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Chapter I

Procedure Documentation



THE TSCSREG PRCCEDURE

TSCSREG, an acronym for Time Series Cross-Section REGression, is designed
to analyze & class 6f linear econcmetric mcdels which commonly arise when com-
bining time series and cross-sectional data. Such models may be viewed as a

two-way design with covariates:

P
yij,= kfi,xiiksk + u.]."j i=1,2, ¢es, C3

i=1,2, ..., IS

As is always the case, the performance of any estimation procedure for the
modei regression parameters Bk , k=1,2, ..., p will depend upon the
statistical characteristics of the error components, uij’ in the model. For
this :eaéon, the package TSCSREG was written to allow a user to study the
estimates of the regression pafameters in the above model under three of the

more common error structures in the recent literature. Namely,

l. A variance components model.

2. A first order autoregressive model with contemporaneocus correlation.
and
3. A mixed variance-component moving average error process.

In doing this, the TSCSREG procedure makes no assumptions concerning the rank
of the maftrix of explanatory varisbles X . Moreover, only range-preserving

estimators are used for all required error structure parameters.

QUTHJT
Use of PRCC TSCSREG causes all information and references for the proce-

dure options to be printed out. These enable one to locate the original



research report and thus cbtain a complete description of the three types of
error structures mentioned in the preceding section. 1In addition, for each
model entered, the TSCSREG procedure gives the model variables, underlying
error structure parameter estimetes, and regression parameter estimates and
analysis. Included under the umbrella of "analysis” is the name of the SAS
variable with which it is associated; a t-statistic for testing whether fthe
corresponding beta is zero, the significance probability of the t-statistic,
and the standard error of the b-value including the degrees of freedom upon
which it is based. PFurther, wherever possible, we have adhered to the
notation of the original reference.

The only output option available with PRCC TSCSREG is to have the
variance-covariance and/or the correlation matrix of the resulting regression

parameter estimates for each model and assumed error structure printed out.

The . Procadure TSCSREG Statement

The PROCEDURE TSCSREG statement is of the form

PRCC TSCSREG TS = __ CS = __ < DATA = data-set name>

<FULLER>  <EARKS> <DASIIVA M = _ >;

Parameters for FPRCC TSCSREG Statement

Data - Input data set. See paragraph on 'STRﬁCTURE OF INFUT DATA SET' in
later part of documentation.

s - The number of observations in each time series.

cs - The mumber of observations in each cross-section.

FULLER - Analysis of model assuming a Type I error structure.

RARKS - Analysis of model assuming a Type II error structure.



DASIIVA - Analysis of model assuming a Type III error structure
M - The length of the assumed moving average process in method

DASIIVA (M < TS-2)

PROCEDURE INFORMATION STATEMENTS

PARMCARDS Statement

There is only one type of Parameter card, namely, MODEL.

PARAMETER CARD SFECTFICATION

The MODEL statement is of the following form:

MODEL Numeric variable = mumeric_variable <additional numeric variables>
/<> <VAE> <CORE> #

Options and Parameters:

NOMEAN = When this option is absent, the procedure will include an intercept

NOTNT term in the model. Wren NOMEAN or NOINT is specified, no intercept

will be iﬁcluded.

VAR - This option causes the variance-covariance matrix of the model para-
meter estimates to be printed.

CORR - This option causes the correlation matrix of the model parameter

estimates to be printed.

TREATMENT OF MISSING VALUES

If the value of any one of the SAS variasbles used for the model presently
being analyzed is missing from an observation, analysis on this and all sub-

sequent models will terminate with an accompanying error message.



' STRUCTURE OF INFUT DATA SET
PRCC TSCSREG assumes that the input data set consists of N = CS * TS

observationms which have previously been sorted according to

PRCC SORT <OUT = data_set_name><DATA = data_set_neme>

BY CS_ID TS_ID;

No check is,' made on the above structure except that of whether the actual
number of observations on the :anut data set agrees with the product of C3
and TS. If it does not, analysis on this medel and all subsequent ones will

terminate with an ac'comjéa.n:ying error message.

STANDARD FTX-UPS TAKEN

For procedure PARKS s The first-order autocorrelation coefficient must
. be estimated for each cross-section. ILet RHO be the CS-VECTOR of true
parameters and R the corresponding vector of estimates. Then to ensure
that only range-~preserving estimates a.re.)useci in ©PRCC TSCSREG the following

form for R is taken:

R(I) = R(T) if |R(1)]| <1
= max (.95, RMAX) if R(I) > 1
. = min (-.95, RMIN) if R(I) < -1
) where
RMAX = 0 , if R(I) <0 or R(I)>1 forall I

max {R(J): O < R(J) <1} , otherwise.
J

' and similarly



RBMIN = 0 , if R(I) >0 or R(I)<-1 for all I

=min R(J): -1 < R(J) <O otherwise.
I | S

whenever this fix-up is taken, an error message is printed.

JOB_CONTROL STATEMENT REQUIREMENTS AT TUCC

PRCC TSCSREG is written to run under SAS(1976) and is available in
the SAS Supplementary Library. To run & job at the Triangle University

Computing Center requires the following job control language cards

//3cb_name JOB XK JYT - 222 ,proMer_m

//STEP EXEC SAS

//SAS .FT16FO0L DD DSN=&UT2,UNIT=SYSDA,SFACE=(TRK, (10,10)),
// - DCB-(RECFMeVBS,LRECL=2602,BLKSIZE=26C6)

//SAS.SYSIN DD *

SAS STATEMENTS AND DATA CARDS



EXAMPLE

‘ For completeness we begin by creating a data set WORK.DS1 from cards,
PROC SORT is then used to rearrange the data into the required time series and
cross=-section format.. Fiﬁally,A PROC TSCSREG is applied to amalyze the data

under all three error structure models., All relevant output is included in

. . this documentation including a listing of the sorted data set via PROC PRINT.

| DATA #CRK.DS1: [NPUT Y &4=8 X_1 21=39 %X_2 31-40 X_3 41=50 STATE S 61-
. YEAR 71=74 ; CASDS:

BERCC SCET JUT=wNRK.DS! § 3Y STATZE YEAR

PRCC TSCSAR=G DATA=WORK.DS1 TS=1S CS=8 FULLER LARKS DASILVA M=S5;

PARMCARDS
MCDEL Y = X_l X_2 X_3¥ / VAR CCRR#

PRCC PRINT DATA=WGRK.O0S1



- =~ = = = == = =~ = CPATIONS SPECIFIEL = = = = = = = = = = =

CPTION FULLER SRECIFIED

REFERENCE:

We Ae FULLER & Geoe Eo BATTESE, ESTIMATICN 2F LINEARP MCRELS
#ITH CROSSES-ZSRROR STRUCTURE, JJQURNAL QF ZCUONCMETEICS, Ve 29
NCe 1y MAY 1874, P, £7=78 -

CATION PARKS SPRECIFIED

REFERENCE:
Je KMENTA, ELEMENTS CF SCONOMETRICS, NZw YARKST MACMILLAN CCe.
1971+ Be S512=%14,

CRTICN 0A SILVA SRECIFIED #ITH M = s

REFERENCE?

