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Introduction

1. Starting from October 2018, the population Census in Italy will abandon the
traditional decennial ‘door-to-door’ enumeration for a ‘combined’ approach which will
integrate administrative data and sample surveys. In fact, in 2012, the so-called ‘permanent’
Census of Population and Housing (in Italian Censimento permanente della popolazione e
delle abitazioni) was introduced in Italian legislation (Article 3 of Legislative Decree
179/2012, converted with amendments into Law 221/2012). The goal of the ‘permanent’
Census is to produce annual data - replacing the previous decennial cycle - using
information from administrative sources integrated with sample surveys information. This
will be done within the frame of Istat’s (the Italian National Institute of Statistics)
modernization program, whose focus is to integrate administrative data, create statistical
registers and conduct supporting statistical surveys, in line with the new organizational,
technological and methodological model aimed at fully exploiting data already available.
The new Census strategy will allow a significant reduction of the cost of the census, of
respondents’ burden, and of the organizational impact on municipalities (that had
traditionally been responsible for the census field-work).

2. Since 2015, Istat has initiated several projects to explore the use of administrative
sources for statistical purposes. To manage the increasing number of administrative data
sets and to maximize the benefit, Istat has built an integrated system of available
administrative sources, called ISM (Integrated System of Microdata).

3. The population Census should provide a set of hypercubes currently required by
Eurostat on socio-economic variables (employment status, educational level, migrant status,
etc.), as well as a set of hypercubes to fulfill national requirements (especially at
municipality level).

4. Referring to similar international experiences, for the definition of a general master
sample design for social surveys, analogous designs have been proposed by Eurostat
considering a modular approach for the design of integrated social surveys. Furthermore,
the Australian Bureau of Statistics, ABS, is designing an integrated system of investigations
very similar to what described here. In this case, this survey system, called Australian
Population Survey, does not replace the census.

5. A similar census design is under study by the UK Office for National Statistics,
ONS, for the register-based census supposed to start in 2023 after the 2021 census run
(ONS, 2016). In particular, in 2021 the ONS will conduct a traditional census and, at the
same time, will carry on a parallel census run based on the construction of an integrated
population registry using several administrative sources and two investigations with
characteristics similar to those of the components L and A of the Italian strategy. It is
worthwhile to mention that every year since 2015, and until 2023 the ONS will produce an
assessment to evaluate how much they are away from the model to be.

6. Another international experience showing similarities with what is planned in Italy
is the Israeli rolling integrated census (see Pfeffermann, 2015, for more details).

Italian Permanent Census

7. The new population Census is a complex statistical process exploiting and
integrating the information derived from registers and collected in surveys on socio-
economic variables. It is designed as a two-phase design based on a Master Sample (MS)
and on a set of balanced and coordinated sample surveys. It is planned for supporting the
Population Register (PR) in order to increase the amount of statistical information provided
and to improve the level of coverage and quality.
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8. The PR is the backbone of the system for the production of social statistics, with a
row for each target unit i.e. a usually resident person (whether living in private or
institutional households). For each target unit, the core information (taken from
demographic sources) is extended to all the basic social variables (obtained from
administrative sources and/or social surveys) among which employment status and health
conditions.

9. It is useful to classify the variables included in the PR as totally, partially or not
replaceable. The first category encompasses those variables for which the administrative
sources provide the corresponding proxy information and which, at the end of the statistical
process - including editing and imputation for partial non-response, are considered to be
complete (because they are available for all units in the PR), and accurate (i.e. having a
good level of coverage and quality). For instance, sex and age are variables which are
known for all the individuals in the PR and, therefore, they are considered totally
replaceable variables.

10.  Administrative sources also provide the corresponding proxy information for
partially replaceable variables, which are considered complete and accurate only for a sub-
set of the target population. For the remaining population, these variables are either
unknown or cannot be considered accurate because of the failure of the synthetic model of
imputation. For instance, this is the case for the ‘employed’ variable, which is completely
replaceable only with respect to the sub-population of the ‘regularly employed’.

11.  Finally, for not replaceable variables the corresponding proxy information coming
from administrative registers is not directly available. For these variables, target parameters
can be estimated by means of sample surveys and exploiting the auxiliary information
coming from the PR, that is the set of variables contained in the register which are supposed
to be predictive for the non-replaceable variables under study. The set of estimates should
meet the requirements of:

@) reliability obtained by means of an approximately design-unbiased estimator,
or by a model-based method in which the model used is plausible in some sense. In both
cases the coefficients of variation of the estimates should be kept lower than a chosen
threshold;

(b)  consistency in that the data obtained by combining estimates in different
ways must produce the same results.

12.  With regard to the basic objectives of the ‘permanent’ census, the first phase of the
MS design is based on two different component samples, namely A and L.

