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ESTIMATION OF A FINITE POPULATION TOTAL
UNDER REGRESSION MODELS : A REVIEW®

By P. MUKHOPADHYAY

Indian Statistical Institute

SUMMARY. Estimation of a finite population total under prediction approach using
regression superpopulation models has engaged the attention of survey statisticians over more
than the last two decades. Some of these model-dependent and model-based investigations
have been reviewed in this article. It has also been shown that a sampling design-based
conventional strategy fares better than some optimal model-dependent procedures on an
average from the point of view of robustness.

0. INTRODUCTION

This paper makes a review of some works on estimating a finite popula-
tion total based on the assumption of an underlying superpopulation model.

1. MODEL DEPENDENT OPTIMAL PREDICTION

We denote by # a finite population of N identifiable units {1, ..., 4, ..., N} ;
‘yg’ value of ‘y’ (character of interest) on 7, p a fixed size (n) sampling
design (s. @) with inclusion-probabilities ;, 7 used toes timate the population
total Y( = Z u) by choosing a sample (set) s with probability p(s), 8 = #—s,
P, = {p}. Under prediction theory based approachk, y = (¥;, ..., yn')"is con-
sidered as a realisation of ¥ = (Y, ..., Yy)' [Y; being a r.v. having a value
Y] having a joint distribution 94, 6 = (0, ..., 0p) ¢ H(parameter space).
7y may belong to a class C = {5y}, called the superpopulation model. Given
the data d = {(k, yx), k € s} one draws inference about ¥ = 3 Y¢(now a r.v)
on the basis of prior #, using a predictor T,. Ty is m-(model-) unbiased if
a(f’,— Y) = 04+ s : p(s)>0 andpm -(design-model-) unbiased if & &(Ts—Y)=
0. E,V,&, Y, @ will denote respectively p—(design-) expectation, p-variance,
m-expectation, m-variance, m-covariance. For a non-informative design
(p(s) is independent of y), order of operations E, & are interchangeble.
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The problem studied in this section were foreshadowed and considered
by Brewer (1963). Royall (1970, 1971), Royall and Herson (1973) gave general
formulations to the problem in their elegant papers.

Since (Royall and Herson, 1973) ¥ =X Y;+Z Y, after d have been
] 8
collected, ¥ = Z yp+X Y and hence
8

iy8 = z yk‘l" ﬁl,
8
where T}, is a predictor of % Y. fi’. is m-unbiased for Y if 17, is so for 2 Y.
8 8

Two types of mean square errors (mse) of strategy (p, f’,) of interest are :

(i) & E (T~ YR =M (p,T) (say) (%) E &(T's—p)* = M, (p, T) (say), where
#=8&(Y). It has been recommended (Sarndal, 1980) that when one’s real
interest is in the present population from which the sample has been drawn,
one should use M for choosing an optimal strategy. For deriving an optimal
present predictor of Y for some future population which is of the same type
as the survey population (having the same x), one’s real interest is actually
in u and here M, should be used. Relation between M and M, is

Mip, T) = BV +B(&T))*+UY)—28{( ¥ —p) BT —p)} e (L)
where ,e(ﬁ’) =& (T——Y), m-bias in 7.

For a m-unbiased f’,
Mp,T)=E [@(ﬁ,)+vzj(? Y.) —2 @(ff.,§ i )] o (L2)
8

If » is a product-measure (Y¢’s are independent) M is minimum if ‘l)(ﬁ,) i8
minimum and thus for a given s the optimal m-unbiased predictor of Y is
T¢ =2yt 0
8
where f];* is minimum (m~) variance (m—) unbiased predictor of X Y.

E;
An optimal strategy (p*, T'*) in the class (%, 7) is; therefore, one for which

M(p, 7?+) < M(p, f’) N p €f, Ter. .. (L3)

The form of 7+ does not depend on the s.d. (unlike p-based estimators, say,

Horvitz-Thompson estimator, egr). After T+ is obtained, pt is chosen through
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(1.3). The emphasis on this m-dependent approach is, therefore, on a correct
postulation of 7 and generating Tis. The choioe of a suitable p takes a secon-
dary role.

