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1. Introduction

What follows is the presentation of various classic design-based estima-
tors, or estimators assisted by basic models used in different Eustat economic
surveys. The design philosophy states that the variable under study (from
now on y) is treated as a fixed and unknown quantity. Randomness is giv-
en by the means of selecting the sample, which can be done using various
procedures (simple random sampling, stratified random sampling, etc.). The
success of design-based estimation methods lies in how representative is the
sample of the population to be studied.

2. Direct estimators

A population U = (1,...,N) is defined which represents the whole Au-
tonomous Community of the Basque Country and strata are defined, com-
bining, for example, Provinces and CNAE (National Code of Economic Ac-
tivities) classification. Following this, it is assumed that in each one of the
strata a simple random sample is made. In this context, defining the strata a
priori and selecting the sample at random within one of them, classic design-
based direct expansion estimators can be used, given that the sampling ny
is fixed in each stratum.

Following this, without loss of generality, it is assumed that the basic
sampling units are established.

Thus,

= yp;: value of variable y in establishment j (j =1, ..., Np) of stratum h
(h=1,...H);

= Y}: population total (of y) in stratum h;

= Y: population total (of y) in the A.C. of the Basque Country;
= Nj: population size of stratum h;

= 1y, size of the sample in stratum h;

= Thj = § probability inclusion of unit j in stratum h;

. W= % sampling weight of unit j in stratum h;
ny o
" Yp = Zﬁi;y}”: sampling mean in stratum h;
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n —
2 ij‘gl(yhj*yh)2

. s, = 1 : sampling variance in stratum h;

. fyh = % Z?il Ynj = Npyn: estimator of the total in stratum h;

2
» var(tyy) = ( - ]’Z,—’;L)N,%if—: variance estimator of the total in stratum
)

S X0 whung . .
M =Is 92 stratified sampling
Zh:l Z]:l ’LUhj

— Estr. H N1
" Ystr = S]\T[y = Zh:l Whhh =
mean;

- H H _ H . :
w tstry = D oheqtyh = 2 oney NnUn = Dopy 2?21 wWhiYny: stratified esti-
mator of the total.

Given that the sampling is made independently in each stratum, the strati-
fied variance of the total is given by

~ il np, 2 Szh
var(fary) = 3 (1= 3 ) ViS22
h=

—_

the standard error is

d np 82h
e.e(tstr.y) = Z (1 — F)Ngni,
h=1 h h
and the variation coefficient
~ e.e 3 t
cV(tsiry) = A( stry)
tstr.y

Properties: estimators g, and tsir are unconditionally unbiased.

2.1. Horvitz-Thompson Estimator

The Horvitz-Thompson estimator of the population total Y;, = Z;V:hl Yhj
of variable y in stratum h is given by

Np
tyn.HT = Z WhjiYhj,
Jj=1
where wy; = 1/m,; are the sampling weights of the j-th unit in stratum

h and mp; is its probability of inclusion (or sampling fraction). In a simple
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random sample with nj, units selected from the total Ny, wyj, j = 1,...,np.
In this case an unbiased estimator of the variance of the Horvitz-Thompson
is given by the following expression:

nh = \2
A np\ 1 __ 2 np\ 1 E]’:l(yhj _yh)
¢ :Nz(l——>— ; :N(l——>— .
var (tyn.ur) h N, ) ar(yn;) h N, )y, np — 1

The Horvitz-Thompson estimator is a direct estimator and does not
make use of any type of auxiliary information, or in other words, it uses
only the information obtained in the sample and the sampling weights for
its calculation. When the sampling size is small it is not an appropriate
estimator, even though the design is unbiased, given that it is a highly
unstable estimator and its variance can be great in these cases.

2.2. Generalised regression estimator (GREG)

The generalised regression estimator is an estimator which uses informa-
tion auxiliary to the variable, for example, = to estimate variable y. It differs
from the regular regression estimator in that it introduces weightings in the
estimation of the coefficients of the model (normally the sampling weights).
This type of estimator uses regression models as a means of obtaining esti-
mators which are consistent from the point of view of design. They require
the sample to be random. They were proposed fundamentally by Sarndal,
Swensson and Wrettman (1989). The generalised regression estimator of the
total Yy in stratum h is given by

Nh np
tynarEG = > Gnj + Y whi(Unj — ), (1)
P

where 5,5, 7 = 1, ..., N}, are the values forecast by a model given in stratum h.
The term Z?g 1 whj(Ynj — Ynj) can be interpreted as a regression adjustment
given the estimator provided by the model. The effect is an important re-
duction in variance, especially when the relationship between y and z is very
strong. If the chosen model is a linear regression model, yp,; = a:;ljﬂh + €y,

