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Abstract

In this paper, a number of procedures have beepopeal for developing new biased estimators of
seemingly unrelated regression (SUR) parametergnwihe explanatory variables are affected by
multicollinearity. Several ridge parameters areppsed and then compared in terms of the trace mean
squared error (TMSE) and(PR) criterion. The PRhésgroportion of replication (out of 1,000) for whi

the SUR version of the generalised least squa®$sl-§) estimator has a smaller TMSE than the others.
The study has been made using Monte Carlo simakatichere the number of equations in the system,
number of observations, correlation among equatimascorrelation between explanatory variables have
been varied. For each model we performed 1,000cegmns. Our results show that under certain
conditions the performance of the multivariate esgion estimators based on SUR ridge parameters
Rsarith Rsqarith aNd Rmax @re superior to other estimators in terms of TM8i PR criterionln large
samples and when the collinearity between the empbety variables is not high the unbiased SUR,

estimator produces a smaller TMSEs.
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1. Introduction

The seemingly unrelated regressions (SUR) modeglgsed by Zellner (1962) is considered as
one of the most successful and efficient methode$timating seemingly unrelated regressions
and tests of aggregation bias. The resulting (SwBdlel has simulated a countless theoretical
and empirical results in econometrics and otheasrésee Zellner, 1962; Srivastava and Giles,
1987; Chib and Greenberg, 1995). For example, teéhadology is applicable to allocation
models, demand functions for a number of commag]itievestment functions for a number of
firms, income or consumption functions for subsefspopulations or different regionso
mention some.

In most of the empirical works people are oftenaayned about problems with the specification
of the model or problems with the data. In the sgqaur interest lies in data type problem,
namely multicollinearity. This problem arises irusitions when the explanatory variables are
highly inter-correlated. Then it becomes diffictdtdisentangle the separate effects of each of the
explanatory variables on the explained variable.aA®sult, the estimated parameters may be
statistically insignificant and/or have (unexpetygdifferent signs. Thus, to conduct meaningful
statistical inference would be difficult for thesearcher.

In this paper, we shall consider the use of iteeapprocedures to improve the efficiency of
estimators which are unbiased under some mildicgstrs on random errors. An important class
of estimators which may be considered this wayat of ridge regression estimators. This class
contains estimators which although may be biaseyl ma&e smaller MSEs than their unbiased
counterparts. This type of shrinkage estimator araginally developed to deal with the problem
of multicollinearity in the linear regression modelistory of multicollinearity dates back at least
to the paper published by Ragnar A. Frisch (1934)o wintroduced the concept of
multicollinearity to designate a situation where thariables dealt with are subject to two or more
relations. Studies on ridge regression estimatoespagoneered by Hoerl and Kennard (1970a,
1970b), and later followed by Vinod (1978), BrowndaZidek (1980), Srivastava and Giles
(1987), Haitovsky (1987) Saleh and Kibria (1993)d &iringuetti (1997). In the single equation
environment, Kibria (2003) and Alkhamisi, et. &006) used simulation techniques to study the
properties of some new proposed estimators and a@dptheir properties with other popular
existing estimators. Under certain conditions, tfieynd that the MSEs of some of the new
proposed estimators are smaller than the correspprddSE of the OLS estimator and other
known existing estimators.



However, we discuss here more thoroughly the probl@ssociated with system-wise ridge
estimation using different multivariate ridge pagders, since this topic is often only briefly
mentioned, if at all, in the literature. In Tabte40, we present the TMSE and PR values for the
proposed multivariate ridge parameters and furdisaussion with regard to their construction is
to be discussed in the next section. The first patar however is the SGLS estimate,(eq. 7),
while the following six SUR ridge parameters areRSikersions of those proposed by Kibiria
(2003) and / or Alkhamisi, et. al. (2006), whilestlast three parameters are our proposed new
parameters. We also conducted a study for equivakeses to the proposed multivariate ridge
parameters but when the explanatory variables emergted from a multivariate T- distribution.
The TMSE for these parameters are presented ine§abb. In these tables the PR values (in

percentage) are placed in parenthesis below theesalf the corresponding estimators.

For further studies related to ridge regressiomiurdtiple regression and /or in SUR model we
refer the interested reader to Brown and Zidek Q)9Blaitovsky (1987), Srivastava and Giles
(1987), Firinguetti (1997) and Firebig and Kim (B)@mong others.

The paper is organised as follows: In the nextieeate present the model studied, and define a
number of variants of ridge regression parametepiiGable in SUR model. Section 3, describes
the Monte Carlo experiment together with the faxttmat can affect the properties of the

proposed parameters. In Section 4, we presenetudts concerning the various ridge parameters
in terms of TMSE and PR criterion. The conclusiohthe paper are presented in Section 5.

2. Methodology
Consider a system of M equations given by

Y =XB +e i=1,2, ..., M (1)
whereY;j is a T x1 vector of observations on the dependent variablés a T x1 vector of
random errors withE(g )=0, Xj is a T Xn; matrix of observations on; explanatory variables
including a constant term, arg] is an, x1 dimensional vector of unknown location parameters

M is the number of equations in the system, T ésrthmber of observations per equation, and

is the number of rows in the vectBy.



LetY = (Yi, Y2Y|\/| )I , X =diag(X1, X2,..,X1 ), and similarly e and B are defined.

Then the M equations in (1) can be written in thmpact form

Y =XB +e, (2)

M
where Y and e are each of dimension ¥M X is of dimension TMn, n = zni ,and B is a n-
i=1

dimensional vector of location parameters.

Furthermore, we have to make the following assuongti

a) Xj is fixed with rank p
b) plim %(X;Xi) = Q, is non-singular with finite and fixed elements, invertable.

c) Assume thaplim %(X;Xj) = Q; is non-singular with finite and fixed elements.

d) E(ee) =o;l; , whereo; designate the covariance between tharid |" equations for each
observation in the Sample. The above expressiotearritten as

Gy Gy, - Oym
E(e)=0andE(ee ) == 01, whereX = O 2 O | g an MxM positive

Ovmi Om2 + Owmm

definite symmetric matrix andl represent the kronecker product.

Thus the errors at each equation are assumedhorbhescedastic and not autocorrelated, but that
there is contemporaneous correlation between qunesng errors in different equations.
The OLS estimator of B in (2) is

B=(X'X)1X'Y, with (3)
var(B) = (XX)X(Z101;) X (X'X) ™.



In the context of SUR model, Srivastava and Gil@87) defined the general ridge estimator of B

as
Bor =(X'X +R)IX'Y (4)

where R is an nxn matrix of nonnegative elements.tBe ridge estimator in (4) does not include
the cross equation correlation among errors. Her the following transformation is suggested,

(see Srivastava and Giles, 1978).
Y*=(Z"0O1)Y, X*=(Z"01)X, and e*=@E"0OI,)e.