Optimal prediction under some models : polynomial regression model
(8 ---» 67 ; (z)). Assume z;, value of an auxiliary variable x on ¢ is known
t=1,..,N),Y,, Yi" (¢ #% 4') are uncorrelated with

J
&(Yilm) =2 9y By ]
(1.4)
U Yi|zi) = o v(m),
By’s, o are unknown constants, v(z;), a known function of z;, & = 1(0) if By

is present (absent) in &(Y;). The best linear (m-) unbiased predictor (BLUP)
of Y, for a given s, is

a J
T3 @y 075 000) = Syt T 0y B = af
8 8

where B; is the BLUP of f; under 7 (obtained by Gauss-Markoff theorem).
Royall (1970) studied f’*(O, 1;29) = f;(sa,y), g=20,12 (f'; is the ratio

predictor Tp = 2;3 X ) and proved.
8

Theorem 1.1. If (a) v(z) is non-decreasing function of x, (b) v(z)/x® is a
non-increasing function of z, optimal s.d. to use f: in p, 18 the purposive design
P* where the sample s* having units with the highest n values of z; are selected with
centainty.

Multiple regression models. (a) Yy, Y.'" (¢ # ¢') uncorrelated : Assume

for each 4, values zy; of (r4-1) auxiliary variables x;(j = 0,1, ...,7) are known
and Yy, Y‘, (¢ # ¢') are uncorrelated with

&a(Yi|x) =x;p
V(Y| ®5) = o2 v(X;) = 0?0y w. (L.5)
where @/ = (i, ---» Zr), B = By, ..., Br). Often (as is here), xy =1 .
Denoting Y = [Y, k€8laxnnY; =[Yr, b €8liy_myx1» X = ((xs, 1 =1,...,N;
J=0,,Mxrsny Xs= (g, 1€855=0, ..., pxersn, Xy =((g5,0¢€3,

j = 0, ""r)(N—n)X(7‘+l)> l; = (1, ey 1)17)(1’ x; = (xso, ceey w,s), @; = (mos, ceey
z,s), w” =X 33(]/’", = w;,/n (and $§'), :E;’ mmilarly)?
) [
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V =Diag (p; k=1, ...,N), ¥s = Diag (vi; kes) (and V; similarly), and
assuming wlg ¥’ = [Y,), ¥;'], the model (1.5), denoted as 7(X, v) is

a¥Y)=XB, 3¥)=0¥ ... (1.6)
(&.()) denoting the dispersion matrix). The BLUP of Y is Royall (1975)
(X, v) = = yeta; B* e (L)
8
where B* = (X, V! X,)YX, V;IYy).
(b) Yy, Yy not all uncorrelated : Denoting C(Yy Y¢f) = 0? v, (v = %),
_ Vs V.
V= (v)nxn = (nxn _ .. (L.8)
V;,c VE

K =[V, V3], the BLUP of ¥ under this model, denoted as 7(X, V) is
(Royall (1976), Tam (1986))

THX, V) = 1, Yot Ly_, [X; B*+ V5, V' (V— X, B%)]. . (L9)
In particular when Yy, ¥;, (4 # ') have a constant correlation pe[ — TV——le ,1]
(denoting this model as #(X,V, p)) we have (Isaki and Fuller, 1982),
Theorem 1.2. Assume (a) \/v € C(X), where /v = (\/51, ooy \/v;)' and
@Z) denotes the column-space of Z; or (b) p=0. The BLUP of Y,
i (X, V,p) is given by (1.7).

If, further, ¥ follows a N-variate normal distribution we have an

exchangeable general linear model (EGLM) (Arnold, 1979) and (Mukhopadhyay,
1991),

Theorem 1.3. Under EGLM, T* given in (1.7) is UMVU in the class of
all unbiased predictors of Y.

Rodrigues ef al. (1985) extended the concepts to develop a general theory of
prediction which covers both linear and quadratic functions of population
values. Skinner (1983) considered the multivariate prediction of mean.

Projection predictors. When predicting the mean of a future population
of the same type as the present one, one’s real interest is actually in u and the

a

the optimal prediction is obtained by minimising M, (p, T)

Cochran (1977, p. 159), Sarndal (1980 a, b), Wright (1983), Isaki and Fuller
(1982) considered such optimal predictors T* () under 7. Here all Yy's
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(including those with £ ¢ s) are predicted and d are used only to predict the
model-parameters. Thus

T*(X,0) = X B*.
We have (Sarndal, 1980a),

Theorem 1.4. Under g (X, v), T* = T* iff T based on the entire
P equals Y.

