FMBF: Computer lab 1

Introduction

There are four computer labs for the FMBF module. They will be organized as follows:
Practical 1: ARMA modeling and unit root test

Practical 2: Cointegration test

Practical 3: ARCH/GARCH modeling

Practical 4: Review

ARMA Modeling

We will firstly load a dataset and build ARMA models by following the Box—Jenkins approach. The
Box—Jenkins approach involves three steps:

1. Identification

2. Estimation

3. Diagnostic checking

Data Preparation

1. We will use monthly data on the price of British Airways from 1996 to 2002 (Please download
the file ‘BA.xIs’ from DUO).

2. Open the file in EViews by following steps:

(1) File > Open > Foreign Data as Workfile
File 1 tEdit Object View Proc Quick Options Add-ins Window Help

New »

Open » EViews Workfile... Ctrl+O
Save Ctrl+S Foreign Data as Workfile...
Save As... Database...

Close Programs...

Import X Programs in Add-ins folder...
Export . Text File...

Print Ctel+P

Print Setup...

Run... F10

Exit




(2) Select the file ‘BA.xls’, and following window will appear. Click ‘Next’.

~Cell Range
@P Iﬁ ”m Shest: Sheetl N
Sheet1 N -
I | Start cell: | $A$1 @
R
(O Custom range =]
Sheet1!$A$1:$8$90 Endcel; | $8$90 @ m
-
Star 1996-01-0 n
2002-12-31
Frequency .
N BRITISH AIRWAY
Cod 51444
Currency
1996-01-0 46
1996-02-0 52
1996-03-0 s1
1996-04-0 54 1
[[JRead series by row (transpose incoming data)
o o> | o]

(3) Since the first 6 rows of the table are header lines, input 6 in the ‘Header lines’ box.

~Column headers ~Column info —
- Click in preview to select column for editing
Huukrius:lillll
IIIIEE! Name: [urtEndF?equencyNumeChdecnnency]
Header type: Names only v
Description:
Clear Edited Column Info
~Text representing NA
B Data type: |Date v

R P P T P Tt S e e TS T 1996-01~-01 2002-12-31 M BRITISH 3
1996-01-01 ~
1996-02-01
1996-03-01 .
1996-04-01
1596-05-01
1996-06-01
1996-07-01 >

< I >
[[Jread series by row (transpose incoming data)

| Cancel | | | | Fsh

< Back || Next >




Then, change the variable names to ‘date’ and ‘price’. Please pay attention that the ‘Data type’

should be ‘Date’ and ‘Number’, respectively.

~Column headers ~Column info =
- Click in preview to select column for editing
Header Ines: -6
t:i Name: [u:tEndF?amnncyNanedeeChnency]
Header type: Names only v
Description:
Clear Edited Column Info
~Text representing NA
| #N/A Data type: | Date v

e L S I M1996-01~-01 2002-12~-31 M BRITISH 3
1996-01-01 ~
1596-02-01
15596-03-01 .
1996-04-01
1556-05-01
1996-06-01
1336-07-01 v

4y >
[“Read series by row (transpose incoming data)

~Column headers ~Column info
; .*S:IIIIE! r&kimptﬁewtnsduicdumnﬁwed&ul
Name: price|
Hﬂlﬁllvpeﬂthesodw VI }
Description:
| ClearEdited CoumnInfo |
~Text representing NA
| #N/A ] Data type: | Number v
date
1996-01-0 466 A
1996-02-0 524 .
1996-03-0 510
1996-04-0 541
1996-05-0 519
1996-06-0 541
1996-07-0 549
1996-08-0 530 .

[]read series by row (transpose incoming data)




(4) Since the EViews has correctly recognized the ‘Structure of the Data to be Imported’, keep
the ‘Basic structure’ as the ‘Dated — specified by date series’. Click ‘Finish’, and finally we
will get the “Workfile: BA’.

Import method Structure of the Data to be Imported

Create new workfie v Basic structure
[omd - spedified by date series v Frequency:  Monthly v
Import options
Identifier series
I Rename Series I
Date senes: [ date
Frequency Conversion
DATE PRICE
1 1996M01 466.00) ~
2 1996M02 524.00) .
3 1996M0 510.00
4 1996M0 541.00)
5 1996M0 519.00
6 1996M0 541.00
7 1996M0 5495.00)
8 1996M0 530.00
9 1996M0 525.00) v

View | Proc| Object| | Save | Freeze | Details +/-| | Show | Fetch | store  Delete | Genr | sample|
Range: 1996M012002M12 - 84 obs Filter. *
Sample: 1996M01 2002M12 — 84 obs Order. Name

Bl c

date
price
resid

>\ & [Newpge




3. Generate two series — ‘Inprice’ (natural logarithm of price) and ‘return’ (first difference of
Inprice). We calculate return by following equation:

return = In(price;) — In (price;_;)

(1) Quick > Generate Series

File Edit Object View Proc |Quick | Options Add-ins Window Help
| Sample...

Generate Series...

Show ...

Graph ...

Empty Group (Edit Series)

View | Proc| Object | | Save | Freez

Range: 1996M012002M12 -
Sample: 1996M01 2002M12 ~
c

A date Estimate VAR...
@ price

Series Statistics
Group Statistics

Estimate Equation...

