) Natlort
w of C

Ltbrary
du Canada J

>
%7, Ottawa, Canada
i ; " K1A ON4
ER |
. A
. * o -
N . o g
<, B P
x 77 ' :\
a: B ] L . :
X . :‘i,‘; . .
% “«CANADIAN THESES — .+

e . 2., !
4y - = - ¥ Lo ﬁ v

- | NOTICE

The quality of, thls mvc:otuche is heavily dependent Jdpon the
éuallty of the original thesis submitted for microfilming. Every
= ] effort has been made to ensure the hlgnest quahty of reproduc-

\Qon possmle

If pages are missing, contact the unlversny wmch granted the
. degree B
~ Some pages may have lndIStht print especually it the original
pages weLe | typed with a poor typewriter ribbon oFif the univer-
sity sent*uS‘ an |nfenor ‘photocopy. X F

Prev10usly copyrighted matenals (Journal amcl& pub\SNe\
tests, etc) are not fi lmed

Reproductlon in fult orin part ot this film is governed by the
Canadian Copyright Act, R.S.C. 1970, c. C-30.

R

.
22

THIS DISSERTATION
HAS BEEN MICROFILMED
EXACTLY AS RECEIVED

ety

NL-333(r86/06) " .«

Bibliothéque nationale

.Canadlan T%eses Service .. Serwces des théses canadlennes T C B B

&

THESES CANADIENNES

AVIS

» Laqualité de cette microfiche dépend grandement de la qualité
© de la thése soumise au microfiimage. Nous avons tout fait pour ,
“ assurer une quallté supéneure de reproduction. '

‘il manque des pages, veuillez comr@mquer avec ? untver-

stté qu1 a r‘onféré le 'grade.

- La qualité d’impression de certaines pages peut laisser A

désirer, surtout si les pages originales ont été dactyiographiées
& raide d'un ruban usé ou si I'université nous a fait parvenir
une photocople de quahté inférieure. A

Les documents qw tont dé,]é fobjet d'un'droit d'auteur (article's'l

de revue, examens publiés, etc.) ne sont pas microfilmés.

<

La reproduction, méme partielle, de.ce mtcro_ft’lm esf soumise .
3 la Loi canadienne sur le droit d'auteur, SRC 1970, ¢. C-30. .

LA THESE A ETE
MICROFILMEE TELLE QUE
NOUS L'AVONS REGUE

Canada



REGRESSION ANALYSIS PROCEDURES WITH HIGHER ORDER

MOVING AVERAGE ERRORS

Askar Hassan Choudhury
B. Sc. (Héns}), Jahangirnagar University, 1974
M. Sc., Jahangirnagar UnivérSity,ﬂ1975
L :
s
A THESIS SUBMITTED IN PARTIAL FULFILLMENT OF
THE REQQIREME&TS F‘ THE bEGREE OF - -
MASTER OF SCIENCE
in the Depgftment

of

Mathematics and Statistics

© AskaL Héssan Choudhury 1985
SIMON FRASER UNIVERSITY

July, 1985

¢ 3

All rights reserved. This thesis may not be
reproduced in whole or in part, by photocopy
or other means, without permission of the author.

&7
Mo
.

4

s
g



<
.

/f/
A

Permission has been granted.
“to theé National Library of
Canada to microfilm this
thesis and to lend or sell
copies of the film.

The author (copyright owner)
has reserved other
publication rights&,s and
neither the thesils nor
extensive extracts from it
may be printed or otherwise
reproduced without his/her
written permission.

‘

ISBN 6-315-30800-1

e

-

L'autorisation a &t& accordé&e
a la Biblioth&que nationale
du Canada de microfilmer
cette thése et de préter ou
de vendre des exemplaires du
film. -

ot . =

L'auteur (titulaire du droit
d'auteur) se ré&serve les
autres droits de gublication;

ni la th&se ni 'de longs
extraits de <celle-ci ne
‘doivent &tre imprimé&s ou

autrement reproduits sans “son
autorisation @&grite.




\ — o
s e .
ﬁ }/ :
- T . L
e B 4 )
-:é -t 1 "’ﬁ
C e ' APPROVAL
Name: Askar Choudhury'i -
. - » - »:1"‘."]
Degrees . Master of Science \
I, A TsT 3 .-
Title of Thesis: Régression Analysis ProceduresAwith Higher Order
Moving Average Errors.
Examining Committee: .
Chairman: A.R. Freedman
- D.M. Eaves o
-, - Senior Supervisor
. R.A. Lockhart
—
- x TR
T villegl ‘
r * 7
S K.L. Weldon.
External Examiner
-4

Date abproved:

(ii) )

July 12, 1985

'
N f{A
#
B . E
N
i
% i ’
[
-
R}
-
’ [
.
N \
o t
.,
R
o
A
) [
=
-
3



) '4".:’
F L §.
- ' \\ 5
¥ ] Yoo R~ “ -
A PR
Yi, - & 3 ‘ o
. B : i _ .
B Wi ‘ s PARTIAL COPYRIGHT LICENSE
NI ‘ ; e .
w‘g - o #y
‘ Fi 'yt
FEN rzf € ,
e N PR T ; \ '
4 . ) T : » . I

e :
| hereby grant to Simon Fraser Unive}sJTy the thhf Tp fend

my Thesis,4projecf or- extended essay (the title of which l; howh bprow)

" to users of the Simon Fraser University Library, and to make par4|al or

single copies only for such users or. in response to a request frqm fh?;‘-;

tibrary of any other uhiversify, or other educational insTiTuTioﬁ, on”.

g

its own behal f or for one of its users. | further agree that peAmussron
for mulT:pIe copylng of this work ﬁor scholarly purposes may be granTed
‘by me or the Dién of Gradugfe STud|ps lf is understood ‘that copying

—

or pubIIcaTlon ‘of this work for f'ranrlal galn shall not be al!owed

without my wruffen*%ermis ion. o “

2

—

3

S . - b &
Title of Thesis/Project/Extended Essay
REGRESSION ANALYSIS PROCEDURES WITH HIGHER ORDER
r = - —-
MOVING AVERAGE ER®ORS.: , ' : . “//
- I8
- : ¥
' ) A s
En T <5 o O A
: & - I {
 Author: ‘ 4 .
(signature) : " 1
) . < - 7y

.Askar Hassan Cﬁoudhdry

(name)é

October 28, 1985. ' ?

v

(date)



= ABSTRACT .
\ ' .

REGRESSION ANALYS!S PROCEDURES WITH HIGHER ORDER

\

- MOVING AVERAGE ERRORS

An e‘asily implemented‘exact transformation is preé‘ented to transform the
generahzed regression problem with movihg average errors; the transformed
vartables are used in Generalized Least Squares and Maxm«m Likelihood estvmatlon
The MacDonald and MacK’rnnon Procedure is extended for higher order movnng average
process from tne first order A simulation exper:mentijonducted to observe the
perfo_rmance of three differentr procedures:.a) General Procedure b) MacDonald &
MacKinnon Procedure c) Phillips Precedure. in small samples, it is suggested that
the General Procedure perforrns better. An ef'ficient way to obtain therexact
‘covariance determinant occurring in the likelihood function is presented.
An extension to higher order of Park and Heikes’s Medified Approximate (MAPX)

P ! .
transformation for first order moving average process is derived. The relative
effjiciency of the regression coefficient estimate using this transformation to
tha;“:{itsing the exact(GLS) transformation and also to Ordinary Least Squares(OLS) |s
obtained numerically. The results suggested that MAP X performs as well as the exact
transforrnation for‘a certain "range of moving a'verage parameters, depending on.

the sample size.
A

¥
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CHAPTER 1

INTRODUCTTION
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by

. L : o . - ERE
B . ~3 . - X &g,»t. »
This thesis reports on the generalized regre551on problema

- ‘d’!

w1th mov1ng average errors and the estimation of regression .

qpeff1c1ents in the presence qi-hrgher order moving average .

errors. . s : ’

In Chapterha an easily implemented exact‘transformation_f,
procedure is suggested, which can be used for both GLS and

Max1mum leellhood A simulation experlment which demonstrates

' the efféctiveness of the suggested transformatlon procedure

R
called General Procedure (GNL) is pgesented Another procedure

2

suggested byﬂMacDonald and MacKinnon(MM) (1985) is extended for'

h1gher order. moving aver;ge process. The 51mulatlon experlment
conducted 1ncludes three alfferent transformatlon procedures,%
a)General procedure(GNL) b)MacDonald and. MacK1nnon* .
Procedure(MM) and c)Phillips Procedur&&PHL) We also discuss the
Univariate Time Serles aﬁaly51s (Boijenklns approach), which we
have used in our regression error process,

- For Manimum Likelihood therdeterminant can be obtained as a

by-product of GNL procedure, while this is not possible for the
s

other two procedures (discussed in Chapter 2). In Chapter 3 we

also have suggested an eff1c1ent and 51mple way" to"obtaﬁh ‘the

exact determlnant for the covarlance matrlx, whlch can be used
in the Max1mum Likelihood estlmatlon for all three procedures,

specifically»for MM and PHL,

i

o ¥
¥

¥
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While exact transformation needs much more effort than the

approximate transformation, for large samples approximate

transformatlons can be used instead of exact transformatlons.

, In Chapter 4 we have d1scussed various kinds of transformatlon,

A ,,.\. -

for 1st order moving average process. We have extended the
Mod1f1ed Approx1mate transformatlon (MAPX) procedure, to apply
to higher order mov1ng average processes, suggested by Park and
Heikes, (1933).‘We have computed numerically the relative
efficiencies ofaﬁgpx to GLS and OLS to see its effectiveness for

a certain range of moving average parameters.

o
}

"
gleny

-

Mo h -



CHAP T E R 2

EXACT ESTIMATOR FOR THE HIGHER ORDER MOVING AVERAGE
REGRESSION ERRORS '

PROCESS

IN



2.1  General Problem

It has become an incréasidg practice to use 'Univa;iate
Time Series' analysis combined with 'Econometric' pfoblems. In
our conventionél regression model, sometimes called Ordinary
Least Squares (OLS), one of the assumptions about regression
error is that, the variance-covarian;é matrix is ozln, which
implies thatbthe error variance 1s homoscedastic and there arc
no correlations between the errors themselves. But problems |
arise when this assumption breaks down, e.g., if the
homoscedastic property remain and the other one breaks down,

which usually happens in Time- Series problems. We then have a

covariance matrix of regression error of the form 02,

T e

is assumed to be known or at least could be éstimated.‘ifigg'
kﬁown then we can perform the Generalized Least Squares (GLS}»
which has the same properties as OLS.

In practice © is unknown and some kind of restrictivg
assumptions are made about its structure and since we have to
estimate @ ( where estimated Q will be denoted aé V ), we would
no longer have the propertie; of GLS. This would lead us to the
Estimated Generalized Least Squar (EGLS) method. Like GLS, EGLS
1s élso performed in th stages, .using OLS in both the stages,
only with the exception that estimafed valﬁes of the parameters
are used instead of true value of the parameters. Since i; is
not, 1in general, an easy task to find the finite sample

properties of EGLS estimators, we can use the Monte Carlo



experiment and since i§ ls, by its nature, model specific and
also depends on gata sets, the findings can not be'generalized,
but we will have some iﬁsighes about the efficiencies of the
EGLS estimators. When a-specific assumption about the
distribution of the regression error is made, the Maximum
Likelihood (ML) method of estimation becomes an alternative to
EGLS and the parameters are estimated by maximizing the

~

likelihood function.

2.2 Box-Jenkins Approach

If the above mentjoned problem arisesf i.e., 1f  is not as+ o
diagonal matrix, we have to classify the error generating
process and it can be done by using Box-Jenkins approach. We
will restrict our discussion to the stationa;y process, since,
grven«stationarﬁty, any series can be well-approximated by
either‘a moving averageﬁgeutoregressive or mixture of both (see

Granger, 1980, p.60).

2.2.1 Stationarity

One of our assumptions is that the underlying stochastic
process, 1in our case the regression error vector, is stationary.
1f the covariance characteristics of the stochastic process
change over time, the process is nonstationary; on the other
hand, if it is fixed it is stationary. A stationary stochastic

process can be classified into,



’

a) Strictly Stationary

b) Weakly Stationary

~a) Strictly Stationary Process: ' o

A process is 3aid to be strictly stationary if its
distributional properties are unaffected by change of time
origih, i.e., 1f the joint probality distribution of the
observations, say Upg Upp eveeereces Upp at a set of different

time points t1,t2,....4.0....,tn is invariant with respect to

displacement of time.

b) Weakly Stationary Process:

A stochéstic process is said to be weakly stationary if the
moments up to some order k depends only on time differences but
not on time‘origin. Therefore, if the series (process) is
statiohary with respect to mean and covariance, we call it
weakly stationary of second order. This kind of weak stationary
along with pormélity aésumption makes 1t strictly stationary -

(see Box and Jenkins, 1970, 'p.30).



2.2.2 Test for Stationarity

<
£

Therefore, before proceeding to data analysis we need to
check wggpher the data to be analysed are stationary or not. .
Box-Jenkins and others suggested plotting the observatiohq
against time and looking whether there is any evident trend in
mean or trend in variance, and also plottiﬁg the:autocorrelation
function (ACF). If the ACF for different lags does not die ocut

quickly, i.e., i{fthey are almost .1, then it is an indication

p‘«

~that the process is nonstationary; otherwise, it is stationary.
Recently, an approach to stationarity testing has been'given by
Ali and Thalheimar(1983,pp.249-257). Dasically, they developed
four test-statistics for four different distributions: normal,
logistic, double eﬁpéﬁ;ntial, and Cauchy. They showed if the
test-statistics are\insignificant then the series may be
considered stationary. This method is nof widely practiced,

which may be due to unavailability of the program.

2,2,3 Stationarity Condition
If an AR(p) process,
pYt-p © “t
or, (1-¢ p-¢,8°- -6 BPu. = o(Blu, =
r 1 Q ® o 2 0 0 0 p t \t t

Up = 80U F0,U ot el * B

is to be stationary, it must satisfy the condition that roots of

the characteristic equation (Box and Jenkins, 1976,pp.53-54)



¢(B) =0 (2.1)
should lie outside the unit circle,
i.e., the solutions 61, ﬁz, ceeney Bp to eqn. (2.1)‘must all be
greater than 1 in magnitude. Specifically, for AR(1) process,
the equation (2.1) becomes,

1 - ¢1ﬁ = 0.
So that the solution should sétisfy,

1
>

Iﬁl =
|¢1]

which implies that, |¢ | < 1
2.2.4 Invertibility Condition .