13.  The component A sample - based on a sample of Enumeration Areas (EA) or of
addresses selected from an Integrated Address File (IAF) - is designed to satisfy the needs
of estimating under-coverage and over-coverage rates of the PR both at national and local
level for different sub-population profiles such as several different combinations of sex, age
and nationality. These rates should be applied to the PR for obtaining weighted population
counts corrected for coverage errors. The estimated population counts are obtained using
the Extended Dual System Estimator (EDSE), i.e. taking into account both under-coverage
and over-coverage.

14.  The component L sample - based on a list of households - is designed with the
purpose of: thematic integration that is estimating the hypercubes which cannot be obtained
using the replaceable information coming from registers. Furthermore, in order to pool the
information coming from the two components, component L could be planned to provide
reliable information on spatial variability of over-coverage indicators of the PR. On the
other hand, the component A sample could be designed to also meet the thematic
integration target. In turn, the component L sample could also be modified to improve the
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estimation process with the aim of estimating via indirect sampling some aspects of under-
coverage.

15.  From the first phase a set of negatively coordinated samples of households can be
selected so that they can be used as samples for the main social surveys carried out by Istat.
This represents the second phase of the MS.

16. The component A and L are based on a yearly sample size of about 400,000
households and 1,000,000 households respectively, drawn from 2,850 municipalities out of
7,950.

Estimation methods

17.  The scenario presented in the previous paragraph, thanks to the collection of both
specific and auxiliary variables, offers the possibility of pooling information using model
based or model assisted estimation techniques methodologies. In particular, the method
proposed in this paper is the projection estimator of Kim and Rao (2012).

18.  This approach involves the identification of a working model linking the dependent
variable and the auxiliary variables observed in the MS and the information in the register.
Fitting the model on the data collected in the MS it is possible to project the variable of
interest, by means of the estimated model parameters and the auxiliary variables on the
register. This method requires a high level of quality of the auxiliary variables and a high
goodness of fit of the working models to provide considerable advantages both in terms of
statistical properties of the estimators and in terms of detail of the information that can be
produced. In this study the linking functions proposed are: the linear regression and logistic
regression.

Simulation Study

19.  The simulation study aims to evaluate the quality of the projection estimator
previously presented using different regression models.

20. The study focused on the hypercube measuring the occupational status at
municipality level cross-classified by gender using the MS described in the previous
section.

21.  Municipality and gender can be considered as replaceable variables because they are
included in the PR. These variables define the domain as an exhaustive partition of the
target population.

22.  The goal of the simulation based on a Monte Carlo experiment is to compare the
empirical properties of the estimates in terms of bias and mean squared error (MSE). To
this aim 200 samples have been drawn from the 2011 Italian Population Census for one
Italian region, Piedmont, using the MS sampling design. In this region there are 1201
municipalities and 359 of those are included in the sample. The target variables are the
population counts for the five modes of the variable occupational status (employed,
unemployed, retired, student, in other condition) in this region. Therefore, the overall
number of cells in the hypercube is 12010.

23.  Linear and not linear models for the projection estimator have been fitted, with a
fixed intercept at NUTS3 level. Different auxiliary variables have been used in the
simulation study: demographic variables (cross-classification of gender and age, marital
status, educational level, citizenship), latitude, longitude and the target variables referring to
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the 2001 Census data. These variables are grouped in 4 different set of covariates
summarized in the table below.

Table 1
Set of auxiliary variables

Set Auxiliary Variables

A cross-classification of gender and age (28), marital status(6), educational level (12), citizenship (2)

cross-classification of gender and age (28), marital status(6), educational level (12), citizenship (2),
B latitude, longitude

cross-classification of gender and age (28), marital status(6), educational level (12), citizenship (2),
C census counts 2001

cross-classification of gender and age (28), marital status(6), educational level (12), citizenship (2),
D latitude, longitude, census count 2001

24.  Furthermore, a composite estimator is considered, that is the values used for the
individuals included in the MS are the true values instead of the synthetic projected values
as for the standard projection estimator. For the sake of the simplicity, the former estimator
will be denoted by composite projection estimator, while the latter by synthetic projection
estimator.

25.  Once model selection and fitting is completed, the prediction properties of the
different estimates are evaluated. All the estimators are compared by means of the standard
indicators of accuracy of prediction: the Average Absolute Relative Bias (AARB) and
Average Relative Root Mean Squared Error (ARRMSE). The evaluation indicators are
formulated as follows:

1 ~
1 2 |§25=1 Yea — Yd|
AARB = EZ ,

d=1 Yd
1 ~ 2
1 D szg:l (Yrd - Yd)
ARRMSE = —Z !
D = Yy

where Y,; and Y, are, respectively, the predicted value and the correspondent true value of
the target variable in area d.