(2) Enter equation to generate ‘Inprice’:

Inprice = log (price)

r l '

Enter equation
Inprice =log(price)

Sample
1996M01 2002M12




(3) Enter equation to generate ‘return’:

return = dlog(price)

Sample
1996M01 2002M12

Box—Jenkins approach

Identification

ACF/PACEF Plots can be used to identify the order of ARMA(p,q) model.
We can draw ACF/PACEF plots by following steps:

1. Quick > Series > Correlogram

File Edit Object View Proc | Quick | Options Add-ins Window Help

Sample...

Generate Series...

Show ...

Graph ...

Empty Group (Edit Series)
Miew | froc) Object ji Sawe | Ereexy Series Statistics » Histogram and Stats
Range: 1996M012002M12 - o i

’ ..

Sample: 1996M01 2002M12 — Group Statistics - Correlogram.
® c Estimate Equation... Unit Root Test...
& date Estimate VAR... Variance Ratio Test...
A Inprice : .
A price Exponential Smoothing...
A resid Hodrick-Prescott Filter...
&4 return




2. Input the name of series that you want to test. If you want to draw the ACF/PACF plots for
‘Inprice’, please input ‘Inprice’. You can also input ‘log(price)’, and you will get the same
results.

Series Name
Series name: | Inprice
[ox | [ concal |

3. Choose the ‘level’ of the variable. If you choose the ‘1st difference’, it will show the results of

‘d(Inprice)’. In this case, return=d(Inprice)=dlog(price)

Correlogram Specification x|

Correlogram of
(@ Level

() 1st difference E

(O 2nd difference

Lags to indude [ cancel |
36 .

4. Finally, we will get the ACF/PACEF plots for ‘Inprice’.

£ Series: LNPRICE  Workfile: BAzBa\ <
[VlewIPrmIObje(tIPropenies]_[ PnntINameIFleezeﬂﬁmplelGemISheetIGtaphIStatsIl
Correlogram of LNPRICE

Date: 01/04/15 Time: 16:59
Sample: 1996M01 2002M12
Included observations: 84

Autocorrelation Partial Correlation AC PAC Q-Stat Prob

0925 0925 74519 0.000
0.841 -0.108 136.77 0.000
0.748 -0.096 186.70 0.000
0688 0.182 22945 0.000
0.632 -0.029 26593 0.000
0.605 0.158 29988 0.000
0586 0.044 33209 0.000
0.565 -0.056 36241 0.000
0.547 0.095 39124 0.000
10 0528 -0.014 41843 0.000
11 0508 0.010 44401 0.000
12 0471 -0.099 46628 0.000
13 0412 -0.183 48357 0.000
14 0326 -0.183 49456 0.000
15 0254 0.035 501.29 0.000
16 0224 0.240 50662 0.000
17 0212 -0.042 51145 0.000
18 0.193 -0.156 51552 0.000
19 0.179 0.065 519.10 0.000

AN NART NN BN N8 N ANN

DN EWN -

The results suggest that the series ‘Inprice’ is a non-stationary process (random walk: y, =

Vi_1 + & ). Can you explain the reason for this?



5. We can also draw the ACF/PACEF plots for ‘return’ by repeating above process.

fM Series: RETURN Workfile: BA=Ba\ .M X
View | Proc Objed Plopenies Print | Name | Freeze Somple Genr | Sheet Graph Stats ||
Con'elogram of RETURN

Date: 01/04/115 Time: 17:00
Sample: 1996M01 2002M12
Included observations: 83

Autocorrelation Partial Correlation

AC

PAC

Q-Stat  Prob

o ob ob b obh o «b «b «b b
DAAONOEHEWNALAO0ODONOTOEHEWN -

amn

0.003
-0.121
-0.133
-0.024
-0.205
-0.025

0.080
-0.019
-0.053
-0.019

0.118

0.185

0.102
-0.046
-0.159
-0.112

0.062
-0.024
-0.036

NN

0.002
-0.121
-0.134
-0.041
-0.247
-0.067

0.005
-0.109
-0.084
-0.094

0.060

0.191

0.125

0.027
-0.085
-0.041

0144
-0.018
-0.077

NnNnao

Nearly all the ACF/PACF are insignificant. Only the ACF

0.0010 0974
12682 0530
28379 0417
28885 0577
6.7015 0244
6.7572 0344
7.3580 0.393
7.3918 0495
7.6577 0569
76918 0659
9.0587 0616
12476 0.408
13522 0408
13738 0.469
16.373 0.358
17.694 02342
18.100 0383
18.161 0445
18.304 0.502

40 240 N EERE M

and PACF at the lag five are

significant (they are outside the dotted lines in the graph). Is there any particular ARMA(p,q)

models suggested by the ACF/PACF plots?

Note:

Sometimes, it is difficult to use ACF/PACF plots to choose the model order. Information criteria,

such as AIC, SBIC and HQIC, can be used to specify the model. Specifically, the optimal

specification should minimize the value of an information criterion. Information criteria can be got

after you estimate the ARMA(p,q) model.