Analogous to the stationarity condition for autoregressive

process, if an MA(qg) process,

1-9 = e e -

u,=e ‘916 2€t->

t 't t-
is to be invertible, it must satisfy the condition, that the

roots of the characteristic equation,

= - - 2 _ - q _
6(B)=1 - 06,8~ 06,8 eq‘ﬁ =0 (2.2)

must lie outside the unit circle,
i.e., the solutions,ﬁ1, Bor wunes ’Bq to egqn. (2.2) must all be

o
greater than one (see Box-Jenkins, 1976, pp. 50-51).



18] =

10

o A

For MA(1) process,
1-66=0
Therefore,

M
>1

16, |

11

~ which implies that [6.,] < 1 .~

2.3 gﬁgdel Building Strategy

In model building strategy of univariate time series, Box
and Jenkins (1976,pp.17-18) suggested selecting a model which
has smaller number of parameters, which they called a

parsimonious model. They actually proposed an iterative

.procedure in model selection which includeg the following

staées. ‘ o ey
1. Idehtification of the model 2
2. Estimation of the parameters

3.‘Diagnostic checking

2.3.1 Identificafion Problem

Box & Jenkins suggested identification of a preljminary
model in this stage using ACF and PACF (partial autocorrelation
function) pattern. The reason for using ACF and PACF are
discussed below,

The MA(g) process can be defined as one of the form

-0 €

u = e -9 e -1-92 t—2 - " 0 0 9 q t_q

t t 1t



11

where, e  are white noise (WN) with mean zero and constant

variance o? and also zero covariances.

Tﬁerefore,'E(ut) =0 , ' R
_ 2, _ 2 2., 2, "o, 2
Var(ut) = E[ut ] = 0(146,746,7+ . +9q )
-

COV(UtUtf1) = E[Utut4i] R
= E[(et-91et_1- ..... —qut_ )(et_1-91et_2f ..... —qut_q_1)

20 _
- oT[=6,46,6,+ ... +9q_19q] ('-3

- S
/\”‘“€?V(Utut-2) = E [uu _,]

= E[(e 76,6 1= «ovns _eqetiq)(et—2—91et-3— ..... eqet-q-Z)
- ,2r-
= 0°[-6,%+6,05% ... +eq_2eq}

and so on.
Therefore, the autocorrelation function can be written as,

-6, +6,6

ko, k+1+ ..... +9q_k9q ‘ /}

which implies that if the process is a moving average then we

will have cuts-off in correlogram (plots of ACF) for the



b

12

autocorrelation with lag greater than g, the order of MA
process.

Similarly, the AR process can be defined as one satisfying

Utv= ¢1Ut—1+¢2ut—2+ ..... +?putrp+et . —
50 t;:hat\-yo = V(ﬁ%)?‘if:f E[ut‘z] .
"= E[ut(¢1 t_1f52ut_2+ ..... +¢pu£_p+et]
= 97t e, +¢p7p+02 |
where, r Yor e g are fhe autocovariances with
. lag(1), lag(2), ..... ,lag(p) and ¢1,¢2, ..... '¢p are the

autoregressive parameters.

g-1Y¢)

=E[(ut_1(¢1ut;1+¢2ut_2+ cea.. o U 1 +et)]

Y= Cov(u

Y =¢17

D +¢27p_2+ ..... +¢p70

p-1

and for k > p

Rl R R P S R té
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Therefore, the. autocorrelation funttions for AR(p) process
becomes (known as Yule-Walker eguations),

01=91%0,0 % ceiet YO0, .

Pr=@,p to,% """+¢ppp-2

pp=¢1 pp-1+¢2pp_2+ “s o0 +¢p

and for k > p

pk;¢1pk-1+¢2pk‘2+ ceees +¢ppk-p ’

which implies that unlike MA process AR‘proceSS does not have
cuts-off in 'ACF for k > p. Therefore, we can conclude that if
the ACF cuts off after a certain point the pfdcess can be
thought of as an MA process. But, if it does not cut-off, rather
dieing out slowly, it can be thought of as an AR process. More
confirmation can be drawn from PACF.

Box and Jenkins suggested that the partial autocorrelation
can be approximated by Yule-Walker estimates of the successive
autoregressive process. This is discﬁssed in detail by Pindyck
and Rubinfield (1S81,pr.524-526). For the pth order .
autoregressive process PACF has a cut-off after lag p. Box and
3g;kins’(1976,p.70) also show that for MA process PACF does not
cut-off‘after lag q, rather dieing out §lowly, as .opposite to AR

i

__process.



Since we do not know the auﬁocorrelation and partial
autocorrelation in practice, we have to estimate them from the
observation. But the estimated autocorrelation and partial
autocorrelation will not necessarily be exactly zero. Rather, it
will be approximately zero for k > g or p for MA process or AR
_process respectively. |

Therefore we need to find the standard error of .
autocorrelation and parfial autocorrelation estimates. Using
Bartlett's approximation (see Box and Jenkins, 1976,pp.34-35)
+the variange of Ty i;pich is the estimated autocorrelation

/ y .

for p,) is, )

g
Var(rk) =142 Z piz]/n, k > g.

i=1

For the autoregressive process we can use the result from
Quenouille(see Box and Jenkins, 1976,p.65), fhat'the variance of
~ partial autocorrelation coefficient for lag period greater than
the order p of the process can be approximated as,

Var[akk] = 1/n, k > p
where n is the number of observations.

Recently, some other methods were proposed for |
identificationiof the modeL.'One of them is Corner method
proposed by Begﬁ&n,'Gourierouse and Monfort (1980,pp.423—436)v,5

: C T
and another one is proposed by Pukkila (1982,pp.81-103). He

-



' suggested thét, since, specifically for mixed model it is
difficult to get an idea about the order of the proqéss using
ACF and PACF, one should estimate the parsimonious models

~ARMA(p,q) beginning with one(paraﬁeter model (either p=1, or

v ‘ i N _
g=1) and test whether the parameters a?éksignificantly different
from zero and also test whether the estimated residuals -behaves

like white noise and %éavhﬁ>of the above tests fails for all

possible low order models, then proceed for higher order model.
Thus, the models that could be checked are ARMA{(0,1), ARMA(1,0),
ARMA(1;1), ARMA(0,2) and so on. This seems to us to be /
reasonable, beé?use, as Box-Jenkins and other authors agree, the
models we have in practice have a small number of parameters.
Since we have computer packages available to estimafe theA
parameters quickly, we can use this technique too..

After tentatively identifying a model we can proceed to the

next stage.
2.3.2 Estimation problem

Among the estimation methods freqguently used for univariate
time series analysis are the method of moments; the method of
back forecasting, the method of least squares and the method of
maximum likelihood(ML), The method of moments estimate for the

first order moving average process is,

-1 1V1_4r1
2r,




JS& A
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where,}'1 is the éstimatedaautoéor;elation coefficient of_lag 1.
From the above we see that there are two possible solutions, but
6nly one of them will satisfy fhé invértibility condition. Box
and Jenkins (1976,p.188) show that only one of the multiple
moment solutions fof*;ny M2 order yill satisfy the invertibiiity
condition, Accordiﬁg)ggfdudge, éﬁl al. (1980,p.198) these ‘
esfimates‘are inefficient relative to the Nonlinear Least Sguare
(NLS) estimator. Most authors suggestlusing NLS or ML and ‘to do
this we need an initial estimate of the parameters.

Box-Jenkins suggest using the %s;imate obtained by the

method of moments as an initial value of the parameters for NLS
. 1. .

or ML,
We can obtain the preliminary estimates for AR process by.
solving the Yule-Walker equations discussed previously.

"Specifically, for AR(2) process these estimates are,

r%("—rz) .

¢, = i
1-1‘12 “,n -
r,-r,?
¢, =
1"1‘12
In this paper, we will focus our attention upon the MA
L .
process.

A great’deal of discussiop has been given on nonlinear
estimation techniqgue in Box and Jenkins (1976,pp.231-242). Most
of the computer packages use nonlinear least sguares and not the
maximum?likelihopd, because of the cdmplexity in estimating the

determinant of the covariance matrix for MA process.

&
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*

Box and Jenkins (1976,p.213) sqégééféd an approximation to
the ML method by disregarding the déterminant, bécause the
deterﬁinént || is dominated by the exponent of the likelihood
function. Mcleod(1977, pp.531-534) proposed aAmethodvby
substituting an approximation of the determinant term in the
likelihood function, ciaiming a closer approxjmétion to the
exact ML estimator. Osbogn (1976,pp.75-87) uses the techniqué to
caléulate the exact covariance determinant mentioned By Box and

e
Jenkins(1970,pp.270-272): |Q|=|R"R|, where, R is a matr?x of
order (n+g)xg, so that R’R fﬁﬂbf order gxg and R can be
calculated recufsiveiy. ff n is big enough this technique might
make problems in computer space and time in'ﬁofmiﬁﬁ“ihe R matrix
recursively and also in multiplication ofrﬁhem. As a
modification of this we will introduce a more efficient method
to obtain the exact covariance determinant.

Another approach waSygiven by Phadke and Kedem
(1978,pp.511-519) for the moving average process. They get the
transformation matrix by decomposing the covariance matrix
using the Cholesky decomposition and they also use the
decomposed matrix to get»the determinant. Later it was extended
for ARMA model by Craig(1979,pp.59-65). Both of them use a
library aigorithm to decompose .

In this paper later, we will show how the determinant can

be easily obtained from the transformation procedure (used in

Chapter 2 for GNL) without any further effort. .._.-—
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2.3;3 Diagnostic Checking

In this stage we test the model which we chose centatively,
as to whether it éppears to agree with the data.

The best way to investigate the adeqﬁacy of model fitting,
is to observe its performance outside the sample period. That
is, the whole sample is divided into two sets, one set is used
for estimating the model and the other set is to check how well
the model fits. But, most of the time insufficient amount<of
data prevents us from dojng this. So, we use the same set of
data for .both the purposes.

Among the tests, we check whether the estimated parameters
are significantly different from zero or not. Then we go for
residuals checking, which should be WN, that is, to see that the
residuals are as a whole uncorrelated among themselves. One of
the test statistics suggested by Box and Pierce (1970) is,

m 2 ]
Q1(r) =nZ r, o
k=1

where,

. t=1 ‘
and they showed that this statistic is asymptotically

distributed as x2 with (m - p - q) d.f., where, p and g are the
order of the AR and MA process respectively and m is the highest
‘lag period for autocorrelation (i.e., the time displacement are

1,2,....,m) considered.
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Later, Ljuny and Box (1978,pp.297-303) conclude that the

test statistic,

has better statistical properties than the above.

Pukkila (1982,pp.81-103) said that the above two statistics
are not sensitive to slight departures from WN for reasonable
sémple size, thus, he proposed another test statistic underknull

hypothesis of WN,
}2

Ir =8y ) *E(3y )

m
Q3(r) = f

Var(rk—akk)

where, akk is the estimated partial autocorrelation at lag k and

m=2y'n, which he says reasonable for 50 < n 5100. But, most
computer packages qsé the Box-Pierce test for its simplicity.
Box and Jenkins also suggested overfitting the model, i.e.,
after identifyi;g a model one has to select some’other model
around the 1dentified one. If two models are identified to be

selected then choose the one which has the smaller number of

parameters,



2.4 Regression Equation with Moving Average Errors:

It can be observed -that, recentlyblconsiderable attention
has been given to the regression model with ARMA errors. Though
the error process can be any of the three processes mentionegkﬁi
before, most researchers in practice assume the process to be -
autoregress{ve and most of the time a conclusion is drawn using
the Durbin-Watson(DW) statistié proposed by Durbin and
Watson(1950,1951). It is to be mentioned that the DW-statistic
is not valid for the error process 6thef than AR(1); see
Koﬁtsoy{annis(1977,pp.212,216). Harvey (1981,p.209-210) also
expressed the same view. Therefore the DW-statistic is sometimes
misleading. In the case where the lag dependent variable appears:
as an independent variable, Durbin(1970) suggested another
test-statistic. Wallis (1972) developed a test-statistic for the
seasonal fourth order autocorrelation in the error term of é
regression equation etimated from quarterly data, generalizing
the DW-statistic. Since most computer packages provide a tgsé
and estimation technique for Ehe AR(1) process, most researchers
-assume that the underlying process of regression error 1is AR(1),
as mentioned by Harvey(1981,p.189), though there istno reason
why the other processes should not be entertained egually. Under
these circumstances, researchers became interested in exploring
-the otheT areas and scme related works are Phillips(1966),
Aigner(1971), ?agén(!973), Pierce(1971), Pagan(1974),

" Nicholls,Pagan and Terrel(1975) and Pagan & Nicholls(1976).
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The model we considered for this paper is the regression

model with MA errors. Until recently, little work have been done

on higher order MA process. Almost all the Monte Carlo or

similar kinds of numerical comparisons were done on the MA(1)

process. We will attempt a Monte Carlo comparison‘for three

different procedures discussed below for the MA(2) process.

Most of the time transformations developed for MA(1) are

difficult, sometimés impossible to generalize for higher order;

e.g., Balestra(1980), Pesaran(1973), which is also mentioned by

Judge(1980,p.196). But the transformation we are proposing in

this paper does not need the inversion of a matrix nor even the

transformation matrix and can easily be implemented for higher

order MA process.

Let us

Where,

Regression Model

consider d-.regression model,

X + U
(2.3)
Y is a response vector of dimension nx!1
¥ 1s a nonstochastic design matrix of dimension nxk
with rank k, kK < n V
U 1s a random vector of dimension nx1 1\\

f 1s a parameter vector of dimension kx1
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and assume the disturbance term U follows a second order moving

average process,

Ut=et—91€tf1-92§t-2 (2.4)
The random variable €t s assumed to be independent with zero
mean and constant variakce, i.e., E(et) = 0, Var(et) = 02.

