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Abstract In this paper, we propose the MM and MM ridge estimators for SUR model to deal with outliers. The MM
estimators are the type of robust regression with high breakdown point and have more efficient than other robust estimators.
Since, outliers, frequently, appear with multicollinearity problem, then we propose MM ridge estimators for SUR mode. In
these estimators, the shrink parameter was chosen by minimize robust Cross Validation Criteria (CVyy) which depend on
MM estimators. This choice achieves high breakdown point for given shrink parameter. Therefore, the MM ridge estimator
has strong robust features. In addition, the asymptotical properties for the MM and MM ridge estimators ware also
investigated. The median ASE (average squared error) was used to compeer the efficiency for estimator and to compute the
estimators we designed two algorithm. Furthermore, the Simulations study was executed to test the performance of GL S, S,
MM and MM ridge estimators for SUR model.

Keywords Seemingly unrelated regression (SUR), GLS estimator, S-estimator, MM-estimator, MM ridge estimators,
robustness properties, robust Cross Validation Criteria (CVy)

1. Introduction

The seemingly unrelated regression (SUR) Model
proposed by (zellner, 1962) which it depends on general
least squares estimator (GLS) and assumes data without
outliers but in some cases this cannot be achieved. The
robust methods considered the one important approach to
deal with outliers which allow the unequal weight for
observations. (Koenker etal, 1990) introduce M-estimators
method, as a robust methods, to estimate SUR model when
the data within outliers, yet the asymptotic efficiency for
M-estimators depend on initial estimate and have breakdown
point (bp) equal 0. Therefore, (Bilodeau etal., 2000)
suggested S-estimator for SUR model which interest same
asymptotic properties for M-estimators and have high (bp)
reach to 50% of the observations. In the same side, (Garcia
etal., 2006) and (Roelandt etal., 2009) proposed T-estimates
for multivariate regression which have excellent robustness
and high efficiency under normality of error. (Roelandt etal.,
2009) extract generalized S estimates for multivariate
regression which consider high breakdown estimation when
analysis the independent component. The MM estimators for
linear regression model was introduced by (Yohai, 1987)),
which begin at the first with a highly initial robust regression
estimator like S estimators which depend on a loss function
pyand then used this initial estimator to obtain M estimator

with other loss function p, . This estimator has two
advantage, the high asymptotic efficiency for normality error
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and high breakdown point reach to 50%. The study of
(Berrendero etal., 2007) show that, the asymptotic bias for
mm estimator is lower than the t estimators when we
contaminations error lower than 0.20 and the MM estimator
has best lower maximum bias curve than other robust
estimators.

(Salibian etal., 2006) show that, the breakdown point of
MM-estimator in finite-sample is equal to or greater than
initial S-estimator. The MM estimators begin at the first with
a highly initial robust regression estimator like S estimators
which depend on a loss function p,, and then used this initial
estimator to obtain M estimator with other loss function
p, -(Kudraszow, 2011) suggested MM estimator for
multivariate linear model and study the consistency and
asymptotic normality with elliptical distribution for error. On
other hand, frequently, outliers appear with degree of
multicollinearity. The ridge method solved multicollinearity
problem has been discussed by (Hoerl etal., 1970). This
method is a way of proceeding in solving the problem by
adding specific information to remove the ill-condition. The
SUR model possibly is under the influence of
multicollinarity. (Srivastava etal., 1987) suggested general
ridge estimator to remove the ill-condition in SUR model
(Alkhamisi. etal, 2006) developed ridge estimators of the
SUR model, when the data are transformed in a canonical
form. The critical point in ridge estimate is how to choose the
shrink parameter. So, (Firinguetti, 1997), (Kibria etal., 2003)
and (Alkhamisi. etal, 2006) suggested non robust Criteria to
choice the shrink parameter in ridge estimator for SUR
model. These formulas assume choosing ridge parameter
when data without outliers. (Jung, 2009) proposed robust
cross validation in ridge regression when data are within
outliers. (El-hosany etal., 2011) used robust Cross
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Validation Criteria to choice shrink parameter in SUR
model.