Je Geo Co DA SILVA, THE ANALYSIS CF CRNSS—=SECTICNAL TIME
SERIES DATA. INSTITUTE CF STATISTICS MIMECGRAPH SERIES,s NC.
1011, RALEIGH, Ns Ce? NORTH CARGQULINA STATE UNIVERSITY, 1973,
(PHeDe DISSERTATION) .

NUMBER QF C3SESVATICNS [N A CRCSS-SECTICN = =]
NUMBER QF C3SERVATICNS IN A TIME SERIES = 13
NQTE

1F THE DATA SET WAS NCT SQJORTZED ACCCROING TC TF‘ INSTRUCTICNS
IN THE DCCUMENTATICN CF PROC TSCSREG THE RESULTS Il 8‘
ERRONEQUSs E.Ge STATEMENTS SINMILAR TC

PRQC SCORT DATA=DATA_SET_NAME QUT=DATA_SET_NAMES

3Y CROSS_IDQ TIVME_ o7
SHOULO PRECEDE RPRGC TSCSREG.
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b3 =
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e RS ST ER R EER S EE S L EEREE RS EEELE L EE L LSRR

DEFENDENT VARIABLE
Y
INDEPENDENT VARIABLES
SINT
x_1
X_2

x_3

% 3% 3 3 ok e o 3 ok e 3 k4 i Sl sk e 3 e e e ot o o i Sie e S sl e el S oK ik T e s ok i e it e e ok R Mok e e i e e sk e ko e
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****i*********************#*****#***#******#*##**#************

* *
* ' *
% FULLER AND BATTESE METHODO ESTIMATES »
* : . =
* *
* 2

¢ 3 3 e e e e i o ok ok e e e 3 3 ol S e e oK o e e e 3 S i e e 6 ik e s i 3 e iR e o S ie e g e o R e itk e e e e ok

SQURCE 3 VALUES T FOR H:8=0 PRA8>|T] STD ERR 3
SINT 1.635092 3.474a1 . Q,.0007 0.47520
x_1 Ne287CS2 € .85364 0.3951 Q+33627
X_2 -3.898827 -1el1456 0.2543 078434
xX_3 0e38Q770 2.2%945 0.0235 2.25319
ODEGREES CF FREEDCM FOR T=STATISTICS = 116
3 e S0 K K 3R 3 ol o S X e R e e e e e e it o i e it sde sl e e ol e ol S i i o e e e i 3R 0 S e ke i S e e e e e e I
E S *
* x
% VARIANCE COMPINENT ESTIMATES ‘ *
x =
*x x
EE RS EREEREEEREESE L R R LS PR LSRR LR T
VARIANCE CCMPQONENT FOR JROSS-SECTICNS = 034670734
{SIGMA_SQUARED_3U3_V)

VAR [ANCE CCMPCNENT F2P TIME SERIES = 0.076498770
(SIGMA_SQUARED_SUS_E)

VARIANCE CCMPCNENT FAR. ERRCR = 0.53583333
(SIGMA_SQUARED_SU3_EPSILEN)

TRANSFORMED REGRESSICN MeSeEe = : 0.53143436

(MeaSeSs OEGREES QF FRESOOM = 118)



10

P R I E Y RSP R EL S SRS AR R EE R EEE L LR R E R RS L L L L R

e
. .
* VARTANCE-COVARIANCE MATRIX FOR
= FULLER AMD SATTESES SARAMETER ESTIMATES
* .
TR , R , o
e 3t s xe sl 5 e e X Rt 3 e i e e cie sk 2 3T SR e ok ok sk ok e S e sl e e sk e g i el it ek e sl e i X ek e e R
SINT X_1 x_2
SINT G.22582 -0.052143 ~-0,28883
x_1 -0.0521543 0.11308 =0,0020331
x_2 -0.28883 =0.0020331 0e61518
X3 «3.028777 =0.012987" 0.011835

=
x
*
*
=
*
E

x_3

-0.028777
-0.310987
N1.Q118355
0.064062

LEEE RS2 E R R L E RS E R b R R P R AL E R PR LR LR R TR T

=
*x
* CORRELATION MATRIX FOR
x FULLER AND SATTESE PARAMETER ESTIMATES
- . .
»x
EE 2 23S FELEFEEFERTESRSELE RS L P2 2RSS TRLRELE RS TP
SINT X_1 X_2
SINT 1008 -0 .32631 ~0,77493
X_1 ~0.32631 1.000C =0.0077085
x72 ~0s77493 =0.0077G36 1.0000
x_3 -0.232925 -0.129C9 C.05%718
NOTE S
THE FULLER AND SATTESE METHOC USEC  C.3S SECCNOS
AND REQU IRED AN INCREMENT IF 1640 3YTEZS CF STCRAGE.

PROGRAMMER, FULLER AND ZATTESE METHCD:

DOLUGLAS Jeo DRUMMCND

INSTITUTE QF STATISTICS

NOQRTH CARGQLINA STATE UNIVERSITY
RALEIGHs NORTH CARCLINA 27507

*
b 3
E 3
»
x
*x
£

X_3

-0 ,23925
=Q0412909
0.CS9716

1.0000
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= =
= x
* BARKS METHQD ESTIMATES »*
N . =
* *‘
= E

s ¢ 36 30 3 3 3% 36 20 3 e ot ook e e 4038 36030 S0 el S0 36 o e ik 0ol e 3 3 0 36 3630 3 6 40 e 0o 5K o o o el i e e o K R

SAURCE 8 VALUES T FOR Hi18=0 PRG3D>|T| STD ERR 8
SINT 1.325G6 7.6144 8.0000C 0e23969
X_1 Ced617632 0.27765 0.7818 0.22245
x_2 -1.21082 -443419 3.0009 0.27887
x73 0.678353 442902 9.0000 0.157553

DEGREZS CF FREEDCM FOR T=-STATISTICS = 1186
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* VARTANCE~COVARIANCE MATRIX FOR

DA PARKS PARAMETER ESTIMATES

-

**********?***********#*******#******##*#*#***#**#**#****#***

SINT X_1 X_2 X_3

SINT 0.057449  =4,024841 ~0.047571 -0.,£12853
X_1 -0,0243841 0.249485 0.N0CS6828 =0.0012825
x_2 “0.047571 0.000354828 0077765 0.0060472
x_3 . =0e012853 =0.C0128268 0.0080672 0.024854

e3¢ e 409030 s oo ke 36 e 33036 6 5K 36 8 300k 3636 50 5K 36 30303 38 000 e 030 3 e 308 48 e e e el 30 e e KRN e e e

PRCGRAMMER, RARKS METRAD:

OOUGLAS J. DRUMMAOND

INSTITUTE CF STATISTICS

NQRTH CARGCLINA STATE UNIVEXSITY
RALEIGHs NORTH CARCLINA 27537

X_3
-0.34C18

-0 .036572

Q.13800
1.0Q00

*
*
M CORRELATION MATRIX FOR
%*. DARKS RARAMETER ESTIMATES
=
;*#*******3************$****************************#********
SINT x_1 x_2
SINT 1.0060 -0.3659C  =0.,7117C
X_1 -G.36599 1.000C 040051606
x=32 -G.71170 0,0091606 1.0000
X3 -A.33016 -0.036572 0.13300
BARK 3
KS METHOD USED _ N,3% SECONOS ANC RSCUIRED AN
INCREMENT OF €752 3YTES CF CORE STCPAGE.