2. ROBUSTNESS OF 71" (7) UNDER ALTERNATIVE MODELS
Royall and Herson (1973) showed that 7Tz remains unbiased under
7'(0°g, ..., 8y ; ¥'(x)) on a balanced sample sp(J) of order J, which satisfies
2N =XD j=1,.,J
P =13 af, XD = N1 af. T*@n) will, in general, have non-zero bias

B, {?l’(o;)} under 5. For a given s, one should, therefore, choose the one which
is least biased (most bias-robust) in a class of rival predictors. The following
theorem has been proved (Mukhopadhyay, 1977).

Theorem 2.1. Under assumptions,
Bi > 0% j;ax, kes are not all equal e (9)
for samples for which

R AR
@  I0,8) >0, (0,1;29) % T (0,1;29),9 > ¢ . @1)
® LG, <ONj=2,..,J with a least one I (j,s) <0,
. -

A ” A ~ A
T:(0,1 ;) }2; T5(0,1;29),9 >9g" whereTgy— T, means Ty involves less

absolute bias than f, under & and 9, =9 (1,8, ; o' (), 9, = 5" (0,07, ... 0
v’ (x)) and
I4(j,s) =T aft1~9 D ap—2 a2 —9 X 2.
5 s z s
Under p*, T* (0,1 ; 22) is most bias-robust in the class {’f"(O, 1;a9), ge[0, 2]},
both wrt 5, and 7,.

The above result gives a basis for a post-sample selection of robust predi-
dictors.

Scott et al. (1978), on generalisation of the concept of RH-balanced sampl-
ing, noted that under generalised balanced samples S* (J), which satisfies

% o 3z xj+ [v(xg)
8 8

Sz Safolw) VT
8

8

[
0.1, J . 22)
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i (0, 1 ; v(2)) remains unbiased under % (8, ..., 67 ; V(#)). They studied the
case, v(z) = «?, dencting the corresponding S*(J) as overbalanced sémples
Sp(J). It has been shown :

Theorem 2.2. For 8 = 8*(J), T*(0, 1 ; v()) is BLUP under 9(d, ..., 6 ;
J
V() provided V(z) = v(x) T &o%at, 0%s being arbitrary constants.
0

Cumberland and Royall (1981) defined a 7-balanced sample of order J,
Sx(J) as onme for which Ay(s) =0,5 =0, ... J where

Ay(s) = % Exz-l—fm. .. 238)

For a m ps—s.d. (my p; = /X, BE(As(s)) = 0 ). Kott (1986a) showed that

under 7(0, 0y, 0, ; 1) the mean of the ratio predictor % z f—‘ coupled with a
8 3

P(2)-s.d. (p(Sy(2)) = 1) provides a BLU-prediction strategy. Kott (1986b)

also considered asymptotically balanced samples. Pfefferman (1984) consi-

dered large sample properties of balanced sample.

Pereira and Rodrigues (1983), Pfefferman (1984) examined the ques-

tions when 7*(X, v) remains unbiased and BLUP under 3* (X*, v*) where 7* is
based on some additional explanatory variables apart from w, ..., %r and *
is & known function of all these variables. Tallis’s (1978) result on when NY,
becomes BLUP under 7 comes as a particular case of their results.

All types of balanced samples are really non-existent in practice. Royall
and Herson (1973), Royall and Pfefferman (1982) recommended srs, appro-
priately stratified random sampling as approximately balanced sampling.
Herson (1976) empirically assessed the efficiercy of ratio estimator
of total using conventioral unrestricted random sampling, extreme and
balanced sampling plans for sample size ranging from small to
large. Cumberland and Royall (1981) proposed the following s.d.

to approximate (1) [B(J) : p(Sp(J)) = 1] : [[p(s)u: 0if 3,—X > 0,

1 .
= othersme]
Cs

where 8 is a pre-assigned small quantity, c, is the number of s with Z;—X < 6.
Tachan (1985) proposed a similar design with some modifications. Mukho-
padhyay (1985b) showed srs and pps +/Z s.d. (m & /%) are agymptotically

equivalent to p(1) for using Tg.
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Noting that under 7,, |B,,l{§"(0, 1; 29)}| = By(9) (say) is a monotonically

increasing function of g (subject to fulfillment of (7)), Mukhopadhyay (1985a)
proposed that for a given s, one can find a g* for which B,(g) is near to zero

as possible and hence use 7%(0, 1 ; 29) as the most bias-robust in the class
9 ={I"(0,1;a9), g real}. Similarly|B, {I*(0,1;29)}| = Bylg) (say) being a
monotonically decreasing function of g (under (3)), one can find a post-sample

most robust predictor ﬁ:(O, 1;29*) in g under 7,.

