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Abstract

In this paper, the estimators of variance components are derived of two-way nested random model when
the problem of missing information exists using combination between Modified Minimum Variance
Quadratic Unbiased Estimation (MMIVQUE) and Modified Minimum Variance Quadratic Unbiased
Estimation (MMIVQUE (0)) methods that is called MMIV(MIV(0)) method.

Keywords: MINQUE; missing information; MIVQUE, variance components.

1 Introduction

The problem of estimation of variance components in random and mixed linear models has received much
attention in the statistics literature. There are several approaches to this problem, such as the analysis of
variance (ANOVA) estimator. It has been common practice estimate the variance components by ANOVA
for balanced data. The ANOVA estimates are obtained by equating observed and expected mean squares in
the analysis and solving the resulting equation for the estimators. These estimators are unbiased and can be
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expressed as quadratic functions of the observations. The main desirable feature of these estimators is their
simple computation. Under normality and balanced data, they have minimum variance among all unbiased
estimators. However they can yield negative estimates and even under normality assumptions their
distributions are intractable. For unbalanced data, the choice of appropriate quadratic forms poses a difficult
problem. The estimates obtained may be not unbiased [1].

Rao [2] suggested a method of estimation “MINQUE” that does not require the normality assumption for the
estimation of variances. He [3] proposed a method of estimation that called MIVQUE, Minimum Variance
Quadratic Unbiased Estimation. Swallow and Monahan [4] made a comparison between ANOVA, MLE,
REML, and MINQUE methods through running one way model.

Subramani [5] suggested a modification on the computational aspects of MIVQUE of variance components
in mixed linear models. He introduced two modified MIVQUE (MIVQUE I and MIVQUE II). He estimated
variance components in unbalanced one-way random model by Modified MIVQUE and compared between
MIVQUE I, MIVQUE II, MIVQUE based on different optimality criteria.

Most standard statistical methods have been designed to analyze data sets with no missing values.
Consequently, the researcher has two options (a) to delete those cases which have missing data, or (b) to fill-
in the missing values with estimated values. Thus, a data set is created containing no missing values (empty
cells). Typically, the data set is presented in a rectangular table where rows indicate cases, observations, or
subjects, and columns indicate variables measured on each unit.

In regression analysis, independent variables may have missing values in practice. It is also likely that
information (which group or subgroup an observation belongs to) in the analysis of variance is missing. The
information in variance component model has the same importance as the independent variables in
regression analyses. Without the information, the variance components in the model cannot be separated
from one another (i.e. it may make some variance components inestimable) [6].

The meaning of incomplete (missing) information is different from the meaning of missing values. Missing
values related to the losing of the observation while missing information related to the losing of location of
the observation. This means that the value of the observation is known which could happen because it may
be not recorded or lost for any other reasons [7].

Missing information has three types completely missing information, partially missing information and not
at all on any observation.

1. Completely missing information

No observation in the main group has subgroup information.
2. Partially missing information

Some of the observations in the main group have missing subgroup information.
3. Not at all on any observation in the main group is missing [6].

Song and Shulman [6] estimated the variance components for the data with missing nesting information in
the two-stage unbalanced nested random model. They combined sum of squares for the data with missing
nesting information with the sum of squares for the data with complete nesting information linearly.
Prespecified weights are used for the combination. Different estimates are obtained by using different
weights. Variances and covariances of these estimators are derived and used to compare these estimators.
Saleh and El Sheikh [8] modified the analysis of variance method and the combined symmetric sums with
the analysis of variance method for estimation of the variance components of three-stage unbalanced nested
random models for the data with complete missing nesting information. By a simulation study, they
compared the bias and the mean squares errors of the estimates of variance components of the five methods
of estimation namely: ANOVA method (Henderson’s method 1), Modified ANOVA method, combined
analysis of means with ANOVA method, Combined symmetric sums method with ANOVA method,
Combined symmetric sums method with modified ANOVA method.
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The paper is organized as follows: The second section concerns with the Modified MIVQUE (I) method
introduced by Subramani [5]. The third section illustrates the proposed estimators for data with completely
missing information in case of two-way nested random model. The fourth section illustrates simulation study
to compare ANOVA and MMIV (MIV(0)) methods.

