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The Portuguese National Statistical Institute idteto produce estimations for the mean price of
the habitation transaction for the NUTS IIl and feortugal municipalities, using data collected fram
repeated survey. However, for these domains ahastin, it is not possible to provide direct estiiors
with an acceptable degree of precision becauselsasiges in small areas are seldom large enough. Th
is a fertile ground to the use of auxiliary infoiiva and observations of the interest variable fretated
small areas or periods in time, in order to inceghe “effective” sample size in the domain of iats.

The main purpose of this study is to propose neimasor for the mean price of the habitation
transaction in small domains with area level dAra.area level model with heterogeneous covariance
structures of random effects, as a vehicle fordmwimg strength across the areas and over timestadhie
proposed combined estimator. The proposed modéudes random area-by-time specific effects.
Furthermore, the auxiliary variables are relatedh parameters of inferential intereg,, in thei™

small-area at" time point {=1, ...,m; t=1, ..., T) through a linear model:
1) g

= XiBy U
where x, (px1) is a column vector of area-by-time specific #iawy variables and, (px1) is a column
vector of regression parameters for tfietime point. Furtheru,’s are random area-by-time specific

effects normally distributed withE(u,) =0, cov(u,,u,)=0,, for i=i’ and O otherwise. Moreover, it

assumes that direct estimatoé@, are available and design-unbiased:
@) 6, =6, +e,,

where g, ’s are independent sampling errors normally disted, given theg,’s, with mean 0 and known

variance o7, . Combining the sampling error model (1) with theking model (2), we obtain the
following model:

(3) git = X?tBt +uit +Qt "

with Eeu,) =0. This model is an extension of a model by Fay Hedriot (1979), but it allows the
integration of information related to the intereatiable and to its relation to the auxiliary véies, from
several domains and several periods of time, sanattusly. A time series and cross-sectional ared le
model (3) may present any type of chronological acance structure of the random effects. A
heterogeneous first-order autoregressive structutfee random effects is used, . = Uu,ﬂu,t-/?‘t_t" o<1,

att’

tt'=1, ..., T, (Wolfinguer, 1996). We selected a first-orderoaegressive structure because it should be



reasonable to assume that the random effects agsdb a particulai™ small-area are correlated and
correlation decays to zero as the time goes bythByrwe selected a heterogeneous covariance gieuct
due to the observed increase of variability witheti Following Henderson's general results (Hendgrso

1975) and assuming that=(d7,,...0};,p)' is known, the Best Linear Unbiased Predictor (B)L0P#,
is given by:

(4) §it (‘I’) = X;t El + éhm' (Hit - X;t EI )’

where Et is the generalized least squaresggpfand h,. is a weight, which depends on the chronological
covariance structure. This estimator can be claslsi#s a combined estimator, since it can be deosetb
into two components: a synthetic estimatgp, and a correction factoELlhm,(ait —Xﬁtﬁt), which is a

function of the differences between the direct aydthetic estimates for the same domain. We can say
that the weightsh,,. , allow a correction of the synthetic part of #stimator (4) through the regression
residuals from the domain that is the target oériefice at" time point, but also from this domain at
previous time points. These characteristics seeflvetparticularly interesting when estimating in ma
areas, where the available sample size is smatiest borrows information from outside the domafn
study in order to assist the estimation. The Megqua&d Error (MSE) of BLUP can be decomposed in a
sum of two components (Henderson, 1975). The dmstponent of MSE oﬁt (v), due to estimating the

random effects, is of ordex(1) and is given by:

(5) Ot (‘V) =0~ gi,l Vi_lgit ’
where g, =col,.(0,,.) is @ column vector of ordéF, corresponding to th&" column of covariance

matrix of random effects anit, is the covariance matrix dof, = col__, (4,). The second component of
MSE of én (v), due to estimating the fixed effects of the moaetf ordero(m‘l) for largem and is given
by:

m -1 ]
(6) Qait (‘I’) = (X;t -9V, {ZX;Vi_lxi\J (X?t =i Vi_lxi) '
i=1
where X, =diag,.,. (X, ).
In practice, the variance componenys, are usually unknown and they have to be estimiated

consistent way. There are several methods thabearsed to produce consistent estimates of thanaei
components in a Linear Mixed Model. Neverthelesmenof these methods is suited to estimate the
variance components of the proposed model, sineg Were developed for particular cases of cross-
sectional models or time-series and cross-sectiomalels. In the context of time-series and cross-
sectional models, Pantula and Pollock (1985) estichéhe variance components in the nested error-
regression model with autocorrelated random effagtile Rao and Yu (1994) estimated the variance
components in the model with both autocorrelatetdomn effects and sampling errors, involving a
homogeneous covariance structure. In both casegetttended a simple transformation method by Fulle
and Battese (1973), for the special case of indigrgrerrors and known autocorrelation coefficiemt,

