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ABSTRACT

Nikolaos Tzavidis

ASPECTS OF ESTIMATION PROCEDURES
AT EUROSTAT WITH SOME EMPHASIS IN
THE OVER SPACE HARMONISATION

December 2000

It is of high interest for Eurostat, the investigation of the different estimation
procedures that are applied, or discussed, internally.

We focus our interest on three estimation domains i.e. the micro-aggregation
techniques for producing confidential data, the backward calculation methods for
obtaining homogeneous time series and some aspects of the sampling procedures that are
discussed by Eurostat and are applied at the Member State level.

With regard to each domain of estimation, we describe the different estimation
procedures that are applied and the criteria for assessing the quality of the results
obtained, and we make some proposals for the adoption of better practices. Due to the
multinational character of the third estimation domain and in order to achieve the targets
of our description, we used as exploratory tools three sample surveys that are conducted
in all Member States i.e. the Labour Force survey, the European Household Panel survey
and the Household Budget survey.

Especially for those estimation domains that are applied at National level, we
examine attempts that aim at the over space harmonization of the estimation procedures
or of the measured concepts, and the role that Eurostat adopts in relation to those

harmonization attempts.
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NMEPIAHYH

Nuworaog TCaBiong

MTYXEZ AIAAIKAZIOQON EKTIMHZEQZ
2THN EUROSTAT ME KAMNOIA EM®AZH 2TH
XQPIKH ENAPMONIZH TQN AIAAIKAZIOQN

Agxéufprog 2000

[Mapovoualer moAd peydho evOWEEPOV Yo TNV OTOTICTIKY LINPECIA TN
Evporawkng ‘Eveworng (Eurostat) n pehét tov Sdgopov dwdikacidv mov
eQapudlovtal 1) HEAETOVTAL ECOTEPLKA.

Eonidlovpe 10 egvdopépov pac oe Tpelg topeic extyunoewv. Avtoi eival (o)
pébodot yua ™ mapaywyn EUTCTELTIKOV dedopuévav (micro-aggregation techniques),
(B) pébodot Y TNV amOKTNOT OPOYEVAOV YpOovoroYKGV oelpdv (backward calculation
methods ) xat (y) 0épata dEYHOTOANTTIKAOV SLAdIKAGUDY Ol OTTOIEG HEAETMOVTOL OTO TN
Eurostat aAAd epappdélovtal oe €Bvikd eminedo.

Xe xGBe Topéa TMEPLYPAEOLHE TIC OWQPOPETIKEG MEBOOOVC EKTIUNOEMS 7OV
VIAPYOLY, TO KPP pE Ta omoic. aE0A0YOVHE TNV TOWTNTA TOV TAPOYDUEVEOV
ATOTEAECUATOV KAl KAVOUUE KATOEG TMPOTACELS Y TNV VIOBEMON KoADTEP®V
pefdov. AdYw 10V TOAVEBVIKOD YAPUKTPU TOV TPITOL TOUEN KOl TPOKEIUEVOL v
EMTOYOVUE TOVG OKOMOVE TNG AVOADGEWS HAG, XPTCLUOTOCUUE MG OLEPEVVITIKG.
epyoieia TPELS DEIYHOTOANTTIKEG £PEVVEG Ol OToieg epappolovial e O o To KPATN
HEAN. Avtég eivau (o) i €pevva epyanikov duvaupkov, (B) M Evpo)naucﬁ épevva
VOIKOKLPLOV Kat (Y) 1 £pEVVA EIGOSNUATOC TV VOLKOKLPLDV.

Ewwkdtepa, yuo ekeivovg tovg topeic o omoiot gpapudloviar oe gOvikod
eMITEDO, PEAETOVUE TG TPOOTABEIEG OV AUTOCKOMOVV OTN) YMPIKY| EVAPUOVIOT EiTe
TV Ol0dIKACIOV EKTIUNONG EITE TOV YAPUKTNPIOTIKOV TOL UETPAOVIAL KAl TO POAO

nov viobetei N Eurostat o oyéomn pe avtég Tig dradikacieg EVOppROVIOTC.
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Chapter 1

Introduction

1.1 Introduction

In late September 1999 the Management Committee of Eurostat created a Task
Force' in order to analyse the procedures that were being used for producing and
publishing estimations at Eurostat. This Task Force under the leadership of Eurostat’s
unit A4>. was given the following mandate: (1) to describe areas where estimations
are used within Eurostat and (2) to establish a descriptive list of the methods that are
used for calculating the estimates.

The source of the present dissertation was this Task Force. In reality this
dissertation gives an analytical study of some specific estimation domains that the
Task Force just describes. One aim of this dissertation is to investigate how some
aspects of the statistical science are applied in practice in order to produce results.
which in many cases are being used for the adoption of policies. In this dissertation
we have chosen to present and compare methods that belong to three estimation
domains that are being either applied or discussed inside Eurostat. These domains
involve: (1) the micro-aggregation techniques for creating confidential data, (2) the
backward calculation techniques for obtaining homogeneous time series and (3) the
sampling procedures in Eurostat and in Member States and especially a summary, in a
theoretical and applied manner. of the most frequently used sample designs and
weighting procedures. Due to the multinational character of the third domain and in
order to trace our targets. we used as exploratory tools three sample surveys that are
being applied in all Member States. |

With regard to each estimation domain and apart from the description and the
comparison of the different estimation procedures. we investigate criteria for

assessing the quality of the results.

' The term Task Force refers to groups that are formed internally to Eurostat for the study of a statistical problem.
2 . 0 5 P ae
~ Unit A4 is responsible for the Research and Development in Statistics.



A further scope is to investigate the progress that has been made towards the over
space harmonisation® of the estimation procedures that are being applied at the
Member State level. and the different roles of Eurostat in this harmonisation
procedure. We have decided to involve also the aspect of harmonisation because this
has a central position in one of the most important aspects of statistics, i.e. the quality
of the results. Consequently. for the estimation domains that are applied in the country
level i.e. the backward calculation methods and the sampling methods, we have
studied the harmonisation attempts and the roles of Eurostat in relation to those
attempts even if they refer to common concepts of measurement or to common

methods of measurement.

1.2 Micro-aggregation Techniques

Chapter 2 1s devoted to the procedures for obtaining confidential data by using
micro-aggregation procedures. The micro-aggregation techniques are applied
internally to Eurostat by Unit A4 (R&D in statistics). These methods are applied to
the micro (individual) data that are being transmitted by the Member States to the
Statistical Office of the European Union. The Statistical Office is responsible for
transforming the transmitted data sets into confidential data sets, ready for publication
and analysis by the independent research centres and analysts. In other words Eurostat
1s the intermediate between the Member States who wish their data to be confidential
and the analysts who wish to have the “real™ data.

[t is apparent that by applying the micro-aggregation methods, there is a
perturbation of the original data sets. Consequently, during the micro-aggregation
procedure we have to think in two dimensions: (1) to select an appropriate micro-
aggregation procedure and (2) to select and use criteria for evaluating how severe the
modification of the data set is. The second chapter investigates these two dimensions.
More specifically, the first part of the chapter describes micro-aggregation methods
suitable for quantitative and qualitative variables.

For quantitative variables. some simple techniques like the single axis technique,
the first principal component method and the sum of Z-scores (Anwar 1993) are

initially described. Then we proceed into some more complex methods such as the

*The term over space harmonisation refers to the adoption of common measurement procedures by the Member



modification of Hanani's algorithim (Defays et. al.(2000)) and the adaptation of a
modified Ward’s algorithm (Domingo-Ferrer and Mateo-Sanz, 1998). The description
concerning the methods applied to quantitative variables finishes with the description
of two methods that are being used in practice a lot. These are the individual ranking
method (Strudler. Oh and Scheuren. 1986) and the weighted moving average method.
Focusing more on the individual ranking method. we examine the variance loss due to
the application of this method (Baeyens and Defays, 1998).

Regarding qualitative variables, after their separation into nominal and ordinal
variables. three methods are examined. Firstly. the snake method (first and second
Community innovation survey) applied to ordinal variables is being described.
Subsequently. the calculation of entropy both for ordinal and nominal variables is
studied. Finally. the similarity of distributions method (first and second Community
innovation survey) applied to nominal variables is being analysed.

The second part of this chapter is devoted to the evaluation of the results obtained
after the application of the micro-aggregation methods. This part is of major
importance as it is the basis for negotiation between Eurostat and the Member States.
Two types of criteria are distinguished: i.e. (1) those that assess the confidentiality
aspect4 of the modified data set and (2) those that evaluate the preservation of the
structure” of the initial data set. Criteria described from the first category are the
following: the value of the threshold. the concentration or predominance rule and the
indicator of data perturbation. Criteria analysed from the second category are the
following: the comparison of statistics between the original and the micro-aggregated
data set (e.g. the comparison of the means. the medians. the modes. the variances, the
deciles. the correlation coefficients). the information loss criterion and the further
processing ability criterion.

The description on this estimation domain finishes by giving a summary table of
the micro-aggregation procedures and the evaluation criteria that are being used in
Eurostat and in other Member States. Last but not least. we make some proposals for

the adoption of better practices.

States.
* Study Report For the Development of a System of Micro-aggregation of Confidential Data, Arianne I (1999).

! Study Report For the Development of a System of Micro-aggregation of Confidential Data, Arianne II (1999)
and the Small Aggregates Method by Anwar (1993).

A\



1.3 Backward Calculation Techniques

Chapter 3 is devoted to the backward calculation techniques. The backward
calculation techniques (retropolations) are not applied internally to Eurostat. Whether
they are applied, this is done at the Member State level. However, Eurostat’s unit B2°
is revising at that time the most frequently used backward calculation methods for two
reasons: i.e. (1) in order to make proposals to the Member States. that are not using
backward calculation techniques. to develop a relevant methodology and (2) in order
to develop in the future backward calculation procedures inside Eurostat.

This chapter can therefore be divided into two parts. The first part deals with three
real cases where there is need for the application of backward calculation methods.
These cases are: (1) the changes that were caused due to the introduction of EURO.
(2) the changes that were caused due to the 1993 System of National Accounts
Regulation and (3) the changes due to the 1995 European System of Accounts
Regulation’.

The second part is devoted to the description of the backward calculation methods
as well as to the presentation of two cases where the backward calculation techniques
are applied in practice: The Dutch case and the French case. More specifically the
backward calculation techniques are distinguished in two categories®: (1) the annual
backward calculation methods and (2) the benchmark vyears and interpolation
methods. In the first category the tull revision method. the revision by superposition
of corrections. the growth rates method and the simple proportional method are
described. In the second category the full benchmark year method and the layer
correction method are described. Subsequently. the models that have been adopted by

Netherlands and France are studied.

® Unit B2 is responsible for Economic Accounts. International Markets: Production and Analyses: Quarterly
Accounts and Statistical Coordination of Euro-Indicators.

" Backward Calculation of National Account Data. Roberto Barcellan. Eurostat. Unit B2(Internal Report).

¥ For a general description of both categories and of the backward calculation methods, see Backward Calculation
of Dutch National Accounting Data. Lessons From the Past Towards a New Approach, by Den Bakker and Van

Rooijen Department of National Accounts, Statistics Netherlands (1997).



Starting with the Dutch model (Kazemier. 1997), we have come to recognise that
this is a variant of the layer correction method belonging to the benchmark years and
interpolation category.

The French model” is different from the Dutch model with regard to the
interpolation method. More specifically. the interpolation method is based on the
Kalman-filter algorithm (Kalman. 1960). A thorough description of the aspects of the
Kalman-filter algorithm is given. Furthermore. a short description of the French
software. concerning the backward calculation method. is given. Finally. some

concluding remarks concerning the backward calculation methods are presented.
1.4 Sampling Procedures in Eurostat and in The Member States

Chapter 4 is devoted to a huge domain. the sampling procedures. that are
discussed in Eurostat and applied in the Member States. The primary motive for
writing this chapter was the investigation and the description both in a theoretical and
applied manner of the most common sample designs and weighting procedures used
at national level. A further motive was the discussion on the quality of statistics that is
of high interest for Eurostat at that time. The sample designs, the weighting
procedures and the definitons of the survey concepts that are used by the Member
States. are strongly connected to the idea of the over space comparability which is one
of the most important quality indicators. In this chapter, wherever possible, we focus
on the proposals for the adoption of common sample designs and weighting
procedures and also on attempts that have been made for the adoption of common
ways of measuring the various survey concepts.

However. our description becomes more difficult due to the multinational
character of the surveys. Consequently in order to clarify our targets we have chosen
as exploratory tools three sample surveys that are applied in all Member States. These
surveys are the labour force. the European Community household panel and the
household budget survey.

The first part describes in a theoretical way the most frequently used sample

designs'’. We begin with a fundamental one. the stratified random sample. The

Backward Calculation of Naticnal Accounts, Department des Comptes Nationaux (1997).

""Fora description of sample designs see Sampling Techniques by Cochran (1977).
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estimations of this design under proportionate and disproportionate allocation of the
sample are studied and best practices of forming the strata and increasing the
efficiency of the sample are described. In the sequel. we describe the systematic
sampling and more specifically the stratified sampling with systematic selection of the
units within each stratum. This design is described because it is applied in practice for
example in the labour force surveys in Sweden and Finland. A large amount of this
part is devoted to the multistage cluster sampling. From a theoretical point of view,
we have distinguished between multistage cluster sampling with equal clusters and
multistage cluster sampling with unequal clusters. Especially in the multistage cluster
sampling with unequal clusters. we describe some of the alternative ways for
selecting'' the primary units. A large number of surveys that have been conducted
according to the multistage cluster sampling are also given.

The second part is devoted to two frequently used weighting procedures. These
are the post-stratification or stratification after selection and the raking ratio
adjustment (Deming and Stephen 1940).

The third and last part describes these three surveys that are conducted in every
Member State. In all surveys we start by describing their purposes i.e. why they are
conducted and what they wish to measure. Then we focus on some harmonization
attempts. For example, for the labour force survey and the household budget survey
we describe attempts that have been made for defining some common survey concepts
and the ways of measuring these concepts. Great emphasis is given to some proposals
made by Eurostat concerning the sample design and especially a step by step
weighting procedure that can be applied in the European Community household panel
and in the household budget survey. In some cases we study the design of the surveys
in Greece as well as in other Member States. Finally, we give some concluding

remarks of the main findings in this estimation domain.

' Such methods are the selection with equal probabilities and the selection with probabilities proportional to the
estimated size.



Chapter 2

Micro-aggregation Techniques

2.1 Introduction

As the role of the European Community grows more complex. the demand for
detailed information grows also. The Commission increasingly relies on statistics to
allocate funds. promote competitiveness in industry and to evaluate the impact of the
current Community programmes. A colossal amount of data is needed some of which
are highly sensitive or capable of causing harm to the respondent if disseminated in its
original form. Hence. the Member States are not always willing to provide micro-data
for confidentiality reasons. On the other hand the European authorities and the
analysts must obtain sufficient information in order to carry out all relevant statistical
analvsis efficiently.

The purpose of this chapter is to give a solution to the conflict between
confidentiality and data dissemination. In other words we will trv to examine
methods. for protecting micro-data. that respect as much as possible the
confidentiality aspect and at the same time distort the structure (quality) of the
original data set in a minimal way.

The confidentiality of the individual data is not a new problem. Various methods
have been proposed and applied. The existing techniques can be classified into two
categories. The perturbation ones where the whole data set is provided with a
modification and the reduction ones where the data set is exact but certain sensitive
values or variables are excluded. In this chapter we focus on the micro-aggregation
techniques which belong to the perturbation category and which are mainly used by
Eurostat for producing confidential data.

The idea behind the micro-aggregation methods. is the separation of the original
data set into homogeneous groups (clusters) of k(defined in the sequel as the

threshold) units. The final step of creating a "confidential’ data set 1s acmA
%
/:}:"
:)I.I' &
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replacing the individual values with a measure of central tendency of the cluster that
they belong. The differences between the micro-aggregation methods basically
concern the number of variables that they treat in order to do the clustering, the
measure of proximity (sorting criterion) that is used. the decision for the impose of a
fixed size or of a minimal size constraint and the aggregation statistic that is used for
replacing the individual values at the final step of the micro-aggregation process.
Different methods are applied depending on the nature of the variables (metric,
ordinal or nominal).

Starting this chapter a brief description of the confidentiality techniques is given.
In the sequel we start studying the micro-aggregation techniques according to the
nature of the variables that they are applied. In the case of quantitative variables the
following methods are examined: the single axis method, the first principal
component method, the sum of Z-scores method, the adaptation of Hanani’s algorithm
and of the Ward’s algorithm, the individual ranking method and the weighted moving
averages method. In the Hanani’s algorithm the n x k-grouping problem in R™ and the
2 x k-grouping problem in R™ are studied and an improved algorithm is proposed. In
the individual ranking method, the estimation of loss of information is studied under
specific distribution assumptions. In the case of qualitative variables three micro-
aggregated methods are described. The snake method applied in the case of
multivariate ordinal variables, the similarity of distributions method applied in the
case of binary nominal variables and the entropy applied both for ordinal and nominal
variables. Some artificial examples are also given for a better illustration of the
methods described. In the last part of this chapter criteria for evaluating the
performance of the methods are proposed. These are classified into criteria for
evaluating the confidentiality of the data and criteria for accessing the quality of the
micro-aggregated data. In the first category, criteria like the value of the threshold, the
predominance rule and the indicator of data perturbation are described. In the second
category, the use of summary statistics the loss of information criteria, and the further
processing ability indicator are examined. Last but not least the micro-aggregation
procedures in Eurostat, in Spain, in Italy and in Russia are described and some

proposals for the adoption of better practices are given.



2.2 Confidentiality Techniques

There are two major types of approaches to solve the problem of the
dissemination of confidential micro-data.
- Reduction of the quantity of the provided data: the data are exact but certain
sensitive cases or variables are missing or re-coded
- Perturbation of data: the whole data set is provided with a preliminary modification.
The methods belonging to each category can be viewed in the following schematic

representation.

Statistical methods for the protection of individual data

T

Reduction Perturbation
.. e Random

e Anonymisation bati
e Samplin perturbation

amping e Data swapping
e Size reduction e Compensation
e Re-coding e Micro
* Suppression aggregation

¢ Imaginary units

Fig 2.1: Graphical representation of the statistical methods for the protection of individual data.

Concerning the reduction techniques we can say the following. The
anonymisation is the fact of extracting from the file the variables that serve as
identifiers. Sampling consists of taking a population sub-sample. in order to reduce
the risk of disclosure. The size reduction can take either the form of re-coding a
variable (i.e. replace variable category by an interval) or the form of the reduction of
the number of categories. The re-coding method resembles the previous one but it is

used only for extreme categories and only if the frequencies for the first or the last



categories are low. The data suppression method is the fact of suppressing a record
that contains extreme values. This means that either one replaces these values by
missing data or suppresses entirely the vector that shows a single categories
combination.

With respect to the methods of modification of the data, the following can be said.
The random perturbation method relies on adding a random distributed noise only to
the numeric variables of the original data set. It appears that the larger the variance of
the noise the higher the disturbance of the data and the lower the quality. The data
swapping is based on a matrix transformation, which maintains a number of
characteristics. The perturbation by compensation is based on the sorting of
observations according the various categories of the nominal variables. Those that
have the same combination of categories are aggregated and one preserves the
frequency of the macro-cells, the sum and the mean. The imaginary units technique is
based on the creation of fictitious observations that follow the same distribution.

In this chapter, we are going to deal with the micro-aggregation techniques. These
techniques aim at partitioning the population into groups of k units. Afterwards, the
individual values belonging to a group are replaced by the mean of the group or

another measure of central tendency (i.e. median. mode, weighted average).

2.3 Micro-aggregation Methods

The micro-aggregation techniques are a group of methods aiming at obtaining
data that respect a sufficient confidentiality level and at the same time making
possible to carry out relevant analyses. The main idea of the micro-aggregation
techniques is influenced by the work of Strudler. Lock, Oh and Scheuren on the Tax
model at the US Internal Revenue Service.

In the majority of the micro-aggregation methods, one se.s up fixed or variable
size groups that are summarised by means of summary statistics. The various methods
differ from each other by the method used for making the aggregation of the units
(mean, median, mode) and especially the choice of the method for sorting the data.
The sorting method has to set up groups as homogeneous as possible, in order not to

lose too much information.
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The micro-aggregation methods belong to different categories depending on the
types of the variables that they are applied (numerical. ordinal or nominal). In this

chapter the methods are studied according to this classification.

2.4 Methods Applicable To Quantitative Variables

Three types of techniques are developed. The first takes as a basis a single axis to
sort the data. The second type uses classification methods and the third type is based
on multivariate methods in which each variable is used successively to sort the data or

to apply a moving average.

2.4.1.1 Sorting By A Single Axis

The simplest manner of sorting the observations is to choose a variable and to sort
the individuals according to the values of this variable in an ascending or descending
order. One groups the sorted units into groups of k units, where k is the threshold'".
Afterwards. the value of each individual is replaced by a summary statistic such as the
mean. the mode, the median, or a weighted average of the group that it belongs. The

following artificial example illustrates the single axis technique.

Table 2.1: Artificial example for the application of the single axis method

Company | Number of employees | Turnover | Number of sites
1 12 1000 2

2 21 1500 6

3 39 2000 5

4 40 3000 3

5 42 1000 4

6 47 2000 10

7 53 1500 11

8 58 1500 10

9 60 3000 14

' The statistical law which defines the requirements in order a data set to be confidential , usually sets the
threshold equal to 3.
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Assume that the observations are sorted in ascending order according to the variable

“number of employees”. The clusters of companies that we obtain under this

classification are the following: {1,2,3}, {4,5,6}, {7,8,9}. The mean value of each group
for the variable “number of employees” is {24,43,57}. Similarly, the mean value of
each group for the variable “turnover™ is {1500,2000,2000}and for the variable
“number of sites” is {4.33,5.66,1 1.66}. After the previous computations, the table

containing the micro-aggregated data takes the following form.