2 Minimum Variance Quadratic Unbiased Estimation (MIVQUE I)

Assume the model:
Y=XB+7Z,6; +Z,0, + -+ Z4dq (1)

where Y is an N X 1 vector of observations, N is the sample size

X is a N X s matrix with known constants,

Bisas x 1- vector of fixed (unknown) parameters,

Z; is a N X ¢; matrix with known constants, i = 1, ...,d. (Zq =1,cq = N)
d; is a ¢; X 1-vector of random variables. (34 = e)

Assume that §; is random variable with zero mean value and dispersion matrix cizlci. Further, 3; and §; are
uncorrelated.

Model (1) can be expressed in a compact form as:

Y=XB+7Zd (2)
where Z = (Zy 2 Zy: - :Zg)and 8 = (81 ¢ 8, & =+ : dg).
E(Y) = XB and D(Y) =V = ¥, 62V, where V; = Z;Z!.

D(Y) is called the dispersion matrix and the parameters o2, ..., 65 are the unknown variance components
whose values should be estimated [5].

Subramani [5] developed the estimation of variance components based on Rao [2] approach. Instead of
dealing with one linear combination, he decided to estimate a set of linear combinations of variance

components Z]-d:l P; i through a set of quadratic functions Y'A;Y [A;jisasymetriaatrixand =

He [5] claimed that estimating variance components under normality obtained by solving the following
equations:

TI'(Alvl) . TI'(Alvd) G% TI'(A1W)

(3)

Tr(AqW)

Tr(AqV) " Tr(AqVa)lgyq [0d],,,

dx1

He [5] introduced different formulas of A; to obtain MIVQUE(I). The formulas of A; (i = 1,2, ...,d) have
the following form:

A; = V(1= Py,) where Py, = U;(UfV=1U;)"UfV~1. Uj has a variety of choices,

. U, =X,U,=[X Zi],U;=[X Z3],.., Uy =[X Zg-4]
ii. U =XU;=[X ZJU;=[X Z; Zp] ..,

Ug=[X Zy Z .. Zg] 4)
111 U1 = X, UZ = [X X Zl],U3 = [X X Zl Zz], ey
Ug=[X X Zy - Zgq]
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where (UfV~1U;)~ is the generalized inverse of Uf'V~1U;

For the case (ii), he derived the estimators, their variances and covariance matrix in the unbalanced one-way
random model. The resulting method are referred to as MIVQUE 1.

The proposed estimators of variance components are derived by replacing A; in eq. (3) by A; for case (iii) in
eq. (4).

So the steps of MIVQUE method: 1- Selecting a symmetric matrix A;, 2- Solving the equation (3), 3-obtain
the estimators of MIVQUE method.

3 Estimation of Variance Components for data with Completely
Missing Information

In this section, the variance components will be estimated for data with completely missing information by
combination between modified MIVQUE I and modified MIVQUE 1(0).

Consider the two- way nested random model
Yiji=n+v; + B+ ekay )
i=12.,8)=12..,Dk=12..,n;

where Y; ; ids the k'™ observation at the j*Mlevel of factor B within the i*" level of factor y.

7 is the general mean.
Yo By ].and e;jkare mutually independent random variables with zero means and variances 65 , Gﬁ and o2

respectively. The variance components to be estimated are 05 , Gﬁ and 62.
So the model (5) can be written in matrix form as:

. . D;
where Yis an N X 1 vector of observations X = 1y,q, N = Ziszlzjz‘l n;

_ 1Z?=11n1j><1 0 0 0 0 _1
0 1Z?=Zlnzj><1 0 0
T, = 0 0 0
0 0 0
| 0 0 12?311’151'X1
™ lapa 00 o7
0 0 0
T, = 0 1n1D1><1 0
0 0 0
0 0 0 0 1n5D5><1
— T =y, -
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with E(Y) = Xnand D(Y) = V = V,0} + V,0; + V302

5 Vi == TiTit.

[J, 0 .. O +s

0 . 0
w=mr=|d o Y=

0 0 .. Js

[Kn,, 0 . 0

0 K

V, = Tszt =1 . ]?12 . O =K

) 0 KnSDS

D; D; . C o
where J; denot erz‘l n;; ¥ ij‘l n;;matrixonsistiagl's.
Knijdenot ;X njjmatrixonsistiafls[1].