b
=
E
»
x
€*
x
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###***#***#*#***#*****#*##*##*****#****##ﬁ*********#*##****#*

*
* , *
* E 3
* OA SILVA METHOD ESTIMATES *
* =
* *
* *

3% 3638 ¢ 30 2 6 36 e e 00 36 46 36 i 3 e 26 i 38 siesie 2 e i S 30 80 e e 3 e =K o e 030 e e 3 S8 3 e K oKk e eI X

SCQURCE 83 YALUES T FOR HiIB=0 pPRrROB>| T STD ERR B
SINT 2.48518 £.2664 0.0Q00 039675
x_1 -1.710CS -15.,058 o0 . 0411357
x_2 -3,833112 -1.1493 0.2528 Q.72489
X_3 Q+934267 21.830 Q.0 0.042738
DEGREES CF FRESDCM FOR T=STATISTICS = 118

8 3 e e 0 =i g e e 0 ook s e 2 i SR K S 036 e A I ks 3R 8 e S S8 o o S oie S o6 S e S e e s e e e e e K e e

B3R N

*

=

VAR TANCE CCMPONENT ESTIMATES *
’ x

*

L

Sl die ¢ e e Sie 6 e it et e e e e v e e T e e s s ot i S SiE XS S ol IR e A S e e i i e et e sie e e e e ok e ke

it

j**
VARIANCE CCMPAONENT FOR CROSS=-SECTICONS = 0.25413869
(SIGMA_SQUARED_SUB_A)
VARIANCE CCMPONENT FCR TIME 3E2IES = 7.017052893
{SIGMA_SQUARED_SUZE_8)

AUTOCOVARIANCES

0.59284Q
C.l18490
CelNa3l
-Q0.012287
‘C ] 13475
QeN93870

- LAG
. LAG
LAG
LAG
LAG
LAG

NFUWN D

TRANSFQRMEL REGRESSION MeSeZEes = 841130333
(MeS.5, DEGREES QF FREEDCM = 118)
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; | , | i xR
. **********************¢******3******3*********************** .
o **
: VARIANCE~COVARIANCE MATRIX FQOR ‘
:- : DA SILVA PARAMETER ESTIMATES B :
L R o UV o o ) B o
:#******:#*#*#as**#***#**?************#******:*f*******#*###*#
SINT X_1 X_2 %_3
- - - 9—3
. - 1S741 =0.0059601 0.24306 =03.0C035293
) ir?r -c.gés9601 5.312897 -0.00022752 =0.0012293
- x"2 -0.,24306 =0.00022752 Ne52546 o.oon33aqa
x"3 ~0.00035290 =0.0C12298 0.00033894 0.00183186

EEEEEEE 2R LR R AR E RS L LR R L Pt PELE RS LR EES S 2

% *
* x
= - CORRELATINN MATRIX FOR *
‘ * , " DA SILVA PARAMETER ESTIMATES *
»* *
’ * _ *
30 55 46 36 20300k 30 K ok 3RS S R 330 e e s i e g e ot s e e o e e 6 0 S el e e de e e e Sk e e Ko e
SINT - X_1 X_2 x_3
SINT l1.0CcCQ -Q.13228 -Q.84515 =Q.C20784
x_ 1 -0.13228 1.000C =0.0027637 -0.25298
X_2 =-0,84515 =Q,0027637 1.0000 0210925
X_3 -Q)esN20784 -0 25296 0.01032S l.0000
- NQTE :
LA SILVA METHCOD USED 1«33 SECINCS ANC REIQUIRED AN
INCREMENT gF 12752 3YTSS CF CORE STORAGE.,

FROGRAMMER, OA SILVA METHQD:

DRe Ae RONALD GALLANT
INSTITUTE CF STATISTICS

‘ NORTH CARQOLINA STATE UNIVERSITY
RALEIGHs NCRTH CARGLINA 27807
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¥ x_1 x_2 x_3 STATE YEAR
3259 Ce2 Q.4 Qo7 N+ 1954
1.5G1 0.4 f.a 0.4 NH 1957
Qe37S Ce3 Qe Qe N~ 1958
G513 €.2 Ces QeSS NH 1959
D e4358 Ce2 Q4 Ce2 N 1946Q
1094 Ce8 Ce& Qed N 1361
202561 Gel Q4 Oeb N 19582
2128 Ced Qe& Qe3d N+ 1963
le916 CeS Ced Cets NH 1954
3.421 cog 0.“ 003 N 1965
1048 CeS N.4 Ce3 NH 19488
24718 Ce8 .4 0.6 NH 19638
28079 Ceds Cets Ce& N 19&9
2eE71 Ce8 Qs 0.9 N 1970
1862 C.2 0.3 Cel NY 1356
3.023 Ce s T3 047 NY 1957
1877 3 0«8 J.8 NY 1983
1.567 Ce2 Ne8 Ce0 NY 1959
Ne3l2 Ce2 03 C el NY 1969
2225 Ce8 Qa8 Ge.8 NY 1981
26422 Cel Qa8 0.8 NY 1362
24433 Ceb Ce3 [o PN 2 NY 1963
1229 CeS T e8 Ne3 NY 1964
16497 Cae® QCe8 Cef? NY 19€&€8
0,072 .5 N3 e NY 19648
le2562 NS 0.8 Cel NY 1967
Q+596& CeS Qe3 Qed NY 1968
1e32C Qs Q.8 Q.0 NY 1569
2534 Ce’S Ce8 o JFNF 8 NY 1970
1ell?7 Ge2 D3 Q7 CONN 1958
15621 Cet Ce3 Q.S CONN 18357
1e471 0.3 fe3 Q.2 CONN 1853
Ce734 Ce2 Qe3 DeS CONN 1959
1eC28 Coe2 Ne3 Cef CONN 198649
Ce281 C.83 Ce3 Q0.0 C CNN 1381
{394 Col Ce3 Nel CONN 1862
2.082 Geb 043 Qe3 C ONN 1963
2717 QeS Q03 Qa7 CONN 19684
28902 D eQ 23 Q.6 C ONN 19865
2,119 CeS Ce3 Q.8 C CNN 1966
3.0867 a3 0.3 ‘Qel CONN 1967
1 eS44 CeS 0.3 Q48 C ONN 1943
2.0408 Ces C.3 0.5 CCNN 19&9
24130 Ge8 Fe3 0.5 CONN 1979
2433 Ce2 Ce2 Qe% TEXAS 1958
2.13¢& €4 Ce2 Ce& TEXAS 1887
Zel31 Q3 Ce2 Q.2 TEXAS 1958
2531 Cel Q.2 Ceb TEXAS 19593
Q6437 Ce2 Q.2 0.2 TEXAS 19€&0
14948 £ 3 Qa2 Ce?7 TEXAS 1861
24383 Cel Qa2 Q.9 TEXAS 1862
24930 N8 D2 Q03 TEXAS 1963
2.366 0.3 0.2 6.3 TEXAS 1954
3.449 Ce? Q.2 0eS TEXAS 1963
le.862 Ne S De2 GeS TEXAS 19é4
36331 Ce® Ce2 Q8 TEXAS 1367
3.518 Ce% Ce2 0.7 TEXAS 19613
34859 Cea Cae2 Cas TEXAS 19é&é9
44258 2.8 C.2 0.9 TEXAS 1970
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CeS62
2.058
177S
2221
2748
Ce831
1.011
Q396G
Q032
1202
Q.819
1.C18
1833
Qs370
1827
Celll
24190