Using the above transformation threodel in (2) can be expressed as

Y* = X*B + e* (5)

where Y* and e* areMT x1 vectors, X* is anMT xn matrix,E(e*e*)=I;,, and E(e*)=0.
Accordingly, the GLS estimator of B in (5) andritdge version are respectively given by

Bg =(X X" )IX"Y" (6)

Bor =X X" +R)Ix™Y", with )
MSE(Bggr) = (X" X +R)IRBBR'+X X )X X" +R)?

Set R =0 in the expression for MSﬁE(gR) to obtain an expression for MSIE&).

Let A and ¥ designate the eigenvalues and eigenvectorsXofX( ) respectively. Then

W (X" X )W = A and the canonical version of model (5) is given by



Y*=Zq + ¥, (8)

whereZ=X"W,a=W'BandZ'Zz=(¥'X X W) =A.

The corresponding GLS estimatorcofs

a =(Z'2)'Z'Y* (9)

and the expression for the corresponding SUR-mdgeession parameter is

Asur =(Z'Z+R)1Z'Y7, (10)

where R = diag(R R, ..., Ru), R=diag(rjy,rip ..., in;) and ;> 0 fori =1, 2, ..., M. Moreover,

the bias vector, the mean squared error matrixfz and trace of MSEf ) (TMSE) are

respectively given by

E(@syr)-a=-(ZZ+R)'Ra, (11)
MSEfg k) = E(dsur-a)(@syr-a)'

KA +R) A -1aa' [(A+R) A -1 +(A+R)IAN+R)?

A +R)HA +Raa'R)(A +R)?T (12)
and
~ M nj /]IJ + rijzaijz
TMSE(@syr(R)) = 22— (13)
i=1j=1(A;j +1;)
Now set JTMSE@suR) _ 0, to determine the optimum values pf

Grij



(14)
Moreover, conditions to ensure the superiorityagf,(R) over & with respect to
the MSE criterion are given in the following result

Result 1.

a. MSE(a@) - MSE(@g,r(R)) is a positive semidefinite matrix iff

a' (N +2RY ' < 1 (15)

b. Sufficient conditions for (15) to hold are

) a'Na<1l (i) a'Ra< 2 (16)
c. SetR =rlin (10), to show that MSE | — MSE(@sr(R)) is
a positive semidefinite matrix ifr si : (a7)

a'a

The following result presents some new methodsdostructing SUR-ridge parameters.

Result 2.

Forj=1,...,1 i=1,..., M, assume eq. (14) holds then

1. R,c. The ij-th component of this matrix is given by {1éee Srivastava and Giles,
1987 and Firinguetti, 1997).

2. Ry, - Denotes the SUR version of Hoerl and Kennard@ap ordinary ridge parameter.



1
max@?)

ij

li(SHK) = (18)

3.R Designates the SUR version to the harmonic megyoped by Hoerl,

Sharm*

Kennard and Baldwin (1975), (see Firinguetti, 199

_n n
fij(Sham) = M 1 M > (29)
X — XXy
i=1j=1Tjj i=1j=1

4. R,y - A SUR extension to the single equation arithmatan proposed by
Kibria (2003).

1Mn 1
po = 1YR L (20)
ij(Sarith) n i:lj:ld’ijz
5. Rgyeom- A generalization to the single equation geometigan proposed by
Kibria (2003).
1
rij(Sgeom) = - 1 (2 1)
M nj AN
(nnai)"
i=1j=1

6. Rgymeq- The median of;; in (14) is used to define this parameter, (seei&jb

2003 for a single equation version).

. 1.
Fiiskmed) = meijd'an(c?A (22)

ij

7. quarith(New). We propose a ridge parameter using the agiiicrmean of\/?,

with r; as defined in (14).

1
Moo = Mean{— ) (23)
ij(Sqarith) i ~0
) ’aij
8. qumaX(New). We propose a new ridge parameter based ondkemzation of ,/r; ,
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with r;; as defined in (14).

_ 1
rij(Sqmax) - rn”aXW ) (24)

1

9. R, (New). A generalization to the single equation rijgeameterK ﬂgx

proposed by Alkhamisi et. al. (2006).

1
Fi(Smax) = mijax(a 5) (25)
i

Clearly all of the ridge estimators defined by gd8) - (22) and eq. (25) are identical Ry,

when c?ijz is replaced by maxijz). The estimators in eqs. (18) - (19) have alrehdgn

considered by Firinguetti (1997).

In order to assess the performance of multivarradge regression estimators
defined in terms of the above proposed multivaneatge estimators we performed
a Monte Carlo experiment to compare them in terim§MSE with the GLS
estimator, (see eq. 6) and the general ridge reigregstimator defined by eq. (7)
and eq. (14). The first two column in Tables 1-(®GLS and SK)present the
TMSE for the GLS estimator and the general riddgenador, respectively.

3. TheMonte Carlo Experiment

In this work, a criterion to compare between theedéht SUR-ridge type estimators of the

unknown vector parameter B is required. The critepooposed to measure the goodness of an

estimator of B, sa;ﬁ , are the TMSE and the PR criterion. The total negarare error is defined

as

TMSE(B) = Trace[E(B- B)(B- B)].



The PR criterion counts the proportion of replioas,(out of 1000), for which the SUR version
of generalized least square estimator(SGLS) praducesmaller TMSE than the remaining
multivariate ridge estimators. In Tables 1-10 thesenbers are placed in parenthesis. The
performance of the different SUR ridge estimatorglan consideration, are examined via Monte
Carlo simulations. The Monte Carlo experiment hagrbperformed by generating data in

accordance with the following equation

5
Yt = X XjBj +e, t=12,-,Ti=12,,M, (26)
=

where Xtj1 =1. The explanatory variables are generated from MONE,), multivariate T(2) and

multivariate T(6), respectively,(see Appendix A). Thendom errors were generated from
MVNn(0, Z¢g), m = 3, 10, (see Tables 1-10). For each model waee hperformed 1,000

replications using the statistical software S-plession 6.0. Tables 1-10, present values of
factors that varied in simulations which may or nmmy affect the properties of the proposed

multivariate ridge parameters.

3.1 Algoritm

The simulation algorithm is based on the followiteps.

Generate the explanatory variables from MYNZ,), T( 6) or T(2).
Set initial value of B either to(1,1,1,1,1)'or (1, 2,3,4, 5):

o p

o

Simulate the vector random error e from M\WR, Z¢), m = 3, 10.

d. As outlined earlier, for a given X structure, tramgidhe original model (2) to
an orthogonal form given by eq. (8) and calculdte BGLS estimator along with
asur(R), R= Rgk, Rshk Rsharm Rsarith:Rsgeom Rskmed: Rsqariths Rsgmax: and
Rsmax-Then compute the corresponding total mean squenext for the above case
respectively.

e. Repeat this process 1,000 times and then caldhlataverage of the mean squared

error and the (PR) for each ridge parameter R, ucmiesideration. Values of

total mean square errors and PR are given in Tdbids

-10 -



3.2 Factors

In designing the Monte Carlo experiment we relied eomumber of factors to evaluate the

performance of the proposed SUR ridge regressiamastrs ds (R Jand to compare them

with the SGLS estimato@ . In this section we present these factors and saduer which these
factors were allowed to vary.