In fact, frequently, outliers appear with degree of
multicollinearity. Therefore, (El-hosany etal., 2011) mingle
between ridge estimator and S- estimator to get robust ridge
estimator. (Maronna, 2011), (Moawad etal., 2011) and
(Mariam. etal., 2012) have developed MM-estimators to deal
with leverage point and absorption problem of
multicollinearity. This estimators builded by combined
between ridge regression and mm-type to reach to mm ridge
estimators.

There is no study use the MM estimator in the SUR model.
So, we suggests, MM and MM ridge estimator for SUR
model to deal with bad high leverage points and the
multicollinearity problem associated with it. In MM ridge
estimator, we develop robust Cross Validation Criteria, to
choice shrink parameter, depended on MM estimator. This
paper organized as follows: The SUR model and estimators
defined in Section two. In section three, we study the
asymptotic properties of MM and MM ridge estimators in
SUR model while section four will be devoted to make the
simulation study. In section five, we develop algorithm to
compute MM and MM ridge estimator for SUR model.

2. GLS, S, MM and Weight MM
Estimator for SUR Model

Conceder the SUR model

Y=XB+u (D
where Y = [Y;',...,Y,']" is a nq x 1 vector of dependant
variable in q equation, X = diag[Xy,...,Xq] is a nqxkq
matrix of independent variable and p = [u’, ..., uq"]" is a
nq % 1 vector of random error in q equation. Suppose E(l;)=0,
var( y; )= oyl, for all i=1,2,...q and Cov( W, )
=oy1, foralli,j=1,2,...q. We can right the SUR model in the
multivariate form

Y=XB+7 @
where Y = [Yi, ) Yq] is a matrix of n x q observations with
Y, an x 1vector, X = [Xy,..,X,] is a n x kq matrix,
B = diag[B;, ., Bq] is a kgqxq matrix of coefficients.
and il = [H, 0y, -, By 1S @ nxq matrix of residual
with i aq X 1 vector. Let g = Aju,i=12,..,n where
A; = diag(a,, aj, ..., a;) is a nqX q matrix and a; is vector

contains one at position i and zero elsewhere. (Srivastava and
Giles, 1987) suggested the GLS estimator for SUR model

Bas =X C7' @ LXITX QT @ L)Y 3)

where . is qxq variance covariance matrix for error between

Al~

equations. The GLS estimator calculate by use S=- u il as

consistent estimator for Y. (Bilodeau etal, 2000) introduce S
estimator to deal with outliers for SUR model. This estimator
used the Huber function at the form

T2 T4 T6
ot lTl=c

p(m) =42 % ¢ (4)

where p is symmetric, continuous, differentiable and for
C >0 it is strictly increasing on[0; c], constant on [c,0] and
p(0)= 0. The percentage of breakdown point depend on C.
(Ruppert, 1992) show that, when choice C=1.5476 the of
breakdown point reach to 50%. The S estimator for SUR
model minimize

n
1 3 1
=log|X| — A, [HZ Po [{ui’Ai h) 1A1Hi}z] - bl
i=1

where b=E®(p(u1)) and @ is the standard normal distribution.

The S estimator satisfy the following equation

_ -1 _

- (T @WIX) X @ W)Y

Y =q¥ - XBYW.(Y —XB)/ I, v(w)
Where

wh = WA T A, =12, 0, W, = diag (22 1‘))

(&)
Q)

L AT A = (27 @ W) and v (W)= py’ (W)
w- P, (W)+b
Lemma (1):

Let the p, and p, have symmetric, continuous,

differentiable, for C> 0 it is strictly increasing on [0; c],
constant on [c,0] and p(0)= 0. In adding, the function p, and

p1 achieve p; (1) < po (n) and Sup p; (1) = Sup po (p). We
use Huber function at the form (4). In the SUR model in (1).