Estimation

Suppose that ARMA models from order (0,0) to (5,5) are plausible for the stock returns of BA. In
EViews, this can be done by separately estimating each of the models and noting down the value of
the information criteria in each case. We can construct ARMA(p,q) model by following steps:

1. Quick > Estimate Equation

File Edit Object View Proc |Quick | Options Add-ins Window Help
Sample...

Generate Senes...

Show ...
p Graph ...
Workfile: BA - (C\users  Empty Group (Edit Series)
[VnewlPtocIObjectHSaveIFreeza Series Statistics , ke | Genr
Range: 1996M01 2002M12 - "
G Stat >
Sample: 1996M01 2002M12 —~  ~roupStatistics ¢
B ¢ Estimate Equation...
A date Estimate VAR...
A Inprice

2. For example, if we want to construct a AR(1) model, we should type ‘return ¢ AR(1)’ in the
‘Specification’ tab of ‘Equation Estimation’ window. ‘Method’ should be ‘LS — Least Squares

(NLS and ARMA)’. We can also type ‘dlog(price) ¢ AR(1)’, and we will get the same results.

‘Equation Estimation X

Spedfication | Options

Equation spedfication

Dependent variable followed by kst of regressors induding ARMA
and POL terms, OR an expliat equation ke Y=c(1) +c(2)*X.

return ¢ AR(1)

Estmation settings
Method: |5 - Least Squares (NLS and ARMA) v

Sample: | 1506M01 2002M12



3. Consequently, we get following model, and the result window show the information criteria.
"Bk D W \ e x
[View|proc| object] [print [ Name Freeze [ [ Estimate | Forecast [ stats [Resias|

Dependent Variable: RETURN
Method: Least Squares

Date: 01/04/15 Time: 17:16
Sample (adjusted). 1996M03 2002M12
Induded observations: 82 after adjustments
Convergence achieved after 2 iterations

Variable Coefficient Std. Error t-Statistic Prob.
(] -0.014017 0.016378 -0.855831 0.3946
AR(1) 0.003386 0.112086 0.030212 0.9760
R-squared 0.000011 Mean dependent var -0.014018
Adjusted R-squared -0.012488 S.D. dependentvar 0.146895
SE. ofregression 0.147809 Akaike info criterion -0.961697
Sum squared resid 1.747811 Schwarz criterion -0.902997
Log likelihood 41.42959 Hannan-Quinn criter. -0.938130
F-statistic 0.000913 Durbin-Watson stat 1.982381
Prob(F-statistic) 0.975973
Inverted AR Roots .00

4. 1If we want to construct a ARMA(S,5) model, we should type ‘return ¢ AR(1) AR(2) AR(3) AR(4)
AR(5) MA(1) MA(2) MA(3) MA(4) MA(S)’ in the ‘Specification’ tab of ‘Equation Estimation’

window. Subsequently, we can get following results.

~Equation spedfication

Dependent variable followed by list of regressors induding ARMA
and PDL terms, OR an exphiat equation like Y=c(1) +c(2)*X.

return ¢ AR(1) AR(2) AR(3) AR(4) AR(S) MA(1) MA(2) MA(3) MA(4) MA(S)|

- Estrnation settings
Method: |5 - Least Squares (NLS and ARMA) v

Sample: [ 1006M01 2002M12
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El

IViewIﬁoclObjedI!lPﬁnthane_Iﬁemil Esﬁnate_l_rouastlsmslaesidsl-

Dependent Variable: RETURN A
Method: Least Squares

Date: 01/04/15 Time: 17:24

Sample (adjusted). 1996M07 2002M12

Included observations: 78 after adjustments

Convergence achieved after 82 iterations

MA Backcast 1996M02 1996M06

Variable 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

AR(5) 0.321558 0.138067 2328998 0.0229

MA(1) -0.108733 0.089012 -1.221552 0.2262

MA(2) 0.069975 0.077043 0.908251 0.3670

MA(2) -0.069602 0.081202 -0.857147 0.3944

MA(4) 0.102033 0.077312 1.319754 0.1914

MA(5) -0.896903 0.067112 -13.36436 0.0000

R-squared 0.278538 Mean dependentvar -0.015147

Adjusted R-squared 0.170858 S.D. dependentvar 0.150255

SE. of regression 0.136818 Akaike info criterion -1.010298

Sum squared resid 1.254180 Schwarz criterion -0.677942
Log likelihood 50.40163 Hannan-Quinn criter. 0877250 Vv

5. In above ARMA(S,5) model, only constant (C), AR(5) and MA(5) components are significant,
other variables are insignificant. Wald test can be used to examine whether we can exclude theses

variables in the model. In the ‘Equation’ window, View > Coefficient Diagnostics > Wald

Test-Coefficient Restrictions.