Results

26.  The results for the five modes of the variable occupational status are shown in the
tables below. In particular, Tables 2 and 3 show the AARB results for the LM and GLM
respectively, while Tables 4 and 5 show results for the ARRMSE using LM and GLM
respectively. These indicators have been carried out for the overall hypercube and,
therefore, also considering in-sample and out-of-sample domains.

27.  The results for the AARB and ARRMSE indicators referring to the LM are shown in
Tables 2 and 3, in which the composite estimator outperform almost always the projection
results. The unemployed counts estimates present the worst results in terms of AARB and
ARRMSE for all the estimators and for all the sets of auxiliary information. Set D shows
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the best performances among the other sets of auxiliary variables. As expected, the
indicators computed in the in-sample domains show better results than the out-of-sample
counterpart.

28. Tables 4 and 5 report the results for the AARB and ARRMSE indicators using
GLM. The same considerations made for LM can be applied at the GLM figures. For this
model, sets B and D are very similar.

29.  Comparing LM and GLM results, the best combination between type of model and
set of auxiliary variables is always the composite estimator using set D and GLM maodel
specification.

30. A last evaluation was made considering the number of negative estimates produced
by using the LM. The average number of negative cell estimates is 5.4 for the synthetic
projection and 8.2 for the composite projection out of 12010 cells.

Table 2
AARB for the variable occupational status with LM model

Aux_iliary Target Variable Synthetic Projection Composite Projection
Variables ARRB | ARRBIN | ARRB OUT | ARRB | ARRBIN | ARRBOUT
Employed 5.6 5.3 5.7 49 31 5.7
Unemployed 324 29.3 33.8 29.7 20.0 33.8
A Retired 7.0 6.6 7.2 6.2 41 7.2
Student 16.3 14.4 17.1 14.6 8.9 17.1
Other 11.0 10.3 11.3 9.8 6.1 11.3
Employed 5.3 5.0 5.4 4.7 2.9 5.4
Unemployed 33.2 29.5 34.7 30.1 19.1 34.7
B Retired 6.7 6.4 6.9 6.0 3.8 6.9
Student 16.3 14.6 17.0 145 8.7 17.0
Other 10.9 10.1 11.2 9.6 6.0 11.2
Employed 5.6 5.3 5.7 5.0 31 5.7
Unemployed 31.9 29.1 33.1 29.2 20.0 33.1
C Retired 7.0 6.6 7.2 6.3 4.1 7.2
Student 16.4 14.6 17.1 14.8 9.2 17.1
Other 11.0 10.2 11.3 9.8 6.1 11.3
Employed 53 5.0 5.4 4.7 29 5.4
Unemployed 323 29.3 33.6 29.2 19.0 33.6
D Retired 6.7 6.4 6.9 6.0 3.8 6.9
Student 16.1 14.6 16.8 144 9.0 16.8
Other 10.9 10.1 11.2 9.6 5.9 11.2
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Table 3
ARRMSE for the variable occupational status with LM model
Auxiliary Target Synthetic Projection Composite Projection
Variables | Variable | ARRMSE | ARRMSE IN |[ARRMSE OUT| ARRMSE |ARRMSE IN |ARRMSE OUT
Employed 5.6 54 5.8 5.2 3.9 5.8
Unemployed 33.1 30.0 34.4 31.7 25.4 34.4
A Retired 7.1 6.7 7.2 6.5 4.8 7.2
Student 16.6 14.6 17.4 15.6 11.4 17.4
Other 111 10.4 11.4 10.2 7.4 11.4
Employed 54 5.1 5.5 5.0 3.8 55
Unemployed 34.0 30.4 35.6 324 24.9 35.6
B Retired 6.8 6.5 7.0 6.3 4.6 7.0
Student 16.9 15.2 17.7 16.3 12.9 17.7
Other 11.0 10.3 11.4 10.1 7.2 11.4
Employed 5.7 5.4 5.8 5.0 3.8 55
Unemployed 324 29.7 33.6 324 24.9 35.6
C Retired 7.1 6.7 7.2 6.3 4.6 7.0
Student 16.7 15.0 17.4 16.3 12.9 17.7
Other 111 10.3 11.4 10.1 7.2 11.4
Employed 5.4 5.1 55 5.0 3.8 55
Unemployed 329 30.0 34.1 313 24.8 34.1
D Retired 6.8 6.4 6.9 6.2 4.6 6.9
Student 16.6 15.5 17.0 16.1 14.1 17.0
Other 11.0 10.2 11.3 10.1 7.2 11.3
Table 4
AARB for the variable occupational status with GLM model
Auxiliar . Synthetic Projection Composite Projection
Variables | Teroet Variable (e yARRB IN J ARRB OUT | ARRB /ERRB |Nl ARRB OUT
Employed 5.4 52 55 4.8 3.0 55
Unemployed 31.2 28.6 32.3 28.6 19.8 32.3
A Retired 6.9 6.5 7.1 6.1 3.9 7.1
Student 16.3 14.2 17.2 14.7 9.0 17.2
Other 10.1 9.5 10.3 8.9 5.7 10.3
Employed 5.2 49 5.3 4.6 2.9 5.3
Unemployed 30.9 28.2 32.0 28.1 18.9 32.0
B Retired 6.8 6.3 7.0 6.0 3.8 7.0
Student 16.2 141 17.1 14.6 8.8 17.1
Other 10.0 94 10.3 8.8 5.4 10.3
Employed 5.4 52 5.6 4.8 3.0 5.6
Unemployed 31.1 28.5 32.3 285 19.8 32.3
C Retired 6.9 6.5 7.1 6.2 3.9 7.1
Student 16.3 14.3 17.2 14.7 9.0 17.2
Other 10.1 9.6 104 9.0 5.7 104
Employed 5.4 5.2 5.6 46 29 53
Unemployed 311 28.5 32.3 28.0 18.8 32.0
D Retired 6.9 6.5 7.1 6.0 3.8 7.0
Student 16.3 14.3 17.2 14.6 8.8 17.1
Other 10.1 9.6 104 8.9 5.5 10.3
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Table 5
ARRMSE for the variable occupational status with GLM model
Auxiliary Target Synthetic Projection Composite Projection
Variables | Variable | ARRMSE | ARRMSE IN [ARRMSE OUT| ARRMSE | ARRMSE IN | ARRMSE OUT
Employed 5.5 5.2 5.6 5.1 3.8 5.6
Unemployed 318 29.3 32.9 30.5 25.0 329
A Retired 7.0 6.5 7.1 6.4 46 7.1
Student 16.5 14.5 17.4 16.0 12.6 17.4
Other 10.2 9.6 10.4 9.4 6.9 10.4
Employed 5.2 5.0 5.3 49 3.7 5.3
Unemployed 31.6 29.0 32.7 30.2 24.5 32.7
B Retired 6.8 6.4 7.0 6.3 45 7.0
Student 16.5 14.4 17.3 15.9 12.5 17.3
Other 10.1 9.5 10.4 9.3 6.7 10.4
Employed 5.5 5.2 5.6 5.1 3.8 5.6
Unemployed 31.6 29.0 32.7 30.3 249 32.7
C Retired 7.0 6.5 7.2 6.4 46 72
Student 16.5 14.4 17.3 15.9 12.6 17.3
Other 10.2 9.6 10.5 9.4 6.9 10.5
Employed 5.5 5.2 5.6 49 3.7 5.3
Unemployed 31.6 29.0 32.7 30.0 24.4 324
D Retired 7.0 6.5 7.2 6.3 45 7.0
Student 16.5 14.4 17.3 15.8 125 17.3
Other 10.2 9.6 10.5 9.3 6.7 10.4

