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Summary. In this paper a random regression coefficient model is used to provide
estimates of small area poverty proportions. As poverty variable is dichotomic at
the individual level, the sample data from Spanish Living Conditions Survey is
previously aggregated to the level of census sections. EBLUP estimates based on
the proposed model are obtained. A closed-formula procedure to estimate the mean
squared error of the EBLUP estimators is given and empirically studied. Results of
several simulations studies are reported as well as an application to real data.

1 Introduction

In small area estimation samples are drawn from a finite population, but estimations
are required for subsets (called small areas or domains) where the effective sample
sizes are too small to produce reliable direct estimates. An estimator of a small area
parameter is called direct if it is calculated just with the sample data coming from
the corresponding small area. Thus, the lack of sample data from the target small
area affects seriously the accuracy of the direct estimators, and this fact has given
rise to the development of new tools for obtaining more precise estimates. See a
description of this theory in the monograph of Rao [8], or in the reviews of Ghosh
and Rao (1994), Rao (1999), Pfeffermann [5] and more recently Jiang and Lahiri
[3]. Mixed models increase the effective information used in the estimation process
by linking all observations of the sample, and at the same time they can allow for
between-area variation. Further flexibility is obtained by using random coefficient
regression models, which allows the coefficient of auxiliary variables to vary across
sampling units or domains. Moura and Holt (1999) suggested the application of
random coefficient models in small area estimation. This paper follows their recom-
mendation and presents and application to the estimation of poverty proportions by
using data from the Spanish Living Conditions Survey.



On the existence and location of free-boundary 267

The paper is organized as follows. Section 2 introduces the considered random
coefficient model and Section 3 derives the corresponding EBLUP estimates. Section
4 deals with the problem of estimating mean squared errors. Section 5 presents
several simulation experiments designed to investigate some practical issues. Section
6 is devoted to the application to real data. Finally, Section 7 gives some conclusions.

2 A random regression coefficient model

We consider two models. The first one, which will be called Model B in the sequel,
is the random regression coefficient model

P P
Yaj = Zﬁkxkdj +chd9€kdj +eq, d=1,...,D, j=1,...,na, (1)
k=0 k=0

where yq; is the jth observation from area d, zpq; are auxiliary variables and
Br are unknown regression parameters. Further, random regression coefficients
Ukd (S N(0, ¢7) and random errors eqj~N (0, w;jlag) are independent, d =1,..., D,
j=1...,n4, k =0,...,p. If 24 = 1 for any d and j then model (1) contains a
random intercept of the form By +wuoq for area d. The model variance and covariance
parameters are o2, oz, k= 0,...,p, (2 + p parameters).

In this paper we will compare model (1) with the standard nested regression
model (denoted as Model A)

P
ydj:Zﬁkxkdj+u0d+edj, d=1,...,D, j=1,...,n4, (2)

k=0
where wugq i N(0,03) and eg; i N(0, w;jlag) are independent, d = 1,..., D,
j=1...,nq. In this section we briefly describe some basic facts for the application

of Model B to small area estimation. The corresponding derivations for Model A are
straightforward.
In matrix notation model (1) can be written in the form

p
y=XB+4 )Y Zrux+e, (3)
k=0

_ D _ _ _ ‘ _

where n = Zd:l nd, /8 - ﬂ(p+l)><la Yy = ISCdO%D(yd)’ Yd = 132'(%1nd(ydj)’ e
1 = 1 ; = 1 X = X Xq =

1§CdO§D(ed)7 ed 1§§%nd(ed])’ Uk 1§C¢1O§D(UM)7 1§CdO§D( a), Xa
col’ (Tr,ny), Thng = col (Tra), Zr = diag (Tr,ny), I = diag (1),
OSkgp( ) a 15j§nd( ;) 15dSD( ) 1SjSa( )
W = diag (Wy), Wq = diag (wa;), with wg; > 0 known, d = 1,...,D, j =