3.2.1. Number of equations. Our primary interest iiethe analysis of system-wise estimation,
and thus the number of equations, M, to be estiniatef central importance. For example, as M
increases the computation time becomes largeraget.|For this we considered M = 10 and 3 to
designate large and small models respectively.

3.2.2. Number of observations per equation. Tostigate the effect of sample size, T, on

the properties of the suggested SUR-ridge parameterset T to 30 and 100 observations.

3.2.3. True value of the regression coefficienE&: B = (1,1,1,1,1)' and B = (1,2,3,4,5)' the
TMSE values are listed in Tables 1-6 and 7-10,eetsgely. Clearly the TMSE values listed

in Tables 7-10 are significantly larger than theresponding TMSE values presented in Tables
1-4.

3.2.4. Distribution of X and collinearity among colasnof X. Another factor that may effect the
performance of the suggested SUR-ridge parametetiseistrength and type of dependency
among the explanatory variables. The explanatoriabkes were generated from a multivariate
normal distribution, MVN(O, %), a multivariate T-distribution, T(2), or T(6) mectively. The
variance-covariance matri, is defined as diag{) = 1 and off-diagfy)= p, . The strength of
collinearity among these variables took on theseesgo, = 0.75, 0.90,

0.97 and 0.99, (for medium, high and very high).

3.2.5. Distribution of random errors and correlatmmong equations. The random errors were
generate from a multivariate normal distribution MYN, Z¢), where m= 3 or 10 equations. The

variance covariance matri, is defined as diag¢) = 1 and off-diagfe) = po5. Two different

-11 -



degrees of interdependency among these equations wensidered. These values are

ps =0.35and0.75, for low and high interdependency respectively.

Results with other values and combinations of tHastrs are available from the authors on

request.

4. Results

In this section we analyze the output from the Mo@Gtlo experiment along with the main
dominating factors effecting the properties of thiferent multivariate ridge parameters. In
Tables 1-6 and 7-10 we display the TMSE and PR sdinrethe proposed SUR ridge parameters
R when the true values of B took on these value§,(1, 1, 1)' and (1,2,3,4,5)". It is noticed that
the TMSE values displayed in Tables 7-10 are sicantly larger than the corresponding TMSE
values in Tables 1-4 with some difference with regardther properties. For this, the number of

values of p, considered in Tables 7-10 to the required numbertHis investigation, namely

0.75 (medium) and 0.97 (high).

It is noticed that the properties of SUR ridge eatons a5 rbased on generating the matrix X

from T(df), with df > 6 are close to those of SUR ridge estimators bagsegenerating the X

matrix from a multivariate normal distributions.rRabis, values of the factop,, in Tables 5-6,

are reduced to needed values for this study. Thelses arep, = 0.75 and 0.97.

Moreover, our analysis has revealed four factoas tave a bearing on the performance of the
multivariate ridge parameters in terms of TMSE &Ml criterion. These factors are the number
of equations (M), number of observations (T), clatren among the explanatory variables,(
and correlation among equationgs(). In all cases the performance of the multivariatige

parameters, in terms of the above factors, cauitmerarized as

-12 -



a. As Mincreases the TMSE increases RRdincreases.
b. As T increases the TMSE decreases RRdincreases.

c. As p, increases the TMSE increases and PR deseas

d. As ps increases the TMSE increases and PR irgseas

In addition, the output presented in Tables 1-l@&ha slight increase in the TMSE values For

A(Reuin) » @ (Regarin) @Nda@ (R, a@s the sample size increases. Theses multivaridge

regression estimators have shown to have the begirpance in terms of TMSE and PR

criterion when compared with the remaining proposedtivariate ridge regression estimators.

Moreover, multivariate ridge regression estimatbesed onRgk, Rgyk and Rgharm have

produced the highest TMSE and the worst PR valuamgmother estimators. In large samples
when the correlation among the explanatory variaislésw the unbiased estimatar, SGLS of

a , has occasionally shown to have the smallest TM8&ng the remaining estimators.

It is noticed that the TMSEs of almost all of th#edent parameters have enormously increased

when the dimension of the system of equations sedato 10 (the TMSEs are between 60 to

50,000), except for the SUR regression estimatossedanRgyk , Rgyk and Rgharm for which

the increase in TMSE is not that dramatic (the TEI@Ee between 60 to 22350). The SK, SHK
and Sharm have produced the highest TMSE and thstvpooportion of replications,(PR),
among the others. In this case we suggest that teen® gain in efficiency for these two

parameters when performing system-wise estimation.

5. Summary and conclusions

This paper has suggested a number of procedurelevelop some new multivariate biased
estimators applicable to systems of regressiontemnsa All in all, 10 multivariate parameters are
studied and compared. This investigation used ti&SH and the PR criterion to measure the
goodness of SUR ridge-type estimators. The simulatgsults support the hypothesis that the

number of equations, the number of observationggeation, the correlation among explanatory
-13 -



variables and equations are the main factors fif@ttahe properties of SUR ridge estimators. It
is noticed that the unbiased estimator, SGLS, hasasionally (in large sample and low
correlation among explanatory variables) shown tehhe smallest TMSE when compared with

the others. However for high correlationp,, SUR ridge estimators based on

Rsarith: Rsqarith@NdRsmax perform better than the remaining estimators, irtigular

a(Rsmay) - It is evident from Tables 3-4, that the estimséqRgmax) performs quite well

under all conditions or combination of factors dissed earlier. Clearly, SUR ridge estimators

based orRgk , Rgyk and Rgharm Perform very poorly when compared to the othdanmesbrs.

In conclusion, under certain conditions we may sagtfe S, as one of the good estimators to

estimate the multivariate ridge parameter R. Howeawés, requires further considerations such as

generating random errors from some non-normalidigion.
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Appendices. Proofs of previous Results and Statements.
The following statements and results will prove ukefu
Appendix A. Multivariate T distribution.

Given

n+K, 1
r—)|z
Sz |
ki2-(N
(n7) I'(E)
Then f is said to be the pdf for a k-dimenslanaltivariate T with n degrees of freedom,
unknown location vector parameigf]R* and covariance matriX . To draw xO R¥

from the above pdf,
1. Generate kx1 vector YINk(O, ).

2. Generate Z1 x?(n) independent of Y.
3. Let the random independent vecr=(X,, X,,---, X, ) be defined as

f(x |n,u,2)= c[1+%(x - 1) = (x - )], where ¢ =

X, =Y, (Z)-1/2+/Ji, =12, Kk,
n

where 1'= (14, iy, i) OR*and Y' = (Y., Yo, -+, Y, ) .
(See Koop, 2003).