Therefcre, the random y@ctor up is .thus characterized by,
/

2

E(u,) = 0 and gyut u ') = 0" Q.

t
2 is a five—diagonai matrix, with 1+912+922 in the main

diagonal, —91(1—92) in the second diagonal above and below the

main diagnnal and -6, in the third diagonal above and below the

. second diagonal. This follows since,

2 2 2, 2
E(ut Ut)= E(ut )= (1+6, +6, ) o
E(ut U, )= E[(et—91et 1 -926t_2)(et_1°91 €, 2-92et_3)]
= -6, Ele,_ )% 46,6, E(e,_)2 + 0+ 0 +
1 t_1 1 2 t-2 ........
_ 2 . 2 . . L
= —610 +9192 0c”, (since e, is homoscedastic),
_ _ 2
= 91(1 82)0
E(u, u )= -8 02
t t-2 2
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E(u, u

E(u, u_-_)=0

2.5 Different Procedures' for Transformation

| It is Qell known that an analytical expression for the
transformation to transform the generalized regression problem
into a simple(OLS) regression problem is generally available for
the regression model with autoregressive disturbances. See J.

" and Fuller (1976,p.423) for this

Wise (1955)? for @
transformation. However, an analytical expression for such a
transformation in the case of a regression model wiﬁh moving
average disturbances is availahle only for the first order,
i.e., for MA(1) disturbances Balestra (1980). Pesaran (1973)
also found the transformation matriz for the first order moving
average process, and that involves more complexity.than
‘Balestra's method. Both the above procedures have a limitation

in the sense that they are not readily extended for higher order

MA process,

'By different procedures we mean the different ways of
transformation of a generalized regression problem into a simple
regression problem; in other words, the procedure is a way of -~
writing down the model equations (2.3) and (2.4) so that the
resulting model becomes an OLS problem.

¢
“This inverse matrix is also given in Kendall, Stuart and
0rd(1983,p.543)
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The estimation of regression’coefficients when the
regression model has moving average process disturbances can be
handled in several ways. We will discuss the following three
procedurés: : .

a) General Procedure

b) MacDonald and MzcKinaon Procedure

c) Phillips Procedure
2.5.1 General Procedure

To retain the BLUE (Best Linear Unbiased Estimate)
properties of regression coefficient with white noise error, we
need to transform the original observations so that the
regression residuals after transformation becomes white noise
(W.N.).

Let T be & non-singular matrix such that,
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The transformed model is then,
TY = TX3 + TU

and the covariance matrix of transformed residual 1is,

N E[TU(TU) ] = &(TUU T ]
=T E(UU") T’
=T 029 T

=g° TQT’

- The Ordinary Least 5quare (OLS) estimate of regression

co-efficient on transformed observation is,

B = [(TX)’(TX)] * (TX)’TY
= [x'rrrx]” ! oxeely
=[x 'x17" %oy o

)\‘

\a\; ] .‘ )
p called OLS estimate (see Goldberger{ 1963, p.232-234).

2.5.1.1 Transformation Matrix
To get the transformation matrix we can proceed as follows:
There exists a uniguely defined positive upper triangular

matrix S (i.e.,upper triangular with positive diagonal elements)
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such that, §°S = @
or, s = (s) '@

Since, @ is a (2g+1)~diagonal symmetric band matfix, S is
an upper triangular matrix with non-zero elements in the main
diagonal and alsokthe g diagonals immediately above the main
diagonal are non-zero and all other elements are zero;\S’ is a
similar kind of lower t:iiangular matrix and therefone, (s)” ! is
also a lower triangular matrix.
From the félationship,

_1 Q

S = (87)
assumingAwe have S and @, we can solve recursively for the
elements of the matrix (S')—1, which is our requi}ed
transformation matrix,

Again-we know that, S S—t = I, therefore, solvingffor the
elements of 5—1 from the equation system we could get the
transformation matrix, which would be more efficient than the
above computation. However, we did not use either of these two
trensformation matrices in the simulation experiment, because

the recursive transformation (described below) is simpler and

easier to implement.

2.5.1.2 Transformation in Recursive Form
The transformation in a recursive way is so simple that it
avoids the inversion of € and even the transformation matrix.

‘Then all we need to obtain ¢vQ which we denote as S, are the
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valués Sij' For practical purp2§és the transformation can be

b

shown in simple recursive way &% below;

Yo=Y, /sy,
Y2 = (Y2 -
Y3 = (Y3 -
Y4 = (Y4 -
Y5 = (Y5 -
Yq+1 =(Yq+1 -5
Yn =(Yn -

515 ¥4)/5,

r et

Sp3 ¥, 7 813 ¥,) /835

S34 Y3 7 Spq Yy 7 5,4 ¥ ) /5,

Sy5 Y

g~ °

35

Y3 - 5,5 Y,
g+l Tg-1 e
Sn-2,n Yn—2

“S1g5 Y1) /sg5

where, Y and Y are the transformed and original observations

respectively; q is the order of MA process and n is the number

of observations. Similarly, we can get the transformed variable

for each column of the X-matrix.

o

The square‘root matrix S of @ could easily be obtained from

the relationship ,

Q@ = S’S

inc Q..
S e, i3

and Q.. =
1]

we have,

S

11

1

S

1

13

y 1<)
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S.. = ‘/(Q.. - z Skiiv). P 102 1

i 5 i3 ki , 1 >1 and j > 1

Sij =0, 1> 1 and j > i+q, where q is the-grder of MA process.

Specifically, for MA(2) the Sij's are,

Siy = Va8, =1
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In particular, for second order moving average process the

recursive transformatign can be shown as follows:

Y,=Y,/8,,

,i =3,4,5,......,0N.

One can use a lib?aﬂy subroutine to calculate the elements

J
as we observe from the above algebra, a self contained program

of Si' (squarerroot matrix of @) to get the transformation. But
i3 -

can be written to gef the transformation without using library

subroutine and-the computer program is given in Appendix H.1 for

transformation in the case of MA(2) process. The above model

equations may then be analysed as described in Section 2.6.1.

MacDonald and MacKinnon(.1985) propose a very simple‘

2.5.2 MacDonald & MacKinnon Procedure

procedure to deal with MA(1) residuals in regression equation by
e

GLS .

Without using the matrix M for transformation in Osborn's

) . +
paper (1978) for univariate time series model, which is tedious
L -

to form and also needs computer space, one can use the recursive
form of transformation, as MacDonald and MacKinnon did in their
paper for MA(1) and we will extend MacDonald‘gnd Mackinnon

procedure for higher order MA process.
» d
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.

The model to be considered here is same as previous one,

t t

“%
¢

Y, = X p +U N T (2.8)

N e .

where, U, =€ -6 ¢ -Gzet_z—‘:...fcre €

“
t "t "1t 2.6)

-

We can combine the above two equations' into v = XB + Z'n + €;
with some algebra cone can verify that this fepresents (2.5) and
(2.6) when the transformed variables ¥, X and Z are defined and

calculated recursively as follows:

Y, o= ¥ 40, Y, 40T, ot ..., PR {

t 2 g t-g
X, = Xx_+6.X +6.,X Forenn +6 X .
t t T1Tt- 27ts2 - ,9 t:q
Zt = eZt_1 , where,
(_):F 6, 1 0 0 ...... 0
92 0 1 0 ... 0
93 0 0 | [ 0
eq_1 0 0. 0 .eve. 1
6 0 0 0 ceveeen 0
aq
: | 4 axg
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r 7 , ¢
= 6 I
g-1
. . A
a
where, Gq_1 15 a colump vector of 61 ) qz 63 ....... Gq-1’

I is a identity matrix of order (g-1)x(g-1), 6q is a scalar and

'0' is a row vector of zeroes of (g-1) elements;

- - - .

Zo= -1 n= €p
0

gx1 6 (gx1)|e

YO; Y_1, e Y—q+1 and XO’X~1’ ...... ,X_q+1

In particular for MA(2) process the above procedure can be

being zeroes.

described as below,
The model 1is,

Ve KBt Uy

U, = (n B¢

£= " 91et-1_ 2€r-2 and the combination of the above two
equations is,
Y =X +7'n + ¢

where,
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Ry = B %60 X *0,%
I, = 8T,
YO = Y__TA':O
XO = X__1=O N h
Zo= =1 .M €0 6= 6. 1
0 €. 92 0

These model equations may then be analysed as described in
" Section 2.6.2.
2.5.3 Phillips Procedure
This procedure was first introduced by Phillips(1966) and

applied by Trivedi(1970), further studied by Pagan & Nicholls

(1976).
The regressi?n error u,, which follows MA process,
Ut=et-61et_1-926t_2- ..... —qut_q

can be written as,

U=Me-N%¥¢
- = ]
where, U [u1 Uy Uz wvenns u
€ =[e1 €5 63 ...... € ] -
€ ={e. ¢ € m veeeas € ]
o0 -1 "-2 -g+1



= 10 0 0 ...... 0 0
(nxn) -6, 1 0 0 vevnnn 0 0
=6, -6, 1 0 eevunn 0 0
-6
q
0
0 tevenenn -Gq . -6, 1
M= 6. 92 93 ..... eq_1 6g
nxqg 92 '03 04 ..... eq 0
6
q
0 ittt 0
0 ittt e i i 0
Pagan and Nicholls establish a theorem,
el
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that minimizing

€e+€ € with respect to B, 6 and € is equivalent to minimizing

U’Q_1U with respect to § and 6, therefore NLS or ML can be

applied by calculating the errors in the sum of squares e e+e€’

recursively as follows:

€



€-g+1 = f-g+1
f_] = 5_1
€qg = ?0

q
€, = Y 7X, g+ Z Gj
j=1
t-1
€p = YiTX, g+ ZZ 8
j=1
q
€, = yt-xt g+ Z 8

35

€ ‘. , t=g*1, g+*2, .... , n

To calculate the above residuals one needs to have starting

values for the vector «.

One possibility is to set € = 0 and the

other way is to estimate €. Tn estimate € we can use back

forecasting method
which will be more
method using least

In particular

are defined by,

discussed by Box & Jenkins (1970,p.213-215 ),
efficient than setting ¥ = 0. Osborn's (1978)
squares can a.so be used to estimate ¥.

for MA(2s,process, the successive residuals

.
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p = Y TBomx Br6 eotb e,

m
|

Yo Bomx B 8, € %0560

m
N
"

3 = Y3 Bomx5B+8, eyt

m
0

™
1]

yn—B°-an+91en—}+92€n—2
| Y

These model equations may then be analysed as described in

Section 2.6.3.

2.6 Method of Estimation
/ﬁ\\v As a method of estimation_Qe considered Estimated |
F'Generalized Least Squares (EGLS) and Maximum Likelih&od (ML).
Details of these two methods for three different Procedures is
given below. )
2.6.1 General Procedure
2.6.1.1 Estimated Generalized Least Square (EGLS) :

Hefe, we transform the original observations replacing 8 by

its estimate 8. One possible estimator of 6 is,

1]

1- ‘/Z1-4p1 )

20,

where, p, 1s the autocorrelation coefficient of OLS errors for
one period lag. This estimator is used by MacDonald and
MacKinnon, Judge and others for MA(1). For MA(2) a similar kind

of estimate can be obtained by solving the nonlinear equations,



37

-91(1-92)'
by =
146,%+6,°2
-02 ‘%
b =

1+912+9;2 '

for 6, and ‘4,, but the estimated values for 8, and 8, éan be
read off directly from 'Chart C' at the end of the book by Box
and Jenkins (1970,p.519). According to Judge(1980,p.$98) these
estimates are inefficient relative to the NLS éstimator and also
it is very difficult to get the estimates for 6's as the order
of the moving average process increases. Therefore, i%bcould be
suggested that, since there are many computer packages (e.g.,
MINITAB) which can easily give us the NLS estimate of 6's we can
use these packages to get the estimates of #'s to use in the
transformation.

Therefore, the EGLS estimate of regression coefficient is

B = (X’X) 'X’Y where, X TX, Y= TY and T is the estimated
transformation matrix T = T(8).
2.6.1.2 Maximum Likelihood:
Under the assumption of normality, log-likelihood function
deleting the constant can be written as,
n 1 1

L(g,0,0%)= - — 1n 0% - — 1n |V]| -
2 2 202

.

(Y-X8) " (Y-Xp) 1.

Where V is defined as before the estimated covariance matrix .
Now replacing o2 by its ML estimator,

(Y-XB) " (Y-XB)

n



38

after some simplifications the log-likelihood function becomes,

L(8,8) = - " 1nl|v] /™) (v-xp) (v-xB) .
2

Therefore maximizing the above likelihood is equivalent to
minimizing |V|(1/n)(Y-XB)’(Y—XB) with respect to § and ©. A
computer program e.g., FORTRAN subroutine frdm NAG, for

*

mimimizing the above objective function, can give us the ML

estimate of 8 and ©, where 8 and © are the vectors of regression

and MA parameters respectively.

2.6.2 MécDonald & MacKinnon Procedure
2.6.2.1 Estimated Generalized Least Square(EGLé):
aWé will userthe same estimator of 6's as we did in the
General Procedure, and using the transformation technique
discussed in Section 2.5.2 we have the transformed model, /
Y =X3+7'n+ e.
Now by applying Ordinary Leasthquares on transformed
variables we can obtain the estimate$ of B and 7.
2.6.2.2 Maximum Likelihood: K
Under the assumption of normality, log-likelihood functieﬁ/
after deleting constant term can be written as,

LiB,0,m)=- -2 1n[|v] "™ (v-%B-7"n) " (T-XB-Z"n) ]
2

where 8, ©® and n are vectors of parameters.
Therefore, maximizing the above log-likelihkood is
~equivalent to minimizing |V|(1/n)(Y—Xﬁ-Z’n)’(YLXB-Z’n) with

respect to B, 6 and 7.



2.6.3 Phiflips Procedure

2.6.3.1 Estimated Generalized Least Square(EGLS) (or NLS):

39

Since the sum of squares of errors becomes e’ e+€’¢ .and we

can calculate them recursively as shown in Section 2.5.3, we can

minimize the above sum of squares with respect to f, 6 and ¢

using a minimization program to obtain the EGLS (or NLS)

estimates of the parameteré.
2.6.3.2 Maximum Likelihood :

Under the assumption that €t

log-likelihood function can be written as,

n A ' 1 € e+€
L(B,8,¢) = - — 1n(270%) - — 1n|V]|-
2 2 20°

I'd

€

Now, replacing ¢ by its ML estimator

rd

€ e+te €

QD

r

n

the log-likelihood function can be written as

L(6,0,8)=- 2 1n[|v| /M) (ereszre)]..
’ 2

Therefore, maximizing the above log-likelihood is equivalent

minimizing |V|(1/n)(e’e+?’?3 with respect to 8, © and .

are normally distributed, the

to
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2.7 SIMULATION EXPERIMENT : R

- The simulation experimeht is carried out for small samples
as well as for moderate‘samples, with MA(2) error prdcess in a
regression model, to compare the performance of‘three different
procedures. For small sample we choose sizé“lo, and 50 as a
moderate size.