3. MODEL-BASED PREDICTORS

To take care of the brittleness of m-dependent T* and, 7'* under departure
from the assumed model, the genesis of the model-based predictors which
combine both m-randomisation and p-randomisation was evolved. Cassel,
Sarndal and Wretman (1976), Sarndal (1980) suggested the generalised regre-
ssion, predictor [GRP] of Y,

Tep = 1, Y+ (1" X—1,7;71X,)B* .. (3.1)
where n = Diag (mg, k=1,...,N), n; = Diag (m, kes), 1 =(1,...,1);xn.
More generally, the class of GRP of Y is T'gx(Q) obtained by replacing §* by

B(Q) = (X,Q:X;)"1(X,Q:Y;) o (32)
where Q is an arbitrary positive-definite diagonal matrix of order NXXN
and Q; corresponds to its part in s. f'(m (Q) is m-unbiased under 3 (X, v) and is

p-biased in general. Noting that a predictor § of Bis of the form (Z.X,)
Z)Y;, Z; = ((Zrs))nxr+1) being a matrix of suitable weights, Sarndal (1980c)

suggested that B may be called 71 weighted if n;! 1,6 @(Z;). For a 71
weighting in ﬁ, T coincides with the corresponding projetion predictor Tgp.
Wright (1983), generalising GRP, introduced the (Q, R) predictor,

7(Q, R) = '[ARY +(I—AR)XP(Q)] . (3.3)

where A = Diag (Og, k= 1,...,N), BR=Diag (rx,k=1,...,N), I = Diag
1, ..., 1)nxn, 6 = 1(0) if ke (¢)s. For different choices of (Q, R), different
types of predictors are obtained. R = 0 gives the class of projection predic-
tors, R = I, the class of Royall’s linear predictors, R = w1, the class of GRP.
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Sarndal (1980b) had considered a more general strategy. For a s.d. p,
his predictor is

~ r
T(p, Q, W) == w,,,,Y,,+z; Bi(Xy—2 wistg) o (3.4)
8 8

where W, is a NX (5) matrix of weights wys, wgs being such that X wesYx
8

is p-unbiased for Y.
Montanari (1987), generalising Wright’s results, defined an enlarged class
of (@, R)—predictors to include suitable predictors for the model 7 (X, V).
Brewer, Samiuddin, Hanif and Asad (1989) considered a linear p-unbiased
estimator Pz = = C'sys, the weights Cy; being chosen so as to endow Ve with
8

the ratio estimator property (V (Yg) =0 if y;oc #;) and some stability,
specially, for outliers. For n = 2, they obtained solution to C;; by appealing
to 5 (0, 1; wy).

The strategies suggested hare often do not possess any desirable properties
(unbiasedness, attainment of a minimum variance bound etc.) in exact analysis,
though in asymptotic analysis most of these properties hold.

4. ASYMPTOTICALLY OPTIMUM SAMPLING STRATEGIES

Brewer (1979) considered the class of predictors which are asymptotically
design unbiased (ADU), the predictors being of a particular form suggested
by & model and in this class the optimal strategy is one which minimises the
asymptotic expected mse (AM). Brewer’s stand-point is somewhat between
design and pure super-population as a basis for inference. Under his framework
for asymptotics, which assumes the repetition of the survey population k
times, drawing of independent samples from each (hypothetical) population
using the same s.d., producing a pooled predictor of ¥ based on the combined

sample and allowing k— oo, the optimal 1, genrated out of %(0, 1 ; %) is

T;R=§Y¢+{§Y¢ (”—li —1){{§xi (7_71‘_—1)}"1?% (e
with
AM (Tye) = 2%—?——20‘% . (42)

which equals the minimum value of the average variance of any p-unbiased
strategy under the above model, as obtained by Godambe and Joshi (1965),
GJLB (say). Rao (1984) obtained Brewer’s results.-under a slightly different

approach.
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Robinson and Tsui (1981) pointed out some disadvantages in the asym-
ptotic approach considered by Brewer. They considered a sequence of popula-
tions #; of size N, with Ng)— . a8 ny—> o, a sample s of size ny,

being drawn from #; using the similar s.d., with lim Nay < 0. Under this

ko Nk
framework they proved ADU and ADC of 7%

Wright, in his asymptotic framework assumed both population size and
sample size increasing to infinity with sampling fraction fixed, to conceptu-
alise which he used Brewer’s framework and assuming 5(X, v) showed his
(p, (Q, R)) strgegy is ADU for 6(Y) =a¥ [@ = (a, ..., ay), a; & known
constant (¢ =1 ..., N)] iff