=) Eq \
View | Proc| Object | | Print | Name | Freeze | | Estimate | Forecast | Stats | Resids

Representations
Estimation Output
Actual, Fitted,Residual 4’}
ARMA Structure... Eems
S
Gradients and Derivatives »
Covariance Matrix
Std. Error t-Statistic Prob.
| Coefficient Diagnostics > Scaled Coefficients
Residual Diagnostics » Confidence Intervals...
Stability Diagnostics > Confidence Ellipse...
Label Variance Inflation Factors
laaste) s USZTOOS Coefficient Variance Decomposition
MA(1) -0.108733
MA(2) 0.069975  Wald Test- Coefficient Restrictions...
MA(3) -0.069602 - = e .
MA) 0102033 Omitted Vanables Test - Likelihood Ratio...
MA(5) -0.896903 Redundant Variables Test - Likelihood Ratio...
y— 0278538 Factor Breakpoint Test...
Adjusted R-squared 0.170858 S.D. dependentvar 0.150255
S.E. of regression 0.136818 Akaike info criterion -1.010298
Sum squared resid 1254180 Schwarz criterion -0.677942
Log likelihood 50.40163 Hannan-Quinn criter. 0877250 Vv

11



In the “Wald Test’ window, input the variables that we want to test. For example, if we want to
test whether AR(1), AR(2), AR(3), AR(4), MA(1), MA(2), MA(3), and MA(4) components are
jointly equal to zero, we should input ‘c(2)=c(3)=c(4)=c(5)=c(7)=c(8)=c(9)=c(10)=0".

Coeffident restricions separated by commas
©(2)=C(3)=C(4)=C(5)=C(7)=C(8) =C(9)=C(10)=0

Examples
C(1)=0, C(3)=2"C(4) | oK Cancel

Following result of Wald Test are insignificant. In other words, it cannot reject the null
hypothesis that above coefficients are jointly equal to zero. Therefore, we can exclude these

variables in the regressions.

=] Equation: UNTITLED Workfile: HACBa\

[ \newl Proc I Object n Printl Name] Freeze n Estimate] Foreast] Stats I Resids l

Wald Test

Equation: Untitled

Test Statistic Value df Probability
F-statistic 1.616887 (8, 67) 0.1366
Chi-square 12.93510 8 0.1141

Null Hypothesis: C(2)=C(3)=C(4)=C(5)=C(7)=C(8)=C(9)=C(
10)=0
Null Hypothesis Summary:

Normalized Restriction (= 0) Value Std. Err.

C(2) 0.036600 0.147676
C(3) -0.162137  0.140685
C(4) -0.169561 0.144327
C(5) -0.197546  0.136259
C(7) -0.108733  0.089012
C(8) 0.069975 0.077043
C(9) -0.069602  0.081202
C(10) 0.102033 0.077312

Restrictions are linear in coefficients.

12



6. According to above results, we construct the ARMA model only include constant, AR(5) and
MA(S) components. Type ‘return ¢ AR(5) MA(5)’ in the ‘Equation Specification” window.

Spedification | Options |
~Equation spedfication
Dependent variable followed by list of regressors induding ARMA
and PDL terms, OR an exphdt equation like Y=c(1) +c(2)*X.
return ¢ AR(S) MA(S)

~Estimation settings
Method: |5 - Least Squares (NLS and ARMA) v
Sample: ‘ 1996M01 2002M12

Then, we get following model.

View | Proc| Object | | Print | Name | Freeze
Dependent Variable: RETURN =
Method: Least Squares ‘
Date: 01/04/15 Time: 17:41 :
Sample (adjusted). 1996M07 2002M12 ‘
Induded observations: 78 after adjustments
Convergence achieved after 17 iterations
MA Backcast 1996M02 1996M06
Variable Coefficent Std. Error t-Statistic Prob.
C -0.020196 0007778 -2596672 0.0113
AR(5) 0.497996 0.146083 3.408980 0.0011
MA(5) -0.878905 0.079681 -11.03031 0.0000
R-squared 0.165244 Mean dependentvar -0.015147
Adjusted R-squared 0.142984 S.D. dependentvar 0.150255
SE. ofregression 0.139098 Akaike info criterion -1.069567
Sum squared resid 1451129 Schwarz criterion -0.978924
Log likelihood 4471310 Hannan-Quinn criter. -1.033281
F-statistic 7.423332 Durbin-Watson stat 2082547
Prob(F-statistic) 0.001144
Inverted AR Roots 87 27+83i 27-83i -70-51i
-70+51i
Inverted MA Roots 97 .30-.93i .30+.93i -79+57i
-79-57
v

13



Diagnostic checking
We can examine whether the model constructed is adequate by two methods - overfitting and

residual diagnostics.

Overfitting refers to fitting a larger model than the model identified in first stage. The model is

adequate, if any extra components added to the ARMA model are insignificant.

Residual diagnostics refers to checking whether the residuals are free from autocorrelation. The
model is adequate, if autocorrelations of residuals are zero. The Ljung—Box tests (Q-statistics) can be
used. In Eviews, Q-statistics can be conducted by following steps:

1. In the Equation window, View > Residual Diagnostics > Correlogram — Q-statistics

-@Equationz UNTITLED Workfile: BA:Ba\ —l=

\ View | Proc | Object J Print } Name J Freezej J Estimate | Fove(astJ_Statsl Resids ‘

Representations

Estimation Output

Actual Fitted,Residual 4]

ARMA Structure... ments

S

Gradients and Dernvatives 'L

Covariance Matrix Std. Error t-Statistic Prob.

Coefficient Diagnostics > 0.016378 -0.855831 0.3946

Residual Diagnostics » Correlogram - Q-statistics...

Stability Diagnostics 4 Correlogram Squared Residuals...