Assume that the total number of the main group will be: S =S + S".
S’ be the numbers of the main groups for the data with complete nesting information and S” be the numbers
of the main groups for the data with completely missing subgroup nesting information. Assume that all

D;s andn; s in Model (4.1) are known.

Variables and coefficients without prime-notation or with single or double prime notations will be defined as
follows:

If there is a notation without prime then we do not specify the range for i if the variable or coefficient is
summed over i.

The same notation with a single prime (double primes) is then defined as the same quantity summed over i
from, 1 to S’ (from, S’ + 1, ..., S, respectively).

Steps of estimation:
1. Estimation of variance components for S’ groups. (data with complete information)
2. Estimation of variance components for S” groups. (data with missing information)
3. Pre-specified weights will be used to combine data with complete information and missing

information.

According to steps of MMIVQUE method, the estimators of variance components are derived when the
matrix A; for case (iii) in eq.(4).

For model (6), the matrix A; is defined as:
Ai=V1i(1-PRy), =123

where Py, = U;(U;V~'U)"UfV Y,
U;=XU,=[X X T]U0;=[X X T, T

1 o2
V‘1=—I—ZB-—Z L
o2 ! 1+G$Z]P=‘1Ll

i=1 i=1 (c2+nip?)
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where
2
o
— P Km0 " 0
05(6§+n110§) 7t
B - 0 0 " 0
1 M
Gg.. :
—— K. )
0 0 o2(oZ + nip,o}) ip; D
and
1
(62 + nj;02)
e i1~ 1 1
i 1 (6% + ny103) (62 + nip;02)

(Gg + niDiﬁg)

By using MMIVQUE method, the variance components (5}2, s 6[23 and 62 will be replaced with the prior values
o, , 0, and o respectively. So the dispersion matrix will take the following form:

V' =V, + a,V, + 0pVs

So the inverse V™! will be replaced with:

1 +S +S
(08
AR IEDN Y S,
1 ——
° =1 Hlta Zi:l (ao+nj p2)

Step (1): data with missing information by MMIVQUE I:

For model (6), the matrix A},i = 1,2,3 for data with complete information is:

A'1 — V*(_l) —h' I:V(*(_l)xrx’tv*(_l)

(© c) ©
+S' L
' *(—1
A=V S - ——lt
—. i ij
i i=1 hl (1 + o4 Z]’:l won; ’12)
[ s +S'
, #(—1 Oq
Ay =V$ )—ZFi—Z —G
= 2 (1+a, Yt -
_1 ! 1=t ! =1 ag+n; 15
where
1 K 0
n;; (0 + njp05) M xmia
F, = 0 0 0
! K
0 0 niDi ((X’O + niDia’Z) niDixniDi
h’ —1
— S’
i=1 hi
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The resulting equations are:

Tr(AV,) Tr(AyVy) Tr(AV)][0?] [Q.
Tr(AzV)  Tr(A3V;) Tr(A3Vs)|[of| = |Q2
Tr(A3V;)  Tr(A3V,) Tr(AsVo)lls2l  1Q;