31.  Other results are shown, analyzing the AARB and ARRMSE values for the in-
sample and out-of-sample municipalities considering seven different population
dimensional sizes.

32.  In particular, for the in-sample municipalities the following classes have been
considered: up to 500 individuals (151 municipalities), 501-1000 (65 municipalities), 1001-
2000 (51 municipalities), 2001-5000 (34 municipalities), 5001-10000 (22 municipalities),
10001-30000 (27 municipalities), more than 30001 individuals (4 municipalities).

33.  For the out-sample municipalities the classes taken into consideration are: up to 50
individuals (27 municipalities), 51-100 (52 municipalities), 101-200 (116 municipalities),
201-500 (247 municipalities), 501-1000 (191 municipalities), 1001-3000 (166
municipalities), more than 3001 individuals (43 municipalities).

34.  Tables 6 and 7 show the AARB indicator results for the in-sample municipalities for
LM and GLM respectively. The composite estimator outperforms the projection results
especially in the first population class. The bias for the unemployment status decreases up
to three times from the smallest demographic size to the greatest one. For the employment,
retired and in other condition variables, the values of the AARB indicator in the class ‘up to
500’ are smaller than the following class ‘500-1000’. The ARRMSE results are presented
in Tables 8 and 9 for the LM and GLM respectively. The usage of the composite estimator
produces an improvement in terms of MSE smaller than the corresponding improvement in
terms of bias.
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35. Tables 10 and 11 show results for AARB and ARRMSE in the out-of-sample
municipalities. The bias and MSE indicators show very poor results for the four smallest
classes, especially for the variables ‘unemployment status’ and ‘student’.

36.  Adirect comparison between in-sample and out-of-sample results is possible for the
population size ‘500-1000’. The overall gain in terms of mse is about 20%, in details 14%
for the unemployed counts and 26% for the retired counts estimates.