1<d<D 1<j<ng

1,...,nq4. Note that model (1) is a multilevel model that can alternatively be written

as in Moura and Holt [4], i.e.
Yda = Xdva +€d, Yva=PB+uq, d=1,...,D, (4)

where u.q = col (ukrd).
0<k<p
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Variance matrices of Model B are V. = var(e) = 02W ™, V,,, = var(uy) = o2p,
k=0,1,...,p, and

D
V =var(y) = Ve + Z ZyVu, 2y, = diag (Va),

where .
Vg = UEWJl +Zaimk’ndxz,nd, d=1,...,D.
k=0
For model fitting it is worthwhile to consider the alternative parameters o2 = o2,
or = op/o2, k=0,1,...,p, in such a way that V = 6% and V4 = 02X, where
¥ = diag (X¥4) and

1<d<D
P
Ta=Wi'+ > orthngTin,, d=1,...,D. (5)
k=0
Let ¢ = (02, ©0,¥1,-.-,¥p) be the vector of variance components, with 0% > 0,
wo>0,01>0,...,0p >0. Let u = <cgl< (ur) with variance V,, = var(u) =
0<k<p

diag (Va, ) and Z = col® (Zi). Using this notation the model (3) can be written
0<k<p 0<k<p
in the general form

y=XB+ Zu+e.
If ¢ is known, then the BLUE of 8 = (5o, 31,...,08p)" is

D -1/ p
= (X'VIX)'X'VTly = (Z X;2;1Xd> (Z Xfifjd_lyd>

d=1 d=1
and the BLUP of u is & = Vo, Z*V ™ (y — X 3), i.e.

N . t . —1 _ A
i —Océllgggp(‘/uk)Ogcgép(Zk)lcSi;aSgD(Vd ), Lol (ya = Xaf).

The empirical BLUE and BLUP (EBLUE and EBLUP) are obtained by substituting
the variance parameters by convenient estimates. We will now describe the Fisher-
scoring algorithm to calculate the residual maximum likelihood estimates of the

variance components.
The REML log-likelihood is

1 1 1 1
lrEMmL(o) = —5(71 —p)log2m — E(n —p)logo® — 3 log | K'Y K| — 257 y' Py,

where
P=KK'SK)"'K'=x""'- 2 'X(X'27'xX)"' X' 27!,
K=W-WX(X'WX) 'X'W

are such that PX =0 and PXY'P = P. From (5) it follows that X' can be written in
the form
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p
T=wl+ Z oK Ak,

k=0
where Ax = ZrZ} = diag (wk,ndw}i,nd), k=0,1,...,p. As g—P = —PAyP, by
1<d<D @k
taking partial derivatives with respect to o2 and ¢y, k = 0,1, ..., p, one gets
n-—
S,2 = 22 + —4 y'Py, S, = tr{PAk} + poi ‘PA,Py,
k=0,1,...,p. The second partial derivatives are
_n—p 1 . 1
Hy2g2 = 251 Fy Py, H,z2,, = —ﬁy PA; Py,
1 1
Heypy = 5 1{PAPAs} - —y'PA;PA;Py, i,j=0,1,...,p.
g

By taking expectations and multiplying by —1, we obtain the components of the
Fisher information matrix (¢,5 =0,1,...,p)

n—p 1 1
Foo,2 = F,, = 352 tr{PA;}, FBNP]' = §tr{PA¢PAj}.

2047 7T

To calculate the REML estimates, the Fisher-scoring updating formula is

P = 0"+ FTHeN)S (0",

The following seeds can be used as starting values in the Fisher-scoring algorithm
20 _ g _ 0 o0 g2 4 2),

where §% = 2 (y — XB3)'W(y — Xf3) and 3 = (X'WX) ' X'Wy.
The asymptotic distributions of the REML estimators of ¢ and 3 are

@~ Npt2(p, F7H(9)), B~ Npa(B, (X'VTIX)TH),
so that the 1 — a asymptotic confidence intervals for ¢ and (i are
@kiza/gl/;£27 and Bkiza/gqif, k=0,1,...,p,

where ¢ = @™, k is the last iteration in the Fisher-scoring algorithm, F~!(p") =
(ke kt=—1.0....0, (X'VHE)X)™' = (gre)re=0.1....p and z, is the a-quantile of
the N(0, 1)) distribution. The confidence interval for o is obtained in the same way
by using the corresponding diagonal element of the matrix F~*.

