Hypothesis: DILOGFTSE100,2) hhs a unit root "
Bl c Exogenous: Constant
kA ftse100 Lag Length: 3 (Automatic - based on SIC, maxlag=14)
kA ftseall
b logfise100 t-Statistic  Prob*
kA resid
Augmented Dickey-Fuller test statistic =12, .
series0 A ted Dickey-Fuller test statisti 12.03751  0.0000
Test critical values: 1% level -3.465585
5% level -2.876027
10% level -2.575051
*MacKinnon (1998) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D{LOGFTSE100,3)
Method: Least Squares
Date: 031217 Time: 19:46
Sample (adjusted). 7 192
Included observations: 186 after adjustments
Wariable Coefficient Std. Error 1-Statistic Prob.
D(LOGFTSE100(-1),2) -3.065201 0.254637  -12.03751 0.0000
D{LOGFTSE100(-1),3) 1.298610 0.207717 6.251828 0.0000 »
D{LOGFTSE100(-2),3) 0.660382 0142567 4 632091 0.0000
D{LOGFTSE100(-3),3) 0207961 0073722 2820871 0.0053
C -0.000500 0.004161  -0.120236 0.9044
R-squared 0.786576 Mean dependentvar -0.000389
Adjusted R-squared 0781860 S.D. dependentvar 0121491
S E. of regression 0.056743 Akaike info criterion -2 874057
Sum squared resid 0582777 Schwarz criterion -2 TAT343
Log likelihood 2722873 Hannan-Cluinn criter. -2 838917
F-statistic 166.7692 Durbin-Watson stat 2.045672
< }1\ Fise ,{W Prob(F-statistic) 0.000000
L

Therefore, we can use
But I(1) is better, if we

1(1) or 1(2).
look at AIC, SBIC, and HQIC (smaller is better).



Cointegration-EG test (Dataset: FTSE)
7. Does cointegration exist between FTSE100 and FTSEALL?
Generate the residuals of the cointegration and ensure the residuals are 1(0)

(=) Equation: UNTITLED Workfile: FTSE=Ftse\ =nE=H ="

[ViewlProchbject] [SE"EIF’EEZEID [ViewIProcIDbject] [PrintINameIFreezel [Estimate[Forecastlitats[Resids]

Range: 1192 (indexed) — 1924 100 hgent variable: LOGFTSE100

Sample:1192 — 192 obs Method: Least Squares

C Date: 031217 Time: 20:56

kA dlogftse100 Sample: 1192

kA ftse100 Included observations: 192

kA ftseall

kA logftse100 Variable Coefficient  Std Error  t-Statistic  Prob.

A logftseall

BA resid C 0455849  0.030437  14.97670  0.0000

series01 LOGFTSEALL 1.035888  0.004184  247.6030  0.0000
R-zquared 0.996910| Mean dependentvar 7977222
Adjusted R-squared 0.886894) 5.D. dependentvar 0476712
=.E. of regression 0.026567  Akaike info criterion -4.407920
Sum squared resid 0134105 Schwarz criterion -4.373987
Log likelihood 4251603 Hannan-Quinn criter. -4 394177
F-statistic 6130726 Durbin-Watson stat 0.067852
Prob(F-statistic) 0.000000

R? is high. So we consider cointegration.

Proc>Make Residual Series

Conduct unit root test for residuals to examine whether they are 1(0), using ADF.

=

=]

[ViewlProclObject] [PrinthameIFreeze] [

[ViewIProcIObject] [Sa\reIFr
Range: 1192 {indexed) —|
Sample: 1192 — 192 obs

Dependent Variable: LOGFTSE100
Method: Least Squares
Date: 031217 Time: 20:56

B c .
Sample: 1192
% glsoeq]ﬂosoe100 Included observations: 192
& fiseall - ;
&4 loghse100 Variable Coefficient
&4 logftseall
4 resid c 0.455849
i residual LOGFTSEALL 1.035888
A residuals
series01 R-squared 0.995910
Adjusted R-squared 0.995894
S.E. ofregression 0.026567

Sum squared resid 0.134105
Log likelihood 4251603
F-statistic 61307.26
Prob(F-statistic) 0.000000

i Series: RESIDUALS Warkfile: FTSE:Ftse',

[E=S[EoR =)