1. Show that

a. (N+R)IRaa'RA+R)? =[(A+R)IA- laa'[(A+R)IA -]
b. MSE@syr)= (A +R) (A +Raa'R)(A+R)™?

proof.

a. ~R=A-(A+R)= -(A+R)Ra =[(A+R)IA-l]la =
(A+R)IRaa’'RA+R) I =[(A +R)IA- lJaa'[(A +R) A -1]

b. Gsur =(Z'Z+R)ZY = (22+R)22a+(ZZ2+R)1ze =

Gsur - =-(Z'Z+R)'Ra +(Z'Z+R)*z'e . This leads to
E(@sur-0)(dsur -0)'=(ZZ+R)H(Z'Z+Raa'R)(Z'Z+R)™*
(A+R)YA +Raa'R)(A +R)?

-16 -



2. Proof of Result 1.

a.MSE(@)-MSE(@syr)=At - (A +R) YA +Raa'R)(A +R)?

=(A+R)Y(A+R)IANYA +R) - (A +Raa'R)) (A +R)?

= (AN +R)Y2R+RAIR-Raa'R)(A+R)?

= (AN +R)IRERT+ A -aa")R(A + R) s positive semidefinite matrix iff

2RI+ AL-qgais positive semidefinite matrix iff forah # 0
()’

J'2RT+ANo
if the maximum value of LHS of the abow@mssion is less or equal to unity for

alldo, 0 #0. This leads to the conditioazl'(/\‘1 + 2R'1)as1, (see Rao, 1973, p 60).

The interested reader may use the expressi.8), (Rao, 1973, p. 33) to confirm
part b. And Result 1(c) follows Result D)b(i

<1 which is true for alldo # 0

OCRYT+A-aa")620 or

3. Show that

var(@) exceedvar(@gr) by a positive semi-definite matrix.
proof.var(@) - var@syg )= A1 = (A +R)IAA +R)?
=(A+R) (A +RNH(A+R)-AI(A +R)™?
=(A+R)IR[2ZRT+ A YR(A +R)1 20 is a positive semi-definite matrix.
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TABLE 1. System-wise estimated TMSEs for thdedént methods, M =3 equations (Normal).

T =30, ps =0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 2531 |5315 |5422 |5018 |33.29 |39.82 |41.73 |33.09 |37.87 | 3349
99.8) | (99.8) | (99.7) | (955 | (96.2) |71 | (7920 | (@16 | (79.5
0.90 | 49.89 | 9554 |9832 |8695 |37.81 55.13 | 60.05 | 39.29 | 45.88 | 37.39
(100) (100) 99.9) | (33.0) | (03) | (@76 | (314 | 9.2 | (33.6
0.97 14500 | 261.42 | 271.18 | 228.71 | 40.63 | 88.76 10055 | 39.47 | 50.79 | 40.07

(98.9) (99.2) (96.9) (2.6) (6.2) (17.5) (2.5) (3.1) (2.6)
0.99 416.54 | 737.08 766.95 634.85 41.44 143.92 182.27 40.30 49.45 41.53
(96.7) (98.4) (88.6) (0.0) (0.1) (3.3) (0.0) (0.0) (0.0)
T =100, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 1449 | 4093 | 4132 |4045 |37.84 | 3834 |3883 |3719 |3847 |3918
99.9) | (99.9) | (99.9) | (99.9) | (99.9) | (99.9) | (99.9) | (99.9) | (99.9)
0.90 | 20.89 |5420 |55.10 |52.18 | 40.68 | 44.82 | 4647 | 4021 | 43.83 | 41.66
(100.0) | (100.0) | (200.0) | (97.9) | (99.9) | (99.9) | (98.0) | (99.8) | (98.0)
097 | 4567 | 9666 | 99.61 88.65 | 42.84 | 57.39 63.25 | 42.20 | 49.23 | 43.43
(100.0) | (100.0) | (100.0) | (49.7) | (836) | (90.2) | (486) | (64.1) | (50.9)
0.99 11642 | 21651 | 225.48 | 190.01 | 43.49 77.67 9315 | 42.62 | 5042 | 44.25

(99.8) (99.9) (99.3) (5.2) (10.2) (27.6) (4.6) (5.3) (5.9)
T =30, ps = 0.75
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 26.39 | 5505 |55.73 |52.89 | 36.33 | 4349 | 44.44 | 36.69 | 42.09 | 3543
(99.8) | (99.8) | (99.8) |(84.6) | (9790 | (98.2) | (859 | (95.3) | (82.9)
090 | 50.19 | 99.16 100.94 | 93.09 | 41.13 62.23 65.12 | 41.30 |52.77 | 39.34
(99.8) | (99.8) | (99.6) |@7.7) | (816) | (832 |(38.00 | (622) | (34.8)
0.97 14220 | 262.65 | 268.87 | 24051 | 44.13 107.26 | 121.26 | 43.36 61.40 | 42.07

(99.0) (99.3) (98.1) (2.5) (21.8) (36.2) (2.4) (4.6) (2.8)
0.99 404.89 720.38 739.31 654.43 44.55 188.39 244.52 43.35 59.96 43.23
(96.7) (97.4) (93.2) (0.2) (0.8) (13.0) (0.2) (0.2) (0.2)
T =100, ps = 0.75
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 1645 | 4362 | 4382 | 43.31 | 4057 4175 | 4217 | 40.46 | 41.80 | 40.94
(100.0) | (100.0) | (100.0) | (99.8) | (99.9) | (99.9) | (99.8) | (99.9) | (99.9)
090 |2293 |5890 |59.41 5768 | 4500 | 5146 | 52.66 | 4534 | 5031 | 44.73
(99.8) | (99.8) | (99.8) | (99.7) | (99.8) | (99.7) | (99.1) | (99.7) | (97.7)
0.97 | 47.98 | 107.07 | 108.81 | 101.93 | 47.60 71.01 7654 | 47.70 50.64 | 46.75
(100.0) | (100.0) | (100.0) | (54.3) | (955 | (96.2) | (54.6) | (78.1) | (52.1)
0.99 11950 | 237.40 | 242.70 | 221.25 | 48.09 10756 | 127.15 | 47.62 6429 | 47.34
99.7) | (99.7) | (995 | (5.9 (37.7) | (60.9) | (5.7) (8.8) (6.1)

The PR values (in percentage) are placed in pagsisthbelow the values of the corresponding
estimators.
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TABLE 2. Estimated TMSEs and PRS for the diffenmthods, M = 10 equations (Normal).
T =230, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 13256 | 290.16 | 295.09 | 271.28 | 133.44 | 198.44 | 209.72 | 133.91 | 171.70 | 131.48
(100.0) | (100.0) | (100.0) | (52.6) | (99.5) | (99.8) | (53.2) | (89.1) | (49.5)
0.90 | 283.01 | 599.80 | 612.44 | 551.99 | 142.29 | 311.63 | 341.25 | 141.99 | 206.04 | 139.20