Label Histogram - Normality Test
SUNTSQUATEUTESTY™ """ T Y ToTT" Senal Correlation LM Test...
Log likelihood 41.42959

Heteroskedas s Tests...

F-statistic 0.000913 e et atyjlens
Prob(F-statistic) 0.975973
Inverted AR Roots 00

2. Then, input the lags to include. For ARMA(p,q) model, the number of lags to include should be

greater than p+q+1

'Lag Specification X

Lags to indude: | £

oK Cancel

Note:
The residuals of an adequate model should be approximately white noise for which the

autocorrelations are zero.

14



If the residuals are close to a white noise all ACF and PACF should be approximately within two
standard error bounds +2 /T
To check the overall acceptability of the residual autocorrelations, the Ljung-Box (1978) test

statistic maybe used:

k
—TT+ZZ LIy
Qr=T( )k—1T_kpk

Here, the pj, is the estimated autocorrelation coefficients of the residuals and k is the number of
lags examined.

For an ARMA(p,q) process the statistic Oy is approximately Chi-squared distributed with
k-p-g-1 degrees of freedom.

Note that the model only makes sense if k>p+q+1

The null hypothesis and alternative hypothesis of Ljung—Box test:
Hy: The data are independently distributed.
H,: The data are not independently distributed.

Forecasting

After we determine the proper model, we can make forecasting based on it.

In Equation window, click ‘Forecast’

=) Equation: UNTITLED Workfile: BA:Ba\ - B8 X

~

].waTPlocTOchd:PnntIName[ﬁcczc:[stlmatc]Forccast]StatsIRes:ds I

Denendent Variahle RETURN

[ Forecast X
Forecast of
Equation: UNTITLED Series: RETURN
Series names Method
Forecast name: | fooand (®) Dynamic forecast
S.E. (optional): ) Static forecast

[ ] structural (ignore ARMA)
(V] Coef uncertainty in S.E. cak

Forecast sample Output
1996m01 2002m 12 v|Forecast graph

(V] Forecast evaluation
MA backcast: | Estimation period v

[v] Insert actuals for out-of-sample observations

OK Cancel

-70+51i

Inverted MA Roots 97 30-931 30+.93i -79+57i

-79-57i

15



Finally, we get the results on forecasting.

Forecast RETURNF

Al RETURN

Forecastsampie: 1596001 2002M12
AdsRcsampR: 1996M07 2002M12
nclcecotsenvamons 78

We will discuss forecasting further in computer lab 3.
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Unit Root Test

In the second part of this session, we will conduct unit root tests by using annual data on the
price/earnings ratio of the S&P Composite Index over the period 1871-2002 (see Verbeek 2004,
p.274).

Data Preparation

1. Please download the file ‘PE.xls’ from DUO, and use EViews to open it.

. 3 s
Click ‘Next
f
Excel 97-2003 Read - Step 1 of 3 x|
Cell Range
(®) Predefined range heet PE
G -
PE tart cell: | $A$1 g
~
OClslnmrange
-
PEISAS1:$E$133 . 4133 1 E
-
EARNINGS g LOGPE A
1871-1 | 4.69166666667) 0.4] 11.7291666667| 2.46207861723
1872-1 | 5.02916666667 0.41628 12.0820820821| 2.49172353544
1873-1 | 4.80166666667] 0.44625 10.7600373483 2.3758390257¢|
1874-1 4.57 0.46] 9.9347826087| 2.29604199441
1875-1 4.4475 0.405833333333] 10.9589322382( 2.39415485325
1876-1 | 4.06083333333] 0.316666666667| 12.8236842105( 2.55129379012
1877-1 | 3.13583333333] 0.290833333333| 10.782234957| 2.37789986839]
1878-1 | 3.38333333333] 0.305416666667| 11.0777626194 2.40493973127
0 2

1879-1 4.1225 0.347916666667| 11.8491017964| 2.47225206694 v

["JRead series by row (transpose incoming data)

2. Give the first column of data a variable name ‘date’. However, the ‘Data type’ is recognized as
the ‘Character’. We should adjust the data type later. Other variables (PRICE, EARNINGS, PE,
and LOGPE) are correctly identified by the EViews.

(
Excel 97-2003 Read - Step 2 of 3 x|
Column headers Column info
- Click in preview to select column for eds
Headerlnes: | 1 A SR =0
Name: | date
Header type: Names only v 2
' Descaription:
Clear Edited Column Info
Text representing NA
=N/A Data type: | Character v
PRICE EARNINGS PE LOGPE
.69166666667 0.4 11.7291666667 2.46207861723 ~
.02916666667 0.4162%] 12.0820820821| 2.49172353544
.B0166666667 0.44628 10.7600373483| 2.37583902576
4.57 0.4 9.9347826087] 2.29604199441
4.4475 0.405833333333] 10.9589322382| 2.39415485325|
.06083333333| 0.316666666667| 12.8236842105 2.55129379012
.13583333333] 0.25083333333 10.782234957| 2.377895986839
.38333333333] 0.305416666667| 11.0777626194| 2.40493973127 .
[T]Rread series by row (transpose incoming data)
Cancel < Back Next > | Finish
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3. Adjust the ‘Structure of the Data to be Imported’. For ‘Basic structure’, we should choose ‘Dated

