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! Zahoor Ahmad and “Muhammad H anif’

"University of Gujrat, Gujrat, Pakistan
*Lahore University of Management, Sciences (LUMS), Lahore, Pakistan

Abstract: Tn this paper we propose generalized multi-phase multivariate regression estimator in the
presence of multi-auxiliary variables for estinating population mean vector of variables of mterest. Some
special cases have been deduced from the suggested estimator in the form of remarks. The expressions for
mean square errors of proposed estimator and its special cases have also been derived and empirical study

has also been carried out.
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INTRODUCTION

The estimation of the population mean 13 an
unrelenting issue in sampling theory and several efforts
have been made to improve the precision of the
estimators in the presence of multrauxiliary vanables.
A variety of estimators have been proposed following
different regression and product
estimators.

Olkin [1] was the first author to deal with the
problem of estimating the mean of a survey variable

ideas of ratio,

when information on several auxiliary variables 1s made
available. Analogously to Olkin; Singh [2] gave a
expression of Murthy’s [3] product
estimator, while Raj [4] put forward a method for using

multivariate

multrauxiliary variables through a linear combination
of single difference estimators. Moreover, Shukla [5]
suggested a multiple regression estimator.

Singh and Namjoshi [6] discussed a class of
multivariate regression estimators of population mean
of study variable n two-phase sampling. Robinson [7]
proposed a regression estimator ignoring some of
the assumptions usually adopted in the literature
Srivastava [8].

Agarwal et al. [9], moving away from Raj [4],
illustrated a new approach to form a multivariate
difference estimator which does not require the
knowledge of any population parameter. Ahmed [10]
put forward chain based general estimators using
multivariate auxiliary mformation under multiphase
sampling, while Kadilar and Cingi [11, 12] analyzed
combinations of regression type estimators in the case
of two auxiliary variables. Pradhan [13] suggested a
chain regression estimator for two-phase sampling

using three auxiliary variables when the population
mean of one auxiliary variable is unknown and
other 13 known. Hamf et al. [14] suggested generalized
multivariate ratio estimators in the presence of multi-
auxiliary variables for estimating population mean of a
study variable for multi-phase sampling. The estimators
were proposed for both cases when information on all
auxiliary variables is known (full information case) and
unknown (no information case).

Ahmad ez al. [15] proposed generalized regression-
cum-ratio estimators for two phase sampling using
multrauxiliary variables for estimating the population
mean of study variable. Ahmad et al. [16] developed
generalized  regression-in-regression estimators for
two-phase sampling using multi-auxiliary variables for
estimating the population mean of variable of interest.

Ahmad et al. [17] suggested generalized multi-
phase multivariate ratio estimators for partial
information case using multiauxiliary variables.
Ahmad et al [18] developed multivariate regression
estimators for full and no information cases m the
presence of multi-auxiliary variables for estimating
population mean of a study variable for multi-phase
sampling.

In multipurpose surveys, the problem is to estimate
population means of several variables simultanecusly
Swaim [19]. Tripathi and Khattree [20] estimated means
of several variables of interest, using multi-auxiliary
variables for simple random sampling. Further Tripathi
[21] extended the results to the case of two phase
sampling.

We suggest generalized multivariate regression
estimator for estimating a vector of population means
of study wvariables for multiphase sampling using
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multrauxiliary variables when mformation on some
multrauxiliary variables (Partial Information Case) is
available for population [22].

Before suggesting the estimators we provide
mult-phase sampling scheme and some useful
notations and results in the following section.