(100.0) | (100.0) | (100.0) | (0.8) (72.9) (85.3) (0.9) (11.9) 0.7)
0.97 865.72 185.65 1894.85 | 1681.28 | 160.57 525.78 745.39 158.69 238.05 158.96
(100.0) | (100.0) | (99.8) (0.0) 4.9() (25.7) (0.0) (0.0 (0.0
0.99 2529.78 | 5494.19 | 5625.06 | 4954.89 | 165.89 1197.87 | 1629.72 | 164.15 228.02 166.69
(99.9) (99.9) (99.7) (0.0) (0.0) (7.3) (0.0) (0.0) (0.0)
T =100, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 61.87 17766 | 179.26 | 173.09 | 153.04 | 158.01 | 16052 | 151.19 | 157.49 | 155.86
(100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0)
0.90 | 94.24 | 25357 | 257.74 | 240.65 | 165.66 | 189.47 | 19757 | 163.87 | 179.39 | 169.09
(100.0) | (100.0) | (100.0) | (99.4) | (100.0) | (100.0) | (99.2) | (99.8) | (99.4)

0.97 21950 | 534.33 | 548.46 | 486.05 | 185.10 | 259.20 | 290.85 | 182.54 | 205.38 | 190.10
(100.0) | (100.0) | (100.0) | (28.7) | (85.6) | (95.6) | (26.9) | (41.0) | (31.8)

0.99 | 577.18 | 1272.14 | 1314.77 | 1125.88 | 190.09 | 353.45 | 452.80 | 187.28 | 20565 | 195.66

(100.0) | (100.0) | (99.9) (0.1) (0.3) (13.2) (0.1) (0.1) (0.1)
T =30, ps = 0.75
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 131.62 | 309.43 | 312.04 | 29852 | 157.84 | 238.26 | 248.66 | 159.93 | 210.99 | 151.93
(100.0) | (100.0) | (100.0) | (78.2) | (100.0) | (100.0) | (80.3) | (98.6) | (71.1)
0.90 | 27845 | 62513 | 632.12 | 59555 | 16359 | 38521 | 413.96 | 16501 | 265.82 | 153.99

(99.9) (99.0) (99.9) (3.2) (96.9) (98.3) (3.1) (46.5) (2.2)
0.97 847.05 1833.91 | 1857.96 | 1735.92 | 166.92 822.39 947.47 166.11 318.05 158.05
(100.0) | (100.0) | (100.0) | (0.0) (40.7) (65.4) (0.0) (0.0) (0.0)
0.99 2470.78 | 5448.49 | 5521.43 | 5152.42 | 181.31 1772.08 | 2286.40 | 179.50 328.34 176.84
(99.8) (99.9) (99.7) (0.0 (7.2) (36.2) (0.0 (0.0 (0.0)
T =100, ps = 0.75
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 63.10 | 203.26 | 204.04 | 201.14 | 182.25 | 190.70 | 192.73 | 181.67 | 190.21 | 183.21
(100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0)
090 | 9516 | 28282 | 284.86 | 275.71 | 192.62 | 232.66 | 240.09 | 192.60 | 220.47 | 193.67
(100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0)
0.97 219.25 | 530.41 | 537.34 | 505.79 | 17856 | 313.12 | 34529 | 178.64 | 232.41 | 178.81
(100.0) | (100.0) | (100.0) | (24.6) | (99.2) | (99.7) | (23.9) | (62.6) | (24.5)
0.99 | 57358 | 1296.63 | 1317.74 | 1223.63 | 202.61 | 532.80 | 652.17 | 201.15 | 261.26 | 205.13
(100.0) | (100.0) | (100.0) | (0.0) (30.3) | (70.8) | (0.0) (0.1) (0.0)

The PR values (in percentage) are placed in pagsi®t below the values of the corresponding
estimators.
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TABLE 3. System-wise estimated TMSEs and PR for the diffemethods, M =3 equations, T(2).

T =30, ps =0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 10955 | 154.05 | 155.09 | 150.15 | 37.48 | 109.46 | 113.93 | 39.37 | 63.02 | 33.21
9700 | (97.3) |(96.2) | (50.2) | (74.4) | @82 |(B12) | (64.9) | (485)
0.00 | 27156 | 381.65 | 384.36 | 369.85 | 44.81 | 212.84 | 231.44 | 4578 | 82.00 | 37.81
98.0) | (98.4) | (955 |50 |24 |74 |44 | (359 | (235
097 | 898.65 | 1414.34 | 1423.72 | 1370.78 | 59.61 | 540.78 | 49329 | 5450 | 117.68 | 42.49

(95.6) (97.5) (91.3) (3.8) (18.0) (23.4) (3.7) (6.1) (3.7)
0.99 2689.28 | 3764.09 | 3792.72 | 3629.57 | 59.95 1102.21 | 953.31 52.02 128.21 43.79
(92.7) (95.0) (83.2) (0.1) (4.9) (9.3) (0.1) (0.3) (0.2)
T =100, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 86.72 | 131.73 | 132.07 | 130.94 | 3653 12222 | 12485 | 3943 | 5397 | 36.35
99.1) | (99.1) | (©9.1) |69 | ©6.0 |68 |(@©7.3 |@©26) | (86.1)
0.90 | 216.03 | 427.21 | 42821 | 42438 | 41.28 | 368.93 | 395.73 | 44.35 69.34 | 40.10
99.4) | (995 | (99.4) | (@32 |®.7) |19 | @43 |@®33) | (@26
0.97 71641 | 1707.49 | 1710.29 | 1696.38 | 45.88 1272.57 | 1546.07 | 47.92 9297 | 42.30
98.4) |(98.4) | (078 |[@27) |74 |®614 |@26) | @425 | (329
0.99 | 2145.16 | 5132.32 | 5140.85 | 5096.04 | 67.86 | 3655.04 | 4490.23 | 57.46 142.68 | 46.25

(97.5) (97.7) (93.0) (6.4) (17.9) (25.5) (6.1) (7.8) (7.0)
T =30, ps = 0.75
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 113.75 190.57 191.20 188.09 41.65 151.10 159.75 44.72 70.15 36.09
(98) (98) (97.8) (54.5) (83.2) (83.9) (56.0) (72.3) (50.5)

0.00 | 282.16 | 463.45 | 465.09 | 456.15 | 54.75 | 339.34 | 35255 | 56.42 | 105.45 | 41.42
9790 | (98.0) |75 |84 |®62 |@®63) |75 |@57) |(@51)
0.97 | 933.75 | 1310.35 | 1316.00 | 1282.48 | 72.29 | 820.48 | 818.11 | 65.88 | 167.84 | 45.93