. 2 A~
with var(en;) = o} and xp; = (1,Znj1, ..., Thjk)’, then gp; = xﬁljﬂh.GREg,

where
nh -1 Nh
2 / /
BherEG = | D WhiThiThichi | D WhiThiUniChj)
j=1 j=1

and cy; are specified constants. Expression (1) could also be written as:

tyn.GrREG = tynut + (Xn — tonnr) Br.cREG)
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where tAyh.HT = Z;Li 1 WhjYhj, is the Horvitz-Thompson estimator of Y}, and

n n . . .
tyn.HT = Zjil whjrp; is the Horvitz-Thompson estimator of Xj,. In effect,
both expressions coincide, since,

tyncrEC = Y o $hjﬁh GREG + 221 Whj(Ynj — 1) Bh.GREG
= dynnr + (Xn — Lonnr) Br.crec

The generalised regression estimator can also be expressed as a linear
weighting upon y; so that

tyhGREG = th]yhj thjghjyhja

where weights w;;j = Wh; = gn; With wp; = 1/,

Ny, np ,
gnj = 1+ (th]‘ — thj:chj) Th_lfL'hjchj =1+ (Xh — txh.HT)/Th_lxhjchj7
j=1 j=1

and

np

Th = thjzhjl',hjchj-
j=1
The value of gp,; is close to the unit in most cases. The larger the sample,

the closer it will be to the unit. It is relatively rare to find g5; that are greater
than 4 or less than 0. The weights w;‘-‘ are called calibrated weights since these
weights, applied to x; reproduce exactly the total population of x;, which
is to say

th]xh] Z Thj = Xp.

The variance of the GREG estimator is given by

Np Ny, Wi
var(fyn.crec) = 3 Y ( - 1) €€k

w
J=1k=1 = ik

where €; = y; — x}ﬁh.GREG and is estimated by the expression:

Nh  Np

Var(tyn GrEG) = D Y (Whjwnj — Whjk) (9ni&))s (Grnés)
j=1 k=1
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where €; = y; — x;Bh.GREg. In the case of simple random sampling, this
expression takes the form:

A n 1
vat (tyn.grec) = Ni(1 — Fh)*Var(ghﬁ) (2)
n

where gp, = (g1, ..., 9n,,) and € = (€1, ..., €y, ).

2.2.1. Direct ratio indicator

When there is a single auxiliary variable, regression goes to the origin and
the regression model is heterocedastic, with weights c; = xp;, the GREG
estimator is a direct ratio estimator. The above-defined values gj; are, in
this case, constant for all observations j = 1, ...,n; and are given by

where t, gyt = ng 1 WhjThj is a number and not a vector. Furthermore,

Z] 1 WhjiYnj

ZJ | WhiTh

Brp =

and 80 t, GREG = trp = X’B;LD = (ZFI Nh:chj)’BD. In official statistics
this estimator is frequently expressed as

~

N
. Thj X .
j=1-"" h
tyhD = =mp thjyhj ——tynur = (FE)tynur,
Z] 1%hjThj loh HT

where FE is the exponent that does not depend on the variable to be esti-
mated. Note that this exponent coincides with g, of the GREG estimator.
If it is a small domain, in that there are few sample observations falling
within this domain, the estimator is highly unstable. It is a direct indicator
that uses information solely from its own domain. Its variance is O(1/ny,),
therefore quite large. It is obtained as a specific case of expression (2), from
which we deduce

. npy 1, Xp o~
var(tyn.p) & N (1 — ~=-)—(7——)*Varp(é),

n ~ IS
Zj21(€hj_€j)2

where vary (€) = 1

is the sampling variance of the remainders of
model yp,; = Brn; + €nj, from j = 1,...,n;, with var(en;) = o%zp;. In other
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words, the remainders are obtained directly on calculating €,; = yp; —Un; =
Ynj — :E;L]ﬂAh.D. As bias is considered to be virtually nil, the mean squared
error of this estimator approaches because of its variance, which is to say
MSE(fyn.p) ~ var(fynp). In this case the estimator of its variation coefficient
is estimated using the expression

A 6.6.(tynp
C.V.(tyh.])) = #,

where e/.E.(fyh_D) = \/\m-

3. Indirect estimators

Indirect estimators use information from other domains to estimate the
total or mean of a variable in a given domain.

3.1. Indirect ratio estimator or synthetic estimator

Let us suppose that auxiliary information from other domains is used so

that "
n
Dohe1 2ity WhiYhg
7 .
> h=1 Z;‘Lil WhjLhj
Notice that B uses global sampling information, both for values of y and
of x and is, therefore, more stable. The estimator takes 'borrowed informa-
tion’ from the other domains. The variance of [ is of the order O(1/n),

therefore much smaller. The estimator of the total in stratum h is known as
a synthetic estimator and is given by:

H
. - > oh=1 Z?il WhjYhj

tynsyn = Xp08 = X}, .
yh. H n
Dohe1 2ji1 WhiThj

This estimator can be rather biased, but its variance is small when the
size of the global sample n = Z}?:l ny, is large. This estimator can be es-

8=

pecially unbiased when the Bh.D of the various strata resemble one another,
which is to say that they resemble the domain which contains them. Us-
ing these hypotheses and not others, the use of the synthetic estimator is
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recommended, since it is then a stable estimator and can become virtually
unbiased. Its variance is given by