Table 2.1a: Results from the application of single axis method

Company | Number of employees | Turnover | Number of sites | Groups
1 24 1500 433 1
i 24 1500 4.33 1
3 24 1500 433 1
4 43 2000 5.66 2
5 43 2000 5.66 2
6 43 2000 5.66 2
7 57 2000 11.66 3
8 57 2000 11.66 3
9 57 2000 11.66 3

The advantages of this approach are obvious for units ranked as homogeneous as
possible within each group and heterogeneous without. However, by replacing the
original values with micro-aggregates we risk losing the underlying structure of the
population and therefore any statistical inferences drawn from the aggregated data
could be misleading. In addition to the choice of the ranking basis we are also
interested to investigate the degree of information that is retained or equivalently that
is lost by using the micro-aggregation techniques. In order to study this we will use an
analysis of variance notation. The original information that one variable contains can

be presented by the original variance of that variable i.e.
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>, -X)’
Total Variance of one variable = -=—————_If there is a total of p variables the
n

total variance becomes Total Variance of p variables = - . Assume

now that we apply the micro-aggregation process and we obtain a modified data set.
The inter variance or in other words the variance between the clusters obtained from

the micro-aggregation procedure is given by the

P C N
D D XK= Xuw):

g=1_ =1

Inter Variance of the aggregated data= where X a 1s the mean

n

of the jth grouping for variable q and Cis the total number of groupings. The

variance within the clusters obtained from the micro-aggregation procedure or in

other words the intra variance is given by

k

c
2.2 (X=X’

)= =1
P
Intra Variance of the aggregated data = Z k
c

q=!

where X, isthe

ith of the jth grouping of the qth variable, }-(.,;q is the mean of the jth grouping of the
qth variable. k is the number of observations per grouping and C is the total number

of groupings. After the previous definitions, the information contained in the micro-

. . InterVariance .
aggregated data is given by the ratio ——————. Equivalently, a measure of the
TotalVariance
. D . . IntraVariance
loss of information is given by the Loss of Information Ratio = —————.
TotalVariance

The degree to which the information is retained will also depend greatly on our choice
of the variable. If we had chosen the variable “turnover™ instead of the variable
“number of employees™ then we would have obtained different groupings and
consequently a different information retention level.

Special attention should be paid in the way that we choose to make the ranking of
the observations i.e. in descending or ascending order. The choice of this has a great
influence on the results since in ascending order the outlying observations are

sometimes in groupings of k units and at other times, if there are less than k
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observations in the last grouping, they are put in the penultimate grouping to form a
larger than k observations grouping. If the ranking is reversed then the smaller
observations are grouped with the penultimate grouping. It is clear that the two
ranking orders will produce different losses of information. A general rule can be
formulated for the sorting strategy in the single axis method depending on the position
of the majority of the outliers. More specifically, if the majority of variables have
outliers to the far left of the distribution curve then we should rank them in ascending
order, and if the majority of variables have outliers to the far right of the distribution

curve then we should rank them in descending order.

2.4.1.2 Sorting By The First Principal Component

Any ranking by one single variable will nearly never be optimal. Indeed there is,
as already mentioned, no guarantee that proximity on one variable means also
proximity on the others. A better solution is to rank the units according to the first
principal component.

The principal component technique was first introduced by Karl Pearson, who
apparently believed that this method could give solutions to some problems that were

of interest to biometricians at that time. The object of the analysis is to take p
correlated variables X,,X,,..X  and find combinations of these that produce indices

Z,,Z,.....Z, that are uncorrelated and called principal components. The lack of

correlation for the principal components is a useful property because this means that
the principal components are expressing different dimensions. When applying the
principal component analysis there is always a hope that the variances of the most of
the principal components, Z,, will be so low as to be negligible. In that case the
variation in the data set can be adequately described by the few linear combinations,
Z., with non-negligible variances. In other words by using the principal component
analysis we achieve a reduction of the dimensionality of the problem from p to usually
1, 2, or 3 dimensions by taking at the same time into account all the variables of the

1nitial data set.
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A prncipal component analysis starts with the data inpdimensions

for nindividuals. The first principal component is then a linear combination, of the

p variables. of the following form

Z =a, X +a,X,+.+a X subjectto

2 2 2 1
oy, '+‘(X,12 +...+Ot|p =

In practice the principal component analysis involves finding the eigenvalues and
eigenvectors of the covariance or the correlation matrix of the initial p variables.

Assuming that the eigenvalues of the covariance or the correlation matrix are denoted

by A, Ay, h, (A 2 A, 224 )20 then var(Z,) = 4, and ), ,,....a  are the

P ip
elements of the corresponding ith eigenvector.

Compared to the previous methods this one sorts the observations according to an
axis which represents better all the variables and not only one. The use of first
principal component gives a reasonable objective solution to the problem. This
expectation i1s consoled by an interesting property on the projection on the first

principal component. Suppose that n individual in our population are characterised

by p quantitative variables. X,.X....X . The distance between two individuals i

and 1 of our population at the beginning can be described

l P
asd(i.1) = ||Z(qu - X‘q)2 . Once it is projected on another axis in R* the distance
q=1

on this new axis that is denoted by &. is. in general. different from the initial distance

d . Consequently it is logical to search for the minimisation of the differences between

distances Dz(d.6)=Z(d(i.i')—&(i,i'))z. The axis that minimises this distance is
i

given by the first principal component. As a result. if we aggregate using as a sorting

variable the scores on the first principal component, we will obtain a solution which.

even if it is not an optimal one . will not be far from the optimal.

After applying the principal component analysis to the standardised data set, the
observations are ordered in descending order of their principal component scores, and
then aggregated into groups of k units. Then each individual value is replaced by a
summary statistic of the group that it belongs. The first principal component micro-

aggregation technique is illustrated by using the following artificial example.
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Table2.2: Artificial example for the application of the first principal component

method

Company | Number of employees | Turnover | Number of sites 1* principal
component
SCore

1 12 1000 2 -2.4516

2 21 1500 6 -1.1941

3 39 2000 5 -0.3220

4 40 3000 3 0.0285

5 42 1000 |4 -0.9596

6 47 2000 |10 0.7402

7 53 1500 11 0.8237

8 58 1500 10 0.8740

9 60 3000 | 14 24611

Sorting the companies in descending order according to their 1°' principal component

score we obtain the following groups of companies: {9,8,7},{6,4,3},{1.2.5}. After the
previous classification the means for all variables per group are calculated and the
individual values are replaced. The following table includes the micro-aggregated

data under the first principal component approach.

Table2.2a: Results from the application of the first principal component method

Company | Number of employees | Turnover | Number of sites | Groups
1 25 1167 4 1
2 25 1167 4 1
3 42 2333 6 2
4 42 2333 6 2
5 25 1167 4 1
6 42 2333 6 2
7 57 2000 11.67 3
8 57 2000 11.67 3
9 57 2000 11.67 3
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By definition principal component analysis studies the underlying
multidimensional correlation structure of the data, to produce principal components.
Methods of ranking based on such an approach, therefore. utilise the correlation
matrix. These types of methods are very useful with data that are very highly
correlated. and the higher the correlation, the lower will be the loss of information.
However, not all data are highly correlated. This does not mean that these data sets do
not contain useful information. Under such conditions, it is likely. that these types of
procedures fail to retain the required level of information.

Since the principal component analysis depends on a linear combination of all
available variables. it should produce in theory better results than the single variable

technique.

2.4.1.3 Sum of Z-scores

This approach resembles the first principal component method as far as its
purpose is to consider as many quantitative variables of the data vector as possibie.
The difference between the two techniques is that the sum of Z-scores gives equal
importance to the constituent variables whereas for the ranking according to the first
principal component the weighting depends on the correlation structure of the
underlving data. In other words, the sum of Z-scores method is similar to if we had
calculated the first principal component using all the variables and all the weights had
been the same.

Since the values of the variables in a data vector can significantly vary in
magnitude from other variables in the same data vector. the chosen variables are
standardised. A sum of Z-scores is calculated by adding across all variables the
standardised values for each observation. This score is then used as a measure of
“size” and the observations are ranked according to this score. The last step in the
micro-aggregation process is to replace each individual value by a summary statistic

of the group that it belongs.

where

The Z-score of an observation represented by one variable is Z =

X, is the ith value of variable X, X is the mean of variable X and o is the standard
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deviation of variable X . This can be modified as follows in the case that we have a
total of p variables.
X —Xa
p
Z —Score of an observation when we have a total of p variables = z -

q=l q

where X, is the ith value of qth variable, X4 is the mean of the gth variable, and

G, is the standard deviation of the qth variable.

The sum of Z-scores method is illustrated using the same artificial example that

we have used also for the previous methods.

Table2.3: Artificial example for the application of the sum of Z-scores method

Company | Number of employees | Turnover | Number of sites

1 12 1000 2

2 21 1500 6

3 39 2000 5

4 40 3000 3

5 42 1000 4

6 47 2000 10

7 53 1500 11

8 58 1500 10

9 60 3000 14

Table2.3a: Standardised values

Company | Z-Number of | Z-Tumover | Z-Number of | Sum of Grouﬁs
employees sites Z-scores

1 -1.82093 -1.11111 -1.25939 -4.19143 | 1

2 -1.26233 -0.44444 -0.29475 -2.00143 |1

3 -0.14485 0.22222 -0.58359 -0.45854 | 2

4 -0.08277 1.55556  |-1.10182 | 0.45455 |2

5 0.04138 L1 [-0.77707 -1.84680 | 1

6 0.35177 0.22222 0.66989 1.24388 |3
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7 0.72423 -0.44444 0.91105 1.19084 |2
8 1.03462 -0.44444 0.66989 1.26006 |3
9 1.15877 | 1.55556 1.63453 1434886 |3

Sorting the companies in descending order according to their sum of Z-scores we
obtain the following groups of companies: {9.8.6},{7,4.3},{1.2.5}. After the previous
classification the means for all variables per group are calculated and the individual

values are replaced. The following table includes the micro-aggregated data under the

sum of Z-scores approach.

Table2.3b: Results from the application of the sum of Z-scores method

Company | Number of employees | Turnover | Number of sites
1 25 1167 4

2 25 1167 4

3 44 2167 6.33

4 44 2167 6.33

5 25 1167 4

6 55 2167 11.33

7 44 2167|633
8 55 2167 11.33

9 55 2167 11.33

There are also inherent deficiencies in this approach since the decision on selecting a
set of variables for composing the Z-scores is made on an arbitrary basis.
Consequently, this approach suffers from the same impotencies as the rest of the
single axis techniques. Generally there is no guarantee that the axis chosen will
provide an optimal clustering. and the methods are very sensitive to the set of
variables chosen. This means that the removal of just one variable or of a relatively

few key observations can change the results.
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2.4.2 Classification Methods

The micro-aggregation methods described in this part are derived from the
automatic classification methods. The aim is to partition the data set in the most
homogeneous groups. This kind of techniques has to be adapted to the problem of
micro-aggregation where groups must be of fixed size or of minimum size. The

methods presented here are Hanani's algorithm and the modified Ward's algorithm.

2.4.2.1 Adaptation of Hanani’s Algorithm

The aim of the micro-aggregation techniques. which is to build groups of the k
most homogeneous elements. approximates that of the techniques of automatic
classification. which aim at partitioning a data-set in classes by using a homogeneity
criterion. The criterion most usuallv used is the minimisation of the intra group
variance.

The problem i1s to partition the whole population in clusters in an optimal way.
The averages of the “optimal™ clusters would define the fictitious data whose
elements will be transmitted.

Suppose that the total population Q is formed by Nunits. and to each unit o it
corresponds a vector X of m variables. i.e. X =X(0)= (X (®)....X, (0)), 0 eQ.
The objective is to divide the set of Q into n=N/k groups of k units G,....G, in

such a way that the n groups are as homogeneous as possible.

To define homogeneity between groups we need a notion of proximity or
distance d(w.® ) of the points in Q. which has to depend the observed variables. and
a derived distance D(G.G ) between groups of points in Q. Formally, the quantity

that we have to minimise is a kind of within-group variance like

=1 weG,

measure. The quantity ‘¥(G,...,G,) has to be minimised under the constraints
P(G,)=p, (i=1..,n). Assume P to be a uniform probability measure. In this case.

choosing p, =k/N (i =1,...,n) we have the nxk grouping problem.
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The n x k-Grouping Problem in R"

The most important case is when X € R™, the latter endorsed with the Euclidean

distance. This assumes the following distances between points in Q and between
groups of points in Q: d(e,0 ) =|X(e)-X(@")| and D(G,.G, )= "mI —mj" where
m, is the average of X with respect to P over G, . In that case the quantity that we

have to minimise is the following: ¥(G,) = Z:P((:))D(co,Gi ) = Z P(x)"x - m,“2 .

0eG; xeG,
Thus. using the conditional expectation of X over the field generated by the partition
G={G,...G,}, we have that ¥(G )="¥(G,...G,)=E[X -EX/G)’) where

E(X/G) = ZmiIGI with I, being the indicator of the set G,. If we assume further

that the vector X 1is centred. i.e. E(X)=0 we take that

)

Consequently, the problem of minimisation of W(G ) takes the form of maximising

the E(HE(X/G)“) subject to constraints P(G,)=p, (i=1.....n).

The 2 x k-Grouping Problem in R”

In the case that n = 2 the partition G is generated by G = {A, A‘} and the quantity
to maximise is given by E(A) = HE(I AX)"2 with the constraint P(A) = p. In the case
that the dimensionality m =1 the quantity that we have to maximise becomes
£(A)= ( jI AXdP)z. From the lemma of Neyman-Pearson on the construction of the

most powerful test, it follows that the maximising set is of the form
A" ={weQ/X(w)= 1} for some constant A. This in practice means that A'is

composed of the N elements of Q with the largest values of X. In the general case

where the dimensionality is greater than one, then exists vector c € R™ and a constant

% such that the solution which maximises the desired quantity is of the form

A= {m € Q/ZciXi (a))z k} with constraint P(A") = p.
i=]



The Hyperplane in the 2 x k-Grouping Problem in R"

The most difficult aspect in this maximisation problem is to determine the vector

c. It can be proved that the vector ceR™ which defines the optimal set

A= {(o e Q/ ZciXi(co)Z k} satisfies ¢ = E(I,X). Consequently, the vector ¢ that

=1
defines the optimal set A coincides with the mean of X over A with respect to P.
Since the overall mean E(X) =0, the optimal hyperplane <c,x >=A separating the
two groups G = {A,A“} is perpendicular to the line joining their centres of gravity.

In the general case with a larger number of groups, i.e. n > 2, it is obvious that
every pair of groups (G, .G J) has to be separated by a hyperplane perpendicular to the

line joining the centres of gravity.

The Algorithm

The separation of every pair of groups by a hvperplane perpendicular to the line
joining the centres of gravity provides an improvement to Hanani’s algorithm.

The approach followed by Hanani uses the following idea. Let G'® be an
arbitrary partition of Q obeying the equal size constraint, i.e. G'” = {Gﬁo’,...,Gﬁf’ }
with iG(O’l =k(@=1,.,n). Let L,(o’ be set of n spheres. centred on the centres of
gravity of the classes G'” and having radius calculated to contain exactly k points of
Qie L= {S§°’,...,Sf,°)}. Let L, be the set of centres of gravity m,"” of the
members of the partition G i.e. L, = {m‘,"’,..., m!” } Define a new partition G"”
associated to L,"” and L," in the following way:

x € G{" if and only if
eitherx € Sfo)and“x -m” H < ”x - mgo’Nfor all j

or there is no k such that x € S and "x - m‘°’n < “x - mgo)" forallj<n
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The new partition will not necessarily obey the equal size constraint. From G'", two

(1)

new sets, L," and L," are constructed. A new partition G* associated to L,"” and

L." can be obtained. The algorithm stops at step r if G = G'™"
This method can be improved when it is realised that the regions that contain the
clusters are not spheres but areas limited by hyperplanes. For instance, when n =2

L,(O) is a partition defined by hyperplanes orthogonal to the line that joins m!® with

m'” and which separates Q in two groups of equal size. For n > 2, this method can

be generalised by considering each pair (Gi ,G J) defining a hyperplane orthogonal to

the line joining the centres of gravity. The algorithm can be described by the
following steps:

(1) setr=0

(2) Draw a random partition G'” in n groups of equal size.

(3) Set i=1, j=2

(4) Find the hyperplane orthogonal to the line joining m " with mY' and separates
p 1 2

G "and G " into two groups of equal size.
group q

(5) Replace G,"’and G J") by the two groups separated by the hyperplane.
(6) Set j=j+1

(7)If j<ngoto (4) Else go to (8)

(8) Set i=i+1

(9)If i<n-1 setj=j+1 and go to (4). Else set r=r+1 and go to (3)

(10) Stop when for the last { :

J iterations the classes have not been modified.

The present method compared to Hanani’s algorithm has two advantages. Firstly,
the solution will always obey to the equal size constraint. This is very important since
in order to be in accordance with the confidentiality rules, clusters with less than k
units are not allowed. Secondly, if one reaches at some stage the best solution the
algorithm will be terminated. This is not the case in Hanani’s algorithm which it will
continue searching for a partition with a lower within-group variance breaking the
equal size constraint. Finally, in both cases there is a danger of falling into local
minima. It is therefore recommended to start the algorithm from different initial

partitions.
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2.4.2.2 Adaptation of Ward’s Method

There are proposals in bibliography that suggest micro-aggregated groups of
variable and not of fixed size (Domingo-Matteo 1997). The idea behind this is that
groups need not to consist of exactly k data vectors but of at least k data vectors.
Methods yielding variable sized groups are a bit more complex than methods
obtaining fixed size groups. However, the former ones may take advantage of the

distribution of the original data. The following figure illustrates this idea.
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Fig. 2.2: Variable sized groups versus fixed sized groups.

If we want to form fixed sized groups e.g. k=3 we will force heterogeneous units
belong to the same group. On the contrary if we allow variable sized groups, i.e. a
group consisting of the 5 units on the left and another group containing the four units
on the right we obtain a more natural partitioning. It is apparent that this type of
partitioning, with variable sized groups, gives a smaller loss of information.

Heuristic micro-aggregation methods attempt to minimise the information loss.
Since for a given data set the total sum of squares is fixed, each method is aiming at
minimising the error sum of squares.

One alternative approach that gives variable sized groups is the modified Ward’s
algorithm. Generally speaking, the Ward’s criterion is one of the various used in the
hierarchical clustering. Clustering algorithms are aiming at obtaining groups of
observations such that (1) each group is homogeneous with respect to certain
characteristics and (2) each group should be different from other groups with respect

to the same characteristics. The Ward's criterion forms clusters by maximising the
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within clusters homogeneity. More specifically clusters are formed at each step such
that the resulting cluster solution has the minimum within cluster sum of squares. The

mathematical expression for the within cluster sum of squares is given by

ESS= (x, -x)(x, -xi) .

The modified Ward's algorithm is a micro-aggregation method for quantitative or
for qualitative data where a distance has been defined. In order to describe this
algorithm the following definitions are needed.

Definition 1: For a given data set. a k -partition P is any partition of the data set such
that each group consists of at least k elements.

Definition 2: For a given data set. a k-partition Pis said to be finer than a k-
partition P if any group in P is contained by a group in P

Definition 3: A k -partition P is said to be minimal if there is no P %P such that P
is finer than P .

Proposition 4: A k-partition Pis said to be minimal if it consists of groups with
sizes in the range {k.2k}.

Corollary 5: An optimal solution to the k-partition problem of a set of data exists
that is minimal.

The modified Ward's algorithm was first applied in the univariate case. This
algorithm is as follows:

Step 1: Form a group with the first (smallest) k elements of the data set and another
group the last (largest) k elements of the data set.

Step 2: Use Ward's method until all elements in the data set belong to a group with
k or more elements. In the process of forming the groups never join two groups which
have size greater or equal to k.

Step 3: Apply the algorithm recursively for each group that in the final partition
contains 2k or more elements.

By stepl each new recursion starts by splitting the initial data set into at least two
groups. Step2 ensures that the groups formed by the smallest units and the groups
formed by the largest units are not joined. In this way, at the end of a recursion step.
the final k -partition consists of at least two groups and thus this partition is finer than

the initial one (consisting of one group). If a group consists of more 2 k elements then
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the algorithm is applied recursively to this group in order to obtain smaller groups.
After a finite number of steps the maximal group size is less than 2k

The only modification that is required in order to define a multivariate modified
Ward's algorithm is in stepl. Basically. what is needed is a multivariate criterion for
specifving the first k data vectors and the last k data vectors in step one. A solution
in the problem of defining this multivariate criterion. can be derived by combining the
Ward's algorithm with the existing micro-aggregation techniques. More specifically.
instead of using the single axis or individual ranking techniques to perform the micro-
aggregation. we can use these methods as the sorting criteria of the first step of the
algorithm. In other words we can obtain the initial partition by applying the principal
component analysis method or the sum of Z-scores method. and then apply the
Ward's algorithm to this initial partition.

An additional sorting criterion is the maximum distance one. Under this criterion
we have to calculate a distance matrix. Then we have to define the two extreme
vectors 1.e. those that are the most distant. For each of the extreme vectors take k-1
data vectors closest to them. In this way. a group with the first data vectors and
another with the last are obtained.

The main drawback of this method is its storage complexity defined here as

S(MWA). This happens because Ward’s method assumes a distance matrix
containing the distances of each pair. Such a distance is symmetrical with zeros in the
main diagonal. As a result S(IMWA) =(n—-1)n/2 which means that the storage

requirements will increase with increasing sample size. A way of overcoming this

difficulty is to partition the initial data set into subsets with smaller sample sizes.