In this experiment for simplicity the regression model
considered 1is,

Y, = ﬁo+ﬁ,xt+Ut; where, U_ = € _-6 6

t t t T1ft-177"2%¢-2
In the above model we specified the value of the regression *
parametérs 60 = 0 and 61 = 5,
For each of the sample sizes both the moving average
_ parameters, namely 0] and 02 are made to vary as below;

as -0.50 and -0.80. For each 6 6, takes

2 2" N

values *1.45 and %1,15, Therefore we have eight different pairs

we choose 6

of 6's and for each pair of 6's we generate 100 samples

(repetitions) of séme size. |
The different stages involved in this experiment are

discussed below:

a) Stage-I

This stage involves computing of uy from €, a random

variable with mean zer¢ and unit variance from-a normal

—

EPE - _ —

population using a specified pair of 6's, €y 1s obtained by

using the MINITAB computer package. Then using the specified

values of regression parameters and a set of X, adding with u

t t

"
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3

we can obtain the response vectorrYt for each pair of 8's. Thus -
we are introducing MA(2) error in our regression model.
b) Stage-1I1I : , .

In this stage we regress Y on X (OLS) to estimate the
regression error @, which will be used to identify and estimate
MA parameters. To identiffxthe order of the process we use the
identification criteria discussed in Chébter—2 and estimate the
e's froh regression errors using BMDQ2T computer package.

'c) Stage- 111 :

Now, we apply three procedures, which were discussed in
Section 2.5 and obtain the estimated values of the regression
coefficients for each pair c¢f 6's and for two different sample

sizes mentioned above.
2.8 Empiriéal‘Results :

Here, we have reported the results found by the simdlafion
experiment. We will discuss the performaéce of different
procedures through efficiency in twe ways, efficiency due. to
variance 0of regression coefficient and efficiency due to
computational time (i.e., cpu time).

From Appendix A.1 to Appendix A.8, it can be inferred that
the regression coefficients are virtually unbiased regardless of
the procedure and of the § values considered. But it can be
noticed tﬁég as the sample size increases the amount of bias

decreases‘fﬁpugh the amount of bias is very small even for
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sample size 10.

Concerning efficiency&Zdue to variance), we . use the
relative efficiency of regression coefficients of a particular
procedure with reépect to the OLS (i.e., estimated variance of
regression coefficient obtained by OLS divided by the estimated
variance of regression coefficient obtained by using a
particular procedure from 100 repetitions).

For the sample size 50, all three procedures are more or
less the same in efficiency gain, though GNL (General) performs
better in most of the cases and all three procedures perform
better than OLS. K\

When sample size is 10 (Appendix A.1 to Appendix A.4), the
efficiency gain by GNL (General) is higher over MM. (MacDonald
and MacKinnon) for both EGLS and ML and for all the pairé of 6's
considered, but, GNL(ML) is slightly less efficient than PHL(ML)
(Phillips) in two cases, egual in two cases and better in four
cases, though the difference is very small. It is also observed
that PHL(ML) gives regression e;timates identical with GNL(ML) °
in more than 95% of the samples. It is hard to justify the
comparison of PHL(NLS) with EGLS of ofher two, because PHL(NLS)
has several iterations, whergas GNL and MM need only two OLS
regfession for EGLS. But it can be noticed that PHL(NLS) does
better than GNL(EGLS) and MM(EGLS) when 6, takes positive value
and does poorly than GNL(EGLS) whenle1 takes negative value. For

the same sample size (n=10) efficiency gain is higher by ML than

by EGLS for both the procedures (GNL and MM) except the cases
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(at Appendix A.2) BVEE -1.15, 6, = -.50 and (at Appendix A.4)
when 6. =-1.15 and 92=-.80, where OLS performs better ~than MM;
the reasor may be that most of the time 6, lies on the boundary
of the invertibility region. In this context it can be mentioned
that MacDonald énd Mécxinnon in their paper (1985, for Ma-1)
also found that OLS performs better than EGLS when 6 is negative
and MM(EGLS) performs very badly when™8 = -.80 and n = 100.

Another interesting\behaviour is that, when sign of 6's are
different i.e., when 91 is positive and 92 negative (we consider
only negative 92 in this paper), the efficiency gain with
intercept and slope are same, though the tendency is higher for
intercept. But, when the sign of 91 is negative, efficiency with
slope is always higher than with interéept and the difference is
much more as thi‘sample size increases.

Since the results obtained form a complicated structure we
also use covariance analysis to summarize our results. In this
summarization we shall use terms like "significance" rather
loosely, This is not a pretense of probability sampling or of
genuine inference, but only a means of summarizing the extent to
which the pattern emerging from our simulations conforms to the
additive ANOCOVA model described. The dependent variables
considered for the model below are: )

a) Relative efficiency for intercept, b) Relative éfficiency for
slope, c) Bias for intercept ahd d) Bias for slope (absolute
bias is used). The independent variables are sample size, value

of 02, sign of 91, magnitude‘ofue1 and six different methods as

v

r.

et 4
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a categorical variable, namely, GNL(EGLSj,’GNLgyL), MM(EGLS),
MM(ML), PHL(NLS) andigﬁL(ML)fxln more detajil, in Appendices B.!1
~and B.2 the additive model, |
Y ;wéonstant + T;kt (SMSZ x Eoefficient) ;‘(THZ x coefficient) +
(3?@%»x coefficiéﬁt) + (MTH! x coefficient) + error
\waé,imposed upon our simulated results, as a meahaﬁical‘device
qu organizing and‘presenting our results®. Here, E T, = 0, so '

that Tiiis the "effect" of using method number as below,

\\%'“= GNL(EGLS)

T, = GNL(ML) .
T3\= MM (EGLS ) 0

T, = MM(ML)

T, = PHL(NLS)

T, = PHL(ML)

and also,

SMSZ = sample size

TH2 = specific value of 6, ' e m .
-STH1 = sign of 6, i
MTH1 =

magnitude of 01
In Appendiées B.3 to B.6,/4similar but separate analyses

were performed, first for all the simulated samples of size 10

and then for all the simulated samples of size 50.