3 EBLUP of the domain mean

In this section we consider a finite population of N elements following the model
introduced in (1) with population sizes Ng in the place of sample sizes n4. From the
. . . . D .
population a sample of size n with ng elements in area d, n = Y7, na, is selected.
Without loss of generality we can reorder the population so that y = (y%,3%)¢, where
ys is the vector of n observed elements and y, is the vector of N — n unobserved
elements. In the following, the index s for the sample and the index r for the rest
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of the population will be used when appropriate. In this notation and taking into
account the reordering we can write

.V:QS VS"‘
V =var[y] = (V v )

We are interested in the estimation of the mean of the small area d, i.e.

Ng
- 1
Va= - ;yd] = a'y = alys + aryr,
where o' = 3= (0Of,,..., O, v, O, 1., O, ) and Oy = (0., 0)1m.

From the general theorem of prediction it follows that the BLU predictor of Yy,
under Model B, is

~blupB + t ~ ~ ~_1 ~

Y, = agzys + a, [Xrﬁ + Vis Vs (ys - Xsﬁ)] . (6)
Ip our case it holdsh Vers = 0, Vo = ZTVuZ’Ss + Vers = ZTVuZﬁ and 4 =
VuZ§Vs§1(ys — X35)7 Y

~blupB

Va o =abye+af [XoB+ Z,VuZ0V (v - X.B)]
R P R P
XB+ > Zyii | +al |ys — XoB = st
k=0 k=0
. p . . t 1 t 1
Since a’ can be written in the form a* = Nd1§?1< {0aelk,}, where 64 = 1 if

a="band d,5 = 0 if a # b, it holds that atXﬂ = Zk=0 kaﬁk and

tr, - 1 t t . . <~ -
a Ziriur = — col {JdelNl} diag (mk,Ne)uk = XrkdUkd,
Nag1<e<p 1<e<D

where Xya = 5~ >° 04 Tkaj. Thus the EBLUP B of Y, is

~eblupB P _ R P p _ N p i
Yq = Z XkafPr + Z kdlkd + fa |Yas — Z Xrd, sk — Z Xkd,sUkd | ,
k=0 k=0 k=0 k=0
where 7, , = %ZJ ' Ydj, Xkas = Z 4 xrg; and fg = . EBLUP under

Model A is similarly introduced and 1t 1s denoted by EBLUPA 1n the sequel. The
mean squared error (MSE) of the EBLUP and its proposed estimator are given in
the next section.

4 MSE of EBLUP

Following Prasad and Rao [6] and Das, Jiang and Rao [1], the mean squared error
(MSE) of the EBLUP of Y4, under Model B, is
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~eblupB

MSEY 4 ) =g1(¢) + g2(¢) + g3(¢) + 94(p),
where
g1(p) = a,. tZ.TsZta,,
g2(p) = [a X, — b Z, T ZV, ! X Qs[ X bar — XUV, ) 2T Zay),
g3(p) ~ tr { (V") Vs(VO')'E [(so - o) @ -9},
9a(p) = a; Ve rar,

and Ty = Vi — VW ZV 1 Z Ve, Qs (XIVTIX)TH bt = alZ, V2V The
blupB

Prasad-Rao (PR) estimator of MSE(? ) is

_~ eblup B . . . .
mseg =mse(Yq ) = q1() + 92(%) + 2g3(p) + ga(p),

wherep is REML estimator of ¢. In what follows we present the calculation of gi —ga

for Model B. The derivations under Model A are straightforward. We employ the
_~ eblupt
notation mse§ = mse(Yy : ), £ = A, B, under Models A and B.