2.4.3 Individual Methods

This kind of methods is no longer aims at partitioning all the data in groups of k
elements but treats each variable in a separate way. The methods belong to this
category is the individual ranking method and the moving averages method. These
techniques are not basically different from the partitioning techniques. The set of
variables can be considered as a set of ndifferent variables or as a single

multidimensional variable with n components.
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2.4.3.1 Individual Ranking Method

Under the methods of single axis all observations are first ranked according to a
sorting variable (e.g. first principal component. sum of Z-scores) and then aggregated
into groups of k units. The original values are then replaced by a summary statistics.
These methods provide satisfactory results if the underlying data are highly
correlated, resulting in a high degree of explanation by the single axis. However, there
are cases that where the population under study is not highly correlated. Using the
single axis techniques we force heterogeneous values to become members of the same
group and one of our goals is to have within groups homogeneity and between groups
heterogeneity. An alternative to the single axis techniques is the individual ranking
method. This method is based on sorting and aggregating the observations according
to each variable separately. The following artificial example illustrates the individual

ranking method.

Table2.4: Artificial example for the application of the individual ranking method

Company | Number of employees | Turnover | Number of sites
1 12 1000 2

2 21 1500 6

5 39 2000 5

4 40 3000 3

3 42 1000 4

6 47 2000 10

] 53 1500 11

8 58 1500 10

9 60 3000 14

Table2.4a: Observations sorted by the “number of employees “ in descending

order

Company | Number of employees | Turnover | Number of sites
9 60 3000 14

8 58 1500 10

7 53 1500 11
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6 47 2000 10
3 42 1000 4
4 40 3000 3
3 39 2000 5
3 21 1500 6
1 12 1000 2

The observations are ranked according only to the first variable. Each individual
value is replaced by the group means. For example the mean for the first group is

(60+58+53)/3=157. The next step is to sort the data according to the variable

“turnover”.

Table2.4b: Observations sorted by “turnover” in descending order

Company | Number of employees | Turnover | Number of sites

9 57 3000 14

4 43 3000 3

§ 43 2000 10 o
3 24 2000 5

8 57 1500 10

7 57 1500 11 .

2 24 1500 6

3 43 1000 4

! 24 1000 2

The observations are ranked according only to the variable “Turnover”. Each
individual is then replaced by the group means. In this case, the mean of the first

group is for example (3000 +3000+2000)/3 =2667. The final step in the present

example is to sort the observations according to the variable “number of sites™.
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Table2.4c: Observations sorted by “number of sites” in descending order

Company | Number of employees | Turnover | Number of sites
9 57 2667 14

7 57 1667 11

6 43 2667 10

8 57 1667 10

2 24 1667 6

3 24 1667 5

5 43 1667 4

4 43 2667 3

] 24 1667 2

The observations are ranked according only to the variable “number of sites™.
Each individual is then replaced by the group means. In this case. the mean of the first

group is for example (14+11+10)/3 =11.67. The final table containing the micro-

aggregated data according to the individual ranking technique has as follows:

Table2.4d: Results from the application of the individual ranking method

Company | Number of employees | Turnover | Number of sites
1 24 1167 3

2 24 1167 7

3 24 1167 7

4 43 2667 3

5 43 1167 3

6 43 2667 7

7 57 1167 11.66

8 57 1167 1166

9 57 2667 11.66

This method has a number of advantages if it is compared to ranking according to

a single variable or a combination of variables. It does not depend on the correlation

29



structure as the first principal component method does and it produces more

homogeneous groupings by treating one variable at each time.

Estimation of Variance Loss Due to Micro-aggregation By The Individual
Ranking Method

There are theoretical developments that make possible to measure the variance
loss due to micro-aggregation by the individual ranking method.

Let x,,X,,....X, denote the data relating to the original sample and y, the data

related to the sorted sample. Let I, be all the index numbers of group j i.e. we have

UIJ = {l....,n} where p is the number of groups each one consisting of three units.

1<1<p

3 . .. E ] .
Let v be the mean of the sample in group j 1.e. v = :Zyl . Using ANOVA

3
- M€

notation we have that

~

S v -y i[\ 3) +ZZ(V “‘W

J=i )=l el
Total sum of squares = sum of factorial squares + sum of residual squares
The y, s in this equation are order statistics. with y = X;,. We assume that the X s

are independent and identically distributed according to a fully specified distribution.

Rewriting the expected variance loss in order statistics notation we have

f ZXU)

(1)

Expected variance loss = % E(SRS) = Z Z

n- =1 el

p ZX“) p

2 e 2
= — E 1 Z Xy — ]’ﬂ = Z E(variance of group j)

n- 1 ‘l"lEI‘ J n'l =1

Evaluating the expected variance loss in each group is sufficient to estimate the total
variance due to micro-aggregation. Two methods are used for estimating analytically

the expected variance of a group. The moments approach and the spacings approach.
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Under the moments approach we have to calculate the expected variances of the
different groups that consist of successive order statistics. Consequently. we have to
estimate the following expression: E(variance of group j) = E[var{X 5 K kal) 2 X (ks2) }j

where k =3*(j-1)+1. We can show that

k=2
ElvarX X X = 3 2 E)" =3 TEX )X

The knowledge of E(X,,).* E(X , Xy )» EX 5, X 1.2, is sufficient to estimate the
expected variance of a given group.
Under the spacings approach the expected variance of a group can be written in

. ! :
the following form E[var{X . X .- X J]= 5(Iz(Dk ) +E(D,D,., ) +E(D,.,}})

with D, =X .., - X,,-

For further developments we have to make assumptions about the distribution
from which the sample comes. Assume that the sample comes from a uniform

distribution in the interval [0,1]. Under the moments approach we have the following

results:
EXw) = (n+2)n+1) B X)) = (n+2)(n+1)"
k(k +3)

E(X,, X, ,)= ————— ol
KX (n+2)n+1)

Applying algebraic computations we find that the expected variance of a group is

5

given by E[var{X(k),X(M),X(M) }]: m )
Under the spacings approach we derive the same results by using the definition of the

D, quantity. More specifically,

2 1
E(D X)) =

ED.) T m+2)n+1) (+2)n+1)

5

E[var{X(k) X (kayr K iea2) }] = m :

The expected total variance loss can be calculated as follows:
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2 & .
Expected variance loss = -—1—1 E(SRS) = ;1 Z E(variance of group j) =
n- n- )=l

2 5 _ 10p
n-1 : 3n+2)n+1) 3(n-1)(n+2)n+1)

This final result shows that the expected total variance loss is going to decrease with
increasing sample size. In bibliography. similar results have been derived also for the
exponential and the normal distributions. The interest of these results is primary to
examine the impact of the micro-aggregation procedure on the variance loss and

further to identify sample sizes for which aggregation is inappropriate.

2.4.3.2 Weighted Moving Average Method

This method requires the choice of weights i.e. a triplet (a.b.c) if the units that

we wish to include in each group are three. The observations are first sorted according
to each variable and then are replaced by new values consisted of a% of the previous
observation, b% of the present observation and ¢% of the proceeding observation. The
use of weights allows to control the emphasis that we want to place on the original
data values and also allows us to obtain a data set that does not have an aggregate
repeated k times in each group. Special attention should be paid to the first and the
last observation. Since the first observation does not have any precedent value and
the last any following, the first observation takes the value of the second and the last
the value of the penultimate observation. The following artificial example illustrates

this method.
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Table2.5: Artificial example for the application of the weighting moving averages

method

Company | Number of employees | Turnover | Number of sites
1 12 1000 2
2 21 1500 6
3 39 2000 5
4 40 3000 3
5 42 1000 4
6 47 2000 10
7 153 {1500 11
8 58 1500 10
9 60 3000 14

The observations are first ranked according to the variable “number of employees™.

Table2.5a: Observations sorted by the “number of employees “ in descending

order

Company | Number of employees | Turnover | Number of sites
9 60 3000 14

8 58 1500 10

7 53 1500 11

6 47 2000 10

3 42 1000 4

4 40 3000 3

5 39 2000 5

2 21 1500 6

1 12 1000 2 |

The wvalues are replaced by moving averages with weights given by

(a=0.25,b=0.5,c =0.25). Consequently, in the above example the second value is

replaced by  0.25*60+0.5*58+0.25*53=57, the third value by

0.25*58 +0.5*53+0.25*%47 =52.75 and so on until the ultimate observation. The
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next step is to sort the data according to the variable “turnover” and to calculate

moving averages according to this sorting.

Table2.5b: Observations sorted by “turnover” in descending order

Company | Number of employees | Turnover | Number of sites
9 57.25 3000 14

4 40.25 3000 3

6 47.25 2000 10

3 34.75 2000 5

8 57.25 1500 10

7 52.75 1500 11

2 23.25 1500 6

5 42.75 1000 4

1 23.25 1000 2

Replace the individual values by moving averages of the variable “turnover™ i.e. the
second value (i.e. fourth company) for example is replaced by
0.25*3000 + 0.5* 3000 + 0.25* 2000 = 2750 . The final step is to sort the companies

according to the variable “number of sites™.

Table2.5¢c: Observations sorted by “number of sites” in descending order

Company | Number of employees | Turnover | Number of sites
9 57.25 2750 14

7 52.75 1500 11

6 57.25 2167 10

8 47.25 2250 10

2 23.25 1375 6

3 34.75 1875 5

5 42.75 1125 4

4 40.25 2750 3

1 23.25 1125 2
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In this case. the second observation (i.e. company 7) for example is replaced by
0.25*14+0.5*11+0.25*10=11.5.
The final table containing the micro-aggregated data according to the weighted

moving average technique has as follows:

Table2.5d: Results from the application of the weighting moving averages

method

Company | Number of employees | Turnover | Number of sites
] 23.25 1125 3

2 23.25 1375 6.75
5 34.75 1875 5

4 40.25 2750 3

b 42.75 1125 4

6 47.25 2250 9

7 52.75 1500 11.5
8 57.25 2167 10.25
9 57.25 2750 1.5

Under this method we expect an increase in the loss of information resulting from the
two missing weighted moving averages at the beginning and at the end. The
replacement of these observations by using repetition of existed values maybe be far
from the original data set. This is more likely at the tail of the distribution where

extreme values occur.

2.5 Methods Applicable to Qualitative Variables

In practice it is rare to find a data set consisting only of metric variables. More
common is to find all three types of variables, metric. ordinal and nominal ones
coexisting in a single set of data. In the sequel we examine micro-aggregation
techniques applied to qualitative variables. Such techniques are applied only to
ordinal variables or only to nominal variables or simultaneously to ordinal and

nominal variables under suitable definitions.



2.5.1 The Method of Snake

This technique concerns the multidimensional ordinal variables. Assume that we
have an ordinal variable consisting of five levels and two (in our case) or more
variables. and construct a 5x 5 matrix (see fig.2). In case that vou have more than
two variables separate the variables in segments of two. The sorting of the

observations is done on a basis of a starting point. {1.1} in the present example. and by
taking a relatively arbitrary route {1,1},...{1.5},....{5,5}. More specifically. the snake

defines a route on which the different values of the two dimensional space can be

ordered.
s [ A —F—»  p—— o
4 .
Var.1 3 _
2
1 2 3 4 5
Var.2

Fig.2.3: Graphical representation of the method of snake.

The ranking 1n the case of the method of snake is based on the computation of the
so- called snake variable and on a recursive algorithm in which the results from the
last level are transferred into the next level. More specifically. the snake variable is
calculated in each step. the results are ranked in descending or ascending. and groups
of kunits are constructed. Finally. each individual value is replaced by the group
mode or another statistic of central tendency. The formulas for calculating the snake
variable in the case that the range of variables is between 2and 5 and the recursive

algorithm are as follows:

im)= 641+
wik,Lm)=6"*1+ [v(l.m)]"”hI
x(j,k,L,m)=6>*1+ [W(k,l.m)]“””'
y(i.jkbm) =601 b m]

where v is the resulting snake variable on which the sorting of the observations is

based. i is the index of the first variable. j the index of the second variable and m is

the index of the fifth variable. In this method it 1s important to realise that the indexes

1,]j.m are defined by the arbitrary route that we choose to follow.
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2.5.2 Calculation of Entropy

Entropy is a measure of homogeneity of the variables. It is used in the case of
qualitative variables and adopts different definitions for ordinal or nominal ones.
(-3
. 2_p.ldp,
1=1

The entropy. H . in the case of a nominal variable is given by H, = o

where p, is the probability that an observation belongs to category 1. Id 1is the
logarithm base 2 and L is the number of categories. In the case of an ordinal variable

(——LZ‘]((p 1dp,')+(1—p,')1d[1—pl'm |

the entropy is given by H, = o where p, is

the probability that an observation belongs to category 1 or to a higher category. Id 1s
the logarithm base 2 and L is the number of categories. Let Q2 denote the population

consisting of p variables. then the entropy of the whole data set both in the case of an
. . p
ordinal and a nominal variable is given by H = ZHI :

Entropy can be used as a proximity measure that can take the form of a micro-
aggregation process. Assume that we have a data set consisting of qualitative
variables and we wish to create a micro-aggregated data set in which each group
consists of three units. At first all entropies of all possible paired observations are
calculated. These pairs are ranked according to their entropy in ascending order and
the pair with the least entropy is matched with all other observations to create all
possible triads given the initial two observations as the seed. The entropy is
recalculated for all these combinations of triplets and the triplets are ordered in
ascending order according to their entropy. The triad with the least entropy constitutes
the first cluster of observations and the observations that constitute this triad are
removed from the list of two observation combinations. In the sequel the next two
available combination with the least entropy is taken to create all possible triads. The

entropies of the triads are ordered and the triad with the least entropy is the second

cluster of observations. Following the same logic, all possible combinations of

—_

M\l.(
—

e
l:.U

W\ e

N '
/ x
(D] 8’8
4/0
Sy
i



groupings that minimise the entropy are taken and these groupings can be thought as
observations with similar characternistics.

The variance of the set of corresponding variables can no longer be used to
measure the loss of information since here we deal with qualitative variables. As a
result, apart from its use as a micro-aggregation technique. entropy can be used in
order to define a loss of information criterion in the case of ordinal and nominal
variables. More specifically a loss of information criterion is calculated as

Original Entropy - New Entropy y

Loss of Information Ratio= 100.

Original Entropy

2.5.3 Similarity of Distributions

This method concerns nominal variables for which a comparison between the
values taken by the individuals is made. The nominal variables are transformed into
binary variables and the individuals that have the closest distributions are regrouped.

In order to define the closeness of the distributions. a dissimilarity or equivalently
a similarity index of the characteristics that two individuals have at the same time is
calculated. The sorting of the observations is based on this dissimilarity (similarity)
index. After forming the groups. each individual value is replaced by the mode or a
weighted mode of the group that it belongs.

Another alternative. if the nominal variables are not so numerous. is to set up
groups associated with all possible combinations of the values of these variables and
to assign each observation to one of these groups and form groups of k units. In fact,
the pre-established groups may not be so numerous because certain combinations of

values will be impossible or very rare.

2.6 Evaluation Criteria

After applying the micro-aggregation techniques. we have to develop criteria for
evaluating the derived results. The micro-aggregation procedure can be viewed as an
effort to keep a balance between data confidentiality and data quality. This means that
our main objectives are to crate confidential data that at the same time respect as

much as possible the structure of the original data. The preservation of the structure of
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the original data ensures that the statistical analysis based on the modified set is
valuable. Consequently. the evaluation criteria serve a dual purpose. On the one hand
thev measure the data quality and on the other hand they evaluate the confidentiality
of the data set. For example. a high value of a perturbation indicator means that the
data modification is high enough to ensure confidentialitv. However. this also means

that the micro-aggregated data have distribution very far from the original data.

2.6.1 Measuring Criteria of Data Confidentiality

According to the statistical law. data in form of tables or of aggregates must meet

the following minimal constraints.

e Aggregates must not contain only one unit because it is treated as an individual
piece of data.

e Aggregates must not contain only two units because it would be possible to find
the value of the one by withdrawing the other unit.

o A cell is regarded as confidential if the n largest units contribute more than
k percent to the cell total. This i1s the dominance rule. The values of nand kare
determined by the provider of the original data who wants not to be identified (e.g.

the Member States or a company).

2.6.1.1 Value of The Threshold 'k’

The threshold 1s the minimum number of units that a micro-aggregated cluster
contains. The threshold can have different values that influence the result of micro-
aggregation. The higher the threshold the more the data protection and consequently
the higher the data perturbation. The minimal value of the threshold is derived by the
first two rules of the statistical law. That means that the minimal confidentiality is
achieved with three units in each micro-aggregated cluster. The grouping of units into
clusters of three is sufficient when for small observations but not for large ones. This
means that the threshold can be increased in the case that we have units larger than a
fixed size but this implies also a higher loss of information. The variable nature of the
threshold depends also on the fact one can form clusters by aggregating at least k

units and not exactly k units. These is made in the case of automatic classification
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methods where the aggregation is made for elements that are close to each other and

not because we have to satisfy an equal size constraint.

2.6.1.2 Concentration or Predominance Rule

According to this criterion a cluster is defined as confidential if the n largest
elements of the cluster contribute more than k percent to the cluster total. This is also

known with the name the (n,k) rule and is connected with the third point of the

statistical law.

One of the means of determining the predominance level is by using a

Zx)

concentration coefficient of the form C = — where x 1is the value of variable

X

x for observation 1 . When this indicator is around one, the concentration relies on

one value and if it is equal to nfor nvalues then the distribution is uniform. In
practice for a threshold of three, a cell is regarded as confidential if the two larger

elements contribute more than 85% of the cell total.

2.6.1.3 Indicator of Data Perturbation Before and After Micro-
aggregation

One can evaluate the number of units that are not sufficiently transformed by

micro-aggregation. in order to have a measure of the maintenance of the

X = X0:
confidentiality. This is achieved by using the indicator d(j)= abs W0 | where

X0
x{r}) is the value of the variable x for observation j after micro-aggregation and x?j)

1s the value of the variable xfor observation jbefore micro-aggregation. If the

indicator is lower than a certain bound for a too large number of observations, we

suppose that the method does not sufficiently maintain the confidentiality of the data.
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2.6.2 Criteria for Evaluating The Maintenance of The Structure

As we have already stated. when using the micro-aggregation methods there is a
trade off between confidentiality and data quality. The quality of the modified data set
is very important because it determines the quality of the results obtained from the
statistical processes with the modified data set. Criteria for evaluating the quality of
the modified data set are mainly based on the proximity between the aggregated and

the original data.

2.6.2.1 Use of Summary Statistics

One way to examine if the micro-aggregated data set preserves the characteristics
of the original data set is by using summary statistics of position or dispresion. These
statistics are different depending on whether the variables are numeric or ordinal. For
quantitative variables we can use statistics such as the mean. the median the deciles.
the variance and the Pearson correlation coefficient. For ordinal values we can use the
median the mode and the entropy and for nominal values the mode and the entropy.
More specifically. the calculation of such statistics aims at examining the closeness

between the distribution of the original and the aggregated data. For example assume

m _ ~O
the following index. Ratio of deciles = —Q’—OQ‘— where Q"is the ithdecile of the

micro-aggregated data and Qfis the ithdecile of the original data set. The lower the

ratio the smaller the difference between the deciles of the original and the modified
data. Moreover. apart from studying the univarite structure of the data we may wish to
examine also the multivariate structure. In order to do so we use the Pearson
correlation coefficient. If the correlation coefficient is more or less the same when it is
computed for the original and the modified data. we can assume that the micro-
aggregation process has not significantly changed the relationship that exists between

the different metric variables.
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2.6.2.2 Loss of Information Criteria

The loss of information criteria are usually described by means of analysis of
variance. In case of metric variables the loss of information is defined as the ratio

IntraVariance C . .
——————— A low ratio, implies closeness between the original and the perturbed

TotalVariance
data set. In the case of qualitative variables, the measurement of the variability of the
observations is the entropy. The loss of information is given by the ratio

Original Entropy - New Entropy 8

= 100. Again, the lower the ratio the closer the
Original Entropy

original and the modified data are.

2.6.3.3 Further Processing Ability

This indicator represents the ability of the transformed data to be used for making
new analysis and for obtaining results sufficiently close to those that we would have
obtained if instead we had used the original data. One will understand this criterion
concretely by applying to the original data and to the micro-aggregated data identical
analyses (e.g. regression models) and by comparing the results obtained for both data
sets. The closer the results the better the preservation of the original data structure and

the less the data perturbation.

2.7 Procedures in Eurostat and in European Countries

The micro-aggregation methods have been applied in Eurostat in the frame of the
first and the second Community Innovation Survey (CIS).

The CIS data sent by the Member States consist of more than 40000 anonymised
enterprise-level data on, among others, production, exports, R&D. innovation costs,
innovation outputs and information on how companies promote and hinder innovation
(a total of more than 200 variables some metric. some nominal and others ordinal).
The database thus includes sensitive data and the respondents have the right to be
protected from any disclosure of these data. At the same time the data available to the
public have to be modified in such a way that they contain the maximum of the

information.
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Among other confidentiality techniques. Eurostat has chosen the micro-
aggregation procedures for the CIS data. In the frame of the first Innovation Survey,
quantitative variables micro-aggregated according to the individual ranking method
using the mean as the aggregation statistic. Ordinal values modified according to the
‘snake’ method using the mode as the aggregation statistic and nominal variables
were perturbed according to the similarities of distributions method using as an
aggregation statistic the mode. In the case of nominal variables the first thought was
to use entropy method. However. this method was rejected because it is time
consuming. In the frame of the second Innovation Survey some changes have been
made. More specifically, the ordinal variables are still micro-aggregated using the
*snake” method but the route followed is the “snail” one. This happens because there is
evidence that a route of a "snail” type is more efficient i.e. in each step there is a
change in the categories of the variables in an alternate way. Furthermore, the sorting
order becomes descending so as not to find the largest elements in groups of four or
five units. This happens because both in the first and in the second Innovation Survey
the threshold used was three units per cluster. This means that if the number of
records is not multiple of three the last cluster will contain 4 or more observations.
Concerning the tests for the data quality of the modified data set the following
methods had been used. The ratio of deciles. the ratio of variances, the examination of
the marginal distributions. the correlation coefficient and the index of data
perturbation. The following table summarises the procedures. concerning the micro-

aggregation, in Eurostat. in Italy, in Spain and in Russia.