MULTI-PHASE SAMPLING USING
MULTI-AUXTILIARY VARTABLES

Consider a population of size N umts. Let Y,
Y;....Yp are p variables of interest and X, X;,... X,
are q auxiliary variables. For multi-phase sampling
design let ny and ny (np<ny) be sample sizes for h' and
1P phase respectively, Xpu; and Xu); denote the ith
auxiliary variables from h™ and k™ phase samples
respectively and yg); denote i study variable from K™
phase sample. Let X,, Cos Gy Py Pyy, and Prg,

denote the population mean, coefficient of variation
of i auxiliary variable, coefficient of variation of ™
variable of interest, correlation coefficient of i variable
of interest and i" auxiliary variable, correlation
coefficient of ™ and ™ variable of interest and

correlation coefficient of i and jth auxiliary variables

respectively.
Further let
1 1
9, =—-—
n, N
and
1 1
B, =—-—
n, N

are sampling fractions for h™ and k™ phase respectively.
Also

y(k)l =Y+ eY(k) ? X[h)i = Xi + eX(h)i
and
Xy = X+ Ca (i=1,2,...K)
where €500 Sy and €y A sampling errors. We

assume that

Ek(eyw ): Eh(exmx): Ex (exw ): 0

where By, and By denote the expectations of errors of h't
and k™ phase sampling. Then for simple random
sampling without replacement for both first and second
phases, we write by using phase wise operation of
expectations as:

37

Ek(em)k )2: I—I;J—“jcf,i

B3 )2 —(13}6—;— 6,7:c
- N /T, A

Ek(eyw Tap

Siunilarly

E,Ey [‘e}m (=, =, ” ~(0,-0,)0
~(6,-8) TG BB [T, (5, -, )| -0
EEp (S, -T, ) = (6,-8)0i= 6,-8)%C
BBy (3, %, )(% %) =600,

=(0,-6,)XX C,C, p,. 317 )

and

ErFog [(?ﬁmx )(_Qm 7_%),- ﬂ =(0,-9 )a, %
=(8,-8. )X X C,C, p, - (i #])

The following notations will be used in deriving
the mean square errors of proposed estimators

IR, Determinant of population correlation matrix of variables y,
X1, X2,...,Xq1 and Xq.
|2.| Determinant of i" minor of [R], cotresponding to the i"
g %
element of P -

p;, ~ Denotes the multiple coefficient of determination of y on x;,
X2,...,%.1 and x.

Denotes the multiple coefficient of determination of y on xi,
X3,...,Xq-1 and .

[R|, Determinant of population correlation matrix of variables %,

Xt ... Xers and X,

IRL(i Determinant of population correlation matrix of variables x,,
X3,...,Xq-1 and .

Ile Determinant of the correlation matrix of v, X, %,....%: and x.

|R|W Determinant of the correlation matrix of v, X1, X,.... % and x,.
a
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Ilews
IRIv.vaq

Determinant of the minor corresponding to Py of the

correlation matrix of yi, ¥;, X1, Xz,...,%.1 and X, for (i=).

Determinant of the minor corresponding to P, of the

correlation matrix of vi, ¥j, X1, Xz,....X;1 and x,, for (i=).

Result: 1: The following result will help in deriving the
mean square errors of suggested estumators [23].

IR, _ |

2
- (1 “Pyy
GENERALIZED MULTI-PHASE
MULTIVARIATE REGRESSION ESTIMATOR
FOR PARTIAL INFORMATION CASE

Let we have ¢ auxiliary variable X;, X;,.. X and
population means for first » auxiliary i1s not known and
for the rest g-r=s 1s known. Let ¥, denotes the

sample mean of ™ study variable from k™ phase and
Xy and X, denotes the sample mean of i auxiliary

variable from h™ and k™ phase respectively. The
generalized multi-phase  multivariate  regression
estimator for estimating the mean vector of p variables
of interest in the presence of ¢ auxiliary variables for
partial information case 1s suggested as:

T T+5=0q
Y(k)1+z“11(x(h)fx(k)i )+ > B (Xn X(h)i)
i i=r+l1
r+s=q
+ Z Yt (X X(k)l)y(k)z +20'“12 ( (i _X(k)i)
1=r+1
T+8=0 —_ T+5=1q
Togun = +_Z Pi (X;x(h)l) Z Va( X(kn) EXY)
i=r+1 i=r+l
T
Yy T Z"Hp(x(hn _Xac)i)
=
rHa=q r+5=0
+2 Bxp( X(h)m) + 2 % ( X(k)i)
L 1 T+1 1 r+1 i

where o, p and y are unknown constants, the
expressions for these constants can be obtaind for
which
estimator suggested in (3.1) will be minimum. We write
(3.1)as:

T+5=1

T
( eY(k;1)+ 0'11( X(mx X(k)-) Z B“ oy
r+3=q -
Y +

i=1
Lo
- z =z _
z ’Yilex(l«) ( P y(k)p ) + Z )_( (ex(h))
i

i=r+1 i=1

Y, +

)

b kp) oo

T+5=0

Z BIP eX(h)i -

L i=r+l

3=

Y1p eX(kj;
i=r+l

elements of variance covariance matrix of
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or
Thw:[(nﬁm) (Y.+5.) - (% +€m)pﬂ
I o - res=g g
' [1 1)_(_( S X(kn) Z B Hu lglyllexanJ
3 rHe=g =g
[1=1 o5 | € (_X(h: S ) IZH: BiE, . 1;1 'Yizgxw}
. e i
[ 0T, %) m D RE, LR, H
i=1 r+1 i=r+l
or
Thm):[(ylﬁm] (%.+5,..) (YP+EYMH

)
——
ol

r
o, le &
lz_: 12 ( E i i )

T+8=0 T+E=1] r+35=q
- Bﬂ ex(h)1 Z Bﬂexm1 Z Bm Hinyi
i=r+1 i=r+] i=r+1
T+s=q T+s=q r+5=q
- z HIC Z Yi28s, z Vi &, et
i=r+l i=r+l i=r+l
or
Thl{kp) :[(Yl +Eym1) (Y y(m) (YP +Eymp Hlxp
+[( Cran ~ Cxan ) ( Con Xnm) (eg(mr St ):|1xr
[OLI]:|[1—XP) - [ eX(h)m eX(h)n ex(h)i sl)@ [Bljj[sxp)
[ = T
[ Frm extkm Fk s l»@ [yl]:|(sxp)
or
Th £ kp) Yig T Xhl(n)A Ep d Enfk )B *p Hfle ) P (3'2)
Where

|:( 1 i(kjl) (i(h)zfi(k)z)
(E %) (B %)
|:( Khyee1 — Xrn) (?{(h)nz_)-(ru)

T,
Hinyes }lxs

|:( Kirel Xm) (—Xﬂ;)nz - iwz)
-z

]lxs

A =[oyjlipep. fori=123, randj=123,. . p
B = Bijlegp andC = fyjlegpy for 1= rfl, o2 o3, .,
rts and j=1,2,3,...,p. Letting, 7=Y +d_,

]

(i(h)r ~ or ﬂ

(B 20

(Roers Xﬂs)]

eg(k)l

c c.
g Hexor

Xenyml Ehys2

( (Kr4s Xm)]

5
Eikym X(k )2 EikEs

where

T[T
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and
dv :[E’ml Ech EYEHP }
We write (3.2) as:
Thlélxp) =Y+d,+d, A-d, B-d C.

We use information related to auxiliary variables
from first and second phase both then the mean square

error of Tpy(1.p) can be written as:

o= BE (T )T V)
(4,+3,4-d,B-d,c)| 63
SE By
(d,+d,A-d,B-d.C)
We can write
EEg(34,)=83, =00, 1 fori=jc, =c
EEg (4, |=62, =000, ],
E,Ey, (_;,dxk ] =62, =0,00,. 1.,
B (T, )= (6, 0,12, (0, -6 )l0, 1,0
EEg(d d )=0X =0][c, ], fori=ja, =d,
EEg(d d, )=08Z, =8lc,, |..,fori=jo,, =d,
EEg (4, d, )= (8~ 8, = (8, -8, )loy Iy
fori=jo,, =o’
BEy(d d, )=08Z =8lo,, .. fori=jo,, =0,
BEg(d d, )=
EEg (d,d, )=(6, -8 .= (6, -8 )0, ].-

fori :J,GmJ = GX‘

Using above substitutions in exp ression of variance
covariance matrix given in (3.3), we write:

Lo~ s, ~ BT Ay~ 85 Bl
(0, -0 )Ty, Clgy OB T
0B Ly Blogy + 0B B, Ciog
=000 B + OB Bl (3.4)
$0,0, T, Clgy (8,7 0,)C0 %, Ay
H(0, 8, ) AT (0,7 8)AL T Cy
(6, 0, )AL, A
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The optimum values of unknown matrices A, B
and C can be written as:

_ar-1 ’ _ -1
A(”P) 7WX(NJ (EyX(D‘PJ o) Ex(sws)gyxc«pa) 35)
B _ 2—1 -1 )
(ex0) ( Hy =) © ) = ey
® ) Ko ) e (3.6)
~1 -1 [
- (Extm) thw) W (' XJZ{(* SJZX(“ ] E“w) )
and
Y I - -1 -1 -
[sxp) _(Ex(m) Vi sp) Ty Hex) X(vr)z;{(vs) H(oe) YX(W))(B_'?)

-1
(5.7

Using the above values of unknown matrices in the
expression of mean square error given in (3.4), we
write:

=1 '
Fr o Fen o

-1 1]
gy ™ Rlaee) T Pien)

)

ET& (pxp) — ek(zytw) -

-{6,-6,) {( R

-1

zx(m)) (3.8)

Fipe) e
-1 4 1 i
WX(m) (EYX@; Z )EX( )EYx(s-w )
where
-1
-1 _ B -1
\Nx(mj - (ZX(m) Ex(rmjzx(sxsjz}im))

provided E;(l ),WX’(‘ )andE;(l : exist.

The variance covariance matrix mn the form of

variance of y;, covariances and correlation coefficients
of x and y; can be written as:

" (pm'J _pyy-J};q)+
:LXF :
B, (pyiy,-}gq ~ Py -JX_s)

(1.j=1.2,...p)

T (ps) [G 0y,

(3.9)

for
i=jao.a=c,p._=1,p =’
¥ ¥ Fi Yi¥j Yi¥i & HoHq
and
_ 2
py]y)& “Pyx,

In determinants of correlation matrices for |RL3 #0

and |R|X = 0,(3.9) can be written as:

{BILM.Q[

B
(i.j=1.2....p)

| |ny I Iny

Rl Rl

} (3.10)

q
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for
i=jo,0, = G;‘,lRly‘yj : :|R|y‘§q
and
|R|y,y,§; = |R %,
Remark-1: To develop generalized multivanate

regression estimator for two-phase sampling using
multi-auxiliary variables for Partial Information Case,
replace h by 1 and k by 2 m (3.1), we get the following
estimator,

THe=1g

r
T, Txg) |:Y(2)1 +za‘1l(x(l)i7}<(2)i)+ z Bil(XfX(l)i)
i=1 i=r+l
_2(2)1)
r r+5=q
Y Zaiz(x(m 7X(2)l) z Blz(
i=1 i=r+l
(2)1)
r T+s=1 -
S ERDICH (X(ni’x(z)i)* > Bip(Xl ’Xm)i)

i=1 i=r+l

T+5=9

+ Zyﬂ()_(

i=r+l

X(l)n)
(3.11)

T+5=9
g IR

i=r+l

(%~

T+5=9

+ ylp()_il—i(z)l)

i=r+l

The expressions of unknown matrices for which
the mean square error of above estimator will be
minimum and are same as given in (3.5), (3.6) and
(3.7). The expression for variance covariance matrix
can be directly written from (3.8) just replacing h by 1
and kby 2 as:

=9, (ZY(P“PJ -z
7(92 *91){(%&“) -

W (ny( )

-1 '

ZTub’P) Vhipe) () FHapy

)

Fipsy X(s‘s) X(sxr)

EYX( ))

) (3.12)
-1
Ex(m) E“(

The variance covariance matrix m the form of

variance of yj, covariances and correlation coefficients
of x and y; is written as:

|:G eZ(pmJ Py ﬁsq)
+91(

(i,j=1,2....p)

En;ﬁa 2) %%y
Pry s~ Pry e (313)

)

for

o .
1=3),0,0 Lopysm Phx,

¥i? pY:YJ =

374

and

prY} b =pr s

In determinants of correlation matrices for |RL3 #0

and |R|X # 0, (3.13) can be written as:

[ { l |Y:YJ Lo {lle,xs mj}sq}
Talpe) ~ |R|x Rl |R|%q (3.14)
(i.j=1.2....p)
for
i=j, o, G, = Gf’"lR'YiYJ%q :|R|yi§(i
and

|RIY)Y]§s | |Y)§s

Remark-2: We can develop a univariate generalized
regression estimator for multiphase sampling using
multi auxiliary vanable for Partial Information Case if
we putp=1m(3.1)as:

T+3=9

T 1y = Yoor +i°’“l (7_4(11)1 - i(k)m) + 21 A (:’-‘:1 _E(h)m)
o (3.15)

r+5=1

+Zyl(

i 1
i=r+l w )

The expression for vectors of unknown constants
for which the mean square error will be mimmum can
be written from (3.5), (3.6)and (3.7) as

— ! 4 _ -1 5
A[rxl) WK(IH)(EYX(M) Bexs) " Hows) yX(sxl)) (316)
B ! D W‘1 ' )
fsxt1) — ( H For)  E(er) Pm
) ) P (317)
— —1 -1 r
(Z“(s s)z"(wJ e Frg Heg Fen
and
co.=(z' . s+x'ys w's nlyw )
[ax1) ( o) Vsl o) " For)  Fpn) Epo Fwa T e
Heeg) ” Fiet ) Her) Fn) Ee) Feg T e (3.18)
_{x' % -1 wr )
( KT e ey Ten

The above expressions for unknown matrices can
be written in determinants form as:

1C |R3’Xl|
C, T,

+1X
s Byxix *

o =(-1)" = =(-1) (i=1.2

2,..1) (319)

Xi i
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1+1& |RYXi|m |R5’Xi L‘q

O A e T
c. | &, IRl (3.20)
_ (—1)1+1%L(By3; . _By;(,.}gq ), (i:l‘+ 1,1'-‘1- 2,...,r+ S)
_ w1 C |RYX1 |y§‘1 _ i+1 )_(1
% =(-1) Cj; |Rx =(-1) 7[33’3& % (3.21)

(i:r +1,r+2,...,r+s)

The expression for mean square error can be
directly written from (3.8) as:

MSE(T, )= 8, (czy—z o T

)

Fwey T Faxe) T Fis)
-1
- (ek -0 h) {( ):&X( ) - sy Fed) Ee) ) (322)
1 I -1 ]
Wx(m) (ny(m; B EX(W)EX(S“)EYXM; )

It can be written the form of multiple coefficient of
determination as:

MSE(T,, ) = 7°C? [ek (107 )+ 0. (P, P )} (3.23)

Remark-3: To develop a generalized univariate
regression estimator for two-phase sampling using
multi-auxiliary variables for Partial Information Case
we puth=1 and k=2 m (3.15). The required estunator
becomes

T+5=1

(R~ Ko )+ 2 B{X K]

i=r+

T yig = Yoo +ZO‘1
= (3.24

r+s=q

+ z Yi(;(i 722)1)

i=r+l

The expression for vectors of unknown constants
for which the mean square error will be minimum are
same as given in (3.16), (3.17) and (3.18) and these
expressions are also given 1n determinants of
correlation matrices in (3.19), (3.20) and (3.21). The
expression for mean square error can be written from
(3.22) just by replacingh = 1 and k =2 as:

)

-1
Pire) ™ Hewe) T Epur)

)

MSE(T, )= 6, (c2 -

¥

-1 i
Prney Efeg)  Fay

~(:-8) (., -

—1 T
Wx(m) (Zyx(pm

) (3.25)
-%, I T

(o5 PRy
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It can be written the form of multiple coefficient of
determination as:

MSE (T, ) = ?zci[ez (1-p2, )+ 0 (P2, i, )} (3.26)

Remark4:  Generalized multivariate  regression
estimator as suggested by Hamf et al. (2009) for mult-
phase sampling using multi-auxiliary variables when
information on all auxiliary variables is not available
for population (No Information Case) can be developed
by putting pB;’s and s equals to zero in (3.1) as:

Tl;}é K5 {?(k)l + ;0'“11 (T‘{(h)l 72(1()1)

(3.27)

T
?(k)z + 20'”12 (i(h)i _i(k)i)
i=1

T
Yogp T Z *y (X(rm X )}
<

The expression of unknown matrix for which the
mean square error will be minimum can be directly
obtained by considering only those matrices from (3.5),
(3.6) and (3.7) those includes only order pxr and r=xr

than we get the required matrix that is E;[l )E;X[ . The

variance covariance matrix can be obtained from (3.8)
Just by considering those matrices having order pxr and
mxr. The variance covariance matrix is

Er

v 4 r*f?: :[WFY £ xp)

=65, .., (8 -6,) (3.28)

T [pxp)
All special cases of estimator given in (3.27), in the

case on no information and full information, have been
discussed by Hamif et al. (2009).

EMPIRICAL STUDY

Obviously estimator for which the information on
all auxiliary variables is available for population (full
mformation case) will be more efficient than that for
which the information on some auxiliary variables is
available for population (partial information case). The
estimator for partial mformation case will be efficient
than the estimator for which the information on all
auxiliary variables is not available for population (no
information case). In the case of multiphase, the
estimator will be less efficient by increasing the phases
but cost effective. To illustrate the above statements,
empirical study has been carried.

For the justification of above statements, the
empirical study is carried out by using determinant of
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Appendix A

Table A-1.1: Detail of populations

Sr. # Source of populations

1 Population census report of Jhang district
(1998), Pakistan

2 Population census report of Gujrat district
(1998), Pakistan

3 Population census report of Kasur (1998)
Pakistan

4 Population census report of Sialkot district

(1998), Pakistan

Table A-1.2:Description of variables (Each variables is taken from
rural locality)

Description of variables

Y1 Literacy ratio

Y3 Population of currently married

Y3 Total household

X Population of both sexes

X3 Population of primary but below metric
X3 Population of metric and above

X4 Population of 18 years old and above
Xs Population of women 15-49 years old

Table A-1.3: Parameters of populations for calculating the Matrices of MSE’s of multivariate estimators and MSE’s of univariate estimators

= = = C
District N 1 N2 iIE] T4 Ns b pe s C‘“ C“ ¥
Thang 368 184 92 46 23 12 29.705 860.11 897.71 0.270 0.595 0.512
Gujrat 204 w2 51 26 13 6 57.535 1101.280 1102.540 0.145 0.484 0.487
Kasur 181 91 5 23 11 6 31.890 1393.200 1449.020 0.747 0.551 0.530
Sailkot 269 135 67 34 17 8 52.061 1058.740 998.220 0.147 0.647 0.646
District Gyl GY) Ty S, S, Gy, S, Oy, pYﬂ;
Thang 3.022 511.908 459.842 5626 450 455.060 170.670 2455.170 1064 480 182
Gujrat 8.364 533.041 537.236 3507.160 940.480 381.690 8139.680 830.010 055
Kasur 23.823 767.636 767.796 5515420 1095.690 357.890 2719.210 1355.640 295
Sailkot 7.641 685.019 644.886 4787.250 1172.710 603.220 2461.590 1151.320 324
District Py, Py Py Py, Py, Py, Py P P P, P Pyxs
Thang 0.164  0.733 0.131 0460 0.548 0.185 0.129 0428 00912 0659 0484 0425
Gujrat 0.056  0.988 0.092  0.334  0.543  0.069  0.103  0.995  0.941 0.764 0490  0.996
Kasur 0.301  0.989 0.299  0.255 0352 0301 0.250 0.998  0.758 0.879 0989  0.799
Sailkot 0.316 0997  0.323 0426 0.461 0.338  0.313  0.999  0.983 0.931 0996  0.939
District Pysy Py P Py, Py, P P P
Thang 0.474 0.732 0.748 0.559 0.489 0.416 0.421 0.317
Gujrat 0.984 0.933 0.749 0.487 0.986 0.954 0.796 0.509
Kasur 0.991 0.752 0.878 0.988 0.792 0.764 0.889 0.993
Sailkot 0.996 0.980 0.933 0.994 0.938 0.983 0.931 0.997
District Prs, P, Pre Prs, P, P, Piy, Pr Pl e
Thang 0.275 0.824 0.475 0.432 0.590 0.464 0.325 0.313 0.885
Gujrat 0.996 0.892 0.500 0.958 0.420 0.797 0.505 0.992 0.996
Kasur 0.802 0.798 0.764 0.614 0.896 0.719 0.797 0.979 0.995
Sailkot 0.939 0.959 0.985 0.928 0.939 0.887 0.938 0.992 0.997