(96.3) (97.0) 94.1() (5.7) (30.7) (37.3) (5.4) (10.8) (4.8)
0.99 2794.25 | 4213.37 | 4239.65 | 4130.65 | 79.20 2322.33 | 2013.20 | 63.18 180.30 47.53
(94.8) (95.3) (90.0) (0.4) (11.6) (15.8) (0.3) (0.6) (0.4)
T =100, ps = 0.75
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 83.71 | 18450 | 184.68 | 184.03 | 42.51 176.62 | 179.49 | 49.25 7118 | 39.41
(99.6) | (99.6) | (99.6) |(87.6) | (97.8) | (98.3) | (89.7) | (94.8) | (86.8)
0.90 | 201.78 | 310.27 | 310.74 | 308.61 | 50.00 279.15 | 284.76 | 57.98 99.81 | 44.00
99.4) | (99.4) | (99.4) | (@753 | (9520 |95.4) | (@77 | (89.0) | (@22
0.97 658.05 | 1103.05 | 1104.67 | 1096.71 | 59.91 958.27 | 98356 | 67.97 17021 | 46.92
98.2) |(983) |79 |[@58 | (743 | @37 |56 | (5300 | (822
0.99 1960.66 | 2998.51 | 3003.42 | 2978.52 | 119.26 | 2485.17 | 2500.74 | 93.64 | 269.72 | 57.14
96.8) | (97.3) | (95.3) | (5.6) (37.5) | (418) | (5.1) (12.8) | (5.4)

The PR values (in percentage) are placed in pagsisthbelow the values of the corresponding
estimators.
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TABLE 4. Estimated TMSEs and PRs for the diffénmethods, M = 10 equations, T(2)
T =30, ps = 0.35
SK

Px SGLS SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 745.87 1386.51 | 1391.17 | 1367.70 | 172.41 1105.46 | 1130.30 | 174.94 509.93 129.15
(96.9) (97.1) (96.5) (5.9) (75.7) (81.7) (5.7) (38.2) (4.0)

0.90 1937.55 | 3178.82 | 3190.73 | 3123.10 | 216.07 2346.60 | 2420.95 | 202.28 745.35 140.54
(97.8) (97.9) (07.1) (0.0) (49.3) (59.0) (0.0) (5.0) (0.0)

0.97 6552.52 | 12730.1 | 12771.2 | 12519.8 | 263.49 8311.10 | 8540.64 | 211.89 1172.73 | 153.53
(99.0) (99.0) (98.6) (0.0) (20.9) (31.1) (0.0) (0.0) (0.0)

0.99 19731.4 | 36585.7 | 36710.3 | 35920.1 | 283.16 20760.5 | 21546.8 | 209.22 1305.83 | 163.74
(99.0) (99.2) (98.8) (0.0) (10.9) (17.2) (0.0) (0.0) (0.0)

T =100, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 20825 | 402.09 | 40357 | 397.27 | 156.42 | 33552 | 348.73 | 162.67 | 257.03 | 154.64
99.5) | (99.5) | (995 | (@762 | (96.1) |74 |@71) | ©0.2) | (@55)
0.90 | 48551 | 839.78 | 843.68 | 82491 | 171.81 | 627.59 | 661.03 | 180.98 | 363.60 | 163.95
98.7) | (98.8) | (983) |[@387) |47 |78 |(39.2 | 649 | (39.4)
0.97 1557.64 | 2795.00 | 2808.74 | 2737.93 | 197.32 | 1680.67 | 1805.30 | 202.00 | 539.55 | 117.34

(99.2) (99.2) (99.1) (1.4) (33.6) (44.6) (1.4) (5.5) 1.7)
0.99 4618.70 | 8077.39 | 8119.60 | 7892.40 | 212.02 4161.00 | 4441.86 | 210.02 656.81 186.25
(99.4) (99.4) (99.2) (0.0) (6.2) (13.2) (0.0) (0.0) (0.0)
T =30, ps = 0.75
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 1096.77 | 1743.12 | 174551 | 1732.38 | 263.56 | 1588.90 | 1616.70 | 281.09 | 946.39 | 153.90
97.7) | (©7.7) | ©73) |@42 |©16) | @33 |@42 |48 | (7.8
0.90 | 2929.46 | 4459.10 | 4465.57 | 4428.75 | 373.62 | 3859.91 | 3941.18 | 341.73 | 1627.85 | 167.97

(98.3) (98.3) (98.1) (0.9) (76.3) (82.0) (0.6) (18.5) (0.5)
0.97 10036.8 | 17990.4 | 18012.8 | 17873.4 | 1039.92 | 14615.0 | 15041.0 | 530.00 3424.89 | 252.64
(98.8) (98.8) (98.6) (0.0) (48.1) (58.1) (0.0 (0.2) (0.0)
0.99 30336.5 | 48478.5 | 48546.7 | 48128.8 | 1635.43 | 36591.7 | 37358.4 | 782.96 5506.74 | 284.75
(98.9) (98.9) (98.2) (0.0 (27.9) (41.7) (0.0 (0.0 (0.0)
T =100, ps=0.75
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 21534 | 41565 | 416.28 | 413.39 | 189.18 | 380.11 | 387.47 | 207.24 | 322.81 | 176.27
(99.4) | (99.4) | (99.4) |31 | (988 |(98.9 |(850) | (965 | (80.5)
0.90 | 502.92 | 962.91 | 964.69 | 955.97 | 213.38 | 823.44 | 84439 | 237.28 | 549.28 | 186.42
(99.5) | (99.5) | (99.4) |(50.3) | (96.1) | (965 | (519 | (82.8) | (47.5)
0.97 1615.10 | 2994.24 | 3000.65 | 2966.35 | 235.80 | 2243.27 | 2328.69 | 251.75 | 913.76 | 186.74

99.1) | (99.1) | (99.1) | (18) (72.1) | (76.1) | (1.8) (18.3) | (1.7)
0.99 | 4790.60 | 8416.67 | 8436.51 | 8330.57 | 275.45 | 5580.19 | 5713.38 | 258.04 | 1304.36 | 194.48
(99.5) | (99.5) | (99.5) | (0.0) (29.9) | (41.7) | (0.0) (0.1) (0.0)

The PR values (in percentage) are placed in pagsisthbelow the values of the corresponding
estimators.
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TABLE 5. Estimated TMSEs and PRs for the diffenmethods, M =3 equations, T(6).