We can extracted the MM-estimator for SUR model (new)
by

réllg)[ Zl 1P1 ((ﬁi’ s_lﬁl)l/z)] (7)

Where, X, estimated by
min

— — 1/2
8,%) [%21":1 Po [(ﬁi(BO)’ 20_1ﬁi(80)) ] = b] ®)
Where B, and X, are initial estimators.

Then the MM-estimator for SUR model satisfy the
following equations

B s = (X(Z5 ™" ® Wi )X) " X/(2,™! @ Wy )Y (9)
%5 = q(Y = XB) Wiy (Y = XB)/ Tt V(Wi ) (10)
Where
Winm > = WA =AW, i=1,2,. 0,
W= diag{e(Wmm )} €Winm )=P1' Winm ) Winm »
O Wi )= p1' Wiy )= p1(Wony )+b and Ey (p (1)) =
Proof of lemma (1)

If we differentiate (7) with respect to § and equalize the
result to zero then

=3opy (I ®ras A, (B)ﬁ}{[ui(ﬁ)'Auzs‘lAiui (B)]_%}
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(XAix,

i=1 WXA TAY - B

mm j

“TAXB—X'AETTAY) =0

p1'(Wmm ;)

XAZ A, XB =0
= A I A i =
Then X'(Z, 7' @ Wy )Y = X'(Z, 7' ® Wmm)XB

Where Wmm

Where (2,7 @ Wy ) = 20, 2 (W“““JA A
and W =dia [F’l (Wmm 1) F’1 (Wmm n)]
mm & Wmm 1 ' Wmm p

Then complete the proof.
Lemma (2)

If p, and p, satisfy the condition in lemma (1), then we
extract MM ridge estimator for SUR model (new) by
min

) [ Yit1P1 ((ﬁi'25_1ﬁ1)5> +AXL, }(=1 Bijz (11)

Where, X, estimated by (8) and A is ridge parameter. The
MM ridge estimator for SUR model (new) in (1) can be
written as

Bmm ridge SUR

’ - -1, _
= (X (27" @ Wom )X + M) X'(Z7' @ Wi )Y (12)
Proof of lemma (2)

If we differentiate (11) with respect to B and equalize the
result to zero then:

-
—_—

=Y oy [ @ A @] [(Ai'ui ®= an®) *
i=1

q K
[XAT'AXB, — X'A/SAY] +2 Z Z B, =

i=1 j=1

Z—pl( mml)XA’Z 1Ay
e mml

Zpl( 1) XA/Z,LAXB + A8 = 0
Wmnm ;

Then complete the proof.

3. Asymptotic Properties for MM and
MM Ridge Estimators for SUR Model

In this section, we study the asymptotic properties MM
and MM ridge estimators.

Lemma (3)
Consider the SUR model with Z observe, Z = (yij,xij),
1 <« <n, 1 £ j £ q which independent random

vectors distributed as pg-variate normal distribution
Ho(Z) = My(X)o(pn) with mean p= Zp and variance s,
where M (X) is distribution of X and Gg () is distribution
of .

MM and MM Ridge Estimators for SUR Model

Then

‘/ﬁ(ﬁmm SUR B) i

N[0, B(¥2(|5. ' /))/ap?)E(z 5. 2) ]
Where

YW = ap(w)/ ay,
p=E {(1 - ﬁ) Umm (|2 7/2R]) + ‘P’(Izs‘l/zﬁl)}

Proof of lemma (3):

We use the proof for the Theorem (4-1) in (Yohai, 1987)
and the asymptotical properties for S-estimator for SUR
model in (Bilodeau etal, 2000) to access the prove. The
MM-estimator of B,Y, in SUR model, can be defined as a
solution of M-type equation, then the anther form for
equations (8) and (9) are

LYEZERY) =0, ¥ = (Y, Y,) (14
Where:
W1 (2,6 B, %) = w (d) (23,7 (- 7P)),

¥, (Z,t,B, %) = vec{quym (d)(t — ZB)(t — ZB)
— vum ()X}
By using Mean Value Theorem (MVT),

