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Abstract

For the European Census Round 2010, the methodology for Swiss Census has been changed to-
wards a register-assisted census. Within the register-assisted census, the population figures are drawn
from the population register. Since the population registers in Switzerland do not contain all informa-
tion of interest, an additional sample will be drawn, which is the Structural Survey.

When using model-based estimation methods, such as small area estimation, the predictive power
of auziliary information is of major importance. Since registers, in general, contain only demographic
variables which have little predictive power for many variables of interest, for instance unemployment
or mother tongue, external information sources may be interesting. Further, the aggregation level of
modelling may influence the modelling considerably. In this paper, we discuss opportunities to improve
the accuracy of small area modelling by using external information sources and different aggregation
levels.
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From 2010 on, the traditional census in Switzerland is replaced by a register-assisted census. In
addition to the population register, the Structural Survey (http://www.bfs.admin.ch/bfs/portal/
en/index/news/02/03/02.html) will be conducted. Within this survey, a stratified sample of 200.000
persons is drawn in all municipalities proportionally to their size. Within the areas simple random
sampling is applied. Because of the low sampling fraction (under 3%) direct design based estimators
may yield imprecise results. Further, many of the variables of interest in the survey are binary. As
such, the assumptions of classical linear methods may be violated and estimation may be poor. Thus,
it is of interest to investigate whether the application of a categorical estimator may be of use. Further,
some register information may be available only on aggregated levels, which leads to the question on
which level to estimate the small area counts.

In the next Section some estimators will be presented which can be applied in this context.
Then, simulation results will be presented for some of the estimators. This paper concludes with a
summary and outlook.
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Prediction of Small Area Counts

A well known and widely used estimator for small areas and domains is the GREG estimator
(cf. Sérndal et al, 2003). For the estimation of area totals in small area context, the GREG estimator
is given by
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where d denotes the d'th area, ¢ indicates the i'th person and ng and Ny denote the sample size or
the area size respectively. (/9\;2 is an estimator of the variable of interest for the person i in area d, and
w is the inverse inclusion probability for the sampled unit. In the classical GREG case @ljin = xidB
with B being the solution to a linear regression. For a thorough discussion of the application of linear
models in this context we refer to Sdrndal et al (2003). Lehtonen and Veijanen (2009) propose to
use for é\;"d a non-linear estimator if the dependent variable is categorical. As example they present
the LGREG estimator which uses a logistic regression estimator é\ilggit =1+ e:rp(—xidfj\)]_l or the
MLGREG which uses a logistic mixed model estimator girglogit =1+ emp(—xidﬁ\ —g)] L.

Another approach to the estimation of small area totals is proposed by Battese et al (1988)
(BHF). The statistical model behind the BHF can be seen as a unit-level mixed model (cf. Jiang and
Lahiri, 2006), where, in general, a random intercept model is chosen. The unit-level variation is often
referred to as sampling variance, and the area-level variation as area effect.
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An extension to binary data can be found in Gonzalez-Manteiga et al (2007). The idea behind this is
to use a generalized mixed model to predict the probability of a unit to fulfil a certain characteristic
of interest, which finally yields
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In contrast to the unit-level estimators stated above, area-level estimators need the covariates only
on area-level. Due to its availability, in general, more auxiliary information can be incorporated in
the models which likely allows building more powerful models. A well known area-level model is the
estimator proposed by Fay and Herriot (1979) (FH). For its relation to the BHF estimator (see Datta
and Lahiri, 2000). In the case of the Fay-Harriot model all information is only available on aggregate
level:

(4)  7Taurn = zaB + U

For the estimation of means or proportions one can divide the here mentioned estimates by the
population total provided by the registers.

Estimation and Prediction on Different Aggregation Levels

In figure 1 the RRMSE of the point estimates over 1000 samples are shown for the classical
GREG, the BHF and the BIN estimators. The red colour indicates that the RRMSE is above 25%.
As can be seen, the GREG estimator behaves overall considerably well, except in Tessin and its
surroundings. The BHF model performs slightly better in Tessin, and in many areas it reaches a
considerably smaller RRMSE than the GREG estimator. However, also the BHF does not reach
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good results in some areas. When estimating on municipality-level even the BIN estimator yields
relatively high RRMSE, in general a higher RRMSE than the BHF. In some areas it yields poor
results. Nevertheless, it performs better than the classical GREG estimate.
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Figure 1: RRMSE of area estimates for the total of working population on
municipality-level

In figure 2 municipalities smaller than 2000 inhabitants are merged with each other or a neigh-
bouring municipality in order to construct areas which have at least 2000 inhabitants. All three
estimators gain a lot from this aggregation of small municipalities. Again, the BHF model reaches
for a large amount of areas the lowest RRMSE. But still the results for the areas in the south of
Switzerland are partly quite high. It seems that the model does not hold for these areas. Even though
the GREG does not get best results for many areas, it also only has one area with an unacceptable
result. Also the BIN has for most areas a higher RRMSE than the BHF. But, in contrast to the BHF,
it does not have any area with a very high RRMSE. Further, it outperforms also the GREG clearly.
Thus, the aggregation of municipalities to areas of at least 2000 inhabitants improves estimates very
much. Further, especially the GREG and BIN gain from this aggregation.
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Figure 2: RRMSE of area estimates for the total of working population on
aggregations of municipalities to areas with minimum size of 2000

For many variables of interest the registers do not provide good auxiliary variables. In this
case aggregate information may be available, e.g. from other registers, which can not be used in
disaggregated form by reason of disclosure. One way to use this information is to use the FH estimator.
Further, a mixture of area-level and unit-level auxiliary variables may lead to improved results. In
this case one approach is to replicate the aggregate auxiliary variable on unit-level length.

Here, the problem of the ecological fallacy stated by Robinson (1950) has to be considered,
which indicates that the correlation of aggregate data does not imply the same correlation on unit-
level. Anyhow, the interest here does not lie in making an inference about the correlation, but rather
to use every correlation available for prediction purposes.

A major drawback of using aggregate information is the fact that area-level estimators suffer
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much more from register errors than unit-level estimators. For a thorough simulation study in this
context see Burgard and Miinnich (2010).

Summary and Outlook

The aggregation level on which estimates are produced is of major importance also when using
small area models. As could be seen, it depends on the aggregation of the areas whixh estimators
is recommendet. Small area models outperform the GREG estimator in terms of RRMSE in this
setting. With the BHF one could gain good results also in areas where the estimates from the GREG
were rather poor. If areas are not too small the BIN estimator yields good results. However, unit-
level binomial models are very computer-intensive, and sometimes run into convergence problems.
In the Swiss Structural Survey the design weights do not play a major role as the design used is
a proportional allocation design. For the influence of design weights on small area estimation see
Miinnich and Burgard (2011).

Within a large design based Monte Carlo simulation study on the full Swiss Census 2000 data
set, the above mentioned small area estimators are compared under several scenarios. These include
the estimation on different aggregation levels and the incorporation of aggregated covariates into the
models.
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