[ViewlProclObjecthroperties] [PrinthameIFreeze] [Sample1Genr[SheetIGraphlStatsIl

Augmented Dickey-Fuller Unit Root Test on RESIDUALS

Mull Hypothesis: RESIDUALS has a unit root
Exogenous: Constant
Lag Length: 1 (Automatic - based on SIC, maxlag=14)

~

t-Statistic Prob.*
Augmented Dickey-Fuller test statistic -2.469949 0.1245
Test critical values: 1% level -3.464827
5% level -2.876595
10% level -2574874
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D{RESIDUALS)
Method: Least Squares
Date: 031217 Time: 20:59
Sample (adjusted): 3 192
Included observations: 190 after adjustments
Variable Coeflicient Std. Error t-Statistic Frob.
RESIDUALS(-1) -0.046336 0.018760  -2.469949 0.0144
D(RESIDUALS(-1)) 0.169796 0.071481 2375409 0.0185

Residuals has a unit root, implying residuals series is non-stationary.

So there is not cointegration relation.

10



Cointegration-Johansen test (Dataset: Johansen)
8. Detect cointegration and find out the relationship among Yb Yc Yd.
How to choose the optimal lag?

r

Waorlfile: IOHAMSEM - (chusershwwhdocumentsijohansen wi1) E'@

[UiewIPrncIDbject] [SE\reIFreezeIDetailsﬂ-] [ShnwlFetchIEtcurelDeletelGeanSample]

Range: 1/01/2001 8/08/2001 — 220 obs Filter: *
Sample: /012001 8/08/2001 — 220 obs Order: Mame
Bl c
kA Inyb
% :ﬂ}"s Open 3 as Group
ny
A resid Preview Fo9 as Equation...
kA series0
& b Copy ChrleC as Factor...
% E Copy Special... as VAR...
Paste ChrleV as System...
Tesm i as Multiple series

= VAR Specification *

Basics

[View| Proc| Object | [ save |

Range: 1/01/2001 8/08/20 VAR Type Endogenous Variables
Sample: 1/01/2001 8/08/20 icted
B (® Unrestricted VAR Inyb Inye Inyd
M Inyb ()Wector Error Correction
R Inyc () Bayesian VAR
kA Inyd
kA resid - - .
R series0t Estimation Sample ervals for Endogenous:
bA yo
1/01,/2001 8/08,/2001
M e [0/ /08/
B yd

Exogenous Variables

C

Eviews suggests us to use 2 lags.

Var: UNTITLED Workfile: JOHANSEN: Johanseni, (=N =l ==
View | Proc | Object | | 5 [ViewlProcIDbjectl [PrinthamelFreeze] [EstimateIForecastlStatsIImpulseIResidsIZ
Range: 1/01/2001 8 Representations gression Estimates
ool A LI, Estimation Output ~
(Bl c .
] :nyb Residuals 3 boo1
nyc
% In;d Endogencus Table ﬁtments
bA resid Endogenous Graph
A series01 | hivee 1 knem
A yb Lag Structure 3 AR Roots Table
B4 ve 3
[ Residual Tests » AR Roots Graph
Cointegration Test.. Granger Causality/Block Exogeneity Tests
Impulse Response... Lag Exclusion Tests
Variance Decompaosition... Lag Length Criteria...
T T ToT TooT T
Label
CrereTTy et L 0.427709 0.014116
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.~ .