3ap; € (B,.B,) S-th
1% _
;Z ¥(Z,45,,%s)

1x 1%
= Ez ‘P(Z' t BO' Zs) +EZ \Pﬁ’(z' t B;' Zs) (B; - Bo)
i=1 i=1
For (14)
n=1 \P(Z’ 4 BO’ ZS) + %Z?ZI \P(Z' t, B;l Zs)
(B; - Bo) =0
Then

Vn ((B; - Bo))

n -1 n
1 : 1
= _<;;‘I](Z:t,ﬁn'2$)> \/_ﬁ;‘y(z’t’ﬁo'xs)

For uniform laws of large numbers (ULLN)

Z‘P(Ztﬁ %) —E[¥(Z 485, 30)]| =

plim

n—o0

plim— Z\P(Zt[} ZS)
= plim Z‘P(Ztﬁ %) ~E[¥(265;,5,)]

+pl_l>m|E[\P(Z; t, Bn’ Zs)] - E IP(Z! t, BO! Zs)”
+E[¥(Zt.B,, Xs)]
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By central limit theorem (CLT), we get
n
1 . d
;Z l’Pl (Z' t, Bn’ Zs) -
i=1

N(0, [Var(¥,(Z,t, B, X)), Var(¥, (Z,t, B, ))])
And then
va (B, - B,)) >N

(0.E[¥1(ZtBy, )] Var (W1 (2.t By, £5) ) E[¥1 (26,8, )] )

Under the assumption u elliptical. We study the

asymptotic variance for _ .
Hence

Cov(¥;, ¥1) = E[quyy () vm (D)Z'Es ™' (t - ZB) |
—Eupy ()Z27%, " (t — Z)|Vec((t — 2)'(t— ZP)) = 0
Let:
E[¥(Z,t By, 5)] " Var (¥ (2.t By, 5:) ) E[¥(Z.t. By, 5)]

= I:E[\Pl (Z, t: Bt ZS)]_l 0 ]
0 E[\PZ(Z! t, B' Zs)]_1

[Var(w1 (Z,tB X)) 0 ]
0 Var(¥,(Z,t,B, %))

[E[‘Pl (AL 9% 0 ]
0 E[\PZ (Z' t, B' Z)]_l
while ., (d)Zs /2 (t — ZPB) is spherical then

Var (25‘1/2 (t— ZB)) = al
o= B[ (|22 (e - 2))]
~ B[ (5~ 7))
= B[, e )
and then Var(¥;(Z t,8,Y)) = 0E(Z'Y, 'Z).
Extension for Lemma (5-1) (Lopuhaa, 1989). We get
E[¥, (2, 6B, D)1 = — [B(ZE, 7))
Where
B = £{(1 =) o (15 7280) + w15 )

Then
E[\P(Z' t, BO! Z)]_1Var(‘P(Z, t, BOI ZS))E[\P(Z' t BO' Z)]_T

_[Firesor 0 ‘
0 E[¥,(Zt,B, 2]
[aE(Z’ZS_lz) 0 ]
0 Var(¥,(Zt,B,%))
~5lEEE D) 0 ‘
0 E[‘PZ (Z' t, B' z:s)]_1

!
p

Then

21

E[¥1(Z.t By, )] Var (¥1(2.6. By, £5) ) E[¥1 (Z 6By )]
= (a/B))[B(z5 ' 2)]

Then completes the proof.
Lemma (4):
Consider the same condition in proposition (3-1) and
n~1/2) = ), then

d

\/H(Bmm ridge SUR B) -N
1= N |

[0, B(¥2 (|3~ + 220 B)/aB?E(Z 5. 7'2) | (15)
Where W(1) = dp(n)/ oy,

p=E{(1-)u(n. ) + w(m D)

and then Var[¥, (Z,t, B, ¥)] = aE(Z'Y'Z). Following by
the proof for lemma (3) then completes the proof.