T =30, ps =0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 32.12 61.49 62.53 58.19 33.72 44.42 46.34 33.64 40.82 33.17
(99.6) (99.7) (99.3) (67.3) (88.7) (91.1) (67.3) (81.5) (64.1)
0.97 205.93 | 359.06 368.57 321.52 42.29 116.67 125.99 40.47 58.19 39.81
(98.1) (98.7) (94.4) (2.5) (11.9) (21.5) (2.5) (3.8) (2.5)
T =100, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 15.97 41.82 42.17 41.21 36.71 38.20 38.89 36.25 38.17 37.90
(100.0) | (100.0) | (100.0) | (99.0) (99.8) (99.9) (99.9) (99.6) (98.9)
0.97 59.99 119.54 122.39 109.91 42.15 61.96 66.52 41.61 50.36 42.65
(99.7) (99.7) (99.4) (41.1) (68.2) (73.5) (39.6) (52.1) (41.8)
T =30, ps =0.75
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 32.83 61.97 62.62 59.83 37.19 48.27 49.45 37.80 45.27 35.58
(98.9) (99.2) (98.9) (72.8) (92.7) (93.4) (74.4) (87.5) (69.2)
0.97 198.31 | 344.83 350.71 320.65 47.85 139.29 150.63 45.73 71.86 42.20
(98.6 (99.1) (96.5) (4.5) (24.0) (39.4) (3.9) (6.5) (3.9)
T =100, ps =0.75
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 18.16 44.95 45.14 4461 40.11 42.56 42.99 40.33 42.50 40.10
(100.0) | (100.0) | (100.0) | (98.8) (99.8) (99.8) (99.0) (99.8) (98.6)
0.97 63.90 127.48 129.12 122.13 47.87 83.05 86.43 48.51 66.26 45.54
(99.6) (99.7) (99.6) (44.1) (86.3) (87.3) (43.9) (66.9) (41.9)
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TABLE 6. Estimated TMSEs and PRs for the diffenmethods, M = 10 equations, T(6).

T =30, ps =0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 17497 | 344.22 348.95 326.11 135.21 23411 247.35 135.84 191.55 130.48

(100.0) | (100.0) | (99.9) | (@6.1) | (937 |67 | (259 | 69.3) | (21.6)
0.97 1261.04 | 2453.99 | 2495.48 | 2274.60 | 15953 | 878.79 | 1013.17 | 157.23 | 285.01 | 154.07

(99.8) (99.9) (99.6) (0.0) (6.4) (21.1) (0.0) (0.0) (0.0)
T =100, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 70.91 18525 | 186.74 | 181.33 | 151.49 | 162.70 | 165.76 | 150.16 | 160.86 | 153.97
(100.0) | (100.0) | (100.0) | (99.7) | (100.0) | (100.0) | (99.7) | (100.0) | (99.7)
0.97 304.20 | 635.64 | 648.90 | 591.65 | 178.25 | 300.13 | 339.36 | 176.41 | 214.79 | 182.38

(100.0) | (100.0) | (100.0) | (9.8) (57.2) (74.1) (9.1) (19.0) (11.5)
T =30, ps =0.75
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 17487 | 362.36 | 364.79 | 352.11 | 161.64 | 282.10 | 293.70 | 16450 | 23857 | 150.26
(100.0) | (100.0) | (100.0) | 46.5) | (98.8) | (99.2) | (48.9) | (89.9) | (34.4)
0.97 1250.63 | 2490.84 | 2513.52 | 2389.66 | 173.75 | 1184.04 | 1184.04 | 1316.96 | 171.62 | 157.56

(99.7) (99.7) (99.7) (0.0) (39.6) (54.9) (0.0) (0.0) (0.0)
T =100, ps =0.75
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 71.68 | 209.02 | 209.72 | 207.14 | 178.46 | 194.72 | 197.16 | 179.02 | 193.07 | 178.80
(100.0) | (100.0) | (100.0) | (99.9) | (100.0) | (100.0) | (99.9) | (100.0) | (99.9)
0.97 302.78 | 643.73 | 650.19 | 620.74 | 180.76 | 380.09 | 418.22 | 181.89 | 263.46 | 180.27
(99.9) | 100.00 | (99.9) | (9.7) (88.1) | (91.4) | (9.6) (39.4) | (9.8)

The PR values (in percentage) are placed in pagsistbelow the values of the corresponding
estimators.

-23-



TABLE 7. Estimated TMSEs and PRs for the diffenmethods, M =3 equations, Normal.

T =30, ps =0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 309.66 656.84 658.60 652.61 469.63 610.60 618.20 439.89 530.42 406.82
(99.9) (99.9) (99.9) (90.5) (99.8) (99.9) (87.3) (98.0) (79.7)
0.97 1676.81 | 3225.27 | 3240.86 | 3181.37 | 767.85 2386.40 | 2386.14 | 547.82 954.54 501.80
(99.6) (99.6) (99.5) (10.2) (93.0) (90.7) (3.6) (11.8) (3.4)
T =100, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 186.60 509.89 509.89 508.47 468.26 501.10 503.28 464.94 489.26 454.35
(99.9) (99.9) (99.9) (99.8) (99.9) (99.9) (99.7) (99.9) (99.8)
0.97 541.76 | 1198.21 | 1202.86 | 1187.14 | 614.86 1035.68 | 1060.28 | 554.61 736.40 518.97
(100.0) (100.0) (100.0) (66.8) (100.0) (100.0) (56.8) (87.6) (50.7)
T =30, ps =0.75
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 333.72 | 687.35 688.44 684.52 515.06 651.90 654.91 490.53 584.63 443.62
(99.9) (99.9) (99.9) (92.4) (99.8) (99.8) (91.1) (98.5) (82.5)
0.97 1713.01.( 3284.36 | 3293.26 | 3256.84 | 934.79 2663.14 | 2647.46 | 653.44 1226.72 | 559.63
(99.5) (99.5) (99.4) (15.0) 97) (94.2) (3.8) (24.3) (3.0)
T =100, ps =0.75
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 215.65 541.50 541.79 540.99 503.00 215.65 538.09 503.79 528.02 480.19
(99.9) (99.9) (99.9) (99.4) (99.9) (99.9) (99.5) (99.9) (99.2)
0.97 590.79 | 1324.97 | 1327.41 | 1318.99 | 729.41 1213.70 | 1224.37 | 658.00 915.11 557.42
(100.0) | (100.0) | (100.0) | (72.0) (100.0) | (100.0) | (66.6) (92.6) (52.4)
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TABLE 8. Estimated TMSEs and PRs for the diffenethods, M = 10 equations, Normal.
T =30, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 1641.59 | 3489.53 | 3496.24 | 3465.17 | 1856.55 | 3218.68 | 3268.58 | 1665.27 | 2523.40 | 1452.66
(100.0) | (100.0) | (100.0) | (65.0) | (100.0) | (100.0) | (53.1) | (96.5) | (30.6)
0.97 10337.8 | 22484.4 | 22538.8 | 22278.0 | 2654.00 | 17692.9 | 18296.4 | 1908.79 | 5145.86 | 1680.03

(100.0) | (100.0) | (100.0) | (0.2) (99.4) (99.6) (0.0) (0.6) (0.0)
T =100, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 80153 | 2011.53 | 2013.80 | 2004.81 | 1647.02 | 1947.45 | 1961.15 | 1636.95 | 1847.04 | 1573.59
(100.0) | (100.0) | (100.0) | (99.9) | (100.0) | (100.0) | (99.9) | (100.0) | (99.8)
0.97 2661.40 | 6277.35 | 6296.10 | 6214.17 | 1963.91 | 5106.11 | 5305.90 | 1867.16 | 2845.75 | 1795.41