Table A-1.4.1 Determinants of matrices of MSE’s of multivariate Regression estimators for pair-wise phases (No Information Case)

District T2 (h=1,k=2) T3 (h=1,k=3) T4 (h=1k=4) T s (h=1,k=5) T.; (h=2,k=3) T s (214
Thang 31327997 1233341.603 7331747657 I6128460 86 3572866.63 T6011134.82
Gujrat 95363.18 312081.54 1102996 .85 4211396.91 1123210.67 3372979.29
Kasur 203091.03 901801.71 3838230.04 16192403.14  2176260.22 8973735.68
Sialkot 9555.27 41464.31 173806.26 723929 .58 126175.45 482925.70
District Tas (h=2,k=3) T34 (h=3,k=4) Tss (h=3,k=3) Tas (h=4,k=5)

Thang 79961159.68 38868782.02 158093587.70 2.60491E+11

Gujrat 11251537.17 10702183.50 30944428.16 93069748.63

Kasur 3680503149 19922737.86 79389873.19 170075469.89

Sialkot 1897366.87 1256890.23 4554991.24 11150157 .88
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Table A-1.4.2:Determinants of variance covariance matrices of multivariate Regression estimators for pair-wise phases (Partia Information Case)

District Tz (h=1,k=2) T 5 (h=1,k=3) T4 (h=1,k=4) T s (h=1,k=3) Tos (h=2,k=3) T2 (h=2)=0)
Jhang 138163.6 890963.2 5820643.1 40379695.2 2250013.1 111463703
Gujrat 1683.1 10844 .4 73847.7 534079.5 18218.9 103581.9
Kasur 247034 4 1500728.6 9605459.6 661887573 2573608.2 141148333
Sialkot 322.1 2207.0 15843.0 118825.5 3970.3 22574.0
District T 25 (h=2,k=5) T (h=3,k=4) T1s (h=3,k=3) T4s (h=4,k=5)
Thang 613825468 24203288.5 108298411.4 2220625453
Gujrat 6534345 167622.1 901358.8 1434473.5
Kasur 84669409.0 232859859 121940138.0 197720243.3
Sialkot 145036.8 38559.8 202554.0 338300.7
Table A-1.4.3: Determinants of matrices of MSE’s of multivariate Regression estimators for each phase (Full Information Case)
District T (k=1) T2 (k=2) Ts (k=3) T4 (k=4) Ts (k=5)
Thang T023.373901 27631.23032 351018.963 3453903.79 30487480.83
Gujrat 27.15981853 367.7474988 3710.595857 33124.8694 279522.8025
Kasur 103.7803005 1306.215104 12804 97189 112839.0944 946342.2579
Sialkot 2.156156072 36.85754751 405.2293669 3755.836241 32256.39965
Table A-1.5.1: MSE’s of univariate Regression estimators for pair-wise phases (No Information Case)
District Tz (h=1,k=2) T 5 (h=1,k=3) T4 (h=1,k=4) T s (h=1,k=3) Tos (h=2,k=3) T2 (h=2)=0)
Thang 712279.9 1223241.6 T221747.6 161234608 3572366.6 T6011134 8
Gujrat 95363.1 312081.5 11029%6.8 4211396.9 1123210.6 3372979.2
Kasur 203091.0 901801.7 3838230.0 16192403.1 2176260.2 8973735.6
Sialkot 9555.27 41464.3 173806.26 723929.5 1261754 482925.7
District T 25 (h=2,k=5) T (h=3,k=4) T1s (h=3,k=3) T4s (h=4,k=5)
Thang 7996115968 38868782.02 1580935877 2.60491E+11
Gujrat 1125153717 10702183.50 30944428.16 93069748.63
Kasur 36805031.49 19922737.86 79389873.19 170075469.89
Sialkot 1897366.87 1256890.23 4554991.24 11150157.88
Table A-1.5.2: MSE’s of univariate Regression estimators for pair-wise phases (Partial Information Case)
District Tz (h=1,k=2) T1s (h=1,k=3) T4 (h=1k=4) T15 (h=1,k=5) T3 (h=2,k=3) T2 (BF2)=4)
JThang 652.99 980.5526 1635.678 2945928 1795.189 2450.314
Gujrat 3094727 900.3699 2082.164 4445753 624.3232 1806.117
Kasur 378.5487 1044.532 2376.499 5040.433 771.9548 2103.922
Sialkot 234.4814 682.5967 1578.827 3371.289 474.9672 1371.198
District T 5 (h=2,k=5) T34 (h=3,k=4) T35 (h=3k=5) T4s (h=4,k=5)
Thang 4079586 3389.837 8648.382 4079.586
Gujrat 1254.024 3617.613 2513.426 1254.024
Kasur 1558.767 4222.701 3132.391 1558.767
Sialkot 955.9386 2748 4 1917.882 955.9386
Table A-1.5.3: MSE’s of univariate Regression estimators for each phase (Full Information Case)