2+316

1.9148
1.C40
QsS1C

D347

Neds2
NebS56
JeB22
D «896
1834
184058
Q992
Qe380
Q937
Q033
0.957

Q63567

1e3542
Te3186
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Chapter II

Description of the Methods
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1. Fuller and Battese Method

Various Components Model

Fuller and Battese:[l97h] have studied the model in which the random
BrTOrs Uij have the decomposition:
i=21,2, ..., N
Uij ='Vi ¥ ej " eij j=1,2, ..., T
with ﬁhe errors Vi’ e'j and eij beipg independently distributed with zero
means and variances ci 20, ci >0 and ci > 0 respectively. 'As‘such,
the authors are studying the common two way-random effects model with
covariates.

In such a model, the covariance matrix for the vector of random errors

U can be expressed as

'y g 2 2, . 2
E(t_rg)-v-cszm+ch+ceB

where A 1is the Kronecker product matrix of IN and JT; B is the Kronecker
product matrix of JN and IT; INT’ IN. and IT are identity matrices of

order NI, N and T, respectively; Jg and Jp are (M x N) and (Tx T)
matrices, respectively, having all elements equal to one.

Given such an error structure, the variance components in V are esti-
mated by the "fitting of constants"” method [e.g., see Searle (1971b)] with the
provise that any negative variance component is set to zero for parameter
estimation purposes. Estimated generalized least -squares are then performed

via
8= xvix)x vl

with the transformed model mean squared-error adjusted so as to estimate ci .

It should be pointed out that the authors obtain substantial computational
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hY

‘ advantages in their procedure by presenting the fitting-of-constants estimators '
for the variance components in terms of deviations from approprizte means instead
of cresting the ‘dummy variables for use in regressionms.

Finally, Fuller and Battese give sufficient conditions in orﬁ.er for é to

be unbiased and asymptotically normally distributed.

2. Parks Method

Autoregressive Model

Parks [1967] considered the first-order autoregressive model in which

(i = l’ 2’ e e g BI

i=1 2 o 1.,) have the structurs

the random /errors Ui i

E(Uij) =q, (heteroscedasticity)
. E(Ui.j Ukj) = (contemporanecusly correlated)

U’..=piU

L .. e autoregression
i3 1,3-1 7 & (autoregr )

where

As such, the model assumed is first-order autoregressive with contemporaneocus

. correlation between cross-sections.
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‘ In such a model, the covariance matrix for the vector of random errors U

can be expressed as

E(UU') =V = @11P OypPpp e e °1Nl°11ﬂ

9o1%57 FooFon +tt+ Tonfoy

e e ee

. b~
e e °'N1\IPNN_
where
- 2 -
: T-1
1 IS ERTRY
pi 1 ﬂj ...... p§-2
2 T-3
os 0 I ...
| P = i i Py
. +J : : : .
T-1 T-2 .T-3 ’
o1 05 py - weeel

Given such an error structure, V is estimated by a é—stage procedure leaving

8 to be estimated by the usual estimated generalized least-squares.
The first step in estimating V involves the use of ordinary least-sguares

to estimate g and obtain the fitted residuals
A A
‘U'-l-ngOLS

A consistent estimator of the first-order autoregressive parameter can then be

obtained in the usual manner via |




‘ Tastly, the autoregressive characteristic of the data can be removed
(asymptotically ) by the usual transformation of taking weighted

differences.

That is, for i =1, 2, ..., N

T

which we write as
P i=1,2, ..., ¥
¥* ¥* ¥ H] H ]
Y..=2 X .. B8 + U, v
=S - :.,]kak ij j=1,2, ..., T
Notice that the transformed model has not lost any observations like Kmenta
. (1971, pg. 512-14) does for simplicity.

The second step in estimating the covariance matrix V consists of

» applying ordinary least-squares to the above transformed medel to obtain

from which
s
S = ~ A
i 1-p
1P]
where

provides a consistent estimator of cij Estimated generalized least squares

., then proceeds in the usual fashion via



-~ g - ] -
= T )T Iy

-where V is the derived comsistent estimator of V . For computational pur-

poses, it should be pointed out that g is obtained directly from the trans-

formed model via
é’ - (X*’ a‘.;_x*):x*' ﬁ-lY.*

which has definite advantages. Furtﬁer, the 'above procedure is obviously
equivalent to Zellmer's (1962) 2-stage methodology applied to the ﬁransfomed
model.
Parks is able to show that his estimator is consistent and asymptotically
normally distributed with
.Var(é) 2 x v

3. Da Silvaz Method

Mixed variznce-component moving aversge model

Suppose there is available a sample of observaticans at T time points on
each of A cross-sectional umits. It is assumed that the observed value
of the dependent variable at the tg-l- time point on the J'.P-E cress-sectioﬁal

unit can be expressed as:

L =X . 8+ a, +0,_+ e,
Vig ¥ Bl © 24 % it

- . — - t - o a
i=1, ...,4; t=1, ..., T, where x; = (xitl"'xitp) is a vector of
explanatory variables for the tz-h- time point and iﬂ?' cross-sectional unit,

8 = (al. . .gp)’ is the vector of parameters, a, 1is a time invariant cross-

sectional unit effect, bt is a cross-sectional unit invariant time effect,
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. and e it is a residual effect unaccounted for by the explanatory variables

and the specific time and cx;oss-sectional unit effects.
If we arrange the observations first by individual units, then by time -

periods within individuals, we may write the equations in matrix notation as

r=4g+1,

where

1= @@®@L)+ @ @b +e,

= « s e . e ¢ = !
V= (g Vg Vg Vpp) 0 X = (Fgq  Zyp By Ky 2 2 =ag.iay)’

b 'Y R ! = e e o -3 oo t
b = (0y-+bp)" 5 &= (egyeeeeppeyyeeee, ) s

1, isan Ax 1 vector with all elements equal to 1 , and @) denotes
Kronecker product.

It is assumed that:

Assumption 1.

A,T . k . N - .
{% t}i=l, b=l is a sequence of nonstochastic known px 1 vegtors in RP
whose elements are uniformly bounded in Rp . The rank of X is p.

Assumption 2.

B is a px 1l constant vector of unknown parameters.

Assumption 3.

a is a vector of uncorrelated random variables such that E(ai) =0 and

Var(ai)=c§ (unknown) , c'§>O, i=1, .., A.

Assumption 4.