(100.0) | (100.0) | (100.0) | (13.9) (100.0) | (100.0) | (9.6) (64.5) (7.6)
T =30, ps =0.75
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 1656.12 | 3576.98 | 3580.32 | 3564.40 | 2056.18 | 3407.07 | 3439.49 | 1853.10 | 2834.49 | 1516.11
(100.0) | (100.0) | (100.0) | (73) (100.0) | (100.0) | (68.3) (98.7) (35.0)
0.97 10296.2 | 22440.4 | 22469.0 | 22331.7 | 3524.98 | 19473.5 | 19973.8 | 2273.21 | 7323.74 | 1761.73
(100.0) | (100.0) | (100.0) | (2.0) (99.9) (99.9) (0.0) (13.5) (0.0)
T =100, ps =0.75
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 824.12 2083.11 | 2084.04 | 2080.26 | 1766.88 | 2053.30 | 2060.29 | 1762.77 | 1986.55 | 1639.85
(100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0) | (100.0)
0.97 2708.47 | 6340.80 | 6349.35 | 6312.95 | 2261.06 | 5730.07 | 5843.67 | 2070.49 | 3714.56 | 1835.55
(100.0) | (100.0) | (100.0) | (26.6) (100.0) | (100.0) | (16.0) (89.6) (7.9)

The PR values (in percentage) are placed in pagsistbelow the values of the corresponding
estimators.
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TABLE 9. Estimated TMSEs and PRs for the diffenerethods, M = 3 equations, T(2).

T =30, ps = 0.35
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 1348.26 | 1895.70 | 1897.29 | 1890.74 | 933.48 1787.44 | 1793.48 | 721.81 1276.23 | 530.46
(98.0) (98.0) (97.9) (66.6) (95.8) (95.7) (60.0) (80.5) (52.1)
0.97 10908.2 | 17283.9 | 17297.6 | 17228.3 | 2812.69 | 14636.3 | 13730.2 | 1219.82 | 3483.41 | 987.60
(97.4) (97.4) (97.4) (13.6) (79.8) (78.0) (5.9) (18.3) (4.8)
T =100, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 1122.5 1653.30 | 1653.76 | 1652.11 | 689.17 1635.44 | 1637.67 | 715.671 | 1297.22 | 529.92
(99.0) (99.0) (99.0) (93.3) (98.9) (98.9) (92.5) (97.2) (87.0)
0.97 8876.55 | 21944.1 | 21948.2 | 21929.6 | 1872.89 | 21390.2 | 21374.9 | 1294.98 | 3817.82 | 773.58
(98.5) (98.5) (98.5) (46.9) (94.6) (93.1) (40.0) (62.3) (35.4)
T =30, ps = 0.75
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 1408.98 | 2349.93 | 2350.89 | 2346.99 | 1098.06 | 2276.57 | 2286.18 | 871.78 1663.44 | 565.72
(97.9) (97.9) (97.9) (70.6) (97.1) (97.2) (65.1) (87.7) (53.7)
0.97 11382.1 | 16059.1 | 16066.9 | 16026.2 | 3813.56 | 14568.7 | 14291.0 | 1649.29 | 5523.76 | 1082.37
(97.3) (97.4) (97.2) (19.0) (87.6) (84.7) (8.3) (27.9) (6.3)
T =100, ps = 0.75
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 1081.03 | 2566.45 | 2566.70 | 2565.81 | 926.60 2555.52 | 2557.00 | 935.08 1861.04 | 681.23
(99.5) (99.5) (99.5) (94.6) (99.5) (99.5) (94.8) (98.5) (88.9)
0.97 8155.42 | 13470.4 | 13472.6 | 13463.0 | 3551.8 13225.2 | 13152.5 | 2610.3 6948.65 | 1645.78
(98.4) (98.5) (98.4) (56.1) (97.5) (96.8) (46.6) (76.5) (36.2)
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TABLE 10. Estimated TMSEs and PRs for the diffenethods, M = 10 equations, T(2).
T =30, ps = 0.35
SK

Px SGLS SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 9282.79 | 16894.3 | 16900.0 | 16873.9 | 4908.77 | 16392.2 | 16485.4 | 3197.49 | 9483.96 | 1723.19
(96.6) (96.6) (96.6) (25.6) (95.8) (96.1) (8.2) (67.9) (2.1)
0.97 80242.4 | 157573. | 157621. | 157342. | 25355.9 | 145433. | 145678. | 6382.18 | 39845.9 | 3453.25
2 3 2 8 3 4
(98.9) (98.9) (98.8) (1.4) (95.7) (95.3) (0.0) (3.3) (0.0)
T =100, ps = 0.35
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax
0.75 2620.78 | 4718.44 | 4720.34 | 4712.87 | 2248.91 | 4589.32 | 4619.14 | 2099.98 | 3656.73 | 1510.61
(99.1) (99.1) (99.1) (73.6) (99.0) (98.9) (72.6) (94.6) (60.8)
0.97 19075.1 | 34002.0 | 34018.8 | 33938.3 | 4753.56 | 30939.4 | 31209.2 | 3182.11 | 12330.9 | 1894.96
(99.0) (99.1) (99.0) (2.0) (97.0) (97.4) 0.7) (21.8) (0.3)
T =30, ps = 0.75
Px SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 13906.0 | 21723.8 | 21726.8 | 21712.4 | 8968.13 | 21469.0 | 21511.3 | 5950.61 | 16451.0 | 2427.59
©6.7) | (96.7) |(96.7) |@02) | (964 |64 |@9.4) |38 |36
0.97 | 124027. | 223504. | 223529. | 223379. | 53795.0 | 216129. | 216897. | 13725.3 | 88067.7 | 6482.68

6 2 2 7 6 4
(98.5) (98.5) (98.5) (4.3) (97.6) (97.7) (0.0) (14.2) (0.0)
T =100, ps = 0.75
Ox SGLS SK SHK Sharm Sarith Sgeom Skmed Sqarith Sgmasmax

0.75 | 2715.77 | 4632.02 | 4632.79 | 4629.57 | 2729.74 | 4576.82 | 4588.60 | 2647.89 | 4187.02 | 1697.15
99.2) | (99.2) | (©99.2) |[®0.7) |(©9.1) |91 |08 | ©7.2 | (631
0.97 19837.2 | 36379.2 | 36386.6 | 36350.1 | 8213.68 | 34833.1 | 34958.6 | 5149.24 | 18572.2 | 2280.74
98.9) | (98.9) | (98.9) | (7.4) (98.3) | (985 | (2.2) (55.7) | (0.3)

The PR values (in percentage) are placed in pagsi®t below the values of the corresponding
estimators.
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