where Q; = Tr(A;W), W' = Y'Y",i =123

NN 3 s ;z%u,

i=1 j=1 k= i=1 j=1 i=1 j=1 i=1
2
’ Dl Dl
n)az oqnjif 1 1
—h ZZZYU]( Zzaa 1]_ b1]<aZYl]+ Yll>
01 =1 k=t 0] =1 =1 =1 b\ ifil
j#1
1 S S Di s Dj Dj
Oz
S rODPR DN It ZZ ZZZ o i
01:1]:1k:1 i=1 j=1 0] i=1 j= i=1 j=1 1= aj 111
s’ Di s' Di Dj
D D D
- 2p2 i ijlil
i=1 j=1 hiaipi i=1j=1 1= 1ha1 piain
j#l
s Di n s Dj
o1 ) 1,
D IDR TP Irwis
i=1 j=1 k=1 i=1j=1 )
and
s' Dj S’
v nij 2 2
Tr(A,V;) = b h (hi)
b £—i 3 D} £
i= 11 1
i s Dj Dj
nl]al l_nfll nii(biai]‘_ni]al) nZoy
Tr(A1V2) = 1] 23h2 —_ 2 bl
i=1 j= i=1 i=1 1=1 171 1M1 9
];tl
s (b 3 —n-](xl) n; oy
TT(A V3)_Zzn”[ ] h’zzz [ ]3 2 - 2.2
i=1 j= aoal] ba i=1 i=1 I=1 llbl aiibiai
j#1
s Dj ] s
n”al] —njpy
Tr(AzV) = ZZ a’b; ZZ szh
i= 1] i= 1] ai i
Tr(A,Vs) = ZZH ] ZZ 0
3) — 1] Z
i= 1] to aoal] i= al]bl
: : [a .
Tr(As V3)—ZZH1][ ZZ i) il
=1 j= O‘Oalj 1 =15
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Since
Tr(A;Vy)o? + Tr(A;V;)of + Tr(A;V3)os = Q; 7
Tr(A;V,)of + Tr(A;Vs)o? = Q; (8)
Tr(A3V3)o2 = Qs ©)

By solving eq.(7), (8) and (9), the estimators of variance components for data with complete information can
be given as follows:

’

~2 Q3
Ce = 7~
Tr(A,V;)
g = &= Tr(A Vo5
P Tr(AyV) ] o
&2 — Q1 — Tr(A,V3)8; — Tr(A;V;)5;
! Tr(A,V;)

Step (2): data with missing information by MMIVQUE I(0):

The estimators of variance components are derived by MMIVQUE 1(0) for data with completely missing
information i.e it is assumed that the initial values a; = o, = 0 and o, = 1.

For model (6), the matrix A},i = 1,2,3 for data with completely missing information is:

" *(_1)_ ”" *(= Dy tyr*(—1)
Ay =V, AN & Q]

(m)
+$ 1
A, = V(*n(;l) - N b \2 o
e i ij
| 1=5+1 h; (1 + oy Zj:l ao+ni]az)
+S +S
" (= a
Ay =vEY - F, — ! C
(m) 1 Di nij 1
i=5+1 =5 +1 (1 +oag Xl a0+ni]ﬂz>
where
1 +$ +S
(-0 _ ~ 1 o ! .
i=5'+1 i=s'+1 1 &=1 (4o +n; )
1
s 1 2jmq i

The resulting equations are:

Tr(A7Vy) Tr(A7Vy) Tr(Ajv)][o7] [Q:
Tr(A3Vy) Tr(A;V,) Tr(AzVs)|[of| = |Q;
Tr(A3Vy) Tr(A3Vy) Tr(A3Va)lle2l  [Q%
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where
s Di Mj ) s D Mj 7P
Q; = Z ZYiij_h' Z ZY”
i=S'+1 j=1 k=1 1 i=S'+1 j=1 k=1
s Di Mij ] S
Q= Z ZYiij_[z —Y?
i=S'+1j=1k=1 | i=S+1 |
s” D Mij S" D
' 2 1 2
Qs = Y« —Yij
i=1 j=1 k=1 i=1 j=1
And
s Di S D 2
Tr(A’iVln) = Z Z n; i~ h” Z Z rli]-
i=S'+1j=1 i=S'+1 \j=1
s D s D
Tr(A;V,) = Z ;[ —h’ Z nizl-
i=S'+1 j= i=S'+1 i=1
s Dj s Dj
Tr(A’iV;) = z Z ni]-— h” z Znii
i=S'+1 j=1 i=S'+1 i=1
s Dj S
Tr(A,V,) = n; i
2V2) — ij ZD'
i=S'+1j=1 i=S'+1j=1 0
Dj S Dj
SCOEDIDATD IS
i=S'+1 j=1 i=S'+1 j=1
Dj S
Tr(A3V3) = Z nl] [ Z Dl]
i=S'+1 j= i=S'+1
Since
Tr(A;Vy)o} + Tr(A1V;)of + Tr(A;Vs)os = Q) (10)
Tr(A;V;)of + Tr(A3V;)o% = Q;, (11)
Tr(A3Vs)os = Qs (12)