(= ][@|[=]
[ViewlProcIDbject] [S [ViewIProcIDbject] [PrinthameIFreeze] [Estimate]Forecast]StatsllmpulseIResidslz
Range: 1/01/2001 8 Vector Autoregression Estimates
Sample: 1/01/2001 8
g 1 Vector Autoregression Estimates ~
(B] c Date: 031217 Time: 21:32
A Inyb Sample (adjusted). 1/06/2001 3/08/2001
% :gis Included observations: 215 after adjustments
Standard errors in () & t-statistics in
kA resid 0 [l
kA series0 Lag Specification Pt
LMNYD
bA b
C
% :d LMYB(-1) 0.562325
Lags to indude (3.56907)
[0.15756]
LMYB(-2) -0.283043
e (3.58702)
[-0.072391]
LMY Ci-1) 0.000363 0.427709 0.014116
(0.00026) (0.06670) (0.01331)
[1.42057] [ 6.41250] [1.06048]
LMY CI-2) 0.000125 0.326867 -0.020926
(0.00025) (0.06420) (0.01281)
[0.52028] [5.09128] [[1.63334]
@ Var: UNTITLED Workfile: JOHANSEN: Johansen [ =)=
[ViewlProcIObject] [S [ViewIProcIObject] [PrintINameIFreeze] [EstimatelForecastIStatsIImpulselResidsIZoom]
Range: 1/01/2001 81 yaR | ag Order Selection Criteria @
Sample: 1/01/2001 81 Endogenous variables: LNYB LNYC LNYD
B c Exogenous variables: C
&4 Inyb Date: 0312117 Time: 21:34
& Inye Sample: 1/01/2001 8/08/2001
A Inyd Included observations: 205
A resid
A series0 Lag LogL LR FPE AlC sC HQ
&4 vb
8 v 0 5727513 A 7. 74e-07 -5.558549  -F.509920 -5.538879
b vd 1 1613.315 2040519 329e-11  -15.62258 -15.54390
2 1633141 3829958 208e-11 1572821 1538780
3 1640.455 13.91283 3.01e-11 571175 1522546 1551506
4 1643 564 5.824916 3.19e-11 -1665429  -15.02210  -15.39858
5 1649.233 10.45337 3.30e-11 -1562179  -14.84372  -15.30708
6 1655.328 11.05889 3.40e-11 -1659344  -14.66948  -1521972
7 1671.869 29 53254 3.16e-11 1566702 1459717  -15.23429
3 1706.411 60.65921 2.47e-11 -15.91621 -1470047  -15.42447
9 1720.354 24 07638 2 35e-11 -1596443  -14.60280  -15.41368
Cio 1731204 1865417 231e-11° ___1508326" ) -1447574  -15.37350
11 1738.171 11.49048 2.37e-11 -1596265  -14.30925  -15.29389
12 1744.302 10.04905 2 44e-11 -15.93466  -14.13537  -15.20689
* indicates |ag order selected by the criterian
LR: sequential modified LR test statistic (each test at 5% level)
FPE: Final prediction errar

There is no unique way to decide the optimal lag, we could follow Eviews here, using

2.
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We choose option 6 that summarize all 5 sets of assumptions to examine whether

the results are sens

itive to the type of specification used.

[E) Group: UNTITLED Waorkfile: JOHANSEN -Johansen', = = =
[ViEWIPTOCIDbJECtl [SEVEIFFEEE [ViewlProcIDbjectl [PrintINameIFreezel [SampleISHEEtIStatSISpecl
Range: 1/01/2001 8/08/2001 Johansen Cointegration Test Summary
Sample: 1/01/2001 8/08/2001
Date: 031217 Time: 21:38
B c Sample: 1/01/2001 8/08/2001
% :”Yb Included observations: 206
% |2;S Series: LNYB LNYC LNYD
A resid Lags interval: 1 to 10
B series0 . ) ) )
% yb Selected (0.05 level*) Number of Cointegrating Relations by Model N
ye
= yd Data Trend: Maone None Lingar Linear Quadratic
TestType Mo lntercept  Intercept Intercept Intercept Intercept
Mo Trend Mo Trend Mo Trend Trend Trend
Trace 3 3 2 2 3
Max-Eig 3 3 2 2 3
*Critical values based on MacKinnon-Hayf-Migh&lis (1999) —
Information Criteria by Rank and Mod
Data Trend: Maone Noﬁ / Lingar Linear Quadratic
Rankor Mo Intercept Int cept Intercept Intercept Intercept
No.of CEs Mo Trend rend No Trend Trend Trend
Log Likelihood Ay Rank (ihws) and Model (columns)
0 1684 546 1684 54 1701.182 1701.182 1704889
(6] Group: UNTITLED orld‘le 10 NSEN ‘Johansen), [ =
[ViEWIPFOCIObJECt] [SEVEIFFEEE [ViewIProcIObjectl [Pr}(thamelFre#e] [SampIeISheetlstatSISpecl
Range: 1/01/2001 8/08/2001 Johghsen Cointegration Test
Sample: 1/01/2001 8/08/2001 | ~=1=s LTU LN D LN T
Lags interval (in st differences)y/1to 10
Bl c
% :2;2 Unrestricted integration Rank Test (Trace)
% E;?d Hypothes' d Trace 0.05
& series0 E|genva| Statistic Critical Value Prob.**
&4 vb .
& yo Mone 0250414 8079294 2979707 0.0000
& vd Atmost1® 0.087185 2141669 15.49471 0.0057
Atmost 2 0.01A4820 3.075765 3.841466 0.0795
Tra dicates 2 fointegrating eqn(s) atthe 0.05 level
* denotes rejection offthe hypothesis atthe 0.05 level
=MacKinnon-Haug-flichelis (1999) pvalues
Unrestricted Cointgfigration Rank Test (Maximum Eigenvalue)
Hypothesized Max-Eigen 0.05
W Eigenvalue Statistic Critical Value Prob.**
Mone * 0.250414 59.37625 21.13162 0.0000
Atmost1® 0.085185 18.34092 14 26460 0.0107
Atmost2 0.014820 3075765 3.841466 0.0795
et ho ok et m ok mmkie = @ —mtm i e ;e AE At