I-Rma=Q0nXA o (43)

for some A = (A,, ..., A;). He also showed the AM of all the ADU—strategies
are given by the GJLB, (4.2). The most efficient stragegy is, threfore, an
ADU-predictor with p : mycc ag /94 when AM is

(2 I a; va_i)z -3 al% v = »”* (Say) . (4.4)

In particular, the class of GRP, Ter (9), T:m along with the corresponding
optimal s.d.’s are ADU and asymptotically most efficient.

Wright suggested that when the efficiency of an equal probability ADU—
strategy is poor, one can use stratification using cv of|ag] /vy = ¢; (say) as
stratification variable (cv of ¢; in stratum #, < ¢ 4 k) and allocating =y
oo X ¢ and using srs within &, when »* is approximately attained.

1ePp

Robinson and Sarndal (1983) assumed : (i) there are M nested populations
PLP, L PACHC...and Ny <N, < .. (ii) a sample s; of size n
is selected from A using s.d. pg with ns < mgyy,t =1, 2, ..., samples s, s, ...
being not necessarily nested (iii) M— co. Under some regularity conditions
on p; and the moments of the distributions in the ‘model they established

ADC and ADU of T (Q) and showed that under 7(X, v), its AM attains (4.2)
and with a suitable design, (4.4).

Fuller and Isaki (1981) showed the AM of the projection predictor

T 2=1Xf(@?

B 2-2
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coupled with a mpv—s.d. (¢ c< v;) under (X, V, p) is asymptotically minimum

in the class of all linear predictors provided v’ € @ (X) when v = (v, ..., vy)’.
Li (1983) considered another type of ADC, which may be termed L,—

consistency. 7T is L,—consistant if as k— », (in Brewer’s framework),

E(T—T)2— 0.
It is of interest to differentiate between the ADU strategies, using the same

set of m-values, by studying for example, their second-order efficiency
(in some sense).

5. OPTIMALITY OF A LINEAR PREDICTOR UNDER MULTIPLE
REGRESSION MODELS

Pfefferman (1984), Tam (1986, 1988), Brewer, Tam and Hanif (1988),
among others, addressed the question when a linear predioctor becomes BLUP
under (X, V). It has been proved (Tam, 1986),

Theorem 5.1. The n.s. conditions for h' Ys when B = (hys, ..., h,s) to be
BLUP of Y under 7(X, V) are : for all s: p(s) > 0,

i) P X;=X
(i) Vsh—K 1 e @(X,).
Tam examined the conditions required for different predictors e.g.

T%(X,v), T (X, v), N¥sto be BULP under (X*, V) where X* may lack
(accommodate) some (additional) explanatory variables. Bolfarine and

Rodrigues (1988) examined the conditions when Ui X, V)= é" (X, V).
Brewer et al. (1988) cosidered the conditions on @ when Vi (Q) [Royall’s

predictor using ﬁ‘ (D), ’}(Q) and Teg (Q) coincide under (X, v) so that T Q)

and T(Q) may share the ADU and ADC properties of Q:’GR(Q). Tam (1986)

examined the s.d’s for which 1%, T*, T%, become identical.

Tam (1988) confronted a predictor to faR(Q) and investigated the condi-
tions for a linear strategy to be asymptotically best (i.e., ADU and attaining
(4.4) under (X, v)). He proved

Theorem 5.2. The sufficient condition for (R’ Y5, p) to be best under 5(X, v)
are : for all s :p(s) > 0,

(@) (3) of Theorem 5.1 holds

0) Q@ [h—hV 12 15] € C(X5)
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1 - . . .
where k = " 2 Vv, Q is any p.d. diagonal matriz.

A predictor satisfying (b) has been termed weakly robust (or robust under
covariance-matrix mis-specification). Relevance of these conditions for robust
prediction under 7(X,v) have been considered.