— regular frequency’. For ‘Frequency’, we should choose ‘Annual’. For ‘Start date’, we should

input ‘1871°.
Import method Structure of the Data to be Imported
ICreahenewworldie "I Basic structure Frequency/date spedfication
[Dated-reo.kfreq.atcy v] Frequency: [Amud v
Import options
| RenameSeries Startdate: | 1871
Frequency Conversion
DATE PRICE EARNINGS PE LOGPE
1871 1871-1 4.691667| 0.400000 11.7291 2.46207 PN
ie72 1872-1 5.029167 0.416250 12.0820 2.49172 l:l
1873 1873-1 4.80166 0.446250 10.76004 2.37583
1874 1874-1 4.57000 0.460000 9.93478 2.29604
1875 1875-1 4.44750 0.40583 10.9589 2.3941%8
1876 1876-1 4.06083 0.31666 12.8236 2.55129%
1877 18771 3.13583 0.29083 10.7822 2.37790
1878 1878-1 3.38333 0.30541 11.0777 2.40494
1879 1879-1 4.12250 0.34791 11.8491 2.47225 v
18480
(o | [ wok | new

4. Generate a new series ‘dlogpe’. Enter following equation:

dlogpe = d(logpe)

1871 2002
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Line Graph
We draw the line graph for the two series — logpe (level) and dlogpe (first difference).

1. Press ‘control’ to select the two series, and right click. Select ‘Open > as Group’.

View | Proc| Object] | save | Freeze  Details /- | show| Fetcn | store | Delete | Genr | sample|

Range: 18712002 — 1320bs Fiter:*
Sample: 18712002 — 132 0bs N
B c Dales
l % date
| dlogpe - N
A camings ___|SOpen »| asGroup |
logpe :
. % poegp Copy CMOC as Equatlon...
:::}g Copy Special... as Factor...
Paste CtrlsV as VAR...
Paste Special... as System...
as Multiple series
Manage Links & Formulae...
Fetch from DB...
Update from DB...
Store to DB...
Export to file...
Rename...
Delete

>\ _re [Newbge I

We will get following ‘Group’ window.

|
1871 | 2462079 NA [ | LA
1872 | 2491724 0.029645 | | '
1873 | 2375839  -0.115885
1874 | 2296042  -0.079797
1875 | 2394155  0.098113
1876 | 2551294  0.157139
| 1877 | 2377900  -0.173394
1878 | 2404940  0.027040
1879 | 2472252 0067312
1880 | 2472348 9.58E-05
1881 | 2603456 0.131108
1882 2608320  0.004864

1883 | 2611343 0.003023
1884 | 2602470  -0.008873
1885 | 2768969  0.166499
1886 | 2875415  0.106446
1887 | 2771535  -0.103880
1888 | 2834175  0.062639
1889 | 2939131 0.104956
1890 | 23884066  -0.055065
1891 | 2763679  -0.120386
1892 | 2745920  -0.017759

1893 2733234 -0.012687 ‘
1894 2 NRA2AR N 2VARN24 \/
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2. In Group window, View > Graph

G
View Name Default v | |Sort | Edit+/- +/- e+/-
Group Members 2
NA ~
Spreadsheet 45 .
Dated Data Table §35
- ta7
| Graph. | 12
Descriptive Stats » |29
Covariance Analysis... 40
N-Way Tabulation... 12 I
5 !
Tests of Equality... = |
Principal Components... l
3 |
Correlogram (1) ... 3 t $ I
Cross Correlation (2) ... | | | |
Long-run Covariance... ["g
Unit Root Test... 9 .
Cointegration Test » 156
Granger Causality... : '
- so7. . | E
1894 2 NRA2AR N 0AN24 vi
sl >

3. Select ‘Basic type’ and ‘Line&Symbol’.

Option Pages o
& Graph Type
. Basic type Graph data: IRMdab vl
@ Frame &Size )
) Axes & Scaling Orientaton: IW-obswmbom v]
- Legend 8 )
@ Graph Elements Bar Axs borders: Im VI
@) Quick Fonts Spike
{ Area Multiple series: | Single graph v
- Templates & Objects Area Band I I

Mixed with Lines

Dot Plot

Error Bar

High-Low (Open-Close)

Scatter

XY Line

XY Area

Pe

Distribution

Quantie - Quantile

Boxplot
Undo Page Edits | ok | | concel |
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4. Finally, we get following graph

Stats | Spec|

4

_1 T T T [T T T T [T T T T [T T T T T [T T T T T T T[T T T TTT TTT T T T T T T T [T T T [ T T T T T T[T T T T T [T

80 90 00 10 20 30 40 50 60 770 80 90 00

—— LOGPE —— DLOGPE

Based on above graph, which series do you think is a stationary process — logpe or dlogpe?

In fact, to examine whether a process is stationary, we should conduct unit root test, such as
Augmented Dickey—Fuller test (ADF), Phillips—Perron test, and Kwiatkowski—Phillips—Schmidt—
Shin tests (KPSS test is a stationarity test).