Table2.6: Procedures in Eurostat and in European countries concerning the

micro-aggregation techniques

Eurostat [taly Russia Spain
(CIS)"*
Method for numeric Individual | Sum of z- | Individual | Adaptation
variables ranking scores ranking of Ward’s
method
" Aggregation statistic Mean Mean Mean
Method for ordinal variables -Snake Not Not

‘2 Community Innovation Survey




-Snail treated treated
Aggregation statistic -Mode
-Weighted
mode
Method for nominal Similarities of Not Not
variables distributions treated treated
Aggregation statistic -Mode
-Weighted
mode
Threshold 3 34503
by
default)
Measure of quality and -Deciles,
confidentiality -variances.
-marginal
distributions,
-correlation
coefficient
2.8 Concluding Remarks

The micro-aggregation process for creating confidential data is of high interest for
both Eurostat and the Member States. Attempting to make some proposals concerning
the micro-aggregation procedures that are followed by Eurostat we can say the
following.

It 1s very important before starting the micro-aggregation procedure to examine
always the correlation structure of the data. If there is a high correlation then we can
resort to simple techniques like the Principal Component Analysis and obtain at the
same time good results.

Moreover Eurostat should foresee the development of more complex methods. For
example the application of Ward’s method if it is combined with sorting criteria such as
the first principal component, or the sum of Z-scores gives good results. Also the

improvement of Hanani's algorithm, although its algorithmic complexity, must be
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considered. These methods must be included into the micro-aggregation software that is
developed by Eurostat at this time point.

A lot of work is required in the domain of the assessment of the results obtained by
the micro-aggregation procedures. The software that is under development must be
enriched with more criteria for assessing the confidentiality aspect of the modified data
set. For example the indicator of data perturbation must be included into the new
software. Furthermore the software must be enriched also with practical criteria for
assessing the closeness of the original and the modified data set. For example it is
important to compare the correlation structure between the original and the modified
data set for assessing the quality of the data. Moreover. it is very interesting to examine
the further processing ability of the modified data set. This means that we have to apply
a simple linear model to both data sets (original and modified) and see if there are
significant differences in the results.

Generally speaking. in order to select an appropriate micro-aggregation technique.
we have to adopt a model choice behaviour i.e. to apply several methods and several
evaluation criteria. and then decide which method is the “optimal™ one. Using the term
‘optimal” solution we refer to a solution that is acceptable by the Member States and is

valuable for the purposes of the statistical analysis.
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Chapter 3

Backward Calculation Techniques

3.1 Introduction

Data currently produced by National Statistical Offices (NSIs) are often subject to
a revision process. The revision process can be viewed according to its double
dimension: routine revisions and occasional revisions. For both of them the main
purpose 1s to achieve better quality of the published data. While the former are
regularly made to incorporate the new available information in order to improve the
quality of the statistics, the latter occur at irregular intervals depending on major
accounting events.

Occasional revisions are produced by NSIs at longer and infrequent intervals. The
nature of such revisions may be statistical, when results from changes in surveys or in
estimation procedures, or conceptual. when results from changes in concepts.
definitions or classifications. The effect of an occasional revision increases according
to the interval that occurs between two successive revisions. Clearly, if the intervals
become longer. the effects of each revision become larger creating more difficulties
both for the accountants and the users. This implies also more work in revising, and
consequently, more difficulties in managing the revision process.

NSIs often face with occasional revisions. For example. when theyv change the
reference vear for constant price figures. they entail a revision process that involves
the entire national accounting framework. From a conceptual point of view,
occasional revisions are different because generated by different causes. Causes of
this type might be
e Changes due to new surveys
e Changes due to modifications in definitions or interpretations of the European

System of Accounts (ESA) and the System of National Accounts (SNA)

e Introduction of new calculation methods
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o Important economic events that have a big impact on the national accounting

system. An example of such an economic event is the introduction of EURO.
These occasional revisions are out of the usual scheme of revision and ask for a deep
analysis of the impact they have on the national accounting system and of the strategy
that accounts should follow to implement them. The main effect of these revisions is
to affect all national accounts. Time series associated to the national accounts
aggregates have to be revised according to the new changes. As a result of this
process, national accountants and econometricians want to have their disposal
national accounting series that are homogeneous and at the same time cover the
longest possible period. The reconstruction of the national accounts time series is
associated to a revision process usually referred as backward calculation or
retropolation.

Eurostat’s Unit B2 is now revising the backward calculation methodologies
adopted by some Member States. The reason for that is because Eurostat wants to
make suggestions to other Member States that have not developed methodology on
the backward calculation techniques to develop one. This is very important especially
at this time that there is an increasing demand for homogeneous time-series inside the
European Union. Furthermore. Eurostat foresees the development of the same
methodology internally. It is apparent that the role of Eurostat in this estimation
domain aims at the over space harmonization of the backward calculation methods.

The present chapter starts with the description of specific areas in which backward
calculation is necessary. Next we give an analytical description of the most well
known backward calculation methods (annual backward calculation method and
benchmark years and interpolation method). The Netherlands and the France
methodological approaches are described thoroughly focusing more on theoretical
aspects of the Kalman-Filter method used by France. In the final part some

concluding remarks about the retropolation methods are given.
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3.2 The introduction of EURQO, The 1993 System of National
Accounts Regulation and The 1995 European System of Accounts

Regulation. Three cases Where Backward Calculation is Required
3.2.1 Backward Calculation Due to The Introduction of EURO

The Problem

Until 31* December 1998, Member States of the Euro-zone. as well as the
remaining EU Member states, sent to Eurostat their statistical data expressed in
national currency. To obtain the figures for the European aggregates and to publish
them. these data were converted in ECU according to the exchange rate quoted on
financial markets. Time series associated to national accounts variables were then
stored in the commission databases both in national currency and in ECU.

Starting from the 1* January 1999, the national currencies of the Member States of
the Euro-zone and EURO are both official currencies. National currency will be valid
until 2002 and Member states will continue to publish their national accounts time
series in national currency until the end of 2001. Possibly. Member States will switch
to EURO in their national accounts before the scheduled deadline or they will publish
both figures. In any c2=~, during the period January 1999-December 2001 uational
currency and EURO will live together.

In order to have homogeneous time series, during the transitioning period,
Member States will convert their historical time series. expressed in national
currency. in euro series. This operation corresponds to a backward calculation of the
involved time series. The main difficulties in this problem arise fr(;m the fact that
ECU and euro do not represent the same thing. Officially, starting from 1% January
1999 the following relation stands.

l euro=1ECU
However, for the period preceding the euro birth, the problem of the conversion of

national currencies in ECU or euro arises.
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Solution

According to a recent note signed by Commissary De Silguy. the following

decisions have been taken on this subject:

National currency historical time series will be converted in euro according to the
exchange rate fixed on 30™ December 1998 (the official exchange rates).
Historical time series previously expressed in ECU will not change. Starting from
1*' January 1999, figures will be expressed in euro. Euro time series will be the
statistical continuation of the ECU time series. A sort of break will characterize
the label of these time series: until 31*" December 1998 they will be expressed in
ECU and afterwards in euro. The users of official statistics will be informed by
suitable footnotes.

Two types of historical time series will describe Euro-zone national accounts
variables: the Ecu-euro time series. as described just previously and the new fixed
euro time series obtained by converting the old national currency series according
to the euro exchange rate fixed on 30" December 1998. The main aim of these
"fixed” time series is to avoid contrasts between historical time series produced by

Member States and Eurostat.

From a statistical point of view the ECU-euro time series and the "fixed"euro time

series are different because of the fixed nature of the exchange rate between euro and

national currency in contrast to the floating rate of EC1J and national currency. The
two different natures of the series will imply different use and interpretation of the

statistics associated to them.

50



3.2.2 Backward Calculation Due to The Introduction of ESA" 1995
Regulation and The SNA'* 1993 Regulation

The SNA Problem

The 1993 System of National Accounts states that the System of National
Accounts consists of a coherent. consistent and integrated set of macroeconomic
accounts. balance sheets and tables based on a set of internationally agreed concepts.
definitions. classifications and accounting rules. One of the strong points of the SNA
is that it creates a basis not only for detailed snapshots but especially for comparisons
over time. In practice the accounts are compiled for a succession of time periods. thus
providing a continuing flow of information that is indispensable for the monitoring.
analvsis and evaluation of the performance of the economy over time. Time-series of
national accounting data give a detailed account of the economic development of a
country over time. Most countries in the world compile national accounts according to
the same international guidelines. which makes possible the comparison of economic
developments between those countries.

Although the time dimension is mentioned in the SNA, nothing is said about the
method to compile time-series. In fact, the SNA gives guidelines for forward
calculation of national accounting data and not for backward calculation. In the 1993
SNA (and in the 1995 ESA) the words revision. time-series. backward calculation or
retropolation does not appear. Furthermore. despite the fact that revisions of
international guidelines are one of the important motives to revise national accounts
and to obtain time-series which are consistent with the revised data for the revision
year, these revisions and the time series are not discussed. The fact that the session of
the twenty-third General Conference of the International Association for Research in
Income and Wealth (New Brunswick, Canada.1994) was devoted to policies for
revisions of national accounts is an indication that revisions and time-series are

considered to be a problem with no clear answers.

' European system of accounts.
' System of national accounts.
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The fact that the international guidelines do not discuss revisions and backward
calculations of national accounting data is probably one of the reasons that different
revision policies occur in different countries. This concerns differences with regard to
the frequency of the revision, the choice of the revision date, the level of the detail at
which the benchmark year is revised, the method for compiling time-series and the
length and detail of the time series. Differences in methods between countries obscure
comparisons between countries. As a result in order to achieve an international
comparability, the Member States of the European Community made some

arrangements for the backward calculation of national accounting data.

The ESA Problem

Starting form April 1999, Member States will publish national accounts figures
according to the European System of Accounts. The introduction of European System
of Accounts regulation entails several changes in the compilations of national
accounts. These changes demand for a backward calculation of time series to ensure
coherence and homogeneity of the series describing national accounts aggregates.

The introduction of European System of Accounts regulation is another typical
example of occasional revision due to changes in definitions and in interpretation. It is
a major occasional event that asks for a deeply analysis of the impact on the national
account system and on the historical national accounts time series. Because of the
importance of the changes that the European System of Accounts regulation
introduces in the national accounts systems, many Member States already analyzed
the effects of the new accounting rules and in some cases already started the
reconstruction of the time series.

In the following sections, several techniques of backward calculation of national
accounts time series proposed by some Member States are analyzed and discussed in
order to suggest to the remaining Member States concrete strategies to carry out

backward calculation.
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3.3 An Overview of Backward Calculation Techniques

One of the main aims of national accounts is to create a base for over time
comparison of economic variables. In fact European System of Accounts (ESA) and
System of National Accounts (SNA) regulation does not give any guidelines
concerning backward calculation or retropolation. For that reason, different solutions
have been adopted by Member States in order to treat this problem.

Generally speaking, in the methods for backward calculation of national

accounting data two archetypes can be distinguished

e Annual backward calculation
e Benchmark years and interpolation
In both methods several variants are possible and also a combination of both
methods is thinkable. For example in the Netherlands case a number of variants of the
first class of methods were used in the past. Until now, the second class was not used
except from the revision of the national accounting data in the interwar period. The
former class of methods is very well known in National Statistical Institutes and
methods belonging to them are currently used to revise time series. The latter has not

been intensively applied till now to revise national accounts series.

3.3.1Annual Backward Calculation

Annual backward calculation is based on the principle that the retrapolated figures
are calculated year by year back in time. Several methods can be used to obtain such
results. The differences among them depend more or less on accuracy, and
consequently time used in carrying out the revision process and more or less on the
intensive use of statistical techniques. The most well known methods belonging to the

backward calculation class are the following:

Full Revision Method

The full revision method is a very complete one. Figures to be revised, covering

all the years in the backward calculation period, are estimated by applying the same



principles that underlie the revision. This means that in the case of the application of
European System of Accounts regulation, past vears are estimated according to the
new rules established by that regulation. This procedure due to its detailed level of
analysis, asks for the existence of a very good system of basic statistics suitable to be
re-used according to the new classifications and revisions. Clearly. this method is very

time consuming and requires much staff.

Revision by Superposition of Corrections

Time series figures concerning the years of the backward calculation period are
determined by superposing corrections on the figures before revision. Starting point is
the consistent data set of national account which was compiled in the past.
Corrections resulting from the revision process are added to this basic set. The
revision process involves all the past years.

Two cases can be distinguished when applving this method: The former
corresponds to a superposition of a set of corrections already calibrated on the
complete accounting context: the latter implies the revision of the concerned item. the
extension of the revision of the concerned items to all periods and the consolidation of

all accounts.

Growth Rates Method

Starting from the balanced set of national accounts figures for the revision year,
time-series figures for the past are determined by applying backwards the growth rates
associated to the time series before revision. Obviously, if revised growth rates for a
certain variable are available, they are used. The revision process works at the level of
detail chosen. Afterwards, the figures are balanced again in the framework of a

consistent national accounts system.

Simple Proportional Method

The simple proportional method is a simplified version of the annual backward

calculation method. The revision year is expressed both under the new and the old



accounting system rules. Then in order to reconstruct the past revised values of the
series. a simple proportional rule is applied to the old time series values.

The simple proportional method offers an easy technique to carry out backward
calculation. especially in a first attempt to determine the new path of the involved
time series. Clearly. it is an approximate solution that does not analyze in a very deep
way the revision effects on time-series but on the contrary is a low resource and time

consumption approach to the backward calculation.

3.3.2 Benchmark Years and Interpolation

The second group of basic methods for backward calculation of national accounts
is based on a two step procedure. In the first step detailed estimates for one or more
benchmark years are calculated. In the second step. figures for the remaining years are
determined by interpolation. The benchmark years and interpolation method can be
applied in different ways i.e. the full benchmark year method and the layer correction

method

The Benchmark Years

Before starting the present description we have to give some basic definitions. As
we have already said retropolation of national accounting data is necessary after a
revision of the national accounts has taken place. Such a revision is carried out for the
so-called revision year. Consequently the revision year is that one for which the new
definitions and accounting rules are used for first time. The new figures for that year
are determined at a very detailed level using the new accounting rules. Revision years
and benchmark years are strongly connected. Actually the revision year is an
outstanding example of a benchmark year and is the starting point for the backward
calculation of the data. It is obvious that the benchmark years are crucial points in the
time series and they should include as much information as possible. That's why
benchmark years are usually years in which population, occupation or industrial
censuses are conducted. Furthermore the economic situation is of great importance for
the choice of the benchmark years. The correctiofts which are carried out for the

revision year have to be determined for the other benchmark years as well. After a
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number of revisions have been carried out in due time for all benchmark years. strata

of corrections matrices are available (one for each revision).

Interpolation

After the revision corrections for the benchmark vears have been determined. the
corrections for the intermediate years are calculated by interpolation. However. the
method of interpolation differs between Member States. In the next section we are
going to analyze the estimation approaches for the intermediate vears as well as the
history of backward calculation of two pioneering countries (in the field of backward
calculation); the Netherlands approach and the France approach.

Benchmark years interpolation method seems to be the solution to the problem of
backward calculation according to the methodologies proposed by Member States in
this field. This method has a number of advantages.
¢ The method is transparent and relatively fast.

e The revision corrections are determined explicitly.

e Decisions are taken in the past in the balancing of the data are upheld

e In the case of new revision only the revision corrections for the benchmark year
have to be determined.

As far as it concerns the interpolation method is flexible. not to much time consuming

and it can use direct information about certain variables for one or more years.

Full Benchmark Year

Figures for the benchmark vears are estimated in a detailed way. using new
definitions. classifications and sources. The benchmark vears should be very well
known and should dispose a complete set of basic information The integration and
balancing of benchmark vears is made according to the new accounting rules. This
means that the integration decisions taken in the past. are not used. The figures for the
years between the benchmark years are interpolated. The level of detail is chosen
according to the level of detail of the revision in the benchmark years and 1s extended
to the interpolated years. In the interpolation process the historical tracks of previous

revisions are taken into account.
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Layer Correction

Figures for the benchmark years are determined starting from the original,
balanced data set. Corrections, resulting from revisions, are balanced and then
superposed to the basic set of original data. In this way, layers of correction matrices
become available (one for each revision). Corrections for the intermediate years are
determined by means of interpolation of the correction matrices. Afterwards, figures
for the years between the benchmark years are determined by integrating the original
data and the corrections.

According to this method, corrections are determined for all years in the period to
be revised. However, not all years are treated in the same way. Especially in
estimating the revision corrections the difference between benchmark years and other
years is evident. The figures for the benchmark years are estimated with the help of

detailed information. The figures for the other years are estimated more roughly.

3.4 The Netherlands Case

In the Netherlands there is a tradition of almost 60 years in compiling time-series
of national accounts data. In 1948 the first revision of national accounting data
(referring to the years 1921-1939) was published.

In the Netherlands the various methods for backward calculation have been used
extensively. The annual backward calculation has been used for compiling time-series
1977-1985, consistent with the 1987 revision. The revision by superposition of
corrections method was used for compiling the time-series 1969-1977, following the
1977 revision. The growth rates method was used for compiling the time-series 1969-
1976 following the 1987 revision. The simple proportional method was originally
planned for the time-series 1948-68 according to the 1987 revision. The full
benchmark year method was originally planned for compiling time-series for the
years 1969-1986 following the 1987 revision. However, in the end the annual
backward calculation method and especially the growth rates method were used.

Recently, Statistics Netherlands decided to change the method of backward
calculation. The new method is a variant of the layer correction method belonging to

the benchmark years and interpolation category.
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In the Dutch case the corrections for the intermediate years are calculated with the
help of an interpolation procedure that has been developed for this purpose
(Kazemier, 1997). The interpolation is carried out within the framework of the input-
output tables.

To start with. the corrections for the benchmark years are expressed as a
percentage of the values before the correction. This means. if we take a column of the
input-output table as an example, that for each cell of the column a correction
percentage is determined. These percentages are interpolated between the benchmark
vears by assuming a linear pattern. Next. the percentages are applied to the values
before the corrections. In this way the before revision structures are kept and the
developments of the variables before revision are taken into account.

The system for the interpolation is very flexible. For instance. it is possible to use
direct information about a certain variable for one or more years. The corrections are
determined in such a way that for all non-benchmark years integrated sets of
corrections are obtained. These sets have the same structure and level of detail as
those for the benchmark vears.

In the Dutch situation the present benchmark vears are 1987.1977.1969,1958 and
1948. The first two years are revision years. For instance in the reporting year 1969
the 1968 SNA was implemented. In that year a reclassification of enterprises was
carried out and the value added tax was introduced. The vear 1958 is chosen because
in the past extra attention was paid in that year in the compilation of the national
accounts. The vear 1948 is a benchmark year because it is the first vear for which the
international guidelines of the 1953 SNA and the 1952 OECD were implemented. In
addition, the 1948 is the first ‘normal’ year after the Second World War.

3.5 The French Case

The French approach to the estimation of the intermediate years is based on a
linear model that links the variable in the new accounting system and the variables of
the accounting system before revision. The estimates of this linear model are obtained
by applving the Kalman -filter algorithm. Consequently, before focusing on the

French’s exact methodology we will describe the Kalman-Filter algorithm.
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3.5.1 The Kalman Filter

In 1960, R.E. Kalman published his famous paper describing a recursive solution
to the discrete-linear filtering problem. The idea behind Kalman's work is to express a
dynamic system in a particular form called state-space representation.

A Kalman-Filter is simply an optimal recursive data processing algorithm. There
are many ways of defining optimal. depending upon the criteria chosen to evaluate the
performance. One aspect of this optimality is that the Kalman-Filter incorporates all
information that can be provided to it. It processes all available measurements,
regardless of their precision, to estimate the current value of the variables of interest,
with use of (1) knowledge of the system and the measurement device dynamics (2)
the statistical description of the system of noises. measurement noises and uncertainty
in the dynamics of the models and (3) any available information about initial
conditions of the variables of interest. The word recursive in the previous description
means that the Kalman-Filter does not require all previous data to be kept in storage
and reprocessed every time a new measurement is taken. A Kalman-Filter combines
all available measurement data. plus prior knowledge about the system and measuring
devices, to produce an estimate of the desired variables in such a manner that the error
is minimized statistically. In other words, if we were to run a number of candidate
* filters many times for the same application, then the average results of the Kalman-
Filter would be better than the average results of any other. Conceptually, what any
type of filter tries to do is to obtain an “optimal™ estimate of desired quantities from

data provided by a noisy environment.