When bias is concerned from the ANOCOVA table (Appendix

~~~-B,2), we see that, for all the six methods the value of the ~

N

estimated effects of method on bias are so small that they can

be ignored. The significance levels suggeggfthat the

e / /



— 45

o

coefficients are not significantly different from zero for both
intercept and slope. But for sample size (SMSZ, which is an
independentﬁvariable), significance levels indicate that sample
size has significant effect on bias, though it is very very
small. The sign'of the‘coefficient is negative, .indicating the
inverse relationship with the dependent variable, so that as the
sample size increases bias decreases, which supports our
previous discussions,ﬁwhich were based on informal examination
without using ANOCOVA. Aga n the significance level for sign of
6, (for intercept) tells us that the sign of 6, has influence on
the amount of bias. But, since.all the estimated coefficients
for bias as dependent variable are so small we can ignore their
effects.

In thé case of efficiency gain for both intercept ané;slope
by different procedures, it can be}observe that (Appendix B.3)
the estimated coefficient ,25640 for GNL(ML) and .25265 for
PHL (ML) (for interceét), and (for slope) the estimated
coefficient .56810 for GNL(ML) and .49023 for PHL(ML) with
significant t-statistic puts the GNL(ML) in the top rank for the
sample size 10. This can again‘be verified by examining Appendix
A.1 to Appendix A.4; wﬁere for four pairs of 6's GNL(ML) does
better than PHL(ML), for two pairs of 6's they are same and for
two pairs of 6's GNL(ML) could not perform better than PHQ}ML),
though the amount of relative efficiency is almost the s;me.

Therefore, considering all the eight pairs of #'s GNL(ML) is

marginally superior than PHL(ML).



' 46

_For the same sample size, both.GNL(ML) and PHL (ML) cerforms
better than MM(ML) for ;il pairs of 6's. Again considering EGLS,
GNL performs better than MM for both the sample sizes and for
all pairs of 6's considered (Appendices A.1 to A.8).

Tﬁe significance le&els (Appendix B.1) for sample size
(SMSZ) in both intercept and slope indicates the certainty of
-sample size's effect on efficiency gain, though the estimated
values of the coefficients are very sﬁall, but the posifive sign
indicates that ac sample sdze increases efficiency gain also
increases. The magnitude :f 6, (MTH1) also has a significance
level whichrehcws strong suggestion of positive effect upon
efficiency gein and the value of the estimated coefficient is as
high as 23\982 (Appendix B.1) for slope efficiency ( also high
for 1nferceétwqffic1ency ) with p051t1ve sign. This indicates
that for high values ofle1 eff1c1ency gain is higher for both
slope ahd intercept, which is very effective when sample size
gets large (see Appendix B.3 and Appendix B.5).

Sign of 91 (STH1) also has a.definite effect for intercept
efficiency gain (looking through significance level) and the
value of the coefficient is 2.657 (Appendix B.1) with positive
sign. This suggests that, as long as the sign for 6 6 1is
positive, =fficiency gain is higher than for-negative and this
is true for both the sample sizes (Appendix B.3 and Appendix
B.5) and for sample size 50 the estimated coefficient is as high

as 4.905. It can be further confirmed by looking through the

Rel. Efficiency table (Appendix A.! to Appendix A.4), for sample

—
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size 10 (except for one case 6,=-.50, 6,= +1.45 in GNL(ML)) that

efficiency gain with intercept.is higher whenAe1 is positive.
“This can also be seen when n=50 (Appendix A.5 to Appendix A.8).
It is observed that for all pairs of e’s.and for each method,
efficiency gainbwith intercept is higher for positive 91'and the
difference is hore as the magnitude of 91 goes up. This is also
true for slope efficiency i.e., as the magnitude of 6, increases
the amount of relative efficiency increases (Appendix A.5 to
Appendix A.8, n=50) in every case and for all methods. Thié is
further confirmed by the ANOCOVA table (Appendix B.5, n=56),
where with very much favourable significance level and an -
estimated coefficieﬁt of 47.128 the positive sign ﬁells us that
as 6, increases in magnitude efficiency>gain also increases, But

1.
with slope efficiency for sign of 6, (Appendix B.1),

significance iével is not favourable and the estimated value of
the coefficient has a negative sign. Therefore with a
non-significant significance level and a small estimated
coefficient (as -.765), it appears that the sign of 91 virtually
has no’'effect on efficiency gain with slope.

For £he value of 92 (TH2), which appears as an independent
variable ;n the model described above, the significance level
(Appendix B.1, for the combined samples) confirms the effect on
slope efficiency but not on intercept efficiency, though the
est?mated value of the coefficients is high for both with

positive sign., Again, for sample size 10 (Appendix B.3) the

estimated coefficients of the TH2 variable are very small and

2
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the signs are negative, whereas for sample size 50 (Appéndix‘

. B.5) the estimated coefficients are high with positive.sign, for
slope it is as high as 23.146 and is confirmed through
significance level. Therefore, it is tempting to draw the
conclusion with sample size 50, that as 92 increases (decreases
in magnitude) the efficiency gain is higher, but if we look to
the results in Appendix A.5 to Appendix A.8, specifically for

slope, when 91= #1.15, then as 6, goes from -.50 to -.80

2
efficiency increases (Appendix A.6 and Appendix A.8) and-for 6,=

+1.45 ef_iciengy decreases for the same change of 6, (Appendix

2
A.5 and Append}x A.7). Therefore, it is difficult to draw any
conciusion only with two values of 62 and at the same time
ignoriég 91.

If we consider cbmputing efficiency, i.e., the cpu time
required for the computations, using the method EGLS for GNL and
MM procedure, it seéms that both procedufes are more of less the
same in cpu time requirement and théy‘neéd a fraction of a
second. Since ML or NLS needs several iterations and therefére
more cpu time, we recorded the cpu time (in’IBM—3081) for
different procedures in Appendix A.1 to Appendix A.8. For sample
size 10 GNL(ML) takes always less time than the others and in
general all methods take less time when 91 is negative. If we
consider rank of taking less cpu fime, it is GNL(M;), PHL (ML)
and MM(ML) respectively for both sample sizes.‘It is also

observed that as sample size increases the time requirement is

also increased, but the proportion of time reguirement more or
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less remains same among the three procedures. C‘“VJ

Now, if we bring PHL(NLS) iq considergtion, we see that for
éample size 10 GNL(ML) is always in the first rank (in respect
of taking less time) and PHL(ML) is in the second position
except the case 6, = -1.15 and 6, =-.80, where PHL(NLS) takes
the second position and‘MM(ML) is either in 3rd or 4th position.
But, for sample size 50 PAL(NLS) is in the first position in six
sets, GNL(ML) is in the second position in six sets and first in
other two, whereas PHL(ML) takes the third position in six sets,
 Therefore, PHL(NLS) may have considerable attention for
computing efficiéncy in large sample, but, considering
efficiency due to variance simultaneously, GNL(ML) should be
preferred over the otheré. However, MM{ML) did not perform very
well in computing efficiency.

| Therefore, from the above discuésionSﬂ it appears that

concidering all factors GNL performs better than éll others. Of
course this kind of conclusion has limitations in Ehe sense that
the results may be sensitive to the particular model chosen and
also the X values(giveﬁ) and the MA parameters considered. In
conclﬁsion, considering all aspects, this simulated expefimené
1s able to make a suggestion that GNL is to be preferred than

the others for higher order MA process in regression errors.
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2.9 Specification Error:

In a variety of specification errors, one kind is about the
assumption of regression error, which costs on efficiency of
regression estimates very much. If the assumed process is not
the true process, the variance of the estimated regression
coefficient will be biased, i.e., if the true process is (let us
say), MA(2) and the assumed process is MA(1) or AR(1), the
regression coefficient will be inefficient. G. S. Watson (1955)
found the analytical expression of the lower bound to the
efficiency of the regression estimates for the special case X'X
= I and in continuafion‘to that paper Watson and Hannan (1956)
apply that lower bound for various choice of true error process
and assumed process.

On an experimental basis, we did a similar kind of
egberiment tc see how good the identificatibn criteria discussed
in Section 2.3.1 {Box-Jenkins approach) works for small samples
such as 10. For large samples and even for moderate size as 50
Box-Jenkins identification criteria works'very well., But for
small sample using ACF (autocorrelation function) and PACF
* (partial autocorrelation function) it is sometimes hard‘to
detect the order and the model of the process.

Trerefore, after identifying the model using the criteria
discussed in Section 273.1, we apply GNL(ML) procedure for

correcting the regression errors when it is MA(1) and parallel

to that for AR(1) we use Beach and MacKinnon's (1978) procedure
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of Maximum Likelihood and we also apply correction for MA(2),

since we know the true process is MA(2). We .use only two pairs

of MA parameters,

7 .
.15

n
—

1@) 8.

5 -.50 and 91

-1.15

b) 6

-.50 and 6,

and the relative efficiencies of assumed (identified) process to

the true process is given below:

Qﬁ,

92 = —.50‘
9‘17= 115 91 = -1.15
Bo ~151 Bo B
nt = 30 n2 =
REAR1 .9318 .9143 .9908 . 9580
n3 = 51 ; ng =
REMA 1 .8588 .8413 | .9918  .9851

From the above results we see that relative efficiency?

- - — o —— - - ——— - ——

}® Where,

Similarly, REMA1

the relative efficiency REARI

is defined as the
estimated variance of true process MA(2) divided by the
estimated variance of identified process AR(1) for the
identified number of samples n! and n2 for two pairs of 8's.

is the relative efficiency defined as the

estimated variance of true MA(2) process divided by the-
estimated variance of identified MA(1) process for the

identified number of samples n3 and n4.
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does not fall vefy much with respect to the true process, which

tells us that.-the Box-jenkins ‘identification criteria does not

—ee

give us very poor result though it identifies the model wrongly

for the number of cases mentioned in the table (i.e. the number
of repetiti6hs). But, since the results obtained only used a few
cases (where it'identifies the model other than MA(2)), these

findings can not be very reliable and may not be justified‘for

‘“Qﬁher cases. But the truth is that a wrongly identified model

e

\‘_“\ e

can give us a better estimate of the regression coefficient,

though this is not .always trﬁe.‘

N
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EXACT DETERMINANT OF COVARIANCE MATRIX

53



54

3.1 Determinant of Covariance Matrix Q

“For Maximum Likelihood method the determinant of & playé an
important role. Judge(1980,p.?05) mentioned that evaluation of
2] is a heédache in the case of ML.

‘There have been a number of approaches for exact maximum
likelihood and also for approximate ML, but the latter one is
asymptotiéally the former one. The approximation can arise from
the approximation in‘transformation or from the abproximation in
determinant. Box and Jenkins(&976,p.213) for univariate time
series suggested an approximation of the latter kinhd by |
disregarding the the determinant. McLeod(1978) proposed an
approximation of the determinant term and claims a closer
approximation to the exact ML. Ansley(1976,p.59) discussed the.
fact that approximation by disregarding the determinant can lead
to inferior estimates; he gave references to different Monte

Carlo works.

3.2 Determinant from the Transformation of General Procedure
Ansley use the determinant proposed by Phadke and
Kedem(1978) using library subroutine: It is,

2]

|s”s|

|s”

S|

( product of diagonal elements in S
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This can be obtained frgm our square root matrix S discussed in
Chapter 2, when we are using General Procedure, because the
elements of S are already obtained for transformation. We just
need to use the diagonal elements of S. Therefofe, we are
gétting the determinant as a by-product. But, if one is not
using General Procedure (GNL), then it is better to apply the

technique discussed below to estimate the determinant of Q.

3.3 Exact Determinant Using © Matrix
We know from Osborn(1976,pp.76-7i) that the determinant of