Table 6
AARB for the in-sample domains by demographic size with LM model

Auxiliary _ Synthetic Projection Composite Projection
Variables | T'0¢t Variable Employed [Unemployed| Retired | Student| Other |EmployedUnemployed| Retired |Student| Other
up to 500 (151) 8.9 544 | 101 | 311 | 180 30 29.3 36| 158 | 66
500-1000 (65) 6.0 303 | 69| 145 105 4.0 22.4 48 | 101 | 71
1000-2000 (51) 44 262 | 67| 109 | 83 3.0 19.7 45| 74| 57
A 2000-5000 (34) 4.0 184 | 54| 84| 75 31 15.4 44| 68| 61
5000-10000 (22) 31 120 43| 69| 64 26 10.1 36| 58| 53
10000-30000 (27) 2.8 148 | 35| 53| 50 26 13.9 33| 50| 47
more th(ir)‘ 30000 2.4 121 37| 52| 55 23 111 35| 48| 52
up to 500 (151) 9.0 550 | 101 | 30.7 | 184 3.0 29.1 35| 145 | 68
500-1000 (65) 6.0 301 | 69| 141 | 104 38 217 46| 97| 73
1000-2000 (51) 43 265 | 66| 107 | 83 2.8 18.3 43| 72| 55
B 2000-5000 (34) 39 184 | 53| 86| 74 2.9 141 40| 66| 58
5000-10000 (22) 2.9 121 42| 69| 62 2.2 85 33| 60| 46
10000-30000 (27) 2.8 150 | 35| 54| 53 25 13.3 29| 42| 44
more th(jr)‘ 30000 2.4 122 37| 51| 55 23 111 26| 33| 39
up to 500 (151) 8.8 589 | 100 | 32.3 | 186 30 29.3 36| 158 | 66
500-1000 (65) 5.7 302 | 67| 142 | 107 4.0 224 48| 101 71
1000-2000 (51) 4.0 250 | 65| 109 | 81 30 19.7 45| 74| 57
C 2000-5000 (34) 36 171 49| 82| 71 3.1 15.4 44| 68| 61
5000-10000 (22) 2.7 02| 39| 70| 57 26 10.1 36| 58| 53
10000-30000 (27) 27 142 | 31| 45| 46 26 13.9 33| 50| 47
more th(j’)‘ 30000 24 11.9 | 28| 35| 42 23 11.1 35| 48| 52
up to 500 (151) 8.7 584 | 100 | 321 | 185 2.9 28.8 35| 156 | 67
500-1000 (65) 5.7 304 | 67| 145 | 107 38 21.7 46| 99| 73
1000-2000 (51) 4.0 247 | 65| 110 | 82 2.8 18.0 43| 74| 58
D 2000-5000 (34) 37 170 | 49| 81| 72 29 14.1 40| 65| 59
5000-10000 (22) 2.8 02| 39| 68| 57 23 85 33| 58| 46
10000-30000 (27) 2.7 41| 31| 45| 44 25 133 29 | 42| 42
more th(flr)‘ 30000 24 11.8 | 28| 38| 42 23 10.9 26| 35| 39

2 The number of municipalities falling in each demographic size class are reported in brackets.



ECE/CES/GE.41/2018/20

Table 7
AARB for the in-sample domains by demographic size with GLM model
Auxiliary Target Synthetic Projection Composite Projection
Variables | Variable® Employed| Unemployed | Retired | Student | Other | Employed | Unemployed | Retired | Student | Other
up t0 500 8.8 530 | 102 | 314 | 175 3.0 29.2 36| 160 | 65
(151)
500-1000 (65)| 5.9 298 67| 133| 98 3.9 222 46 93| 67
100(%-5)000 42 26.4 65| 102| 76 2.9 19.8 43 69 | 53
A 200&'5)000 3.9 185 5.1 84| 67 3.0 155 41 68 | 54
500‘2;()’000 29 118 40 64| 57 2.4 10.0 33 54 | 46
1000(%'73)0000 26 14.4 3.2 48 | 47 24 135 3.0 46 | 44
more than
30000 () 23 108 33 59 | 40 22 10.0 31 56| 38
up t0 500 9.0 550 | 101 | 307 | 184 30 28.7 36| 159 | 65
(151)
500-1000 (65)| 8.6 546 | 103 | 318 179 3.7 21.2 46 92| 67
10083'12)000 56 292 67| 133| 98 2.7 185 43 69 | 51
B zoo(%-f)ooo 40 25.2 64| 103| 73 28 14.4 3.9 65| 51
500‘2;()’000 36 172 48 80| 63 22 8.1 31 54| 41
O 0| 2 07| 38| 63| 51 24 129 | 28| 40| 38
more than
20000 (4 25 137 3.0 43| 40 22 10.3 25 40| 32
up t0 500 8.7 52.6 10.2 312 | 174 3.0 29.1 36 159 | 65
(151)
500-1000 (65)| 5.9 298 68| 134 | 99 3.9 222 46 94 | 68
100(%'12;)00 43 26.1 66| 103| 77 2.9 19.7 44 70| 54
c 200&'5)000 3.9 18.6 5.1 84| 68 3.1 15.7 41 68| 55
500‘(’;()’000 30 118 40 64| 59 25 10.0 34 54| 48
1000(02‘73)0000 26 142 31 48 | 46 24 13.4 29 45 | 43
more than
20000 (4 23 10.7 33 60 | 41 22 0.8 3.1 56| 39
up to 500 8.7 526 | 102 | 312 174 2.9 28.6 36| 159| 65
(151)
500-1000 (65)| 5.9 298 68| 134 | 99 37 21.2 46 92| 67
100(%'12)000 43 26.1 66| 103| 77 28 18.3 43 70| 52
b 200&'5’)000 3.9 18.6 5.1 84| 68 28 145 3.9 65| 52
500‘(’2())000 30 118 40 64| 59 22 8.2 31 53 | 42
1000(%‘73)0000 26 142 31 48 | 46 24 12.8 28 41| 37
more than
20000 (4 23 10.7 33 60 | 41 2.2 10.1 25 41| 32