]
O

b 1s a vector of uncorrelated random variables such that E(bt)

and Var(by) =c§ (unknovn) , 0'%>O y t=1, «v., T.
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- ' Assumption 5.

gy = (oyq--eyq)

" time series of order M (< T<l) for each i ; heénce

' is a sample of a realization of a finite moving average

e, = & t=1, ..., T (i=1, ... A4),

it Oet -+ &let‘-l + eee T Q’Mst.M 3
where a, , @5 +++5 oy are unknown constants such that q # 0 and

-]
M #0, and {e;}}j=-¢ is a white noise process, 1i.e., a sequence of uncorrelated

2

random variables with E(et) =0 and E(ei) = ¢ (unknown) , o'g >0 .

Assumption 6.

. A T T
The sets of random variables {ai,}i=l s {bt}t=l e S

(=1, ..., A) are mutually uncorrelated.

Assumption 7.
2
)

. The random terms have normal distributioms: a, ~ ( 0,0,

2

2 2 .
bt~N(O,o:b) and et_k~N(O,o’e), i=1, ..., 4; t=1, ...,T;'

k.=l, o--,M. a3

If Assumptions 1-6 are satisfied, then

E(y) = X8
. and
- _ 2 2
ver(y) = o (I, @ Ip) + o3, ® I,) + (1, @ ),
where I, is the identity matrix of size A , J, is an A x A matrix with

A A
all elements equal te 1 and FT is a T x T matrix with tsE-I-l- element
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. y(|e-s]) , if |t-s] < 1 .
Ccv(eit,eis) = N .
o 0, if |t-s| >N

The covariance matrix, which we denote by V , can be written in the form

| M
V= cri(IA & T+ c’%(JA Q@ 1) + kzo y(k)(IA ® I‘T(k)) where

th

I";](?O) =TI, and, for k=1, ..., M, Fék') is a band matrix whose k

T
off-diagonal elements are 1 and all other elements are O .

Thus, the covariance metrix of the vector of cbservations ¥ has the

form

(w) s

Viv) = g \'#

2T o Rk,

. where v = (\)l, s VM!—S)' s

= <2

\)l O'a
_ 2

\)2 -C’b

) =Y(K‘3) ’ k=3, ..., %3

v, =1, @ Iy

<t
1]

=0, © 1,

' £-3) =
v IA®F$_~ S, k=3, ..., M3 .

k

The estimator of § is a two step GIS type estimator - GLS with the

. unknown covariance matrix replaced by a suitable estimator of V. It is ob-

tained by substituting estimators for the scalar multiples M.\, k=1, 2, ..., M+ 3
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. Seely (1969‘) presents a 5eneré.l theory of unbiased estimation when ther
choic_e of e;tima.tors is restricted to finite dimensional vector spaces, with
‘specidl emphasis to quadratic estimation of functions of the form

m
o L
where vy (i=1, ..., m) are parameters associated with a linear model
E(y) = X3 with covariance matrix
m
151 AL

and V, (i=1, ..., m) are real symmetric matrices. The methed is also dis-

cussed in Seely (1970a, 1970b) and Seely and Zyskind (1971). Seely and Soong

(.l9ﬁ) consider the MIIQUE principle': using an approach along the lines of

@ Seslv (1969).

The method employed here is the one developed by Seely. The concepts

and results necessary for our purposes are presented next.

Iet y bBe an n x 1 raodam vector with expectation X3 and covariance

matrix

where X is a known 1 x p matrix of rank p , each Vi isaknowm nxn
real symmetric matrix and g = (sl...gp)' and y = (vl...vm)' are vectors of
unknown para.meteré. 1

Iet € denote the set of the n x n real symmetric matrices and
let G denote the space of quadratic estimators with matrices from ¢ ,
‘ i.e., G=({y'Ay: A4 e¢G} . We shall restrict considerations to quadratic

estimators y'Ay , A ¢ G, that satisfy the condition AX =0 . So, the
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‘ space of estimators we consider is the subspace of G 3 T.t = {x'Az: AcC,
AX = 0} .

Definition
A parzmetric function
n
A
is said to be‘est:’.mable if there is an A ¢ G, AX = 0 , such that y'Ay is
an unbiased estimaftor ¢f the parametric functien.

- (ne reason for limiting considerations to the subspace N of quadratic
estimators is ﬁhe desirabie property that a quadratic estimator y;'Ax be -
invariant under the class of transformations of the form y + Xg fLor arbitrary
g - . This seems to be a reasonable requirement of estimators for linear |

. functions of the parameters in the covariance matrix. Also, the class of
m

multivariate normal distributions (N (X3, T vV,): 8 2, ve R
i=1

remains invariant under this class of transformations. Another criterion which
leads to considering only the subspace ﬁ is to require that the variance of
a quadratic form y'Ay be independent of the pDarameter 3 . Hsu (1938) used
this criterion and showed that requiring Var(y'Ay) to be independent of 3§

implied that AX =0 .

Theorenm

«.y v_ are all estimable if and only if the matrix

The parameters v n

l)
- ..th
B with ij=—— element ’cr(NViNVJ.) s

§=I-xxT)X,

is nonsingwlar.
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In checking for the estimsbility of the variance and covariance components;

the following result is of interest.

Corollary
The parameters Vys sees V, 2T all estimable if and only if the matrices
NV.

IN’ cevy NVﬁN are linearly independent.

Theorem
If the parameters TR v, are all estimsble, then the unique un-

bilased estimator Q_ of v 1is the solution to the set of equations
B=c,

where B 1s the matrix defined in the pre#ious Theorem and ¢ is the m x 1 vector

with 12 element p'wv Ny .

It can be seen that Seely's estimator is, in fact, an unweighted MIIRUE
estimator, i.e., a MINQUE agtimator with the prior estimate of the covariance
matrix replaced by the identity matrix I , as representing complete ignorance
of the true variance and covariance compenents.

The reason for choosing Seely's estimator is its computational advantage,
since the derivation of the MINQUE estimator would require the inversicn of
the AT x AT matrix representing prior information about the ccvafiance matrix.
Besides, as usually no reascnable guess on variance and covariance components
is available, one may do better by not using any prior information in the
estimation procedure.

The matrix V has a complicated structure, because its characteristic

vectors, as well as characteristic roots, are functions of the parameter

2

T, '@g and y(h) , B=0,1, ..., M. As a ccnsequence, the asymptotic

theory with the unknown covariance matrix V 1is intractable. What we shall
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* B

do is to follow Hannan (1963) and substitute an approximating metrix V whose
.characteristic roots depend on the unknown parameters and whose characteristic

vectors do not. This matrix is defined by
2, 2 *
ca,;(IA @ J."l_v"’) * %(JA @ IT) * (IA @ FT) 2

* ' :
where 1"1, is the circular symmetric matrix of dimension T , i.e.,

* ¢ . . th ..
FT = QTATQT , wherg AT is the diagonal matrix with the ¢ d_a;ona.l element

M
( v(0) + eb:l v(h)eos(mth/T)

t=2, 4, ..., T-1 (Todd) or T (T even)

M
v(0) + 2 ¢ y(h)eos{m(t-1)h/T]
h=1

K £ =t 1,3, «¢+5 T (T odd) or T-1 (T even)

and Q,{_., is the. T x T orthonormal matrix with tsP-E element

JIT , t =1

J27 T cos{ns(s-1)/T] , &= '2, L, ..., T-2 (T even)
or T-1 (T odd)

JZ/T sin{m(t-1)(s=1)/T] , t=3,35, ..., T-1

(T even) or T (T odd)

k,/.L/T ((‘-2!.)8-:"‘L s, t£=Tif T is even ,

s=l, ""T.
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The fundamental result obté.ined by Hannan (1963) is a consequence of parti-

cularly relevant properties of the covariance structure of stationary time

‘series. The properties manifest themselves in the following theorem. Proofs

of the theorem are given by Grenander and Szego (1958), Amemiya and Fuller

(1967) and Fuller (1971b).