Step (3): Combination the data with complete information and completely missing information:

Pre-specified weights will be used to combine (Q;&Q} ) and (Q,&Q5) as:
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Tr(A3V3)8; = Q; (13)
w,Qy + (1 — wy)Q5 = wo[Tr(A,V5)85 + Tr(A,V3)82] + (1 — wy)[Tr(A5V;)85 + Tr(A3Vs)67] (14)

w,;Q; + (1 —w;)Q;
= wy[Tr(A, V)87 + Tr(A;V;)8}; + Tr(A;V3)8%] + (1 — w,)[Tr(A7V;)82 + Tr(A; V)85 + Tr(A;V3)82] 15)
By solving eq.(13), (14) and (15), the estimators of variance components are:

’

~2 Q3
Ce =<
Tr(A,V;)

_ woQs + (1= wy)Q; — [w,Tr(A3Vs) + (1 — wy) Tr(AzV5)]5;
[w,Tr(A,V,) + (1 — wy) Tr(AV,)]

A2
Sp

o2 = wyQ; + (1 —wy)Q; — P57 — Pﬁﬁ
T [wyTr(A ;) + (1 — wy)Tr(A}V,)]

Where

P
P

[w, Tr(A1V2) + (1 — wi)Tr(A; V)],
[w;Tr(A;V3) + (1 — wy)Tr(A;V3)]

4 Simulation Study of Two —Way Nested Random Model

In this section, the variance components are estimated for unbalanced two-way nested random model under
normality assumption in case of data with completely missing information through a simulation study by
MMIV(MIV(0)) and ANOVA methods and to compare the estimates using mean squared error, bias, and
probability of getting negative estimates.

A numerical comparison for two-way nested random model requires a n-pattern, true values for the variance
components (5}2,, 6[23 and %, a priori values 04,0, and o, for the variance components 05, Gﬁ and o2
respectively, percentage of completely missing information and the weights.

As stated by Song and Shulman [6], the weights can be simply set to a constant or derived by some optimal
procedures. They presented four procedures of weights:

1. Setw; = w, = 1. This gives the estimates using the data with complete nesting information only.
2. Setw; =w, = ; This method gives equal weight to the sums of squares associated with both the

complete and the missing nesting information.
3. Select wyand w,, that minimize the variances of the combined sums of squares.

4. Select w;and w,, that minimize the variances of the derived estimates: V(GE) and V(82), respectively.

In this section, the procedures (2, 3, and 4) are considered through a simulation study.

By simulation study, 5000 independent random sample are generated. It is assumed that the sample size is
60 observations, number of main groups S = 8, number of subgroups and sample size of each subgroup as
given in Table 1, the true values cﬁ,cé,cﬁ as given in Table 2. Percentage of missing information levels
25%, 50%, 75% and different weights (wy, w,) are considered.