3 The number of municipalities falling in each demographic size class are reported in brackets

10



ECE/CES/GE.41/2018/20

Table 8

AARMSE for the in-sample domains by demographic size with LM model

Auxiliary|  Target Synthetic Projection Composite Projection

Variables | Variable* Employed | Unemployed | Retired | Student | Other | Employed | Unemployed | Retired |Student| Other
”F’(Ef)oo 9.0 557 | 102 | 300 | 186 5.2 432 53| 192 | 105
50‘(’;3()’00 6.1 30.7 70| 145| 105 48 27.6 55| 131 81
100((?312)000 44 271 67| 111 8.4 35 23.2 49| 94| 63

A 200(03-5)000 40 19.1 54 9.0 75 33 17.4 45| 82| 64
500((’;()’000 30 131 44 74 6.4 2.6 11.9 38| 67| 53
3010%%0?2‘7) 29 15.7 36 5.9 55 2.7 15.0 34| 57| 52
?é’ggéh(ir)‘ 25 13.1 38 56 56 2.4 12.2 37| 53| 53
“p({%f)oo 8.9 507 | 101| 328| 188 5.1 435 53| 264 | 105
50‘2(;%()’00 58 31.0 68| 147| 108 46 274 54| 131| 83
100&'12)000 41 258 66| 114 8.3 33 222 48| 95| 62

B 200&'5’)000 37 18.0 5.0 8.7 73 3.1 16.4 42| 79| 62
500?;())000 28 115 41 75 5.9 24 10.7 35| 68| 49
3010%%0?2‘7) 28 51| 33| 51| 48 26 14| 31| 50| 46
g‘é’ggéh(ir)‘ 26 184 31| 46| 45 25 127 | 29| 44| 43
“P&gf)oo 9.0 548 | 101 | 316 181 52 431 53| 279 | 103
50‘()(;%()’00 6.0 30.8 70| 147 | 105 48 276 55| 132 | 82
100&‘12)000 44 67| 67| 12| 84 35 230 | 50| 95| 64

c 200&‘5)000 40 90| 54| 88| 76 33 173 | 46| 81| 64
500‘()2())000 32 1238 44| 73 65 27 116 38| 65| 54
3010%%0?2'7) 28 155 36 5.7 5.2 27 147 34| 55| 49
’;‘é’ggéh(ir)‘ 25 12.9 38 5.6 5.6 24 12.0 36| 53| 53
“p&gf)oo 8.8 500 | 101 | 347 | 186 5.1 43.4 52| 321| 105
5or(Jééc))00 57 309 68| 148 | 108 46 27.4 54| 131 | 83
100&‘12)000 41 253 65| 114 8.3 33 219 48| 95| 62

D 200(%‘5)000 37 178 | 50| 85| 73 31 163 | 42| 78| 62
500?2()’000 29 12| 40| 72| 58 25 03| 35| 66| 48
3010%%0?2'7) 28 14.9 33 5.1 46 26 142 31| 49| 44
g‘gggéh(jr)‘ 26 132 3.0 47 45 25 124 29| 45| 43

4 The number of municipalities falling in each demographic size class are reported in brackets
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Table 9
AARMSE for the in-sample domains by demographic size with GLM model