Trace test may have conflicting results from Max-Eig, Johansen and Juselius (1990)
suggests using Max-Eig results.

In my understanding: If there is variable with 1(0), it is not appropriate to do
cointegration test since cointegration is conducted when we have non-stationarity
data. We can just proceed with VAR system by taking the first difference for the I(1)
variable. With this situation, look at these two papers: Toda, Hiro Y., and Taku
Yamamoto (1995) and Pesaran, M. Hashem, Yongcheol Shin and Richard J. Smith
(2001)
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ARCH and GARCH modelling (Dataset: GARCH)

9. Build up a proper model for the series of exchange rate of Canadian Dollar
(variable CD in the dataset) and explain why the model you obtain should be a
preferred model.

Let’s look at the graph of rcd first

' [ bA Series: RCD Workfile: GARCH:Garch?, EI@
[Viewlpmclobjec [‘ufiewlProcIDbjectIProperties] [PrintINameIFreeze] Default w [DptionslSampleIG

Range: 11867
Sample: 1 1867

% cd RCD
C

kA rcd

kA resid
kA series0

_uzu TTTTT I T T I T T T I T[T I T T T I T I T T IT T T IT T TIT T TIT T T TTTTITTTITTTTITTTTTTITTTT

250 500 750 1000 1250 1500 1750

4 —* [ =l 4o

We can see few periods with large increase and decrease.

Volatility Clustering
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Identify an appropriate ARMA model by following the Box-Jenkins methodology

The first step: Identification

=

fA Series: RCD Warkfile: GARCH::Garch®,

E=NE=E

[Viewlechbject] [Sa\reIFree

[‘JiewlProchbjecthmpertiesl [PrintINamelFreezel [SampIeIGenrlSheetIGraphlStat

Range: 11867 — 1867 obg
Sample: 11867 — 1867 obg

Date: 031217 Time: 22:37

Correlogram of RCD

B c Sample: 1 1867
kA cd Included observations: 1866
A rcd
kA resid Autocarrelation Partial Correlation AC PAC Q-Stat Prob
A series01
[ [ [ 1 0011 0011 021671 0.642
[ [ [ 2 0009 0009 03812 0826
I I 3 -0.012 -0.012 0.6420 0.887
! ! 4 -0.021 0021 1.4850 0.829
[ [ I} 5 0020 0020 22199 0818
( i i 6 0.049 0049 67224 0347 |
T T T -0.0TF 00T 71037 0418
I It 8 -0.000 -0.001 71038 0.525
I | 9 0038 0040 97821 0.368
I I 10 -0.042 -0.041 13.057 0.221
[ [ 11 0.019 0016 413703 0.250
! ! 12 -0.041 -0.041 16.827 0156
The second step: estimation
INCIUded 0DSenvanons: T&dolU aner agjusiments
Convergence achieved after 24 iterations ocorrelation  Partial Correlation AC  PAC Q-Stat Prob
MA Backcast 27
I (1 1 0011 0011 02161 0642
Wariable Coefficient Std. Error t-Statistic Prob. I I 2 0000 0.000 03812 0826
I I 3 -0.012 -0.012 06420 0887
C -7.98E-05 6.39E-05  -1.248501 0.2120 | | 4 -0.021 -0.021 1.4850 0829
AR(1) -0.302083 0166322 -1.816258 0.0695 m m 5 0020 0020 22199 0818
AR(2) 0414158 0164630 2515687  0.0120 i i 6 0040 0049 67224 0.247
AR(3) 0505727 0190767  2.651014  0.0081 | | 7 .0.014 -0016 74037 0418
AR(4) -0.086245 0193586 -0.445516  0.6560 1 1 2 -0.000 -0.001 71038 0525
FA=JiA) 0220008 0183184 2 4241108 0041372 i i g 0038 0040 9?821 0358
| AR -0.658308 0161637  -4.072756  0.0000 | | 10 -0.042 -0.041 12057 0221
A1) 0300184 0156077 1080975  0.0477 it it 11 0.019 0016 12702 0.250
MA(2) -0.396580 0154868 -2560815  0.0105 ) ) 12 0.041 -0.041 16.827 0.156
MA(3) -0522212 0181593  -2.875724  0.0041 it | 13 0023 0026 17824 0164
MA(4) 0064197 0184077 0348752 07273 1 1 14 -0.004 -0.007 17.856 0.213
LIATEY 0370078 0148240 2 EE710 0 I I 15 0'012 U.U’IU 18.145 0'255
| mae) 0729500 0155347 4696520 u.uugg.l it it 16 -0.005 -0.002 18194 03132
il il 17 -0.052 -0.053 23331 0139
R-squared 0.015949 Mean dependentvar -7.82E-05 I I 18 0.019 0023 24019 0154
Adjusted R-squared 0.008556 S.D. dependentvar 0.002668 | | 19 -0.009 -0.008 24158 0.190