The State-Space Representation of a Dynamic System - Maintained

Assumptions

Let y denote an (nx1)vector of variables at date t. A rich class of dynamic
models for y, can be described in terms of a possibly unobserved (rx1)vector &,

known as the state vector. The state space representation of the dynamics of y is given

by the following system of equations:
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g =Fg +v B510)

v, =Ax +HE +w, (35.12)
where F.A’and H" are matrices of parameters of dimension (rxr),(nxk),(nxr),
respectively and x, is a (kx1) of exogenous or predetermined variables. Equation

(3.5.1.1) i1s known as the state equation while equation (3.5.1.2) is known as the

observation equation. The (rx1) vector v, and the (nx1) vector w, are white noise

vectors:
E(vtvt')=<Q fort=t 5513
0 otherwise
E(ww,)= <R fort=1 3514
0 otherwise

where Q and R are (rxr) and (nxn)matrices respectively. The disturbances v,
and w  are assumed to be uncorrelated at all lags:
E(viw.)=0foralltandt (3.5.1.5).

The statement that x, is predetermined or exogenous means that x, provides no
information about & . or w, . for s=0,1,2,... bevond that contained in
Yi»Y 2+ Y, Thus, for example. x, could include lagged values of v or variables
that are uncorrelated with £, and w, forall .

The system (3.5.1.1) through (3.5.1.5) is typically used to describe a finite series
of observations <y,,y3,....yT> for which assumptions about the initial value of the

state vector £  are needed. As a result we assume that £ is uncorrelated with any

realizations w or v, :

E(vi&,)=0 fort=12,..T (3
E(w,&,)=0 fort=12,.,T (3.5.1.

Thus. (3.5.1.6) and (3.5.1.3) imply that v, is uncorrelated with lagged values of & :

E(vE,)=0 fort=t-1.t-2..1. (3.5.1.8).

Similarly,
E(wi&.)=0 fort=12,..T (3.5.1.9)
E(w,y.) = E[wt(A'xt +HE, +wr)']= 0fort=t-1,t-2..1. (3.5.1.10)
E(viy;,)=0 fort=t-1t-2..1. (3.5.1.11)
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The svstem (3.5.1.1) through (3.5.1.7) is quite flexible. though it is

straightforward to generalize the results further to systems in which v is correlated
with w .

Derivation of The Kalman Filter

Consider the general state-space:

éH-I = Fit + v(+l
y{ = Ax( +H'E’l +“’I
fort=r1
E(v,v. )= <Q )
i 0 otherwise
) Rfort=r1
E(w,w_ )= .
0 otherwise

The analyst is presumed to have observed <y,.y,....,yT.x,,xl,...xT>.One of the

ultimate objectives may be to estimate the values of any unknown parameters in the
system on the basis of these observations. Actually there are many uses of Kalman-
Filter. It is motivated here as an algorithm for calculating linear least squares forecasts

of the state vector on the basis of the data observed through date t.

iv1/t = E(§(41 /) where

W= (¥ Yot e Y1 X Xy X)) (3.5.1.12)

and E(&,,,/W,) denotes the linear projection of £, on ‘¥, and a constant. The

~ A

Kalman-Filter calculates these forecasts recursively, generating &,,,.&,,,.--.,& 1,7, 1D

succession. The mean squared error (MSE) associated with each of these forecasts. 1s

represented by the following (r x r) matrix:

i_ . : L o By -
P = E|}§+l =& — i) \l(-"j'l'b)
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Starting The Recursion

A

The recursion begins with & ,, which denotes a forecast of £ based on no

observations v or x. This is just the unconditional mean of §, , §,,, =E(§,) with

associated mean square error given by the following formula:

Pio=E |:§| E(E,)) H -EZ )J (3.5.1.14)

A general rule for the initialization of the algorithm can be the following. Provided

that the eigenvalues of F matrix are all inside the unit circle. then the process for Z,

in (3.5.1.1) is covariance stationary. The unconditional mean of Z can be found by

taking expectations of both sides of (3.5.1.1), producing

E(&,,,) = FE(&,), or since &, is covariance stationary. (I, -F)E(£,) =0.

Since unity is not an eigenvalue of F , the matrix (I, —F) is nonsingular, and this

equation has unique solution E(§,)=0. The unconditional variance ofZ can be

similarly found by postmultiplying (3.5.1.1) by its transpose and taking expectations:
B 81 ) = E[(FE, + )& F+v,, )] = FEGE, JF+E(V,\V,., ). Cross  product

terms have been disappeared in the light of (3.5.1.8). Letting £ denote the variance

covariance matrix of & , this equation implies that £ = FIF'+Q whose solution by

theory is given by vec(Z)= [(Irz -(F® F)]'I veq(Q). Thus in general in the
initialization step of the algorithm we can focus in the following rules.

If the eigenvalues of F are inside the unit circle then the Kalman-Filter iterations can

I

be started with &,,, =0 and P, the (rxr)matrix whose elements expressed as a

column vector are given by vec(P,,,) = [(Irz -(F® I:)]'I veq(Q).

If instead some eigenvalues of F are on or outside the unit circle, or if the initial state

g, is not regarded as an arbitrary draw from the process implied by (3.5.1.1), then
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E,, can be replaced by analyst’s best guess as to the initial value of &, , where P,

is a positive definite matrix that summarizes the confidence about this guess. Larger

values for the diagonal elements of P, register greater uncertainty about the true

value of Z, .

Forecasting v,

Given starting values £, , and P,

the next step is to calculate analogous

~

magnitudes for the following date. &,,, and P, , . The calculations for t =23

3., T
all have the same basic form. so we will describe them 1n general terms for step t ;

given 2, and P, the goal is to calculate £, and P

.., .. First. since we have
assumed that x, contains no information about Z, bevond that contained in ¥, .

f‘:(é( /x('qjl- ): E(él /\{Jl—l) = i.t t=] *

Consider that we want to forecast the valueof y,: y,.., =E(y,/x,.'¥ )

From (3.5.1.2) we notice that I%(y()=Axl +HE, . From the law of iterated

projections and using the previous expressions we conclude that
A A

Yo =AX+HEQE, /x W) =A%, +HZ,,, (33115
The error of this forecast can be derived analvtically with the help of (3.5.1.2)
equation. More specifically.

Yo T Y T A'X‘ + Hit tw - A’xl - Hrét/t-l = H<&.t - é(/t-l) W, with mean
square error given by the following formula:

E[@[ Y)Y, —§m-,>'] - E[H'(ét —E G -E, ,-1)'H}+E[w‘w;] (3.5.1.16).

Cross product terms have disappeared, since ElrwI &, - c’;m_,)'—\ = (0 because we

have assumed that w, is uncorrelated with £ . Furthermore, since &,,,_, 1s a linear



function of ¥, , it must be also uncorrelated with w, . Using (3.5.1.4) and (3.5.1.13),

equation (3.5.1.16) can be written as follows:

Eli(}’t "Yt/t—l)(yt —yt/t—l)'] = H'Pt/:-lH +R (3.5.1.17)

Updating The Inference About %,

Next the inference about the current &, is updated on the basis of the observation

of y, to produce é_m = }Ai(ét 1y, x,¥._ )= ﬁ(é‘ /¥,). This can be calculated by

using the formula for updating a linear projection:

e >

ét/t =ét/t—l+<E (€ - >t 1_1)(Yt = y‘/t_])'1>

L

: 5=
A A A
X'<E (Vi = YeremDV = Ye) l> X(Y¢ = Yes-p) (3.5.1.18).

But

E<(ét _E»t/t—l)(Yt —yt/t—l)’>= E [it —g‘/t-ljl{H,((ét —ét/t—l)q}-wt} -

A

= E{(ét =& & _é”‘”')’Hl =P, H (3.5.1.19)

By appropriate substitutions we end up to the following formula for updating

inference about & :

A A A
&t =&+ Py HHP,  H+ R)_l.(y[ -Ax, -HE ,,_). (3.5.1.20)
The mean square error associated with the updated projection. which is denoted by

P,., . can be found as follows:

t
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Pt/t = E|:(§t _ét/t)(ét -éz/t)l—' = E{(‘it _ét/t-l)(gt -gt/t—l )’J_ <E (at -ét/t—l)(Yt —§t/t—l)':|>

. -1 2 -
x <E‘ (Ve = Yo=Yt = Yese-1 )}> x<E{(y[ = Y-t &e =& 1) > =

=bh/t-1— t/t—lH(H'Pt/tqH+R)—1H'Pt/t_1 (3.5.1.21)

S+l

Producing a Forecast of

Next. the state equation (3.5.1.1) is used to forecast Z,_,:

A A A A A
§t+1/t = E(awl /\Pt) = FE(ét /\Pt) + E(Vt+1 /\yt) = FE}t/t+0 (3.5.1.22)

Substituting (3.4.20) into (3.4.22) we derive the following expression:

A A A

Eeere = F& o+ FPy HH Py H+R) (y, -A'x, -HE ;) (3.5.1.23).
The last expression of the (3.5.1.23) equation is called the measurement innovation, or
the residual. The residual reflects the discrepancy between the predicted measurement

and the actual measurement y,. The matrix given by FP, H(HP, H+R)' is

vt-l
known as the gain or blending factor denoted by K, and is chosen in such a manner

in order to minimize the a-posteriori error covariance of the state forecast.

Consequently equation (3.5.1.23) becomes

A A A
Eevrit =FE it Ky -A'X, -H'E, ) (3.5.1.24).
The mean square error of this forecast can be found from (3.5.1.22) and the state

equation (3.5.1.1). Analytically the mean square error can be derived from the

following formula:

(im ‘gt+1/z)(§t+l —gt+1/tj ] = E]V[FE.K + Vi, ‘Fg:/t)[Fit + V4 -Fng }=

P =E

A A '
= FEl»(étﬂ _ét/t][éH-l _gt/t) }F""E[Vtﬂvwl']: FP, F'+Q (3.5.1.25)

The cross products are again zero because of the initial assumptions. Furthermore
substituting (3.5.1.21) into (3.5.1.25) we derive the following analytical form for the

mean square error of the state forecast.
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P.i/¢ =FPyq =Py HH P (H+ R)_lH'Pm_l}F'+Q. (3.5.1.26)
If we observe carefully the gain factor K, we will see that as the observation error
covariance approaches zero. the gain K, weights the residual less heavily. Another
way of thinking about the gain factor K, is that as the measurement error covariance

R approaches zero. the actual measurement is trusted more and more. while the

predicted measurement is trusted less and less.
Summary of The Kalman-Filter Process and Remarks

To summarize. the Kalman-Filter starts with the unconditional mean and variance

of &: &,,=E(,) and P, ,=E F]—E(él):l{ﬁ_[—E(E_,)l . Typically these are

givenby £, =0 and vec(P,,,)=[1. - (F®F)]" veq(Q).

Then. we iterate on 8 =Fg,,,,+FP, HHP, H+R)'(v -A'x - Hé.:'m) and

t+lit

P, =FP,, P  HMHP, H+R)HP,_ JF+Q for 1=12..T. The value of

&..1,. denotes the best forecast of £,,, based on a constant and a linear function of

(Y, ¥ e Y1+ X, X oo X ). The matrix P

-

gives the mean square error of this

t+1/1

forecast. The forecast of y,,, is given by y ,, =A%, +H% with associated

t+1/1

mean square error E{(yHI = —\;l+1/t YV = Yean )} =HP_ H+R.

The Kalman-Filter process estimates a process by using a form of feedback
control: the filter estimates the state process at some time and then obtains feedback in
the form of (noisy) measurements. As such. the Kalman-Filter equations fall into two
groups: time update equations and measurement update equations. The time update
equations are responsible for projecting forward in time the current state and the error
covariance estimates in order to obtain a-priori estimates for the next time step. The
measurement update equations are responsible for the feedback i.e. for incorporating a
new measurement into the a-priori estimate to obtain an improved a-posteriori

estimate. The time update equations can also be thought as predictor equations, while
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the measurement update equations can be thought as corrector equations. Indeed the
final estimation algorithm resembles that of a predictor-corrector algorithm for
solving numerical problems. Schematically we can describe the Kalman-Filter

algorithm as follows:

Initial estimates
13
£1;02nd Py

Measurement Update

state estimate ahead

Time Update (Correct) (Correct)

(1) Project the state (1) Compute the Kalman
ahead T.:_L gain

(2) Project the error (2) Update the state
covariance of the estimate

(3) Update the error

covariance of the state
estimate

Figure 3.1: Graphical representation of the Kalman-filter algorithm.

Using the Kalman-Filter to Evaluate The Likelihood Function

The Kalman-Filter was previously motivated in terms of linear projections. The

forecasts &,,,, and y,,,_, are thus optimal within the set of forecasts that are linear

in (x,.%¥,;) where ¥ _ =(y,.,,yY 2 0¥ 5% X« X, ) . If the initial state &,

and the innovations (w,,v, )., are multivariate Gaussian, then we can make the
stronger claim that the forecasts £, _, and y,, _, calculated by the Kalman-Filter are
optimal among any functions of (x,,'¥, ). Moreover, ifg, and (w,,v,),, are

Gaussian, then the distribution of y, conditional on (x,,%¥,,) is Gaussian with mean

and variance given by the following expression:

67



A

v/x ¥ ~ NE[A’xl +HZ j,(H’Pm_,H + R)j; that is

5

— (" —n/_ , -1’2 ‘\5177
fy, rx, ¥, (v /x, ¥ ) =@n)""*HP, H+R| (3.5.1.27)

“

1 : 2 s = . 2 -
X exXp —;[y[ - A'x, =H :mt_IJ (HP, _H+R) '[yt -Ax,-H gm_l] fort=12..1T

From (3.4.26), we can construct the log-likelihood that has the following form:

T
Zlogfyt Ix ., We/x W) (3.5.128).

t=1
Expression (3.5.1.27) can be maximized numerically with respect to the unknown

parameters in the matrices F,Q.A.H and R.

Smoothing

The Kalman-Filter was previously motivated as an algorithm for calculating a

forecast of the state vector Z, as a linear function of previous observations

~
)4
-]

v =E(@E,/Y¥,_)). The matrix P, _, represents the mean square error of the forecast

and can be estimated by using the following formula:

Pl/t—l = E{{éx _ét/l—] j(éx —é_x/r-lj J

A goal might then be to form an inference about the value of %, based on the full

set of data collected. including observations on y .y, ,....¥1.X,,X X;. Such an

1o Stelacere

inference is called the smoothed estimate ofZ,. denoted by %”T = Iﬁi(iI /¥;). For

example, data on GNP'® from 1954 through 1990 might be used to estimate the value

that £ took on in 1960. The mean square error of this smoorhe” estimate is denoted

with P, 7 = E (g‘ —émj(ét —gt,Tj (3.5.129).

'* Gross National Product.
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Consider the estimate of £, based on observations through date t. §,,,. Suppose
we were subsequently told the true value of £, . From the formula for updating a

linear projection. the new estimate of &, could be expressed as:

E(ét/ét-ﬂ’\yt) = E,ot/t+ <E!:(&.ot - gt/t)(éwl - gt+1/t)’—‘>

-1
b E<|:(§t+l - §t+1/t)(§t+] = §t+l/t)' :|> S (E.wl - épl/tj (3.5.1.30)

The first term in the product on the right hand side of (3.5.1.30) can be written as

E[(ét R —EH.“)} - E{@t &y (FE + v - F%m)}

Furthermore. v ,, is uncorrelated with &, and & ,,. Thus,

Eli(g‘ —ét:‘t)(iul _gnllt)} = E{(EA _E.H/l)(él —a.tl).F'J' = Pr 1F' (CERIFONY)S

Substituting (3.5.1.31) and the definition of P, into (3.5.1.30) we obtain the

following expression:
A A ol A
E(E.:t /it-{-l’\{’l) = E.:t/t"' Pt/tF Pt+1/t(§t+l - §t+1/t)
Defining J, = P, F P}/, (3.5.132)

A A A
we have that E(§, /&1, V) =&+ I (€1 —Era/t)

A
The linear projection (3.5.1.32) turns out to be the same as E(&, /&,.,'¥1) (3.5.1.33).

That means that knowledge of vy _ or x,,; would be of no added value if we already

t+j
knew the value of &, ,.

It follows from the law of iterated projections that the smoothed estimate,

I::(il /\¥;), can be obtained by projecting (3.5.1.33) on ‘¥;. In calculating this

projection, we need to think carefully about the nature of the magnitudes in (3.5.1.33).

The first term, &, , indicates a particular exact linear function of ¥; ; the coefficients

of this function are constructed from population moments and these coefficients

should be viewed as deterministic constants. The projection of &, on ¥, is thus still

69



g, .. The term J, is also a function of population moments. and so is again treated as

deterministic quantity. The term £ ,, is another exact linear function of ¥, . Thus

the projection on ‘¥, is given by the following expression:

A

E(gt/LPT) =E.~t/t+Jt

E(éwl /lPT) ’éwl:l or

N N A A )
Eut =8t IeEuar/T Eestrd) (3.3.1.34)

.
Thus. the sequence of smoothed estimates <§( /T> 1s calculated as follows:

tel

) T . Tt
First the Kalman-Filter is calculated and the sequences <E_l t> <§H,,t> <PH>T
1

(i

<PM ‘>: are stored. The smoothed estimate for the final date in the sample. <E{T,T>

T

1s just the last entry <£t,,> . Next we generate <Jl >:l. Then we use (3.5.1.34) for

tm]
A A N A
t=T-1 to caleulate &;_ |, r=&r ;7 1+I11C1,r8r/7-1)- Now that

Eq it has been calculated we use again (3.5.1.34) for t=T-2. Proceeding

backward through the sample in this fashion permits calculation of the full set of
smoothed estimates.
As far as it concerns the mean square error associated with the smoothed estimate
we obtain the following:
ét _E.n/T = g( _él/t _Jl §|+I’T+ Jr éhl/t

or

A

A A Ve
e _ _x _= =
gl é(’T+ thnl/T LSl Sy r+J1C.|¢|.t

Multiplying the previous equation by its transpose and taking expectations, we obtain

E{@t & 1, —Em'} LE[(EH./T &H,,T')}Jte (3.5.1.35)

= E[(E.st —gm)(it -it/t)'J*‘JtE[(éwl/t élﬁ-l/t')JJl’
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The cross-product terms have been disappeared from the left side because &, ,,.; is a

linear function of ¥, and so is uncorrelated with the projection error £ -Z%, .

Similarly. on the right hand side, £, , is uncorrelated with &, -¢&,,,. Consequently

equation (3.5.1.35) states that:

+E{(§t+|/t§t+|/z')}>1t'. (3.5.1.36)

A

Fay
Pt =Py +Jt<* E{(im/T SV

With the help of (3.5.1.36) we obtain the mean square error for the smoothed estimate
which is given by the following formula:
P.,=P, +J (Pt =P, ) (35137).

Again. this sequence 1s generated by moving through the sample backward. starting

with t=T-~1.

The French Model

The principle underlying the retropolation in the French case is as follows. We are
trying to work out for a period of T years the measurement of an item that is known
for only k years (k<T) in two accounting systems simultaneously and for T vears in
one of the systems. Schematically the previous case can be described by the following

figure.

T vears unknown under new rules K vears known under new rules

v

T+k years known under old rules

For this purpose France and more specifically the Institut National de la
Statistique et de Etudes Economiques (INSEE) proposes to use a linear model linking
the variables in the two accounting systems and from this to calculate the conditional
(or linear) expectation of the non-observed variables as a function of the set of values

available under the former system.
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Let x, be a vector of the observed values available at date t of N accounting

magnitudes obtained in the former base. Assume now that a new measure X, is

introduced. Our objective is to construct the time-series for the past according to the
new measure X. In other words what we are looking for, is to calculate the following
conditional expectation.
E(X, /X, X500 X X oo X g Xpap oo Xopaic )
Experience and several trials have led France to adopt two types of short-term

annual dynamic linear relationship between x, and X, having the following form:

AX, = alAx, +BAX,, +xAX  +¢,

Ax, =dAx, , +¢(AX ) +7,

or

X, —ax, =+BAX, +yAx _, + (X, —ox, ) +¢€,
Ax, =0Ax,  +&(X,_, —ax ) +n,

win (N[0} )

The model above contains non-observable variables and the estimation of the
parameters is carried out using the Kalman-Filter method. However, this type of
estimation remains problematical from a numerical standpoint since the likelihood
may show local maximum.

The estimation procedure of the French retropolation model can be described by
the following algorithm:

X =ax_, +BX,, +g, . €, 0\(c 9 ) ]
with ~N A .Expressing the model in state-
X, =0x,_, +0X _, +n, n, 0)\8 o

space form-necessary in order to apply the Kalman-Filter method- we derive the
following model:
z, =0z, +v,

X, o B £,

y, =(0,Iy)z,,K<t<T+K where z = O = 5 andv, = .
X

y,=z,1<t<K ‘ i

We want to express the likelithood of (y,,¥3s¥1.k:Y1ex) - Applying the

properties of conditional expectation, we obtain:
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(D, Z/ Y, s Y1ui)) = IN(F(y , / ¥, @, EN In(E (¥ / ., ¥ D, ))...
In(f (Y 1.k / Y 1okt s Y1 P 2))

D@, /Y,y Yo )) = — At K DNHD |y KL

2
1 X 1& 3
-521n(det>:(t/t-1))—32(y, =@y, )Ty, - Py,)-
K+l = 2
T+K

—Z(Y( —yt“_l)'Z(t/t'—l)-](y‘ _Y(/(—I)

2 K+1

In(detX)

where y, represents the conditional likelihood of y, for the entire set of observations
to date s and Z(t/s) is the conditional variance for the same set of information.
These quantities for (t > K) are calculated by the following steps.