Theoren

Let FT be the covaria.nqe matrix of a realization of T observations
from a stationary time series with absolutely summable covariance function.

Then, for every ¢ > O there exists a 'I.'e' such that for T > Te

QETQT-AIgET’

where every element of the matrix ET has absolute value less than ¢ ;V
the matrices QT’ and 'AT are as defined above.

This theorem establishes that, asymptotically, the mairix QT will
diagonalize all covariance matrices assoclated with stationary time series
with absolutely summable covariance function. This fact was the motivation

for the result established by Hannan (1963) which we now state in the following

theorem:

Theorem

Consider the regression equations Y = 48 + v , where Y 1is a vector of

T components, 3 is a T x p matrix, 8§ is a px 1 vector of parameters,

and v = (vl...v- )' is independent of & . Suppose v t=1, .. T, is

T
generated by a stationary process with absclutely summable covariance function

and that & is susceptible to a "generalized harmonic analysis”. Let Ap =

diag(8's).. Then, as T—= , A(b - §) has the same limiting covariance
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. gatr:.x as A,(B - 8) where § is the GIS estimator, 8= (8'T,8) 8'Tp L,

31
1

and b 1is the estimator with the same expression as § except that I'T is

replaced by ?T' defined above’

The assumptions on § amount to the following, where 3§ = (Qi"'gp) s

Qi = (¢ll'¢'ﬁ.)1 )

T+h
T o
(1) lim = =1 for all i and finite h ;
t=1 61
T-h
) -til ¢ti¢t+h,3
(ii) 1lim = 7 exists and is finite for
ooz £, oz £
k=l OF g=1  ©d
alli, j, h

The implication of this result is that in regression problems with sta-
tionary errors the transformation of the observations by the matrix QT yields
en approximately uncorrelated set of data. In this way the problem is reduced
to one in ordinary weighted regression in which the weights can be estimated
from the data. The weights to be estimated are, in fact, preportional to the
spectral density of the process at fregquencies ﬂt/Tv corresponding to the
colums of Qp - This fact suggests the terminology "conversion to the
frequency domain" used to describé the procedure by several authors.

The spectral density of a stationmary process {vt}';a is the Fourier

series

T v(n)cos(un)
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where vy(h) = Cov(vt,vt+h) : In our case, v(h) =0 for 'Ih['> M ; so, the
spectral density becomes '
M
z

2(w) = 5%' y(h)eos(wh) ,

b=-M

and can be estimated by

-~ 1 M .
£(w) = 2= fMY(h)cos(wh) R

where ;(h) ,h=-M, ..., -1, 0,1, ..., M, are appropriate estimators

of the autocovariances (see Anderson (1971), Fuller (1971b), or any of the

standard references in time series analysis for details)} ' |
Hannan's method has been applied to a variety of regression problems

by Hamon and Hannan (1963). Duncan and TJones (1966) present a practical com-

puting technique for the application of the method. Engle (1974) preéents

and extended version of Hannan's method of regression analysis in the freguency

domain. Engle argues that frequency domain regression analyses have the

standard small sample properties, that they do not require smoothing of the

periodogram for the estimation of the spectrum and are computationally easy

to use. The application of the technique has been extended to distributed

lag analysis by Hennan (1965, 1967), Amemiya and Fuller (1967), Fishman (1969),

Dhrymes (1971) and Sims (1971).

*
We next establish the spectral decomposition of V .

Theoren

*
The matrix V , defined previously, has spectral decomposition
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. ¥ = (AC'% +'Tc‘§ + dl)(gl @ 9-1)(33. @ 0‘1)'

T
£ T (aat+a)(e ® g @ )
A 2 _ '
* E (Tt 4y ® g4l @ g)

T A .
+ £ T dafo g ), & )
DIl ® L)y @)

where g , t=1, ..., T, is the t22  column of the matrix Q. defined
previously; o = j—i- I, 5 94 1i=2, ..., A, is any set of A-1 orthonormal
contrasts of dimension A , and 4., t =1, ..., T, as above.

Let 21-5 s ?:,? and Y(), =0, ..., M, denote Seely's estimators of

A
the corresponding unknown parameter values. Iet g_t be defined by

A . ' M
(Y (0) + 2 £ ¥ (h)eos(mth/T)
h=1.

t=2,4, ..., T=1 (T odd) or T (T even)

faitg

A

. :,(O) +2 Z :((h)cos[ﬂ(t-l)h/T]
h=l

\ t=1,3, ..., T(T odd) or T-1 (T even)

These estimators are not guaranteed to be nonnegative definite. In
order to gat a2 positive definite estimator for the covariance matrix, we

define

@



ca s if Q' >0
~2 -
e, = ¢
0 , otherwise
\
¢
' 3% s if q% >0
~2 4
G’b =
Q , otherwise
\
,
. 3t_ , 1if ét >a
d, =
K.:: s Otherwise

where ¢ 1is an arbitrary positive real number. In case at >0 for at
. least one t , we may set
A A
c=min{dt: dt>0} .
tel
We use as estimator of the covariance matrix V in the GLS phase of

the estimation procedure the matrix

\*f=3§(IA &) J'T) + (J @ I’I.‘) + (z, @ a TQ‘T ,

where KT = diag('&’l. . .E'T) and the other matrices on the right-hand side are
a3 defined zbove.
The proposed estimator of the vector of regression parameters g is
% ®el -1 %=l
g = X'V lx) ¥ ly_ .



Chapter III

Monte Carlo Simulation
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*
The matrix V is chosen over the matrix *V with the parameter estimators’

~

replacing unknown parameters, V , because:

(i)'lgA”has a known spectral decomposition, making its use computationally
feasible for large T ;

(i1) the substitution of ¥ for T allows the use of known results to

prove the unbiasedness and symptoﬁic normelity of the regression

coefficient estimators.

»

£ * ¥*
The use of V instead of V , i.e., V with Seely's estimators in place of
the unknown parameters, guarantees a positive definite estimator for the

covariance matrix.
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Simulation Model

The primery purpose of the simulation study was to provide a final_check
thaf-fhe computer routiﬁeéAwere'reasonably correct. Aﬁ the same time, hawever,
we recognized that the results might be useful to individuals wanting

(1) To study the efficiencies of a model compéred to ordinary
least-squares.
and
(2) To compare the robustness of the various models under competing
error structures.