T (k=1) T2 (k=2) Ts (k=3) T4(k=4) Ts (k=5)
Thang 81.89064 2456719 5732344 1228 .36 253861
Gujrat 213.557% 509.0065 1099.904 2281.698 4645.286
Kasur 251.1011 584.0929 1250.076 2582.043 5245.977
Sialkot 142.167 366.2247 814.34 1710.571 3503.032
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variance  covariance matrices/MSHE’s  of newly
developed estimators for partial information case and
those developed by Hanif et al. (2009) for no and full
information We consider four mnatural
populations. The detail of populations and vanables
description is given in Table Al.1 and Table A-1.2
respectively of Appendix A. We consider three
variables of interests denoted by Y’s and five auxiliary
variables denoted by X’s for computing the
determmants of matrices of MSE’s of multvariate
Regression estimators and for umvariate we consider
Y; as study wvariable and the same five auxiliary
variables as considered in multivariate case. The
necessary parameters of populations for computing
MSE’s are given in A-1.3. We calculate pair-wise
determminant of variance covariance matrices/MSE’s for
no information case and for full information case we
calculate variance covariance matrices /MSE’s for each
phase for first five phases. The determinant of variance
covariance matrices of multivariate regression
estimators for multiphase sampling using pair-wise
phases for no information case are given in Table A-
1.4.1, for partial information case, in Table A-1.4.2 and
using each phase for full information case in Table A-
1.4.3. The mean square errors of umvariate estimators
for multiphase sampling using pair-wise phases for no
mformation case are given in Table A1.5.1 and for
partial information case in Table A-1.5.3 and for full
information case using each phase in A-1.5.3.

From Table Al.4.1, Table A1.4.2 and Table A-
1.43, we can say that the multivariate Regression
estimators for full information case are more efficient
than partial information case and estimators for partial
information case are more efficient than no information
case for each phasee.g. T; is more efficient than Tq,, T3
1s more efficient than T;3 & Ti3 ete. and the same 1s true
for univariate regression estimators (see Table A-1.5.1,
Table A-1.5.2 and Table A-1.5.3). Furthermore we can
say for no information case and partial information case
from Table A-1.4.1 and Table A-1.4.2 that as we
increase phase the efficiency decreases e.g. Ty,, is more
efficient than all others, T3 1s more efficient than all
others except Ty,, Taq is more efficient than T5s, Tys but
less efficient than all others and so on, similarly the
same argument can be made for univariate case given in
Table A-1.51. Also for full information case the
estimators become less efficient as we increase phases
because the sample size decreases by increasing phases,
it can be seen from Table A-1.42 and A-1.5.2 for
multivarate and univariate estimators respectively.

Cascs.
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