2 can be written as |R'R|=|2Q|

where, /
R = 0 ! 0 0 0 1

- \' .........
0 ) 0 0  verennnnn 1 0
0 0 R 0 0
0 1 O @ teeevenes 0 0
1 0 0 e eenns 0 0
6, 6, O3 teineinns Oq-1 %
2
e1 +92 6162+93 e1e3+64 .......... 91Qq‘1+9q 91eq
and so on //
v L -
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257£? |
More precisely, the rows of R® after g rows can be found as
follows:

1. The (g+1,j)th element is the sum of 6, multiplied by (g,j)th
rielemeﬁt, 6, multiplied by (g-1,j)th element,
multiplied by (1,j)th element,

2. The (g+2,j)th element is the sum of 6, multiplged by(g+1,j)th
ement, szultiplied by (g,j)th element, ......... , Gq mbltiplied
by (2,j)th element.

n. Thgrf@*ﬂfj)th element is the sum of 6, multiplied by
(g+n-1,3)th element, sy multiplied by (g+n-2,j)th element,

........ ;O multiplie® by (g+n-g,j)th element.

In compact form R can be written as,

R=|T ]
qrg .
AI
nxg
(n+qg)xq

‘Instead of R, Osborn(1976) and Box & Jenkins(1970) use the
notation X. )



where,

-
T = 0
qgxg

0

1
and A =

OA

©A

[ A

1

O o & @ O
0 ... 1
0 ..... 0
A2 ‘A3 .....

Ay = | 1
0
0
0
gx1

57



o = | 6, 1 o | 0 | .
6, O 1 0 verrnnnnnn 0
6, 0 -0 (I 0
A
el 0 0 0
by O 0 0 tevvnnnnnn 0|~

i

The above © matrix is defined earlier (Section 2.5.2).

Now, R'R can be written as,

"R'R=[ Y A ] T
A’
(n+q) xq
= [ T'T + aA" )
= [ I + aA"]
axqg
Where,

AA” = AA, "+ AA"+,...+ A A" = L A.AS
nn 1 1

4



or, AA" = 6A0A0'6'+9A1A1'9'+ ceeess TOA

¥

- o\ 2 ‘I 2’ *
= 6A0A0 Q +0 AOAO (7)) "+ .....
n . .-
- 1 rd 1’
= X 6 AOAO (67)
i=1
Therefore,
|[R'R| = |T°T+AA" |
n 0 : .
1 PRV )
=1+ Z @ AjA  (07)7|
i=1
cy ’ n .
=|1+ £ ' M1 (&)
i=1
where, Mi= AOAO = 1 0 Q eee. O
0 0 0 0
o 0 0 ....0
0 0 0 ....0
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we can also use ,
n
|IR"R| = [I+ Z A.A."| | : (3.2)

i=1

where |R"R| is of order gxg.

Thus, we are reducing our work to dealing with a gxg matrix
rather than a big matrix (n+g)xq, and usually the order g of the
MA process is very smaller relative to n. Therefore, one cén use

either (3.1) or (3.2) above to get the determinant of covariance
.matrix. Thercomputer program in FORTRAN to calculate the
deterﬁinant is given in Appendix H.2. It is also simple in tﬁe
sense that here we do not need to form the complicated matrix R.

It can be noticed that for the 1st order MA process our
determinant becomes, |

n

|1+ = @ M1 (e')’|

1=1

|R"R]

rn
1+ Z 0 (07)"]
1=

21

|1+ Z ©
i=1




Since © is a scalar and M1 is 1,

IR"R|= 1+8%+9%+. . ... ,+620

which was reported by Box and Jenkins(1976,P.272) and also by
! ]

Balestra(1980,p.381).

61
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CHAPTER 4

APPROXIMATE ESTIMATOR FOR THE HIGHER ORDER MOVING AVERAGE

- . PROCESS IN REGRESSION ERRORS
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1 :
4.1 Approximate Transformations for MA Process:

Along with the exact transformations, researchers also get
themselves involQed with apbroximate’transformétions. It is
obvious that we can get better results using exact
transformation than using approximate, but the latter is
asymptotically the former. Approximate transformations are used
for computational simplicity. Balestra(1980.pp.390-394) proposed
én'approximate transformation matrix T* of dimension (n—ﬁ)xnfzg}
MA(1) and showed that the transformation can be carried out

recursively as,

where, ¢ 1s the MA parameter;

Thus, Balestra is loosing the first observatigh. With that in
mind later Park and Heikes(1983) propose another approximate -
transformation P augmenting T* by a first row Eonsisting of 1 in
the 1st column and zefoes in others for the same ofder of MA
process, whére P is of order nxn.

In both thé papers, they considered a simple regression
eqdation with constant term only and they derived the analytical

expression for the variance of the estimated constant using

their transformation, which is reproduced here below.



Balestra
For c«<«1:
OLS: :
S )2
02[ (1 C) + 2¢c ]
n n?
APX:
- 2 - 2~ 08 —_-2 2
02[ (1-c) . _(1-c)?ct(r,-c?r,) ]
n-1-2c?r,+c’r, (n=-1-2c®r,+c%r,)?

- where r1=(1—cn—1)/(1—c), and r2=(1—c2n—2)/(1—c2).

AITKEN(GLS):

2 n . “i
02 (1-¢c) [ 1 - 2c(1-¢ ) ] -

n+1)

n n(1-c)(1+c

2 3n(n2-1)(3n+10)

[(2n+1)(n+1)n —6]2
9

2 n
n(n+1)(n+2)

AITRKEN(GLS): o

64
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Park and Heikes

For &=z

(1-c2) (1-c)%  c2(1-c)2(1-cM2(1-c""1)?

o?l + ]
H H?

where H = n(1-c?)=c(1-c™) (2+c-c""")

For ¢ = 1:

o3[ (9n+3) (n+2) ]

n{2n+1)2(n+1)

where, APX stands for Approximate Transformation'by Balestra
(hereafter BL) and MAPX is the ModifiedaApproximate
Transformation by Parks and Heikes.

On the basis of numérical/égmputations‘of relative
efficiencies, for six sample sizes and six values of ¢, BL finds
that: |
(a) OLS performs better than APX when c is low.

(b) APX performs éxtréﬁely well for ¢ around 0.5, but does very
poorly for bigh values of ¢, even in lq:gér sample sizes.

On the other hand, Park and Heikes Léﬁng their
transformation observe that: N T
(a) For ¢ around 0.5, MAPX performs extremely well and better

than APX for c<0.5

(b) Like APX, MAPX does not perform well for high values of c,



66

and the performance is about the same as APX for ¢ in the
interval of 0.5 to 0.99 .

From Appendix C.1 (reproduced here) it can be observed
that, MAPX does better than APX for c below 0.5, but, does not
pe:forﬁ aé APX for c¢ above 0.5.

Choudhury and Chaudhury(1984) propose another approximate

transformation P of dimension nxn as below:

where the transformation can be carried out in a simple
recursive way,

€ = e /V(1+c?)

€, + e;c/(1+c?)

m
]
I
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They found the variance of the estimate of constant for the

same 'intercept only' model is,

AN

(1-0)3(1+e) 2 e (1+e?) (1-0) 2 (1-c"" 1) 2(1-c"* )2
o’ . \ ]
A | I
where, A = (1TC)(1+Cz)(n+ncz-2C)—c2(1+c)(1-cn_1)(cz-cn+1+2)

For c=1, the variance 1is:

2 6{2n(4n?-1)+3(n2-1)2+6} ;
. {n(4n?-1)+3}2

They also compute numerically the relative efficiency for
APX, MAPX and FMAPX(Further Modified Approximate transformation)
to the GLS for eight different sémple sizes and six values of ¢
in Appendix C.1, which shows that FMAPX is a better
approximation in the sense that, it performs better than the
previous two for all values of c and the sample sizes
considered. It can be found that FMAPX performs as well as GLS
for ¢ less than 0.7. In Appéndix C.2 (reproduced here), they
showed the relative efficiency of APX and MAPX to FMAPX.

The approximation'proposed by Park and Heikes is also
discussed by Pollock(1979,pp.203-207) for MA(1) process.

Both the previohs two approximations i.e., APX and MAPX

uses the covariance matrix whose determinant is 1 as shown by

Balestra (1980,p.390). Therefore, ML eStimate for these is
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%
equivalent to the least squares. For the FMAPX the determinant
can be found as 1+c?2. Therefore, ML estimate can be obtained by
maximizing the log-likelihood,
: n 1 | 1
L(B,c,0%) = —1no? - — 1n-(1+c?)~
, 2 2 202

(2-%B") (2-Rp)

using the ML estimate of o2, the concentrated log-likelihood
function becomes, ' —

T L(g,c) = 0 1n [1+c¢2107/M) (9-g8) 7 (2-25)
2

where, X and ? are the transformed variables.
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4.2 Modified Approximate Transformation(MAPX) for Higher Order

MA Process:

by

Unfortunately, FMAPX can not readily be generalized for
higher order MA process, but MAPX can be generalized as below.

Where the transformation matrix for MA(qg) can be written as,

i

T= | 0 0 feeerrn.. O
9, ] 0 vrirrenn. O ‘
(912+92') 91 1 s o o o 5 5 0 0 0
(6,3426,6,+63)  (6,246;) 04  weereeews O
nxn and so on ' J

This transformation matrix T is the square root matrix
obtained from Vo—i, where Vo ! is the inverse of approximate

covariance matrix Vo, which for MA(2) can be defined as below:

Vo=| 1 -6, -6, 0 0 ceer O
-6, 1462 -6,(1-6,) -6, 0 = .... 0
-92 ‘91(1-92) 1+912_+922 -91(1-92) _92 oo o @ 0

3
0 -92 —91(1—92) 1+912+922\~_91(1-92) e o e 0

oooooonoooo-oooa-ooooooooooooo-o.o.ooo.ooooo.ooo.f.oooo ’

- -
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Therefore, we can see that only the first four elements in_
the left upper corner of Vo are approximated with the -
corresponding elements of exact V matrix; elsewhere the elements
are identical.

The above transformation matrix T can be obtained starting.
with 1's in the main diagonal and all zeroes above the main
diagonal. Then the (2,1)th element is the multiplication of 6,
with the (1,1)th element; (3,1)th element is the sum of

multiplication of 9, with (2,1) and 6, with (2,2); (3,2)th

2
element is the multiplilcation of 6, with (2,2); ....; (k,1)th
~element is the sum of multiplication of 6, with (k-1,1), 92 with

(k=1,2),0ceeeee, 9k—1 with (k-1,k-1)th element; similarly (k,2)th

element is the sum of multiplication of 6, with (k-1,2), 6, with

(k—1,3)p.l..., 9k—2 with (k-1;k-1); and so on.
But, more simply, we can obtain the transformation matrixv
after obtaining the 1st column, because, all the diagonal
elements of a diagonal on and below .the main diagonal are the
same. Therefore, first element of 1st row will construct main
diagonal, firsf element of 2nd row will construct 2nd diagonal,
first element of 3rd row will construct 3rd diagonal and so on.
It is easy to obtain the first coluwn‘recursively as follows:
a) 1st element is 1.
4§b} 2nd element is 6, (a).
J

c) 3rd element is 91(b)+62(a).
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d) 4th element is 91(c)+92(b)+03(a).

g) gth element is‘01(q—1)+02(q—2)+...+0 (a).

g-1

g+1) (g+1)th element is 91(q)+92(q41)+...+9q(a).

g+2) (q+2)th_element)is 01(q+1)+02(q)+...f0q(b).
L] ’ &‘

n) nth element is 94(n-1)+92(n—2)+...+0q(n—q).

If we want to form the transformation matrix, the above
procedure is convenient, but, if our objective is only to
transform the variable.then the former procedure seems more
convenient in respect of computer space, because, all we need to
store is the previous row, to form the present row,

But, for practical purposes, we can use the recursive
transformation discussed below.

.

Since our purpose is to transform the variable, the

following super-simple recursive proceduré can be adopted.

[

<3
"
3



v

q+1

14
n

Y3+61Y2+62Y1

L A A £ *

LT IR S

Y
q

Yn+e1Yn-1+"'+6an-q

Thus, for eiampie, for MA(2) process the transformation can be

carried out as,

T

Y1 .

Y2+61Y1 . 1

#

¥3+6,7,+6,9,

Y4+61Y3+62Y2 . -

Yn+61Yn—1+62Yn—2

Therefore, if 6 is un;ZE}n, using the estimated value of.

6's we can transform the variables using our above rec%rsive"

transformation procedure to perform two-stage EGLS.

b
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4.3 Empirical Results:

We have computed the relative efficiencies of MAPX and GLS
to OLS 5 and also the relative efficiency of GLS to MAPX®¢ for »
the model c0ﬂsidered.by Balestra and hence we can not generalize
‘the results obtained, since the performance of the approximate
éstimator also depends on the independent variables. But from
this simpie model we can at least show some of the criteria of
an approximate estimator. We have computed the relative
efficiency numerically (presented in Appendix E.1 to'Appendix
E.6, Appendix F.1 to Appendix F.6 and Appendiﬁ Ei1 to Appendix

G.6) for the pairs of 6's as below:

6, < 1.90

-1.90 1

IA

prse
o

0.95 |
7

/
/

-0.95

IA
D
A

both with an increment of 0.10 and alsg,

6, + 6, < 0.95

- 6, < 0.95

7+

The expression for the variances of the estimated constant
are given below: ‘ : ‘ .

A OLS: o (X°X)7' X'VX (x°x)"! .
—— ’ \ (see Johnston p.246)-

~ -

Si.e., the variance of regression coefficient obtained by MAPX
is divided by the variance obtained by OLS, and the variance of
GLS divided by the variance of OLS.

$: o sne wvariance of GLS divided by the variance of MAPX.
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n n

02 L V..

1]

1=1 j=1
= , N is the sample size.
2 AN
n
MAPX: o2 (X'Vo 'X)”' X°Vo 'V Vo 'z (x°Vvo 'x)”'

=02 (%) 27 (TVI)R (R°R)"

where, X is the transformed observations using the apprOxEmate
transformation and Vo ! is the inverse of the approximate
Vo matrix which is defined above.

GLE: o2 (x'v 'x)”!

= o2 (x’x)!
where, X is the exact transformation using the transformation
matrix S discussed in Chapter 2.
From the results presented in Appendix F.1 to Appendix F.6

for six differént sample sizes, we observe that,

'a) MAPX does extremely well with respect to OLS when 6, and
62 both are positive and sample size 1s greater thap 10; for
sample size 10 or less its performance is not very good.

b) For the region of 6, in between -0.55 and 0.0

2
(inclusive), with positive 6, its performance is very good for
all sample sizes considered and as sample size increases the

performance is excellent, specifically for higher values of 91.

For negative 91 it does not perform very well except for the

couple of points in the region ,
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-.35 < 62 < 0.35