For these reasons, a large amount of auxillary information is included
at the end of this section.

For simplicity we took a four parameter model (i.e. p=4) with 10 cross-
sections (i.e. N=10) and each time series of length 15 (i.e. T=15). The

fixed part of the model was then specified by X given in Table 3.0.

and
ﬂ_, = (l’ i, 1, l)

Notice that X has one factor constant only over time, one only over cross-
gsections, one constant over Eoth times series and cross-sections (i.e. the
mean) and a factor which varies over time series and cross-sections. It

was felt that such a structure occurs frequently in combining time series
and crossg-secticnal data and would show to goed advaﬁtage the lack of any
rank assumptions imposed in ocur models.

Next, we have the random part of the model. For this we chese

g~ § V)
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The Design Matrix

Table 3.0.
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. where V was specified by the following components

(1) Fuller-Battese Model

Bere we took

2_2_ 2 _
°'V'=°'e"°'a" .5

NOTE: On searching the literature we could find no evidence that any

cne component 1ls dominant and hence this equal alloeation:

(ii) Perks Method

Here we specified § and g as follows

POFULATION PHI MATRIX

[ 0.29400 0.09800 0.13859 0.13859 0.1697h 0.16974 0.19600 0.19600 0.21$13 0.2191:
0.05800 0.29400 0.13859 0.13859 0.1697h 0.169Th 0.19600 0.19600 0.21913 0.2191:
.13859 0.13859 0.58800 0.13600 0.24005 0.24305 0.27719 0.27719 0.30390 0.3095C
.13859 0.13859 0.19600 0.58800 0.24005 0.24005 0.27719 0.27719 0.30990 0.3095C
1697k 0.16974 0.2L005 0.24005 0.88200 0.25400 0.33948 0.33948 0.37955 0.37955
16974 0.16974 0.24005 0.24C05 0.29400 0.88200 0.33948 0.33348 0.37955 0.3795%
.15600 0.19600 0.27719 0.27719 0.33948 0.33948 1.17600 0.39200 0.43827 0.43827
15600 0.19600 0.2T7719 0.27719 0.33948 0.33948 0.39200 1.17600 0.43827 0.43827
.21913 0.21913 0.30990 0.30990 0.37955 0.3755 0.43827 0.43827 1.47000 0.4900C
.21913 0.21913 0.30950 0.30950 0.37955 0.37955 0.43827 0.43827 0.LS000 1.L700C

-
1]
00000000

POFULATION AUTOREGRESSIVE FARAMETERS

70.600007]
0.80000
0.60000
0.80000
0.60000
0.80000
0.60000
0.80000
‘ 0.60000
® 0.80000
N - o

o
[
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’ so that observations on the same time period had the following covariance ‘

structure over cross-sections

POPULATTON ERROR STRUCTURE

0.45937 0.18846 0.21655 0.26652 0.26522 0.326L2 0.30625 0.37692 0.34240 0.42141
-0.18846 0.81667 0.26652 0.38498 0.326L2 0.47150 0.37692 O.5LLLL 0.421L41 0.60871
0.21655 0.26652 0.91875 0.37692 0.37508 0.46163 0.43310 0.53305 0.48k22 0.59597
0.26652 0.38498 0.37892 1.63333 0.46163 0.66681 0.53305 0.769%6 0.59597 0.86084
0.26522 0.32642 0.37508 0.461A3 1.37812 0.56538 0.5304L 0.65285 0.59305 0.72991
0.32642 0.47150 0.46163 0.66681 0.56538 2.45000 0.65285 0.94301L 0.72991 1.05431
0.30625 0.37692 0.43310 0.53305 0.5304k 0.65285 1.83750 0.75385 0.&8L80 0.84283
0.37692 0.54Llk 0.53305 0.76996 0.65285 0.94301 0.75385 3.26667 0.84283 1.21741
0.34240 0.42141 0.484k22 0.59597 0.59305 0.72991 0.68480 0.84283 2.25687 0.94231
0.42141 0.60871 0.59597 0.8608L 0.72991 L.05431 0.84283 1.21741 0.94231 4.08333

- - -
,

This selection resulted in
. ~ med V'a.r(Uit,) = 1.5
- i=12,...,0
That is, variance between the mcdels was standardized in this manner. This
allows for the hetercscedastic nature of the cross-sections, varying corre-
lations, and different autoregressive parameters in the cross-sections.
In retrospect, perhaps a preferred way of introducing these characteristics

would have been to equate

2(0;,Us ¢ | Fuller ) = E(U; Uy | Parks)

[{ I \V)

+ ci) i%j

i.e. 8 =

2y 42
i3

(1-p30,) o2 13

Hence, by varying o the cross-sections could have been made hetercscedastic,
‘ with different autoregressive parameters, and varying correlations while at the

same time matching variances and covariances - 2 much cleaner approach. Even
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“‘l' here, however, there is no matching on covariances on different time periods

®

even for the same cross~-section.

(iii) Da Silva Method

Here we took

ci = .5
cg = .5
b
¥ T Q.
such that
7
T a? =1
i=0
and
p = .7
M=T7

i=0,1,2,

o 7

This produced the following autocovariance funection:

NOTE: v(0) = 0'3 = .5

™. 50000
.34879
.2hk24h]1
.16721
.11351
.OT4LO
.0LL85

L- 92107

Notice that every observation then has a variance of 1.5 (as in (i)).

In order to make.the desired comparison of the possible error structures

we ran a simlation on each of the three error structures and analyzed all 4

candidate alternatives.
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~ Generating Error

Structure Variance Moving

Analysis . Component. Autoregressive Average
Assuming '
Error Structure
Fuller-Battese i ] . 9
Parks 2 6 10
Da Silva 3 7 1l

# Ordinary Least Squares L . 8 12

. Details of Simlation Rums

To generate the normal errors we used the IMSL routines GGUSN and GGNOF
to obtain N(O,l) independent errors which were appropriately transformad —to
provide the required error structures - program listings are available upon
request. t was decided to do 500 runs on each generating error structure
(which requires approximately 2 hours total connect time for all three
generating structures). To be consistent with the 2im of the study,: we
collected data on the following questions
) (1) Are the estimators unbiased?
(i) When the assumed distribution is correct, do efficisncies result with

respect to reduced variance in the parameter estimates?

. (111) Are the estimates approximately normally distributed so that valid

inferences can be made?
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. In addition, error structure parameters were estimated and compared with their ‘

™A

input value as a further cbeck on the accuracy of the program and the simula-
tiom itself. e

In presenting the results of the simulation, we decided to exclude from
analysis any cases where standard fix-ups (or no estimation at all!) takes
place. A count is given, however, of.hcw oftén this occurs.

Table 3.1 summarizes the pertinent point estimata features of the models.
For'éonvenience, the rows of each model cell represent the four parameteré
in each model. Néém, from an inferentizl point of view, it is instructive
to compare the marginal empirical distribution of the standardized estimates

* 8§ -1 s
(t = (.) ) . Tables 3.2 = 3.4 do this for the usual three error
s.e. {g) . -

*,
generating structures (ti corresponds to the t-statistic for testing gi).