V(z,,,,)=Z

Zy e = Yk

e Initialization

z2,,=0z_,.
V(z,,,.,)=0V(z,_, )D+Z

o Conditional Expectation Y, =(0,I)z,,_

0
V(ylll-l) = (09IN)V(Z‘/(-| )(I j
N

0 _
Zi T Zia +V(zt/t-l)(l ]V(YI/l-l) l(yx _ym-l)

N

0
e Correction V(z,,)=V(z,,.)-V(z,. )(I
N

\]v(yl/(—l)ﬂl(o IN)V(ZI/I‘I)'

Once the parameters have been estimated, it is possible to construct by a smoothing

process the likelihood of (1,04)z, conditional on the whole of the available

observations which is what we were looking for. This is obtained by the following

procedure:

. . -1
SmOOthlng' Zt/'hK = Zx/t +V(Zt/t)q)v(zt+1/1) (Zt+1/T+K _zt+l/[) .
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Software for The French Retropolation Method

A retropolation program was developed to provide automated estimates of time
series. France’s retropolation software is supported by SAS software and IML'® and it
is developed for MVS operating system.

It has an understandable manual that provides definitions of the basic concepts as well
as examples.

There is a clear way of inputting the data consisting of the series from the old base as
well as the series from the new base.

The software provides a number of statistics for the evaluation of the candidate
models. Statistics of this type are the standard deviations of the parameter estimations
(the smaller it is the better), the standard deviation of the period of analysis (the
smaller it 1s the smaller the degree of imprecision), the Bayes information Criterion
for assessing how good is the fit of the estimated models as well as a number of other
criteria for evaluating the convergence of the algorithm. Moreover the software
produces graphs of the retropolated series and the old base series which provide an
additional help in the evaluation of the candidate models. Although there is an on line
help and a friendly to the user environment the present retropolation program requires
a familiarity with the advanced statistical programs such as SAS and S+ and also
knowledge on basic statistical concepts. As a result there is a need of training in order
the user to be able to use the macros and to program in a satisfactory level.

The big advantage of this software is that by using it we are in the position to
evaluate all candidate models and decide which is the optimal one. However, we must
be very careful when speaking for maximization of the likelihood or for convergence
because instead of a global maximum we might find a local one. Also the evaluation
of the candidate models is based on some statistical criteria but these are not the only
ones. The best solution in this case is to adopt a model choice approach i.e. run

different models and decide which is the best.

'® Interactive Matrix Language.
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3.6 Concluding Remarks

Eurostat is now revising the backward calculation methods in order to be able to
make proposals to other Member States to develop a relevant methodology. These
proposals aim at the better harmonization of the backward calculation techniques and
consequently to the better over space comparability of the results

Attempting to make some concluding remarks about the retropolation methods in
France and Netherlands we can say the following:

The Netherlands approach is based on the benchmark years/interpolation method.

In this method, after specifying the corrections for the benchmark years, interpolation
is applied in order to specify the corrections for the intermediate years.
The French approach is different in that the estimation of the intermediate years is
based on a linear model that links the variable in the new accounting system and the
variables of the accounting system before revision. The estimates of the linear model
are obtained via the Kalman—Filter algorithm.

The best solution for the backward calculation is the full annual backward
calculation. However. this technique requires a very good system of basic statistics,
very good and detailed knowledge of the national accounting system and is very time
and staff consuming. Under these restrictions benchmark years/interpolation method
seems to offer a good alternative solution. Although benchmark years method is a
more rough and mechanical method, it can give good solutions to the problem of

backward calculation but only under certain quality requirements.
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Chapter 4

Aspects of Sampling Procedures

4.1 Introduction

The main scopes of this chapter are the following: (1) to give a description of the
most frequently used sample designs. (2) to give a description of the most frequently used
weighting procedures and (3) to investigate the progress that has been made towards the
harmonisation of the measurement procedures or the measured concepts. The first two
targets are connected with estimation procedures that are being applied in the Member
State level but are being also discussed by Eurostat. The third target is connected with
harmonisation attempts that are mantpulated both by Eurostat and the Member States.

The complexity of this domain is its multinational character due to the fact that the
sampling procedures are applied at national level. Consequently, in order to achieve the
targets of our description, we have decided to use as exploratory tools three important
sample surveys that are applied in each Member State. These are the labour force survey,
the European Community household panel and the household budget survey.

The chapter begins by describing the stratified random sampling. The aspects of
proportionate and disproportionate allocations together with the properties of the
estimators under these cases are being examined. Moreover best practices of increasing
the efficiency of the sample and of forming the strata are also described. In the sequel
some alternative sampling designs connected to the stratified sampling are being studied.
These are the systematic sampling and especially the case where the stratified sampling is
combined with systematic sampling and the multistage cluster sampling. Focusing more
on the multistage cluster sampling, the cases of sub-sampling equal (two and three-stage
sampling) and unequal clusters (two-stage sampling with probabilities proportional to

(estimated) size, or with equal probability selection) are being described. Once again, we
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focus more on the multistage stratified cluster sampling. which is the most frequently
used sample design.

The next pages are devoted in describing two adjustment procedures. The post-
stratification technique and the raking ratio adjustment are described both in the general
and in the non-response case.

In the rest of the chapter three major sample surveys carried out in the European
Union are being studied. The first is the labour force survey. After a general description
of the purposes of the labour force survey and its technical features, attempts for the
harmonisation of the concepts of this survey are being described. Attention is paid in the
sampling and weighting procedures in the Member States and Greece.

The second survey is the European Community household panel. The description
starts with the objectives of the survey, the outline of the design and its special features
1.e. multi-dimensional coverage, cross-sectional comparability (harmonisation), and
longitudinal design. The sampling (sample design. sample size and allocation) aspects of
the first and the subsequent waves are being studied. The cross-sectional and the
longitudinal weighting procedures proposed by Eurostat and aimed in adopting
harmonised weighting procedures are thoroughly examined.

The last survey described in this chapter is the Household Budget Survey. Again the
objectives of the survey. the sampling aspects, the weighting procedures and the cases in

the Member States and Greece are being studied.

4.2 Stratified Random Sampling

4.2.1 Description of The Method

{
Stratification is one of the most widely used techniques in sample survey design

serving the dual purposes of providing samples that are representative of major subgroups
of the population and of improving the precision of the estimators.
The following steps can roughly describe the stratified sampling: (a) the population of

N units is first divided into subpopulations of N,,N,.... ,N, units respectively. These

sub-populations are called strata, are non-overlapping and together comprise the whole
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population. (b) Within each stratum a separate sample is drawn from all the sampling
units composing that stratum (c) From the sample obtained in each stratum, a separate
stratum estimation (e.g. mean, aggregate, proportion estimate) is computed. These
stratum estimates are properly weighted to form a combined estimate for the entire
population. (d) The variances are also computed separately within each stratum and then
properly weighted and added into a combined estimate for the population.

There are three principal reasons for resorting to stratification:

1. Stratification may be used to decrease the variances of the sample estimates.

In proportionate sampling, the sample size selected from each stratum is made
proportionate to the population size of the stratum. The variance is decreased to the
degree that the stratum estimates (e.g. the mean of the stratum) diverge and that
homogeneity exists within strata.

On the contrary, in disproportionate or optimal allocation, different sampling rates are
used deliberately in the different strata. The variance can be decreased by increasing
the sampling fractions in strata having higher variation or lower sampling cost.

2. Strata may be formed to employ different methods and procedures within them.

(a) If the physical distribution of parts of the population differ radically, it may be useful
to tailor different procedures to the several parts. For example, in selecting a sample
of people separate selection procedures may be employed for persons living in
private dwellings, for those in institutions of various kinds and for those in the
military service.

(b) There may be differences in the lists available for different parts of the population.
For example, we may use a city directory to select most of the dwellings within a
city, then supplement it with an area sample for dwellings missed by the directory.

(c) The diverse nature of elements in parts of the population may call for different
procedures. For example, in a study of a firm’s employees we may prefer written
questionnaires for the “white collar’ workers, but personal interviews for the ‘blue
collars’.

3 Strata may be established because the sub-populations within them are also designed
as domains of study. A domain is a part of the population for which separate

estimates are planned in the sample design. For example, the results of national
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surveys are often published separately for each component region; therefore, it is

helpful to treat the regions as strata with separate selection from each.

4.2.2 Proportionate Sampling of Elements. Properties of The Estimators

— Variance of The Estimators

This is perhaps the most widely recognised method of selection. It is what people
generally and vaguely mean when talking for a ‘representative sampling’ of samples that
are "miniatures of the population’ and by the notion that the different parts of the
population should be appropriately represented into the sample. In proportionate samples,
the sampling fraction in each stratum is made equal to the sampling fraction for the

population as a whole. That is n, /N, is made equal to n /N for every h. In terms of

sampling fractions we have f, =f, =f, =f, which is the overall sampling fraction.

In general terms, the estimate for the population mean used in stratified sampling y

st ?

L -
- ZNh Y
h=1

is given by the following formula: y_ =

L
I > W, ¥, , while the variance of this
h=]

- - L 2
estimate is given by V(y_) = sz(yst) = %ZN,1 (N, -n, )&
h=1 n

h h=1 n,

_ L w2
An alternative form for computing purposes is s*(y, ) = Zh—sh - Z
n

If y, is an unbiased estimate of the population mean in every stratum and sample

selection is independent in different strata, then the stratified mean is an unbiased one

with variance given by z WhZV()_/,‘ ).

The estimate of the proportion- in the general case- appropriate in the stratified

sampling is given by p , = Z% while the variance is given by
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Vp,) =] ZNh:(Nh -n,)P,(1-P,)

- . Also the aggregate estimate is given b
N~ N, =1 n, S s Y

1]

Y = Ny, and the variance of the aggregate estimate is given by

J&f,
fh

N, . :
Var(Y)=Z(1_f|,)_hsh— =Z Nhsh-
nh

In the case of proportional allocation that we examine in this paragraph the

population mean can be estimated with the simple mean of the sample cases i.e. the

sample total divided by the number of cases in the sample y_

= ;11—2 v, . This happens

in the proportionate sampling because n, /N, is equal to n /N which means that

f, =f and n=Nf. Expressing this we have that

Ny

= 1 H 1 Ny 1 H 1 5
Yoo = K??Z‘ = ﬁgzy'“ = ;Z v . As a result the mean of a proportionate

sample can be estimated without sorting the elements into different strata.

On the contrary the elements must be sorted into separate strata for computing the

N S . .
variance. Assuming that n, = E?\Il which is true for the case of proportional allocation
: = N,S,° N-n_ 1-f .
we find that the variance reduces to V(y_) = Z'Wh_h( ~ 0y = -—Z W, S, .
N n ! n

In the case of the sample total, Y. for a proportionate sample the variance is given by

-

H Ry 7
var(Y) = (1 - f)z nnh 1[Zym' - }nh J The variance of proportions for a proportionate
R S h

nh
n, -1

_ H
sample can also be computed as var(p ) = (l—nf)z W, p,(1=-p,).

Generally we obtain only small or moderate gains form the proportionate sampling of
elements. because the variables available for stratification such as age and sex do not
separate the population into very homogeneous strata. Variables with the high
relationships necessary for large gains are rarely available for stratification. Knowledge
of the subject will usually enable the researcher to make good choices from available

variables. However, the wide use of proportionate sample can be justified for several
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reasons. Firstly, it often yields some modest gains in reduced variances. Secondly, it is
safe because the variances can not be greater than those for an unstratified sample. of the
same size. Thirdly, it can be done simple and easily. Fourthly, and finally, it results in

self-weighting means.

4.2.3 Disproportionate Sampling or Optimum Allocation

This method of using stratification to increase the precision of the estimates is in
contrast to the proportionate sampling. It involves the deliberate use of widely different
sampling rates for the various strata. More specifically, the values of the sample sizes,

n, . in each strata may be selected in order to minimise the variance of the estimate for a
specified cost or to minimise the cost for a specified variance.
Assume a simple cost function of the form
C=c,+2 c,n, (423.])
where c, is the cost per stratum and n, is the stratum size. In stratified random

sampling, assuming a cost function of the form of (4.2.3.1), means that the variance of

the estimate is minimised when n, is proportional to

Npsy /fcn (4.23.2).
In other words the last mathematical expression means that we have to take a larger

sample if the stratum is larger, if the stratum is more variable internally and if sampling is

cheaper in the stratum. From the previous, we conclude that

Do o WS NG 053

n Zithh / \/a ;
Equation (4.2.3.3) expresses n, in terms of n which has not been specified yet. There

are two ways in viewing the specification of the sample size. If cost is fixed then the by
substituting the optimal values of the stratum sizes into the cost function (4.2.3.1) we

obtain

(C —Co)z (Nhsh /\/a:)
Z(thhx/a)

(4.2.3.4).
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On the other hand if variance, V, is fixed then by substituting the optimal values of the

stratum sizes into the formula for the variance (e.g. for the mean estimate) we obtain

= )3 (Nhsh \/a)ZNhs*‘ { Ch (4.2.3.5).
V+(1/N)y W;s,”

In general, optimum allocation sampling leads to the following rules: in a given
stratum, take a larger sample if (a) the stratum is larger (b) the stratum is more variable
internally (c) sampling is cheaper in the stratum. The optimum allocation may give large

gains, much larger than proportional allocation, if the differences among the factors
s, /4/c, are large. This can occur for characteristics that are being distributed with great

inequality in the population. Examples of situations where small proportions of the
population account for large proportions of the survey characteristic and its variance, are
frequent in sampling of establishments; farm production: and industrial and commercial
applications.

In the optimum allocation sampling we can follow the following valuable rules: (a)

we should not follow the disproportionate allocation unless there are substantial
differences in the factors s, / \/E; from strata to strata. Otherwise, the gain over the
proportionate sampling may be consumed by the extra costs of weighting and special
care. In other words if the factors s, /\/E are roughly equal it is better to use a

proportionate sample. (b) The disproportionate sample is not usually economical for
estimating proportions. (c¢) In applying disproportionate sampling it is practical to avoid
complex sampling fractions.

With regard to the proportional versus optimum stratification, there are two situations
in which optimum stratification is better. The first is the case where the population
consists of large and small institutions stratified by some measure of size. The variances
are usually much greater for the large institutions than for the small, making proportional
stratification inefficient. The second situation is found in surveys in which some strata are
much more expensive to sample than others.

The ideal variate for stratification is the value of the quantity that we indent to
measure by the survey. If we could stratify by the values of that quantity, there would be

no overlap between strata and the variance within strata would be much smaller than the

-
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overall variance. However, in practice we cannot stratify by the values of the quantity of
interest. As a result it 1s a good idea to use stratification when three conditions are
satisfied. (1) The population is composed of units varying widely in size (2) The principal
variables to be measured are closely related to the sizes of the units (3) a good measure of
the size is available for setting up the strata.

For a desirable type of stratification, special attention should be given to those cases
that the stratum totals are not known exactly or being derived from census data that are
out of date. As a result instead of the true stratum proportions we have only their
estimates. The consequences of using weights that are in error are the following: (1) the
sample estimate is biased. Because of the bias we measure the accuracy of the estimate
by its mean square error rather by its variance. (2) The bias remains constant as the
sample size increases. This means that a size of sample is always reached for which the
estimate is less accurate than simple random sampling and all the gain from stratification
is lost. (3) The usual standard deviation of the estimate underestimates the true error. In
order to overcome this problem a large preliminary sample can be taken in order to

estimate the weights. This technique is known as double or two-phase sampling.

4.2.4 Forming The Strata

In stratified sampling, one of the basic questions raised is the way of forming the
strata. The basic rule is that every sampling unit must be classified distinctly into one
strata. Hence, for every variable of stratification, information must be available for all the
sampling units in the population. Information available for only a small part of the
sampling units is not useful for stratification. However, this strict rule can be relaxed in
several ways. (1) If information is missing for a small proportion of the sampling units,
these can be dropped into a ‘miscellaneous’ stratum. (2) Sometimes no unique variable is
either available or preferred for all the sampling units in the population. However, some
relevant variables may be found and employed efficiently. (3) When we use a multistage
sample, we need to subdivide internally into strata only those sampling units that have

been selected in the previous stage.
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Typically stratification consists of sorting the units into strata before selection. In
some situations the sorting of all units can be very expensive, although the stratifying
variable is readily available for all units and the stratum weights are also known. In such
a case the desired sample size should be specified and filled by drawing selections at
random from the entire population. The n, selections from the hth stratum represent a
random sampling and this can be understood by regarding all the selections from other
strata as blanks within the hth stratum. This procedure is held until the quotas of n, are
filled within all strata.

There are also cases where some sampling units are sorted into the wrong strata. This
does not greatly decrease the efficiency of stratification. Similarly, minor inaccuracies in
the stratifying variables cause little damage. If, after selection, a few units are discovered
to have been sorted into the wrong strata, it is generally best to leave them in their sorted
strata. This will decrease slightly the efficiency of the stratification but it will not bias the
selection.

Quantitative contributions on the way of constructing best stratum boundaries have
been worked out by Dalenius (1957) and other approximate methods by several workers.
More specifically the problem that Dalenius tried to solve was the determination of
intermediate stratum boundaries, such that the variance of the estimator becomes
minimum. In geographical stratification the problem is less amenable to a mathematical
approach. The usual procedure is to select a few variables that have high correlation with
the principal items in the survey. Bases of stratification for economic items have been
discussed by Stephan (1941) and Haggod and Bernert (1945) and for farm items by King
and McCarty (1941).
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4.2.5 Increasing The Efficiency of The Sample

A major concern in stratified sampling deals with the ways of increasing the
efficiency of the sample. In general, the stratified variables should be used where they are
meaningfully denoting important sources of variation. For large reduction in the variance,
we need stratifying variables closing related to the main survey objectives.

The aim is to form strata within which the sampling units are relatively homogeneous.
Hence. we strive to increase and maximise the homogeneity of sampling units within the
strata. This is equivalent to increasing the differences between the means of the different
strata. This holds for proportionate and disproportionate samples. However for
disproportionate samples we also have to increase the heterogeneity among the standard
deviations of the different strata.

In the stratified sampling, it is not clear which variables yield more gain. But the
researcher normally knows enough about the subject to make a satisfactory choice. Two
practical rules are given in the sequel: i.e. (1) More gain accrues from the use of coarser
divisions of several variables than from the finer divisions of one. (2) Stratifying
variables unrelated to each other (but related to the survey purposes) should be preferred.
If two stratifying variables are highly correlated, using either one will give us as much

gains as using both.
4.3 Systematic Sampling

Suppose that the N units in the population are numbered from 1 to N in some order.
In order to select a sample of n units, we take a unit at random from the first k units and
every kthunit thereafter. This type of selecting a sample is called an every
kth systematic sample. |

The apparent advantages of this method over simple random sampling are as follows.
Firstly, under this approach it is easier to draw the sample without mistakes. Moreover,
intuitively systematic sampling seems to be more precise than simple random sampling.
The systematic sampling stratifies the population into n strata, which consist of the first

k units the second k units and so on. We might therefore expect the systematic sample
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to be about as precise as the corresponding stratified random sample with one unit per
stratum.

One variant of the systematic sample is to choose each unit at or near the center of the
stratum. That means, that instead of starting the sequence using a random number, we

take the starting number as (k+1)/2if k is odd, and k/2 or (k+2)/2 if k is even.

Under this procedure there are grounds for expecting that this centrally located sample
will be more precise than one randomly located.

Special attention should be paid during the selection of the sample in case that N is
not an integral multiple of n. That means that different systematic samples from the
same finite population may vary by one unit in size. This fact introduces a disturbance in
the theory of systematic sampling.

Another method for selecting the sample, suggested by Lahiri in 1952, produces both
a constant sample size and an unbiased sample mean. Assume the N units to be arranged
round a circle and let k now be the integer closest to N/n. Select a random number
between 1 and N, and take every kth unit thereafter, round the circle until the desired n

units have been selected.
4.3.1 Variance of The Estimated Mean in Systematic Sampling

Several formulas have been developed for the variance of the estimated mean in
systematic sampling. Assume that N =nk with k being all possible systematic samples.
The operation of choosing a randomly located systematic sample is just the operation of
choosing one of the k samples at random.

Under the previous assumptions a mathematical expression for the variance of the
estimated mean in systematic sampling is given by the following expression:

- _ _ 2
V(Y;,) = NN 1S2 = k(r;l ) S?wsy Where S%usy =—ZZ(yu ) is the variance
i=1 =1

among units that lie in the same systematic sample.
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An alternative form for the variance is given by the following expression.

- 2 _
V(}'sy)=s—(NN lj[H(n_l)pW] where p_, is the correlation coefficient between
n

pairs of units that belong to the same systematic sample and it is defined as

i )

E(yij - v?)2

Pw =

4.3.2 Stratified Systematic Sampling

There are cases where the systematic sampling can be combined with stratified
sampling. This is possible in the case that we choose to stratify the sample according to
some criteria and then draw a separate systematic sample within each stratum with
starting points independently determined. This method will be more precise than the

stratified random sampling if systematic sampling within strata is more precise than

simple random sampling within strata. If y_, is the mean of the systematic sample in

stratum h, the estimate of the population mean Y and its variance are given by

Yaw =3 W, ¥ V(Yan) =3 w, V¥, -
In practice the stratified systematic sampling is used in the labour force surveys in
Sweden and in Finland. More specifically, in these countries the sampling unit is the
individual. The population is stratified according to variables such as sex, region and

employment status and finally a systematic sample is drawn from each stratum.
4.4 Cluster Sampling

Clustering or cluster sampling denotes methods of selection in which the sampling
unit, the unit of selection contains more than one population element; hence the sampling
unit is a cluster of elements (individuals). This sample design can be applied either in one

or in more steps. [f it is applied in one step, then in this single step, we select a sample of
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primary units (clusters) and we take into account the whole amount of elements that each
primary unit contains. If it is applied in more than one step. after the selection of the
primary units. we sub-sample in order to select only some of the elements that each
primary unit contains.