10
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Table 1. The number of subgroups for unbalanced two-way nested random model

D, D, D, D, Ds D¢ D, Dg

n;; =3 n,; =3 n;; =3 n, ;=5 ng ;=3 ng 1= 2 n, ;=3 ng ;=3

n;, =5 n,, = 2 ni, =4 ng ,= 4 Ng ,= 2 ng ,= 4 n,; ,= 2 ng ,= 2
n,; =2 n, ;=2 ng ;=2 ng ;=4

Table 2. Variance components configurations used in the simulation of two-way nested random model

% of of
0.1 0.1 1
1 0.1 1
2 0.1 1
0.1 1 1
1 1 1
2 1 1
0.1 2 1
1 2 1
2 2 1

Table 3. Comparison of ANOVA and MMIV(MIV(0)) estimates for unbalanced two-way nested
random model-25% data with completely missing information based on compound MSE, compound
absolute Bias and prob. of getting Negative estimates

o"z; 0,2, w; Wy ANOVA MMIV(MIV(0))
Compound Compound Prob. Compound Compound Prob.
MSE absolute Negative = MSE absolute  Negative
Bias estimates Bias estimates

0.1 1 05 05 1.03 1.17 0.86 2.15 1.4 0.53
0 0.48 0.96 1.11 0.8 1.23 1.23 0.67

0 0.89 0.9 1.05 0.82 1.3 1.14 0.72

2 05 05 4 2.24 0.85 2.97 1.76 0.54

0 0.48 3.6 2.1 0.8 4.09 2.3 0.69

0 0.89 3.55 2.04 0.82 3.7 1.98 0.72

1 0.1 05 05 074 0.91 0.86 4.5 2.35 0.52
0.02 0.27 0.82 0.97 0.81 0.91 0.98 0.84

0.1 057 0.8 0.97 0.82 1.16 1.19 0.6

2 05 05 44 2.69 0.85 3.84 2.32 0.57

0 0.27 434 2.64 0.81 5.54 2.97 0.87

0 0.57 4.1 2.55 0.81 4.2 2.55 0.66

2 0.1 05 05 3.11 1.82 0.86 6.82 3.06 0.54
0 0.24 3.26 1.9 0.8 3.17 1.8 0.87

0.01 0.5 345 1.98 0.8 343 1.97 0.67

1 0.5 05 384 2.55 0.86 5.42 2.78 0.57

0 0.24 3.88 2.48 0.8 4.32 2.61 0.88

0 0.5 3.96 2.54 0.8 3.96 2.49 0.68

According to simulation study for unbalanced two-way nested random model, a number of conclusions are
drawn from the results for all tables of this model which are summarized in the following points:

11
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25% data with completely missing information:

e In case of unbalanced two-way nested random model, it does not matter computing the estimates of
o2 for MMIV(MIV(0)) and ANOVA methods because they are the same.

e It is reasonable to note that the compound MSE of ANOVA method is lower than MMIV(MIV(0))
method.

e  The compound absolute bias of ANOVA method is lower than MMIV(MIV(0)) method.

e According to the probability of getting negative estimates, MMIV(MIV(0)) method is better than
ANOVA method.

Table 4. Comparison of ANOVA and MMIV (MIV(0)) estimates for unbalanced two-way nested
random model-50% data with completely missing information based on compound MSE, compound
absolute Bias and prob. of getting negative estimates

of; 0',2, Wy W ANOVA MMIV(MIV(0))
Compound Compound  Prob. Compound Compound Prob.
MSE absolute Bias negative MSE absolute Bias negative
estimates estimates