Other variables are also significant, but combining with ACF/PACF plot, let’s do

ARMA(6,6). So in estimate equation window, type in rcd c ar(6) ma(6)

[=] Equation: UNTITLED Waorkfile: GARCH::Garch,

=N R

: [ViewIProcIObJectl [PrintINameIFreeze] [EstimatelForecastlStatsIResids]

Dependent Variable: RCD
Method: ARMA Conditional Least Squares (Marguardt - EViews legacy)
Date: 031217 Time: 23:01
Sample (adjusted): 8 1867
Included observations: 1860 after adjustments
Convergence achieved after 27 iterations

MA Backcast 27

Variable Coefficient Stad. Error -Statistic Frob.
C -7.74E-05 6.40E-05  -1.210211 0.2264
AR(B) -0.5398302 0.203705  -2.647465 0.0082
MA[B) 0.594835 0.194429 3.059380 0.0022
R-squared 0.004600 Mean dependentvar -7.82E-05
Adjusted R-squared 0.003528 S.D. dependentvar
S.E. ofregression 0.002664 Akaike info criterion -9.016592
Sum squared resid 0.013176 Schwarz criterion -9.007676
Log likelihood 8388.431 Hannan-Quinn criter. -9.013306
F-statistic 4290489 Durbin-Watson stat 7240
Prob(F-statistic) 0.013834
Inverted AR Roots 78+.45i 78-.45i .00-.90i -.00+.90i
-78+.45i -78-45i
Inverted MA Roots T9+46i 79-46i -00+92i  -00-92i
-79-.46i - 79+46i
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And residual diagnostic

| ) Equation: UNTITLED Workfile: GARCH::Garch\ =N =l =
m [ViewlProchbjectl [PrinthameIFreezel [EstirnateIForecastIStatsIResids]

Range: 1 Correlogram of Residuals

Sample: 1

— | Date: 031217 Time: 23:02
] ¢ Sample: 1 1867

% red Included observations: 1860

K resid Q-statistic probabilities adjusted for 2 ARMA terms
&4

SEMESY Autocorrelation  Partial Correlation AC  PAC OQ-Stat Prob

1 0.014 0.014 03494

2 0009 0.009 05000

3 -0.011 -0.011 07342 0392
4 -0.020 -0.020 1.4752 0478
5 0.014 0.015 1.8361 0607
G
7
]

-0.004 -0.004 1.8612 0.761
-0.017 -0.017 2.3917 0.793
0.001 0001 23923 08380
[ [ 9 0035 0.036 47059 0.696
I ! 10 -0.041 -0.043 7.8231 0.457
[ [ 11 0022 0.022 8.7557 0.460
I ! 12 -0.011 -0.010 8.9850 0534
[ [ 13 0026 0027 10298 0504
i ! 14 -0.007 -0.010 10378 0.583
[ [ 15 0.012 0.014 10634 0.641
i [ 16 -0.003 -0.003 10654 0713

Residual diagnostics refers to checking whether the residuals are free from

autocorrelation. The model is adequate, if autocorrelations of residuals are zero.
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Now, let’s look at ARCH effect