There are two main reasons for the widespread application of cluster sampling.
Although the first intention is to use the elements as the sampling units. 1t was found in
many surveys that no reliable list of elements in the population is available. For example
In many countries there are no up-to date lists of people. houses or farms in large
geographic regions. However, a region can be divided into area units such as blocks in
the cities and segments of land. Even when a list of elements is available. economic
considerations may lead to the choice of a larger cluster unit. Generally. if we compare a
cluster sample with an element sample of the same size. we will find that in cluster
sampling (1) the cost per element is lower due to the lower cost of listing (2) the element
variance is higher and (3) the costs and problems of statistical analysis are higher.
Clustering should be preferred over individual selection when the lower cost per element
comprises for its two disadvantages.

In the following paragraphs we describe the cluster sampling in more than one stage
in the case that we have either equal primary units or unequal primary units. Also we
focus on the most frequently sample design where the multistage cluster design is
combined with the stratified sampling Finally. we describe cases derived from European

surveys where the multistage cluster sampling is applied.

4.4.1 Sub-Sampling With Units of Equal Size

In the majoritv of the sample surveys that are conducted in the European Union. a
sample design applied in one stage is not sufficient by itself. This happens because
sometimes it seems uneconomical to take into account every element of the primary unit
(cluster). This technique of taking the sample in more than one stage. is called sub-
sampling. since the primary unit is not measured completely but is sampled itself.
Another name due to Mahalanobis is two-stage sampling, because the sample is taken in

two steps. Consequently many Member States apply more complex sample designs such
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as the multistage sampling. In the sequel the two and the three stage sampling designs are
described for the case that the primary units are of equal sizes and formulas for the
estimates and the variance of these estimates are obtained. The scope of this part is not to
fullv enumerate all the possible ways of choosing a sample. This is impossible since
every Member State has a unique methodology. This part only intends to describe the
philosophy of how we obtain estimates when we deal with sampling in more than one
stage and the primary units are of equal size.

The principal advantage of two-stage sampling is that it is more flexible than one
stage sampling. When sub-units in the same unit agree very closelyv. considerations of
precision suggest a small value of sub-sample. On the other hand. it is sometimes almost
as cheap to measure the whole of a unit than to sub-sample it. This happens for example
when the unit is a household and a single respondent can give accurate data about all

members of the households.
4.4.2 Two-Stage Sampling

In two-stage sampling, the sampling plan gives first a method for selecting n units.
Then, for each selected unit. a method is given for selecting the specified number of sub-

units from it. Let vy be the value of in the jth element in the ith primary unit.

B2 >y,
=1

)-’. = is the sample mean per element in the ith primary unit. }== 1s the
m n
N o =2
(Y= Y)
overall sample mean per element. Moreover. S; :L‘—W denotes the variance
N M .2
ZZ (ylj_ Yl)

1=1 j=1

N(M-1)

among the primary units and S; = denotes the variance within the

primary units.

If the n units and the m sub-units from each chosen primary unit are selected with

simple random sampling then y is an unbiased estimate of Y with variance
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= (N-n\S! (M-m)S?
V(y) =( N n); (_M_m) Ez An unbiased estimate of the previous expression is

20
-t , £(-£) 2.(3,-)

given by v(y) = T — s? where s? =+~

d
n-1 an

nom _ 2
ZZ (yij_}',)
Sg - i=] j=l
- n(m-1)

4.4.3 Three-Stage Sampling

The processes of sub-sampling can be carried out into a third stage by sampling the
sub-units. The population contains N first-stage units, each with M second —stage units,
each of which has k third —stage units. The corresponding numbers for the sample are n,
m, k. The population means per stage are given by the following expressions:

K M K N M K
Zyuu Z Zyiju Z _ ZY.,'U
j u

u i

=< Il

Y;=—" g Y= J_I\ZK—_’ =TTNMK Also the population variances are
N . =2 N M _ = 2
2(Yi-Y) 22 (Y=Y0)

given by the following expressions: S} =—L—1‘TIT’ SI=— JN(M—I) and

2

ZZZ (yijk-?ij)
Sk= ———

NM(K - 1)

. Following the same philosophy like the one described in the

two-stage sampling, if a simple random sample is used in all three stages then an

unbiased estimate of the variance of the sample mean ;is given by

- 1-f, £0-8), £6(-f ,
v(y)=—="s? + l(rnn 2)s§ +— A 3)s§ where s?,s!,s? are the sample analogues
n mnk

of the population variances.
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4.4.4 Stratified Sampling of The Units in Two-Stage Sampling

Sub-sampling may be com-;ined with any type of sampling of the primary units. The
sub-sampling itself may employ stratification or systematic sampling. Variance formulas
can be build up from the formulas of the simple methods.

Assume that the primary units in a two-stage sampling are obtained through
stratification. The hth stratum contains N, primary units, each with M, second stage

units. The corresponding sample units are n, and m,. The estimated population mean

- 2ZNMyy, -
per second stage unitis y,, =—"§—:—W——= ZWhyh where W, = N, M, /ZNhMh is
h h h

h

the relative size of the stratum in terms of second-stage units and y, is the sample mean

in the stratum. The estimated population variance is given by

v(;s()zzwhz(l—fm

—f,
Slh2 + L h

h n,m,

Szhzj where f, =n, /N,.f,, =m, /M,. An

unbiased sample estimate is v(}s‘):Zth(t&slhz+M52hz)where
h n, n,m,

i(;-‘;) Z ;(Yij-i)

2 2 g . .
s, =————and s,” = express the variance among primary unit

n-1 n(m-1)

means and the variance among sub-units within primary units respectively.

4.4.5 Sub-Sampling With Units of Unequal Size

In most clustered samples, we must deal with clusters of ur.equal sizes. Natural
clusters of both human and non-human populations contain unequal numbers of elements
e.g. dwellings in blocks or houses in villages Even a sample designed and initiated with
equal clusters may often end up with unequal clusters. Moreover, non-response is another

factor, which introduces inequalities into the final cluster results.
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If the cluster sizes do not vary greatly one method is to stratifv the primary units
according to their size so as to result in strata that contain clusters of equal size. However.
even In that case substantial differences occur in the cluster sizes and consequently it is
advisable to resort to stratification according to other variables.

When the primary units are of variable size, there is a number of alternative ways of
selection. The primary units may be chosen either with equal probabilities or with
probabilities proportional to size or with probabilities proportional to an estimate of size.
The scope of this part is not to fully enumerate all the possible ways of selecting the
unequal primary units but to describe the most frequently used designs.

Before starting the description of the designs some notation is required.

?and;denote the mean per primary unit in the population and in the sample.

?and;’ denote the mean per element in the population and in the sample. M, and m,

denote the number of elements in the population and in the sample. N and n denotes the

number of primary units in the population and in the sample and

N n
M, = ZM, and Zml denotes the total number of elements in the population and in

b

Z N ?. ) denotes the variance among the elements in
M, -1 i N

M' )
the sample. Also. S, =
2

the 1th unit.

-Units Selected With Equal Probabilities.

= N & _
Under this design an unbiased estimate is given by Y, = Y Z M, v. . The variance of
n 0
N N2 N .
AENRID 3 (55 IR 3 V(9
this estimate 1s given by V[Yu) =—— N-1 + — - :
nM nNM ‘
An unbiased estimate from the sample is given by



o Swil-nfss

v(?uj = - + - where Y. =ZM.;’./H

M n-l n’ M m

-Units Selected With Probability Proportional to a Measure of Size.

In this case primary units are selected with probability proportional to size z,. The

primary units are assumed to be drawn with replacement while the sub-units are selected

without replacement. An estimate of the population mean 1is given by

S ey
Y es — o :
PP nM, Z

The  varlance of this estimate is given by

N
o

) o s
VY ppes | = WZZ,(—'—YJ + 5 . An unbiased estimate

nM, % nM, Zimm,
from the sample is given by the expression
= 1 nL -2 , =
VY ppes =_—?Z(yl—y) wherey, =M y./z and v isameanof y,
n(n-HM,

: : M
A special case arises when 2z =M. In that case the selection is made with
[

probabilities proportional to size and an estimate of the mean is given by Y. = — Z -
n i

The variance of this estimate 1s given

2 ) 1AM (= = 1 &M I-1,
VY, | =Sy, - oM I=hy . .
[ pp] o ZMO[ Y] = M, m S.,”. An estimate of the variance

n

o 1 _ e )
from the sample is given by V(Yppsj = ym—" Z[y] = Yppsj )




-Units Selected With Probability Proportional to a Measure of Size - Ratio to Size

Estimate.

The selection of units with probability proportional to size appears highly efficient.

but the sampler possesses only estimates of the relative sizes z, . In this case an alternative

estimate for the mean in two-stage cluster sampling with unequal clusters is given by

Yrppes =——————.  The variance of this estimate is given by

s 1 "M [~ =
variance 1s given by VEYRppcsj = n(Tl)—M—Z{_I{\ - YRDPes]
. 0

4.4.6 Stratified Sampling of The Units in Two-Stage Cluster Sampling
with Unequal Clusters

In the majority of applications the primary units are selected with stratified sampling.

If h denotes the stratum. M, the total number of sub-units in stratum h and

L
M, = z M,, the total number of sub-units in the population the estimated mean per sub-
h

L : M,
unit is given by y_ = ZW,]
h

M,

. The vanance of the estimate from the

<l

h® Wh =

- L -
sample is given by v(yst) = Wh:v(yh) . The variance formulas are obtained from the
h

previously referred formulas depending on the selection design that we have selected.



4.4.7 Application of Multistage Cluster Sampling in European Surveys

The multistage cluster sampling is perhaps the most frequently used sample design.
There are a number of advantages in using clustered, multistage sampling. By
concentrating the units to be enumerated. it reduces travel costs and other costs of data
collection. For the same reason. this sample design can improve the coverage,
supervision, control. follow up. and other aspects of determining the quality of the data
collected. The major disadvantage is the decrease in efficiency of the sample due to
clustering. The complexity of the design and the analysis are also increased.

In the household budget surveys, sample designs involve the selection of the samples
in multiple stages. Summing up the individual cases (Member States) we identify that the
most common practice is to use a two-stage sampling. First. a stratified sample of suitable
area units is selected, typically with probabilities proportional to size (PPS selection)
after stratification by geographical areas and other variables. The second stage consists of
the selection of households or addresses for inclusion in the survey. There are cases
where a three-stage is used. An example is Greece. where initially we have a two-area
stage (first some larger areas are selected as primary units, then one or more smaller areas
are selected from each primary unit) and a stage where households or addresses are
selected.

Multistage cluster sampling is used also in the European Community household
surveys. In the majority of cases a two-stage sampling is applied (selection of areas and
then selection of households within the selected areas). However, there are cases where a
single-stage cluster sample or element sample is used (Denmark. Luxembourg. Northern
Ireland).

In labour force surveys the sampling designs are similar to those previously
described. For example Belgium. Ireland and Spain use a two-stage stratified cluster

design and Greece follows a three stage stratified cluster design.
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4.5 Post Stratification or Stratification After Selection

The motive for using stratification is based on the belief that responses of people may
varv with age, sex, occupation. education and similar factors none of which are available
for stratification at the individual level prior to sampling. However. censuses provide
information on all these variables at the aggregated level. If after selection of the sample
the individual units are cross-classified according to these factors then the known census
totals can be employed as measures of the population size to obtain estimates of the
population totals in each cell. The aggregate of these estimates vields an overall
population estimate and this procedure is known as post stratification or stratification
after selection. The one way post stratification is potentially more efficient than
stratification before selection. since after sampling, the stratification factor can be chosen
in different ways for different sets of variables in order to maximise the gains in
precision. The post stratification technique is particularly useful in multipurpose surveys
where stratification factors selected prior to sampling may be poorly correlated with large
numbers of secondary variables.

Assume that the population comprises N units which can be partitioned into H strata

of sizes N;.N,....N,,. A variable Y takes values Y, h=12..H. 1=12...1N,. The
sample is of fixed size n which after selection falls into the strata according to the vector

n=(n,.n,,..ny). Znh =n. The components of n are not known until the sample is

drawn. The sample mean and the sample variance in the hth stratum are

}_/h = Zth /n,,s,’ = Z(Yh, —V-'h): /{n, =1). The post-stratified estimator of Y s

-

given by (Yps) = Z—“Ny—“ We observe that each stratum mean is weighted by the

est h

relative size of that stratum. Thus if a sample is badly balanced for some characteristic
the post - stratified estimator automatically corrects for this. This procedure is widely
used and its only obvious drawback is the lack of control over the sample allocation
which in extreme circumstances may lead to some n, being zero.

One would have thought at this point that since there is no disagreement about the

statistical analysis of stratified samples there would be no disagreement about the
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analysis of post stratified samples. However, this is not the case and a clear divergence
can be found. Actually, there is no disagreement about the form of the post stratified
estimator assuming that the stratum sizes are known, but there is a disagreement
concerning the variance of the post stratified estimator and in particular the sampling
distribution to which it should be related.

There are two views on this problem. The first suggests a distribution conditional on
the vector n of the stratum sample sizes actually attained in the sample under study. The
second suggests the unconditional distribution determined by all possible sample sizes of

fixed size n. The form of the conditional variance is given by

<(Yps)esl > Z &j L which is the usual variance of stratified
h N N nh
samples. The unconditional variance 1s given by

v<(§(ps)m>=Z(%ysj@(n,j‘)—m'vz (n! —N")Z(%)Sh: +n'?Z( _%h_)sh:

h h

where the approximation for E(nh_I )is due to Stephan (1945). The question is which
variance (the conditional or the unconditional) should be used. Hansen et al. (1953) and

Raj (1972) are quite clear and advocate the use of the unconditional form with S,°

estimated by shz. Cochran (1963) and Kish (1965) also advocate the use of the

unconditional variance for the post stratified estimate. On the other hand Yates (1960)
advocates the use of the conditional variance. This position is supported on the theoretical
grounds by Durbin (1969) who argues that the achieved sample size should be treated as
an anctllary statistic and hence the sample sizes should be made conditional on n. Cox
and Hinkley (1974) adopt also a similar position. A general rule that can be applied in
order to overcome this dilemma is the following. When comparing sampling strategies
before the sample is drawn the unconditional variance should be used whereas for

inferences after the sample is drawn the conditional variance is appropriate. This happens
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because after the sample is drawn we know the configuration of n and as a result we
know whether it is close to a proportional allocation or not.

Post stratification requires: (a) information on the proportions W, of the population

in the several strata and (b) information for classifying the sample cases into the same

strata. It must be stressed that the criteria of classification must be the same for (a) and

(b) and if they differ, the procedure is biased. As we have already said, post stratification

does not require, as proportionate selection does, every member of the population to be

classified and sorted into each stratum before selection. The question that is raised at this
point is when should post stratification be used instead of a proportionate selection.

Generally speaking some cases where post stratification is suggested are the following:

(1) When the stratifying variable is not available for classifying and sorting each
element.

(2) When the stratified variable although available, is not used. Perhaps at the time of
selection the sampler overlooked it or perhaps there were too many variables
available and he chose some others instead.

(3) Post stratification may be used on the subclasses even if a proportionate sample of the
entire population has been already selected. The effect of proportionate sampling
becomes lost on small subclasses; the sample sizes vary into strata and the variance of
the mean approaches that of the simple random sampling. By introducing the proper
weights, the number of subclass members in each stratum can restore most of the
gains of proportionate sampling.

The post stratification is a technique that can be applied to the simplest case of a
single stage design or in situations of more complex survey designs. Especially in the
case of multipurpose surveys the post stratification may be employed in such a way that
different sets of post strata variables estimate different variables. Concluding, this
technique can be viewed as a robust technique that offers protection against unfavorable

sample configurations and against non-response bias.
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4.5.1 Post-Stratified Non-Response Adjustment

As we have already mentioned the post-stratification technique can offer protection
against non-response bias.

Assume that Y,, is the characteristic to be studied for the ith unit in the hth sub-
population with i=12,..,N, and h=12,.,H. The post-stratified estimator treats the
sub-populations as strata employing the known {N, } and the number of responses {m, }

in each of the H groups. Expressing now the post-stratified estimator we obtain the
= H N 5
following expression (Yps) => LY.

et 1 M

The assumptions behind this estimator are the following: (1) We assume that within
each sub-population, the response mechanism is an independent Bernoulli sampling
process with common probability @, >0 of a response for each of the n, sampled units

and (2) the response mechanisms are independent from one sub-population to another.

4.6 Raking Ratio Adjustment.

The raking ratio adjustment was first proposed by Deming and Stephen as a way of
assuring consistency between complete count and sample data from the 1940 U.S. census
of population. Since then their procedure has been used for a variety of problems
including that of adjusting for non-response.

The raking ratio estimation is an iterative procedure for scaling sample data to known
from other sources marginal totals. One way to specify the raking algorithm is to set up a
series of constrained equations. Assume, a two-way table of weighted counts

{(N/n) n, jwhere h=12,..H and k=12,.,K. Assume that the row {N,} and
column {N‘k} population marginal totals are known. Suppose further that we want to

obtain adjusted counts such that
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To derive adjusted counts so that the previous expression hold. the raking algorithm
proceeds by proportionately scaling the cell values {nhk} so that each of the equations is

satisfied in turn. Each step begins with the results of the previous step, and the process is

terminated when all the equations are simultaneously satisfied to the closeness desired.
4.6.1 Raking Non-Response Adjustment.

The discussion of raking as a non-response adjustment technique requires the
following stipulations. Suppose. that we have L sub-populations (L = HK) with the
number of respondents in each sub-population being given by {mhk} where h=12,....H
and k =1.2...K. Further. we assume that (1) within each sub-group the responses are
generated by an independent Bemmoulli sampling process with common probability
®, >0, (2) the response mechanisms are independent from one sub-population to
another, and (3) the {®,} have a structure across subgroups such that
In{®, /(1-®,)}=a, +a, . This means that the logarithm of the response probabilities
depends on constants {ah} and {ak }. or. in other words. that the response probabilities

are determined solely by the row or the column a unit fails and do not depend also the
particular cell. The first two of these conditions are the same as those postulated for the
post-stratification adjustment. The third condition is new and imposes a restriction that
we did not require earlier. On the other hand. we are not assuming here, as we did before.

that the m,, > 0. All that is needed is that the pattern of zeros among the m,, be such

that the algorithm converges.
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The raking estimator in the case of non-response is then given by Y. = Z Nk ¥
1 1

with Nw =an b m,, where {ah} and {bk} are the convergent adjustment factors

developed from the iterative use of the raking algorithm.

4.7 Sample Surveys in The European Union

In the following sections three sample surveys conducted in the European Union are
studied. The sample surveys that are analysed are the Labour Force survey. the European
Community Household Panel and the Household Budget survey.

Concerning these surveys an overview of the sampling designs and weighting
procedures is given. Furthermore, some attempts for harmonisation between the national

surveys are also described.

4.7.1 The Labour Force Survey (LFS)

4.7.1.1 The Objectives of The Labour Force Survey

The labour force survey is an inquire designed to obtain information on the labour
market and related issues by collecting data through administrative records and sample
surveys of households and enterprises. The labour force survey serves a number of
purposes. Firstly. it provides information on relevant labour market aspects across all
sections of economy. Moreover. it facilitates the interpretation of the information in a
wider population setting, since the information collected need not necessarily to be
confined to persons in the labour force but also to all people in the households covered.
Another advantage of the labour force survey is that it affords the opportunity to define
certain labour market characteristics not normally available from other statistical sources.

Due to the fact that definitions used to measure the entities are the same for each
country. the comparability between Member States is guaranteed for certain estimates.
This aspect is of considerable importance in the content of the European Union. There

are, however, some limitations connected with labour force survey. Cost considerations
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place a constraint on the overall household sample size and the resultant sampling
variability limits the level of detail. Thus, while the labour force survey can be used to
compile estimates of employment across economic sectors. it cannot be expected to vield
reliable figures neither at a detailed level of regional disaggregation. nor for individual
small industrial or commercial sub-sectors. The sampling base on which such estimates
would depend would be to small and the degree of varability correspondingly high. For
the same reason, there is also a limit to what can be achieved with labour force survev in

monitoring trends over time.

4.7.1.2 The Development of The European Union Labour Force Survey

- Attempts For The Harmonisation of The Concepts

The first labour force survey was introduced on a monthly base in the United States in
1940. The movement towards the use of the labour force survey was somewhat slower in
Europe. Apart from the war another reason for this was the existence of alternative
sources of information which provided at least a partial insight into aspects of the labour
force. However. in time. as the need to take a more global view of the labour market
become apparent, European countries began to initiate labour force surveys. The first was
France in 1950. Germany initiated annual series of labour force survey in 1952 and
Sweden after experimentation a quarterly series in 1963. The first attempt to carry out a
labour force survey covering the European Community was made in 1960 with the six
original Member States.

The definitions used in the early surveys were necessarily somewhat imprecise, due
to the lack of internationally accepted terminology. This gap was filled in 1982 when the
thirteenth international conference of labour statisticians at Geneva, passed a resolution
concerning statistics of the economically active population. employment. unemployment
and underemployment, containing exact definitions of the various categories of the
population that the labour force survey indents to measure. The Member States agreed to
apply these recommendations in a new series of labour force surveys which would be

conducted annually.



A new series of surveys was introduced in 1992. The survey continued to be
conducted annually. but for the first time a criterion of statistical reliability at a regional
level was introduced. Furthermore. the list of variables and the questions related to the
job search were revised.

In the mid-1990's a number of concurrent developments become apparent and new
statistical requirements emerged. More specifically there was a need for more recent and
more frequent data on emplovment trends for choosing employment policies. Also there
was need for annual estimates on average employment which take into account the
seasonal trends in employment. Moreover the measurement of annual volume of work
which takes account of the trends in part-time work was important. Last but not least. the
better knowledge of relations between earnings and certain forms of employment and
between household composition and participation was also of high importance. Thus.
after four years of negotiations with the Member States a new regulation that indents to

achieve the previously refereed targets was adopted.