Augmented Dickey—Fuller test

k
Ay, =0+yy,  +rt+ 2 BAy,_,+¢€  (Equation 1)

Ho: o =0 1i.e. unitroot
Ha.: 9 <0 l.e. stationarity
The choice of a value of k is a specification issue. In general, information criteria like AIC or SBIC

are used to determine a value for k.
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1. Quick > Series Statistics > Unit Root Test

File Edit Object View Proc |Quick | Options Add-ins Window Help

Sample...
Generate Series...
Show ...

p ' Graph ... -
Workfile: PE - (C\USCfg Empty Group (Edit Series) - 8 X ]
[Vlewl P!O(IODJC(‘(HS&VCIFICCZ‘ Series Statistics » Histogram and Stats
Range: 18712002 — 1320t Group Statistics » Correlogram
Sample: 18712002 — 1320t i o=

B c Estimate Equation... Unit Root Test...

@ date Estimate VAR... Variance Ratio Test...

&4 dlogpe . .

A eamings Exponential Smoothing...
A logpe Hodrick-Prescott Filter...
& pe T

3. Test type: Augmented Dickey-Fuller
Test for unit root in: level
Include in test equation: Intercept

Lag length: Automatic selection: Schwarz Info Criterion Maximum lags: 12

Unit Root Test X

Test type

Augmented Dickey-Fuller v
Test for unit rootin Lag length

(@) Level —

= (@) Automatic selection:

() 15t difference e

O ond dfcrencs Schwarz Info Criterion Vv
-

Maximum lags: | 12

Indude in test equation

(®) Intercept

() Trend and intercept — |

)User spedfied: 4
() None C

| oK Cancel

By choosing these options, we will conduct ADF test for ‘logpe’ with up to 12 lags of the
dependent variable (dlogpe). We will include a constant in the test equation. The EViews will use
Schwarz Info Criterion (also known as SBIC or BIC) to determine the optimal lag length (the

value of k in Equation 1 shown above) in the ADF test.
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4. We get following results. The p-value of ADF test is 0.1021 (insignificant). The result cannot
reject the null hypothesis that ‘logpe’ has a unit root. In other words, the ‘logpe’ is non-stationary.
The results window also shows the detailed information on test equation. The optimal

specification based on SBIC does not include the lagged term of dependent variable.

Note: In the ADF test of ‘logpe’, the dependent variable is d(logpe).

View | Proc| Object | Properties | | Print| Name | Freeze f Sample | Genr | Sheet | Graph | Stats | |
Augmented Dickey-Fuller Unit Root Test on LOGPE
Null Hypothesis: LOGPE has a unit root

Exogenous: Constant
Lag Length: 0 (Automatic - based on SIC, maxiag=12)

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -2568963  0.1021
Test critical values: 1% level -3.480818

5% level -2.883579

10% level -2.578601

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

Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOGPE)

Method: Least Squares

Date: 0105/15 Time: 15:20

Sample (adjusted). 1872 2002

Included observations: 131 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.
LOGPE(-1) -0.124521 0.048471 -2568963 00113
C 0.334860 0.127902 2618106 0.0099
R-squared 0.048670 Mean dependent var 0.008716
Adjusted R-squared 0.041295 S.D. dependentvar 0.181506
SE. of regression 0.177719 Akaike info criterion -0.602079
Sum squared resid 4074333 Schwarz criterion -0.558183
Log likelihood 4143616 Hannan-Quinn criter. -0.584242
F-statistic 6.599573 Durbin-Watson stat 1.735417
Prob(F-statistic) 0.011338
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5. We can also use other information criteria to determine the optimal specification. Please check

whether it will lead to different results.

UnitRootTest x|

Test type
Augmented Dickey-Fuller v
Test for unit rootin Lag length
Level ) .
8 S e (®) Automatic selection:
O 2nd difference Schwarz Info Criterion v
Akake Info Criterion
: : Sch-.\.'arz Info Criterion
Indude in test equation Quinn Criterion
(®) Intercept Modified Akake
Modified Schw.
arz
(O Trend and intercept C Modified Hannan-Quinn
(O None t-statstic
oK Cancel

6. We can also specify a test model with given number of lags of dependent variables in the

regression equation.

For example, we construct an ADF equation with 6 lagged terms.

UnitRootTest x|

Test type
Augmented DickeyFuller B
Test for unit root in T,
Level | |
O M dﬁm Sdmaz Info Cnter.on =
Maximum lags: | 12
Inciude in test equaton 2
(®) Intercept
O Trend and intercept -
O MNone (®) User spedified: | 6|
oK [ Cancel ]
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We get following results. The p-value is 0.3668, which cannot reject the null hypothesis of unit
root, confirming that ‘logpe’ is non-stationary. The results also show the detailed information on

test equation.