0.1 1 0.5 05 111 1.23 0.86 1.06 1.13 0.61
0.5 0.72 1.03 1.17 0.85 0.82 0.9 0.54

0.56 092 1 1.14 0.85 0.7 0.88 0.57

2 05 05 42 2.34 0.87 4.1 2.29 0.68
0.52 0.72 4.1 2.27 0.85 3.46 2.09 0.57

0.57 0.92 3.92 2.19 0.84 2.5 1.65 0.59

1 0.1 05 05 07 0.87 0.87 0.95 1.09 0.62
0.41 048 0.7 0.86 0.86 0.8 0.99 0.65

0.46 0.58 0.71 0.88 0.86 0.88 1.05 0.6

2 0.5 05 45 2.72 0.86 4.46 2.67 0.72
049 048 4.52 2.73 0.86 4.57 2.7 0.73

0.54 0.58 4.47 2.71 0.86 4.24 2.6 0.69

2 0.1 05 05 293 1.74 0.87 3.03 1.86 0.68
04 043 29 1.71 0.88 2.9 1.75 0.75

045 05 291 1.73 0.86 2.94 1.8 0.7

1 0.5 0.5 3.66 2.48 0.86 3.56 2.35 0.72
0.44 0.43 3.59 2.44 0.88 3.7 2.4 0.78

049 0.5 3.6l 2.45 0.87 3.59 2.35 0.72

50% data with completely missing information:

e In case of unbalanced two-way nested random model, it does not matter computing the estimates of
62 for MMIV (MIV(0)) and ANOVA methods because they are the same.

e  When 03 = 0.1, the compound MSE of ANOVA method is lower than MMIV(MIV(0)) method.
Also, The compound absolute bias of ANOVA method is lower than MMIV (MIV(0)) method.

e ANOVA and MMIV (MIV(0)) methods approach at high level of true values of variance components.

e According to the probability of getting negative estimates, MMIV (MIV(0)) method is better than
ANOVA method.

75% data with completely missing information:

e In case of unbalanced two-way nested random model, it does not matter computing the estimates of
62 for MMIV (MIV(0)) and ANOVA methods because they are the same.

e  The compound MSE of ANOVA method is lower than MMIV(MIV(0)) method. Also, the compound
absolute bias of ANOVA methods are lower than MMIV(MIV(0)) method.
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e According to the probability of getting negative estimates, MMIV(MIV(0)) method is better than
ANOVA and methods.

Table 5. Comparison of ANOVA and MMIV (MIV(0)) estimates for unbalanced two-way nested
random model-75% data with completely missing information based on compound MSE, compound
absolute Bias and prob. of getting negative estimates

Gﬁ ol Wy w, ANOVA MMIV(MIV(0))
Compound Compound Prob. Compound Compound Prob.
MSE absolute negative MSE absolute Bias negative
Bias estimates estimates

0.1 1 05 05 155 1.47 0.89 1.77 1.53 0.85
098 09 I1.11 1.21 0.79 18.44 3.31 0.55

0.9 096 1.13 1.21 0.83 1.54 1.21 0.56

2 0.5 05 216 2.69 0.89 5.66 2.81 0.88
099 09 4.01 2.26 0.79 48.13 5.12 0.61

095 0.96 4.09 2.27 0.82 6.67 2.36 0.56

1 0.1 05 05 07 0.85 0.9 0.78 0.89 0.86
096 0.79 0.72 0.89 0.79 9.55 2.71 0.59

0.84 0.69 0.67 0.85 0.82 1.16 1.16 0.67

2 05 05 536 2.98 0.9 5.98 3.13 0.9
099 0.79 4.38 2.66 0.79 64.24 6.02 0.67

097 0.69 4.65 2.75 0.78 18.1 3.88 0.71

2 0.1 05 05 252 1.54 0.89 2.59 1.57 0.87
098 0.77 2.83 1.73 0.78 32.48 4.82 0.64

092 0.58 2.68 1.64 0.81 2.47 2.42 0.69

1 05 05 356 241 0.9 3.83 2.48 0.89
099 0.77 3.48 2.36 0.79 68.12 6.34 0.68

097 0.58 3.54 2.36 0.79 21.45 4.19 0.69

5 Conclusion

The aim of this paper was to evaluate the performance of the proposed estimators relative to ANOVA’s
estimator via simulation studies. Different criteria such as mean squared error, bias and probability of getting
negative estimates are used to show the performance of the estimators under the study.

From simulation study, we estimated the variance components by MMIV(MIV(0)) and ANOVA methods
under normality assumption and compared the estimators for unbalanced two-way nested random model.

In unbalanced two-way random nested model, It is better to estimate variance component by
MMIV(MIV(0)) method. ANOVA method has negative estimates which affects mean squared error and
bias.
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