4.1 Calculation of g;1(¢) under Model B

To calculate g1(p) = atZ.TsZta,, basic elements are

t 1 t t 2 .
@ = N Sl Qe liened Zr = (Gl (Zer), V=" ding ()

and

T = Vi = VuZiVi 1 2,V = o diag (prlp)

0<k<p
- UQOggL (exZr,s) dlag (Ezs) 001 ( 6 Zkys) = (Thyko )k ko =0,1,...,p -
where 5k1k2 =0 if /ﬂl 7& kg, 5k1k2 =1if /ﬂl = kg and
Thiky = 0 Pk, Oksky 1D — 0 Phy Py Zhy s diag (X)) Zkys.
1<6<D
Therefore

_ 1 ¢ ¢
g1(0) = N2 IE?LD(%ZIN(—W)Ogglgp(zk,r)Tsof% (Z, 7‘) Lol (5d1411v,_;7n[)

P P P
2 2 ~*2 % t —1 ——*
= (1 - fd) g § Akakd - E E Pkq L)OkQXkldxkl,ndEd,skankazd ;
k=0 k1=0ko=0

Where fd = nd/Nd and de = ﬁ Ejer Tkdj = (1 — fd)_l(ykd — fdyk:d,s)~
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4.2 Calculation of g2(y) under Model B
From the definition of g2(¢p) it follows that it can be written in the form
92(p) = [a} — a3]Qs[a1 — az],
where Qs is defined on page 271. The first vector from the difference [a} — af] is
1 S
atl = a:X'r‘ = leg\fd*ndX"d = (1 - fd)Xda

where X = (Y;d,YId, Xpa)- The second vector can be written as
t_ ¢ t t oy -2

as = a,«og(l)clgp(Zk’r)Tsogcgép(Zk’s)a WsXs
and after some straightforward algebra it takes the form

p
a = (1-fa) {z Kl

k=0

P p
K t -1 t

— g g Phy Pl X k1 dThy g 2d,s ThangThong ¢ Wd,sXd,s-
k1=0ko=0

4.3 Calculation of g3(¢) under Model B

We recall that gs(¢) = tr {(Vb*)V:(Vb')'E [(¢ — ©) (& — ¢)']} , where

P
b = ar ZVuZVe b =ar Y | o Ze i, diag (27).
1<¢<D

k=0
. 03y s _ 82415 _ ¢ _ . . . 3}
As 5o =0 and 5= = Tk, T, (k=0,...,p), the derivative with respect to
. t . . . .
o is % = 0 and the remaining derivatives are
o' t ¢ : -1
9 = a'er,TZk,s dlag (28,3)
Pk 1<¢<D
P
! ZinZi | diag (5,1 kngZes), k=0,1
— Qp PiliirLi, s 1ag ( E,sxk,nzka[ 2,3)7 — Y L.
pard 1<e<D

LD

As Zp,» = diag (r,N,—n,), we obtain for k =0,1,...,p
1<¢<D

o’

o (1 fa) L g(ng((SszZZ Tk Ses)

p
t ~ t —1 t —1
1§(e)£D (6“ <Z « PiXae mimz) El,s mk7nlmk,nzzl,s>:| .
i=

Let us define H(¢) = (Rky,ky)ky ko=—1,0,1,....p, Where h_1 = hg,_1
_170717

=0,k =
...,pand
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ob* v ( ob*

hiy ko =
VT Opk, T \ Ok,

t
2 2 )+t -1 <+
) =0 (1~- fa) {Xkldxkl,ndzd,smk2,nka2d

p
~ t —1 t —1 ——*
= Xk dThy ng 2 d,sTha,ng Tha,ng 2d,s E PiTingXid

=0
P
- (Z (PiX;de,nd> Zg,;mkhndle,ndzz;imkmnd
i=0
P
{Xzzd — Ty Zas wi,ndX;} }
=0

for any ki,k2 =0,1,...,p. Then
gs(¢) ~ tr {H(@)F ()} ,

where F(¢) is the REML Fisher information matrix which approximates the co-
variance matrix E [(¢ — ¢)(¢ — ¢)*].

4.4 Calculation of g4(¢) under Model B

We recall that g4(p) = a Ve a,, where

1 t t 1 —2 —2 .
b= — col' (Baell,—n,), Vi =0 W, = diag {Wa,r}.
@ Ng ISC?SD( aelN,—n,); & 7 = 1§l11a§gp{ ar}

Therefore

2 2

0 ¢ . 1 o 1

() = g tvamndinmlvy P ovans = 3 30 G
rd

5 Simulation experiments

In this section we present several simulation experiments. The first one is designed
to check the behavior of the REML estimates under Model B. The second simulation
experiment is planned to study the behavior of EBLUP a, a = A, B, under Models
A and B. Finally, the fourth simulation experiment is carried out to analyze the
behavior of the MSE estimates.