6. SAMPLING DESIGNS MAKING PREDICTORS ROBUST AND NEAR OPTIMAL
The approach in this section is to find s.d.s within a class of competing
designs which endow robustness and near-optimality to some simple predic-
tors—optimality being in the sense of attaining GJLB. Notingthat under model
75@) : &(Y3) = ait-fug, VYy) =02 fla), &Yy, Yir) =00 # 1), (as, B, f(wi)

known quantities), the generalised difference predictor
e@, f) = = Wx@wﬁx o (6.2)
8

a = X a4, coupled with a p € p, : {p : m(p) o f(4)} is optimum in the class of
p-unbiased predictors, Godambe and Thompson (1977), with a view to choos-
ing a suitable p in u,, considered the absolute difference in magnitude of the
average variances of a strategy under two models as a measure of robustness
(or sensitiity) of the strategy to model-changes and showed that a p € y, :

D Dj)z

X (mgmg—mgg) (—‘——-
)

x
; Mg Ty

<
Di = &'(Yi)—ai—pas,

is minimum, is most robust wrt alternatives 9, : &'(Y;) # as- By, variance,

covariance remaining the same. Such a design can be approached by an

appropriate stratification. They also extended the similar study to ratio

predictor.

Godambe (1982) considered the model C : 74(a), @ e A (D 0), an N-dim.
interval, fe B (3 0), an interval in R,. Noting that (ZqHT, mp /f(x)) is opti-

mal wrt 7,(0), he wanted to extend the optimality of Try to the entire class
C by choosing a mp+/f(x)—s.d. p, for the prior 74(a@) such that
B, [e (@ B)—e (0, 0)P
is very small.
Such a choice endows both ‘criterion—robustness’ and ‘efficiency robust-
ness’ to (py, i ur) wrt alternative y,(@). p, can often be attained through appro-

priate stratifications. Tachan and Francisco (1983) carried out some empirical
investigations of relative efficiencies of some of these strategies.
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7. OPTIMAL PREDIOTION UNDER BALANCED SAMPLES
Mukhopadhyay and Bhattacharyya (1994) proved the following

L
results. We denote V(z) = = 802 2f as Vi, n(®), 9(0p, .--» 07 ; Vi, 7) as 7k, 0,
3

&, ¥ with proper suffix expectation and variance under the corresponding

model. It follows from Theorem 2.2 that, f’; at Sp(J), T; at Sy(J) are each
BLUP of Y. Now

S 1 x- P w{,
* 7 o
JDI,J._I(Tg—- Y) = ? 810'?2}; (82—;2’?0)? ?wi+2 2v+ sx

:l,ge[0,2].

Thus

. —n)J- =
Vygy (=T [507) = TV S 3030 = b1, T—1) (sny)
1

A N(N—n) _ I3
Vg (By— 718,07 = TEZ) 5

z 3 0;02X0-D = M, (1, J—1) (say).
1
Since under Sy(J), #; < X [follows from (2.2) for »(x) = a2, j = 0],
— ~ J- =
M, < W X3 502Xun,
]

Thus

—p)J= —_——
M—u, > Y= S s oz _xRe-0]> 0. . (1)
1

n

Again, under 7, j,,, for HT-predictor (HTP) fHT =23 7—TY—i,

VT r—Y | Sx(J))

XX4-0 X9
— ]

N3 808
-7 al N

J— — —
Mu(l, j+1)—My1,j+1) = N 'S 804z7X0-D—X0] ... (1.2)
1

where s refers to S, (J).
Now at S, (J),

N X = X g0-V4 5% o] —7,3 i
8 8
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Hence (7.2) simplifies to

J-1 ] .
NS 608 [ & wi(es S of S af ) (S ol S af )]
1 LN 8 ] 8 8

J-1 , .
= —N X &0¥x; cov (zx, i 2)+n cov (g, 2}~ N[ < 0if &, =0 ... (7.3)
1

where cov denotes sample covariance. Combining (7.1) and (7.3) we have

Theorem 7.1.  Under 1,4_,, Tar at m-balance Sx(J) is a better strategy than

ff’; at over-balance Sy(J) which in turn is a belter strategy than ’_i’; at balance
Sp(J).

It has been noted in section 2 that for a sample drawn by a 7ps-design
the m-balanced properties are satisfied on expectation. This coupled with the
results of Theorem 7.1 suggests that on an average, a HTP together with a mps-
design will provide a better strategy than the model-dependent optimal stra-

tegies T; based on an over-balanced sample and the ratio predictor 17’; on balan-
ced sample under the general class of polynomial regression models

J-1
Vi (80, vy 055 X Biofx‘). This result provides some justification for use of a
1

suitable design-based strategy in preference to model-dependent strategies
and the role of design-based randomisation in survey sampling.
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