. n, 1 Xh,
var (fyn.syn) & N2 (1 — <) —( H np
> h=1 Zj:l WhjLhj

N
where var(e) is the sampling variance of the remainders of the heterocedastic
model y; = Bx; + ¢; with var(e) = o2z, j = 1,..., N, at a population level
which is to say that the remainders are calculated in the whole sample, not
only in the stratum under study.
Sarndal and Hidiroglou (1989) provide an approximation to the bias
of the synthetic estimator where E(fyh.SYN) — tyhSYN = — Zjvzl €; where

n )2‘7371"(6)7

€ = Yj — l’;B Then the estimator will be approximately unbiased if it

is verified that Zjvzl €x = 0. This condition is not normally satisfied. If
the model does not adjust well to the domain of interest, the sum of the
remainders could be far from zero, indicating a considerable bias. Otherwise,
we could expect a limited bias. Therefore, it is preferable to estimate the
mean squared error for the accuracy of the estimator. It is given by

MSE(tAyh.SYN) = Var(fyhlsyN) + (biaSyh)Q,

and is estimated by the expression:

np
MSE(tyh.SYN) = @(tyh_SYN) + (Z éj)Q,
j=1
where €; = y; — xg[;, j = 1,...,n are the remainders obtained from the

estimated model with all the sampling data, although in each case only the
specifics of this stratum are added.
The estimator of its variation coefficient is given by

. tmseé(t,n.syN
C-V'(tyh.SYN) = #
lyh.SYN

Where, @(fyh.SYN) = 1\//IS\E/(tAyh.SYN)'

4. Compound estimators

The compound estimator is created to compensate for the bias of the
indirect indicator, compared to the instability of the direct estimator. It is
given by

tyn.c = Ontynp + (1 — dn)tyn1,
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where 0 < ¢y, < 1, fyh,D is a direct estimator and tAyh.I is an indirect estima-
tor. Many of the estimators proposed in literature under designs or models
are compound estimators. Among the design-based compound estimators,
we could take the example of fyh,D as a direct ratio estimator and tAyh.I as
an indirect ratio estimator or synthetic estimator.

Pfefferman (2002) puts forward the compound estimator:

tyn.c = dntynp + (1 — ¢n)tynsyn, On =~

This choice of ¢ is particularly appropriate for populations which are
not very large, since otherwise the nj/Nj quotient would not necessarily
favour the direct estimator when n; grows. With these weights, the weight
of the direct or indirect estimator is greater according to its sampling repre-
sentation. In other words, the greater the sampling fraction, the greater the
contribution of the direct estimator. When the sample is represented to a
lesser extent, the weight of the indirect estimator is greater in the compound
estimator. It could also be true that n;, = 1 and N = 1 in which case the
compound estimator would be equal to the direct one.

The mean squared error of the compound estimator (3) is given by

MSE(tye.c) =~ ¢2MSE(fyep) + (1- ¢h)2MSE(Ayd SYN)
+2¢5,(1 — o) E[(tynp — Vi) (Eynsyn — Ya)].

Its estimation is not simple, since it is possible that the third term of this
sum, which is to say the co-variance, is not small. A possible approximation
is given by

[(Ayh D — Y3)(fynsyn — Y3)] =

Eli Lyh. Dtyh syN) — YaE[tyn ] — YiEltynsyn] + Y2
Elt byh. Dtyh syn] — Y2 = Y3, (Y}, + biasp syn) + V)2
E[t by ptynsyn] — Y2 — Yy (biasy syn)

E[i2, p] — Ya(bias, syn)

= MSE(fyn.n) — Yz (biasp.syn).

%

%

Note that E[fyh.nyh_SYN] could be approximated to with E [ch.D] since
the co-variance is different to zero only for the common terms of both esti-
mators, which is to say for the terms that intervene in the calculation of the
direct estimator.

Substituting MSE(fyh.D) for its estimator, Y}, for its synthetic estimator
fyh,SYN and biasy, gyn for its estimator, we obtain the estimator of the mean
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squared error as

I\XS\E(tAyh.C) ~ Qﬁl@(gyh‘D)/ﬂ‘\(l - </>h)2@(fyh.SYN)
+  2¢4(1 — ¢n)[MSE(tynp) — tyn.syn(bias,_syn)].

The term @(fyh,D) — tAyh.SYN(biash.SYN) could turn out to be negative,
in which case it could be approximated to zero and thus l\fS\E(fyh.C) ~
¢%®(£yh.D) + (1 — ¢h)2@(£yh.SYN)- When n = 0 is taken BTSTE(tAyh.C) =
l\m(fyh.SYN) Since then the compound estimator is equal to the synthetic
estimator, independently of the value of the direct indicator, which will have
been obtained by aggregating to higher levels, since there is no sample in
the CNAE itself.

The estimator of its variation coefficient is given by

. tmse(t,n.c
cV(tync) = f(y)’
yh.C

where Tmseé(fyn.c) = hﬁS\E(fyh,c).

11
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