Auiliary|  Target Synthetic Projection Composite Projection
Variables | Variable® Employed | Unemployed | Retired | Student | Other | Employed | Unemployed | Retired | Student | Other
”p(;%f)oo 8.8 535 102 | 316 |176 5.1 425 | 53| 265|102
50((’%()300 59 303 68 | 135 | 99 47 273 | 54 | 124 | 78
100&'12)000 43 26.9 66 | 104 | 7.7 3.4 231 | 49 | 90| 60
A 200&'2)000 3.9 19.1 5.1 86 | 68 33 174 | 43| 78| 57
500((212?000 3.0 12.8 40 67 | 58 2.6 117 | 35| 61| 48
3010%%0?2'7) 27 15.1 33 | 52| 48 25 143 | 31| 50|45
?ggggh(j'; 24 11.7 33 62 | 42 23 110 | 32| 58| 40
”p(i%f)oo 8.7 55.2 103 | 320 |181 5.1 425 | 53| 265|102
50((’;()’00 56 29.9 68 | 135 | 99 45 270 | 54 | 124 | 78
100&‘12)000 40 25.9 65 | 105 | 75 33 222 | 48| 91|58
B 200&'5’)000 37 18.1 49 83 | 65 31 165 | 41| 76| 54
500(()2(;000 238 11.0 338 67 | 52 24 103 | 33| 61|43
3010%%0?2‘7) 26 1456 3.1 47 | 42 25 139 | 29| 46| 40
g‘gggéh(i’)‘ 26 125 28 | 48| 37 24 18 | 27| 46| 35
“p(i% f)oo 8.8 52.9 102 | 314 |174 5.1 424 | 53| 264 |101
50((’%‘))00 5.9 302 68 | 136 | 100 47 272 | 54| 125 | 78
10083‘12)000 43 265 66 | 104 | 78 34 229 | 49| 90 | 61
c 200&‘2)000 3.9 19.1 52 86 | 6.9 33 174 | 44| 78 | 58
500((’;2‘))000 31 1256 a1 66 | 60 26 114 | 35| 60|50
3010%%0?2'7) 2.7 148 32 51 | 47 25 141 | 30 | 49 | 45
'3“6)68&*‘(3')‘ 24 115 33 | 61| 42 23 107 | 32| 58|40
”p(gf)oo 8.8 52.9 102 | 314 |174 5.1 424 | 53| 264|102
50((’;_300 59 30.2 68 | 136 |100 45 269 | 54 | 124 | 78
100&'12)000 43 265 66 | 104 | 78 33 220 | 48 | 91| 58
D 200&'5)000 39 191 52| 86| 69 31 165 | 41| 76| 55
500((’;2?000 31 1256 41| 66| 60 24 100 | 33| 60| 44
. 010%%0?2-7) 27 14.8 32 51 | 47 25 137 | 29| 46| 39
'3“6’68&“&’)‘ 24 115 33 61 | 42 24 11.6 27 46 | 35

5 The number of municipalities falling in each demographic size class are reported in brackets
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Table 10
AARB for the out-of-sample domains by demographic size with LM and GLM models
Auxiliary Target LM CLv

Variables | Variable® Employed | Unemployed | Retired | Student | Other | Employed | Unemployed | Retired | Student | Other
“P(Ef)oo 112 1000 171| 550| 733 123 1018 162| 804| 594
50(()%‘))00 10.2 1209 88| 57.1| 271 10.2 82.0 85| 641 220
100&'12)000 8.9 587| 112| 39.3| 229 8.5 555| 113|  422| 214
A 200&"15)000 7.1 433 82| 232| 141 6.8 42.4 82| 225| 133
500‘2;()’000 58 311 73| 152| 102 57 31| 73| 147|904
3010%%0?2'7) 45 239 63| 104 82 43 238 62| 101| 74
r;é’orgéh(ir)‘ 39 179 49| 83| 63 38 180 48 79| 57
UP(I%%OO 10.6 1001| 164| 557| 759 12,0 1022| 156| 804| 606
50((’%()’00 10.4 1582 83| 594| 254 10.4 85.1 81| 651|226
100&'12)000 85 63.4| 111| 389 227 8.3 569| 113| 426 216
B 200&;15)000 6.9 448 80| 235| 141 6.7 432 82| 227| 133
500‘22()’000 5.7 30.4 70|  149| 103 55 30.3 71| 146 95
3010%%0?2‘7) 41 232 61| 102| 82 3.9 231 6.1 99| 72
g‘é’ggéh(ir)‘ 35 16.0 45 77| 59 35 16.4 46 75 5.3
“p(ﬁf)oo 10.4 997| 174 542 746 116 1016| 166| 804| 578
50%;%()’00 105 101.4 86| 544| 251 104 81.5 84| 633 220
100&‘5)000 88 82| 111|  400| 226 85 55|  113| 423| 213
c 200(%;15’)000 72 43.1 82| 234| 141 69 a24| 83| 225 134
500‘()2())000 5.9 30.8 74|  152] 103 5.7 30.9 73| 148 96
3010%%0?2‘7) 45 23.9 64| 104| 84 43 238 63| 101 75
g”(‘))ggéh(j')‘ 3.9 18.0 49 84| 63 38 18.1 4.9 79| 58
“p(gf)oo 10.3 1011| 164| 548| 787 116 1016| 166| 804| 5738
50((’;300 10.4 118.7 83| 47.7| 249 10.4 815 84| 633| 220
100&‘12)000 85 629 111| 415| 228 85 55| 113| 423| 213
D 200(% ;15)000 69 48| 80| 235 140 69 a24| 83| 225 134
500(()2()’000 5.7 302 70| 150| 104 5.7 30.9 73| 148 96
. 0%%%0?2'7) 41 23.1 61| 101| 81 43 238 63| 101 75
;”gggéh(j')‘ 35 160| 45 76| 60 38 181 49 79| 58