In this way, it is convenient to extend the transfation method by Fuller and Battese (1973) to the
context of the proposed model, involving randone&f with a general covariance structure with tnenf
O, = tloy,0,..p), and independent sampling errors. We also proposextension of the Analysis of

Variance (ANOVA) method to estimate the variancenponents, used by Prasad and Rao (1999) in the
scope of the pseudo-empirical BLUP estimationhtodontext of the proposed model. Furthermoregthes
two methods take into account the sampling desighe estimation of the sampling errors variandgs T

is a way of introducing some information about #@mpling design in the estimation of variance
components. On the contrary of the likelihood mdthmone of the proposed methods to estimate the
variance components requires the normality neifiéne random effects nor of the sampling errors.



Regarding the results provided by Searle, CasetiaMcCulloch (1992), from the extension of the
ANOVA method the unbiased estimator@f is given by:

Z Z(yij -y )2
(7) é-iN = l_lm::“— ,
>n-m
i=1
Zy”'
wherey, =12 |
zero, is given by:
(8) 0%, =Max@ 0,
-1 m Zniz m Z n yi
where 52, = (0" ){Q, -[m-162,} with n"=Yn -~ Q =3n(y-y? and y=== . The
i=1 Zni i=1 zni
i=1 i=1

variance estimator of the sampling errots;,, that take into account the sampling design thnoug
w, —n/ ", is given by:
Os

(9) elAN _JANZ

Os

The extension of the Fuller-Battese transformati@thod involves performing two ordinary least
squares (OLS) regressions and then using the methowments to get unbiased estimatorsséfand
o?. As a result we have the following unbiased anusiztent estimator of:

SSE

10 52, = ,
(10) G =

where SSE is the residual sum of squares of the first OLgression. An unbiased estimator @f is
given by:

(11) —(i -0 ] 1{SSFZ -[m- ploz},

where f, _Z LW, =TT / ” , 7" is a constant an8SE is the residual sum of squares of the second
i iOs

OLS regression. Sinc&}., can take on negative values, we truncétg, to zero whenever it is
negative: g2, = max(&jFB;o). The truncated estimatai?’_, is no longer unbiased. An estimator of the

variance Ue. , that take into account the sampling design,\ismgby:

(12) el FB — UFB Z
iOs
Further, in this work we propose the estimationthaf autocorrelation coefficientp, through a
naive estimator proposed by Pantula and PollociBRL9AIl variance components are estimated
externally for each time point.
The Empirical Best Linear Unbiased Predictor (EBI)U@ obtained by replacing the parameter

vector, y, by an asymptotically consistent estimatpe= (67,,....6%;,0)' in equation (4). The resulting



EBLUP is given byé, (). While EBLUP is fairly easy to obtain, the estiinatof its uncertainty is a

challenging problem due to the variability causgdtie estimation of the variance components. I tha
case, this problem has an additional difficulty doehe number of variance components needed to be

estimated. A naive measure of uncertainty of thelHB én (\i:) can be obtained from the MSE of BLUP,

by replacing the parameter vecigrby its estimatony : mse, lé.t (\i:)] = gy (W) + 9, (9).

On the basis of the methodological aspects, thikvimends to compare the performances of
standard and proposed methods to estimate the pniegnof the habitation transaction at NUTS llldév
A Monte Carlo simulation study was carried out &sfprm empirical analysis. The simulation study has
been based on 1000 longitudinal independent samgilaen from a pseudo population of 4655
Portuguese companies of real state mediation, uairgratified-cluster sample design (NUST IlI-
companies of real state mediation). A real timeieseobtained from the Prices of the Habitation
Transaction Survey (PHTS) and the Prices of Bardduation in the Habitation Survey (PBEHS) were
used. By means of a set of precision and bias messthis simulation was used to analyse the velati
merits of the estimators proposed in comparisovatious other direct and indirect estimators thateh
been used in small area estimation. The statistic@berties of the estimators were evaluated uader
design-based approach. The results show that tpmged estimator performs better than other diaedt
indirect estimators usually used in small areaveibn with respect to the bias and precision nregsu
Further, the heterogeneous covariance structuragtandhronological autocorrelation of random efect
may be used for improving the direct survey estamatf the mean price of the habitation transaciion
NUTS Il level. The results of the empirical studgo show that the naive estimator of the modetdbas
MSE of the proposed presents significant biasdreat part of the domains.

Key words. Small area estimation; Chronological autocorretgtiCombined estimator; Model-assisted
estimation; Empirical best linear unbiased predjdistimation of variance components.
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