Augmented Dickey-Fuller Unit Root Test on LOGPE

Null Hypothesis: LOGPE has a unit root
Exogenous: Constant
Lag Length: 6 (Fixed)

t-Statistic Prob.*
Augmented Dickey-Fuller test statistic -1.825316 0.3668
Test critical values: 1% level -3.483312
5% level -2.884665
10% level -2579180
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOGPE)
Method: Least Squares
Date: 01/05/15 Time: 15:21
Sample (adjusted). 1878 2002
Included observations: 125 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
LOGPE(-1) -0.125162 0.068570 -1.825316 0.0705
D(LOGPE(-1)) 0.151893 0.105324 1.442151 0.1519
D(LOGPE(-2)) -0.103754 0.103827 -0.999299 0.3197
D(LOGPE(-3)) 0.044115 0.100050 0.440932 0.6601
D(LOGPE(-4)) -0.139051 0098943 -1.405358 0.1626
D(LOGPE(-5)) 0.000147 0.095827 0.001534 0.9988
D(LOGPE(-6)) 0.070460 0.095687 0.736366 0.4630
C 0.338777 0.179268 1.889780 0.0613
R-squared 0.106674 Mean dependent var 0.009807
Adjusted R-squared 0.053227 S.D.dependentvar 0.183945
SE. ofregression 0.178983 Akaike info criterion 0541194
Sum squared resid 3.748075 Schwarz criterion -0.360182
Log likelihood 4182464 Hannan-Quinn criter. -0.467659
F-statistic 1.995894 Durbin-Watson stat 2.009387
Prob(F-statistic) 0.061333
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7. We repeat the test for ‘dlogpe’ (the first difference of ‘logpe’). We can directly conduct ADF test
for ‘dlogpe’. Alternatively, we can conduct ADF test for ‘logpe’, and choose the option ‘Test for

unit root in: 1st difference’. We will get the same results.

Following table show the results of ADF test for ‘dlogpe’.

View | Proc| Object | Properties | | Print | Name | Freeze | | Sample | Genr | Sheet | Graph | Stats ||
Augmented Dickey-Fuller Unit Root Test on DLOGPE
Null Hypothesis: DLOGPE has a unit root A

Exogenous: Constant
Lag Length: 0 (Automatic - based on SIC, maxiag=12)

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -10.58840  0.0000
Test critical values: 1% level -3.481217

5% level -2.883753

10% level -2.578694

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

Augmented Dickey-Fuller Test Equation
Dependent Vanable: D(DLOGPE)

Method: Least Squares

Date: 01/05/15 Time: 15:30

Sample (adjusted): 1873 2002

Included observations: 130 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.
DLOGPE(-1) -0.934805 0.088286 -10.58840 0.0000
C 0.008033 0.016024 0501322 0.6170
R-squared 0466920 Mean dependent var 0.000553
Adjusted R-squared 0462756 S.D. dependentvar 0.249015
S.E. of regression 0.182521 Akaike info criterion -0.548642
Sum squared resid 4264166 Schwarz criterion -0.504526
Log likelihood 37.66170 Hannan-Quinn criter. -0.530716
F-statistic 112.1142 Durbin-Watson stat 1971193
Prob(F-statistic) 0.000000

The p-value is 0.000 (highly significant), which reject the null hypothesis that ‘dlogpe’ has a unit

root. In other words, ‘dlogpe’ is stationary.

According to above results, level of the series (‘logpe’) is non-stationary, but the first difference of

the series (‘dlogpe’) is stationary. The results suggest that the variable ‘logpe’ is a I(1) process.
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Other Unit Root/Stationarity Tests

In the ‘Unit Root Test” window, we can select different test type, such as Phillips—Perron and KPSS

test show as follows.

Ellott-Rothenberg-Stock Pont-Optimal -
Perron : Varz Info Criterion v
Maximum lags: | 12
Indude in test equation
(®) Intercept
() Trend and intercept
ified: | 4
O (O User spedified |

Test type
Philips-Perron v
Test for unit root in Spectral estimation method
® Level Defaut (Bariettkernel) v
() 1st difference
() 2nd difference e ;
(®) Automatic selection:
Indude in test equation Newey-West Bandwidth v
(® Intercept
(O Trend and intercept
(O None O user spedfied: | 4

oK Cancel
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"Unit Root Test

Test type
Kwiatkowski -Phillps-Schmidt-Shin

Test for unit rootin
o Level
) 1st difference
) 2nd difference

Indude in test equation
®) Intercept
Trend and intercept

Spectral estimation method
Default (Bartiett kernel)

Bandwidth
@) Automatic selection:

Newey-West Bandwidth

() User spedfied:

oK Cancel

v

Please pay attention that the KPSS is a stationarity test that is different from unit root test like ADF

test and Phillips—Perron test. Specifically, the null hypothesis for the KPSS test is that the variable is

stationary.

Note:

In different tests, we always face a question about how to determine the number of lag terms in the
test equation. We can decide the number based on data frequency. For example, we can use 4 and 12
lags for quarterly data and monthly data, respectively. More importantly, we can use information

criteria, such as SBIC and AIC, to choose the optimal specification. The optimal specification should

minimize the value of an information criterion.

Further Exercise

1. Load the data ‘FTSEDATA xIs’ that is on duo. This contains monthly data for the FTSE 100 and

ALL SHARE from 1985.

2. Create logarithms of the two indices, naming them LFTSE100 and LFTALLSH.
3. Plot the series then test for stationarity adding an appropriate number of lags.

4. Create the first difference of LFTSE100 and LFTALLSH and test for stationarity after plotting

the differenced series.
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5. Come to conclusions about the presence of a unit root in the two series.

6. Construct ARMA models for the two series following the Box—Jenkins approach.
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