Finally, the estimates of the error structure parameters based on LS50
iterations are given in Table 3.5.A In addition, ¢ in the Farks model had

average estimated component in 4SO iterations given by

29340 .08715 .11339 .10179 .13517 .1332% .16401 .I40LO .IT747 14581
26036  .12155 .12367 .1337: .13468 .17307 .16536 .170%k .1781S
56925 .1T7h72 .19098 .15483 .23566 .23092 .25221 .23564

56619 .19250 .20k71 .23853 .22972 .25954 .2Ls82

STTR20  .21895 .26352 .24590 .28535 .29032

.806k2 .26726 .2820k .30862 .32505

symmetric
: 1.07532 .31621 .33445 .34S21
1.08544 35912 . 34750

1.29233 .L0955




Table 3.1. Summary statistics (estimates) for simulation study.

‘ Model Mean.

1

10

1.01682
0.92155
1.05468
1.00079

0.98768
0.93717
1.07050
0.997123

1.01804
0.91k22
1.04990
1.00527
1.02103
0.92334

‘Variance
0.37470

0.44725
0.84886

0.0k627

0.45895
0.58257
1.00520
0.08387

0.40382

0.46396
0.8uLL8

Q.17406

0.38338
0.L44910
0.85166
0.08286

0.80842
0.97488
0.84230

1 0.07655

0.53179
0.23268
0.78236
0.0kkL7

0.704Th
0.44053
0.8961k
0.11507

0.83661
0.560uL
0.85431
0.08730

0.4L49s8
0.44328
1.02k95
0.0322k

0.47698
0.61937
1.13919
0.0k207

0.kls5T2
0.43748
0.99305

. 0.06372.

Q.44773

0.L4k6e01

1.01999

MSE

37423
45251
.85016
.0k618

45818
.58535
.00815
-08371

40332
47037
.84525
17373

.38305
Lsko8
.85276
.08278

.8082%
-97520
.8LkceL
.07640

.53067
23219
.78143
.0khs3

.71086
43562
.gob1l
.11532

-83598
56045
.85261
.08713

Lho1s
Jlpll
.02509
.03218

L7660
.61813
13922
.OL20k4

L4598
L3663
L9911
.06369

LLT730
k513
.0201k4

4

¢
K3

.

1

6600 OCOO0OO0O0 OO0O0O0 0OO0O00 OO0 OO0 OOO0OO 0OO0OOO0O

000 DOOO OCOO0O0 0OO0OO

- (vias)®
.00028
.00616

.Q0299
.00001 -

.00015
-0Q395
-00L97
-C0001

.00033
.Q0736
.0o249
.00003

.000LL
.C0588
.00281
.00008

.001k5
.00230
.00002
.00001

.00001
.Q0001L
.Q0073
.00016

.00919
.00101
.00190
.00075

.0010k
.00193
.00001
.00C01L

.oo0LT
.00001L
.Q0219
.00001

.C0058
.00001
.0023k4
.00005

.00120
.Co00L
.00315

.000L6
.0000%. -
.00216

43
Scale No. iterations
0.50008 500
1.01102 Lgs
321.039 L93
1.34320 5Q0
0.92288 Lok
1.00Lok L72
115.816 229
1.61893 500
0.38313 500
1.00588 Lg3
208.L456 A L76
00010 i o e
L Lebts 500
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Table 3.5. Error parameter ‘estimates obtained from 450 iterations on correct

model.

L Average error ariance of estimated
: . Error type Error parameter parameter estimate error parameters
o2 0.47696 0.06976
I o 0.50643 0.04807
qi‘ 0.50140 0.00386
o1 0.14586k 0.0691k4
fp 0.60593 0.05828
P 0.49816 0.00532
o, 0.62619 0.04L450
s 0.46667 Q.04388
II
o 0.59901 0.09918
o 0.46353 0.0k780
. °g 0.64978 0.04231
oy 0.43538 0.05T7hk
010 0.63381 0.0kk35
;i 0.39235 0.07473
c'g 0.393%6 0.0400k
y(0) 0.50772 0.02849
v(1 0.30347 0.04362
v(2) 0.20074 0.04593
v(3) 0.12511 0.04620
IIT v(4) 0.06k23 0.05559
v(5) 0.04818 0.05505
v(6) 0.0C656 0.05678
@ () 0.0131% - . 0.05500

L7



‘ Interpretation of Simulation Results

As in any simulation study, nothing has been "proved" by the undertaking
at hand. We do feel, however, that the following observations are worth

making.

1. "Correctness" of computer routines

From all indications, there is no reason to doubt the accuracy of the

computer implementation of the models. In every case, the estimates seem

unbiased and the scales in the model approximately correct. The on;y exception
to the létter statement is the Da Silva method whose true scale is 1 in
model 11 but is estimated on the average of 476 iterations to be 208.456! This
we attribute to the use of ‘;} in lieu of ‘; as described in § 2.3. It is
pointed ocut that with the exception of several minor bugs, no major programming

errors were uncovered by the Monte Carle study.

2. Empirical estimation properties of models'

From Table 3.1, it appears that all estimators produce (as they should)
unbiased estimators. As far as efficiencies go, only the Parks method (model 6)
does substantially better in terms of mean-square-error than the cbvidus
ordinary least-squares competitor. Both Fuller (model 1) and Da Silva-(model 11)
produce only minor improvements over the OLS procedure (models 4 and 12,
respectively). In all fairness, however, all models perform reasonably well
on the competing error structures especially in light of the fact that para-
meter values of magnitude 1 are being picked out of noise having variance
1.5 in the study. This requirement we feel is not at all unreasonéble for

some types of economic data.
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‘ 3. Empirical distributional properties of models
Tables 3.2 - 3.4 provide strong empirical evidence that the inferential
pdweré of ordinary léast4squares are badly distorted under our error structures.
In fact, the only method showing general robustness to the underlying error -

’ structure was Fuller-Battese. For this reason alone we could recommend its

genéral use. Another favorable feature of this méthod is the great economy

in core storage‘realized in its implementation in SAS over its competitors.

It is interesting to note that although the Parks method (model 6) seemed

Apreferable to its competitors (i.e. models 5, 7, 8) from a m.s.e. point of

view, its inferential credentials'arefdeplorable. Finally, with the exception

of parameter Aau , Da Silva exhibit§ at best "tolerable” robustness in the
study.

. Perhaps the above results will move some researchers to further study
their candidate estimators under ccompeting error structures and ensure that
they retain some acceptable robustness in-addition to desirable estimation
properties.

L, Estimation of underlying error distribution parameters

Most applied statisticians are interested in the estimation of the error
distribution parameters only insofar as they affect the statistical properties
of the resulting parameter estimates. For completeness in the study, however,
we £ind it interesting that the Da Silva method had so much trouble obtaining
range-preserving estimates for its error parameters under model 7. In addition,
notice in Table 3.5 that the error parameters are consistently underestimated
for both the Type II and IIT distributions. This undoubtedly is the cause
for'the apparent flatness in the empirical distribution of the Parks mgthod

. throughout the study.:
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