In all the simulations, samples are generated as follows.
e Explanatory variable: Take aq = 1, bg = 2 + %, d=1,...,D.Ford=1,...,D,

j=1,...,n4, generate
Tidj = (bd — ad)Udj +aq with Ug; = ﬁ, j=1,...,nq4.
e Random effects and errors: For d =1,...,D, j =1,...,ng4, generate

woa ~ N(0,0%¢0), wuia~ N (0, 0°p1), eq ~ N(0,0%),

with o2 = wo =1 and @1 = 2.
e Target variable: Ford=1,...,D, 5 =1,...,n4, generate

Yaj = Po + Brixa; + u1a%aj + vod + wd_i;-/gedj, with 8o =2, 81 =1.
(Just skipping the term uiqz4; in the case of Model A.)
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5.1 Simulation 1

The steps of the simulation experiment are:
1. Repeat K = 10" times (k=1,...,K)
1.1. Generate a sample of size n = 25:1 nq and calculate the REML estimates

) € {Boky Beiky: 0ys Potiy» Prie }-
2. Output

1 1
EMSE(%) = § Gy — )%, BIAS(H §
k:l k:l

Table 1. BIAS and EMSE for K = 10* under Model B

n 300 600 1200 2400
ng 5 10 20 40
D = 60| BIAS EMSE| BIAS EMSE| BIAS EMSE| BIAS EMSE
21-0.001 0.052(-0.001 0.032{-0.002 0.024| 0.000 0.020
1{-0.001 0.020{ 0.000 0.018{-0.001 0.018| 0.000 0.017
o“ =1]0.006 0.010]{ 0.002 0.004| 0.001 0.002| 0.001 0.001
1
1

-0.050 0.335(-0.007 0.129}-0.001 0.070| 0.002 0.050
-0.020 0.055|-0.005 0.043|-0.002 0.038{-0.002 0.037

Table 1 presents the obtained performance measures. In all the presented cases we
observe that EMSE decreases as sample size increases. The conclusion is that the
implemented Fisher-scoring algorithm is running properly and thus the obtained
REML parameter estimates are reliable.

5.2 Simulation 2

The second simulation experiment is designed to investigate the behavior of EBLUPa,
a = A, B, under Models A and B. The steps of simulation experiment are:

1. Generate deterministically N = Zle Ng z-values with Ng = 100, D = 60 as
described at the beginning of this section and calculate X4, d=1,...,D.
2. Repeat K = 10" times (k=1,...,K)
2.1. Generate a population of size N and extract a sample of size n = Zle nd
(ng = 10) under Model B (Model A).

2.2 Calculate the REML estimates under Models A and B.
~eblup a(k)

2.3 Calculate the true value 7((11@) and its estimates Y4 fora= A, B.
3. For any a = A, B the output is:

=

K ~eblup a(k) 1 —(k)
meand—EZY , MEANd:?ZYd ,
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a 1 X Seblup a(k) (k)2 a 1 2 a
EMSEj = - > (V4 -Y4")?, EMSE® = ) > EMSE],
k=1 d=1
and
K D
1 ~eblup a(k) —(k) 1
BIASS ==Y (Y -Y BIAS® ==Y BIASS.
i=1 kZ:jl( a 4 ) 5 dZ:l f

Table 2 presents the basic performance measures of simulations 2. DIFr, r = A, B,
is used to denote the differences EMSE* — EMSE", a = A, B, a # r. Figure 1 plot

~eblupa

EMSEY of estimators Y, , a = A, B under Model A and B, respectively.

We observe that if Model B is true, EBLUP estimate may lose a significative
amount of precision by assuming the wrong Model A. However, the loss of efficiency
negligible in the reciprocal case.