_ %E[\PZ(|ZS_1/2(t —28)| + 225 B) |

Where
YW = dp(w)/ o,

p = E{(1 ) (157722 + w2 R

and u(p) = [dp(w)/ oul/un
Proof of lemma (4):
The MM ridge estimator of B,>, in SUR model, can be

defined as a solution of M-type equation, then the anther
form for equations (9) and (12) are

SY W EB,) = 0, W = (W, ;)" (16)
Where
‘Pl (Z, L Bl 25! )“) = Uym (d)Z, 25_1 (t - ZB) + 21 Ba
¥2(Z,t,8,%) = vec{quuy ()t — ZP)(t — ZB)°
— vym (D)X}
By using (MVT, (ULLN) and (CLT)) theorem in proofs

for proportion (3-2). In adding, consider the condition
n~12), = ), then

Vi (8, = 8)) > N (0.E[¥: (2.5 By, T 2)] )

-1
Var[¥1 (.t By, X, %) |E[¥1 (2.t By, oo
Under the assumption u elliptical. We study the

asymptotic variance for f.

Hence

1
plim [H Cov(\¥y, ‘Pl)]

n-—-oo

= plim + E[quyp ()Z'8 ™ (£ = ZB) + 249 B ]

n—-oo

Let:

E[¥(Z 1,8, %)] Var[¥(z,t, B, ) [E[¥(Z.t, By Z)]
= I:E[\Pl(zf t,,B,Z's,l)]_l 0 ]
0 E[\PZ(Zt ttﬁiZs)]_l

'—1
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[Var(‘l’l (Z,t,8,%, 1)) 0 ]
0 Var(¥,(Z,t,8,%5))

[E[‘I’1 (Z,t, B, =, V)] 0 ]
0 E[W¥,(Z,t,B,Zs,\)]

While upp (d)Z/2(t — ZP) + 2Xo B is spherical then
Var| wyy ()= 2t — ZB) + 24 B ] = al
Where

= ga[qﬂqz;l/z (t—Zp) + 229 B|)]
1
— g BLP(1= 772 = 78) + 236 B))]

= %E(‘PZGZS_UZ(t —ZIB)|+ 2% B) )
and then Var(¥; (Z,t,B, %)) = aE(Z'ZS_lZ).

Following by the proof for lemma (3) then completes the
proof.

4. The Simulation Study

In this section, we provide a simulation study to illustrate
the performance of four estimators, the (GLS), S, MM and
MM ridge estimator for SUR model. This simulation process
is executed to generate data for the following equation
Vi = Xioq X B + i 1 =1,2,...,n,i =12,...,q. Where
X1 = 1. In this simulation, we set the initial value for =
[1,2,3] for k=3. The explanatory variables are generated by
multivariate normal distribution MNNk=3 (0,Y’x) where
diag(3>x)=1, off-diaglx)= pX= 0.15 for low
interdependency and px= 0.70 for high interdependency.
Where px is correlation between explanatory variables. We
chose two sample size 25 for small sample and 100 for large
sample. The specific error in equations pi, i=1,2,.....,n, we
generated by MVNk=3 (0, >’¢), >'e the variance covariance
matrix of errors, diag(}e)= 1, off-diag(} €)= pe= 0.15. To
investigate the robustness of the estimators against outliers,
we chosen different percentages of outliers ( 20%, 45%). We
choose shrink parameter in (12) by minimize the new robust
Cross Validation (CVyyy) criterion which avoided outliers.
This criterion depend on MM estimators and takes the form
CVum (Mg ) = [%l . Where pyy is a residual

nq
depend on MM estimators and

HQ) = X (zs‘% ® Wmm)

(X' (2™ ® Wy )X + Algi )~ (zs‘% ® Wi ) X'

We measure the goodness of fit of estimated model for 8
by use the median average squared error [Median(ASE j)]
where ASE j is defined by

ASE, = [% (X80 = (XB)) " (XB1o — (% Bj))]

MM and MM Ridge Estimators for SUR Model

where j=1,2,...... N. Where 8" is MM estimator for f and N is
a number of iteration. We run N=1,2,..., 500 replications by
using software MATHCAD.