L —=
-
enTor] (=) Equation: UNTITLED Workfile: GARCH:Garch\ =n|EcH <"
REIHE' 1 [Vim]Prochbject] [PrintINameIFreeze] [Estimate[ForecastIStats]Resids]
Sample: 1 Representations A
B Estimation Output ares (Marguardt - EViews legacy)
% cd Actual Fitted, Residual b
kA resid ARMA Structure... stments
i ns
BA serie Gradients and Derivatives 4
Cowvariance Matrix
Std. Error t-Statistic Prob.
Coefficient Diagnostics » — —— ——
Residual Diagnostics » Correlogram - O-statistics..,
Stability Diagnostics » Correlogram Squared Residuals..,
Label Histogram - Mormality Test
TAOUSTET EEUEaTeT UOOSOE T Serial Correlation LM Test...
S.E. of regression 0.002664 -
Sum sgquared resid 0.013176 Heteroskedasticity Tests..
| —=
i I
View| Pro = |i”£”_
Rane [ViewIProcIDbjectl [PrintINameIFreeze] [EstimateIForecastlStatsIResidsl
5 le:
I-Ealmi E?I:g' Heteroskedasticity Tests 4
C
BA cd D Spedification

gradf] 53]
gradi] Inciy Test type:

kA

kA )

A gradf Con Breusch Pagan-Godfrey Dependent variable: RESID~2
kA

5|

kA

rcd MA B Harvey

resid Glejser The ARCH Test regresses the squared
serie residuals on lagged squared residuals
— . White and a constant,
- B Custom Test Wizard. ..

Mumber of lag§: EI

R-5

Adju
SE.
Sum
Log
F-st:
Prol

- Cancel

Inve

Choose 6, because of AR(6). Eviews suggests us to use 6, so we look at 6 in ACF/PACF

plot.

| (=) Equation: UNTITLED Workfile: GARCH:Garch, = R ==
ViewPrc'c [UiewIProcIDbject] [Printhame[Freeze] [EstimateIForecastlStatsIResids]

Range: 1 - . ~
Sample: 1 Heteroskedasticity Test ARCH

B c F-statistic 1968890 Prob. F(6,1847) 0.0000
b cd Obs*R-squared 1114527  Prob. Chi-Square(@) 0.0000
kA rod

kA resid

There is ARCH effect.
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Estimating ARCH/GARCH models. We look at ARCH first.

Range: 11367

[B] ¢

cd

rcd

resid
series

RIBRIE!

Sample: 1 1867

[=] Equation: UNTITLED Workfile: GARCH:Garch,

(=[5 =)

[‘u’iew[ProcIDbject] [PrinthamelFreezel [EstimatelForecastlStatslResids]

Dependent Variable: RCD
Method: ML ARCH - Marmal distribution (Marquardt / EViews legacy)
Date: 031217 Time: 23:18
Sample (adjusted). 2 1867
Included observations: 1866 after adjustments
Convergence achieved after 48 iterations
Presample variance: backcast (parameter=0.7)
GARCH = C(4) + C(A*RESID(-1*2 + C(6*RESID(-2)"2 + C(TF*RESID{-3)y2
+ C(BRESID(-4"2 + C(9PRESID(-5p2 + C(10y¥RESID{-6)"2

Wariable Coefficient Std. Error Z-Statistic Prob.
cC -9.13E-05 4 99E-05  -1.829942 0.0673
AR(B) -0.565594 0177114 -3.193388 0.0014
MA(G) 0.623353 0.163865 3.804070 0.0001
Variance Equation
C 2.33E-06 1.25E-07 18.67124 0.0000
RESID{-1)"2 0.280908 0.026899 10.44319 0.0000
RESID{-2)"2 0100757 0.020707 4 BG5BE5H 0.0000
RESID{-3)"2 0.087083 0.022181 3925957 0.0001
RESID{-4)"2 0124773 0.022820 5467695 0.0000
RESID{-5)"2 0.095174 0.023387 4.195943 0.0000
RESID{-6)"2 0.050133 0.020640 2423905 0.0151
R-squared 0.004023 Mean dependentvar -7.5TE-05
Adjusted R-squared 0.002954 S.D. dependentwvar 0.002667
S.E. of regression 0002663 Akaike info criterion -9 205481
Sum squared resid 0.013207 Schwarz criterion -9175837
Log likelihood 8598.714 Hannan-CQuinn criter. -9.194558
Durbin-Watson stat 1.972435
Inverted AR Roots 9+ 45 T79-45i A00-91i -00+91i
- 79+.45] - 79-.45i
Inverted MA Roots B0- 46i B0+ 46i 00+92 -.00-.92i
- 80- 46i - 80+ 48i
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Then, GARCH(1,1)