Al

c) Again its performance can be appreciated in the (tables,
i.e. Appendix F.1 to Appendix F.6) lower triangle of the

reactangle bounded by the region,

0.0 < 6, < 1.90

(.

’ for sample sizes greater than 10 and for size 10 or less the
performance is reasonable.

Compared with GLS, the approximate estimétor does well
(middle of the kppendix G.1 to Appendix G.6) and as the sample
size increases the pérformance %ncreases too. If we compare
Appendix G.1 and Appendix G.6, Qé see that in the middle of
tables the number of ones (1.000) increases in substantial
amount. Again comparing Appendix G.5(n=50) and Appendi x
G.6(n=100) the improvement of approximate estimator -can be
observed very clearly, specifically the lower part of the table,

i.e., when both 6's are positive. Therefore, for negative 6's it

is not doing very well.

-
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As we said before, for the region,

-.30 < 91 < 0.30

: 4 ‘ ¥ .
(i,e, in the middle of the tables) there is no reason not to

consider approximate estimafor‘rather than exact (GLS) on the
ground of computational simplicity and the abové region of 6's
becomes increasés as sample size gets larger.

Thus, we can say that the approximate estimator doés as
well as exact for small values of 9'5 and can also be considered
for large 6's when sample size is larger.

From Appendix E.!1 to Appendix E.6, it is observed that OLS
does worse with respect to GLS in the bottom line of the tables
(i,e, for the highest values of 6., feor »ach 92) but does well
in the middle of tables, where both e's are near to zero, which
means there is virtually no moving average éffect and hence GLS
merges to OLS. Another iﬁportant aspect is that, as both the 6's
tends to zero from both ends efficiency gain by GLS over OLS
diminishes. . 7 -

A¢ we discussed in the previoué Chapter, for high values of
6, (for intercept) efficiency gain over OLS i?.higher than for
low values of 6. this can be reconfirmed from Appendix E.1 to
Appendig E.6 and also it is to be observed that when the sign of

-~

9, 1is positive (with high Value of 9]) efficiency gain is much

more than with negative 6., which verifies our previous result.
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It is apparent from the results of simulation experiment
from Appendix A.1 to Appendix A.8 that‘the Generél Procedure
(GNL) performs better than the other two procedure for both
sample sizes considered. It performs excellently for sample size
10. We have compared the relative efficiency of thereéffhéted
regression coefficient fdr a simple regfegsion model with an
intercept and a slope coefficient. The relative efficiency is
defined as the estimated variance of the regression coeffiéient
by OLS divided by the estimated variance of regression
coefficient by three different procedures obtaineq from 100
repetitions. The resul%s obtained are reported in Appendix A.l
to Appendix A.8, which are further analysed using analysis of
covariance and the findings are reported-}ﬁ'Appendix B.1 to
Appendix B.6. It can be observed from Appendix A.1 to Appengix
A.4, for Sample size 10, that the General procedure(GNL)
performs very well over the others. Which can easily be
understood from Appendix B.3 (sample size 10) that the proposed
transformation GNL(ML) does better than the others, b

The efficiency due to computational time, i.e., the t;me
reqdired by the central prﬁcessing unit (cpu) in the computer is
reported in Appendix A1 té Appendix A.8 and it is observed that'
GNL(ML) takes always less time than the dther two for both the\

sample sizes considered.
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In Chapter\3 we ‘have shown the determinant for covariance
matrix can be obtained as a by-prodﬁct when General Procedure
(GNL) is in consideration. We also have shown in details how an
exact determinant can be obtained. It can be observed that the
dimension of the matrix for whichrthe‘deté}minant is to be
calcuiated is reduced from (n+g)xg to gxg, which reduces our
work and makes the computational effa;g much simpler. Because,
the order of the moving average process g is very much smaller
than the number of observations n, we have in practice.
Therefore, one can use this exact determinant for any of the
three procedures discussed in Chapter 2. Specifically, it is
impoftant to use this determinant when one is using MacDonald
. andlﬁacKinnon Procedure or Phillips Procedure. Because, they do
not have any determinant to be obtain as a by—produci like
General Procedure. |

In Chapter 4, we haJe discussed the efficiency of proposed
approximate estimator relative to the GLS and OﬁS. We have |
computed the relative efficiency for six different sample sizes.

The results are tabulated from Appendix E.1 to Appendix E.6 for

relative effifiency of GLS to OLS, from Appendix F.1 to Appendix
F.6 for r tive efficiency of MAPX to OLS and from Appendix G.!
to Appendix G.6 for relative efficiency of GLgfgé MAPX. It is to
be observed frém Appendix G.1 to Appendix G.6 that approximate
estimstor performs as well as exact estimator in the middle of

the tables, i.e., when both the moving average parameters are-

small in magnitude., As sample size increases, i7e., as we move
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,

Erom Appendix G.! to Appéndix G.6 the efficiency of the
approximate estimator incréases. Therefore, in that region of
the MA parameters, i.e;, in the middle of the tables the
approximate transformation may be considered instead of exact

transformation on the ground of computational simplicity.
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APPENDIX A.1

REL. EFFICIENCY AND BIAS OF Bo AND B1 ESTIMATES

WITH RESPECT TO OLS
EGLS ML
n =10 Bo BT Bo Bi
Eff. Bias. Eff. Bias Eff. Bias  Eff. Bias
GNL: 77663 0,704 T.548 05| 1,734 0,035 616 -.021
MM: 1.449 0.068 1.316 -.033| 1.607 -.006 1.469 .007
PHL: (NLS) |1.770 0.124 1.582 =-.072| 1.709 0.028 1.592 =.017
g, = 1.45 CPU TIME:( in milliseconds)
GNL(ml) MM(ml) PHL (ml1) PHL(nls)
6, =-.50 280.3 526.0 397.9 749.0
REL. EFFICIENCY AND BIAS OF Bo AND Bl ESTIMATES
WITH RESPECT TO OLS
EGLS ML _ -
n =10 Bo B1 Bo B1
Eff. Bias Eff. Bias Eff. Bias Eff. Bias
GNL: 1.562 -.169 2.162 0.034| 1.763 ~-.115 2.821 0.006
MM 1.260 -.195 1.585 0.012| 1.344 -.133 1.641 ~-.022
BAL: (NLS) |7.535 -.089 1.912 -.003| 1.748 -.128 2.734 0.011
8, =-1.45 . CPU TIME:( in milliseconds)
GNL(ml) MM(ml) . PHL(ml) PHL(nls)
6, =-.50 166.3 519.0  288.7 557.0
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APPENDIX A.2 ~

REL. EFFICIENCY AND BIAS OF Bo AND B! ESTIMATES '

, WITH RESPECT TO OLS
’ EGLS . ML
n =10 Bo B1 Bg, ' B1
Eff. Bias Eff. ﬁias 1 Eff. Bias Eff. Bias
GNL: 1.914 0.030 1.783 -.025 2.218 0.023 2,103 -.022
MM: 1.688 0.019 1.510 -,020{ 2.188 -.039 ?.004 0.012
PHL:(NLé% 2.325 0.036 2.173 -.028| 2.234 0.022 2.116 =.022

6, = 1.15 CPU TIME:( in milliseconds)

GNL(ml) MM(ml) PHL(ml) PHL(nls)
8, =-.50 280.8 520.0 . 383.0 545.0

REL. EFFICIENCY AND BIAS OF Bo AND Bl ESTIMATES
WITH RESPECT TO OLS
4 , “EGLS ‘ ML
n =10 Bo B1 Bo B!
Eff. Bias Eff. Bias Eff. Bias Eff. Bias
GNL: 1.525 =-.178 1.863 0.043| 1.520 -.139 2.136 0.024
TivES 7740 —.157 1,170 -.006| 7.796 =.138 1,133 =.007
PHL: (NLS) |1.329 -.096 1.560 0.001| 1.544 -.131 2.168 0.022
6, =-1.15 | CPU TIME:( in milliseconds)
GNL(ml) MM(m1l) PHL(ml) PHL(nls)

6, =-.50 166.3 541.0 295.0 434.0

3
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APPENDIX A.3
REL. EFFICIENCY AND BIAS OF Bo AND Bl ESTIMATES
WITH RESPECT TO OLS
EGLS ML
n =10 Bo B1 Bo B1
Eff. Bias Eff. Bias Eff. Bias Eff. Biaé
GNL: > 773 0,080 T.958 =050/ 3.277 0.023 2.933 -.020
MM T.941 0.065 1.772 -.044| 2.604 0.018 2.359 ~-.018
|PHL: (NLS) |2.940 0.071 2.621% -.046| 3.217 0.023 2,933 -.020
6, = 1.45 CPU TIME:( in milliseconds)
‘ o GNL(ml) MM(ml) PHL(ml) PHL(nls)
6, =-.80 280.5 491;0 380.5 430.0
REL. EFFICIENCY AND BIAS OF Bo AND Bl ESTIMATES
WITH RESPECT TO OLS
EGLS | ML
n =10 Bo B1 Bo B1
Eff. Bias  Eff. Bias | Eff. Bias Eff. Bias
GNL: T.528 -.173 2.422 0.027| 1.707 =-.744 3,927 0.0190
MM: 1,161 -,139 1.488 ~-.027| 1.398 ~-.116 1.525 -.036
PHL: (NLS) |{1.506 -.074 1.959 -.020| 1.702 -.136 3.449 0.009
9, =-1.,45 CPU TIME:( in milliseconds)
GNL(ml) . MM(ml) PHL (ml1) PHL(nls)
6, =-.80 156. 3 455.0 298.0 415.0
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APPENDIX A.4
REL. EFFICIENCY AND BIAS OF Bo AND Bl ESTIMATES
WITH RESPECT TO OLS
EGLS Mﬁ
n =10 Bo B1. Bo Bi
Eff. Baias Eff. Bias Eff. Bias Eff. Biaé
GNL: 7.286 -.006 2.278 =-.073| 3.042 =.009 3.136 =-.012
MM: T.740 0,003 7.535 <=.0271| 2.769 0,017 T.979 =.030
PHL:(NLS)}2.763 0.018 2.829 -.023| 3.042 -.009 3.136 -.012
16, = 1.15 CPU TIME:( in milliseconds) ,
GNL (ml) MM(ml) PHL (ml) PHL(rls)
6, =-.80 266.8 547.0 374.7 506.0
) 4
REL. EFFICIENCY AND BIAS OF Bo AND B1 ESTIMATES
WITH RESPECT TO OLS
EGLS ML
n =10 Bo B1 Bo B1 .
Eff. Bias Eff. Bias Eff. Bias Eff. Bias
GNL: 1.364 -.169 1.747 0.033| 1.427 ~-.191 1.979 0.046
MM: 7002 =.716 0.824 ~.044| 0.983 ~=—.179 0.702 =052
PHL: (NLS) |1.282 -.155 1.613 0.024]| 1.402 -.186 1.900 0.042'
6, =-1.15 CPU TIME:( in milliséconds) :
‘ GNL(ml) MM(ml)  PHL(ml) PHL(nls)
§, =-.80 153.5 ' 472.0 416.0 255.0
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REL. EFFICIENCY AND BIAS OF Bo AND BI ESTIMATES
WITH RESPECT TO OLS

EGLS ML -
n = 50 Bo BT | Bo * B1
Eff. Blas  Eff. Bias Eff. Blas Eff. Blas
GNL: 3086 ~ 027 72,657 0.07T| 25,057 073 23850 0007
MM 73.008 —.021 12.592 0.0171| 27.229 -.007 27.350 " 0,004
PHL: (NLS) |22.786 0.017 22.416 -.007| 31.123 -.008 30.664 0.005
6, = 1.45 CPU TIME:( in milliseconds)
: GNL(ml) MM(ml) PHL(ml) PHL(nls)
6, ==.50 1807.0 3675.0 2581.0 2653.0
“REL. EFFICIENCY AND BIAS OF Bo AND B1 ESTIMATES
WITH RESPECT TO OLS
EGLS ' ML
n = 50 — Bo BT Bo B1
| Eff. Bias Eff. Bias Eff. Bias Eff. Bias
GNL: 7847 0,005 72.632 0.074| 7,861 0,030 47.952 0.003
| MM: 1.768 -.000 11.627 0.014| 1.819 0.025 47.362 0.004
PHL: (NLS) |1.470 0.096 39.547 0.004| 1.880 0.020 47.878 0.004

6, =-1.45 CPU TIME:( in milliseconds)
GNL(ml) MM(ml) PHL(ml) .~ PHL(nls

6, =-.50 1037.0 2188.0 1369.0  2400.0

)
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¥

REL. BFFICLIENCY AND BIAS OF Bo AND B1 ESTIMATES |
WITH RESPECT TO OLS

EGLS ML
n = 50 Bo B1 Bo B1
Eff. Bias Eff. Bias Eff.‘iBYés Eff. Bias
GNL: 5.302 -.032 4.8871 0.017| 4.579 <=.020 4.358 0.071
MM ; 5.178 -.032 4.768 0.018| 4.386 -.023 4.189 0.013
PHL:(NLS)|[3.938 -.018 3.800 0.011} 4.416 -.026 4.257 0.014
6, = 1.15 CPU TIME:( in milliseconds)
GNL(ml) MM(ml) PHL(ml1) - PHL(nls)
9, =-.50 1037.0 1841.0 1211.0 917.0
' REL. EFFICIENCY AND BIAS OF Bo AND BI ESfIMATES
WITH RESPECT TO OLS
EGLS ML
n = 50 Bo B1 “xgo B1
Eff. Bilas  EBff., Elas | Eff. Bias Effqﬁjyias
GNL: 7,477 =.072 3.830 0.020| 7.460 =-.070 4.863 0.020
MM [NTTP RN /3;609 0.076| 7.466 ~=-.012 4.%@ 0.015
PHL: (NLS) |1.442 -.008 4.464 0.021| 1,480 -.010 f.863 0.020

=-1,15 CPU TIME:( in millisqconds)
GNL(ml) MM(ml) PHL(ml) PHL(nls)
=-.50 - 377.0 800.0

505.0

353.0
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REL EFFICIENCY AND BIAS OF Bo AND B!

ESTIMATES

WITH, RESPECT TO OLS -
o / &
o EGLS §z 
n = 50 Bo'; . B Bo X Bl
* A ﬁff Bias QEff. Bias Eff. Bias Eff. Bias
GNL: ; |(10.167 -.005 9.311 0.004|13.175 ~-.007 12.823 0.005
Wi +i | 95609 -.005 6.965 0.004|713.596 -.004 14,060 0.00%
pHL?%&LS) 73.488 -.007 13.128 0.005|14.746 -.006 14.732 0.004
6, = 1.45 . CPU TIME:( in milliseconds)
GNE{ml) MM(ml) PHL (m1) PHL(nls)
6, =—.80 11002.0 1485.0 1224.0 476.0
REL EFFICIENCY AND BIAS OF Bo AND B1 ESTIMATES
WITH RESPECT TO OLS
e EGLS ML
n =%§0 Bo ‘ B1 Bo B
& Eff. Bias Eff. Bias Eff. Bias Eff. Bias
GNL: 1.816 0.003 9.526 0.016| 1.703 0.008 12.167 0.014
MM : 7.764 0.006 B8.482 0.010| 1.618 0.011 10.734 0.009
PHL: (NLS) |1.675 0.015 12.463 0.011] 1,692 0.010 12.559 0.013
6, =-1.45 CPU TIME:( in milliseconds)
GNL(ml) MM(ml) BHL(ml) PHL(nis)
6, =-.80 451.,0 999.0 806.0 2:6.4 _
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REL. EFFICIENCY AND BIAS OF BG AND B1 ESTIMATES
WITH RESPECT TO OLS '

L - |
T EGLS | ML~
n =50 Bo Bl Bo B
“Eff. Bias Eff. Blas Eff. ,B}a§ Eff. Bilas
GNL: 5829 -.016 5.710 0.011| 7.667 0,001 7.755 0.003
MM : E.746 -.018%5.448 0.012| 6.824 0:010_»6.816 =.002
PAL: (NLS) |5.620 0.014 5.547 -.003| 7.167 0.004 7.107 0.001
6, = 1,15 | CPU TIME:( in milliseconds)
GNL(ml)  MM(ml) PHL(ml)  PHL(nls)
6, =-.80 716.0 1576.0  1310.0  371.0
“REL. EFFICIENCY AND BIAS OF Bo AND Bi ESTIMATES
WITH RESPECT TO OLS .
EGLS ML
n = 50 Bo , B Bo — 5
Eff. BTé; Eff. Bias Eff. Bias Eff. Bias
GNL: 7,448 -.015 ©5.382 0.024| 1.446 0.023 9.125 0.006
MM:

1.415 -.018 4.934 0.021} 1.379 0.019 8.270 0.003

PHL: (NLS) |7.444 0.029 8.487 0.002| 7.436 0,025 8.960 0.005

g, =-1.15 C2U TIME:( in milliseconds)
GNL (m1) MM(ml) PHL(ml) PHL(nls)
6, =-.80 440.0 1125.0 927.0 223.0

Y :

AL T L 4
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APPENDIX B.1
(ANOCOVA)

(combined samples)

ANALYSIS OF VARIANCE OF REL. EFFICIENCY OF Bo

SUM SQRS MEAN SQR F-STAT SIGNIF