5. Algorithm

In this paper, we use two algorithm to compute the MM
and MM ridge estimators. § and g is initial estimate for
and X, respectively, then iterative solve for (9) is

Bj+1 (X’Wmm ]'X)

And the then iterative solve for (12) is
By (X Wonm X+ Alg )
Where N is a number of iteration,

2 'A;- -1
Wmmi]-=}‘lAl EOS Aiu >

w — di Pll(Wmmij) .
mmj — n_g\——|, 1 = 1,2,...,n

Wmm i

1 )
= X' Wi Y

(16)

1 .
= XWm;Y,j = 1,..,N (17)

and Wmmj = (25—1 ® Wmmj).

The equation (17) is a weight version for ridge estimator.
This equation is rewrite as normal equations

_1 X
I3j+1 (Xj,A'Xj,x) =X,'Y;,j=1,..,N
Where N is a number of iteration,
Wmm 12] = I’l’Ai,EOS_lAiI’J‘:

! Wmnm i;
Wi, = diag(M)i =12, .m0

Wmm i

(18)

and Wmm]. = (25_1 ® Wmm].)

The equation (14) is a weight version for ridge estimator.
This equation is rewrite as normal equations

’ -1 ; :
B (XaX2) =X.'Y,j=1,..,N (15)
1/2 . 1/2
D Wom: Y
Where Xj, = | "0 and Y, = [ "™
\/Xlkq 0kq><1
Algorithm (1)

In this algorithm, we compute MM estimators for
SUR model (B,f) . by developed the algorithms for
(Tharmaratnam et al., 2008) and (Al-hosany et al., 2011) We
drawing the algorithm (1) by the following steps:

Step (1): Let Bi(o),j =1,.,] is initial candidates estimate
for .
Step (2): Design the variable (X, u), 1=1,2,...,q. For each
B
A (300 &0
a. Compute WE(B].( )), Z(Bj( ))

b. Compute S estimators as in (8) for some p-function p0
by set m=0, and get the following steps:
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i. Let
B = (X (87 (") @ W (™) X)
X (S (") © W)Y

ii. If either m equal the maximum number of iterations

or ”Bs ].(m) —Bs ].(m+1)|| < °C ”Gs i(m)” where °C > 0

is affixed small

5 (m)

A f
iil. constant, then BS]. = Bs]- go to step (2)

iv. Else Compute W, (Gs
m«—m+1
Step (3): Select Bs which active
S5 (e (a)R) )]
Step(4): Compute MM estimator as in (7) for some
p-function pl: Let g=0 and compute Wmm (G,(O)) and let

55 (1)

B &0 = [X W (B®) x]_1 X Wi, &Y

(m+1)) i S (A (m+1)

i > st ) and put

Step (5): If either m equal the maximum number of
iterations
5 (

) g+1) o 5 (@
or BB & < o [ e
°C > 0 is affixed small constant, then
= 5 (€3]
Brm; = B break

Else Compute W, (Gmm ].(mH)) and put g«—g+1

Step (6): Select B, which active
i — o —1=41/2
1 ;n;ns ] [%ZP:l P1 ((Hl Zs 1“1) )]

The J random subsample for initial candidates §*,j =
1,...,] ware chosen as set for OLS estimators. To avoid ill
condition, we take J by large size.

Algorithm (2)
In this algorithm, we compute MM ridge estimators for
SUR  model (B, f) by develop (Maronna R,2011),

(Tharmaratnam et al., 2008) and (Al-hosany et al., 2011)
algorithms.

We drawing the algorithm (2) by the following steps:

Step (1): We use the steps (1,2,3) in algorithm (1).