Table 2. BIAS and EMSE for D = 60 and K = 10*

Model B Model A

N4 = 100, ng = 10| eblupA eblupB|eblupA eblupB

102BIAS 0.0046 0.0065( 0.0992 0.0993

102EMSE 10.7272 8.513| 8.2237 8.2253

102DIFr 2.2142 0.0016

0.18 0.1

o016 —=— EMSE? oges| o EMSE®
EMSE# EMSEA

0.14 0.09 o @

0121 0.085r @

01f 008F

g M fg 8 oe
E\jiqu:putbﬂ 7, g 5} ED quqjt\j Fog=leRvats ! &
r = a, o S gy 880 0.075 - 4

10 20 30 40 50 60 0 10 20 30 40 50 60

Fig. 1. EMSE, values under the true Model B (left) and Model A (right)

5.3 Simulation 3

The third simulation experiment is designed to analyze the behavior of the MSE
estimates. The steps of the simulation experiment under Model B (Model A) are:

1-2. Do steps 1-2.3 as in Simulation 2. Do new step 2.4 as follows.

2.4. Calculate the MSE estimates mse:?(k) and msedB(k)
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3. For a = A, B the output is:

K K
. 1 o o o 1 a a
Ei =4 (mset™ — EMSE3)?, BS = e > (mseq™ — EMSES).
k=1 k=1
1 & 1 &
E*==NE% B*==) B}
D dgl d> D dZ:1 ds

where the values EM SEY are taken from the results of Simulation 2.

Table 3 presents basic performance measures of Simulation 3. From the table it can

Table 3. B® and E® values for K = 10*

Ng = 100 Model B Model A
ng = 10 mse‘d4 msel mse‘d4 msel
10°B  |46.5629 0.0098(-0.0146 0.0054

10°E  [23.0612 0.0029| 0.0025 0.0026

be seen that the two estimators mse? and mse have basically the same behavior

under the true Model A. However, under the true Model B mseg? has a very poor
~eblupA
behavior when it is used to estimate MSE(Y 4 ).

6 Estimation of poverty proportions

In this section we use data from the 2006 Spanish Living Conditions Survey (SLCS)
with global sample size 34694. The SLCS is the Spanish version of the European
Statistics on Income and Living Conditions (EU-SILC), which is one of the statistical
operations that have been harmonized for EU countries. Its main goal is to provide
a reference source on comparative statistics on the distribution of income and so-
cial exclusion in the European environment. The sample includes 16000 dwellings
distributed in 2000 census sections.

We consider D = 52 domains (provinces) and we are interested in estimating
the domain averages of the household normalized net annual incomes. The aim of
normalizing the household income is to adjust for the varying size and composition
of households. The definition of the total number of normalized household members
is the modified OECD scale used by EUROSTAT, where OECD is the acronym for
the Organization for Economic Cooperation and Development. This scale gives a
weight of 1.0 to the first adult, 0.5 to the second and each subsequent person aged
14 and over and 0.3 to each child aged under 14 in the household. The normalized
size of a household is the sum of the weights assigned to each person. So the total
number of normalized household members is

Hyi =14 0.5(Hgiz>1a — 1) + 0.3Hai<14

where Hg;>14 is the number of people aged 14 and over and Hg;<14 is the number
of children aged under 14. The normalized net annual income of a household (z)
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is obtained by dividing its net annual income by its normalized size. Following the
standards of the Spanish Statistical Office, the Poverty Threshold is fixed as the
60% of the median of the normalized incomes in Spanish households. The Spanish
poverty thresholds (in euros) in 06 is z2006 = 6556.60. This is zo-value used in the
calculation of the direct estimates of the poverty proportion

Ng

1
Ya= Ny ;ydj, ya; = I1(z4j < 20),

where I(zq; < 20) =1 if z45 < 20 and I(zq; < 20) = 0 otherwise.

The considered auxiliary variables are nationality (zo) and employed (z1), both
with values 0-1 at the individual level (1 for Spanish citizenship and employed). In
the SLCS the target variable y is measured at the household level and the auxiliary
variables 1 and z> at the individual level. For this reason a data file has been built
containing the survey data aggregated at the level of census sections (territories with
around 2000 people). In the census section file the y variable remains unchanged and
the z-variables are calculated by taking weighted averages on the territory.