(=] Equation: UNTITLED Warkfile: GARCH:Garch), ===

DbJE [ViewlPrnc]Dbjectl [Print]NamelFreeze] [EstimateIFnrecastIStatisesids]
Range: 1 1867
Sample:11867] DependentVariable RCD _

— Method: ML ARCH - Marmal distribution (Marquardt / EViews legacy)

[B] c Date: 031217 Time: 23:16
M cd Sample (adjusted). 2 1867
% ;gdsid Included observations: 1866 after adjustments
R series0 Convergence achieved after 27 iterations
Presample variance: backcast (parameter = 0.7)
GARCH = C(4) + C{5)*RESID{-1y"2 + C(E*GARCHI-1)
Yariable Coefficient Std. Error z-Statistic Prob.
C -6.00E-05 4 67E-05  -1.285054 0.1988
ARIE) -0.528963 0311479 -1.698233 0.0895
MA(E) 0571593 0288674 1.913770 0.0556

Variance Equation

C 9.07E-08 1.72E-08 5261773 0.0000
RESID{-1}"2 0131312 0.007362 17.83528 0.0000
GARCH(-1) 0.868507 0.006709 129.6058 0.0000

R-squared 0.003881 Mean dependent var -7 .57E-05
Adjusted R-squared 0.002912 35.D. dependentvar 0.002667
S.E. of regression 0.002663 Akaike info criterion -8.249502
Sum squared resid 0.013208 Schwarz criterion -8.231716
Log likelinood B8635.786 Hannan-Cuinn criter. -8.242949

We can see the AR(6) and MA(6) becomes less significant. ARCH and GARCH effect
are significant. Comparing with ARCH(6), We can use fewer variables with
GARCH(1,1).
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GJR-GARCH

Note:
Due to Glosten, Jaganathan and Runkle
=0+ Mf_l +/3q_12+}$4r_1213_1
where [,.; = 11fu, ;<0

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

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

(=] Equation: UNTITLED Workfile: GARCH::Garch), =N =R

[UiewlPrncIDbject] [Print NameIFreeze] [EstimatelFnrecastIStatsIResids]

AP (AU STe T o TO0T

Included observations: 1866 after adjustments

Convergence achieved after 31 iterations

Presample variance: backcast (parameter=0.7)

GARCH = C(4) + C(BPRESID{-1}"2 + CI6PRESID-12*(RESID(-1)=0) +
C(VFGARCH(-1)

Yariable Coefficient Std. Errar zZ-Siatistic Prob.
C -0.000124 4 88E-05  -2.542853 0.0110
AR(G) -0.524149 0285453  -1.8362M1 0.0663
MAG) 0570710 0272475 2084537 0.0362

YWariance Equation

C G.96E-08 1.54E-08 45143249 0.0000
RESID{-112 0.070711 0.008645 8.179042 0.0000
[RESID(—1}“2*(RESID(—1}~:D} 0100703 0.012684 7.939556 0.0000 ]
GARCHI-T) U.ogdrds NG 120 5444 ]
R-squared 0.003830 Mean dependentwvar -7.5TE-05
Adjusted R-squared 0.002761 S.0. dependentwvar 0.002667
S.E. of regression 0.002663 Akaike info criterion -9 264663
Sum squared resid 0.013210 Schwarz criterion -9.243813
Log likelihood 8650931 Hannan-Cuinn criter. -9 257017
Durbin-\Watson stat 1.8973832

For a leverage effect, the coefficient is positive and significant.
EGARCH(try this)
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GARCH-M(standard deviation)

Note:
Engle, Lilien and Robins (1987) suggested the ARCH-M specification. A GARCH-M model
would be:
ye=H+ 00, +u 1, ~N(0,9P)

0P = + allif_l +ﬁ0;-12
If 6 1s positive and statistically significant, then increased risk, given by an increase in the
conditional variance, leads to a rise in the mean return. Thus & can be interpreted as a risk

premiuin.