4.7.1.3 Technical Features of The European Union Labour - Force

Survey

In an attempt to discriminate the responsibilities of each part that participates in the
design of the European Union labour force survey. we can say the following. The
technical aspects of the surveyv. are discussed by Eurostat and the representatives of the
respective national statistical institutes and the employvment ministries. The national
statistical institutes are responsible for selecting the sample, preparing the questionnaires,
conducting the direct interviews to the households and forwarding the results to Eurostat
and especially to Unit E1'7. Eurostat, devises the programme for analysing the results and
1s responsible for disseminating the information sent by the national statistical institutes.

The technical features of the EU labour force survey can be described by the

following components.

17 . . S e
Eurostat's Unit E1 is responsible for the Labour Market characteristics.
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Field of survey: the survey is indenting to cover the whole of the resident population i.e.
all persons whose usual place of residence is in the territory of the Member States of the
European Union. Population leaving in collective houses is not included for technical and
methodological reasons. Consequently this comprises all persons living in the households
surveyed during the reference week, and all persons absent from the households for short
periods. People who have emigrated or moved to other households are not covered.
Reference period: the labour force characteristics refer to the situation of the sample unit
in a particular week.

Units of measurement: the main units of measurement are individuals and households.
Reliability of results: as in any sample survey. the results of labour force survey are also
affected by non-sampling errors (i.e. inability or unwillingness of the respondents to
provide correct answer or even answer at all). However, experience shows that at national
level the survey information provides sufficiently accurately estimates for the levels and
structures of the various aggregates into which the labour force is divided. Reliability of
the results is assured by the size of the samples and the sampling methods used in
addition to the thorough planning of the various survey operations.

Comparability over space: perfect comparability is difficult to be achieved.
Nevertheless. the degree of comparability is considerably high. This can be attributed to
the record of the same set of characteristics in each country. to a close correspondence
between the European list of questions and the national questions and to the use of the
same definitions and classifications for all countries.

Comparability over time: since 1983 improved comparability over time has been
achieved, mainly due to the greater stability of content and the higher frequency of the
surveys. However, there are some problems mainly due to modifications in the sample
designs and in the order of the questions or due to changes in the reference period and in

the adjustment procedures.
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4.7.1.4 Sample and Weighting Procedures in Member States and Greece

Concerning The Labour - Force Survey

Concerning the labour force survey, the majority of the Member States use multistage
stratified clustered sample designs. Examples of countries that use such sample designs
are Belgium, Greece, Spain, Germany, Ireland, Italy, France and Netherlands. However
there are cases where element sample designs are used. This happens in Finland, Sweden
and Denmark. More specifically. Finland and Sweden use a stratified sample design with
systematic selection of the units while Denmark a stratified sample design with random
selection of the units.

As far as it concerns the weighting procedures, we have found that all countries
except Greece use the post-stratification method.

The labour force survey in Greece is a continuous one providing quarterly results.
The sample size is 30000 households which represents a rate of 0.87%. The survey base
tor samplings is the census and the sampling unit is the household. Stratification is
carried out by administrative region and degree of urbanisation. Thus, each NUTS II
region constitutes the first stratification level. Within each NUTS II region, communes
and municipalities are stratified according to the department (NUTS III) region to which
they belong and to the population of the main town. A rotation system comprising six
waves 1s used. Each sampling unit is kept in the sample for six consecutive quarters.

No stratification is carried out a posteriori, while in the majority of the Member States
a posteriori stratification is carried out, and when a household fails to respond it is

replaced by the next household on the list.
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4.7.2 The European Community Household Panel (ECHP)

4.7.2.1 Objectives of The European Community Household Panel

The European Community household panel is a standardised survey conducted in
Member States of the European Union under auspices of Eurostat i.e. Unit E2'8, (living
conditions and social protection). The survey involves annual interviewing of a
representative panel of households and individuals in each country, covering a wide
range of topics of living conditions. It was established in response to the increasing
demand for comparable information across the Member States on income., work and
emplovment. poverty and social exclusion. housing. health and many other diverse social
indicators concerning living conditions of private households and persons.

The ECHP forms a component of a co-ordinated svstem of household survevs aimed
at generating comparable social statistics at the European Union level. The two other
main and well-established components of the system are the Labour Force survey (LFS)
and the Household Budget survey (HBS). The ECHP has a central place in the
development of comparable social statistics in the EU and is designed to supplement
information generated by the LFS and the HBS surveys.

A major aim of the survey is to provide an up-to-date and comparable data source on
personal incomes. Information on incomes of households and persons is indispensable for
policy-makers at the national and European levels. The survey provides detailed
information at the individual and household levels on a variety of income sources: wage
income. rent subsidies. unemployvment and sickness benefits, social assistant benefits.
occupational and private pensions. Hence the strength of the ECHP is its focus on the

income received from all sources by every member of the household.

4.7.2.2 Outline of The Design

Three characteristics make the ECHP a unique source of information. These are (a) its
multi-dimensional coverage of a range of topics simultaneously (b) a standardised

methodology and procedures yielding comparable information across countries and (¢) a

"® Eurostat's Unit E2 is responsible for the Living Conditions and the Social Protection.
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longitudinal or panel design in which information on the same set of households and

persons is gathered in order to study changes over time at the micro level.

a) Multi-Dimensional Coverage

In each country, the survey begins with a nationally representative sample of a few
thousand households. interviewing around 60.000 households and 130.000 adults in the
European Union. Within each household of the sample, a listing of its members along
with their demographic characteristics is obtained. This is followed by a detailed
household interview. This covers information on migration status of the household,
tenure of accommodation, housing amenities and costs, possession of durable goods,
major sources of income and diverse indicators of the household’s financial situations.
Finally, all household member aged 16 and over are subject to a detailed personal
interview. Two major areas covered in considerable detail in the interview concern the
economic activity and the personal income. In addition, a wide range of other topics are
covered such as. the individual’s social relations and responsibilities, health, pension and
insurance, degree of satisfactions with various aspects of work and life, education and
training, and biographic information. Hence compared to other social surveys in the EU,
the ECHP has much broader and integrative character. It aims at providing comparable
and inter-related information on earnings and social protection. benefits employment and

working conditions, housing and family structures and social relations and attitudes.

b) Cross Sectional Comparability

The inter-relations that the ECHP aims to study can be analysed and compared across
countries. Comparability 1s achieved through a standardised design and common
technical and implementation procedures, with centralised support and co-ordination by
Eurostat. The ECHP has a number of features introduced to enhance comparability.
These are: (1) a common survey structure and procedures, (2) common standards for data
processing and statistical analysis including editing, variable construction, weighting,

imputation and variance computation, (3) common sampling requirements and standards,
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(4) common frameworks of analysis through a collaborative network of researchers and
(5) common “blue-print” questionnatre which serve as the point of departure for all

national surveys.
¢) Longitudinal or Panel Design

The unique feature of the ECHP is its panel design. Within each country, the original
sample of households and persons is followed over time at annual intervals. In this
manner. the sample reflect demographic changes in the population and continues to
remain representative of the population over time, except for losses due to sample
attrition and non-inclusion of the households.

In each wave, the sample data are edited. weighted and imputed as required to obtain
a representative picture of the study population. Similarly, across waves, the data are

linked, edited. imputed and weighted as required to construct micro-level database.

4.7.2.3 Sampling Aspects of The First Wave

e Sampling Frame Sampling Size and Allocation

The target population includes all the households throughout the national territory of
each country. The sampling frames used in the Member States included the population
register, master samples created from the most recent census of population and houses,
the postal address registers, and the electoral roll.

The sample size of each Member State was determined on the( basis of various
theoretical considerations, practical considerations and the available budget. The total
community sample was slightly over 60.000 households and 130.000 persons aged 16
and over. Generally larger countries, because of their greater need for disaggregate results

and also greater capacity, received larger sample sizes. Mostly. the range is between
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4.000 completed households and 7.800 completed personal interviews in the smaller
countries, and 7.500 households and 17.000 personal interviews in the larger ones.
Within each country, the sample was distributed proportionally across geographical
region, so as to maximise the precision of estimates at the national level. However, Italy
and Spain chose disproportionate allocations i.e. sampling smaller regions at higher rates

with a view to ensure a minimum sample size for each region of the country.

e Sample Design And Selection

All surveys in ECHP are based on probability sampling. Most of the surveys are
based on a two-stage sampling i.e. a selection of sample areas in the first stage, followed
by the selection of a small number of addresses or households at the second stage within
each selected area. However, there are cases where a single stage sample is drawn or
even a three-stage sample (i.e. large areas — smaller clusters —p
addresses of households).

Diverse criteria are used for the stratification of area units before selection. The most
common criterion is the geographical region and/or urban-rural classification.
Stratification by population size and other social indicators is also used in some countries.

Within explicit strata, areas can be selected systematically or randomly.

4.7.2.4 Recommendations for Cross Sectional Weighting — A Step By
Step Procedure

¢ Design Weights

The design weights are introduced to compensate for differencces in the probabilities
of selection into the sample. The weight given to each household is inversely proportional
to its probability of selection. With multi-stage sample design, the design weight refers to

the overall selection probabilities of the households. If p, is the overall sampling

probability of the household i, and n, the number of households successfully
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n
enumerated into the sample. the design weights are w, = ! (—Z—'—) . The weights are

p S0 /p,,

computed for all households selected. but the summation over n, is confined to
households where the interview was completed.

In the majority of ECHP surveys, households have been selected with uniform
probabilities so that design weights are all the same. However, in a number of countries,

large variations in household selection probabilities exist.
e Non-Response Weight

In the ECHP surveys, non-response rates are generally high and vary across different
groups in the population. It is necessary therefore to weight the data for non-response.
These weights are introduced in order to reduce the effect of differences in unit responses
rates in different parts of the sample and are based on characteristics which are known for
responding as well for non-responding households. Weighting for non-response involves
the division of the sample into certain appropriate weighting classes. and the weighting of
the responding units inversely to their response rate. More specifically. the following
steps are involved:

-Division of the sample groups into groups of weighting classes, showing the number of
households that selected and the number of households that interviews were completed in
each class.

-Computation of the response rate for each category in the classification.

-Assignation of a uniform weight to all households in a category, in inverse proportion to
the response rate in this category.

-Normalisation the weights.

Basically, the response rate is computed as the ratio of the number of households
interviewed to the number of households selected in the weighting class. In addition, if
the households within a class have different design weights, then the response rate is
more appropriately computed as the ratio of the weighted number of households

interviewed to the weighted number of households selected.
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In cases where additional information is available. the sample may be classified in
several ways. for instance by main geographical and stratification variables. or by other
characteristics of areas. Moreover when additional information is available for both
responding and non-responding households. the sample may be classified by tenure of
accommodation. by household size or type. and by other social -economic characteristics.
For each category in the classifications. the numbers of the households selected and the
number interviewed are obtained, and the response rates computed. By considering the
marginal distributions by each of these classification variables. a generalised raking
procedure can be used to control for them simultaneously. This means that the sample
data are weighted such that. after weighting. the marginal distribution of the interviewed
households agrees with the corresponding distribution of the household originally

selected into the sample.

e Weights Correcting The Distribution of Households

The third step in the weighting procedure has the purpose of adjusting the distribution
of households by various characteristics. so as to make the sample distribution agree with
the same from some more reliable external sources. The distribution in various categories
may involve numbers of households and/or aggregates of some variables measured on
each household.

The basic requirement is that the characteristics used for matching the sample
distribution to the external control distribution be the same in two sources, i.e. defined
and measured in exactly the same way. In most cases, the best available source of
information for this purpose is the labour force Survev or some other similarly large
survey.

In most situations it is not sufficient to consider the distribution by only a single
characteristic. It is desirable to control all important characteristics simultaneously. This
can result in too many controls to be applied, and consequently in small adjustment cells
and large variations in the resulting weights. Hence the procedure used in ECHP is to
control for a number of marginal distributions simultaneously, rather than to consider a

detailed classification. In order to achieve this, a generalised raking technique is used.
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e Weights Correcting The Distribution of Persons

The next step in the ECHP weighting procedure involves the adjustment of the
household-level weights so as to make the distribution according to certain characteristics
covered in the sample agree with the same from some more reliable external source.
More specifically, this step controls the distribution of persons (with completed
interview) according to external information. The most important controls that are

applied in the ECHP are by age (normally in 5-year groups) and sex.

e Final weights

At the end of the weighting procedure, each household receives a weight which, is the
product of the weights assigned sequentially to it at the four previously described steps.
Any extreme weights are trimmed so as to avoid large inflation in variances. Finally, after

each step, the weights are normalised.

4.7.2.5 Second and Subsequent Waves of The ECHP

As we have already mentioned, the unique feature of the ECHP is its panel design.
Within each country, the original sample of households and persons is followed over time
at annual intervals. In this manner, the sample reflect demographic changes in the
population and continues to remain representative of the population over time.

The initial (wavel) sample consists of a probability sample of households in each
country. At any subsequent wave, the eligible population consists of the sample persons
i.e. (1) all initial (wavel) residents who are still alive and eligible for the ECHP, and (2)
children born subsequent to wavel, and those that become over 16 years old and as result
are eligible for interview. Newly formed households are added, resulting from the

movement of sample members since the last wave.
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4.7.2.6 Longitudinal Weighting

Eurostat has recommended the following for longitudinal weighting. The starting
point for the weighting of panel data is provided by the initial weights of households and
persons enumerated in wave 1. These initial weights are adjusted to reflect main changes

in the study population and evolution of the sample over time.

More specifically we start with the initial weights u'"’ = uf’k' These refer to the weights

at t =1 for household i and for person k in hat household. Initial weights are computed
taking into account the selection probabilities of households in wave 1. the response rates
in wave 1. external information on the distribution of households. and external
information on the distribution of persons. These initial weights are defined for all

households interviewed and for all initial sample persons.

)

At each wave t. the basic weight u'| is obtained by adjusting the basic weight of the

previous wave u!,''. This adjustment is made by using an adjustment factor f that

depends on changes in the population and the samples between waves t-1 and

trul) =ul """ . The following adjustments are involved: (1) Adjustments for non-

response. Weights for wave t-1 are multiplied by a factor inversely proportional to the
person’s propensity to respond at wave t after having responded to wave t-1. (2) At each
wave the weights may be also adjusted for consistency with external information on the
distribution of the population. (3) Large variations in the weights is avoided by
constrained the adjustment factor within practical limits. (4) Children born between t-1
and t are given appropriate weights determined by the basic weights of their parents.
Sample persons from wave t-1 no longer alive are excluded from the survey while all

non-sample persons have a zero basic weight.
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4.7.3 The Household Budget Survey (HBS)

4.7.3.1 The Objectives of The Household Budget Survey

The household budget surveys are sample surveys carried out in the Member States of
the European Union. The information collected via these surveys covers a wide variety of
items concerning consumption expenditure, income of private households, savings and
indebtedness, and other household characteristics.

The narrow purpose of the conducting household budget surveys is to obtain the
weights that are used for the construction of the consumer price indices and the cost of
living indices. The purpose of conducting an HBS in a more broad sense is to give a
picture of living conditions of private households in a defined area and time. In this
sense, the aim of the survey is to give a precise picture of the household’s total
consumption broken down in sufficient detail as a function of household characteristics
such as income, social and economic characteristics. size and composition, degree of
urbanisation, and region. The surveys also provide information about the living and
expenditure levels.

The use of the household budget surveys reflects their multipurpose character. The
use of the household budget surveys for constructing consumer price indices is being
reviewed in connection with establishing harmonised indices at the European Union
level. The surveys are also used as an input for building the national accounts for the
purpose of measuring household final consumption at an aggregate level. Furthermore,
the survey information is used widely as the basis for studies of living conditions and

nutrition patterns of private households and for analyses of poverty.

4.7.3.2 Attempts for The Harmonisation of The Concepts

Despite the common focus of the surveys on the study of the patterns of consumption
of private households, the national household budget surveys present a diversity of

structures and designs as well as differences in the topics covered. In order to reduce this
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diversity Eurostat gives specific recommendations on many technical issues.
Harmonisation attempts of this type are: (1) the emphasis that is given on defining a
common approach to measure the consumption expenditure. and the income of the
households, (2) the agreement for the use of a common set of variables and (3) the
agreement for the use of a harmonised nomenclature regarding consumption.

Eurostat is committed in assisting Member States. as well as other interested
countries, for the improvement of their survey methods through the provision of
guidelines and direct technical support. Generally. Eurostat does not emphasise the use of
same questions or survey structure. The major importance is put into the use of
harmonising concepts and definitions. There are two reasons for this. Firstly it could be
argued that the adoption of certain definitions and concepts is not specifically based on
national circumstances but has a more universal character and secondly the use of certain
concepts and definitions can be justified by the nature of the survev. Examples of
concepts that Eurostat seeks to harmonise are the consumption expenditure and the
income of the households.

With respect to the harmonisation procedures, Eurostat studies all the different
approaches used in the national level and tries to identify how close to the harmonised
proposals these approaches are. An example of this harmonisation procedure is given in

the following table.

Table 4.1: Harmonisation concerning the measurement of consumption expenditure

according to the definition of Eurostat.

B/DK [D|GR |E|F|IRL{I|L{NL|A|PFIN|S |UK

Measurement of the
consumption
expenditure
according to the
proposal of Eurostat
I=close

2=some changes

would be necessary
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Own production 12 11 P11 1122 111 1 |1
Benefits in kind 1)1 111 1111 21211 1] 1)1 2 12
Imputed rent 1]1 11 1]1]1 112 1]1]1 1 |?
Insurances 111 211 21212 212 |1 1121 1 |1
Gifts and transfers |2 | | 212 212142 2[1 (2 11212 2 12
Hire-purchases 111 1|1 P11 1111 1[1]2 I |1

Using similar tables in all cases that a harmonisation is required, Eurostat can evaluate
how severe the problem of heterogeneity is. in which Member States and what actions are

required in the direction of the better harmonisation of the survey concepts.

4.7.3.3 Sampling Aspects of The Household Budget Survey

All household budget surveys are confined to the population residing in private
households. As to the geographical coverage, most of the surveys cover the entire
population residing in private households in the national territory.

A variety of sampling frames exists for obtaining the sample for the household budget
survey: (1) Obtain the sample from households participating in another survey. There are
a number of advantages in selecting the sample as a sub-sample of some larger survey.
Firstly, more efficient stratification can be made and weighting for non-response is easier
by using information on non-respondents characteristics available from an earlier survey.
(2) Registers can provide up-to date lists of households or individuals, with many
relevant characteristics useful for stratification and efficient selection of the sample. (3)
Another common arrangement is to obtain a sample area of units from a suitable source
such as the population census or a master sample of areas. A master sample is a large
sample drawn for the purpose of common use in different surveys. It may be for example
a large sample of addresses from which samples for a particularly survey can be drawn
directly.

The range of the sample size varies from around 2000 in the Netherlands to 50000 in

Germany.
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Probability sampling is used in the majority of the household budget surveys. Most
sample designs involve the selection of the sample in multiple stages. There are a number
of advantages in using multistage sampling. By concentrating the units to be enumerated.
the travel costs and other costs of data collection are reduced. For the same reason, it can
improve the coverage, supervision, control, follow up and other aspects determining the
response rates and the quality of the data collected. The major disadvantage is the
complexity of design and analysis. The most common practice is the use of a two-stage
design. First, a stratified sample of suitable area units is selected. typically with
probabilities proportional to size after stratification by region. social-economic status of
the reference person and household type or size. The second stage consists of the
selection. within each sample area. of households and addresses for inclusion in the
survey. However. there are cases where a three- stage sampling is performed. This design
involves a two area stages: first some larger areas such as localities are selected as the
primary sampling units: then one or more smaller areas are selected from the primary
sampling units and lastly, the household or addresses are selected.

In most cases the entire population is sampled uniformly and the sample is distributed
proportionately across different areas and population groups in the country. However, in
some surveys. population groups of special interest such as farmers or poorer households

are over-sampled.

4.7.3.4 Recommendations Concerning the Weighting Procedures

The need to weight data from the household budget survey is generally recognised.
Two types of weighting procedures are proposed. (1) Spatial weighting and (2) temporal
weighting.

The spatial weighting aims at improving the quality of the sample in relation to the
size, distribution and characteristics of the population, selection probabilities and survey
non-response. The procedure recommended by Eurostat is a multi-stage one similar to the
one described for the ECHP survey. Firstly, weights inversely proportional to the
probability of selection are calculated, next weights that take into account the non-

response are introduced and finally weights correcting for the distribution of households
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are computed. The final weights are worked out as the product of the weights of the
previous stages.
The temporal weighting of the data stems from the fact that the household

observation period is often different from the reference period.

4.7.3.5 Procedures Followed in Greece Concerning the Household

Budget Survey

The household budget survey in Greece serves the following scopes: i.e. of revising
the Consumer Price Index. of estimating the total private consumption. of investigating
changes in the standard of living of households and finally of investigating the link
between household purchases and income.

The sampling method applied for this survey is the multistage stratified one. The
primary stratification criterion was the degree of urbanisation of the municipalities and
the communes in Greece. This criterion was used to create 11 main strata. In the first 6
major strata a two-stage sampling was emploved while in the remaining strata a three-

stage sampling.

4.8 Concluding Remarks

The complex feature of this domain is the multivariate character of the surveys that are
being conducted in each Member State. Due to this complexity we have chosen to
describe two aspects of the surveys i.e. the sample designs and the weighting procedures.
In other words, we have tried to identify the most frequently used sample designs and
weighting procedures.

With respect to the sample designs we have found that generally the Member States
are in favour of clustered samples. More specifically. the Member States usually use
multistage stratified cluster samples with probability proportional to size or with uniform

probability selection for the primary units. However. there are cases where one-stage
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