Table 4 presents the REML estimates of model parameters and the corresponding
90% confidence intervals. We observe that confidence intervals for parameters o and
(1 are strictly positive, suggesting that Model B fits better to data than Model A.

Figure 2 presents the domain mean estimates and their estimated mean squared
error. It shows that EBLUP B has slightly different behavior from EBLUP A esti-
mates. Figure 2 also shows that the EBLUP estimates behave more smoothly than
the direct ones, which are calculated by means of the formula

~dir 1 nd “ "d
Y, = — E wajyaj, Na= g Wdj
Na 525 i=1

where the wq;’s are SLCS calibrated sampling weights.

Concerning mean squared errors, EBLUP B is the estimators giving the best re-
sults. EBLUP estimators produce some gain of efficiency with respect to the direct
ones. For comparison purposes, design-based mean squared errors of direct estima-
tors where approximated by

_dir 1 ~dir
mse(Yd ) = N_ Z wdj(wdj — 1) (ydj — Yd ) . (7)

2

d j=1
The last formula is taken from Sarndal et al. [9], pp. 43, 185 and 391, with the
simplifications wg; = 1/7aj, Taj,aqj = maj and Ta;,q5 = TaiTaj, ¢ # j in the second
order inclusion probabilities.

By observing the signs of the regression parameters, we interpret that poverty
proportion tends to be smaller in those domains with larger proportion of people
with non Spanish citizenship (may be because immigrants tends to go to regions
with greater richness where it is easier to find job) and larger proportion of employed
people.
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Table 4. Parameter estimates and 90% confidence intervals for models B and A

Model A Model B
Estim. 90% CI Estim. 90% CI
50]0.2942 (0.1722 ,0.4162 ) |0.3336 ( 0.2197 , 0.4475 )
$31|-0.2900 ( -0.4946 , -0.0854 )|-0.2958 ( -0.5294 , -0.0621 )
0%(0.0453 (1 0.0430 , 0.0477 ) | 0.0457 ( 0.0433 , 0.0480 )
0] 0.1481 ( 0.0865 , 0.2098 ) | 0.0689 ( 0.0061 , 0.1317 )

©1 0.1382 (1 0.0478 , 0.2287 )
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Fig. 2. Direct estimates and EBLUP estimates (left) and its estimated mean square
error (right)

7 Conclusions

This paper investigate the use of EBLUPs, based on random regression coefficient
models, in small area estimation. By looking at the presented simulations and appli-
cation to real data, we may conclude that fixed regression coefficients are sometimes
too rigid for modeling real data. Some extra variability, and better performance of
EBLUP estimates, might be obtained by allowing some variability on the regression
(beta) parameters.

Acknowledgement. The authors are grateful to the Czech and the Spanish Govern-
ment for their economical support under the grants MSMTV 1M0572, MSM6840770039
and MTM2009-09473. The authors also thanks the Instituto Nacional de Estadistica
for providing the Spanish EU-SILC data.

References

1. Das K, Jiang J, Rao JNK (2004) Mean squared error of empirical predictor.
Ann Statist 32:818-840



On the existence and location of free-boundary 279

. Ghosh M, Rao JNK (1994) Small area estimation: An appraisal. Statist Sci
9:55-93

. Jiang J, Lahiri P (2006) Mixed model prediction and small area estimation.
TEST 15:1-96

. Moura FAS, Holt D (1999). Small area estimation using multilevel models. Surv
Meth 25(N.1):73-80

. Pfeffermann D (2002) Small Area Estimation. New Developments and Direc-
tions. Int Statist Rev 70:125-143

. Prasad NGN, Rao JNK (1990) The estimation of the mean squared error of
small-area estimators. J Amer Statist Assoc 85:163-171

. Rao JNK (1999) Some recent advances in model-based small area estimation.
Surv Meth 25:175-186

. Rao JNK (2003) Small Area Estimation. John Wiley, New York

. Sarndal CE, Swensson B, Wretman J (1992) Model assisted survey sampling.
Springer, Berlin