SOURCE DF’
REGRESSION 9 1477.8 164,20 8.6434 .0000
FIRST 5 VARS 5 40.081%1 8.0162 .42198 .8322
ERROR . * 86 1633.7 18.997
TOTAL™ : 95 - 3111.5
VARIABLE COEFF STD ERROR  T-STAT SIGNIF -
CONSTANT -10.645 4,3843 -2.4279 .0173
_101.T1 -.731 .9947 -.7349 .4644
102.T2 ©.439 .9947 .4410 .6603
103.T73 -.953 .9947 -.9580 .3408
104.T4 .327 .9947 .3285 .7433
105.T5 .460 -1 -.,9947 L4621 -1 .9632
106.T6 .873 19947 .8772 .3828
5.SMSZ 117 .2224 -1 5.2580 .0000
6.TH2 2.743 2.9656 .3248 .3577
7.STH1 2.657 .4448 5.9720 .0000
8 .MTH1 10.061 2.9656 3.3927 .0010

ANALYSIS OF VARIANCE OF REL. EFFICIENCY of BI

SOURCE DF SUM SQRS MEAN SQR F-STAT SIGNIF
REGRESS]ION 9 4680.1 520.01  9.7655 .0000
FIRST 5 VARS 5 360.51 72.101 1.3540° .2497
ERROR 86 4579.5 53.249
TOTAL 95 9259.5 |
VARIABLE COEFF STD ERROR  T-STAT SIGNIF
CONSTANT -24.740 7.3404 -3.3704 L0011
C101.T1 -2.402 1.6654 -1.4422 .1529
102.T2 1.593 1.6654 .9568 3413
103.73 ~2.900 1.6654 -1.7415 . 0§52
104.74 1,143 1.6654 .6866 . 4942
- 105.T5 .503 1.6654 .3022 .7632
106.T6 2.062 1.6654 i.2382 .2190
5.SMSZ .268 .3724 -1 7.2033 .0000
6.TH2 10.931 4.3651 2.2015 .0304
7.STH1 ~.765 .7448 =1.0277 .3070
8.MTH!  23.982 4.9651 4.8300 .0000

‘39"

A
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APPENDIX B.2

(ANOCOVA)
ombined samples)

ANALYSIS OF VARIANCEAbF BIAS OF Bo

F-STAT SIGNIF

SOURCE DF SUM SQRS  MEAN SQOR
REGRESSION 9 .20377 .22641 =1 17,225 .0000
FIRST 5 VARS: 5 .37730 -2 .75461 -3 .57410 .7196
ERROR 86 .11304 .13144. -2
TOTAL - 95 .31681 :
‘VAR&A%%E COEFF STD ERROR  T-STAT SIGNIF
CONSTANT . 10420 .36469 -1 2,8573 .0054
101.T1 .11240 -1 .82740 -2 1.3584 .1779
102.T2 -.27542 -2 .82740 -2  -.3329 .7400
103.7T3 .23271.-2  .82740 -2 .2813 .7792
104.T4 -.89417 -2 .82740 -2 -1.0807 .2829
105.T5 .17833 -2 ~.82740 -2 .2155 .8299
106.T6 -.36542 -2 .82740 -2  -.4416 .6599
5.SMSZ -.18224 -2 .18501 -3 -9.8501 .0000"
6.TH2 .24625 -1 .24668 -1 .9982 .3210
7.STH1 =-.27137 -1 .37003 -2 -7.3340 .0000
8.MTH1  .14528 -1 .24668 -1 .5889 .5575
ANALYSIS OF VARIANCE OF BIAS OF B
SOURCE - DF SUM SQRS  MEAN SQR  F-STAT SIGNIF
REGRESSICJ 9 .71467 -2 .79408 -3 5.8421 .0000
FIRST 5 VARS 5 .13378 -2 .26756 -3 1.9684 .0914
ERROR 86 .11690 -1 ,13592 -3
TOTAL 95 .18836 -1
VARIABLE COEFF STD ERROR  T-STAT SIGNIF
CONSTANT  .31487 -1 ,11728 -1 2.6849 .0087
101.T1 .72198 -2 .26607 -2 2.7135 .0080
102.T2 -.26365 -2 .26607 -2 -.99088 .3245
103.T3 .18635 -2 ,26607 -2 .70039 . 4856
104.T4 -.25740 -2 .26607 -2 -.96739 .3361
105.TS -.73958 -4 .26607 -2 -.27796 -1 .9779
106.T6 -.37990 =2 .,26607 -2 -1.4278 .1570
5.SMSZ -.38547 -3 .,59495 -4  -6.4790 .0000
6.TH2  -.50764 -2 .79327 -2 -.63993 .5239
7.STH1 -.26771 -3 ,11899 -2 -.22498 .8225
8.MTH! -.43403 -2 .79327 -2 -.54714 .5857

of

90
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APPENDIX B.3

.~ (ANOCOVA)
(Sample Size ='10)

. g

ANALYSIS OF VARIANCE OF REL. EFFICIENCY OF Bo -
, L
SOURCE DF SUM SQRS MEAN SQR  F-STAT: SIGNIF|"
 REGRESSION 8 11.817  1.47M 13:462 . .0000
e FIRST 5 VARS 5 2.6112 .52224 4,7597  .0017
- | ERROR ¥ 39 4,2792 . 10972
N TOTAL 47 16,096
VARIABLE COEFF STD ERROR  T-STAT- . SIGNIF
CONSTANT .98063 . .46%573 2.1056 .0417
101,71 -.82729 -1 ,10691 -.7738 .4437
102.T2 ©.25640 .10691 2.3983 ¢ .0214
103.T3  -.39948 .10691 -3.7367 ~  .0006
104.T4 -.13598 .10631 © -1.2719 .2109
105.T5 .10915 .10691° 1.0209 .3136
106.T6 .25265 - .10691. 2.3632 .0232
6.TH2 -1.04600 .31874 . -3.2816 .0022
7.STH1 .40844 .47811 -1 8.5428 .0000~
8.MTH1 .12431 .31874 .38999 .6987

Is

ANALYSIS OF VARIANCE OF REL: EFFICIENCY OF BT
- ) o . P
SOURCE " DF SUM SQRS MEAN SQR - F-STAT SIGNIF
REGRESSION 8 11.726 1.4658 & 6.4164  .0000
N FIRST 5 VARS 5 .8.8933- 1.7787 ~ 7.7860  .0000
.. | ERROR:: - 39 8,8093 22844
: " | TOTAL , 47 20.@;5- R
4 VARIABLE - COEFF STD ERROR  T-STAT SIGNIF
CONSTANT  .93514 -1 .$7201 .13916 .8900 |
101.T1  -.51146 -1 £15426 , ~-.33156 .7420
102.T2 .56810  ..15426 3.6828 .0007
103.T3  -.61327 .15426  -3.9756 .0003
1 "104.T4 -.41177 .15426 -2.6693 .0110
105.T5 .17854 -1 ,15426 .11574 .9085
106°.T6 .49023 .15426 . 3.177%0  .0029
6.TH2 -1,2837 .45991  -2,7913 .0081
7.STH1 .79104 -1 .68987 -1 1.1467 ,2585
8.MTH!1 .83486 .45991 1.8153 .0772
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APPENDIX B.4

. (ANOCOVA) , A
(Sample Size = 10) ‘ o
ANALYSIS OF VARIANCE OF BIAS OF Bo : ,
SOURCE DF SUM SQRS MEAN SQR  F-STAT SIGNIF K
REGRESSION 8 .14085 .17607 -1 17.945 .0000 i
FIRST.5 VARS 5 .78468 -2 .15694 -2 1.5995 .1831
ERROR 39 .38265 -1 ,98115 -3 -
TOTAL 47 .17912
VARIABLE COEFF STD ERROR ' T-STAT SIGNIF
CONSTANT .55708 -1 .44041 -1 1.2649 .2134
101.T1 .24692 -1 .10110 -1 2.4424 .0192
102.T2 -.34208 -2 .10110 =1 -,33838 .7369
103.T3 .64667 -2 .10110 -1 ,63966 .5261
104.T4 -.15633 -1 .10110 -1 -1.5464 . 1301
105.T5 -.60583 -2 .10110 -1 -,59927 .5525
106.T6 -.60458 -2 .10110 -1 -.59803 .5533
- 6.TH2 .19778 -1 .30141 -1 ,65618 --.5156
7.STH1 ~-.52287 -1 .45211 -2°-11.565 .0000
8.MTH1 .35389 -1 .30141 =1 1.1741 .2475
ANALYSIS OF VARIANCE OF BIAS OF Bl
SOURCE DF SUM SQRS MEAN SQR  F-STAT SIGNIF
REGRESSION 8 .19637 -2 .24547 -3 11,0281 .4319
FIRST 5 VARS 5 .12370 -2 .24739 -3 1.0362 .4102
ERROR 39 .93114 -2 ,23875 -3
TOTAL 47 11275 -1
VARIABLE COEFF STD ERROR  T-STAT SIGNIF
CONSTANT 27111 =2 ,21725 -1 .1248 .9013
101.T1 .97229 -2 -.49870 -2 1.9496 .0584
102.T2 -.40646 -2 .49870 -2 -.8150 .4200
103.T3 - .51042 =3 .49870 -2 .1024 .9190
104.T4 -.20146 -2 .49870 -2 -.4040 .6884 |
105.T5 .18354 -2 .49870 -2 .3680 .7148
106.T6 -.59896 -2 .49870 -2 -1.2010 .2370
6.TH2 -.22931 -1  .14868 -1 -1,5422 L1311
7.STH1 .15896 -2 .22303 -2 L7127 .4803
8 .MTH1 .59028 -2 .14868 -1 .3970 .6935
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APPENDIX B.5

(ANOCOVA)

(sample Size.= 50)

ANALYSIS OF VAR;ANCE OF REL. EFFICIENCY OF Bo

SOURCE " DF SUM,SQRS MEAN SQR  F-STAT SIGNIF
REGRESSION 8 1692.1 211,51 9.3942  .,0000
FIRST 5 VARS 5 59.265 11.853 .52644 .7548
ERROR 39 878.10 22.515
TOTAL 47 2570.2 ] -
VARIABLE COEFF STD ERROR  T-STAT SIGNIF
CONSTANT  -15.253 6.6715 -2.2863 .0278
101.T1 -1.379 1.5315 -.9007 .3733
102.T2 .621 1.5315 .4054 .6874
103.7T3 -1.506 1.5315 -.9836 .3314 J
104.T4 .790 1.5315 .5155 .6091 /
105.T5 - .172 -1 1.5315 -.1123 -1 .9911
106.T6 1.492 1.5315 .9745 .3358 -
6.TH2 6.531 4.5659 1.4304 . 1606
7 .STH1 4.905 . .6849 7.1618 .0000
8.MTH1: 19.999 . 4.5659 4.3800 .0001

»

T ANALYSIS OF VARIANCE OF REL. EFFICIENCY OF Bl

‘T95URCE
| *REGRESSION
~ F3RST 5 VARS 5

DF
8

SUM SQRS MEAN SQR

3724.3  465.53
622.52  124.50

Yo oo
7,

F-STAT SIGNIF

6.5982 “.0000

1.7646 - 1430

ERROR 39 2751.6 70.555 .
TOTAL . 47 6475.9 |
VARIABLE COEFF ~ STD ERROR  T-STAT SIGNIF
CONSTANT -33.479 11.810° -2.8348 .0072
101.T1 -4.752 2.710 ° -1.7530 .0875
102.T2 2.619 2.711 .9660 .3400
103.T3 -5.187 2.711 -1.9134 L0631
104.T4 2.699 2.711 .9953 .3257
"105.T5 .989 2.711 .3647 L7173
106.TF 3.634 t2.7170 1.3404 .1879
6.TH2 23.146 8.083 2.8636  .0067 5
7 .STH1 -1.610 1.212 -1.3278 .1920 -
B8.MTH1 47.128 8.083 5.8309 .0000

93
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.14583 -1

-2 -3.2862

: . APPENDIX' B.6
(ANOCOVA)- -
(Sample Size = 50) . J
" ANALYSIS OF VARIANCE OF BIAS OF Bo
SOURCE DF SUM SORS  MEAN SQR  F-STAT SIGNIF
REGRESSION .. 8 .20657 -2 .25821 -3 1.2442 .3003
FIRST 5 VARS . 5 .89468 -3 .17894 -3 .86219 .5151
ERROR "7 .39 .80940 -2 .20754 -3.
TOTAL, £7- 10160 -1 |
VARIABLE QOEFF STD ERROR  T-STAT +~SIGNIF
CONSTANT  .43353 -1 .20255 -1 2.1403 .038%6
101.T1, . ,"-.22125 -2 .46496 -2 -.4759 .6368
102,72 %-.20875.-2 .46496 -2 -.4490 .6559
103.T3  %<.18125 -2 .46496 -2 -.3898 .6988
104.T4 =.22500 -2 .46496 -2 -.4839 .6312
105.T5-. .96250 -2 .4%6496 -2 2.0701 .0451
106.T6  -.12625 -2 .46496 -2 -.27215° .7874
6.TH2 .29472 -1 13862 -1 2.9261 .0399
7.STH1 ..-.19875 -2 .20794 -2 -3bs558 .3450
8.MTH1 -.63333 -2 .13862 -1 -.4669 .6503
Al
ANALYSIS OF VARIANCE OF BIAS OF B
SOURCE ~DF SUM SORS  MEAN SQR _ P-STAT SIGNIF
REGRESSION 8 .10259 -2 ,12824 -3 6.0295 .0000
FIRST, 5 VARS 5 .40314 -3 .80627 -4 3.7909 .0068
ERROR 39 1,82947 -3 .21269 -4
TOTAL 47 .18554 -2
VARIABLE COEFF ___STD ERROR  T-STAT __ SIGNIF
' CONSTANT .37135 -1 .64842 -2 5.7270 .0000
101.T1 47167 -2°. .14884 -2 ~ 3.1689 .0030
102.T2 . -.12083 -2 .14884 -2 =-.8118 .4218
103.T3 .32167 -2. .14884 -2 2.1611 .0369
104.T4 -.31333 -2 ,14884 -2 -2.1051 .0418
105.T5 -.19833 -2 ,14884 -2 -1.3325 .1904
106.T6 -.16083 -2. .14884 -2 -1.0805 . 2865
6.TH2 12778 -1 .44377 -2 2.8794 L0064
7.STH1  -.21250 -2 .66565 -3 -3,1924 .0028
8.MTH1 - .44377 .0022

»a,&i& ;‘ .

e



APPENDIX C.1

B
x

The ratios of the variance of AITKEN to 'the
variances of APX,” MAPX and FMAPX. For a given
sample size, the first row is for APX,the
‘second for MAPX, and the third for FMAPX.

Y

n/c .10 .30 .50 .70 .90 .59
3 0.712 0.812 0.921 0.988 0.944 0.895
1,000 0.998 0.981 0.926. 0.834 0.789
1.000 1.000 0.999 0.993 0.971 0.955
5 0.833 . 0.902 )0.971 0.970 ~0.786 0.678
1.000 0.998 0.981 0.899 0.715 0.626
- 1.000 1.000 0.999 0.985 (921 0.872
10 | 0.918 0.956 0.889° 0.959 %0.614 0.423
1.000 0.999 0.989 0.914 0.583 0.411
1.000 —1.000. 0.999.50.983 0.817 0.663
15 | 0.946 0.97®% 0.993 0.968 0.570 0.313 |-
1.000 0.999% 0.993 0.938 0.550 0.308
1.000 1.0868 1.000 0.987 0.776 0.527
[ J’ N ‘
20 0.960 0.979“3g 0.995 0.976 0.569 0.251
1.000 1.000 0.994 0.953 0.553 0.249
1.000 1.000 1.000 0.990 0.769 0.440
30 | 0.973 0.986 0.997 0.984 04612 0.185
1.000 1.000 0.996 ‘0.969 0¥600 0.184
1.000 1.000 1.000 0.993 0.794 0.335
50 | 0.984 0.992 0.998 0.990 0.714 0.129
1.000 1.000 0.998 0,981 0.704 0.128
1.000 1.000 1.000 0.996 0.857 0.240
- 00| ‘0.992 0.996 0.999. 0.995 0.841 0.089
) 1.000 1.000 0.999 0.991 0.835 0.0G5 |
: 1000 1.000 1.000 0.998 ¢.927 0.168 | &
¥ . .
AN i .

-

—
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it APPENDIX C.2

\\,f

Ratios of the variance of giﬁpx tos the varlances
of APX and MAPX. The first row‘lsﬂfor APX, and

" the second for MAPX. %
j/ 3
n/cf{. .40. .30 .50, .70 .90 .99 .

3 | 0.712 "0.812 -0.921 0.996 0.973 0.938 |
| 1,000 0.998 0.981 0.932 0.859 0.826

5 | 0833 0.902 - 0.972 0.985 0.853 0.777
1.000 0.998 0.982 0.913 .0.776 0.718

10 | 0.918 0.956 0.990 0.976 0.752  0.638

1,000 0.999 0.990 -0.930 0.715 0.619

15 | 0.946 0.971 0.994 0.981°-0.735 0.593
1.000 0.999 0.993 0.950 0.709 0.584. |

20 | 0.960 0.979 0.995 0.985 0.740 0.572

| 1.000 1.000 0.995 0.962 0.720 0.566

30 | 0.973  0.986 0.997 0.990 0.771. 0.551

1.000 1 0.997 0.975 0.755 0.548

.000

.998 0.994 0.831 0.536
.998 0.985 - 0.821 0.535

50 | 0.984 0.992
1.000  1.000

[ Ne)

100} 0.992 0.996 0.999 0.997 0.908 0.527
1,000 - 1.000 0.999 0.993 0.901 0.526
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C****
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C****
C****
C****
C****
C****

C****

C****

C****

10025
58
60

115

APPENDIX H.!

This FORTRAN program is toybe use to obtain the transformed
variables, to perform the EGLS and can also be use as a sub
-routine for ML, when the Regression Mocdel has MA(2) Errors.
REAL*8 TH(2),YT(10),XTO(10),XT(10),S(19,10)
REAL*8 YST(10) ,XST1(10),XST2(10) ,A11,412,A13
TH's are the two MA prameters..reading from MTS file.
YT,XTO,XT are the_ dependent variable and two independent
var1able, one of them may be column of 1's for intercept.
S is the square root matrix of covariance matrix V.
YST,XST1,XST2 are the transformed variables of YT, XTO XT.
INTEGER N M,I,L,J,K ‘

N=10
This N is for sample size, to be’ changed when necessary.
READ (3,60) TH

READ (5,60) YT

READ (2,58) XTO

READ (4,60) XT .
A11=1,0+TH(1)*TH(1)+TH(27*TH(2)
A12=-TH(1)*(1,0-TH(2)) N
A13=-TH(2) o
S(1,1)=A11%*_5 e
¥YST(1)=YT(1)/S(1,1)
XST1(1)=XTO(1)/S(1,1) -
XST2(1)=XT(1)/S(1,1) .
S(1,2)=A12/S(1,1) i
S(2,2)=(A11-S(1,2)*S(1,2))**.5
YST(2)=(YT(2)-S(1,2)*¥YST(1))/S(2,2)
XST1(2)=(XTO(2)~-S(1,2)*XST1(1))/S(2,2)
XST2(2)=(XT(2)-S(1,2)*XST2(1))/S(2,2)
K=1" - T
L=2

The values given to K and L are fixed, not to be changed.
DO 10 J=3,N

S(K )—A13/S(K, K)
S(L,J3)=(A12-S(L-1,J-1)*S(L-1,J))/S(L,L)
S(J,J)=(A11-S(K,J)*S(K,J)- S(L,J)* (L,J))**.5
YST( )=(Y (J)-S(L,J)*YST( 1)-S(K,J)*YST(J-2))/S(J,J)
XST1(J)=(XTO(J)-S(L,J)*XST1(J-1)-S(K,J)*XST1(J-2))/S(J,J)
XST2(J)=(XT J)—S(L,J)*XSTZ(J—1) S(K,J)*XSsT2(J-2))/s(J,J)
K=K+1
L=L+1
CONTINUE

WRITE (6,10025) YST
WRITE (7,10025) XST1
WRITE (8,10025) XST2
These transformed variables may be used for EGLS.
FORMAT(F16.8)

FORMAT(F3.0)

FORMAT(F9.5)

STOP )

END
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APPENDIX H.2

This program will calculate the exact determinant of

~covariance matrix @ for MA(2) error process using © matrix.

REAL*8 A1(50,3),SA1,5A2,SA3,DET,THETA(2),21(50),22(50)
READ (5,100) THETA , ‘

Where THETA is for moving average parameters.

MM=50 .
Where MM is the sample size, change when necessary along
with the dimensions specified above.
Z1(1)=-1*THETA(1)
22(1)=-1*THETA(2)
A1(1,1)=21(1)*21(1)
A1€1,2)=22(1)*22(1)
(1)

AT, 3)=21(1)*22

SAT=A1(1,1)

-1)+22(I-1)
-1)

DET=(1+SA1)*{1+SA2)-(SA3)*(SA3)

WRITE(6,121) DET
FORMAT(F10.3)
FORMAT(F12.8)
STOP

END’

A
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