6 The number of municipalities falling in each demographic size class are reported in brackets
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Table 11

AARMSE for the out-of-sample domains by demographic size with LM model

Auxiliary Target LM GLM

Variables | Variable’ Employed | Unemployed | Retired | Student | Other | Employed | Unemployed | Retired | Student | Other
up to 500 (151) 11.2 100.4 17.1 36.0 73.4 12.3 101.9 16.2 80.7 59.5
500-1000 (65) 10.3 1215 8.9 57.6 27.4 10.3 82.4 8.5 64.4 22.2
1000-2000 (51) 9.0 59.4 113 402 | 230 8.6 56.0 114 424 | 215
A 2000-5000 (34) 7.1 43.9 8.3 23.7 14.2 6.9 42.9 8.3 22.7 13.4
500(();2())000 59 318 7.4 156 | 10.3 57 316 73 149 | 95
1000(%'73)0000 45 245 6.4 108 | 84 44 24.4 6.3 03| 75

more than
30000 (4) 4.0 18.6 5.0 8.7 6.4 3.8 18.6 49 8.2 5.8
up to 500 (151) 10.7 102.1 16.4 64.8 76.3 12.0 102.4 15.8 80.7 60.8
500-1000 (65) 10.5 159.3 8.4 69.0 25.8 10.4 85.6 8.2 65.3 22.8
1000-2000 (51) 8.6 64.2 11.2 38.2 22.8 8.4 575 11.4 42.8 21.7
g5 |2000-5000 (34) 7.0 456 8.1 240 | 142 6.7 438 8.2 229 | 134
500((’;()’000 5.7 313 71| 154 | 105 5.6 31.0 72| 148| 96
1000(%'73)0000 42 24.0 62| 107 | 83 40 23.8 62| 102] 73

more than
30000 (4) 36 16.9 46 83| 6.1 35 17.3 46 78| 54
up to 500 (151) 10.4 99.8 17.4 494 | 747 116 101.7 16.6 806 | 57.9
500-1000 (65) 10.5 101.7 8.6 55.6 25.2 10.4 81.7 8.4 63.4 221
1000-2000 (51) 8.9 58.6 1.1 404 | 227 8.6 55.8 113 424 | 214
c 2000-5000 (34) 7.2 43.5 8.3 23.6 14.2 7.0 42.7 8.3 22.7 13.4
500((’;2())000 6.0 313 74| 155 | 104 5.8 313 73| 149| 96
1000(%'7?’)0000 46 24.4 65 107 | 84 44 24.2 6.3 103 | 76

more than
30000 (4) 4.0 18.5 5.0 8.8 6.4 3.8 18.6 5.0 8.1 5.8
up to 500 (151) 104 1015 16.4 544 | 789 116 1017 16.6 806 | 57.9
500-1000 (65) 105 119.1 83 424 | 251 10.4 817 8.4 634 | 221
1000-2000 (51) 8.6 63.4 11.1 42.2 22.9 8.6 55.8 11.3 42.4 214
o 20005000 (34) 7.0 453 8.0 238 | 141 7.0 427 83 227 | 134
500(();()’000 58 308 70| 153 105 58 313 73| 149 96
1000(%'73)0000 42 23.7 62| 105| 82 44 24.2 63| 103| 76

more than
30000 (4) 3.6 16.7 4.6 8.0 6.1 3.8 18.6 5.0 8.1 5.8

7 The number of municipalities falling in each demographic size class are reported in brackets
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VI.

Conclusions

37.  The projection estimator is a very promising approach both in the synthetic and in
the composite formulation, even if better results are obtained by the composite estimator.
GLM outperforms LM results in terms of AARB and ARRMSE. The auxiliary information
specified by set D brings to more favourable results for both in-sample domains and out-of-
sample.

38.  Most of the results seem to be good enough to be published, since the mse values
reported in the previous tables are below the threshold of 33% commonly used to decide if
disseminate or not estimates of labour market variables.

39.  Further developments will focus on the evaluation of more complicated models in
order to improve the quality of the estimation process. In particular, the models that will be
investigated are multiway linear models, linear and generalized linear mixed models in
which specific domain effect are included in the model specification. To this aim new
simulation studies will be carried out, considering hypercubes not considered in this work.
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