(=] Equation: UNTITLED Workfile: GARCH::Garch, E=nE=n

View | Proc | Object | | Print | Mame | Freeze | | Estimate | Forecast | 5tats | Resids

Dependent Variable: RCD

Method: ML ARCH - Marmal distribution (Marguardt / EViews |egacy)
Date: 031217 Time: 23:54

Sample (adjusted): 2 1867

Included observations: 1866 after adjustments

Convergence achieved after 33 iterations

FPresample variance: backcast (parameter =0.7)

GARCH = C(5) + CBFRESIDI-12 + CITFGARCH-1)

YWariable Coefficient Std. Errar 7-Statistic Prob.

[ @SART(GARCH) 0.119462 0.059750 1.999375 0.0456 ]

> -0.000255 0ooota0 -2 195340 U083
AR(B) -0.529798 0.205002  -1.737030 0.0824
MA{G) 0.572767 0.292083 1.960972 0.0499

Yariance Equation

C 9 67E-08 1.79E-08 5.383218 0.0000
RESID{-1)2 0134138 0.007508 17.86298 0.0000
GARCH-1) 0.865985 0.006697 129.3050 0.0000

F-squared 0.005281 Mean dependentwvar -7.57E-05
Adjusted R-squared 0.003678 S.D. dependentvar 0.002667
5.E. of regression 0.002662 Akaike info criterion -8.250710
Sum sguared resid 0.013191 Schwarz criterion -8.229959
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10. Use your preferred model to produce forecasts.

Estimate a new equation, using in-of-sample to forecast out-of-sample

Equation Estimation
Spedification Options

Mean equation

Dependent followed by regressors 8 ARMA terms OR explicit equation:
ARCH-M

red © ar(6) malf)

Mone

Wariance and distribution specification

WVariance regressors:
Model | GARCH/TARCH W

Cirder:
ARCH: | 1 Threshold arder: | 0

GARCH{ 1 Error distribution:

Restrictions: | Mone ~ Mormal (Gaussian) v

Estimation settings

Method | ARCH - Autoregressive Conditional Heteroskedasticity

Samg

(=] Equation: UNTITLED Warkfile: GARCH:-Garch [=o = |[ ==
[ViewlProc[Dbject] [Printhame[Freezel [EstimateIForecastIStats[Residsl

Dependent Variahle: RCD ~

Meth Forecast =

Datg

Sam  Forecastof

Inclu Equation: UNTITLED Series; RCD

Con

EF:RS SEeries names Method

i Forecast name: | rcdf (®) Dynamic forecast

(") Static forecast
[Jstructural {ignore ARMA)

5.E. (optional):

GARCH(optional): Coef uncertainty in 5.E. calc
Eopers Salpie DL]tDLIt
1801 1867] Forecast graph
Forecast evaluation

Insert actuals for out-of-sample observations

. Care

Adjubrearreogueres AL o OTETTIT T e

S E. ofregression 0.002617 Akaike info criterion -0 297666
Sum squared resid 0.012298 Schwarz criterion -9.279339
Log likelihood 8369.251 Hannan-Quinn criter. -9.290901
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Dynamic forecast(multiple-steps-ahead)

(=] Equation: UNTITLED Workfile: GARCH:-Garchi, = E=h <

[ViewIProcIObject] [Print]Name]Freezel [Estimate]ForecastlStatsIResids]

Lo Lol ommromy

T Forecast: RCDF

Actusl: RCD

1005 Forecast sample: 1801 1887

Included observations: 87

Root Mean Sguared Emor  0.003710

=9 Mean Absolute Ermor 0.002582

Mean Abs. Percent Eror 92.38541

Theil Inequality Cosfficient 0574576
Bizs Proportion 0000108
Variance Proportion 0.58TRIG
Covariance Proportion  0.032355

oonas

ooz

00002 o

000019

LO001E -

000017

LI R B S S B S e e — — —
1E10 1820 1830 1840 1850 1280

—— Forecas: of Varlance

Static forecast(single-step-ahead)

(=] Equation: UNTITLED Workfile: GARCH::Garch, =N o 5

[ViewlProchbject] [PrintINamelFreezel [EstimateIForecastIStatslResidsl

Forecast: RCDF

Actual: RCD

Forecast sample: 1800 1287

Included observations: 68

Root Mean Squared Error  0.003783

Mean Absolute Emror 0.002638

Mean Abs. Percent Ermor 9175584

Theil Inequality Coefficient 0255877
Bizs Proportion 0.0003 34
‘Variance Proportion 0.527372
Cowarisnce Proportion  0.0722595
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One volatility results in more volatility=>» volatility clustering

Static forecast is more unstable.
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