Step (2): Compute MM ridge estimator as in (11) for
some p-function p;. Let g = 0 and compute W, (Gj(o)) A

1 e faf
@, =7 =57 (B,;) and et
_ Ory ) 1y
B = (XX ™) XYY

Step (3): If either m equal the maximum number of
iterations

Or

(g+1) ” <

- Bmmridge j

” Gmmridge ® ](g) ”

j °C ||Bmmridge ;

where °C > 0 is affixed small constant, then

®

P f ~
Bmmridge j = Bmmridge i break

Else Compute W, (ﬁmm j(g+1)) and put ge—g+1

Step (4): Select B, active

1 — e —1=11/2 ~ £ 2
[;Z?zl P1 ((I‘ll Zs 1|J-i) ) +2A Z?:l Z]kzl Bmmridge ij ]

6. Result for Simulation

Table (1). Median ASE for GLS, S, MM and MM ridge estimators for
SUR model, (percentages of outliers(v) = 20%

Estimators q Px n Median (ASE)
GLS 0.204
S 0.215
25
MM 0.211
MM ridge 0.201
0.15
GLS 0.194
S 0.199
100
MM 0.196
MM ridge 0.196
10
GLS 0.114
S 0.119
25
MM 0.115
MM ridge 0.115
0.70
GLS 0.098
S 0.101
100
MM 0.098
MM ridge 0.098
GLS 0.201
S 0.205
25
MM 0.202
MM ridge 0.200
0.15
GLS 0.190
S 0.195
100
MM 0.192
MM ridge 0.191
2
GLS 0.122
S 0.129
25
MM 0.126
MM ridge 0.125
0.70
GLS 0.086
S 0.091
100
MM 0.089
MM ridge 0.088
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Table (2). Median ASE for (GLS), S, MM and MM ridge estimator for
SUR model, (percentages of outliers(v) = 45%

Estimators q pPx n Median (ASE)
GLS 3.022
S 2.024
25
MM 2.001
MM ridge 1.987
0.15
GLS 3.018
S 1.802
100
MM 1.710
MM ridge 1.662
10
GLS 2.966
S 1.901
25
MM 1.792
MM ridge 1.624
0.70
GLS 2.714
S 1.901
100
MM 1.882
MM ridge 1.251
GLS 2.831
S 1.812
25
MM 1.692
MM ridge 1.620
0.15
GLS 1.842
S 1.605
100
MM 1.591
MM ridge 1.312
2
GLS 2.741
S 1.901
25
MM 1.555
MM ridge 1.412
0.70
GLS 1.692
S 1.512
100
MM 1.405
MM ridge 1.001

We summarize the simulation results in tables (1, 2).
These tables shows the median ASE for GLS,S, MM and
MM ridge estimators for SUR model under the study factors.
When analysis the result of simulation study, we can say that,
the GLS estimators, in all case, works better than anther
estimators when the percentages of outliers close to zero
percentage. Although S estimator has clear advantage when
percentages of outliers reach to 20% and 45%, but the MM
estimators have more efficiency. When the number of
observations were increasing, we note improvement in the
work of all the estimators. On other hand, when the number

of equations increase, all estimators going to be less efficient.

works good when the percentage of outliers and correlation
between explanatory variables increases. The MM
estimators and MM ridge estimators works good when the
percentage of outliers and correlation between explanatory
variables increases. Nevertheless, MM ridge estimators get
more efficient than MM estimators.

MM and MM Ridge Estimators for SUR Model

7. Conclusions

To reach the best estimator for the SUR model which have
advantages of the robust parameter estimation, we compare
between the robust and nonrobust estimators. To attain the
robust high level break down point, we used S, MM and MM
ridge estimator for SUR model. The MM ridge estimators
avoids the multicollinearity problem, which accompany the
outliers. The median average squared error [Median (ASE)]
was used for trade-off between estimators. The result of
simulation show that, when the percentage of outlier and
correlation between explanatory are increasing, the MM and
MM ridge estimators are the best estimators between the
robust and nonrobust estimators under the all factors of
study.
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